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Preface

Discrete-Time Systems comprehend an important and broad research field. The con-
solidation of digital-based computational means in the present, pushes a technological
tool into the field with a tremendous impact in areas like Control, Signal Processing,
Communications, System Modelling and related Applications. This fact has enabled
numerous contributions and developments which are either genuinely original as
discrete-time systems or are mirrors from their counterparts of previously existing
continuous-time systems.

This book attempts to give a scope of the present state-of-the-art in the area of Discrete-
Time Systems from selected international research groups which were specially con-
voked to give expressions to their expertise in the field.

The works are presented in a uniform framework and with a formal mathematical
context.

In order to facilitate the scope and global comprehension of the book, the chapters were
grouped conveniently in sections according to their affinity in 5 significant areas.

The first group focuses the problem of Filtering that encloses above all designs of State
Observers, Estimators, Predictors and Smoothers. It comprises Chapters 1 to 6.

The second group is dedicated to the design of Fixed Control Systems (Chapters 7 to
12). Herein it appears designs for Tracking Control, Fault-Tolerant Control, Robust Con-
trol, and designs using LMI- and mixed LQR/Hoo techniques.

The third group includes Adaptive Control Systems (Chapter 13 to 15) oriented to the
specialities of Predictive, Decentralized and Perturbed Control Systems.

The fourth group collects works that address Stability Problems (Chapter 16 to 20).
They involve for instance Uncertain Systems with Multiple and Time-Varying Delays
and Switched Linear Systems.

Finally, the fifth group concerns miscellaneous applications (Chapter 21 to 27). They
cover topics in Multitone Modulation and Equalisation, Image Processing, Fault Diag-
nosis, Event-Based Dynamics and Analysis of Deterministic/Stochastic and Multidi-
mensional Dynamics.



X

Preface

We think that the contribution in the book, which does not have the intention to be
all-embracing, enlarges the field of the Discrete-Time Systems with signification in the
present state-of-the-art. Despite the vertiginous advance in the field, we think also that
the topics described here allow us also to look through some main tendencies in the
next years in the research area.

Mario A. Jordan and Jorge L. Bustamante
IADO-CCT-CONICET

Dep. of Electrical Eng. and Computers
National University of the South
Argentina









Part 1

Discrete-Time Filtering






Real-time Recursive State Estimation for
Nonlinear Discrete Dynamic Systems with
Gaussian or non-Gaussian Noise

Kerim Demirbas

Department of Electrical and Electronics Engineering
Middle East Technical University

Inonu Bulvari, 06531 Ankara

Turkey

1. Introduction

Many systems in the real world are more accurately described by nonlinear models. Since
the original work of Kalman (Kalman, 1960; Kalman & Busy, 1961), which introduces the
Kalman filter for linear models, extensive research has been going on state estimation
of nonlinear models; but there do not yet exist any optimum estimation approaches for
all nonlinear models, except for certain classes of nonlinear models; on the other hand,
different suboptimum nonlinear estimation approaches have been proposed in the literature
(Daum, 2005). These suboptimum approaches produce estimates by using some sorts of
approximations for nonlinear models. The performances and implementation complexities
of these suboptimum approaches surely depend upon the types of approximations which
are used for nonlinear models. Model approximation errors are an important parameter
which affects the performances of suboptimum estimation approaches. The performance of a
nonlinear suboptimum estimation approach is better than the other estimation approaches for
specific models considered, that is, the performance of a suboptimum estimation approach is
model-dependent.

The most commonly used recursive nonlinear estimation approaches are the extended
Kalman filter (EKF) and particle filters. The EKF linearizes nonlinear models by Taylor
series expansion (Sage & Melsa, 1971) and the unscented Kalman filter (UKF) approximates
a posteriori densities by a set of weighted and deterministically chosen points (Julier, 2004).
Particle filters approximates a posterior densities by a large set of weighted and randomly
selected points (called particles) in the state space (Arulampalam et al., 2002; Doucet et al.,
2001; Ristic et al., 2004). In the nonlinear estimation approaches proposed in (Demirbas,
1982; 1984; Demirbas & Leondes, 1985; 1986, Demirbas, 1988; 1989; 1990; 2007; 2010): the
disturbance noise and initial state are first approximated by a discrete noise and a discrete
initial state whose distribution functions the best approximate the distribution functions of the
disturbance noise and initial state, states are quantized, and then multiple hypothesis testing
is used for state estimation; whereas Grid-based approaches approximate a posteriori densities
by discrete densities, which are determined by predefined gates (cells) in the predefined state
space; if the state space is not finite in extent, then the state space necessitates some truncation
of the state space; and grid-based estimation approaches assume the availability of the state
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transition density p(x(k)|x(k — 1)), which may not easily be calculated for state models with
nonlinear disturbance noise (Arulampalam et al.,, 2002; Ristic et al., 2004). The Demirbas
estimation approaches are more general than grid-based approaches since 1) the state space
need not to be truncated, 2) the state transition density is not needed, 3) state models can be
any nonlinear functions of the disturbance noise.

This chapter presents an online recursive nonlinear state filtering and prediction scheme for
nonlinear dynamic systems. This scheme is recently proposed in (Demirbas, 2010) and is
referred to as the DF throughout this chapter. The DF is very suitable for state estimation of
nonlinear dynamic systems under either missing observations or constraints imposed on state
estimates. There exist many nonlinear dynamic systems for which the DF outperforms the
extended Kalman filter (EKF), sampling importance resampling (SIR) particle filter (which is
sometimes called the bootstrap filter), and auxiliary sampling importance resampling (ASIR)
particle filter. Section 2 states the estimation problem. Section 3 first discusses discrete noises
which approximate the disturbance noise and initial state, and then presents approximate
state and observation models. Section 4 discusses optimum state estimation of approximate
dynamic models. Section 5 presents the DF. Section 6 yields simulation results of two
examples for which the DF outperforms the EKFE, SIR, and ASIR particle filters. Section 7
concludes the chapter.

2. Problem statement

This section defines state estimation problem for nonlinear discrete dynamic systems. These
dynamic systems are described by

State Model

x(k+1) = f(k x(k), w(k)) @)
Observation Model

z(k) = g(k, x(k),v(k)), 2)

where k stands for the discrete time index; f : RxIR”xIR" — IR™ is the state transition function;
R™ is the m-dimensional Euclidean space; w(k) € R" is the disturbance noise vector at time
k; x(k) € R™ is the state vector at time k; ¢ : RxR™xIRP — IR" is the observation function;
v(k) € R? is the observation noise vector at time k; z(k) € R" is the observation vector at time
k; x(0), w(k), and v(k) are all assumed to be independent with known distribution functions.
Moreover, it is assumed that there exist some constraints imposed on state estimates. The DF
recursively yields a predicted value £(k|k — 1) of the state x(k) given the observation sequence

from time one to time k — 1, that is, Zk=1 2 {z(1), z(2),...,z(k —1)}; and a filtered value
2(k|k) of the state x(k) given the observation sequence from time one to time k, that is, Z¥.
Estimation is accomplished by first approximating the disturbance noise and initial state with
discrete random noises, quantizing the state, that is, representing the state model with a time
varying state machine, and an online suboptimum implementation of multiple hypothesis
testing.

3. Approximation

This section first discusses an approximate discrete random vector which approximates a
random vector, and then presents approximate models of nonlinear dynamic systems.
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3.1 Approximate discrete random noise

In this subsection: an approximate discrete random vector with n possible values of a
random vector is defined; approximate discrete random vectors are used to approximate
the disturbance noise and initial state throughout the chapter; moreover, a set of equations
which must be satisfied by an approximate discrete random variable with 1 possible values
of an absolutely continuous random variable is given (Demirbas, 1982; 1984; 2010); finally, the
approximate discrete random variables of a Gaussian random variable are tabulated.

Let w be an m-dimensional random vector. An approximate discrete random vector with n
possible values of w, denoted by wy, is defined as an m-dimensional discrete random vector
with n possible values whose distribution function the best approximates the distribution
function of w over the distribution functions of all m-dimensional discrete random vectors
with #n possible values, that is

wg = rygilgl’l{ oo [Fy(a) = Fu(a)]*da} ®)
where D is the set of all m-dimensional discrete random vectors with n possible values, F,(a)
is the distribution function of the discrete random vector y, F,(a) is the distribution function
of the random vector w, and R is the m-dimensional Euclidean space. An approximate
discrete random vector wj is, in general, numerically, offline-calculated, stored and then used
for estimation. The possible values of w; are denoted by wy;, wyy, ..., and wy, ; and the
occurrence probability of the possible value wy; is denoted by Py, that is

A
Py, = Prob{wy; = wy;}. 4)

where Prob{w;(0) = wy;} is the occurrence probability of w;.

Let us now consider the case that w is an absolutely continuous random variable. Then, wy is
an approximate discrete random variable with n possible values whose distribution function
the best approximates the distribution function F,(a) of w over the distribution functions of
all discrete random variables with 1 possible values, that is

-1
— E
wg =min{J(Fy(e))}
in which the distribution error function (the objective function) J(F,(a)) is defined by

J(Ey(@) 2 [ [Fy(a) — Fola)]?da

where D is the set of all discrete random variables with 1 possible values, F,(a) is the
distribution function of the discrete random variable y, F;,(a) is the distribution function of the
absolutely continuous random variable w, and R is the real line. Let the distribution function
Fy(a) of a discrete random variable y be given by

A 0 ifll<y1
Fya)=qF, ify;<a<yi,i=1,2,...,n-1
1 ifa>y,.

Then the distribution error function J(F,(a)) can be written as

](Fy(a)):‘/iy 2 (a) da+2 /y’“[Fy, Fol(a)] da+/°°[1—Fw(a)]2da.

Yn
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Let the distribution function F, () of an approximate discrete random variable wy be

0 ifa<wpy
Fwdz‘ ifwdi§a<wdi+1,i:1,2,...,n—l
1 ifa>wy,.

[l

Fwd (a)

It can readily be shown that the distribution function Fy,(a) of the approximate discrete
random variable w; must satisfy the set of equations given by

Fuoy=2Fy(wg );
Fuy + Fuyos =2F0(waisq), i=1,2, ..., n—2; ®)
1+ Fy,, ,=2Fy (wdn );

Wi+1
Foulwgivr — wdi]:/w Fy(a)da, i=1,2, ..., n—1.
di
The values wy1, Wy, ..., Wap, Fuwy, Fuogr - Fu,, satisfying the set of Egs. (5) determine the
distribution function of w;. These values can be, in general, obtained by numerically solving
Egs. (5). Then the possible values of the approximate discrete random variable w; become
Wg1, Wiy, ..., and wy, ; and the occurrence probabilities of these possible values are obtained
by
Fuwy ifi=1
Py, =< Fuy — Fuwy  fi=2,3,...,n—-1
1— Fy,, ifi =n.

where Py, = Prob{w; = wy;}, which is the occurrence probability of wg;.

Let y be a Gaussian random variable with zero mean and unit variance. An approximate
discrete random variable y; with n possible values was numerically calculated for different
n’s by using the set of Eqs. (5). The possible values y41, Vi, ..., Yin of yz and the
occurrence probabilities Py, Py,,, .., Py,, of these possible values are given in Table 1, where

Py, 2 Prob{y; = y4i}. As an example, the possible values of an approximate discrete
random variable with 3 possible values of a Gaussian random variable with zero mean and
unit variance are -1.005, 0.0, and 1.005; and the occurrence probabilities of these possible
values are 0.315, 0.370, and 0.315, respectively. Let w be a Gaussian random variable with
mean E{w} and variance ¢2. This random variable can be expressed as w = yo + E{w}.
Hence, the possible values of an approximate discrete random variable of w are given by
wg; = Ygi0 + E{w}, where i = 1,2,3, ..., n; and the occurrence probability of the possible value
wy; is the same as the occurrence probability of y;;, which is given in Table 1.

3.2 Approximate models
For state estimation, the state and observation models of Egs. (1)and (2) are approximated by
the time varying finite state model and approximate observation model which are given by

Finite State Model

xXg(k+1) = Q(f(k, xq(k), wa (k))) Q)
Approximate Observation Model

z(k) = g(k, x4(k), v(k)), @)
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n\ Yy Ya2  Ya3  Yda  Yas  Yde Yaz  Yds  Yd9  Ydio
P Yd1 D Ya2 D Yd3 D Yda D Yds D Yde P Ydz D Yds P Yd9 D Yd1o
110.000

1.000

2 [-0.675 0.675

0.500 0.500

3 (-1.005 0.0 1.005

0.315 0.370 0.315

4 1-1.218 -0.355 0.355 1.218

0.223 0.277 0.277 0.223

5(-1.377 -0.592 0.0 0.592 1.377

0.169 0.216 0.230 0.216 0.169

6 [-1.499 -0.768 -0.242 0.242 0.768 1.499

0.134 0.175 0.191 0.191 0.175 0.134

7 |-1.603 -0.908 -0.424 0.0 0.424 0.908 1.603

0.110 0.145 0.162 0.166 0.162 0.145 0.110

8 [-1.690 -1.023 -0.569 -0.184 0.184 0.569 1.023 1.690

0.092 0.124 0.139 0.145 0.145 0.139 0.124 0.092

9 [-1.764 -1.120 -0.690 -0.332 0 0.332 0.690 1.120 1.764
0.079 0.106 0.121 0.129 0.130 0.129 0.121 0.106 0.079
10(-1.818 -1.199 -0.789 -0.453 -0.148 0.148 0.453 0.789 1.199 1.818
0.069 0.093 0.106 0.114 0.118 0.118 0.114 0.106 0.093 0.069

Table 1. Approximate Discrete Random Variables the best Approximating the Gaussian
Random Variable with Zero Mean and Unit Variance

where wy(k) is an approximate discrete random vector with, say, n possible values of the
disturbance noise vector w(k); this approximate vector is pre(offline)-calculated, stored and
then used for estimation to calculate quantization levels at time k + 1; the possible values of
w4 (k) are denoted by wyy (k), wgp(k), ..., and wy, (k) ; Q : R™ — R™ is a quantizer which
first divides the m-dimensional Euclidean space into nonoverlapping generalized rectangles
(called gates) such that the union of all rectangles is the m-dimensional Euclidean space, and
then assigns to each rectangle the center point of the rectangle, Fig. 1 (Demirbas, 1982; 1984;
2010); xq(k), k > 0, is the quantized state vector at time k and its quantization levels, whose
number is (say) my, are denoted by qu(k), xqz(k), vy @and Xgi, (k). The quantization levels
of x4(k + 1) are calculated by substituting xq(k) = x,:(k) (i = 1, 2,...,my) for x4(k) and
wy(k) = wg(k) (j =1, 2,...,n) for wy(k) in the finite state model of Eq. (6). As an example,
let the quantization level x,; (k) in the gate G; be mapped into the gate G; by the I"_possible
value wg (k) of wy(k), then, x(k + 1) is quantized to x,j(k + 1), Fig. 1. One should note that
the approximate models of Egs. (6) and (7) approach the models of Egs. (1) and (2) as the gate
sizes (GS) — 0 and n — co. An optimum state estimation of the models of Egs. (6) and (7) is
discussed in the next section.

4. Optimum state estimation

This section discuses an optimum estimation of the models of Eqs. (6) and (7) by using
multiple hypothesis testing. On the average overall error probability sense, optimum
estimation of states of the models of Eqs. (6) and (7) is done as follows: Finite state model
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—_—

x,, (k)
G. '( R"

1

Sk, X (), w, (K)) = (ke +1)

x(k+1)® G,
Q(X(lil))ﬂq,(k +1) %, (k1)
I

Fig. 1. Quantization of States

of Eq. (6) is represented by a trellis diagram from time 0 to time k (Demirbas, 1982; 1984;
Demirbas & Leondes, 1985; Demirbas, 2007). The nodes at time j of this trellis diagram
represent the quantization levels of the state x(j). The branches of the trellis diagram represent
the transitions between quantization levels. There exist, in general, many paths through this
trellis diagram. Let H' denote the it" path (sometimes called the ith hypothesis) through the
trellis diagram. Let xf] (j) be the node (quantization level) through which the path H' passes
at time j. The estimation problem is to select a path (sometimes called the estimator path)
through the trellis diagram such that the average overall error probability is minimized for
decision (selection). The node at time k along this estimator path will be the desired estimate
of the state x (k). In Detection Theory (Van Trees, 2001; Weber, 1968): it is well-known that the
optimum decision rule which minimizes the average overall error probability is given by

Select H" as the estimator path if M(H") > M(H') for all | # n, 8)

where M(H") is called the metric of the path M(H") and is defined by

M(H") £ In{p(H")Prob{observation sequence | H"}}, 9)

where In stands for the natural logarithm, p(H") is the occurrence probability (or the a
priori probability) of the path H", and Prob{observation sequence | H"} is the conditional
probability of the observation sequence given that the actual values of the states are equal
to the quantization levels along the path H". If the inequality in the optimum decision rule
becomes an equality for an observation sequence, anyone of the paths satisfying the equality
can be chosen as the estimator path, which is a path having the biggest metric.

It follows, from the assumption that samples of the observation noise are independent, that
Prob{observation sequence | H"} can be expressed as

k
Prob{observation sequence | H"} = [ T A(z(j) | xg (7)) (10)
=1
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where
oy oy AT if z(j) is neither available nor used for estimation 1
(z(lxg) (1) = p(z(j)Ixj(j))  if z(j) is available and used for estimation, (1)

in which, p(z(j) |x”( )) is the conditional density function of z(j) given that the actual value
of state is equal to xj(j), that is, x(j) = x{(j); and this density function is calculated by using
the observation mociel of Eq. (2).

It also follows, from the assumption that all samples of the disturbance noise and the initial
state are independent, that the a priori probability of H" can be expressed as

k
p(H") = Prob{xq(0) = x5(0)} Hl T(xg(j—1) = x5 (7)), (12)
j=

where Prob{x,(0) = xj/(0)} is the occurrence probability of the initial node (or quantization
level) x71(0), and T(xj(j —1) — x(j)) is the transition probability from the quantization

level x (j — 1) to the quantization level xj(j)), that is, T(xé(i —1) = x;(j)) A Prob{x4(j) =
xg(j)|xq(j —1) = xj(j — 1)}, which is the probability that xj/(j — 1) is mapped to x{(j) by
the finite state model of Eq. (6) with possible values of w;(j — 1). Since the transition from
xy(j — 1) to xj(j) is determined by possible values of w,(j — 1), this transition probability is
the sum of occurrence probabilities of all possible values of w;(j — 1) which map x(j — 1) to

)

T?le estimation problem is to find the estimator path, which is the path having the biggest
metric through the trellis diagram. This is accomplished by the Viterbi Algorithm (Demirbas,
1982; 1984; 1989; Forney, 1973); which systematically searches all paths through the trellis
diagram. The number of quantization levels of the finite state model, in general, increases
exponentially with time k. As a result, the implementation complexity of this approach
increases exponentially with time k (Demirbas, 1982; 1984; Demirbas & Leondes, 1985;
Demirbas, 2007). In order to overcome this obstacle, a block-by-block suboptimum estimation
scheme was proposed in (Demirbas, 1982; 1984; Demirbas & Leondes, 1986; Demirbas, 1988;
1989; 1990). In this estimation scheme: observation sequence was divided into blocks of
constant length. Each block was initialized by the final state estimate from the last block. The
initialization of each block with only a single quantization level (node), that is, the reduction
of the trellis diagram to one node at the end of each block, results in state estimate divergence
for long observation sequences, i.e., large time k, even though the implementation complexity
of the proposed scheme does not increase with time (Kee & Irwin, 1994). The online and
recursive state estimation scheme which is recently proposed in (Demirbas, 2010) prevents
state estimate divergence caused by one state initialization of each block for the block-by-block
estimation. This recently proposed estimation scheme, referred to as the DF throughout
this chapter, first prunes all paths going through the nodes which do not satisfy constraints
imposed on estimates and then assigns a metric to each node (or quantization level) in the
trellis diagram. Furthermore, at each time (step, or iteration), the number of considered state
quantization levels (nodes) is limited by a selected positive integer MN, which stands for
the maximum number of quantization levels considered through the trellis diagram; in other
words , MN nodes having the biggest metrics are kept through the trellis diagram and all the
paths going through the other nodes are pruned. Hence, the implementation complexity of
the DF does not increase with time. The number MN is one of the parameters determining
the implementation complexity and the performance of the DF.
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5. Online state estimation

This section first yields some definitions, and then presents the DF.

5.1 Definitions
Admissible initial state quantization level : a possible value x;(0) 2 x4i(0) of an

approximate discrete random vector x4(0) 4 x4(0) of the initial state vector x(0) is said
to be an admissible quantization level of the initial state vector (or an admissible initial
state quantization level) if this possible value satisfies the constraints imposed on the state
estimates. Obviously, if there do not exist any constraints imposed on the state estimates,
then all possible values of the approximate discrete random vector x,(0) are admissible.

Metric of an admissible initial state quantization level: the natural logarithm of the
occurrence probability of an admissible initial quantization level x,;(0) is referred to as the
metric of this admissible initial quantization level. This metric is denoted by M(x4;(0)), that
is

M(x4i(0)) £ In{Prob{x;(0) = x,3(0)}}. (13)

where Prob{x;(0) = x,;(0)} is the occurrence probability of x,;(0).

Admissible state quantization level at time k: a quantization level x,;(k) of a state vector
x(k), where k > 1, is called an admissible quantization level of the state (or an admissible
state quantization level) at time k if this quantization level satisfies the constraints imposed
on the state estimates. Surely, if there do not exist any constraints imposed on the state
estimates, then all the quantization levels of the state vector x(k), which are calculated by Eq.
(6), are admissible.

Maximum number of considered state quantization levels at each time: MN stands for the
maximum number of admissible state quantization levels which are considered at each time
(step or iteration) of the DF. MN is a preselected positive integer. A bigger value of MN yields
better performance, but increases implementation complexity of the DF.

Metric of an admissible quantization level (or node) at time k, where k > 1: the metric of an
admissible quantization level x;;(k), denoted by M(x,;(k)), is defined by

M(xqf(k))émgx{M(an (k=1)) +In[T (xgn(k = 1) = x4;(k))]}
+ InfA(z(k)|xg; (K))], (14)

where the maximization is taken over all considered state quantization levels at time k — 1
which are mapped to the quantization level x,;(k) by the possible values of wy(k —1); In
stands for the natural logarithm; T(xgn(k — 1) — x4i(k)) is the transition probability from
x5i(k — 1) to x,4(k) is given by

T(xgi(k — 1) = xg(k)) = Y _Prob{wy(k —1) = wg, (k—1)}, (15)

where Prob{w;(k — 1) = wy,(k — 1)} is the occurrence probability of wg,(k — 1) and the
summation is taken over all possible values of w;(k — 1) which maps x,;(k — 1) to x4;(k); in
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other words, the summation is taken over all possible values of w,;(k — 1) such that

Q(f (k= 1, xgi(k — 1), wgy (k — 1))) = xg;(k); (16)
and
' Al if z(j) is neither available nor used for estimation
Az (k) xq; (k) = { p(z(k)|xgi(k))  if z(j) is available and used for estimation, (17)

in which, p(z(k)|x,;(k)) is the conditional density function of z(k) given that the actual value

of state x(k) = xqj(k), and this density function is calculated by using the observation model
of Eq. (2).

5.2 Estimation scheme (DF)

A flowchart of the DF is given in Fig. 3 for given F,)(a), Fy(g)(a), MN, n, m , and GS; where
Fy(x) (a) and Fy(g)(a) are the distribution functions of w(k) and x(0) respectively, n and m are
the numbers of possible values of approximate random vectors of w(k) and x(0) respectively;
GS is the gate size; and z(k) is the observation at time k. The parameters MN, n, m , and
GS determine the implementation complexity and performance of the DE. The number of
possible values of the approximate disturbance noise w; (k) is assumed to be the same, 1 , for
all iterations, i.e., for all k. The filtered value £(k|k) and predicted value £(k|k — 1) of the state
x(k) are recursively determined by considering only MN admissible state quantization levels
with the biggest metrics and discarding other quantization levels at each recursive step (each
iteration or time) of the DF. Recursive steps of the DF is described below.

Initial Step (Step 0): an approximate discrete random vector x,;(0) with m possible values of
the initial state x(0) is offline calculated by Eq. (3). The possible values of this approximate
random vector are defined as the initial state quantization levels (nodes). These initial state

quantization levels are denoted by x41(0), x42(0), ..., and x4 (0), where x;(q) 2 Xgi() (i =
12 ..m). Admissible initial state quantization levels, which satisfy the constraints imposed
on state estimates, are determined and the other initial quantization levels are discarded. If
the number of admissible initial quantization levels is zero, then the number, m, of possible
values of the approximate initial random vector x,;(0) is increased and the initial step of the
DF is repeated from the beginning; otherwise, the metrics of admissible initial quantization
levels are calculated by Eq. (13). The admissible initial state quantization levels (represented
by x41(0), x52(0), ..., and x4, (0)) and their metrics are considered in order to calculate state
quantization levels and their metrics at time k = 1. These considered quantization levels are
denoted by nodes (at time 0) on the first row (or column) of two rows (or columns) trellis
diagram at the first step k = 1 of the DF, Fig. 2.

State estimate at time 0: if the mean value of x(0) satisfies constraints imposed on state estimates
such as the case that there do not exist any estimate constraints , then this mean value is taken
as both £(0|0) and £(0|0 — 1); otherwise, the admissible initial state quantization level (node)
with the biggest metric is taken as both the filtered value £(0|0) and predicted value £(0/0 — 1)
of the state x(0), given no observation.

Recursive Step (Step k): An approximate discrete disturbance noise vector wy(k — 1) with
n possible values of the disturbance noise w(k — 1) is offline obtained by Eq. (3). The
quantization levels of the state vector at time k are calculated by using the finite state model
of Eq. (6) with all the considered quantization levels (or nodes) x,1(k — 1), xg2(k — 1) ...
XgN;_, (k — 1) at time k — 1; and all possible values wy;(k — 1), wg(k — 1), ..., wg,(k — 1)
of the approximate discrete disturbance noise vector wy(k — 1) . That is, substituting the
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X, (k1) x,, (k1) X, (k=1)
[ [ [ ®

o o o o o
X (k) x,5(k) X (k) Xy, (K)

Fig. 2. Two Row Trellis Diagram of Admissible State Quantization Levels

considered state quantization levels x,;(k —1) (i = 1, 2,...,Ny_1) for xq(k — 1) and the
possible values w;(k —1) = wyj(k—1) (j = 1, 2,...,n) for wy(k — 1) in the finite state
model of Eq. (6), the quantization levels of the state at time k are calculated (generated). The
admissible quantization levels at time k, which satisfy constraints imposed on state estimates,
are determined and non-admissible state quantization levels are discarded. If the number
of admissible state quantization levels at time k is zero, then a larger n, MN or smaller GS
is taken and the recursive step at time k of the DF is repeated from the beginning; otherwise,
the metrics of all admissible state quantization levels at time k are calculated by using Eq.
(14). If the number of admissible state quantization levels at time k is greater than MN, then
only MN admissible state quantization levels with biggest metrics, otherwise, all admissible
state quantization levels with their metrics are considered for the next step of the DE. The
considered admissible quantization levels (denoted by x,1(k), xp2(k), ... x;n, (k) and their
metrics are used to calculate the state quantization levels and their metrics at time k + 1. The
considered state quantization levels at time k are represented by the nodes on the second row
(or column) of two rows (or columns) trellis diagram at the recursive step k and on the first row
(or column) of two rows (or columns) trellis diagram at the recursive step k + 1, Fig. 2; where
the subscript Ny, which is the number of considered nodes at the end of Recursive step k, is less
than or equal to MN; and the transition from a node at time k — 1, say xq,-(k —1), to anode at
time k , say x;;(k), is represented by a directed line which is called a branch. Estimate at time
k: the admissible quantization level (node) with the biggest metric at time k is taken as the
desired estimate of the state at time k, that is, the node with the biggest metric at time k is the
desired predicted value of x(k) if z(k) is neither available nor used for estimation; otherwise,
the node at time k with the biggest metric is the filtered value of x(k). If there exist more than
one nodes having the same biggest metric, anyone of these nodes can be taken as the desired
estimate.
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Fig. 3. Flowchart of the DF
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6. Simulations

In this section, Monte Carlo simulation results of two examples are given. More examples are
presented in (Demirbas, 2010). The first example is given by

State Model
x(k+1) = x(®)[1+ j - cos(08x(k) + 20(K)] + w(k) (18)
Observation Model
__6x(k)
(k) = 1 42 o) (19)

where the random variables x(0), w(k), and v(k) are independent Gaussian random variables
with means 6, 0, 0 and variances 13, 20, 15 respectively. It was assumed that there did not
exist any constraints imposed on state estimates. The state model of Eq. (18) is an highly
nonlinear function of the disturbance noise w(k). The extended Kalman filter (EKF) and the
grid-based approaches may not be used for the state estimation of this example, since the
EKF assumes a linear disturbance noise in the state model and the grid based approaches
assumes the availability of the state transition density p(x(k)|x(k — 1)) which may not readily
calculated (Arulampalam et al., 2002; Ristic et al., 2004). States of this example were estimated
by using the DF, the sampling importance resampling (SIR) particle filter (which is sometimes
called the bootstrap filter, and auxiliary sampling importance resampling (ASIR) particle filter
(Arulampalam et al., 2002; Gordon et al., 1993). Average absolute filtering and prediction
errors are sketched in Figs. 4 and 5 for 2000 runs each of which consists of 100 iterations.
These estimation errors were obtained by using the SIR and ASIR particle filters with 1000
particles and the DF for which the random variables x(0) and w(k) were approximated by the
approximate random variables with 3 possible values (which are given in Section 3); the gate
size (GS) and MN were taken as 0.1 and 8 respectively. The average filtering and prediction
errors per one estimation (one iteration) were 33.8445, 45.6377, 71.5145 and 34.0660, 45.4395,
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70.2305 respectively. A typical run with 100 iteration took 0.0818, 0.2753, 0.3936 seconds for
the DF, SIR and ASIR particle filters, respectively. The DF clearly performs better than both
the SIR and ASIR particle filter. Moreover, the DF is much faster than both the SIR and ASIR
particle filters with 1000 particles.

The second example is described by

State Model

x(k+1) = x(K)[1 + ﬁk1 cos(0.8x(k))] + w(k) (20)
Observation Model

2(k) = % + oK), 1)

where the random variables x(0), w(k),and v(k) are independent Gaussian random variables
with means 3, 0, 0 and variances 8, 9, 9 respectively. It was assumed that there did not
exist any constraints imposed on state estimates. Average absolute filtering and prediction
errors are sketched in Figs. 6 and 7 for 2000 runs each of which consists of 200 iterations.
These estimation errors were obtained by using the SIR and ASIR particle filters with 1000
particles and the DF for which the random variables x(0) and w(k) were approximated by the
approximate random variables with 3 possible values (which are given in Section 3); the gate
size (GS) and MN were taken as 0.1 and 4 respectively. The average filtering and prediction
errors per one estimation (one iteration) were 38.4913, 61.5432, 48.4791 and 38.5817, 61.4818,
48.5088 respectively. A typical run with 200 iteration took 0.0939, 0.5562, 0.8317 seconds for
the DF, SIR and ASIR particle filters, respectively. The state model of the second example is
a linear function of the disturbance noise. Hence, the extended Kalman filter (EKF) was also
used for state estimation, but the EKF estimation errors quickly diverged, hence, the EKF state
estimation errors are not sketched. The DF clearly performs better than the EKF, SIR and ASIR
particle filters and also the DF is much faster than both the SIR and ASIR particle filters with
1000 particles for the second example.
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The performance of the DF is determined by the possible values (n and 1) of the approximate
discrete random disturbance noise and approximate discrete initial state, gate size (GS),
maximum number (MN) of considered state quantization levels at each iteration. As GS goes
to zero and the parameters 7, m, and MN approach infinity, the approximate models of Eq.
(6) and (7) approach the models of Egs. (1) and (2), hence, the DF approaches an optimum
estimation scheme, but the implementation complexity of the DF exponentially increases with
time k. The parameters n, m, GS, MN which yield the best performance for given models
are determined by Monte Carlo simulations for available hardware speed and storage. For
given nonlinear models: the performances of the DF, EKF, particle filters, and others must
be compared by Monte Carlo simulations with available hardware speed and storage. The
estimation scheme yielding the best performance should be used. The EKF is surely much
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faster than both the DF and particle filters. The speed of the DF is based upon the parameters
n, m, GS, MN; whereas the speeds of particle filters depend upon the number of particles
used.

7. Conclutions

Presented is a real-time (online) recusive state filtering and prediction scheme for nonlinear
discrete dynamic systems with Gaussian or non-Gaussian disturbance and observation noises.
This scheme, referred to as the DF, is recently proposed in (Demirbas, 2010). The DF is very
suitable for state estimation of nonlinear dynamic systems under either missing observations
or constraints imposed on state estimates. The DF is much more general than grid based
estimation approaches. This is based upon discrete noise approximation, state quantization,
and a suboptimum implementation of multiple hypothesis testing , whereas particle filters
are based upon sequential Monte Carlo Methods. The models of the DF is as general as
the models of particle filters, whereas the models of the extended Kalman filter (EKF) are
linear functions of the disturbance and observation noises. The DF uses state models only to
calculate transition probabilities from gates to gates. Hence, if these transition probabilities
are known or can be estimated, state models are not needed for estimation with the DF,
whereas state models are needed for both the EKF and particle filters. The performance
and implementation complexity of the DF depend upon the gate size (GS), numbers n and
m of possible values of approximate discrete disturbance noise and approximate discrete
initial state, and maximum number (MN) of considered quantization levels at each iteration
of the DF; whereas the performances and implementation complexities of particle filters
depend upon numbers of particles used. The implementation complexity of the DF increases
with a smaller value of GS, bigger values of 1, m, and MN. These yield more accurate
approximations of state and observation models; whereas the implementation complexities
of particle filters increase with larger numbers of particles, which yield better approximations
of conditional densities. Surely, the EKF is the simplest one to implement. The parameters
(GS, n,m, MN) for which the DF yields the best performance for a real-time problem should
be determined by Monte Carlo simulations. As GS — 0, n — oo, m — oo,and MN — oo;
the DF approaches the optimum one in the average overall error probability sense, but its
implementation complexity exponentially increases with time. The performances of the DF,
particle filters, EKF are all model-dependent. Hence, for a real-time problem with available
hardware speed and storage; the DF, particle filters, and EKF (if applicable) should all be
tested by Monte Carlo simulations, and the one which yields the best results should be used.
The implementation complexity of the DF increases with the dimensions of multidimensional
systems, as in the particle filters.
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1. Introduction

The observer design problem for nonlinear time-delay systems becomes more and
more a subject of research in constant evolution Germani et al. (2002), Germani &
Pepe (2004), Aggoune et al. (1999), Raff & Allgéwer (2006), Trinh et al. (2004), Xu et al.
(2004), Zemouche et al. (2006), Zemouche et al. (2007). Indeed, time-delay is frequently
encountered in various practical systems, such as chemical engineering systems, neural
networks and population dynamic model. One of the recent application of time-delay is
the synchronization and information recovery in chaotic communication systems Cherrier
et al. (2005). In fact, the time-delay is added in a suitable way to the chaotic system in the
goal to increase the complexity of the chaotic behavior and then to enhance the security of
communication systems. On the other hand, contrary to nonlinear continuous-time systems,
little attention has been paid toward discrete-time nonlinear systems with time-delay. We
refer the readers to the few existing references Lu & Ho (2004a) and Lu & Ho (2004b), where
the authors investigated the problem of robust He observer design for a class of Lipschitz
time-delay systems with uncertain parameters in the discrete-time case. Their method show
the stability of the state of the system and the estimation error simultaneously.

This chapter deals with observer design for a class of Lipschitz nonlinear discrete-time
systems with time-delay. The main result lies in the use of a new structure of the proposed
observer inspired from Fan & Arcak (2003). Using a Lyapunov-Krasovskii functional, a
new nonrestrictive synthesis condition is obtained. This condition, expressed in term of
LMI, contains more degree of freedom than those proposed by the approaches available in
literature. Indeed, these last use a simple Luenberger observer which can be derived from the
general form of the observer proposed in this paper by neglecting some observer gains.

An extension of the presented result to He performance analysis is given in the goal to
take into account the noise which affects the considered system. A more general LMI is
established. The last section is devoted to systems with differentiable nonlinearities. In
this case, based on the use of the Differential Mean Value Theorem (DMVT), less restrictive
synthesis conditions are proposed.

Notations : The following notations will be used throughout this chapter.

e ||| is the usual Euclidean norm;
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e (x)isused for the blocks induced by symmetry;
o AT represents the transposed matrix of A;
e [, represents the identity matrix of dimension r;

e for a square matrix S, S > 0 (S < 0) means that this matrix is positive definite (negative
definite);

e z:(k) represents the vector x(k — t) for all z;

1
e The notation |[|x||ss = (Z,;"’:O [Ix(k) Hz) * is the £5 norm of the vector x € R®. The set /3 is
defined by
6 = {x ER : |lxllg < +oo}.

2. Problem formulation and observer synthesis
In this section, we introduce the class of nonlinear systems to be studied, the proposed state

observer and the observer synthesis conditions.

2.1 Problem formulation
Consider the class of systems described in a detailed forme by the following equations :

x(k+1) = Ax(k) + Agxq(k) + B f(Hx(k), ded(k)) (1a)
y(k) = Cx(k) (1b)
x(k) = 2°(k), for k= —d,...,0 (1)

where the constant matrices A, Ay, B, C, H and Hj are of appropriate dimensions.
The function f : R® x R® — R satisfies the Lipschitz condition with Lipschitz constant -y,

ie: Hf<21'22> _f<21,zz> H < 'Yf’ [22 —iﬂ

Now, consider the following new structure of the proposed observer defined by the
equations (78) :

s v21122/21/22' (2)

2(k+1) = A2(k) + Ag2q(k) + Bf(v(k),w(k))

(3a)
£(k) ) + La (va(k) = C24(k)) 3

o(k) = Hz(k) + K (y(k) = C2(k) ) + K} (ya (k) — C24(k)) (3b)

w(k) = Hyta(K) + K2 (y(K) = C2(K) ) + K3 (a(k) = C24(K) ). (30)
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The dynamic of the estimation error is :
e(k+1) = (A~ LC)e(k) + (Ag — LaC)ea(k) + Bf; @)

with
5fic = f(Hx(k), Hyxa(k) ) = f (0(k), w(k)).

From (35), we obtain
_xl _xl
Jorl < e[ |5, st 6] | ©

2.2 Observer synthesis conditions

This subsection is devoted to the observer synthesis method that provides a sufficient
condition ensuring the asymptotic convergence of the estimation error towards zero. The
synthesis conditions, expressed in term of LMI, are given in the following theorem.

Theorem 2.1. The estimation error is asymptotically stable if there exist a scalar « > 0 and matrices
P =PT >0,Q=Q" >0, R Ry KKK} and K3 of appropriate dimensions such that the
following LMI is feasible :

[—P+Q 0 MjzMyy ML Ml ]
(*) 7Q MZS M24 1M2T5 Mgé
(x)  (x) Maz 0 0 0
<0 (6)
(*) (%) x) =P 0 0
(*) () () (%) *M}Isl 0
) ) ) ) ) —mfclsz_
where
M3 = ATPB—CTRB (7a)
My = ATP—CTR (7b)
M5 = 'yjzf (sz - K1C> (7¢c)
My = 13K*C (7d)
May; = AIPB — CTR,B (7e)
My, = ATP — CTRy (7f)
Mys = 13K;C (78)
Mo = 7} (aH, — KiC) (7h)

Mzs = BTPB —al, (7i)
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The gains L and Ly, K*, K?, K} and K3 are given respectively by

Proof. Consider the following Lyapunov-Krasovskii functional :

i=d
Vi = el (k)Pe(k) + ¥ (s,-T(k)Qsi(k)).
i=1
Using the dynamics (4), we obtain

Vier — Vi = I Mgy
where

ATPA-P+Q ATPA; ATPB

M; = (%) ATPA;—Q ATPB
(*) (%) B%PB
[ET k) ofy ]
A=A— LC
Ay =A;—LyC.

®)

(%a)

(9b)
(%0)
(9d)

Using the notations K! = aK!, K> = aK?, K; = aK; and Kl% = aKg, the condition (5) can be

rewritten as follows :
ZiMogy >0
with

M2 _ lX’YJZ( M3 0 )
0 —uly

MI.M;5 + MI M3 MI.Mps + M Mz(,}

M 7
3 [ (*) PM% + M5 Mos

and M5, M4, M35, My are defined in (7).
Consequently

Vier = Vi < 8 (M1 + M3 ) g

By using the Schur lemma (see the Appendix), we deduce that the inequality

M;+M;, <0

(10)

(11a)

(11b)

(12)
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is equivalent to
My <O
where ~ B
-P+Q 0 ATPBATP M[, M 7
(») —-QAIPB ATp ML, ML

(*) (*) M33 0 0 0
My = ) (13)

(x) ) ) -P 0 0
x) ) ®) ) -y, 0

L W 0 W 8 ey

Using the notations R = LTP and R; = L;P, we deduce that the inequality My < 0 is
identical to (6). This means that under the condition (6) of Theorem 2.1, the function Vj is
strictly decreasing and therefore the estimation error is asymptotically stable. This ends the
proof of Theorem 2.1. O

Remark 2.2. The Schur lemma and its application in the proof of Theorem 2.1 are detailed in the
Appendix of this paper.

2.3 lllustrative example
In this section, we present a numerical example in order to valid the proposed results.
Consider an example of an instable system under the form (1) described by the following

parameters :
420 0 0503
A=1042{,A;,= ({05 0 03},
003 0303 0
0.01 0
B=|0 001|,H=[101],
0 0
Hy;=[100],C=[100]
e ((6) + 2 (K)
. sin(x* (k) +x°(k
f(Hx,Hyxg,y) = Tf [ cos(xz(k ~1))
where

x = [xb 22 XB}T

and 7y = 10 is the Lipschitz constant of the function f.
Applying the proposed method (condition (6)), we obtain the following gains :

L = [0.0701 1.8682 2.9925] ",

Ly = [0.3035 0.2942 0.0308] ",
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K! =0.9961, K2 = —2.8074 x 1072,

K} = —9.0820 x 107, K3 = —0.0075

and
a=10".

3. Extension to H., performance analysis

In this section, we propose an extension of the previous result to He, robust observer design
problem. In this case, we give an observer synthesis method which takes into account the
noises affecting the system.

Consider the disturbed system described by the equations :

x(k+1) = Ax(k) + Agxg(k) + Eww(k) + B f(Hx(k), ded(k)) (14a)
y(k) = Cx(k) + Dow(k) (14b)
x(k) = x°(k), for k= —d,...,0 (140)

where w(k) € £ is the vector of bounded disturbances. The matrices E., and D,, are constants
with appropriate dimensions.

The corresponding observer has the same structure as in (3). We recall it hereafter
with some different notations.

#(k+1) = AR(k) + Agfa(k) + Bf (01 (k), 02 (k) )

(15a)

#(6)) + La (ya (k) — C2a(k))
o1 (k) = H(k) + K* (y(k) = C2(K) ) + K} (va(k) — C2a(K) ) (15b)
0a(k) = Hyta(k) + K2 (y(k) = C£(k) ) + K3 (va (k) — C24(K) ). (150

Our aim is to design the matrices L, Ly, Kl,Kz,Ké and K% such that (15) is an asymptotic
observer for the system (14). The dynamics of the estimation error

is given by the equation :

e(k+1) = (A - LC)s(k) + (Ad - de)sd(k) +Bof;

(16)
+ (Ew - LDw)w(k) — LyDowy (k)
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with
6fic = f (Hx(k), Haxa(k)) = f (01 K), 22(K)))

satisfies (5).
The objective is to find the gains L, Ld,Kl,KZ, Ké and Kg such that the estimation error
converges robustly asymptotically to zero, i.e :

llelles < Mg 17)

where A > 0 is the disturbance attenuation level to be minimized under some conditions that
we will determined later.
The inequality (17) is equivalent to

A -1 1
5 (ol + llwally = F @?®)". (18)
k=—d

lellgg <

Without loss of generality, we assume that
w(k)=0 for k=—d,.., —1.
Then, (18) becomes )
leles < S (ol + eaal,) (19

Remark 3.1. In fact, if w(k) # 0 for k = —d, ..., —1, we must replace the inequality (17) by

1

1 —1
lellg <Al +5 ¥ w?k)” 0)
k=—d

in order to obtain (19).

Robust Hy observer design problem Li & Fu (1997) : Given the system (14) and the
observer (15), then the problem of robust He observer design is to determine the matrices
L, L4, K1, K%, K} and K3 so that

klim e(k) =0 for w(k) =0; (21)
lelles < Mlwlles ¥V w(k) # 0; e(k) =0,k =—d,...,0. (22)

From the equivalence between (17) and (19), the problem of robust Hs, observer design (see
the Appendix) is reduced to find a Lyapunov function Vj such that

T A2 A2
Wi = AV + T (K)e(k) — 7wT(k)w(k) - 7wg(k)wd(k) <0 (23)

where
AV = Viiq — Vi

At this stage, we can state the following theorem, which provides a sufficient condition
ensuring (23).
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Theorem 3.2. The robust He, observer design problem corresponding to the system (14) and the
observer (15) is solvable if there exist a scalar « > 0 matrices P = PT > 0,0 = QT >0,
R, Ry, K1, R?, K} and K3 of appropriate dimensions so that the following convex optimization problem
is feasible :

min(y) subjectto T <0 (24)
where ) i
~P+Q+I, 0 Mz 0 0O My, M M
(%) —-QMy 0 0 Mz, M5 My
(*) (x) M3z M3y Mss 0 0 0
(%) (x) (x) =9l © EIP—-CTR 0 0
(*) (*) (x) () =7l —DyR; 0 0
I = (25)
My, IMJIT5 11\/1?5 T
M2T4 Mps My, ~P 02 0
0 0 0 (%) _“')’flﬂ 0
EIP-CTR 0 0 (x) (%) —a'yj%IsZ
i —-DuR; 0 0 |
with
Ms, = BTPE, — BTRTC, (26a)
Mss = —BTRID,, (26b)

and M3, M4, M5, M16, Mp4, Mos, Mg, M33 are de ned in (7).
The gains L and Ly, K',K? K}, K3 and the minimum disturbance attenuation level A are given
respectively by

K=l'g e-lg
o o
1. 1_

Kiolgr g2 lpa

i = gRa K= Kg
A =+/27.

Proof. The proof of this theorem is an extension of that of Theorem 2.1.

Let us consider the same Lyapunov-Krasovskii functional defined in (8). We show that if the
convex optimization problem (24) is solvable, we have Wy < 0. Using the dynamics (16), we
obtain

Wi = 1"S17 (27)
where
1,00 ATPE, —ATPD,
M + [o 00 [ATPE;J —ATpﬁw]
000 s, _BlpD,

(28)
o o
ATpE. _Atpp| [F&PEe =7l EGPDo }

' | [ATPE, —-ATPD, " /
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where
Ew = Ey, —LC (29a)
D, = LyDy (29b)
nT = [eT el 6fp T wl], (29¢)
AZ
T=5 (29d)

The matrices M1, A and A are defined in (9).
As in the proof of Theorem 2.1, since J f, satisfies (5), we deduce, after multiplying by a scalar
a > 0, that

7Sy >0 (30)

where
LM; 0 00
D("yf

‘52 — 0 70(Iq 00 (31)
0 0 00
0 0 00
and M3 is defined in (11b).
The inequality (31) implies that
Wi =1"(S1+82)7. (32)

Now, using the Schur Lemma and the notations R = LTP and R; = L;P, we deduce that
the inequality S; + S, < 0 is equivalent to I' < 0. The estimation error converges robustly
asymptotically to zero with a minimum value of the disturbance attenuation level A = /27 if
the convex optimization problem (24) is solvable. This ends the proof of Theorem 3.2. O

Remark 3.3. We can obtain a synthesis condition which contains more degree of freedom than the
LMI (6) by using a more general design of the observer. This new design of the observer can take the
following structure :

2(k+1) = A2(k) + Ag24(k) + Bf (U(k),W(k))

(33a)
L ()~ C209) + 12 L) — C(0)

d

o(k) = H2(k) + K (y(k) = C2(K) ) + Y- K} (s(k) — C2:(k)) (33b)
i=1

w(k) = Hyfa(k) + K (y(K) — C2(k)) + Y- K (vi(k) — C2:(K) ). (330)
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If such an observer is used, the adequate Lyapunov-Krasovskii functional that we propose is under
the following form :

L
Vi = €7 (k) Pe(k) +]2 2] (siT(k)Q]-si(k)>. (34)

j=1i=1

4. Systems with differentiable nonlinearities
4.1 Reformulation of the problem
In this section, we need to assume that the function f is differentiable with respect to x.
Rewrite also f under the detailed form :
f1(Hix, Hiz)
f(Hx,Hyz) = . . (35)
fq(Hgx, Hiz)

where H; € R%*" and Hfl € R"" for all i € {1,..,9}. Here, we use the following
reformulation of the Lipschitz condition :

— o0 < ajj < g—gj(g",z") <bjj < 4oo, V' €R%, V' € R (36)
j

— oo <af < %(X’}é") < b < 400, V' €R, Vil € RY (37)
]

where x! = Hjx and z' = Hfz.
The conditions (36)-(37) imply that the differentiable function f is 7 s-Lipschitz where

j=si

i=q =t
— d d
= B B s ), oo 1)

The reformulation of the Lipschitz condition for differentiable functions as in (36) and (37)
plays an important role on the feasibility of the synthesis conditions and avoids high gain as
shown in Zemouche et al. (2008). In addition, it is shown in Alessandri (2004) that the use of
the classical Lipschitz property leads to restrictive synthesis conditions.

Remark 4.1. For simplicity of the presentation, we assume, without loss of generality, that f
satis es (36) and (37) with a;j =0 and afm =O0foralli,l =1,..,q,j=1,..,sandm =1, ...,r, where

s = max (s;) and r = max (r;). Indeed, if there exist subsets Sy, S C {1,...,q}, S2 C {1,...,s} and
1<i<q 1<i<q

sd Ci{i...,r} such that a;; # 0 for all (i,j) € Sy x Sy and afm # 0 forall (1,m) € 4 x S, we can
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consider the nonlinear function

f(xi, xk—a) = f(Hxg, Haxy—a) — ( Y ﬂinini)xk
(i,j)ESlXSZ

d g pd
_( )y almHlmHl)xk*d
(Im)esdxsg

(38)

where

Hjj = eq(i)el(j) and Hf, = eq(I)el (m).
Therefore, fsatis es (36) and (37) with d;; = 0, ﬁ?j =0, Ei]' = bjj — a;jand E% = b% - a%, and then
we rewrite (1a) as

i1 = Axg + Agx_g + BF (i, xiq)
with
A=A +B Z aininir Ad =A;+B Z ll‘li]HgH;i
(i,j)€S1%S, (i,j)esixsd

Inspired by Fan & Arcak (2003), we consider the following state observer :

i=q o
fp1 = AR+ AgRk_g + Y Beg(i) fi(vp, wi)
i—1 (39a)
+ L(]/k - ka) +11 (yk—d - ka—d)
ol = Hity + K (yk - c;ek) (39b)
wi = Hi%_g + K (yk,d - c:ek,d) (39¢)
2 = %0, Vk € {—d,...,0} (39d)

Therefore, the aim is to find the gains L € R"*?, L% € R™*?, K; € R%*P and Kf € R"*P, for
i =1,...,q, such that the estimation error

e = Xp — X (40)
converges asymptotically towards zero.

The dynamics of the estimation error is given by :

Y Bey(i)df; (41)

Exp1 = (A - LC)sk + (Ad - de)sk_d L

where )
8f; = fi(Hix, H %) — fi(v, w})-
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Using the DMVT-based approach given firstly in Zemouche et al. (2008), there exist z; €
Co(Hjx, vl),z‘f € Co(fok_d, w') foralli =1, ...,q such that :

6fi = jéihij( Mxi + fh x? (42)

where N -
X = (Hf = KIC)eq (44)

(k) = gf i (21000, B, ) 45)

I (k) = af i (Uk,z (k)) (46)

Hence, the estimation error dynamics (41) becomes :

Epry = (A - LC)sk + (Ad - de)sk,d

i=qj=s;
+ z=21 ]g hij(k)BH;;x @)
=qj=r;
+ Z Z h (k) BHfx{

i=1j=1

4.2 New synthesis method

The content of this section consists in a new observer synthesis method. A novel sufficient
stability condition ensuring the asymptotic convergence of the estimation error towards zero
is provided. This condition is expressed in term of LMI easily tractable.

Theorem 4.2. The estimation error (40) converges asymptotically towards zero if there exist matrices
P=PT>00Q=0T >0R, R4, K; and Kf, fori =1,..,q, of adequate dimensions so that the
following LMI is feasible :

-P+Q 0 M 0 ATP—-CTR
() -Q 0 N Alp—CTrf
(x) () =Y 0 xTp <0 (48)
(*) (%) () =Y (=)TP
) () (%) (%) —-P
where
M = [My(Kq) - My (Ky)| (49)
M;(K;) = | (Hi = KiC)"...(H; = K,O)T | (50)

s; times
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N = [Ny (Kf) - Ng (K] (51)

Ni(K{) = [ (B - KfO)T...(H{ — KiO)T | (52)
7 times

Y —B [Hn <+ Hyg, Hyp -+ Hqsl,} (53)

2t = B[Hfy - Hf, Hyr -+ Hyp | (54)

Y = ding ([311[S1, o Brsy sy, Bar Ly o 5%,15”) (55)

Yt = diag (B 11y By, I, B sy B, 1) (56)

Bij = b% Bl = 1)2;1] 7)

Hence, the gains L, L% are given, respectively, by L = P~'RT, L4 = P~ (R®)T and the matrices
K;, Kf are free solutions of the LMI (48).

Proof. For the proof, we use the following Lyapunov-Krasovskii functional candidate :

i=d
T T
Vi = ¢, Pep + Z e Qe

Considering the difference AV = V.1 — Vj along the system (1), we have

AV =¢] [(A Lc) P(A—LC>7P+Q} £k+£,{_d[(AdedC>TP(Ad7LdC)fQ} €4

+ 26T (A - LC)TP<Ad - LdC)sk_d + 28[(14 - LC)TP (li _ZS BHU@,])

i=1j=1

r (i=gj=n v (i=gj=s
+2¢f (A-1LC) P (Z y BH;?jgg.) +2¢f_y(Aa—L9C) P (Z y BHijgij)
i=1 i=1j=

j=1

Il

—
-

—

i=1j=1
i=qj=r; g i=qj=r;
ZZBH Z B
i=1j=1 i=1j=

where

(58)

Gij = hij(k)xi, T = W(x!. (59)
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From (36) and (37), we have

iijZSiéT ( L ) g >0 (60)
il 7 ij =
==\ by !
i=qj=r; 1
Y @hT ( - ) > (61)
P R h?]‘ bd y
Using (43) and (59), the inequalities (60) and (61) become, respectively,
i=qj=s; T i=q j=s; 1
Y Y (Hi—KC) g - Z Z By % 2 (62)
i=1j=1
i=qj=r; i=qj=r; T .
ZZSk d( ) éz] Zzbd g éz]zo (63)
i=1j=1 i=1j=1
Consequently,
T
€k Tyq Tp T3 Ty €k
e—a| |(%) T2 T3 Tog| |€k—a
AV < 64
~ | Gk (x) (%) T3z Taa| | Ok (64)
zd (%) (%) () Taa] ¢
where .
Iy = (Ach) P(AfLC)fPJrQ (65)
T
I = (A —LC P(Ad - de) (66)
_ T T
T3 = MT(Ky, .., Ky) + (A - Lc) PE (67)
T
Ty = (A - Lc) px? (68)
T
Iy = (A,,, - de) P(Ad - de) ) (69)
T
Ty = (Ad - de) Px (70)
T (1d d d T d
T = NT(K{, ..., KI) + (Ad L c) Px 71)
I=xTPr—Y (72)
[y =27 pxd (73)
Ty = (£9)TPsd —v4 (74)
0= [ngl,...,g{sl,gZTl,...,qusq]T (75)

0 = (G s (C) T (T8 s (8T 76)
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and M(Kjy, ..., Ky), Z,Y are defined in (49), (53) and (55) respectively.
Using the Schur Lemma and the notation R = LT P, the inequality (48) is equivalent to

Iq T2 Tz Ty
(%) Top T3 Ty
(%) (%) T3z T4
(%) (x) (%) Tyq

Consequently, we deduce that under the condition (48), the estimation error converges
asymptotically towards zero. This ends the proof of Theorem 4.2. O

< 0. (77)

Remark 4.3. Note that we can consider a more general observer with more degree of freedoms as
follows :

i=q o =d
R = AR+ Agxp_g + ) Beg (i) fi(vp, wp) + ) Ly (l‘/kfl - CJ?:H) (78a)
i=1 =0
i = H;% l:dK. —C# 78b
v = Hife + Y Kig (Y1 — CRy (78b)
=0
I—d
I = Hi% K4 —C# 78
Wy fia+ ) K (vea— CRia (78¢)
=0

This leads to a more general LMI using the general Lyapunov-Krasovskii functional :

j=di=j
T T
Vi = ¢, Pep + Z Z SkfiQ]'Sk—i
j=1i=1

4.3 Numerical example
Now, we present a numerical example to show the performances of the proposed method. We
consider the modified chaotic system introduced in Cherrier et al. (2006), and described by :

X = Gx+ F(x(t),x(t — 1)) (79)

[a o 0] [adtanh(xl(t))]
G=|1 -1 1|, F(x(t),x(t—71)) = 0
0 —B—v esin(oxy (f — 1))

Since the proposed method concerns discrete-time systems, then we consider the discrete-time
version of (79) obtained from the Euler discretization with sampling period T' = 0.01. Hence,
we obtain a system under the form (1a) with the following parameters :

where

—adT 0
A=I13+TG, Ad=0R3x3, B = 0 0
0 €T

and

[ tanh(xq(k))
g, xp_g) = [sin(wq (1k - d)}
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that we can write under the form (35) with
Hy=[100], H{ = [000]

H,=[000], Hf = [ 00]

Assume that the first component of the state x is measured, i.e. : C = [1 0 0] .
The system exhibits a chaotic behavior for the following numerical values :

a=9 =14, y=5d4d=2

6 =5, € =1000, o =100

as can be shown in the figure 1.
The bounds of the partial derivatives of f are

100
50
><m 0
-50
-100
10
5
0 0
10 -
X, 0 -5 X,
Fig. 1. Phase plot of the system
a1 = 1, b11 = 1, Ilgl = 71, bgl =1

According to the remark 4.1, we must solve the LMI (48) with
: 00 O
b, =0} —ad =2, A;=100 0
0 0—-Teo
Hence, we obtain the following solutions :
1.3394 0
L=|49503 |, L"=] 0 |, K =09999, K, = —0.0425, K{ = —1.792 x 10713, K§ = 100

40.8525 —1000

The simulation results are shown in figure 2.
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X

0.8 1
- - the estimate of x,

Magnitude
o
Magnitude

!
4
[}

-0.4f
~0.6F
-0.8f

o 50 100 150
Tim (k) Time (k)

(a) The first component x; and its estimate £;  (b) The second component x, and its estimate %,

Magnitude

() 50 100 150
Tim (k)

(c) The third component x3 and its estimate £3

Fig. 2. Estimation error behavior

5. Conclusion

This chapter investigates the problem of observer design for a class of Lipschitz nonlinear
time-delay systems in the discrete-time case. A new observer synthesis method is proposed,
which leads to a less restrictive synthesis condition. Indeed, the obtained synthesis condition,
expressed in term of LMI, contains more degree of freedom because of the general structure
of the proposed observer. In order to take into account the noise (if it exists) which affects
the considered system, a section is devoted to the study of He robustness. A dilated LMI
condition is established particularly for systems with differentiable nonlinearities. Numerical
examples are given in order to show the effectiveness of the proposed results.

A. Schur Lemma

In this section, we recall the Schur lemma and how it is used in the proof of Theorem 2.1.
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Lemma A.1. Boyd et al. (1994) Let Q1, Qo and Qs be three matrices of appropriate dimensions stch
that Q = QlT and Q3 = Qg . Then, the two following inequalities are equivalent :

Q1 Q2
[QZT QJ <0, (80)
Q3 <0 and Q1 — Q510! <o0. (81)

Now, we use the Lemma A.1 to demonstrate the equivalence between M; + M, < 0 and

My < 0.
We have
-P+Q 0 ATPB ATPA ATPA,; 0
M;+My=| (x) -Q AIPB |+ | (x) AlPA;0
(x)  (x) BTPB—ual, (%) (x) 0 )
1 MLM;5 + MI,M1s ML Mos + MT, Mo 0
T (%) M3 M6 +M55Mps 0| .
Ui (*) (*) 0
By isolating the matrix
P 0 0
A= |0 m}lsl 0
0 0 oc'yJZ(ISZ
we obtain
) AT M, MY, A A; 0
-P+Q 0 ATPB
M +My=| (x) -Q AIPB — | AT ML M | Y(—=A)7YY [ M5 Mos 0 (83)
(x)  (x) BTPB—ual,]
0 0 0 Mig Mas 0
where ~
PO O
Y=[0I 0.
10 0 I,
By setting
AT T
- A MlS Mfé
-P+Q 0 ATPB
Q=] (» -Q AIPB |,Q=[ATMLML|Y and Q3 =—A
()  (x) BTPB—ual,
0 0 0
we have
M; +M; = Q1 - 020503 (84)

Since Q3 < 0, we deduce from the Lemma A.1 that

M;+M, <0
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is equivalent to (80), which is equivalent to
My <0

where My is defined in (13). This ends the proof of equivalence between M; +M; < 0 and
My < 0. The Lemma A.1 is used of the same manner in theorem 3.2.

B. Some Details on Robust H., Observer Design Problem

Hereafter, we show why the problem of robust He observer design is reduced to find a
Lyapunov function Vj so that Wy < 0, where W is defined in (23). In other words, we show
that Wy < 0 implies that the inequalities (21) and (22) are satisfied.

If w(k) = 0, we have Wy < 0 implies that AV < 0. Then, from the Lyapunov theory, we deduce
that the estimation error converges asymptotically towards zero, and then we have (21).
Now, if w(k) # 0; e(k) =0,k = —d,...,0, we obtain Wy < 0 implies that

N AZ N /\2 N N
Y lle)I? < 5 3 oI+ % Y- lleoak) | = - (Ve = Vi) (55)
k=0 k=0 k=0 k=0
Since without loss of generality, we have assumed that w(k) = 0 for k = —d,..,—1 and
e(k) =0,k = —d, ... 0, we deduce that
N ) AZ N ) /\2 N—d ) AZ N ) AZ N—d )
Yl < 5 Y o P+ 5 Y lw®P vy < 5 Y @I+ 5 T el @)
k=0 k=0 k=0 k=0 k=0

When N tends toward infinity, we obtain

2
ZH (k)| < Zl\w H“*ZHW )I? < %ZH H”*ZHW Z @7
k=0

As
) co—d
Y o> =Y o) = llwlf
k=0 k=0

then the final relation (22) is inferred.
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1. Introduction

The integration of information from a combination of different types of observed
instruments (sensors) are often used in the design of high-accuracy control systems. Typical
applications that benefit from this use of multiple sensors include industrial tasks, military
commands, mobile robot navigation, multi-target tracking, and aircraft navigation (see (hall,
1992, Bar-Shalom, 1990, Bar-Shalom & Li, 1995, Zhu, 2002, Ren & Key, 1989) and references
therein). One problem that arises from the use of multiple sensors is that if all local sensors
observe the same target, the question then becomes how to effectively combine the
corresponding local estimates. Several distributed fusion architectures have been discussed
in (Alouani, 2005, Bar-Shalom & Campo, 1986, Bar-Shalom, 2006, Li et al., 2003, Berg &
Durrant-Whyte, 1994, Hamshemipour et al., 1998) and algorithms for distributed estimation
fusion have been developed in (Bar-Shalom & Campo, 1986, Chang et al., 1997, Chang et al,
2002, Deng et al., 2005, Sun, 2004, Zhou et al., 2006, Zhu et al., 1999, Zhu et al., 2001, Roecker
& McGillem, 1998, Shin et al, 2006). To this end, the Bar-Shalom and Campo fusion formula
(Bar-Shalom & Campo, 1986) for two-sensor systems has been generalized for an arbitrary
number of sensors in (Deng et al., 2005, Sun, 2004, Shin et al., 2007) The formula represents
an optimal mean-square linear combination of the local estimates with matrix weights. The
analogous formula for weighting an arbitrary number of local estimates using scalar weights
has been proposed in (Shin et al., 2007, Sun & Deng, 2005, Lee & Shin 2007).

However, because of lack of prior information, in general, the distributed filtering using the
fusion formula is globally suboptimal compared with optimal centralized filtering (Chang et
al., 1997). Nevertheless, in this case it has advantages of lower computational requirements,
efficient communication costs, parallel implementation, and fault-tolerance (Chang et al.,
1997, Chang et al, 2002, Roecker & McGillem, 1998). Therefore, in spite of its limitations, the
fusion formula has been widely used and is superior to the centralized filtering in real
applications.

The aforementioned papers have not focused on prediction problem, but most of them have
considered only distributed filtering in multisensory continuous and discrete dynamic
models. Direct generalization of the distributed fusion filtering algorithms to the prediction
problem is impossible. The distributed prediction requires special algorithms one of which
for discrete-time systems was presented in (Song et al. 2009). In this paper, we generalize the
results of (Song et al. 2009) on mixed continuous-discrete systems. The continuous-discrete
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approach allows system to avoid discretization by propagating the estimate and error
covariance between observations in continuous time using an integration routine such as
Runge-Kutta. This approach yields the optimal or suboptimal estimate continuously at all
times, including times between the data arrival instants. One advantage of the continuous-
discrete filter over the alternative approach using system discretization is that in the former,
it is not necessary for the sample times to be equally spaced. This means that the cases of
irregular and intermittent measurements are easy to handle. In the absensce of data the
optimal prediction is given by performing only the time update portion of the algorithm.
Thus, the primary aim of this paper is to propose two distributed fusion predictors using
fusion formula with matrix weights, and analysis their statistical properties and relationship
between them. Then, through a comparison with an optimal centralized predictor,
performance of the novel predictors is evaluated.

This chapter is organized as follows. In Section 2, we present the statement of the
continuous-discrete prediction problem in a multisensor environment and give its optimal
solution. In Section 3, we propose two fusion predictors, derived by using the fusion
formula and establish the equivalence between them. Unbiased property of the fusion
predictors is also proved. The performance of the proposed predictors is studied on
examples in Section 4. Finally, concluding remarks are presented in Section 5.

2. Statement of problem - centralized predictor
We consider a linear system described by the stochastic differential equation
x; =Fx +Gyv,, t=0, 1)

where x, e R"is the state, v, eRlis a zero-mean Gaussian white noise with covariance
E(v,v])=Q(ts), and F e R™", G e ®"™, and Q, e R™.
Suppose that overall discrete observations Y, €®" at time instants t;,t,,... are composed

of N observation subvectors (local sensors) y(tlk),...,ygj), ie.,

T T
Y, =y oy e T )
where yi‘k) ,i=1,...,N are determined by the equations

ty ty

yO=HOx, +w®, y0 ewm,

®)
N N N N m
yik )—Hik )th +w$k ), ygk) eRN,

k=1,2,..; t 1>t 2t,=0; m=mj+---+my,
where yi‘k) eR™ is the local sensor observation, Hi‘k) e R™™i | and {w?k) eR™, k= 1,2,...}
are zero-mean white Gaussian sequences, W(tlk) ~ N(O,R?k) ) , i=1,...,N . The distribution of the
initial state x, is Gaussian, XO~N(§0,PO), and x,, v, and {wi’k)}, i=1,..,N are assumed

mutually uncorrelated.
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A problem associated with such systems is to find the distributed weighted fusion predictor
Xin s A 20 of the state x,,, based on overall current sensor observations

Y ={Y, X

W] <<t St<teA, A0, )
2.1 The optimal centralized predictor

The optimal centralized predictor is constructed by analogy with the continuous-discrete
Kalman filter (Lewis, 1986, Gelb, 1974). In this case the prediction estimate X{Fy and its error
covariance P\ are determined by the combining of time update and observation update,

$opt_p copt sopt _gopt
X7 =EXST, te Ss<tHA, XS =X

. i ©)
BYP'=ERPHEPEN+Q,, B =B,

where the initial conditions represent filtering estimate of the state >A<°pt
covariance P:’p which are given by the continuous-discrete Kalman filter equatlons (Lewis,
1986, Gelb, 1974)

and its error

Time update between observations :

Sopt” 2 opt opt sopt
X7 =BT, g Sttty xE ey Xty (6a)

popt” — opt” opt 7T A~ opt” opt
P =EP* +P Y E +Q., PX =P*",

=ha Tt

Observation update at time t, :

KOP=ROPY 40Pt (Y H, X0 )
k k k

- - 1 (6b)
t _popt T t g T
LM =POP H[ (Htth‘ip HI +Rtk) ,
opt _ opt opt™
PP =(I,-LPH, PP
Here 1, is the nxn identity matrix, Q,=G,Q,G/, YT [ytk Y?PT]
H;fk=[H(t1)T HET)T}, Ry, =diag[Ri) Rfk\])] and the matrices F,, G,, Q, and Ri‘k)

are defined in (1)-(3). Note that in the absence of observation Y, , the centralized predictor
includes two time update equations (5) and (6a), and in case of presence at time t=t, the
initial conditions x°pt and P°Pt for (5) computed by the observation update equations (6b).

Many advanced systems now make use of a large number of sensors in practical
applications ranging from aerospace and defence, robotics automation systems, to the
monitoring and control of process generation plants. Recent developments in integrated
sensor network systems have further motivated the search for decentralized signal
processing algorithms. An important practical problem in the above systems is to find a
fusion estimate to combine the information from various local estimates to produce a global
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(fusion) estimate. Moreover, there are several limitations for the centralized estimators in
practical implementation, such as computational cost and capacity of data transmission.
Also numerical errors of the centralized estimator design are drastically increased with
dimension of the state x, €R" and overall observations Y, eR™. In these cases the
centralized estimators may be impractical. In next Section, we propose two new fusion
predictors for multisensor mixed continuous-discrete linear systems (1), (3).

3. Two distributed fusion predictors

The derivation of the fusion predictors is based on the assumption that the overall
observation vector Ytk combines the local subvectors (individual sensors) yill( ,. ,yiN) , which
can be processed separately. According to (1) and (3), we have N unconnected" dynamic
subsystems (i=1,...,N ) with the common state x, and local sensor yi‘k) :

>'<t=F xt+G vy, t2tg,
y,(k xtk +w(l) 7)
k=1,2,..; teq>t >t, =0,

where i is the index of subsystem. Then by the analogy with the centralized prediction
equations (5), (6) the optimal local predictor >A<(t‘2 A based on the overall local observations
{ytl ) ,ytk} t, <t<t+A satisfies the following time update and observation update
equations:

KO=FELY, t, <s<trn, 18, =Y, ®)
P(u) F P(11)+P 11)FT+Q P(ll —P(u),

where the initial conditions ii‘k)

discrete Kalman filter equations

and its error covariance Pt(:) are given by the continuous-

Time update between observations :
=BV, f <ty 3O =0 (9a)
Pr(il) _F P(u) +P (i) FT+Q P (i) =P(u)

=t b

Observation update at time t :

D=3 410 (y DO )

ty tk

19 =p " (Ha)Pai)'H(i)T RO )'1 (9b)
te te b b te te) 7

Pi=(1,-LY 1Y )P
Thus from (8) we have N local filtering 0 =>A<gip and prediction %, =x@,,, estimates,
and corresponding error covariances P and P for i=1,..,N and t>t, . Using these
values we propose two fusion prediction algorithms.
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3.1 The fusion of local predictors (FLP Algorithm)

The fusion predictor Xii:n of the state x,, based on the overall sensors (2), (3) is
constructed from the local predictors )2?2 A, 1=1,..,N by using the fusion formula (Zhou et
al., 2006, Shin et al., 2006):

N N

FLP _ o ) _

Xt+A Z t1+)-A tlA’ ZagA_In/ (10)
i=1 i=1

1 N . . . . .
where all,,...,aY) are nxn time-varying matrix weights determined from the mean-

square criterion,

S @ 0 ’

1 1

Xt+A 'Z ApraXi+A
i=1

Jia =E (11)

The Theorems 1 and 2 completely define the fusion predictor Xi4 and its overall error
. FLP _ FLP -FLPy <FLP_ FLP

covariance Py cov(xt+A Xeed )r Xerh =Xprp “Xprn -

Theorem 1: Let XH_A, ,Xﬁg are the local predictors of an unknown state X, . Then

a.  Theweights all, ,...,a%) satisfy the linear algebraic equations

=

i
KA

aQA [PtH)A‘Pt:-IZ :| =0, zaHA_In' j=L,...N-1; (12)
i=1

b.  The local covariance PE\=cov(x®, x0,), X, =x %Y, satisfies (8) and local cross-

covariance PY) =cov(x),,z),), i# j describes the time update and observation update
equations:

PO =EPY +PUF +Q,, PY =P, t <1<ty

P=(1,+L HY )P0 (1,419 H(’) , t=t,, (13)

PO=FEPI+PIEI+Q,, PY, =PV, t, <s<trA;

te
c.  The fusion error covariance Pix is given b
: t+A 8 Yy

pFLP =
Peia zaHAPHAaHA (14)
ij=1

Theorem 2: The local predictors XUy,... X0\ and fusion predictor XILY are unbiased, ie.,

E(f(@)=E(xT) and E(xﬂf) E(Xua) for 0ST<t+A.

The proofs of Theorems 1 and 2 are given in Appendix.

Thus the local predictors (8) and fusion equations (10)-(14) completely define the FLP
algorithm. In particular case at N =2, formulas (10)-(12) reduce to the Bar-Shalom and
Campo formulas (Bar-Shalom & Campo, 1986):
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SFLP _ (1) o(1) 2 ¢
Xera TAprpAXprp TALAX A S

1) _[p2)_pl 1), p22)_p12)_pey T
agA _|:Pt(+A) _Pt(+A) :||:Pt(+A)+Pt(+A) _Pt(+A) _Pt(+A):| ’ (15)
-1
2) _[pay_p2 11), p(22)_p(2)_pE
a(t+)A _|:Pt(+A) 'Pt(+A) :||:Pt(+A)+Pt(+A) 'Pt(+A) - t(+A):| .
Further, in parallel with the FLP we offer the other algorithm for fusion prediction.

3.2 The prediction of fusion filter (PFF Algorithm)

This algorithm consists of two parts. The first part fuses the local filtering estimates

(N

ﬁﬁ) eee ,ﬁtk ). Using the fusion formula, we obtain the fusion filtering (FF) estimate

N N

SFF _ i) o (i i) _

5=y bI%Y, > =1, (16)
i=1 i=1

where the weights bﬁ),. . .,b?j) do not depend on lead A .

In the second part we predict the fusion filtering estimate f(ko using the time update

prediction equations. Then the fusion predictor Xi;, and its error covariance

PFE__ (~PFF -PFF\ <PFF_ GPFF .. . L
Perp =COV(Xpan Xien )r Xpen =XpenXpsp Satisfy the following equations:

4PFF _p; ¢ PFF PFF _¢ FF
Xg =EX, t Ss<tHA, Xy =X,

. - 17)
TR, P
Next Theorem completely defines the PFF algorithm.
Theorem 3: Let %ﬁl),...,ﬁiN) are the local filtering estimates of an unknown state x,. Then
k k
a.  The weights b(é),...,bgj) satisfy the linear algebraic equations
S O] pl)_piN) S ()
lebtk [P9-p =0, lebtk=ln, j=1,..,N-1; (18)
i= i=

b.  The local covariance Pt(kﬁ) and cross-covariance Pfkij) in (18) are determined by equations (9) and
(13), respectively;
c.  The initial conditions &ko and PiF in (17) are determined by (16) and formula
FF_ N B0 plip 0"
Ptk =zbtkptk btk 4
ij=1
respectively;
d.  The fusion predictor Xbra in (17) is unbiased, i.e,, E(Xbix )=E(Xsp) -
The proof of Theorem 3 is given in Appendix.

3.3 The relationship between FLP and PFF
Here we establish the relationship between the prediction fusion estimates Xix and Xiry
determined by (10) and (16), respectively.
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Theorem 4: Let &f}f and xfff be the fusion prediction estimates determined by (10) and (16),

respectively, and the local error covariances P , b <s<t+A, ij=1,..,N are nonsingular. Then
KD =LY for A >0. (20)

The proof of Theorem 4 is given in Appendix.
Remark 1 (Uniqueness solution): When the local prediction covariances PY) , ij=1,..,N are
nonsingular, the quadratic optimization problem (11) has a unique solution, and the wights
ag)A, ,al) are defined by the expressions (11). The same result is true for the covariance
t” and the weights b(1 b (Zhu et al., 1999, Zhu, 2002).
Remark 2 ( Computatlonal complexlty) According to Theorem 4, both the predictors FLP and
PFF are equivalent; however, from a computational point of view they are dlfferent To
predict the state x,,, using FLP we need to compute the matrix weights a?, ,...,a}) for
each lead A>0. This contrasts with PFF, wherein the weights bi),...,bgj) are Computed
only once, since they do not depend on the leads A . Therefore, FLP is deemed more
complex than PFF, especially for large leads.
Remark 3 (Real-time implementation): We may note that the local filter gains LY, the error
cross-covariances P, PY) , and the welghts al,, b?k) may be pre-computed, since they do
not depend on the current observations yt i=1,..,N, but only on the noises statistics Q,
and RY, and system matrices F,, G, Htl), which are part of the system model (1), (3).
Thus, once the observation schedule has been settled, the real-time implementation of the
fusion predictors FLP and PFF requires only the computation of the local estimates X\,
%9, i=1,..,N and final fusion predictors X1y and Xii. .
Remark 4 (Parallel implementation): The local estimates XV, x,, i=1,..,N are separated
for different sensors. Therefore, they can be implemented in parallel for various types of

observations y?), i=1,...,N.

4. Examples

4.1 The damper harmonic oscillator motion
System model of the harmonic oscillator is considered in (Lewis, 1986). We have

o<l © ! +° 0<t<t 21
Xt _mrzl_zaxtlvtr——f (21)

where x.=[x;, x5, ", and X1, is position, x,, is velocity, and v, is zero-mean white
Gaussian noise with intensity q, E(v,v,)=q0,,, xo~N(X,,P)) . Assume that the observation
system contains N sensors which are observing the position x; ;. Then we have

1) —pg @) 1)
Y, _ka X, +Wfk 4
: (22)
N) _77(N N) *
y=HMx, +wlV, 0=ty<t;<t,<..<t’,
where H?k) =[1 0], and w?k) , j=1,..,N are uncorrelated zero-mean white Gaussian noises
with constant variances '/, respectively.
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For model (21), (22), three predictors are applied: centralized predictor (CP) in (5), (6), FLP
n (10) and PFF in (16), (17). The performance comparison of the fusion predictors for
N=2,3 was expressed in the terms of computation load (CPU time T.p;) and MSEs,
P, a=E(X;saXi4a)°, Where X a=XTha, Xitia O Xitin, i=1,2. The model parameters,

noise statistics, initial conditions, and lead are taken to

®2=3, a=25, t'=3, q=5, r'V=3.0,r?=20, r¥=10,
%,=[10.0 0.0]", P,=diag[0.5 0.5], (23)
A=0.1~0.5 (sec), t-t;;=0.1.

Figs. 1 and 2 1llustrate the MSEs for position (x;), 1 A PlF i PlP t+s » and analogously for

velocity (x,), 2t+A , P2F i\ PZP Ty at N=2,3 and lead A =0.2. The analysis of results in
Figs. 1 and 2 show that the fusion predictors FLP and PFF have the same accuracy, i.e.,
PFE; PlPtF,rFA , and the MSEs of each predictor are reduced from N =2 to N =3. The usage of
three sensors allows to increase the accuracy of fusion predictors compared with the optimal

CP for two sensors ie PFEA (N=3) = I;EFA (N=3) < HA (N=2). Moreover the differences

between optimal P HA and fusion MSEs FE;, PI;EFA are small, especially for steady-state
regime. The results of numerical experiments on an Intel® Core 2 Duo with 2.6GHz CPU
and 3G RAM are reported The CPU time for CP, FLP, and PFF are represented in Table 1.
We find that although P, 1t+A and Pl I5 are equal (see Theorem 4), the CPU time TZh/ for
evaluation of the prediction x}jg '\ is 4~5 times less than T 3, for xftL,rPA Tl <T &) and
this difference tends to increase with increasing the dimension of the state n or the number
of sensors N. This is due to the fact that the PFF’s weights b(l) do not depend on the leads
A in contrast to the FLP’s weights at,r A - Also, since CPU time difference between CP and
PFF is negligible, PFF algorithm prefer to implement in real application rather than CP,

especially for distributed system or sensor network.

05 T T T T
o CP (2 sensors)
045] 4 CP (3 sensors) ]
’ % FLP & PFF (2 sensors)
= +  FLP & PFF (3 sensors)
S 04f g
2 035 .
=
= o3f .
E
202 u
0.2r q
. . . . |
0 05 1 15 2 25 3

Time t

Fig. 1. Position MSE comparison of three predictors at N=2,3and lead A =0.2.
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0.58 T T T T

o CP (2 sensors)
0871 & CP (3 sensors) H
% FLP & PFF (2 sensors)
= 056 + FLP & PFF (3 sensors) ||
E
2 ossf i
2 o) i
=
§ 053} |
3
- 082f J
0.51 |
0.5 L L L |

.
0 05 1 15 2 25 3
Time t

Fig. 2. Velocity MSE comparison of three predictors at N =2,3and lead A =0.2.

Number CPU time (sec
of sensors Lead A (sec) chzfu Tégﬁ Tglff;
0.1 0.172 0.826 0.185
0.2 0.298 1.475 0.310
N=2 0.3 0.384 1.863 0.405
04 0.500 2.552 0.550
0.5 0.656 3.137 0.691
0.1 0.187 1.024 0.200
0.2 0.305 1.743 0.340
N=3 0.3 0.452 2.454 0.471
0.4 0.602 3.306 0.621
0.5 0.754 4.203 0.776

Table 1. Comparison of CPU time at N=2,3 and A=0.1~0.5

4.2 The water tank mixing system

Consider the water tank system which accepts two types of different temperature of the
water and throw off the mixed water simultaneously (Jannerup & Hendricks, 2006). This
system is described by

00139 0 0 1
= 0  —00277 0 |x,+|1|v, £20, (24)
0 01667 -0.1667 1

where x; =[xy, x,; x3rt]T and x,, is water level, x,, is water temperature, x;, is sensor
temperature, and v, is a white Gaussian noise with intensity ¢, E(v,v,)=q0d,_,,
Xy ~N(xy,P,) . The measurement model contains two sensors (N = 2) which sense water
level. Then we have
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yP=[1 0 0]x, +w, 0=ty<t;<t,<.<t’, =12, (25)

W and w!? are uncorrelated white Gaussian sequences with zero-mean and

where w, )
k
o CP
®  FLP & PFF

constant intensities ) and @, respectively.

Prediction MSEs of water level

! ! !
05 1 15 2 25 3
Time t

Fig. 3. CP, FLP and PFF MSEs for water level at lead A =0.2s

7

—a4—CP
6| —=—FLP
—&— PFF

Computation time (gec)
ta A tr

]

i f L L L L
0.05 01 015 02 0.25 0.3 03 04 0.45 05

Lead A (sec)

Fig. 4. Computational time of water tank mixing system using 3 predictors at leads
A=0.05,0.1,...,0.5s.

The parameters are subjected to g=1, = 2, r® = 1, t =3, X=[1 1 O]T,
Py =diag[0.7 0.7 0.1], t,-t,4=0.1, A=0.05~0.5. Fig. 3 illustrates the MSEs of the water
level Plcf A PlFl LP and Pf FI atlead A =0.2. As we can see in Fig. 3 the CP is better than the
fusion predictors and the fusion MSEs for water level (x;) of FLP and PFF are equal, i.e.,
plc’ﬂ A< pf}f = pll”ff - The CPU times for CP, FLP and PFF are represented in Fig. 4, where it
is shown that FLP requires considerably more CPU time than PFF, but CPU time of PFF is
similar to CP.

Thus, from Examples 4.1 and 4.2 we can confirm that PFF is preferable to FLP in terms of
computation efficiency.
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5. Conclusions

In this chapter, two fusion predictors (FLP and PFF) for mixed continuous-discrete linear
systems in a multisensor environment are proposed. Both of these predictors are derived by
using the optimal local Kalman estimators (filters and predictors) and fusion formula. The
fusion predictors represent the optimal linear combination of an arbitrary number of local
Kalman estimators and each is fused by the MSE criterion. Equivalence between the two
fusion predictors is established. However, the PFF algorithm is found to more significantly
reduce the computational complexity, due to the fact that the PFF’s weights b(‘) do not
depend on the leads A >0 in contrast to the FLP’s weights atJr A

Appendix

Proof of Theorem 1

(a), (c) Equation (12) and formula (14) immediately follow as a result of application of the
general fusion formula [20] to the optimization problem (10), (11).

(b) In the absence of observations differential equation for the local prediction error
%0 = x X takes the form

xW=x_x0=F x® +G v, (A1)
Then the prediction cross-covariance PW=E(x¥x (] associated with the X? and x¥
satisfies the time update Lyapunov equation (see the first and third equations in (13)). At

t=t the local error xiz can be written as

t tk

%0 =x, 20=x, 0 [yu) -HORO } X0 [ngtk +wl) HORY } - (1 19 Hu)) 0Owd. (A2)
Given that random vectors xi) , Wti and w?) are mutually uncorrelated at i+ j, we obtain
k k k
observation update equation (13) for Pt(i")=E(>”<(')>”<G) ) .
k

This completes the proof of Theorem 1.
Proof of Theorem 2
It is well known that the local Kalman filtering estimates X are unbiased, i.e.,, E(x)=E(x,)
or E(x(l))—E(x B )—0 at 0<t<t,. With this result we can prove unbiased property at
ti <T<t+A. Using (8) we obtain

=5 XV=FExV+Gv,, 3, =%, t <t<t+a, (A3)
or

SE(x0)=RE(x?), B(xY, )=B(x)=0, t <T<t+A. (A4)
Differential equation (A.4) is homogeneous with zero initial condition therefore it has zero
solution E(x9)=0 or B(V)=E(x,), t, <T<t+.

Since the local predictors %gﬂ A, 1=1,.,N are unbiased, then we have

( ﬂ{) gaHA ( ) |:Zat+A:| Xt+A E(Xt+A)- (A.5)
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This completes the proof of Theorem 2.

Proof of Theorem 3

a., ¢. Equations (18) and (19) immediately follow from the general fusion formula for the
filtering problem (Shin et al., 2006)

b. Derivation of observation update equation (13) is given in Theorem 1.

d. Unbiased property of the fusion estimate X; is proved by using the same method as in
Theorem 2.

This completes the proof of Theorem 3.

Proof of Theorem 4

By integrating (8) and (17), we get

30, =0(t+At )X j, i=1,..,N, XER=0t+AL )X, (A.6)

where @(t,s) is the transition matrix of (8) or (17). From (10) and (16), we obtain

N N
Af}g—ZaHAxH =Y ay, O Ot+A L )X () ZA(IL,AX()
=1 (A7)
K =P(t+A L)X = ZCDHAt bx = ZBttk Y,
where the new weights take the form:
Al a=al O(thAY ), BY L =0(t+AL)bY. (A8)

Next using (12) and (18) we will derive equations for the new weights (A.8). Multiplying the
first (N-1) homogeneous equations (18) on the left hand side and right hand side by the
nonsingular matrices @ (t+A,tx) and ®(t+A,t)T, respectively, and multiplying the last non-
homogeneous equation (18) by ®(t+A,tx) we obtain

N
> o(t+a k)b [POPMN o (t+a k)" =0, j=1,...N-1;

1;1 (A9)
Zl: O(t+A 4 bl =D(H+A ).
Using notation for the difference SPUN=PW.PM™N  we obtain equations for
B(It s 1=1,..,N such that
N N . N
Y B ABPINVD (AL ) =0, j=1,.. N-1; D BY  =O(tAL). (A.10)
i=1 i=1
Analogously after simple manipulations equation (12) takes the form
Zat+A<D (et ) (k)| PEL-PEY |= ZA<1 o(t+A L) 5PIN=0,
i1 (A11)

N
Za D O(t+AL) =ZA A=D(tHAL).
i=1
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or

. N
ZAS{ QAL )T EPIN=0, j=1,.,N-1; S AN =0(t+AL). (A12)
i=1

As we can see from (A.10) and (A.12) if the equality
SPIND(t+A L) =0 (t+A L, )" 5PHY (A13)

will be hold then the new weights A . and Btt a satisfy the identical equations. To
show that let consider differential equat10n for the difference sPIN =pi)_piN  Using (13)
we obtain the Lyapunov homogeneous matrix differential equation

SPIN=PD-pMN =E, (PD-PMN ) +(PH-PIN ) E <E 5PN +6PINVE!, 1 <s<t+A, (A14)
which has the solution
SPIV=0(t+A4, ) 5PN (AL, ) (A15)

By the nonsmgular property of the transition matrix ®(t+A,t,) the equality (A.13) holds,
then A(1 =B ‘t »»and finally using (A.7) we get

N

Xien =D AL ZBH WX =K (A16)
i=1

This completes the proof of Theorem 4.
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1. Introduction

We consider discrete-time linear stochastic systems with unknown inputs (or disturbances)
and propose recursive algorithms for estimating states of these systems. If mathematical
models derived by engineers are very accurate representations of real systems, we do not
have to consider systems with unknown inputs. However, in practice, the models derived by
engineers often contain modelling errors which greatly increase state estimation errors as if
the models have unknown disturbances.

The most frequently discussed problem on state estimation is the optimal filtering problem
which investigates the optimal estimate of state x; at time f or x; 1 at time f 4 1 with minimum
variance based on the observation Y; of the outputs {yo,y1, -, y:}, ie, Yo = o{ys,s =
0,1,---,t} ( the smallest o-field generated by {yo,y1, -, vt} (see e.g., Katayama (2000),
Chapter 4)). It is well known that the standard Kalman filter is the optimal linear filter in
the sense that it minimizes the mean-square error in an appropriate class of linear filters (see
e.g., Kailath (1974), Kailath (1976), Kalman (1960), Kalman (1963) and Katayama (2000)). But
we note that the Kalman filter can work well only if we have accurate mathematical modelling
of the monitored systems.

In order to develop reliable filtering algorithms which are robust with respect to unknown
disturbances and modelling errors, many research papers have been published based on the
disturbance decoupling principle. Pioneering works were done by Darouach et al. (Darouach;
Zasadzinski; Bassang & Nowakowski (1995) and Darouach; Zasadzinski & Keller (1992)),
Chang and Hsu (Chang & Hsu (1993)) and Hou and Miiller (Hou & Miiller (1993)). They
utilized some transformations to make the original systems with unknown inputs into some
singular systems without unknown inputs. The most important preceding study related to
this paper was done by Chen and Patton (Chen & Patton (1996)). They proposed the simple
and useful optimal filtering algorithm, ODDO (Optimal Disturbance Decoupling Observer),
and showed its excellent simulation results. See also the papers such as Caliskan; Mukai; Katz
& Tanikawa (2003), Hou & Miiller (1994), Hou & R. J. Patton (1998) and Sawada & Tanikawa
(2002) and the book Chen & Patton (1999). Their algorithm recently has been modified by the
author in Tanikawa (2006) (see Tanikawa & Sawada (2003) also).

We here consider smoothing problems which allow us time-lags for computing estimates of
the states. Namely, we try to find the optimal estimate £;_; /; of the state x;_r based on the
observation Y; with L > 0. We often classify smoothing problems into the following three
types. For the first problem, the fixed-point smoothing, we investigate the optimal estimate
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Ry ¢ of the state x; for a fixed k based on the observations {Y;,t = k+1,k+2,- - - }. Algorithms
for computing £/, t = k+1,k+2,---, recursively are called fixed-point smoothers. For
the second problem, the fixed-interval smoothing, we investigate the optimal estimate £,y
of the state x; at all times t = 0,1,---,N based on the observation Yy of all the outputs
{yo,y1,- - ,yn}. Fixed-interval smoothers are algorithms for computing £;,n,t =0,1,--- ,N
recursively. The third problem, the fixed-lag smoothing, is to investigate the optimal estimate
%1+ of the state x;_;, based on the observation Y; for a given L > 1. Fixed-lag smoothers
are algorithms for computing £, j ,;,t = L+1,L +2,- -, recursively. See the references such
as Anderson & Moore (1979), Bryson & Ho (1969), Kailath (1975) and Meditch (1973) for early
research works on smoothers. More recent papers have been published based on different
approaches such as stochastic realization theory (e.g., Badawi; Lindquist & Pavon (1979) and
Faurre; Clerget & Germain (1979)), the complementary models (e.g., Ackner & Kailath (1989a),
Ackner & Kailath (1989b), Bello; Willsky & Levy (1989), Bello; Willsky; Levy & Castanon (1986)
Desai; Weinert & Yasypchuk (1983) and Weinert & Desai (1981)) and others. Nice surveys can
be found in Kailath; Sayed & Hassibi (2000) and Katayama (2000).

When stochastic systems contain unknown inputs explicitly, Tanikawa (Tanikawa (2006))
obtained a fixed-point smoother for the first problem. The second and the third problems
were discussed in Tanikawa (2008). In this chapter, all three problems are discussed
in a comrehensive and self-contained manner as much as possible. Namely, after some
preliminary results in Section 2, we derive the fixed-point smoothing algorithm given in
Tanikawa (2006) in Section 3 for the system with unknown inputs explicitly by applying the
optimal filter with disturbance decoupling property obtained in Tanikawa & Sawada (2003).
In Section 4, we construct the fixed-interval smoother given in Tanikawa (2008) from the
fixed-point smoother obtained in Section 3. In Section 5, we construct the fixed-lag smoother
given in Tanikawa (2008) from the optimal filter in Tanikawa & Sawada (2003).

Finally, the new feature and advantages of the obtained results are summarized here. To the
best of our knowledge, no attempt has been made to investigate optimal fixed-interval and
fixed-lag smoothers for systems with unknown inputs explicitly (see the stochastic system
given by (1)-(2)) before Tanikawa (2006) and Tanikawa (2008). Our smoothing algorithms have
similar recursive forms to the standard optimal filter (i.e., the Kalman filter) and smoothers.
Moreover, our algorithms reduce to those known smoothers derived from the Kalman filter
(see e.g., Katayama (2000)) when the unknown inputs disappear. Thus, our algorithms are
consistent with the known smoothing algorithms for systems without unknown inputs.

2. Preliminaries

Consider the following discrete-time linear stochastic system for t = 0,1,2,- - - :

Xip1 = Arxp+ Brup + Erdy + 1)
yt = Crxp +11, 2)
where
xt € R" the state vector,

yr € R" the output vector,
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uy € R” the known input vector,
p

d; € RY the unknown input vector.

Suppose that {; and #; are independent zero mean white noise sequences with covariance
matrices Q; and R;. Let Ay, By, C; and E; be known matrices with appropriate dimensions.

In Tanikawa & Sawada (2003), we considered the optimal estimate £, 1,;,1 of the state x; 4
which was proposed by Chen and Patton (Chen & Patton (1996) and Chen & Patton (1999))
with the following structure:

zp41 = Frprze + T Beue + Ky e, 3

Rep1/e41 = Zep1 T Hepr v, 4)

fort =0,1,2,--- . Here, £y, is chosen to be zj for a fixed zy. Denote the state estimation error
and its covariance matrix respectively by e; and P;. Namely, we use the notations e; = x; — £, 4
and P; = E{e; etT} fort =0,1,2,--- . Here, E denotes expectation and T denotes transposition
of a matrix. We assume in this paper that random variables ey, {#: }, {{;} are independent. As
in Chen & Patton (1996), Chen & Patton (1999) and Tanikawa & Sawada (2003), we consider
state estimate (3)-(4) with the matrices F; 1, Ty+1, Hy+1 and K;yq of the forms:

Kip1 = Kipq +Kiyy, )
Et = Hy1Cir B, (6)
Ti1=1—Hp1 Cryn, 7)
Froq = Ay — Hy Cyq Ay — Ki 1 G, (8
K} 1 = Fry1 He. ©)

The next lemma on equality (6) was obtained and used by Chen and Patton (Chen & Patton
(1996) and Chen & Patton (1999)). Before stating it, we assume that Ej is a full column rank
matrix. Notice that this assumption is not an essential restriction.

Lemma 2.1.  Equality (6) holds if and only if
rank (Cyyq Et) = rank (Ey) . (10)
When this condition holds true, matrix Hy 1 which satisfies (6) must have the form
- T -1 T
Hypr = E {(Ct+1 Er)" (Cra Et)} (Cre1Er)" (11)
Hence, we have
- T -1 T
Cit1Hpp1 = G By {(Ct+1 Er)" (Cina Et)} (Ci1 Er) (12)

which is a non-negative definite symmetric matrix. 1
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When the matrix K}, ; has the form

t+1
-1
K, = AL, (pt T — H Rt> (ct P CT + Rt> , (13)
Afyy = Ay —Hpp1 G Ay, (14)

we obtained the following result (Theorem 2.7 in Tanikawa & Sawada (2003)) on the optimal
filtering algorithm.

Proposition 2.2.  If C; Hy and R; are commutative, i.e.,
CtHi Ry = Ry Cy Hy, (15)

then the optimal gain matrix K} 1 Which makes the variance of the state estimation error e; 1 minimum
is determined by (13). Hence, we obtain the optimal filtering algorithm.:

17001 = Alpr (R0 + Ge (v — Ce2iye)} + Hegr Yepa + Tea Brus, (16)
Pig = A M A}HT + Typ1 Qe Tea” + Hyg1 Rer Hega ' 17)
where
Gy = (Pt T — H; Rt) (Ct PGt + Rt) _1, (18)
and
M; = Py — Gy (Ct Py — Ry HtT) : (19)
[ |

Remark 2.3.  If the matrix R; has the form
Rt =Tt I

with some positive number r; foreach t = 1,2, - - -, then it is obvious to see that condition (15)
holds. 1

Finally, we have the following proposition which indicates that the standard Kalman filter is
a special case of the optimal filter proposed in this section (see e.g., Theorem 5.2 (page 90) in
Katayama (2000)).

Proposition 2.4.  Suppose that E; = O holds for all t (i.e., the unknown input term is zero). Then,
Lemma 2.1 cannot be applied directly. But, we can choose Hy = O for all t in this case, and the optimal
filter given in Proposition 2.2 reduces to the standard Kalman filter. ]

3. The fixed-point smoothing

Let k be a fixed time. We study an iterative algorithm to compute the optimal estimate £ /; of
the state x; based on the observation Yy, t = k+1,k+2,---, with Y; = 0{ys,s =0,1,--- , t}.
We define state vectors 0y, t = k,k+1,--- , by

9t+1:6t/ t=kk+1,---; O = Xg- (20)
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It is easy to observe that the optimal estimate 6, /1 of the state 6; based on the observation Y;
is identical to the optimal smoother £ /; in view of the equalities 6; = xj, t =k k+1,---.
In order to derive the optimal fixed-point smoother, we consider the following augmented

system fort =kk+1,---:
Xt+1 At O Xt Bt Et 1
] =167 [5] + [o] v [6] 4+ o] o @

X
Yir1 = [Ciy1 O] {gtﬂ} + 141 (22)
t1

Denote these equations respectively by

X1 = A%+ Brug + Evdi + i 8, (23)

o~

Yir1 = Cro1 X1 + g1, (24)

o= o) 2= 16%) A= [o] 5= 5] 7= o]

and CH—l = [Ct-H O] .

where

Here, I and O are the identity matrix and the zero matrix respectively with appropriate
dimensions. By making use of the notations

— [H — [I10] —~——
Hpp = { gl} ; T = {O I} — Hi11Cryq,
we have the equalities:

Ti41 O

— _ Al -0
Ciy1Et =Ci1 B, Ty = { o I } .

}, A%+1:Tt+1At:{ 81 I

We introduce the covariance matrix P; of the state estimation error of the augmented system

(23)-(24):
1,1)

o . 1T
At o] e { [ [ o
Pt(z’l) sz’z) Or =01/t | [0 =61
Notice that Pt(l’l) is equal to P;. Applying the optimal filter given in Proposition 2.2 to the
augmented system (21)-(22), we obtain the following optimal fixed-point smoother.

Theorem 3.1.  If C; Hy and R; are commutative, i.e.,
CtHy Ry = Ry Ct Hy, (26)

then we have the optimal fixed-point smoother for (21)-(22) as follows:
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(i) the fixed-point smoother

B/t1 = Ryt + Delk) [ye = Ce 24, 27)
(ii) the gain matrix

2,1 -1
Dy (k) = Pt( Vet <Ct PG+ Rt) , (28)
(iii) the covariance matrix of the mean-square error
21 21 21 -1 T
Pt(+’1) = {Pt( 1) _ Pt( DT <Ct by CtT+Rt) <Ct Py — Ry HtT>}A}+1 , (29)
22 22 21 -1 2T
Pt(+’1) = Pt( 2) _ Pt( . )CtT <Ct P CtT—‘rRt) Cy Pt( A) . (30)
21 22 . L N .
Here, we note that P,”"’ = P,”"" = P. We notice that %, ; is the optimal filter of the original system

(1)-(2) given in Tanikawa & Sawada (2003).

Proof Applying the optimal filter given by (16)-(17) in Proposition (2.2) to the augmented
system (23)-(24), we have

_— ——1 (= = —— —
Xegp1/t41 = Artl {xt/t + Gt (yt -G xt/t) } + Hip1yi01 + Tip1 Brug (31)

This can be rewritten as

N N 1,1
{)ffﬂ/tﬂ} — {A}H O} {{t/t} n P e — iR,
Ot 417641 O 1 Ot/ Pt(z’l) Tt

-1 H, T,x1 B
X (Ct Pf CtT +Rt> (yf o Ct ft/t)} + |: t+1oyt+1:| 4 |: t+1o t ut:| .

Thus, we have

. R 1,1 -1 R
fer1/601 = Abp {xt/t + (Pt( e - Hth> (Ct PGt + Rt) (ye — Cy xt/t)}
+Hi 1Y + Tip1 Brug (32)

and
A A -1
B =0+ PPV CT (CIRCT+R) (= Citgn). (33)

Here, we used the equalities

(11) 5(12) T
~ ~ ~T - P, P, Ct
CiPCt + R = [Ct O] p21) p(22) { 0 } TRy

=C P CtT + Ry (34)
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and

B
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Ct ~ 5T -1
— Hi Ry <Ct e +Rt>

G- (13 :
(5] [2]8) e ony”

(s

{ Ve, T H, R,
t( )CtT

Thus, equalities (27)-(28) can be obtained from (33) due to 0, 7t = X/

(ct PCT + Rt>71

(35)

By using the notation M; for the augmented system (23)-(24)which corresponds to the matrix

M; in Proposition (2.2), we have

o Mt(l,l) Mt(l,z)
t= M§2,1) MEz,z)

— 5 -G (GB & [HT O])
(11) p(12) (1) ~T -
pt pt Pt Ct' — Hi Ry T 1
- - CtPC" +R
[Pt(z,l) Pt(z,z)} { Pt(2,1) o7 ( t £ Cy t)

L) p12)

P p

X ([Ct Ol | fan me)] — [ReET o]) :
t t

Thus, we have

M = b - (P e mR) (CmCT R (M - ReHLT),

-1
M = PP — (MY ¢ — Hi R )(ctptct Ri) cpt?,

MPY = pPY _pPUCT (G pCT 1 R) T (CpM - ReHT),
and 1
M,fz’z) _ Pt(z’z) _ Pf(z,l) cr (Ct PcT + Rt) C Pt(LZ)'

It follows from (17) in Proposition 2.2 that

— T

P — —_ —T — — ——T
_ 1 1

Py =AM Ay + Trva Je41 Qe Je+1 et + Hepr Ren He

11) 5 ,(1,2)

[A 0] [0 ] [ty
o 1 M My o I

[T 916 entror [T 9]

+ {Hgl} Ry [Ht+1T O} .

(36)
(37)

(38)

(39)

(40)
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Equalities (29)-(30) follow from (38)-(40). Finally, we have equalities Plgz’l) = PISZ’Z) = PIEM) =

Py by the definition of Py. ]
We thus have derived the fixed-point smoothing algorithm for the state-space model which
explicitly contains the unknown inputs. We can indicate that the algorithm has a rather simple
form and also has consistency with both the Kalman filter and the standard optimal smoother
derived from the Kalman filter as shown in the following remark.

Remark 3.2.  Suppose that E; = O holds for all ¢ (i.e., the unknown input term is zero) and
that H; = O for all t(as in Proposition 2.4). In this case, it follows from Theorem 3.1 that

—1

Rer1/t01 = At {ft/t + P T (Ct PGt + Rt) (vt — Gt Jet/t)} + Bruy, (41)

. . 1
Orp1/e41 = Oy + Pt(z'l) o <Ct PG+ Rt) (e —Ct ¢t), (42)

1
Pt(ill) = {Pt(zrl) - Pt(z'l) cr <Ct P CT +Rt> Ci Py }AtT, (43)
and (2,2) (2,2) 1) ~ T T -1 enT

pZ2) — p>? _plh ¢, (ct Pt + Rt) c PV (44)

Here, we note that the state estimate £, 1 /441 reduces to the state estimate £, ; in Katayama
(2000) when H; = O holds. Moreover, Equalities (37)-(40) with the state estimates £;1 /411
and £;,; replaced respectively by £;,,,; and £;,;_; are identical to those for the pair of the
standard Kalman filter and the optimal fixed-point smoother in Katayama (2000). Thus, it has
been shown that this algorithm reduces to the well known optimal smoother derived from
the Kalman filter when the unknown inputs disappear. This indicates that our smoothing
algorithm is a natural extension of the standard optimal smoother to linear systems possibly
with unknown inputs. ]

Let us introduce some notations:

vp =y — C; ft/t/ (45)

Li=Aj,(I-GC), (46)
Ly qaLyp- Ly, t>1

¥(t, 1) = (47)
1 , =1,

where the matrix G; was defined by (18), i.e.,
-1
Gy = (Pt CtT — H; Rt> (Ct Py CtT + Rt> . (48)

We then have the following results due to (27).

Corollary 3.3.  We have the equalities:

t t 1
N N A . T
fesi1 = 2k + Y Di(k)v = R+ P Y ¥ (i, k) T (CiPiCiT + Ri) Vi (49)
i<k ik



New Smoothers for Discrete-time Linear Stochastic Systems with Unknown Disturbances 61

Proof 1t is straightforward to show the first equality from (27). For the second equality, it is
sufficient to prove the equality

-1
Di(k) = P¥ (LK) T (C P CT +Ry) (50)
for t > k. By virtue of (46), equality (29) can be rewritten as
(21)

, 2,1 T 2,1
pV — p=D (1 4T GHT) At =p®Ur, T (51)

By using this equality recursively, we have

2,1 2,1 21
Pt< ) — Pt<—2) Ltsz Lt—lT — e = P]E ) LkT Lk+1T e Lt_lT

= P ¥ (40" (52)
Substituting this equality into (28), we obtain
-1
Di(k) = P¥(LK) T (CP G +Re) (53)
ie., (50). 1

Finally, we study the reduction of the estimation error by the fixed-point smoothing over the
optimal filtering. Due to (27), we have

Pt(2r2) —E [(xk — Riyt) (3 — ﬁk/f)T] ’ °

Denote this matrix simply by Py ;. It then follows from (30) that

21 -1 et
Pk/t+l = Pk/t — Pt( . )CtT (CtPtCtT—‘r Rt> CtPt( A) . (55)

Summing up these equalities for t = k,k+1,---,s, we have

1

° (21 -1 21T
Pej— Pesoin = Y PPVc,T (CiPiCiT +Ri> cp*Y . (56)
i=k

Thus, the right hand side indicates the amount of the reduction of the estimation error by the
fixed-point smoothing over the optimal filtering.
4. The fixed-interval smoothing

We consider the fixed-interval smoothing problem in this section. Namely, we investigate the
optimal estimate £, of the state x; atall times t = 0,1, - - - , N based on the observation Yy of
all the states {yo,y1,- - - , YN }- Applying equality (49), we easily obtain the following equality.

Lemma 4.1.  The equality

~ ~ T —1 /a ~
RN = R0+ Pl Poyr (RN — Rep/e41) (57)
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holds fort =0,1,--- ,N — 1. 1
Proof Using the notation

. T T -1

7 =GT (CPCT+R) v, (58)
we have

t
Resie1 = sk + P Y ¥ (1K) (59)
i=k

for k < t due to (49). In view of (59) , we also have
d T d T
J?k/tH = J?k/k + Pk V~k + Pk Z ‘Y(l,k) 171‘ = 'fk/k+l =+ Pk 2 lIj(l, k) 17,‘ (60)
i=k+1 i=k+1
for k+1 < t. Putting t +1 = N and k = t + 1 in equality (59), we have
N—-1 T
RN = Repay001 T P Y, Y E+1) 7 (61)
i=t+1

Putting t +1 = N and k = t in equality (60), we have

N-1 N-1

o o - N\T ~ o . T~

Xi/N :xt/t+1+Pt Z 1F(Z,i’) Vi = X¢/441 +PtLtT 2 T(I,t+1) vj. (62)
i=t+1 i=t+1

Substituting (61) into (62), we have

o s T 14 o
/N =21+ PeLe Poyr (RN — Reprye41) -

The above derivation is valid for t = 0,1,---,N — 2. It is easy to observe that equality (57)
also holds fort = N — 1. 1
It is a simple task to obtain the following Fraser-type algorithm from (57).

Theorem 4.2.  We obtain the fixed-interval smoother

£/N = Ztye41 + PrLeT Mg, (63)

-1
A = LtT/\H-l + CtT (CtPtCtT+Rt) V. (64)
fort=N—-1,N—-2,---,1,0. Here, we have Ay = 0. I

Proof Fort=0,1,---,N, we put
A =Pt (RN — Rip1) - (65)

We then have Ay = 0. Substituting (65) into (57), we obtain equality (63). Then, by utilizing
(63) and (65), we have

Ar=P! (ft/t+1 + P LT Ay — ft/t) . (66)

In view of the equality
Re/141 — Xy = Pr (67)
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which follows from (27) in Tanikawa & Sawada (2003), we obtain
At = LT Apyr + 1
-1
=LA+ T (CtPtCtT+Rt) v, (68)

Thus, we proved (64). 1

Remark 4.3.  When E; = O holds for all £ (i.e., the unknown input term is zero), we shall see
that fixed-interval smoother (63)-(64) is identical to the fixed-interval smoother obtained from
the standard Kalman filter (see e.g., Katayama (2000)). Thus, our algorithm is consistent with
the known fixed-interval smoothing algorithm for systems without unknown inputs. This
can be shown as follows. Assuming that E; = O, we have H; = O fort = 0,1,--- , N (see
Propositin 2.4). Note that in (59), i.e.,

t
A A~ . T ~
Resep1 = R+ Pe Y Y0 k) 7
i—k

Rk/t+1 and £/ respectively reduce to %;,; and £ /r_1 which are respectively the optimal
smoother and the optimal filter obtained from the standard Kalman filter. Then, the above
equality is identical to (7.18) in Katayama (2000). Since the rest of the proof can be done in the
same way as in Katayama (2000), we obtain the same smoother. 1

5. The fixed-lag smoothing

We study the fixed-lag smoothing problem in this section. For a fixed L > 0, we investigate
an iterative algorithm to compute the optimal state estimate £,_| /; of the state x;_j based on
the observation Y;.

We consider the following augmented system:

Xt41 At O...0 Xt Bt Et I
Xt I O...0 Xt O O (@)
) = . e B 7 S O I P S R (69)
Xp—L+1 O I O Xi—L O O (@)
Xt41
Xt
Y41 = [Cr41 O ... O] : + 741 (70)
Xt—L+1

Denote these equations respectively by

X1 = Ac %+ Brug + Erdi + 11 G, (71)

—

Yirr = Crp1 X1 + i1, (72)
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where
Xt At O...0 Bt Et

va.| _ |r1o..ol _ |o|l _ o

5{1’ = s Ai’ - ’ Bt - ’ Ei’ - ’
Xf_L (@) I O (@) (@]
I

- O ——

]t = : and CH—l = [CH—l O ... O} .
(0]

Here, I and O are the identity matrix and the zero matrix respectively with appropriate
dimensions. By making use of the notations

Hip
— @) _ e
Hipr =1 . and Ty = I — Hppq Crp,
O
we have the equalities:
Ei
— o]
Ct+1Et:[Ct+1 O O] : :Ct+1Ef/
o]
Hi1 ] T,10...0
. O O I...0
Tipp=I-] . |[Ct1 O ... O]= . /
O | O O...1
(T4,10...07 [A; O ...O Al,0...0
. oOI1..0||10..0 I 0..0
Al =T A= . N - .
L O O... 1 O I O o] I O

We introduce the covariance matrix P; of the state estimation error of augmented system
(71)-(72):
xt—ft/t xt—ft/t
~ Xe—1— %o | | Xe—1— Rpo1gs
P =E . . . (73)

Xep =Xyl Lxe—L— %
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By using the notations

T
P it jsr=E {(xt—i —%—i/t) <xt7j - Jet—j/t) },
Prije = Prit—ist,

we can write
Py Pii 1yt oo Pri—ry
_ Pi_1pt Py s Peoag—rgt

S (74)

Prpst Popp—1/t - Propst
Here, it is easy to observe that P;,; = P; holds. We also note that
~~ T
CiPCt +Ri=CiPyCT + Ry (75)
From now on, we use the following notation for brevity:
Cr:=C PG + Ry (76)

Applying the optimal filter given in Proposition 2.2 to augmented system (71)-(72), we have

Xii1)i41 = A}H {ft\//t + Gt (yt -G J?t‘\//t) } + Hyy1 Y41 + Te1 Brug, (77)

where
Piyi C" — H Ry

T
— ~ ~T —~ -~ ~ ~T -1 Ptfl,t/tct — 1
Gy = (Pt C; — H; Rt> (Ct Py C +Rt> = . Ct . (78)
PG

Identifying the component matrices of (77)-(78), we have the following optimal fixed-lag
smoother.

Theorem 5.1.  If C; Hy and Ry are commutative, i.e.,
CtHi Ry = Ry Ct Hy, (79)

then we have the optimal fixed-lag smoother for (1)-(2) as follows:
(i) the fixed-lag smoother

Ri—jser1 = Xe—jse + Se(7) (e — Ce 2ey1) (j=01--,L-1), (80)
(ii) the optimal filter
fr1/041 = Aty {26+ G (v — Cr 2/0) } + Higayia + Tea Beug, (81)

with Gy defined by (18) in Proposition 2.2,
(iii) the gain matrices

. 1 .
S(j) = (Pe—jure &7 — G0 Hi R:) Tt (j=01---,L-1), (8
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where 51’,]‘ stands for the Kronecker’s delta, i.e.,

s={o e <83>

(iv) the covariance matrix of the mean-square error
Piy1/ip1 = Al Mt(o'o) A}HT + Ty1 Qe Tra ! + His1 Rer Hep ' (84)
Prirpjesn = At M%7 (j=01---,L=-1), (85)
Prjii1/e41 = (Pt+1,t—j/t+1>T (j=01,---,L—-1), (86)
Pripjyrr1= Mﬁi’” (i,j=0,1,---,L=1), (87)

and

y — 1
Mgl]) = Prip—jsr— <Ptfi,t/tCtT — do,i Ht Rf) Ct (Ct Pri—jst = 0j Re HtT)
(4,j=0,1,---,L). (88)

Remark 5.2.  Since the equalities
Py = P (inProposition2.2)

and
MEO’O) = M; (inProposition2.2)

hold, the part of the optimal filter in Theorem 5.1 is identical to that in Proposition 2.2. When
E; = O holds for all t (i.e., the unknown input term is zero), we shall see that fixed-lag
smoother (80)-(88) is identical to the well known fixed-lag smoother (see e.g. Katayama (2000))
obtained from the standard Kalman filter. Thus, our algorithm is consistent with the known
fixed-lag smoothing algorithm for systems without unknown inputs. This can be readily
shown as in Remark 4.3. ]

Proof of Theorem 5.1 Rewriting (77)-(78) with the component matrices explicitly, we have

AL, {ft/t + (Pt/tCtT - Hth) C - tht/f)}

xtjl/tJrl R T 7 4 A
Re/41 Ryt (Pt/t Gt —Hy Rt) Cr (vt = G2yt
¢ ) 21 .

e/t | = R 1+ P11 CICe (e — Crtyyp)

Bory1/e01

~ ' 7= —1 N
L R—ry1/e + PG G (e — Crfeye)

Hit1Yeg1+ Tip1 Brug
O

+ o . (89)

O
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The statements in (i)-(iii) easily follow from (89).

Let ]\E be defined by

M; =P,

~ Gt <C~tﬁt—RtﬁtT>

[Py/iCe" —Hy Ry]

T
Py 14/¢C

T
L Pt G

T _
—| PeanC |Gt

[Py/¢C" —Hi Ry
Pi141CeT

T
P o4/t C

T
L PG

We also introduce component matrices of M; as follows:

M; =

Concerning Py 1, we have

e~

M(O'O)A}_HT M(O,O)

t t t

t t t

_MEL,O) MEL,l) MgL

e~

N — P T — T —— —
Py = A Mi ALy + T )i Qe T + Hip1 Reyn Hip

t+1 1770t

t

— M(er)Al T Mglro)

T (L—1,0)
A}+1 M; M
O
+ O
L O

00 g0 pg02)
MO0y (1)
M0 32D )

2)

t

(L—1,1)

- MO

M

T

[Al MOl T al MO Al MmO Al MO

17"t 17"t
MmOV MO
Y R Vi

MEL—l,L—l)

[Ti41Q¢ i1 ™+ Hy1Rpp1Hp 7 O O

O O
O O

The final part (iv) can be obtained from the last three equalities.
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6. Conclusion

In this chapter, we considered discrete-time linear stochastic systems with unknown inputs
(or disturbances) and studied three types of smoothing problems for these systems. We
derived smoothing algorithms which are robust to unknown disturbances from the optimal
filter for stochastic systems with unknown inputs obtained in our previous papers. These
smoothing algorithms have similar recursive forms to the standard optimal filters and
smoothers. Moreover, since our algorithms reduce to those known smoothers derived from
the Kalman filter when unknown inputs disappear, these algorithms are consistent with the
known smoothing algorithms for systems without unknown inputs.

This work was partially supported by the Japan Society for Promotion of Science (JSPS) under
Grant-in-Aid for Scientific Research (C)-22540158.
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On the Error Covariance Distribution for
Kalman Filters with Packet Dropouts

Eduardo Rohr, Damian Marelli, and Minyue Fu
University of Newcastle
Australia

1. Introduction

The fast development of network (particularly wireless) technology has encouraged its use
in control and signal processing applications. Under the control system’s perspective, this
new technology has imposed new challenges concerning how to deal with the effects of
quantisation, delays and loss of packets, leading to the development of a new networked
control theory Schenato et al. (2007). The study of state estimators, when measurements are
subject to random delays and losses, finds applications in both control and signal processing.
Most estimators are based on the well-known Kalman filter Anderson & Moore (1979). In
order to cope with network induced effects, the standard Kalman filter paradigm needs to
undergo certain modifications.

In the case of missing measurements, the update equation of the Kalman filter depends on
whether a measurement arrives or not. When a measurement is available, the filter performs
the standard update equation. On the other hand, if the measurement is missing, it must
produce open loop estimation, which as pointed out in Sinopoli et al. (2004), can be interpreted
as the standard update equation when the measurement noise is infinite. If the measurement
arrival event is modeled as a binary random variable, the estimator’s error covariance (EC)
becomes a random matrix. Studying the statistical properties of the EC is important to
assess the estimator’s performance. Additionally, a clear understanding of how the system’s
parameters and network delivery rates affect the EC, permits a better system design, where
the trade-off between conflicting interests must be evaluated.

Studies on how to compute the expected error covariance (EEC) can be dated back at least
to Faridani (1986), where upper and lower bounds for the EEC were obtained using a constant
gain on the estimator. In Sinopoli et al. (2004), the same upper bound was derived as the
limiting value of a recursive equation that computes a weighted average of the next possible
error covariances. A similar result which allows partial observation losses was presented
in Liu & Goldsmith (2004). In Dana et al. (2007); Schenato (2008), it is shown that a system in
which the sensor transmits state estimates instead of raw measurements will provide a better
error covariance. However, this scheme requires the use of more complex sensors. Most of
the available research work is concerned with the expected value of the EC, neglecting higher
order statistics. The problem of finding the complete distribution function of the EC has been
recently addressed in Shi et al. (2010).
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This chapter investigates the behavior of the Kalman filter for discrete-time linear systems
whose output is intermittently sampled. To this end we model the measurement arrival event
as an independent identically distributed (i.i.d.) binary random variable. We introduce a
method to obtain lower and upper bounds for the cumulative distribution function (CDF) of
the EC. These bounds can be made arbitrarily tight, at the expense of increased computational
complexity. We then use these bounds to derive upper and lower bounds for the EEC.

2. Problem description

In this section we give an overview of the Kalman filtering problem in the presence of
randomly missing measurements. Consider the discrete-time linear system:

{xt+1 = Axt + wy

yi = Cx;+o @

where the state vector x; € R" has initial condition xg ~ N(0, Pp), y € R is the measurement,
w ~ N(0,Q) is the process noise and v ~ N(0, R) is the measurement noise. The goal of the
Kalman filter is to obtain an estimate £; of the state x;, as well as providing an expression for
the covariance matrix P of the error ¥; = x; — &.

We assume that the measurements y; are sent to the Kalman estimator through a network
subject to random packet losses. The scheme proposed in Schenato (2008) can be used to
deal with delayed measurements. Hence, without loss of generality, we assume that there is
no delay in the transmission. Let 7 be a binary random variable describing the arrival of a
measurement at time . We define that y; = 1 when y; was received at the estimator and y; = 0
otherwise. We also assume that ; is independent of s whenever f # s. The probability to
receive a measurement is given by

A=P(y=1). (2

Let £;; denote the estimate of x; considering the available measurements up to time s. Let
¥ys = Xt — %5 denote the estimation error and X, = E{(%; — E{%;s})(%ys — E{%,})’}
denote its covariance matrix. If a measurement is received at time f (i.e., if 74 = 1), the estimate
and its EC are recursively computed as follows:

Ryp = R4 + Ke(yr — Cxy) ®)
Ly = (I - KiC)Zyppq 4
R = Ay ®)
i = AZ AT+ Q, (6)

with the Kalman gain K; given by
Ki =2y, 1C'(CEyy1C" + Q. @)

On the other hand, if a measurement is not received at time ¢ (i.e., if 4 = 0), then (3) and (4)
are replaced by

Rejp = Rpp1 (8)
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Zt\t = Zt\tfl' )

We will study the statistical properties of the EC X;;_;. To simplify the notation, we define
P = Zt\t—l- Then, the update equation of P; can be written as follows:

D), =1
Pra = {%(Pt), Y =0 (10)

with
@1 (P;) = APRA" + Q — APC'(CP,C' + R)“ICPA’ (11)
Dy(P) = APBA + Q. (12)

We point out that when all the measurements are available, and the Kalman filter reaches its
steady state, the EC is given by the solution of the following algebraic Riccati equation

P = APA' +Q— APC'(CPC' + R)~'CPA'. (13)

Throughout this chapter we use the following notation. For given T € Nand 0 < m < 2T 1,
the symbol ST, denotes the binary sequence of length T formed by the binary representation
of m. We also use S (i),i =1,-- -, T to denote the i-th entry of the sequence, i.e.,

Sm = {Sm(1), Sp(2), .., Su(T)} (14)

and ;
m =Y 281ST (k). (15)

k=1

(Notice that SOT denotes a sequence of length T formed exclusively by zeroes.) We use ST to
denote the number of ones in the sequence SHT1, ie.,

T
1Sml =Y Sh (k). (16)
k=1

For a given sequence S,E, and a matrix P € R"*", we define the map

¢(P,Sp) = Psr (1) © Pgr(7_1) © -+ - Pz (1) (P) 17)

where o denotes the composition of functions (i.e. fo g(x) = f(g(x))). Notice that if m is
chosen so that

Sw={m-17-2 11}, (18)
then the map ¢(-,S]) updates P;_t according to the measurement arrivals in the last T

sampling times, i.e.,

Pr = ¢(Pr-1,5,) = Pq,, 0 Py, 0. Dy, ((Pror). (19)
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3. Bounds for the cumulative distribution function

In this section we present a method to compute lower and upper bounds for the limit CDF
F(x) of the trace of the EC, which is defined by

F(x) = lim F'(x) (20)

FI(x) = P(Tr{Pr} < x) (21)
2! T T

= P Sy ) H(x—Te{¢(Po,S;, , 22

L P (sh) H (x = Telo(o 53}) (22)

where H(-) is the Heaviside step function, and the probability to observe the sequence S}, is
given by

P (s,i) = AlSal(1 — A)T-Isal, (23)
The basic idea is to start with either the lowest or the highest possible value of EC, and then
evaluate the CDF resulting from each starting value after a given time horizon T. Doing so,

for each T, we obtain a lower bound F (x) and an upper bound fT(x) for F(x), ie.,

FT(x) < F(x) <F'(x), forall T € R. (24)

As we show in Section 3.3, both bounds monotonically approach F(x) as T increases.
To derive these results we make use of the following lemma stating properties of the maps
®q(-) and P4 (-) defined in (11)-(12).

Lemma 3.1. Let X, Y € R"*" be two positive semi-definite matrices. Then,

q)l(X) < q)o(X). (25)
Y > X,

Dy(Y) > Dp(X) (26)

Dy(Y) > O1(X). (27)

Proof: The proof of (25) is direct from (11)-(12). Equation (26) follows straightforwardly since
Py (X) is affine in X. Using the matrix inversion lemma, we have that

O (X)=AX T+ CRIO)TIA +Q (28)
which shows that @1 (X) is monotonically increasing with respect to X. [ ]
3.1 Upper bounds for the CDF

The smallest possible value of the EC is obtained when all the measurements are available
and the Kalman filter reaches its steady state. In this case, the EC P is given by (13). Now,
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fix T, and suppose that m is such that S,E ={yr_1,77-2,-.,70} describes the measurement
arrival sequence. Then, assuming that' Py > P, from (26)-(27), it follows that Pr > ¢(P,S}).
Hence, from (22), an upper bound of F(x) is given by

271

Flx)= Y P(sh) H(x~Te{gp(P,ST)}) - (29)

m=0

3.2 Lower bounds for the CDF

A lower bound for the CDF can be obtained using an argument similar to the one we used
above to derive an upper bound. To do this we need to replace in (22) Tr{¢(Py, S},)} by an
upper bound of Tr{ Pr} given the arrival sequence S},. To do this we use the following lemma.

Lemma 3.2. Let m be such that S}, = {yr_1,v7-2,- - , 0} and 0 < t1,tp,--- ,t; < T — 1 denote
the indexes where vy, = 1,1 =1,---, 1. Define

St -
12 CAjQA/T7t1+j
=0

CAh f]z*l . .
CAb y CA]QA/Tftzﬂ

O=1| . | Zg=|i0 , (30)
cal

ti—1
Y CAIQAT-tr]
/=0

and the matrix Sy € RPPPL whose (i, j)-th submatrix [Sy); ; € RP*P is given by

min{t;t}—1
Svlij= Y, CATITRQAMTITRC + R4(i, f) (1)
k=0
where
. 1/ i - i

(i) = {0 oy (32)

If O has full column rank, then
Pr < P(S,), (33)

where the S},-dependant matrix P(SL)) is given by
BcT T (Aly—1 71/TT_1]',]' Tie— s te—5<r
B(sT) = A (ozvo) A +2}AQA — AT(Z,20)'s, P2 + (34)
]:
1
~Zo%,’ (ZVZO)H'A/T ~ %o (Z‘;l . 2510(0/2510)710/Z§1> s,

_1 _1
with (%2 O)* denoting the Moore-Penrose pseudo-inverse of %, O Ben-Israel & Greville (2003).

L If this assumption does not hold, one can substitute P by Py without loss of generality.
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Proof: Let Y7 be the vector formed by the available measurements

Yr= [y, vh v (35)
— Oxp + Vi, (36)

where .
Z;I:_Ol CAt1717JWj + vy
iy cA Ty o,
Vr = ) . (37)

Z;LBl CAf[*l*jwj + vy,
From the model (1), it follows that

v ((o) [ 2))
{YT 0] =y Zy
where
T-1 | .
Ty = AT AT + Y AIQAY (39)
j=0
Yoy = ATP0" +2g (40)
Yy = OPyO' + Xy. (41)

Since the Kalman estimate £ at time T is given by,
xAT =FE {xT‘YT} P (42)

it follows from (Anderson & Moore, 1979, pp. 39) that the estimation error covariance is given
by
Pr =%y — Iy 2. (43)

Substituting (39)-(41) in (43), we have

T-1 .
Pr=ATR AT+ Y AIQAT + (44)
j=0
B T ’ / -1 T ’ !
(ATRO' +2¢) (0RO +2y) " (ATRO' +g)
1
= AT (R~ RO’ (0RO’ +Zy) 1 O'Ry) AT+ - AIQA + (45)
=0

—ATPO' (0RO’ +2y) ' £ — £q (0RO +Zy)  O'RAT +
~%g (0RO’ +2y) ' 2.

Now, from (19),
Pr = ¢(Po, Sy). (46)
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Notice that for any Py we can always find a k such that kI, > Py, where I, is the identity
matrix of order . From the monotonicity of ¢(-,S},) (Lemma 3.1), it follows that

Pr < lim ¢(kI,, ST). (47)
k—oc0
We then have that
Pr < Pri+Pra+Pr3+Prs+Pry, (48)
with
Prq = lim AT <k1n — K20 (kOO +xy) " o’) AT (49)
! k—o00

T-1 .
Prp =Y AIQA"
j=0

. T ’ —1
Prg = - lim kA7O (kOO' +2y)  xq
Pry = — lim £p (kOO + %) 12/,
T4 Jim ol +Iy)  Xg

Using the matrix inversion lemma, we have that

-1
AT 1 -1 /s —1 1T
Pr; = AT lim (k I,+0'%, o) A (50)
-1
— AT (o’z;lo) AT, (51)

It is straightforward to see that Pr 3 can be written as

-1
1 T~/ / -1 /
Prs = — lim A7O (oo L yyk ) =5 (52)
= —ATlim O'x; (7005, +k711 712’%2 53
= — k1_>nc‘>1°O v v O00%, % + n ARET6Y (53)

From (Ben-Israel & Greville, 2003, pp. 115), it follows that limy_, ., X' (XX’ + killn) =Xt for
_1
any matrix X. By making X = %,,>O, we have that

1

+
_1 _1
Prz=—AT (zvzo> IS (54)
Using the matrix inversion lemma, we have

-1
Pry = — lim Xg (z;l -x;'0 (o’z‘;lo +k‘1ln) o’z;l) 0 (55)

k—o0

-1
-1 -1 -1 -1
0 (zv -0 (0z;'0) oz )zb

and the result follows by substituting (51), (54) and (55) in (48). |
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In order to keep the notation consistent with that of Section 3.1, with some abuse of notation
we introduce the following definition:

P(S}), if O has full column rank

. (56)
oIy, otherwise

¢(o0,Sp) 2 {

where ool is an 1 X n diagonal matrix with co on every entry of the main diagonal. Then, we
obtain a lower bound for F(x) as follows

271

FT(x) = ZO P (5,2) H (x = Te{g(eo, 1)} ) (57)

3.3 Monotonic approximation of the bounds to F(x)

In this section we show that the bounds FT (x) and fT(x) in (24) approach monotonically F(x),
as T tends to infinity. This is stated in the following theorem.

Theorem 3.1. We have that
£T+1 (x) >

fTﬂ»l (x) S

(x) (58)
" (x). (59)

s/ M|

Moreover, the bounds FT (x) and fT(x) approach monotonically the true CDF F(x) as T tends to oo.

Proof: LetS! bea sequence of length T. From (17) and Lemma 3.1 and for any Py > 0, we
have

¢(Po, {Sn,0}) = ¢(@o(Po), Sp) < (o0, Sp)- (60)
From the monotonicity of ¢(-,S],) and ®q(-), stated in Lemma 3.1 we have
¢(Po, {S5,0}) = ¢(Po(Po), Si) = p(Po, Sy) (61)
which implies that
900, {5y, 0}) = (o0, 55,). (62)

From (60) and (62), we have

9(c, {S1,0}) = (o, Sp,). (63)
Also, if the matrix O (defined in Lemma 3.2) resulting from the sequence S}, has full column
rank, then so has the same matrix resulting from the sequence {S},, 1}. This implies that

¢(00, {Sp,1}) < P(c0,Sp). (64)
Now, from Lemma 3.1, ®y(P) > P, and therefore,
¢(P,{S,,0}) = p(®o(P),S,) (65)

> ¢(P,S]). (66)
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Fig. 1. Upper and lower bounds for the Error Covariance.
Also, since ®1(P) = P, we have that
¢(2, {Sp,1}) = ¢(91(P), Sp) (67)
= ¢(P,Sp)- (68)
Hence, for any binary variable 7y, we have that
¢(c0, {Sp,1}) < ¢(00,55) (69)
¢(P, {Sn,7}) = ¢(P,Sp)- (70)
Now notice that the bounds (29) and (57) only differ in the position of the step functions H(-).
Hence, the result follows from (69) and (70). |

3.4 Example
Consider the system below, which is taken from Sinopoli et al. (2004),

125 0 17
A:{ 1 1.1} c= {1}
(71)

20 0
Q= {0 20} R =25,

with A = 0.5. In Figure 1 we show the upper bound fT(x) and the lower bound F7 (x), for
T =3,T =5and T = 8. We also show an estimate of the true CDF F(x) obtained from a
Monte Carlo simulation using 10,000 runs. Notice that, as T increases, the bounds become
tighter, and for T = 8, it is hard to distinguish between the lower and the upper bounds.
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4. Bounds for the expected error covariance

In this section we derive upper and lower bounds for the trace G of the asymptotic EEC, i.e.,
G = lim Tr{E{P}}. (72)
—»00

Since P; is positive-semidefinite, we have that,

Te{E{P;}} = /Ow(1 ~ Fl(x))dx. (73)

Hence, 2
G= /000(1 — lim F(x))dx (75)
- /O "1 - F(x))dx (76)

4.1 Lower bounds for the EEC

In view of (76), a lower bound for G, can be obtained from an upper bound of F(x). One
such bound is F' (x), derived in Section 3.1. A limitation of F' (x) is that F' (x) = 1, for all
x> ¢(P, SOT ), hence it is too conservative for large values of x. To go around this, we introduce
an alternative upper bound for F(x), denoted by F,(x).

Our strategy for doing so is to group the sequences S}, m = 0,1, -+ ,2T — 1, according to the
number of consecutive lost measurements at its end. Then, from each group, we only consider
the worst sequence, i.e., the one producing the smallest EEC trace.

Notice that the sequences S}, with m < 2772, 0 < z < T, are those having the last z elements
equal to zero. Then, from (25) and (26), it follows that

argmin Tr{p(X,SL)} =272 —1, (77)

0<m<2T-=

i.e., from all sequences with z zeroes at its end, the one that produces the smallest EEC trace
has its first T — z elements equal to one. Using this, an upper bound for F(x) is given by

F(x) < Fu(x) 21— (1 - A (78)
where
O/ S

k(x) = min{j:Tr((p(E,S{)))>x}, x>

(79)

S

2 Following the argument in Theorem 3.1, it can be verified that (1 — Ff(x)) < F(x) with

=11 x < Tr{Py}
F(x) = {F(x) x> Tr (P} 74)

Hence, usin%QLebesgue’s dominated convergence theorem, the limit can be exchanged with the integral
whenever [”(1 — F(x))dx < o, 1i.e., whenever the asymptotic EEC is finite.
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We can now use both fT(x) and F,(x) to obtain a lower bound G for G as follows
GT = / 1— min{F" (x), F,(x)}dx. (80)
Jo

The next lemma states the regions in which each bound is less conservative.
Lemma 4.1. The following properties hold true:

F'(x) < Fulx), ¥x < Tr (¢(P,ST)) (81)

F'(x) > Fu(x), ¥x > Tr (¢(P, ST)) - (82)
Proof: Define .
Z(i,j) 2T (p(,8))). (83)
To prove (81), notice that fT(x) can be written as

T 271
F(x)= P(s)). (84)
=0

]
J:Z(j,T)<x

Substituting x = Z(0,K) we have forall1 < K < T

Fzox = L PG (85)

=1- Yy P(S)) (86)
J:Z(j,T)>Z(0,K)

Now, notice that the summation in (86) includes, but is not limited to, all the sequences
finishing with K zeroes. Hence

271
T K
]g PS> (1-1) (87)
j:2(j,T)>Z(0,K)
and we have

F'(2(0,K)) <1—(1-A)K (88)
= F,(2(0,K)). (89)
Proving (82) is trivial, since fT(x) =1,x>Z(0,T). [ ]

We can now present a sequence of lower bounds GT, T € IN, for the EEC G. We do so in the
next theorem.
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Theorem 4.1. Let E;, 0 < j< 2T denote the set of numbers Tr ((p(B, S,Tn)), 0<m<2T, arranged
in ascending order, (i.e., E; = Tr <<p(£, S;/_)),for some mj, and Ey < Ey < --- < Eyr). For each
0<j<2l, letmtj =Y, , P(S]). Also define Eg = o = 0. Then, G” defined in (80) is given by

G'=6{+6] (%0)
where
2T 1
Gf = Y (1—m)(Ej1 — ) ©n
=0
[ee]
Gl = Y (1-A)Te {4l (APA' +Q - P) A"} (92)
=t

Moreover, if the following condition holds
max |eig(A)[>(1—A) <1, (93)

and A is diagonalizable, i.e., it can be written as

A=VDV~!, (94)
with D diagonal, then,
T—1
Gl =Te{r} — ];)(1 — V)T {4 (APA’ +Q - P) 4T} (95)
where
ra <xl/2v’*1 ® V) A (X”ZV’*1 ® v)/ (96)
X £ APA' +Q—P. (97)

Also, the n* x n? matrix A is such that its i, j-th entry [A]; ; is given by

1

1 a—NBD), o

[A];; £

where D denotes a column vector formed by stacking the columns of D, i.e.,

D £ [[D];; - [Dl,q [Dlyp - [D]n,n]/ (99)

Proof: In view of lemma 4.1, (90) can be written as

_/ D0 F dx+/ (1— Fa(x))dx (100)
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Now, fT(x) can be written as
fT(x) = T(x), i(x) = max{i: E; <x}. (101)

In view of (101), it is easy to verify that

zZ(0T)  _p 2T .
/O 1—F (x)dx =) (1—m)(Ej— Ej—1) = Gj. (102)
j=1

The second term of (90) can be written using the definition of F,(x) as

(1=A)(Z(0,j+1) = Z(0, ) (103)

agh

Y E(x)dx =
/Z(O,T) (x)dx )

-
Il

(1- AT { 4] (4PA’ + Q- P) A"} (104)

e

—

(@)
N

(105)

and (90) follows from (100), (102) and (105).
To show (95), we use Lemma 7.1 (in the Appendix), withb = (1 — A) and X = APA’+ Q — P,

to obtain
(o)

Y (1—A)YTr {Af (APA’ +Q—P) A’J} = Tr{T}. (106)
i=0
The result then follows immediately. [ |

4.2 Upper bounds for the EEC
Using an argument similar to the one in the previous section, we will use lower bounds of the

CDF to derive a family of upper bounds CT’N, T < N € N, of G. Notice that, in general, there
exists 6 > Osuch that1 —F T(x) > ¢, for all x. Hence, using F T(x) in (76) will result in G being
infinite valued. To avoid this, we will present two alternative lower bounds for F(x), which
we denote by FI'N(x) and FY (x).
Recall that A € R"*", and define

C
CA

2
No £ min{ k : rank cA =n,. (107)
CA.k71
The lower bounds FZN (x) and FY (x) are stated in the following two lemmas.
Lemma 4.2. Let T < N € N, with Ny < T and N satisfying

1SN > No = Tr{¢(co,SN)} < co. (108)
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Foreach T <n < N, let

(n) = X ¢(co, Spy) (109)
pr(n) £ (P (n)). (110)

Then, for all p*(T) < x < p*(N),
F(x) > FIN(x), (111)

(112)

Remark 4.1. Lemma 4.2 above requires the existence of an integer constant N satisfying (108). Notice
that such constant always exists since (108) is trivially satisfied by Ny.

Proof: We first show that, forall T <n < N,
pi(n) <p (n+1). (113)

To see this, suppose we add a zero at the end of the sequence used to generate 7*(n). Doing
so we have
P (n) < @ (ﬁ*(n)) <P'(n+1). (114)

Now, for a given n, we can obtain a lower bound for F"(x) by considering in (57) that
Tr(¢(oo,SY,)) = oo, whenever |S),| < Np. Also, from (25) we have that if |S},| > Ny,
then Tr(¢(co, Sy;,)) < P*(n). Hence, a lower bound for F(x) is given by P(|Sl,| < Np), for
x > p*(n).

Finally, the result follows by noting that the probability to observe sequences S}, with m such
that | S| < Ny is given by

n Nt ni__ 1!
S No)=1- Al A" ————, 11
PUSH < No) =1 10 (=41 ety 115)
since A!(1 — A)"~! is the probability to receive a given sequence S/, with [S7,| = I, and the
number of sequences of length n with [ ones is given by the binomial coefficient
n n!
(1) It (116)
| ]

_ No—1
Lemma 4.3. Let N, P*(N) and 7*(N) be as defined in Lemma 4.2, and let . = OZ N . Then,
P n

forall x > p*(N), "
F(x) > EY (x), (117)
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where, for each n € N and all p(P*(N),Si~1) < x < ¢(P"(N),Sp),

FN(x)=1—u'M"z (118)

with the vectors u,z € RE defined by
u=[11---1) (119)
z=[10---0]". (120)

The i, j-th entry of the matrix M € RE*L is given by

A zN = u+(sz,1)
Mlij=q1-2A, ZN=U(Z],0) (121)
0, otherwise.

where ZN, m = 0,---,L — 1 denotes the set of sequences of length N with less than Ny ones, with
Zé\f = S(I)\] , but otherwise arranged in any arbitrary order (i.e.,

1ZN| < Ny forallm=0,--- L —1. (122)

and Z = SN | for some ny, € {0,---,2N —1}). Also, for v € {0,1}, the operation U (Z],~) is
defined by
Ui (Zyyv) = AZn(2), Zu(3), -+, Zun(T), 7} (123)

Proof: The proof follows an argument similar to the one used in the proof of Lemma 4.2.
In this case, for each n, we obtain a lower bound for F"(x) by considering in (57) that
Tr(¢(o0,SY)) = oo, whenever S, does not contain a subsequence of length N with at least
Np ones. Also, if S}, contains such a subsequence, the resulting EC is smaller that or equal to

p(o0, {Sp-, S§}) = @(p(o0,Sh-), SE) (124)
= ¢(P"(N),Sg), (125)

where SN, denotes the sequence required to obtain P” (N).

To conclude the proof we need to compute the probability py , of receiving a sequence of
length N + n that does not contain a subsequence of length N with at least Ny ones. This is
done in Lemma 7.2 (in the Appendix), where it is shown that

PN = u'M"z. (126)
|

Now, for a given T and N, we can obtain an upper bound G"NforG using the lower bounds
FT(x), FIN(x) and FN(x), as follows

TN = [ - max{ET (), TN (0), EY (1) b (127)
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We do so in the next theorem.

Theorem 4.2. Let T and N be two given positive integers with Ng < T < N and such that for all
0<m<2N,|SN| > Nyg = ¢(c0,SN) < co. Let ] be the number of sequences such that O(S},) has
full column rank. Let Ey = 0 and Ej, 0 < j <] denote the set of numbers Tr (¢(c0, L)), 0<m <],

arranged in ascending order, (i.e., Ej = Tr (4)(00, S,Ej)),for some m;, and Eg < Ey < --- < Ey). For

each0 < j <], let mi = Zmi P(ST), and let M, u and v be as defined as in Lemma 4.3. Then, an
) ] k=0 k

upper bound for the EEC is given by
T,N

G<G ", (128)
where T,N T T,N N
G =Tr(G; +Gy” +Gj), (129)
and
T /
j=
N—1Np—1 o
—T,N i ! —x _—
GN=Y Y Na-ayt <p*(]+1) fp*(])) (131)
= = G —nt
j=T 1=0
il .
Gy = Y w/'MNtIZ{Al(AP"(N)A' + Q — P"(N)) A"}, (132)
j=0
Moreover, if A is diagonalizable, i.e.
A=VDVTl, (133)
with D diagonal, and
max |eig(A)[%0 < 1, (134)
where
p = (max [svM]), (135)
then the EEC is finite and
Gy < W MNZTe(I™), (136)
where
!
r 2 (x12vev)a(x2vev) (137)
X £ APA"+Q—P. (138)

Also, the i, j-th entry [Al; j of the n* x n? matrix A is given by

o V2N -1 (139)
11 p[D)(D];

Proof: First, notice that FT(x) is defined for all x > 0, whereas F! (x) is defined on the range
P*(T) < x < P"(N) and FI(x) on P*(N) < x. Now, for all x > 7*(T), we have

[A];
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T T = r-1__ T
E(X):a TZ P(Sj)=1- 2/\(1*)\) nr=nv (140)
J:IS}1=No 1=0

which equals the probability of receiving a sequence of length T with Ny or more ones. Now,
for each integer 1 < n < N — T, and for 7*(T +n) < x < *(T +n + 1), - (x) represents
the probability of receiving a sequence of length T 4 n with more than or exactly Ny ones.
Hence, F1*N(x) is greater than F” (x) on the range P*(T) < x < P*(N). Also, FY (x) measures
the probability of receiving a sequence of length N with a subsequence of length T with Ny or
more ones. Hence, it is greater than FT (x) on P*(N) < x. Therefore, we have that

FT(x),  x<p"(T)
max{E"(x), EPN(x), EN (x)} = { FPN(x), F*(T) < x <F*(N) (141)
ENx), p'(N)<x.

We will use each of these three bounds to compute each term in (129). To obtain (130), notice
that FT (x) can be written as

FT(x) = 7y, i(x) = max{i : E; < x}. (142)

In view of the above, we have that

7(T) J .
/0 (1-FT(x ; (Ejp1—E;) =Gy (143)
Using the definition of F/Y (x) in (112) we obtain
7 (N) —1No— i1 _ _
1 FTN(x))dx = AMa-—nyi—l L (P*(j+1)-DP'(j)) (144
-/ﬁ*(T) (1= E N (x))dx = ]_Z Z G —1)! ( (G+1) (])) (144)
-G (145)

Similarly, the definition of FY' (x) in (118) can be used to obtain

/jZN)(l CEN(x)dx = ) W MIZTe{ A(AP* (N)A' + Q - P*(N) AT} =GN, (146)
Jp j=

To conclude the proof, notice that

uMlz = < u, Mz > (147)
< JJull2l|Miz| (148)
< [lull2 | M| 1zl|2 (149)
< JJull2l| M|V |z]|2 (150)
= [Ju]l2(maxsvM) |zl (151)

= \/21\’0771(max svM)/. (152)
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Fig. 2. Comparison of the bounds of the Cumulative Distribution Function.

where max svM denotes the maximum singular value of M. Then, to obtain (136), we use the
resultin Lemma 7.1 (in the Appendix) with b = maxsvM and X = AP (N)A’ +Q—P"(N).

5. Examples

In this section we present a numerical comparison of our results with those available in the
literature.

5.1 Bounds on the CDF
In Shi et al. (2010), the bounds of the CDF are given in terms of the probability to observe
missing measurements in a row. Consider the scalar system below, taken from Shi et al. (2010).

A=14,C=10Q0=02 R=05 (153)

We consider two different measurement arrival probabilities (i.e., A = 0.5 and A = 0.8) and
compute the upper and lower bounds for the CDF. We do so using the expressions derived
in Section 3, as well as those given in Shi et al. (2010). We see in Figure 2 how our proposed
bounds are significantly tighter.

5.2 Bounds on the EEC
In this section we compare our proposed EEC bounds with those in Sinopoli et al. (2004)
and Rohr et al. (2010).
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Bound Lower|Upper
From Sinopoli et al. (2004)| 4.57 | 11.96
From Rohr et al. (2010) - 10.53
Proposed 10.53 | 11.14

Table 1. Comparison of EEC bounds using a scalar system.

Bound Lower | Upper
From Sinopoli et al. (2004)[2.15 x 10%[2.53 x 10°
From Rohr et al. (2010) - 1.5 x 10°
Proposed 9.54 x 10%[3.73 x 10°

Table 2. Comparison of EEC bounds using a system with a single unstable eigenvalue.

5.2.1 Scalar example

Consider the scalar system (153) with A = 0.5. For the lower bound (90) we use T = 14, and
for the upper bound (129) we use T = N = 14. Notice that in the scalar case Ny = 1, that is,
whenever a measurement is received, an upper bound for the EC is promptly available and
using N > T will not give any advantage. Also, for the upper bound in Rohr et al. (2010),
we use a window length of 14 sampling times (notice that no lower bound for the EEC is
proposed in Rohr et al. (2010)).

In Table 1 we compare the bounds resulting from the three works. We see that although the
three upper bounds are roughly similar, our proposed lower bound is significantly tighter
than that resulting from Sinopoli et al. (2004).

5.2.2 Example with single unstable eigenvalue
Consider the following system, taken from Sinopoli et al. (2004), where A = 0.5 and

1251 0

A=| 0097 |C=[102]
0 0 06 (154)
R=25 Q =201

Table 2 compares the same bounds described above, with T = 10 and N = 40. The same
conclusion applies.

6. Conclusion

We considered a Kalman filter for a discrete-time linear system whose output is intermittently
sampled according to an independent sequence of binary random variables. We derived
lower and upper bounds for the CDF of the EC, as well as for the EEC. These bounds can be
made arbitrarily tight, at the expense of increased computational complexity. We presented
numerical examples demonstrating that the proposed bounds are tighter than those derived
using other available methods.
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7. Appendix

Lemma 7.1. Let 0 < b < 1beascalar, X € R"*" be a positive-semidefinite matrix and A € R"*"
be diagonalizable, i.e., it can be written as

A=VDVH (155)
with D diagonal. If
max eig(A)%b < 1, (156)
then,
Tr (2 bfAfXA’f) = Tr(T) (157)
j=0
where ,
ra (xl/zv’*1 ® V) A <X1/2V”1 ® V) (158)

with @ denoting the Kronecker product. The n> x n? matrix A is such that its i, j-th entry [A]; ) is
given by

. 1
N ) 159
A BD) )

where D denotes a column vector formed by stacking the columns of D, i.e.,

e /
D £ [[D]y -+ [Dly [Pl -+ Dlyu] - (160)
Proof: For any matrix
31,1 B1,2 e Bl,n
BZ,l B2,2 . BZ,n
= . . (161)
Bn,l Bn,Z Bn,n
with Bi,j € R"™*" we define the following linear transformation
n
Dy(B) =) Bj,. (162)
j=1

Now, substituting (155) in (157), and using the vectorization operation ~ defined above we
have

o . . . . /
Y palxal = Y pvDivIx!2 (vDiv-1x1/?) (163)
= =0

/!
bvDiv-1x1/2 (VDfV*lxl/Z) (164)

:ZD”

j=0

=D,
j=0

(Xl/ZVFl ® V) i bjl;?l;?’ <X1/2V171 ® V) ’] ) (165)
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where the last equality follows from the property
ABC = (C'® A)B. (166)

Let 4;; denote the i, j-th entry of bBB’, and pow(Y,j) denote the matrix obtained after

elevating each entry of Y to the j-th power. Then, if every entry of bD D’ has magnitude
smaller than one, we have that

{i b(D)(D)"| = {i pow(bﬁﬁ’,ﬁ] (167)
j=0 ij j=0 ij
1
=i 5 (168)

where [Y]; ; denotes the i, j-th entry of Y. Notice that DD’ if formed by the products of the
eigenvalues of A, so the series will converge if and only if

max eig(A)%b < 1. (169)
Putting (168) into (165), we have that
4000 b AIXA'T = D, {(Xl/ 2pi-1g V) A (XUZV’—1 ® V)/} (170)
] =Dy, (T) (171)
and the result follows since Tr{D,{Y}} = Tr{Y}. [ |

Lemma 7.2. Let u, z, Ny, L and M be as defined in Lemma 4.3. The probability py , of receiving
a sequence of length N + n that does not contain a subsequence of length N with at least Ny ones is
given by

PN = uMN Tz, (172)

Proof:

Let ZN,m =0,---,L—1,and U4 (Z],v) be as defined in Lemma (4.3). Also, for each N, t €
IN, define the random sequence VN = {91, 7; 1, -+, 7_n11}. Let W; be the probability
distribution of the sequences ZJ, i.e.

P(VtN = Zév)

Wt — P(VfN = Z{V)

N (173)
PV =2} )
One can write a recursive equation for Wy as

Wis1 = MW, (174)
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Hence, for a given 1, the distribution W, of V;N is given by
W, = M"W,. (175)
To obtain the initial distribution W, we make VN, = Z(I)\] , which gives
W_n =1z (176)

Then, applying (175), we obtain
Wy = MNz. (177)

Finally, to obtain the probability py,, we add all the entries of the vector W, by
pre-multiplying W, by u. Doing so, and substituting (177) in (175), we obtain

pap = uMN Tz, (178)
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Kalman Filtering for Discrete
Time Uncertain Systems

Rodrigo Souto, Jodo Ishihara and Geovany Borges
University of Brasilia
Brazil

1. Introduction

State estimation plays an important role in any application dealing with modeling of dynamic
systems. In fact, many fields of knowledge use a mathematical representation of a behavior
of interest, such as, but not limited to, engineering (mechanical, electrical, aerospace, civil and
chemical), physics, economics, mathematics and biology Simon (2006).

A typical system dynamics can be represented as a transfer function or using the space-state
approach. The state-space approach is based on the time-evolution of the "states" of the
system, which are considered all the necessary information to represent its dynamic at the
desired point of operation. That is why the knowledge about the states of a model is so
important. However, in real applications there can be two reasons where the states of a system
can not be measured: a) measuring a state implies in the need of a sensor. In order to measure
all the states of a system it will be required a large amount of sensors, making the project
more expensive and sometimes unfeasible. Usually the whole cost includes not only the price
of the sensors, but also modifies the project itself to fix all of them (engineering hours, more
material to buy, a heavier product). b) Some states are impossible to be physically measured
because they are a mathematically useful representation of the system, such as, the attitude
parameterization of an aircraft altitude.

Suppose we have access to all the states of a system. What can we do with them? As the states
contain all the information necessary about the system, one can use them to:

a) Implement a state-feedback controller Simon (2006). Almost in the same time the state
estimation theory was being developed, the optimal control was growing in popularity
mainly because its theory can guarantees closed loop stability margins. However, the
Linear-Quadratic-Gaussian (LQG) control problem (the most fundamental optimal control
problem) requires the knowledge of the states of the model, which motivated the development
of the state estimation for those states that could not be measured in the plant to be controlled.
b) Process monitoring. In this case, the knowledge of the state allows the monitoring of the
system. This is very useful for navigation systems where it is necessary to know the position
and the velocity of a vehicle, for instance, an aircraft or a submarine. In a radar system, this
is its very purpose: keep tracking the position and velocity of all targets of interest in a given
area. For an autonomous robot is very important to know its current position in relation to an
inertial reference in order to keep it moving to its destiny. For a doctor is important to monitor
the concentration of a given medicine in his patient.
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¢) Process optimization. Once it is possible to monitor the system, the natural consequence
is to make it work better. An actual application is the next generation of smart planes.
Based on the current position and velocity of a set of aircraft, it is possible to a computer
to better schedule arrivals, departures and routes in order to minimize the flight time, which
also considers the waiting time for a slot in an airport to land the aircraft. Reducing the
flight time means less fuel consumed, reducing the operation costs for the company and the
environmental cost for the planet. Another application is based on the knowledge of the
position and velocities of cell phones in a network, allowing an improved handover process
(the process of transferring an ongoing call or data session from one channel connected to
the core network to another), implying in a better connection for the user and smart network
resource utilization.

d) Fault detection and prognostics. This is another immediate consequence of process
monitoring. For example, suppose we are monitoring the current of an electrical actuator.
In the case this current drops below a certain threshold we can conclude that the actuator
is not working properly anymore. We have just detected a failure and a warning message
can be sent automatically. In military application, this is essentially important when a system
can be damaged by exterior reasons. Based on the knowledge of a failure occurrence, it is
possible to switch the controller in order to try to overcome the failures. For instance, some
aircraft prototypes were still able to fly and land after losing 60% of its wing. Thinking about
the actuator system, but in a prognostics approach, we can monitor its current and note that
it is dropping along the time. Usually, this is not an abrupt process: it takes so time to the
current drop below its acceptable threshold. Based on the decreasing rate of the current, one
is able to estimate when the actuator will stop working, and then replace it before it fails.
This information is very important when we think about the safety of a system, preventing
accidents in cars, aircrafts and other critical systems.

e) Reduce noise effect. Even in cases where the states are measured directly, state estimation
schemes can be useful to reduce noise effect Anderson & Moore (1979). For example,
a telecommunication engineer wants to know the frequency and the amplitude of a sine
wave received at his antenna. The environment and the hardware used may introduce
some perturbations that disturb the sin wave, making the required measures imprecise. A
state-state model of a sine wave and the estimation of its state can improve precision of the
amplitude and frequency estimations.

When the states are not directly available, the above applications can still be performed
by using estimates of the states. The most famous algorithm for state estimation is the
Kalman filter Kalman (1960). It was initially developed in the 1960s and achieved a wide
success to aerospace applications. Due its generic formulation, the same estimation theory
could be applied to other practical fields, such as meteorology and economics, achieving
the same success as in the aerospace industry. At our present time, the Kalman filter is the
most popular algorithm to estimate the states of a system. Although its great success, there
are some situations where the Kalman filter does not achieve good performance Ghaoui &
Clafiore (2001). The advances of technology lead to smaller and more sensible components.
The degradation of these component became more often and remarkable. Also, the number
and complexity of these components kept growing in the systems, making more and more
difficult to model them all. Even if possible, it became unfeasible to simulate the system with
these amounts of details. For these reasons (lack of dynamics modeling and more remarkable
parameters changes), it became hard to provide the accurate models assumed by the Kalman.
Also, in a lot of applications, it is not easy to obtain the required statistic information about
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noises and perturbations affecting the system. A new theory capable to deal with plant
uncertainties was required, leading robust extensions of the Kalman filter. This new theory is
referred as robust estimationGhaoui & Clafiore (2001).

This chapter presents a robust prediction algorithm used to perform the state estimation of
discrete time systems. The first part of the chapter describes how to model an uncertain
system. In the following, the chapter presents the new robust technique used when dealing
with linear inaccurate models. A numerical example is given to illustrate the advantages of
using a robust estimator when dealing with an uncertain system.

2. State Estimation

The Estimation Theory was developed to solve the following problem: given the values of
a observed signal though time, ! also known as measured signal, we require to estimate
(smooth, correct or predict) the values of another signal that cannot be accessed directly or
it is corrupted by noise or external perturbation.

The first step is to establish a relationship (or a model) between the measured and the
estimated signal. Then we shall to define the criteria we will use to evaluate the model. In this
sense, it is important to choose a criteria that is compatible with the model. The estimation is
shown briefly at Figure 1.

A
y X

_,—> Estimator
k) ‘ 1_ e

—_— Plant

X

Fig. 1. Block diagram representing the estimation problem.

At Figure 1, we wish to estimate signal x. The signal y are the measured values from the plant.
The signal w indicate an unknown input signal and it is usually represented by an stochastic
behavior with known statistical properties. The estimation problem is about designing an
algorithm that is able to provide %, using the measures y, that are close of x for several
realizations of y. This same problem can also be classically formulated as a minimization
of the estimation error variance. At the figure, the error is represented by e and can be defined
as £ minus x. When we are dealing with a robust approach, our concern is to minimize an
upper for the error variance as will be explained later on this chapter.

The following notation will be used along this chapter: R" represents the n-dimensional
Euclidean space, R"*™ is the set of real n x m matrices, E {®} denotes the expectation operator,
cov {e} stands for the covariance, Z' represents the pseudo-inverse of the matrix Z, diag {e}
stands for a block-diagonal matrix.

3. Uncertain system modeling

The following discrete-time model is a representation of a linear uncertain plant:

Xpp1 = Ap X + Wy, 1)
Vg = CpjXg + T, 2

! Signal here is used to define a data vector or a data set.
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where x; € R™ is the state vector, y, € R stands for the output vector and w, € R™
and 7, € R" are the output and measurement noises respectively. The uncertainties are
characterized as:

1. Additive uncertainties at the dynamic represented as Ajx = Ay + AAy, where Ay is the
known, or expected, dynamic matrix and A Ay is the associated uncertainty.

2. Additive uncertainties at the output equation represented as Cy = Cy + ACy, where Cy is
the known output matrix and ACj characterizes its uncertainty.

3. Uncertainties at the mean, covariance and cross-covariance of the noises w; and ;. We
assume that the initial conditions {x} and the noises {wy, 7y } are uncorrelated with the
statistical properties

Wy E {wy}
E i = | E {ﬁk} , 3)
L Xo X0
~ T ~ ~
(@ — E{w}] |Wj—E wj} Widkj Sidkj 0
E O — E {j)k} 2’7] — E 5]} = S,{(Skj kaskj 01, (4)
Xo — X0 Xo — %o 0 0 Xp

where W, Vi and X denotes the noises and initial state covariance matrices, Sy is the cross
covariance and Jy; is the Kronecker delta function.

Although the exact values of the means and of the covariances are unknown, it is assumed
that they are within a known set. The notation at (5) will be used to represent the covariances
sets.

Wk e Wy, Vk €V, §k S (5)

In the next sub section, it will be presented how to characterize a system with uncertain
covariance as a system with known covariance, but with uncertain parameters.

3.1 The noises means and covariances spaces

In this sub section, we will analyze some features of the noises uncertainties. The approach
shown above considered correlated @y and v, with unknown mean, covariance and cross
covariance, but within a known set. As will be shown later on, these properties can be
achieved when we define the following noises structures:

Wy := Baw Wk + Bao Uk, (6)
Ok = Dpg Wk + Dpg x0k- (7)

Also here we assume that the initial conditions {xp} and the noises {wy},{v;} are
uncorrelated with the statistical properties

W W
E Ok = 5]( ’ (8)
L X0 X0
[wy — Wy wj — W T Wkékj Skékj 0
E Uk — Uk vj =T = 5;{%’ Vkékj 01, )
L X0 — Xo Xp — X 0 0 Xp
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where Wy, Vi and Xy denotes the noises and initial state covariance matrices and Sy, stands for
the cross covariance matrix of the noises.

Therefore using the properties (8) and (9) and the noises definitions (6) and (7), we can note
that the noises wy and 7 have uncertain mean given by

E {ﬁk} = BAw,kwk + BAv,kﬁkr (10)
E{0} = Dawi@x + Dag Ok (11)

Their covariances are also uncertain and given by

T ~ ~
@y —E{ay}] |Wi—E wj} _ | Widkj Sy
EvVla-Efm | | 5 5 | ST Vo | (12)
k k Z)j—E U]} k %kj VkOkj
Using the descriptions (6) and (7) for the noises, we obtain
Widyj Sidyj | _ |:BAw,k BAv,k} {Wk‘skj Sk‘skj} [BAw,k BAv,k}T 13)
STokj Vidyg Dawk Davj ] | S0k Vidkj | | Dawk Daok

The notation at (13) is able to represent noises with the desired properties of uncertain
covariance and cross covariance. However we can consider some simplifications and achieve
the same properties. There are two possible ways to simplify equation (13):

1. Set

[BAw,k BAv,k} _ |:BAw,k 0 :| . (14)
DAw,k DAv,k 0 DAv,k

In this case, the covariance matrices can be represented as

T

BAw,kang,k BwkSkDpy i
TpT T

Do xS Baw DaokViDpy i

Widki Sidki
|: kCkj 2kCkj (skj~ (15)

Stk Vidi

2. The other approach is to consider

{s,{(skj Vidki] L 0 Vidy ] (16)

In this case, the covariance matrices are given by

{r{vk% s}%} _ {BAw,kaBZw,k+BAU,kaBL,k Buw;WiD L + BaokViDX,

2 Okj-
Székf Vk(sk]' DAw,ka BZw,k + DAU,]‘ VkBKU,k DAwlk WkDTA"w,k + DAU,k VkDZv,k Y

17)

So far we did not make any assumption about the structure of noises uncertainties at (6)
and (7). As we did for the dynamic and the output matrices, it will be assumed additive
uncertainties for the structure of the noises such as

BAw,k = Bw,k + ABw,kt BAv,k = Bv,k + ABv,kt (18)
DAw,k = Dw,k + ADw,k/ DAv,k = Dv,k + ADv,k/ (19)
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where By, By, Dyx and D, denote the nominal matrices. Their uncertainties are
represented by ABy, i, AB;x, AD,, ; and AD, \ respectively. Using the structures (18)-(19) for
the uncertainties, then we are able to obtain the following representation

Wy = (Byx + ABy i) wi + (Byi + ABy ) vy, (20)
Ok = (Dyj + ADy i) wx + (Dyg + ADy ) v (21)

In this case, we can note that the mean of the noises depend on the uncertain parameters of
the model. The same applies to the covariance matrix.

4. Linear robust estimation

4.1 Describing the model
Consider the following class of uncertain systems presented at (1)-(2):

X1 = (Ag + AAR) xi + Wy, (22)
Yk = (Cr + ACk) xx + T, (23)

where x;, € R™ is the state vector, y, € R™ is the output vector and w; € R"™ and v} €
R are noise signals. It is assumed that the noise signals w; and 7 are correlated and their
time-variant mean, covariance and cross-covariance are uncertain but within known bounded
sets. We assume that these known sets are described as presented previously at (20)-(21) with
the same statistical properties as (8)-(9).

Using the noise modeling (20) and (21), the system (22)-(23) can be written as

X1 = (Ag + AAR) X+ (Byi + ABy i) wi + (By i + ABy) vy, (24)
Yk = (Ck + ACk) Xk + (Dw,k + ADw,k) wy + (Dv,k + ADv,k) k. (25)

The dimensions are shown at Table (1).

Matrix or vector|Set
Xi R
Yk R
Wy R
[ R™
Ak Rﬂx XNy
Bw,k R X 7w
Bv,k R X1
Ck R Xx
Dw,k Ry XM
Dv,k R X1

Table 1. Matrices and vectors dimensions.

The model (24)-(25) with direct feedthrough is equivalent to one with only one noise vector at
the state and output equations and that wy and vy could have cross-covariance Anderson &
Moore (1979). However, we have preferred to use the redundant noise representation (20)-(21)
with wy and vy uncorrelated in order to get a more accurate upper bound for the predictor
covariance error. The nominal matrices Ay, By x, Byx, Cx, Dy and D, are known and the
matrices AAy, ABy, x, AB, x, ACk, ADy, . and AD, . represent the associated uncertainties.
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The only assumptions we made on the uncertainties is that they are additive and are within
a known set. In order to proceed the analysis it is necessary more information about the
uncertainties. Usually the uncertainties are assumed norm bounded or within a polytope. The
second approach requires more complex analysis, although the norm bounded set is within
the set represented by a polytope.

In this chapter, it will be considered norm bounded uncertainties. For the general case, each
uncertainty of the system can be represented as

AAg = HpxFarGapx (26)
ABy k= HpwkFpwkGBuw ks (27)
ABy k. := HpokFpokGpo ks (28)

ACy := Hc xFcxGe i (29)
ADw,k = HDw,kFDw,kGDw,kr (30)
ADv,k = HDv,kFDv,kGDv,k- (31)

where Hy i, Hpyk, Hpok, He ko Hpwir Hpojr Geir Gk and Gy are known. The matrices
Fa ks Fpuw s Fpoks Fc kr Fpwx and Fpy i are unknown, time varying and norm-bounded, i.e.,

T T T T T T
FaiFax = 1 FgoFpuwk < 1 FgoxFpoje < I Fc ek < L Fpg kFpwg < L Fpo cFpok < 1.

(32)
These uncertainties can also be represented at a matrix format as
[AA AByx AByk
| ACx ADy ;. ADy
_ [HaxFaxGax HpwiFuwkGpuwk HpoxFBoxGBok
| HexFexGex HpwkFpwkGpwk HpokFpokGpok
_ [Hax Hpwk Hpox O 0 0 ]
L 0 0 0 HC,k HDw,k HDv,k_
[Gar O 0
0 GBw,k 0
. 0 0 G
x diag {Fa , Fpuw s Fpoes Fo ko Fow ks FDoj } Gex 0 0 (33)
0 Gpwr O
L 0 0 GDv,k

However, there is another way to represent distinct uncertainties for each matrix by the
appropriate choice of the matrices H as follows

AAg| _ [Hagx
] = [ P G4
ABw k ] [ HBw k :l
= | Fy kG 35
[ A Dw,k ] I HDw,k w,kCw,k ( )
ABv,k ] i [ Bv,k
|:AD‘U,k | T i HDv,k Fv,ka,k/ (36)
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where the matrices F,, F, and F,; of dimensions 7y X Sy, Typk X Syks Tok X Syi are
unknown and norm-bounded, Vk € [0, N], i.e.,

ElFop <1 FyyFog <1, EpyFop < 1. (37)

X w,

Rewriting the uncertainties into a matrix structure, we obtain

{AAk ABy ABv,k] _ |:HA,kFx,ka,k Hpw kFowkGuk HpoxFoxGok
ACk ADw,k ADv,k HC,kFx,ka,k HDw,ka,ka,k HDv,ka,ka,k

Fep 0 071 [Gey 0 0
} 0 Fur O 0 Gur 0 |. (38)

_ {HA,k Hpyx Hpox
0 0 Fuil |l 0 0 Gy

Hcx Hpwr Hpok

Our goal is to design a finite horizon robust predictor for state estimation of the uncertain
system described by (24)-(37). We consider predictors with the following structure

Xg|-1 = Xo, 39)
Xey1lk = PuXpr—1 + Bu Wk + By k0 + Ky (yk — CiXyk—1 — D@y — Dvﬁk) . (40)

The predictor is intended to ensure an upper limit in the error estimation variance. In other
words, we seek a sequence of non-negative definite matrices {Fk 1 k} that, for all allowed
uncertainties, satisfy for each k

cov {ek+1\k} < Py (41)

where ¢ 1y = Xgy1 — Xpq-  The matrices @y and Kj are time-varying and shall be
determined in such way that the upper bound Py 4 |k is minimized.

4.2 A robust estimation solution
At this part, we shall choose an augmented state vector. There are normally found two options

are found in the literature:
. Xk . Xk — Xgjk—1
Xj i = |:A :| s X 1= |: ~ | ] . (42)
Xklk—1 Xklk—1

One can note that there is a similarity transformation between both vectors.  This
transformation matrix and its inverse are given by

117 . I -1
T:{OI},le{O 1}‘ (43)

Using the system definition (24)-(25) and the structure of the estimator in (40) then we define
an augmented system as

Xpp1 = (Ak + Hx,kFx,kéx,k) Xy + (gk + Hw,ka,ka,k> Wy, + BTy

+ <5k + Hv,ka,ka,k> vy + Dy, (44)
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where

N [ Bv,k 7 _ HBv,k ~

Dk N _Kva,k:| /Hv,k B |:KkHka er,k N [Gx,k 0} ’

~ [ B ~ H _ X

ol (2]
K KDy |70k T KkHDw S R

i | A Hpy g
FT K G @ — Kka KyHc x

~ [ 0 ~ 0

By = Dy . 45
k _Bwk Kkak:| l:Bv,k_Kva,k:| ( )

Consider Py 41k = c0v {X;;1}. The next lemma give us an upper bound for the covariance
matrix of the augmented system (44).

Lemma 1. An upper limit for the covariance matrix of the augmented system (44) is given by
Py_y = diag {Xo,0} and

Pk-&-l\k = Avkpk|k—1Avl’€ + EkWC,kEZ + ﬁkvc,kﬁg
~ ~ ~ ~ -1 - ~
+ ArPyk—1Giy (“711 — Gy kPk\kAGIk) Gk Pee—1 A}
+ akakaxk + zxwkHwkHwk +u kHZ,kHT (46)

-1 -1 1 nps
where a ok Yk and a, satisfy

0(;111 — ,va,kpk\k—légcﬂ,k >0, (47)
T — Gy WGl >0, (48)
a1 = GGl > 0. (49)

Proof: Since Xj, wy and vy are uncorrelated signals, and using (8), (9), (39) and (44), it is
straightforward that Py _; = diag {Xo,0} and

_ o I L _N\T
Peyae = <Ak + Hx,kFx,ka,k) Pyjx—q (Ak + Hx,kFx,ka,k>
. I T
+ (Bk + Hw,ka,ka,k) Wi (Bk + Hy kFoo i Gw,k)
. . T
+ (Dk + Hv,ka,ka,k) Vk (Dk + Hv,ka,ka,k>

Choose scaling parameters ax o ;1k and a_ satisfying (47)-(49). Using Lemma 2 of Wang
et al. (1999) and Lemma 3.2 of Theodor & Shaked (1996), we have that the sequence {Pk 1 k}

given by (46) is such that P, 41fk < Py1jx for all instants k. QED.
Replacing the augmented matrices (45) into (46), the upper bound P |k can be partitioned as

P | Pukrie Pk
k+1k — | pT P (50)
1241k +22k+1[k
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where, using the definitions presented in Step 1 of Table 2, we obtain

Piyjiapk = ArPrickAf + BBl + Mg, (51)
Piagst = AkPros®] + AxS1iCLK] + (BillesDf + ) K, (52)

Py i1k = PuProck®f + KiCiSax@f + @155 Cf K[
+ K (CiS3xC{ + DyUexD] + o) K] (53)

with

U o= [V\g" V(c),k} , (54)
Avje = HagHE o+ o, i Hpoo kH by o+ 0 g Hpo kHpo g (55)
Ao := o HexHE g + g i Hpo cHp i + 0 i Hpo kHpy 4o (56)
g = o HaHp g+ Hio cHg i+ 0 i Hio g o (57)
My = GJ, (0‘;,;11 — Gy Pri k-1 Gf,k) - G/ (58)
Pricj := Proge—1 + Proe—1MiProxje—1. (59)
Prac e := Prp k-1 + Pro k-1 MiPro k-1 (60)
Prack = Pyt + Piygi 1 MkProjii-1, (61)
S1k = Prick — Prack (62)
Sk = Prack — Pracks (63)
Sak = S1x — Sy (64)

Since Py qx = P, 11jk = 0,Vk, itis clear that if we define

ﬁk+l|k:[1 _I]Pkﬂ\k[l _I]T' (65)

then we have that P, +1Jk is an upper bound of the error variance on the state estimation.
Using the definitions (50) and (65), the initial condition for Py is Poj_1 = Xo and Pjyq|x
can be written as

Pryijk = (Ax = KeCp) Py (A — KeCr) T = (A = KiC) Prae (@ — Ki i)'
(@) — KCr) Pl (Ag — Ky Ci) " + (@ — KiCr) Pr1 (@ — KieCr) "
(Bwk = KiDuwx) Wek (Buwjk — KkDu ) !
(Box — KDy k) Ver (Boj — Kva,k)T
+ oy} (Hajx— KeHer) (Hax —x Hex) '
+ “;}( (Hpaw — KeHpuw i) (Hpw e — KkHDw,k>T
o4 (Hgok — KkHpox) (Hpox — KeHpog) ' - (66)

—+
+

+ «
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Note that Py +1Jk given by (66) satisfies (41) for any @, and Kj. In this sense, we can choose

them to minimize the covariance of the estimation error given by Py 11Jk- We calculate the first
order partial derivatives of (66) with respect to ®; and Ky and making them equal to zero, i.e.,

ai Pyqp =0 (67)
iﬁk+1|k =0. (68)
9K,
Then the optimal values ®; = @} and K = K|/ are given by
Ki = (ASicl +¥1x) (Cesicl +Y2,k)+, (69)
O = Ax+ (A — KiCo) (PrackPhy — 1) (70)
where
Sk 1= Prick = PrackPhckPlac s (71)
Y1k = BugWerDi i + BoxVex Doy + i, (72)
Yo = D Wer Doy i + Do Vex Doy + Ao (73)

Actually ®; and K; provide the global minimum of Py +1Jk- This can be proved though the

convexity of Py +1]k at (66). We first have that B, 11k > 0, Wy > 0 and Vi > 0,Vk. Then we
calculate the Hessian matrix to conclude that we have the global minimum:

e
32¢ Priajk m Pri _ | 2Pojk-1 2CkSak

He (P, =
( k+1\k> 251, Cl CiSkCl + Y3

P [Kk & Priak asz Priajk

At the previous equations we used the pseudo-inverse instead of the simple matrix inverse.

. o g g _ T _ _
Taking a look at the initial conditions Py 1 = Plz,o\fl = Pypyg-1 = 0, one can note that
Py o = 0 and, as consequence, the inverse does not exist for all instant k. However, it can be
proved that the pseudo-inverse does exist.

Replacing (70) and (69) in (52) and (53), we obtain
Pro ik = P1Tz,k+1|k = Pyji1k =
= AxProci Pyl Pho AT + (AkSkaT + ‘i’l,k) (CkSkaT + ‘fz,kf (AkSkaT + ‘I’Lk) " s
Since (74) holds for any symmetric Py, 1y, if we start with a matrix P, 1|, satisfying Py ,, 1), =

T
P12 n+1ln

The equality allows us some simplifications. The first one is

= Py 41|y for some n > 0, then we can conclude that (74) is valid for any k > n.

_ _ _ _ 1
Sk = Pek—1:= Prjk—1 + Pre—1Goy (0‘;,;11 = Gy iPrk—1 G,T,k) Gk Prjc-1- (75)

In fact, the covariance matrix of the estimation error presents a modified notation to deal with
the uncertain system. At this point, we can conclude that «, ; shall now satisfy

a;;I — Gy Py 1Gry > 0. (76)
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Using (74), we can simplify the expressions for @, K} and Py +1Jk- We can define @y given in
Step 4 of Table 2 as & = ®;. The simplified expression for the predictor gain is given by

K;: = (Akﬁc,k|k—1cg +T1/k> (Ckpc,k‘kilclz_’_‘},z,k)‘l'l

which can be rewritten as presented in Step 4 of Table 2. The expression for the Riccati
equation can be written as

P = (A — KiCo) Pogpn (A — KiCo)"

Bu — KiDajt) We (Buk — KiDui)
Buk — KiDog) Ver (Buok — Ki Do)

a y (Hak — KfHex) (Hax — KfHeg) !

+ ay i (Hpok — K¢ Hpuk) (Hpawk — KiHpa) "
+ oy} (Hpok — K Hpok) (Hpox — KiHpog) "

Replacing the expression for K in Py +1]k» we obtain the Riccati equation given in Step 5 of
Table 2.
Using an alternative representation, remember the predictor structure:

+(
+

+

Xey1lk = PuXpr—1 + BukWk + By k0 + K (yk — CiXyk—1 — D@y — Dvﬁk) . (77

Replace @; into (77) to obtain
Xer1lk = AckXpjk—1 T BuwxWk + By 0k + K <yk = CoxXkfk—1 — Du ik — Dv,k5k> , (78)
where

D T -1 ) T -1
Ack = A+ APrr1Gy (ﬂﬁx,kl - Gx,kpk|k71Gx,k> G s (79)

> T (-1 > T\ !
Cox = Ce + CkPyp1Giy (11 = GexPrp_1GLy ) G (80)

Once again, it is possible to obtain the classic estimator from the structure (79)-(80) for a system
without uncertainties.

5. Numerical example

At this section we perform a simulation to illustrate to importance to consider the
uncertainties at your predictor design.

One good way to quantify the performance of the estimator would be using its real variance
to the error estimation. However, this is difficult to obtain from the response of the
model. For this reason, we approximate the real variance of the estimation error using the
ensemble-average (see Ishihara et al. (2006) and Sayed (2001)) given by:

oo s} = 1 (o) - £ {e2})° @
()}~ Ly, (52)

j=1
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Step 0 (Initial conditions): Xo|_; = ¥p and Py_; = Xo.

Step 1: Obtain scalar parameters «, ;, &, and a,,; that satisfy (76),
(48) and (49), respectively. Then define

o T -1 T 1 T
M=o HagHe o+  Hpo kHpgy i+ 0 HokHpy, 1
M T | T 1 T
D=y HepHe  +a, kHDw,kHDw,k + o, HpocHpy s
. T T A T
A3,k = (Xx,kHA kH k + “ HBw/kHBw,k + ’xv,k HBvrkHBU,k'

Step 2: Calculate the corrections due to the presence of uncertainties

-1

_ _ _ » _ _

Pe k-1 = Prjk—1 + Pie—1G1y (“x,kl - Gx,kpk\k—lGI,k> G Prk-1,
-1

Wi == Wi + WiGT (o ( V= GuiWiGT L) GupWi.

w,k

Vek = Viet+ ViGT (ay 11 = GoxiGl,)  GoxVi,
Step 3: Define the augmented matrices

By = [Bw,k Bv,k} , Dy = [Dw,k Dv,k} ’ uc,k = ditlg {Wc,kr Vc,k} .

Step 4: Calculate the parameters of the predictor as

_ _ t

Ky = (Akpc kk—1C{ + Bl DI + 8 k) <Ckpc,k\k71CkT + Dl D+ AZ,k) ,
_ 1

Dy = Ap + (Ax — KiCr) Pr1 G ( a I — Gx,kpk\kflcz,k) G-

Step 5: Update {)?k+1‘k} and {Fkﬂ‘k} as

Xpgk = PoXpk—1 + BuxWk + By Tk + K (}/k = CiXkjk—1 — Doy — Dy kvk>
Pyape = AkPep1 AL + BllexBL + Az

— (AP 1T + B1x) (CePogaCF + DillesDf + Aoe) ' (AkPerpaCY + A1) !
Table 2. The Enhanced Robust Predictor.
where el(]k) is the i-th component of the estimation error vector e,((j ) of the realization j defined
as

(). 0 _ 50
e =X Xy (83)
Another way to quantify the performance of the estimation is though covariance ellipses. The
use of covariance ellipses allows us to visualize the variance and the cross covariance of a
system with two states.
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Consider the benchmark model, used for instance in Fu et al. (2001) and Theodor & Shaked
(1996), where we added uncertainties in order to affect every matrix of the system,

. _ 0 —-0.5 ot —6 w
17 140, 140364 | F T [14016,, | F
Yk = [ —100+ 56, 10+ 1.55,(” Xy + 1006, vk,
where §,, ; varies uniformly at each step on the unit interval for n = x,w,v. We also use

Wy = 0.1, 7 = 0.9, Wy = 0.1 and V}, = 2 with initial conditions ¥y = [2 1]T and Xy = 0.11.
The matrices associated to the uncertainties are given by

0 0 0
= [3] r[3] ]
Hcyx =50, Hpyx =0, Hpyx = 100,
Gx,k = [01 003} , Gw,k = 00]_’ Gv,k =1. (84)

The scalar parameters are calculated at each step as

Dé;,; = Omax {Gx,kpk\kflcxjﬂ,k} + €y, (85)
0‘;}( = Omax {Gw,kaGZE,k} + €w, (86)
DC;,; = Omax {Gv,kaGg’k} =+ €v, (87)

where 0y {®} indicates the maximum singular value of a matrix. Numerical simulations
show that, in general, smaller values of €y, €, and €, result in better bounds. However, this
can lead to bad inverses calculation. In this example, we have chosen €y = € = €, = 0.1.
The mean value of the covariance matrices obtained over 500 experiments at k = 1500 for the
robust predictor and the classic predictor are

= 144 -22.7| = 3.6 —0.6
Probust = 227 764 |’ Pclassic = —06 0.1 .

Fig. 2 shows the time evolution of the mean value (over 500 experiments) of both states and
of their estimated values using the classic and the robust predictors.. It can be verified that
the estimates of the classic predictor keep oscillating while the robust predictor reaches an
approximate stationary value. The dynamics of the actual model also presents approximate
stationary values for both state. It means that the robust predictor were able to better estimate
the dynamics of the model.

The covariance ellipses obtained from both predictors and the actually obtained states at
k = 1500 are shown at Fig. 3. Although the size of the ellipse is smaller for the classic
Kalman predictor, some states of the actual model are outside this bound. Fig. 4 presents
the time evolution of the error variances for both states of the system. The error variances
were approximated using the ensemble-average, defined in Sayed (2001).

The proposed filter reaches their approximate stationary states after a few steps while the
Kalman filter did not. Fig. 4 also shows that the actual error variance of the proposed filter
is always below its upper bound. Although the error variance of the Kalman filter is lower
than the upper bound of the robust estimator, the actual error variance of the Kalman filter is
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above its error variance prediction, i.e., the Kalman filter does not guarantee the containment
of the true signal y. This is a known result and it is presented in Ghaoui & Clafiore (2001).
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Fig. 2. Evolution of state 2 and its robust estimates.
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Fig. 3. Mean covariance ellipses after 1500 experiments.
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A comparison with using the robust predictor presented here and another predictor found

The results presented therein show that the enhanced

predictor presented here provides a less conservative design, with lower upper bound and
lower experimental value of the error variance.

6. Conclusions

This chapter presented how to design robust predictor for linear systems with norm-bounded
and time-varying uncertainties in their matrices. The design is based on a guaranteed cost
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Fig. 4. Error variances for uncorrelated noise simulation.

approach using the Riccati equation. The obtained estimator is is capable of dealing with
systems that present correlated dynamical and measurement noises with unknown mean and
variance. In most of real life applications this is a common situation. It is also remarkable that
the separated structure for the noises allows the estimator to have a less conservative upper
bound for the covariance of the estimation error.

Further studies may include the use of approach of this chapter to design estimators for
infinite time horizon discrete systems. Future studies may also investigate the feasibility to
design a estimator for a more general description of systems: the descriptor systems.
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Stochastic Optimal Tracking with
Preview for Linear Discrete Time
Markovian Jump Systems

Gou Nakura
56-2-402, Gokasyo-Hirano, Uji, Kyoto, 611-0011,
Japan

1. Introduction

It is well known that, for the design of tracking control systems, preview information of
reference signals is very useful for improving performance of the systems, and recently
much work has been done for preview control systems [Cohen & Shaked (1997); Gershon et
al. (2004a); Gershon et al. (2004b); Nakura (2008a); Nakura (2008b); Nakura (2008c); Nakura
(2008d); Nakura (2008e); Nakura (2009); Nakura (2010); Sawada (2008); Shaked & Souza
(1995); Takaba (2000)]. Especially, in order to design tracking control systems for a class of
systems with rapid or abrupt changes, it is effective in improving the tracking performance
to construct tracking control systems considering future information of reference signals.
Shaked et al. have constructed the Heo tracking control theory with preview for continuous-
and discrete-time linear time-varying systems by a game theoretic approach [Cohen &
Shaked (1997); Shaked & Souza (1995)]. Recently the author has extended their theory to
linear impulsive systems [Nakura (2008b); Nakura (2008c)]. It is also very important to
consider the effects of stochastic noise or uncertainties for tracking control systems. By
Gershon et al., the theory of stochastic Ho tracking with preview has been presented for
linear continuous- and discrete-time systems [Gershon et al. (2004a); Gershon et al. (2004b)].
The Heo tracking theory by the game theoretic approach can be restricted to the optimal or
stochastic optimal tracking theory and also extended to the stochastic Hoo tracking control
theory. While some command generators of reference signals are needed in the papers
[Sawada (2008); Takaba (2000)], a priori knowledge of any dynamic models for reference
signals is not assumed on the game theoretic approach. Also notice that all these works have
been studied for the systems with no mode transitions, i.e., the single mode systems.
Tracking problems with preview for systems with some mode transitions are also very
important issues to research.

Markovian jump systems [Boukas (2006); Costa & Tuesta (2003); Costa et al. (2005); Dragan
& Morozan (2004); Fragoso (1989); Fragoso (1995); Lee & Khargonekar (2008); Mariton
(1990); Souza & Fragoso (1993); Sworder (1969); Sworder (1972)] have abrupt random mode
changes in their dynamics. The mode changes follow Markov processes. Such systems may
be found in the area of mechanical systems, power systems, manufacturing systems,
communications, aerospace systems, financial engineering and so on. Such systems are
classified into continuous-time [Boukas (2006); Dragan & Morozan (2004); Mariton (1990);
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Souza & Fragoso (1993); Sworder (1969); Sworder (1972)] and discrete-time [Costa & Tuesta
(2003); Costa et al. (2005); Lee & Khargonekar (2008); Fragoso (1989); Fragoso et al. (1995)]
systems. The optimal, stochastic optimal and Heo control theory has been presented for each
of these systems respectively [Costa & Tuesta (2003); Fragoso (1989); Fragoso et al. (1995);
Souza & Fragoso (1993); Sworder (1969); Sworder (1972)]. The stochastic LQ and Heo control
theory for Markovian jump systems are of high practice. For example, these theories are
applied to the solar energy system, the underactuated manipulator system and so on [Costa
et al. (2005)]. Although preview compensation for hybrid systems including the Markovian
jump systems is very effective for improving the system performance, the preview tracking
theory for the Markovian jump systems had not been yet constructed. Recently the author
has presented the stochastic LQ and Hew preview tracking theories by state feedback for
linear continuous-time Markovian jump systems [Nakura (2008d) Nakura (2008e); Nakura
(2009)], which are the first theories of the preview tracking control for the Markovian jump
systems. For the discrete-time Markovian jump systems, he has presented the stochastic LQ
preview tracking theory only by state feedback [Nakura (2010)]. The stochastic LQ preview
tracking problem for them by output feedback has not been yet fully investigated.

In this paper we study the stochastic optimal tracking problems with preview by state
feedback and output feedback for linear discrete-time Markovian jump systems on the finite
time interval and derive the forms of the preview compensator dynamics. In this paper it is
assumed that the modes are fully observable in the whole time interval. We consider three
different tracking problems according to the structures of preview information and give the
control strategies for them respectively. The output feedback dynamic controller is given by
using solutions of two types of coupled Riccati difference equations. Feedback controller
gains are designed by using one type of coupled Riccati difference equations with terminal
conditions, which give the necessary and sufficient conditions for the solvability of the
stochastic optimal tracking problem with preview by state feedback, and filter gains are
designed by using another type of coupled Riccati difference equations with initial
conditions. Correspondingly compensators introducing future information are coupled with
each other. This is our very important point in this paper. Finally we consider numerical
examples and verify the effectiveness of the preview tracking theory presented in this paper.
The organization of this paper is as follows: In section 2 we describe the systems and
problem formulation. In section 3 we present the solution of the stochastic optimal preview
tracking problems over the finite time interval by state feedback. In section 4 we consider
the output feedback problems. In section 5 we consider numerical examples and verify the
effectiveness of the stochastic optimal preview tracking design theory. In the appendices we
present the proof of the proposition, which gives the necessary and sufficient conditions of
the solvability for the stochastic optimal preview tracking problems by state feedback, and
the orthogonal property of the variable of the error system and that of the output feedback
controller, which plays the important role to solve the output feedback problems.

Notations: Throughout this paper the superscript ' stands for the matrix transposition, |- |
denotes the Euclidean vector norm and |v[% also denotes the weighted norm vRv. O
denotes the matrix with all zero components.

2. Problem formulation

Let (©, F, P) be a probability space and, on this space, consider the following linear discrete-
time time-varying system with reference signal and Markovian mode transitions.
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X(k+1) = Ay ) (K)x(K) + Gy mae) (k) @4 (k) + Bog me) (k) ug (k) +Bag me) (k)1 (k)
z4(k)= Cldmk)(k)x(k)+D12dmk)(k)ud(k)+Dl3dm (k)rd(k) @
Y (k) = Cog iy (k) X (k) + Hy i (k) @4 (k)

x(0)=x, m(0) =i,

where xe R"is the state, g e de is the exogenous random noise, u 4e R™ is the control
input, zq e R¥ is the controlled output, rq(-) € R™ is known or measurable reference signal
and ye R" is the measured output. xp is an unknown initial state and ip is a given initial
mode.

Let M be an integer and {m(k)} is a Markov process taking values on the finite set
¢={1,2, ---,M} with the following transition probabilities:

P{m(k+1)=j | m(k)=i}:= paq,ij(k)
where pq,ij(k)20 is also the transition rate at the jump instant from the mode i to j, i #j, and
Z?’il Pai(k)=1- Let Pa(k) =[ p4,j(k)] be the transition probability matrix. We assume that all

these matrices are of compatible dimensions. Throughout this paper the dependence of the
matrices on k will be omitted for the sake of notational simplicity.
For this system (1), we assume the following conditions:
A1: Di2dm@(K) is of full column rank.
A2: D124,m@' (k)C1d,mao(k)=0, D12d4,m(' () D13a,m(k)=O
A3: Eix(0)}=po, E{oa(k)}=0,

Eloa(k)od' (k)1 ma=} =X

E{x(0)x'(0) Lim)=1y 1 }= Q;, (0),

E{O) ( )X (0) m(0)= 10 } O,

E{aa(k)x (1<)1 m(o=il}=0,

Efoa(k)ud'(K)Lima=i}=0,

E{oa(k)rd'(K)1ima=3}=O
where E is the expectation with respect to m(k), and the indicator function 1maqy=i;:=1 if
m(k)=i, and 1{m(k):i)3=0 if m(k)#i.
The stochastic optimal tracking problems we address in this section for the system (1) are to
design control laws ug(-) € 1[0,N-1] over the finite horizon [0,N], using the information
available on the known part of the reference signal rq(-) and minimizing the sum of the
energy of zy(k), for the given initial mode ip and the given distribution of xo. Considering the
stochastic mode transitions and the average of the performance indices over the statistical
information of the unknown part of r4, we define the following performance index.

[\/]z

Jan (%o, uqrs) = E{ 7 Cad me ()X (k) + Dyag g (k)1 (k) )

k

' @
Z, |D12dm )(k)ud(k)|2}}

Ex- means the expectation over Risn, h is the preview length of rq(k), and Ri denotes the
future information on rq at the current time k, i.e., Rk :={rg(l); k<I<N}. This introduction of
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ER—k means that the unknown part of the reference signal follows a stochastic process,
whose distribution is allowed to be unknown.

Now we formulate the following optimal fixed-preview tracking problems for the system (1)
and the performance index (2). In these problems, it is assumed that, at the current time k,
r4(l) is known for 1 < min(N, k+h), where h is the preview length.

The Stochastic Optimal Fixed-Preview Tracking Problem by State Feedback:

Consider the system (1) and the performance index (2), and assume the conditions A1, A2
and A3. Then, find u; minimizing the performance index (2) where the control strategy
(k), 0<k <N-1, is based on the information Ri+n:={rq(l); 0 <1< k+h} with 0<h <N and the
state information Xi:={x(l); 0 <1<k}.

The Stochastic Optimal Fixed-Preview Tracking Problem by Output Feedback:

Consider the system (1) and the performance index (2), and assume the conditions Al, A2
and A3. Then, find u; minimizing the performance index (2) where the control strategy 1,
(k), 0=k <N-1, is based on the information Ri+n:={rq(l); 0 <1< k+h} with 0<h <N and the
observed information Yi:={y(l); 0 <1<k}.

Notice that, on these problems, at the current time k to decide the control strategies, R+, can
include any noncausal information in the meaning of that it is allowed that the future
information of the reference signals {rq(l); k <1 < k+h} is inputted to the feedback controllers.

3. Design of tracking controllers by state feedback

In this section we consider the state feedback problems.
Now we consider the coupled Riccati difference equations [Costa et al. (2005); Fragoso
(1989)]

Xi(k)=Aq, K)Ei(X(k+1),k)Aq,i(k)+C14, C1q,i-F2, T2,iF2;(k), k=0, 1, - (3)

where E;(X(k+1),k)= Zj\il Pa,ij (k) Xy (k+1), X(k)=(Xa(K), -+, Xm (K)),

Ty,i (k) =Diag,i Diaa i +Baa,i i (X(k+1), k) Byg 5,
Ry (k) =By Ei(X(k+1),k)Ay;,
Ey; (k) =-Ty R, (k)

and the following scalar coupled difference equations.

a; (Q)=Ei( & (k+1),K)+r{Ga,XiGai ‘B (X (k+1),k)} )

where Ei( « (k+1),k)= zjl\ilpd,zj(k)' aj(k+l) and a (k)=(a; (k), ..., ay (k).

Remark 3.1 Note that these coupled Riccati difference equations (3) are the same as those for
the standard stochastic linear quadratic (LQ) optimization problem of linear discrete-time
Markovian jump systems without considering any exogeneous reference signals nor any
preview information [Costa et al. (2005); Fragoso (1989)]. Also notice that the form of the
equation (4) is different from [Costa et al. (2005); Fragoso (1989)] in the points that the
solution « (-) does not depend on any modes in [Costa et al. (2005)] and the noise matrix Gq
does not depend on any modes in [Fragoso (1989)].
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We obtain the following necessary and sufficient conditions for the solvability of the
stochastic optimal fixed-preview tracking problem by state feedback and an optimal control
strategy for it.

Theorem 3.1 Consider the system (1) and the performance index (2). Suppose Al, A2 and
A3. Then the Stochastic Optimal Fixed-Preview Tracking Problem by State Feedback for (1)
and (2) is solvable if and only if there exist matrices Xi(k)=O and scalar functions ¢, (k), i=1,
-, M, satisfying the conditions Xi(N)=Ciq,'(N)C14i(N) and «; (N)=0 such that the coupled
Riccati equations (3) and the coupled scalar equations (4) hold over [0,N]. Moreover an
optimal control strategy for the tracking problem (1) and (2) is given by

1y (K)=F2,i(K)X(k)*+Duyi(K)ra(k)+Dou,i(K)Ei( 6. (k+1),k) for i=1, --,M

where Dyi(k)=-T;? (K)BaEi(X(k+1),k)Bsa; and Deyi(k)=-T;} (K)Bai. 6,

L (K), i=1, M,
k € [0,N] satisfies

0.(k)= Zd,i’(k)Ei(e(k +1),k)+ Ba,i (K)ry(k),

, 5)
o, (N) = Cld,i DlSd,ird (N)

where E(0 (k1))=Y p, (k) 0; (<+1) and 0 (9=(6, (9, = Oy (),
Zdﬂ"(k) =Aq;— D&u,i,T2,iF2,i (k),

Ed,f (k) =A4,;" E (X(k + 1)rk)B3d,i -5 ;Dy (k) +Ci4,iDiza

and 6, ; (k) is the 'causal' part of 6, (-) at time k. This 6, ; is the expected value of 8, over Rk
and given by

0, (1)= Aai’(1)E;(0,(1+1),1)+ Bai ()14 (1), k+1<1 <k +h,
6,(k+h+1)=0ifk+h<N-1 ©)
0.;(k+h+1)=Cy4;Dyaqtq(N), k+h=N

where E(6, (k+DK)= 3 (k) 6. (c+D) and 6, ()=(0,, (%), = 6 (K)
Moreover, the optimal value of the performance index is
Jan (X0, 15 ,14) = tr{Q; X, } +a; (0)+ E(Eg (26, "xo}}
N-1 -
E( Y Ex 11T 0D oumi) () Emgo (07 (k +1),K) P+, (1)
k=0

where 6,1y (K)= 0,5 (K)- G, ) (), k€ [ON],
Bi( 0. (k+1)k)= Z?Alpd i(k) O, (k¥1), 6 ()=(6;1 (K), -+ O (K)) and

]d(rd):E{Ea{|D13d,m(N)(N) }+E{Z Ex A1 T3P ou m) (K) Em (€ +1), k) P

2Em(k)(9 (k+1) k)D‘gu m( )'Tz m(k)Du m(k) (k)rd (k)
+2E 6 (0 (K+1), K)Bg mqie) (K )1 (K) # g e iy (T )}} ’
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Jakmee) (Ta) = rdI(k)[_Du,m(k)ITZ,m(k)Du,m(k) (k) +Bsg,m@) Emao) (X(k + 1)'k)B3d,m(k)
+D134,m (k) lDlSd,m(k):|rd (k).

(Proof) See the appendix 1.

Remark 3.2 Note that each dynamics (6) of 6,;, which composes the compensator
introducing the preview information, is coupled with the others. It corresponds to the
characteristic that the Riccati difference equations (3) are coupled with each other, which
give the necessary and sufficient conditions for the solvability of the stochastic optimal
tracking problem by state feedback.

Next we consider the following two extreme cases according to the information structures
(preview lengths) of rq:

i.  Stochastic Optimal Tracking of Causal {ra(-)}:

In this case, {rq(k)} is measured on-line, i.e., at time k, rq4(l) is known only for I<k.

ii. Stochastic Optimal Tracking of Noncausal {rq(-)}:

In this case, the signal {rq(k)} is assumed to be known a priori for the whole time interval
ke [O,N].

Utilizing the optimal control strategy for the stochastic optimal tracking problem in
Theorem 3.1, we present the solutions to these two extreme cases.

Corollary 3.1 Consider the system (1) and the performance index (2). Suppose Al, A2 and
A3. Then each of the stochastic optimal tracking problems for (1) and (2) is solvable by state
feedback if and only if there exist matrices Xj(k) 2O and scalar functions ¢; (k), i=1, -, M,
satisfying the conditions Xj(N)=Ciq,'(N)C14,i(N) and «; (N)=0 such that the coupled Riccati
difference equations (3) and the coupled scalar equations (4) hold over [0,N]. Moreover, the
following results hold using the three types of gains

Kaxi(k)=F2i(k), Krg,i(k)=Dy,i(k) and Kq,,i(k)=Dey,(k) for i=1, ---, M.
i.  The control law for the Stochastic Optimal Tracking of Causal {rq(-)} is
ud,s1(k)=Ka xi(K)x(k)+Krq,i(k)rg(k) for i=1, -, M

and the value of the performance index is

Jan(xo, ugst, ra)=tr{ Q; X; }+ @ (0)+E{ Ex- {26, "xo}}
N-1 _

+E( 3, Eg {l Ty Doum(0)Emao( 0 (k +1),K) P B+ ] (ra).
k=0

ii. The control law for the Stochastic Optimal Tracking of Noncausal {rq(-)} is
ug,52(K) =K x,i(K)x (k) +Krq,i(k)ra(k) +Kge,i(k)Ei( @ (k +1) k) for i=1, -, M
with 6, (-) given by (5) and the value of the performance index is
Jan(xo, ugs2, ra)=tr{ Q; X; 1+ e (0)+26, “po+ T4 (xa).

(Proof)
i. In this causal case, the control law is not affected by the effects of any preview
information and so 6, (k)=0 for all ke [0,N] since the each dynamics of 6,; becomes
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autonomous. As a result we obtain & (k)=6. (k) for all ke [0,N]. Therefore we obtain
the value of the performance index Jan(Xo, Ud,s1, Iq)-

ii. In this noncausal case, h=N-k and (5) and (6) becomes identical. As a result we obtain
6 (k)= 6. (k) for all k € [0,N]. Therefore we obtain 8. (k)=O0 for all k € [0,N] and the value
of the performance index Jan(Xo, Ug,s2, rd). Notice that, in this case, we can obtain the
deterministic value of ¢, (0) using the information of {r4()} until the final time N and so
the term E{ Er- {2 o, xo}} in the right hand side of (7) reduces to 26, “po. (Q.E.D.)

4. Output feedback case

In this section, we consider the output feedback problems.
We first assume the following conditions:

A4: Gamp)(K)Hd,m@' (k)=O, Ha,ma)(k)Hd,m'(k)>O
By the transformation
Ud,c (k):=u q(k)-Dy,i(k)ra(k)-Deu,i(k)Ei( 6, (k+1),k)

and the coupled difference equations (3) and (4), we can rewrite the performance index as
follows:

JdN(XO,;drCrrd):tr{QiOXi }+a (0)
E{E (26, xo}}

0

1
{Z Ex. {uae( K) = By () (K)X(K)-D gy i) (k) Emgiy (0 (k +1),k) |%2/m(k)}}

k=0

+]d( 1)

and the dynamics can be written as follows:
x(k+1)=Admpg (K)X(K)+Get g (K0 (k) B mitg (k) thtc (K)+ 7 (K)
where
7d,¢ (K)=Bad m({Dum(e) (K)Ta (k) +Dou,m( (K) Emgg (6, (k+1),K)}+Bsa mge (K)ra(K).

For this plant dynamics, consider the controller

R, (K+1)= Ay o (K)&, (K) + Bog e (K) e (k)
+B3d,m(k) (k);dc (k) - Mm(k) (k)[Y(k) - CZd,m(k) Ae (k)
%(0)=E{Eg {xo}f = o, #aer (K) =B g ()% (K)

where M) are the controller gains to decide later, using the solutions of another coupled
Riccati equations introduced below.
Define the error variable

—_
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and the error dynamics is as follows:
e(k+1)=Ad () (K)e(k)+Gd m (k) @a(k) Mgy () [y (k)-Caamao %, ()]
=[AdmE)tMmCad m(] (K)e(k)+[Gd,mp+MmmxHa,mp] (k) oa(k)
Note that this error dynamics does not depend on the exogenous inputs uq nor ry. Our
objective is to design the controller gain Mmg) which minimizes

Jan(xo, g e+, ra)=tr{ Q; X; 1+ a; (0)+E{ Ex 126, "xol}

N-
Z & Famp(K)e(k)
“Deoumo(K)Emag (6 (k +1),k) I%M(k) W+ T, (1a)

Notice that e(k) and Eng)( 6. (k +1),k) are mutually independent.

We decide the gain matrices Mj(k), i=1, -, M by designing the LMMSE filter such that
N-1

Lo E{ ER7 {le(k) |2 }} is minimized. Now we consider the following coupled Riccati

difference equations and the initial conditions.
k+1 Z Pa,ij [Adl ((K)Agi = Aq,Yi(k)Cog,i"(Hg,Hg i m; (k)
ie](k (9)
+Ca, i (K)Caq,i ) Cag i Y (K) Ay +11; (k)Gd,iGd,i,J/
Y (0) =10 (0)(Qio = Hoty')
where
. M M .
mi(k):=P{m(k)=i}, Z]-:l Pa,ij(k) =, Zi:1 m; (k) =1, J(k):={i e N; m(k)>0}.
These equations are also called the filtering coupled Riccati difference equations [Costa &

Tuesta (2003)].
Now since

E{ Ex- {e(0)}}=E{ Ex- {xo}-E{ Ex {xo}}}=E{ Ex- xo}}-po=0
and r4,c (0) is deterministic if rq(l) is known at all 1 € [0,k+h],

El Eg. 1e(0) 7. '(O)Limor-sll=(O)B{ Ex; (e(0)}} ra.'(0)=0

0

and so we obtain, for each ke [0,N],
E{ Eg- {e(®) rae () Limo=)}=m(k)E{ Eg {e()}} ra.'()=O.

Namely there exist no couplings between e(-) and r4,c (-). The development of e(-) on time k
is independent of the development of 4. () on time k. Then we can show the following
orthogonal property as [Theorem 5.3 in (Costa et al. (2005)) or Theorem 2 in (Costa & Tuesta
(2003))] by induction on k (See the appendix 2).
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E{ Eg; {e(9 &, () Limto=a}}=O 0

Moreover define

(k):==E{ Eg- e(k)e'(K) Limpo=i}}

and then we can show

Yi(k)=Y; (k).

From all these results (orthogonal properties), as the case of rq(-)=0, using the solutions of
the coupled difference Riccati equations, it can be shown that the gains M) minimizing Jan
are decided as follows (cf. [Costa & Tuesta (2003); Costa et al. (2005)]):

-Ay,; Y (K)Cyq,"(Hg Hq, T i(k)+C2d,iYi(k)C2d,i,)_1 forieJ(k)
M; (k) = 11)
0 forie]J(k)

Finally the following theorem, which gives the solution of the output feedback problem,
holds.

Theorem 4.1 Consider the system (1) and the performance index (2). Suppose Al, A2, A3
and A4. Then an optimal control strategy which, gives the solution of the Stochastic Optimal
Fixed-Preview Tracking Problem by Output Feedback for (1) and (2) is given by the
dynamic controller (8) with the gains (11) using the solutions of the two types of the coupled
Riccati difference equations (3) with Xi(N)=Ci4'(N)Cia,i(N) and (9) with Yi(0)= m(0)(Q;, -

Hoo').
Remark 4.1 Notice that

Bl Eg{| za0) P = Y10 (CraiCuad’ Bl B (XX () Timag-i
+E{ Eg- {| D12amg (K)u a(K) |* +2x'(K)Cra, Disara(K)}}-

Then, with regard to the performance index, the following result holds.

EEEHM&WH%M*Hi&WH+Ziﬂﬂmﬂﬂﬁw?
+E{ Z Ex, k)C14,i D13d,ird(K) L {mao=i)}}
where
z, (K)=Ciam@ £, () +D12dmag (k) a(k)+D1sd mao(K)ra(k)

and we have used the property

E{ ERT( {X(k)X'(k)l{m(k)=i;}}=E{ ERT {e(k)e‘(k)llm(k)=i}}}+E{ ERT( {QACL, (k) JACL, '(k)l[m(k)=i}}}

= Yi(k)+ E{ E- { %, (K) X, '(K)Tjmeo-i}}

by the orthogonal property (10).



120 Discrete Time Systems

Note that the second and third terms in the right hand side do not depend on the input ug.
Then we obtain

N
Jan (Xo,ud,rd):E{Z[ERjH +ZZ 1 {Cldl f k)Cld,i’}
k=0
+ Zf\jl Eg {2e'(k)Cyq,i' Dyaq it (k) Lim(i)=iy 111 (12)

+1CigmyX(N) + Disg mnyta (N) P}

Ez Al 2. (k) *} subject to the

M=z

Therefore minimizing (12) is equivalent to minimizing E{

k=0

dynamics
&, (k1) =Admo(K) &, (K)+Baamtg (k) tia.er (K)+ 7 () Mango(R)V(K), %, (0)= Eg- {xo}=po

where

V(k)=y (k)-Caamp) z, (k)
and ud,c* (K) is the state feedback controller with the form
Kaxi(k) %, (k)+Kra,i(k)ra(k)+Kaei(k)Ei( 8 (k +1),k) for some gains Kyyi Keai and Kgpi Note
that the term M (k)v(k) plays the same role as the "noise" term Gg,m)(k)od(k) of the plant
dynamics in the state feedback case.
Remark 4.2 As the case of ry(-)=0, the separation principle holds in the case of rq(-)#0.
Namely we can design the state feedback gains F2 ma(k) and the filter gains M) separately.
Utilizing the optimal control strategy for the stochastic optimal tracking problem in
Theorem 4.1, we present the solutions to the two extreme cases.
Corollary 4.1 Consider the system (1) and the performance index (2). Suppose Al, A2, A3
and A4. Then optimal control strategies by output feedback for the two extreme cases are as
follows using the solutions of the two types of the coupled Riccati difference equations (3)
with Xi(N)=Cy4, (N)C143(N) and (9) with Y;(0)= m(0)( Q;, -popo’):
i.  The control law by output feedback for the Stochastic Optimal Tracking of Causal {r4(-)} is

2, (k+1)=Aqma(K) 2, (k) +Baamao(k) a1+ (K)+ 74,1 (k) -Mingo(k)v(K)
%, (0)=po

a1 (K):=u 4(k)-Dy,(K)ra(k)

ud, 1+ (K)=Famp(K) £, (k)

74,1 (K)=Badmg Duum(o (K)ra(k)+Bad msg (K)ra(k)

and the value of the performance index is
Jan(Xo, ta+ , Ta)=tr{ Q;, X, 1+ i, (O)+E{Ex- {26, "xol}
N-1
E( Y Ex: {| F2amgo(k)e(k)
k=0

Dousmpo®Eno( 0 (kDK E P+, (1.
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ii. The control law by output feedback for the Stochastic Optimal Tracking of Noncausal
{ra()} is
£, (k+1)=Admo (k) 2, (K)*+Baamgo(k) a2+ )+ 7,2 ()-Mumgo (k) V(K)
% (0)=ho
U (k):= u 4(k)-Du,i(K)ra(k)-Doui(k)Ei( 6 (k+1),k)
a2+ (K)= Fomao(K) %, (K)
74,2 (K)=Bad m({Du,m(io (k) a (k) + Do, () Emgio € (k+1),K)HBsa i (k) ra(k)

and the value of the performance index is

— N- -
Jan(xo, uao+, ra)=tr{ Q; X; }+a; (0)+ 26, “potE{ z Ex- {1 Fam(K)e(k) |%2,m(k) B T4 (ra).

(Proof) As the state feedback cases, 6, (k)=0, i.e., 8 (k)=6. (k) for all ke [0,N] in the case i),

and @ (k)= 6. (k), i.e., 8. (k)=0 for all k e [0,N] in the case ii).
5. Numerical examples

In this section, we study numerical examples to demonstrate the effectiveness of the
presented stochastic LQ preview tracking design theory.

We consider the following two mode systems and assume that the system parameters are as
follows. (cf. [Cohen & Shaked (1997); Shaked & Souza (1995)].):

X(k+1)=Ag ma (k X(k)"'Gd(k)a)d (k) +Bag (k) ug (k) +Bag,mqe) (k)ra (k)

x(
x(0)=xo,m(0) =iom(k)=1 13)
zq(k)= Cldmk)(k)x(k)+D12d m(k) ( )ud(k)+D13d,m(k)(k)rd(k)

Y (k) = Cog o) (k) X (k) + Hy iy (k) @4 (k)

Mode 1: Mode 2:

w0 1], Jo 1) _[o] . [0
Y08 1677 16 16| " o] 1|

o [15] 5 _[18
3d,1 0 » D3d,2 0 ’

Let
Py= 03 0.7
0.6 04

be a stationary transition matrix of {m(k)}. We set xo=col(0,0) and io=1.
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Then we introduce the following objective function.

M=z

Jan(x0,ua 1a):=E{ 3 Eg- {| Cramqo(R)x(K)+Disampg (K)ra(k) I }}

k=0

+0.01E{ If Eg- {lua®) P )}
k=0

By the term Bsg,i(k)ra(k), i=1,2, the tracking performance can be expected to be improved as
[Cohen & Shaked (1997); Shaked & Souza (1995)] and so on. The paths of m(k) are generated
randomly, and the performances are compared under the same condition, that is, the same
set of the paths so that the performances can be easily compared.

We consider the whole system (13) with mode transition rate P4 over the time interval
k e [0,100]. For this system (13) with the rate matrix Py, we apply the results of the optimal
tracking design theory by output feedback for rq(k)=0.5sin(1tk/20) and rq(k)=0.5sin(m1k/100)
with various step lengths of preview, and show the simulation results for sample paths.

Tracking error

o 10 20 30 40 50 0
Time[s] hs4

Fig. 1(a). ra(k)=0.5sin(tk/20)

Tracking error
- &

o
3

Time[s] h=4

Fig. 1(b). ra(k)=0.5sin(mk /100)

Fig. 1. The whole system consisting of mode 1 and mode 2: The errors of tracking for various
preview lengths



Stochastic Optimal Tracking with Preview for Linear Discrete Time Markovian Jump Systems 123

It is shown in Fig. 1(a) for rq(k)= 0.5sin(rik/20) and Fig. 1(b) ra(k)=0.5sin(mk/100) that
increasing the preview steps from h=0 to h=1,2,3,4 improves the tracking performance. In
fact, the square values |Ciqi(k)x(k) + Disa(K)ra(k)[> of the tracking errors are shown in
Fig. 1(a) and (b) and it is clear the tracking error decreases as increasing the preview steps
by these figures.

6. Conclusion

In this paper we have studied the stochastic linear quadratic (LQ) optimal tracking control
theory considering the preview information by state feedback and output feedback for the
linear discrete-time Markovian jump systems affected by the white noises, which are a class
of stochastic switching systems, and verified the effectiveness of the design theory by
numerical examples. In order to solve the output feedback problems, we have introduced
the LMMSE filters adapted to the effects of preview feedforward compensation. In order to
design the output feedback controllers, we need the solutions of two types of coupled
Riccati difference equations, i.e., the ones to decide the state feedback gains and the ones to
decide the filter gains. These solutions of two types of coupled Riccati difference equations
can be obtained independently i.e., the separation principle holds. Correspondingly the
compensators introducing the preview information of the reference signal are coupled with
each other. This is the very important research result in this paper.

We have considered both of the cases of full and partial observation. However, in these
cases, we have considered the situations that the switching modes are observable over
whole time interval. The construction of the design theory for the case that the switching
modes are unknown is a very important further research issue.

Appendix 1. Proof of Proposition 3.1

(Proof of Proposition 3.1)

Sufficiency:

Let Xi(k)>O and «;,i=1,...,M, be solutions to (3) and (4) over [ON] such that
Xi(N)=C1d,i'(N)C1d,i (N) and a; (N)=0

Define

Pe,m(ry = B IBIX (kD) Ximger) (KAD)x(k+1)+ @ meeny (k1) | x(k) m(k)}}
- Ex (k)Xo x(K)+ @ mo (K)}

We first consider the case of rq(-)=0. Then the following equalities hold by the assumptions
A3.

E{xX' (k+1)Xm@+1) (k+1)x(k+1)+ & maerny(k+1) | x(k),m(k)}

(
= E{ (Adm@(K) X(K)+Gd ) (k) 0d (k) +Bad m (k) ua(k))
X Xin(ir1) (k+1) (Ad,m(o(k) x(K)+Ga,mao(K)@a(k)+Baa,mao(k)ua(k))
+a mgery(k+1) [ x(k),m(k)}
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=(AdmK)x(k)+Bagmao(k)ud(k))’
% Bmgo(X(k+1),K) (Adma(k) x(k)+Bagmao(k)ua(k))

+ z] 1 T {Gai (k) X; (K)Gai’ (K)E(X(KH+1) KMHE{ & maen) (k+1) [x(k),m(Kk)}

\.//-\

It can be shown that the following equality holds, using the system (1) and the coupled
Riccati equations (3) and the coupled scalar equations (4). ([Costa et al. (2005); Fragoso
(1989)])

Bt = Exz 1-12a(0) P +1 Ty (O[ua(k)-Famao(k) xR )
Moreover, in the genaral case that rq(-) is arbitrary, we have the following equality.

e miry = Ex; -1 2a(k) P +1 T2 (0 [ua(k)-Foma (K)x(K)-Dampg (k)ra(k)
+ 2x'(K) Ba (k) (K)ra(K) +akmo(ta)}

Notice that, in the right hand side of this equality, Jqxm@ (ra), which means the tracking
error without considering the effect of the preview information, is added.

Now introducing the vector 6,,,, which can include some preview information of the
tracking signals,

Ep—{B{ Oir)” (K D)x(k+1) | x(K),m(k)N- Eg { Gy (K)x(K)}
= Ex- {Emo( 0 '(k+1),K) (A m(ig (K)x (k) +Ga,ma () a (k)
+Bad mio (K ua(K)+Bad o (K)ra(k)}- Eg—{ 6,1 " (K)x(K)}

Then we obtain
P ) T2 Eg - (B{ Oy " (kFD)x (k1) [ x(k),m()}}- Eg- { 0,1y " (K)x(K)}}
= B 1 2a(0) P +1 T3 (9[0a09-Famy () (K)- Dy (9ra()]

+ 2x'(K) Ba,m(k) (K)ra(k)+akmgo (ra)}
+2 Ez= {{ Emgo (0 '(k+1), k) (Admo ()X (k) +Ga matg (k) 0a (k) (14)

k)
*+Bad mig (K ua (k) +Bad o (K)ra(k))}- Eg—1{ 6,1 " (K)x(K)}}
& | za P +] Ty sy () [Ua()-Famgag ()X (K)-Domirg (K)ra(k)
“Doum () Emg( 0 (KHD)I)P + T 4 iy (£}

where

0; (k)= Adi "(K)Ei( 0 (k+1),k)+ Ba,i (K)ra(k)
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to get rid of the mixed terms of rq and x, or 6, and x. ] dkm(k) (Ta) means the tracking error
including the preview information vector & and can be expressed by

T it @=~1 T372 Doumg(K)Emg (€ (k+1) k)] [
“Em@o( @ '(k+1),K)Doum@g ” T2mDumeg(K)ra(k)
+2 Emgo( 6 '(k+1),K)Badmora(k) +Ja mao (ra)

Taking the sum of the quantities (14) from k=0 to k=N-1 and adding E{| Ciq,ma(N)x(N)+
D13d,mayy(N)ra(N) |2 } and taking the expectation E{ },

Nf E{ Eg {] 2a(k) P HHE{] Crampg(N)X(N)+ Disamey(N)ra(N) [}
k=0

£ Bl oy *2 B (B Gy (HDx(H) [ x(9,m(9})
k=0
- Ex (G (9x(9)} [x(9)m(K)
N-
Z E{ Ez— {1 1iq (K)- Doumo (k) Empg( 6 (k+1),k) |%2'm(k)(k)}
k=0

+E{| C10,m(N)X(N)+Di3q,mpy (N)ra(N) > }
* NZ_l E{ ERT( {7d,k,m(k) (ra)}}
k=0

where
ity (k)= ta(k)-F2,m( (k) x(K)-Dy,mo (K)ra(k).

Since the left hand side reduces to

Ail E{ Ex-{] za(k) P PHE{| Crame) (N)X(N)+D1za my(N)ra(N) |* }
k=0
+E{26,n)" (N)X(N)+X' (N)Ximn) (N)X(N)+ @,y (N)}

+E{ &, 126, " O)x(0)-x(0) X;; (0)x(0)- &, (O)}}
noticing that the equality

Eg (BB (N) X (N)X(N)* @00 (N)*#2 8,000) " (N)X(N) [ x(1),m(D)}}
- Eg, X DXmapx(W)+ @) 26, DD}

N-1
E{ EK {E(X (K+1)Xmnsn) (K D)x(KH1)+ a1y, (K1)
pn 1

+2 6,1y (K D)x(k+1) [ x(K) m(K)}}
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- B X ()Xo x(K)+ @1 ()42 6, (K)x(K)} [ (1) m(1)}
-1

= ; E{ ¢k,m(k)
+2{ Eg —AB{ Oy " (K1) x(k+1) | (k) m(k)}}
AEx; Oty (R)x ()1} x (1), m(D)}

holds for 1, 0<1< N-1, we obtain

Jan(xo, ug ra)=tr{ Q; X; }+ & (0)+B{ Ex- {26, " (0)xo}}

N-1

+E{ kZO Ex; 1 itq (K)-Doumg (k) Emao (€ (k+1),k) ﬁz,,,,m o WHE 7, (ra)}

where we have used the terminal conditions Xi(N)=Ci4,'(IN)C14,i(IN), 6; (N)=C1q,iD134,ira(N)

and ¢; (N)=0. Note that ] 4 (ra) is independent of uq and xo. Since the average of 6. ) (k)

over Ry is zero, including the 'causal' part 6, ,, (k) of & (") at time k, we adopt

il (K)= Doumgq (K) Emgo( 6, (k+1),k)

as the minimizing control strategy.
Then finally we obtain

Jan(xo, ug, ra)=tr{ Q; X; 1+ o (0)+E{ Ex- {26, "(0)xo}}

N-1

+E{ kZO Ex; 1 itq ()-Doumg (k) Emao (6 (k+1),k) |%2’m(k)(k) W+E(], (ra))

2tr( Q) X, 1+, (0)+E{ Er {26,/ (O)xol)

N-1 _
+E{ >, Egx {| Doumpg(K)Emgo( 6 (k+1),k) I%M(k,(k) H+E(]; (ra)}
k=0

= Jan(Xo, 7l Ta)

which concludes the proof of sufficiency.

Necessity:

Because of arbitrariness of the reference signal r4(-), by considering the case of r4(-)= 0, one
can easily deduce the necessity for the solvability of the stochastic LQ optimal tracking
problem [Costa et al. (2005); Fragoso (1989)]. Also notice that, in the proof of sufficiency, on
the process of the evaluation of the performance index, by getting rid of the mixed terms of
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rq and x, or 6, and x, we necessarily obtain the form of the preview compensator
dynamics. (Q.E.D.)

Appendix 2. Proof of Orthogonal Property (10)

In this appendix we give the proof of the orthogonal property (10).
We prove it by induction on k.
For k=0, since %, (0) is deterministic,

E{ Ex- {e(0) X, '(0)1jme)-u}}= 7;(0) B{ Ex- {e(0)}} £, '(0)=O.
We have already shown that, for each ke [0,N],

E{ Ex- {e(K) ra,c'(K)Ljmpg-}}=O

k
in section 4. Suppose

E{ Ex- {e(k) X, '(K)Ljmp-i}}=O.

k

Then, since wq(k) is zero mean, not correlated with %, (k) and ra,c (k) and independent of
m(k), we have

E{ER—{e(k +1)2,/(k+1) 1{m(k+1)=i}}}

= z )Pd Jij [[Ad it MiCiJ(k)E{EKk{e(k)’%e |(k)1{m(k)=i} }} [Ad,i + MiC2d,iJ’(k)
ieJ(k

+[Ga + MiHa, J(K)E{ {0 (). ()L [ A + MiCas s ] (K)

+[Ag;+ MiCM,i](k)E{ER—k{e(k);d,c* v(k)1{m(k):i}}}32d;(k)

+[Gag + MiHa J()E{ B (K)tac ()1 gy Baa ' (K)

+[Adi+MiC2di](k)E{E—{e (K) 7" (K) T iy }}B3di’(k)

+[ G +MiHy, J(K)E { @ (K) e (k)1 }Badl (k)

[ A +MiCaas J(K)E{Eg-te(k)y (k)1 } (k)
~[Gas + MHg, J(K)E{Eg L (K )y'<k>1{m DM (K) |

= Z pd,i;’[_[Ad i+ M Czdl] { y'(k)l{m(k):i}}}Mi’(k)

[Gdl +M; Hd1:| { )y‘(k)l{m(k)=i}}}Mi’(k):|
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where u4,c+ (K)=Fa,(k) &, (k) , i=1, --,M. Notice that
Y(K)= Caama(K)x(K)+Ha,ma(K)@a(k)= Caa,maq (k) (e(k)+ %, (k))+Ha,ma(K)@a(k).

Then, by induction on k, we obtain

E{ Ex {e()y' (K)1mao=it}= E{ Ex; {e(k)e' () Luma=iph} Caa,i' () +B{ Ex- fe(k) X, '(K) Limo=ip} Caa' (k)
*+ E{ By, {e(K)@a'(K)Limao=a} Has' (k)
=Yi(k)Caq,i' (k)
We also obtain

E{ ER7 {0a(k)y" (k) Limo=ip}}
= E{ Eg; {@a(k)e'(K)Lmqg=ip}) Caui'(K)+E{ Eg {@a(K) £, '(K) Limo=i}} Caai'(K)
*+ E{ B, {0a(k)od' (k) Limgo=it}Ha,i'(k)
= Efoa(Kjos (PIm (=i} (= () Ha{ ().

Then considering the assumption A4 Gq,i(k)Hq,i'(k) = O, i=1, -, M, and

Mi(k) (HaiHa i mik)+ CaaiYi(k) Caa, )= - Aq,Yi(k)Caa
by (11), we finally obtain
E{ Em {e(k+1) &, "(k+1) Tymqer1y=is}}
= Z Paii [-[A4i+MiCaa,i] () Yi(k) Caa,i'(k)-[Ga,i+ MiHa,i] (K)mmi(k) Ha,i' (k) IMY (k)
ie] (k)
= 2. Paj [FA4Yi(K) Caa,! (K)-Mi(k) (Ha,iHa mi(k)+ Caa,iYi(k) Caa,) MY (K)
ie] (k)
=Y pai [FALYi(K)Caa (K)+ AdiYi(k)Caat IMY (K)
ie] (k)
=0

which concludes the proof. (Q.E.D.)
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1. Introduction

This paper studies the design of a model following control system (MFCS) for nonlinear
descriptor system in discrete time. In previous studies, a method of nonlinear model
following control system with disturbances was proposed by Okubo,S. and also a nonlinear
model following control system with unstable zero of the linear part, a nonlinear model
following control system with containing inputs in nonlinear parts, and a nonlinear model
following control system using stable zero assignment. In this paper, the method of MFCS
will be extended to descriptor system in discrete time, and the effectiveness of the method
will be verified by numerical simulation.

2. Expressions of the problem

The controlled object is described below, which is a nonlinear descriptor system in discrete
time.

Ex(k +1) = Ax(k) + Bu(k) + B, f (v(k)) + d(k) 1)
v(k) = C px(k) @
y(k) = Cx(k) + dy (k) ®)

The reference model is given below, which is assumed controllable and observable.

Xy (k+1) = Ay, (k) + By, (K) “)

Y (k) = Cx,, (k) ©)
, where
x(k)e R",d(k)e R",u(k)e R ,y(k) e R',y,,(k) e R’ ,dy(k) e R", f(v(k)) e R/,

v(k)eRé/f,rm(k)eR‘f"*,xm(k)eR”"*, y(k) is the available states output vector, v(k) is the
measurement output vector, u(k) is the control input vector, x(k) is the internal state vector
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whose elements are available, d(k),d,(k) are bounded disturbances, y,, (k) is the model
output.

The basic assumptions are as follows:

1. Assume that (C,A,B) is controllable and observable, i.e.

zE-A
rank[zE - A,B] = n,mnk{ c } =n.

2. Inorder to guarantee the existence and uniqueness of the solution and have exponential
function mode but an impulse one for (1), the following conditions are assumed.

|zE—A|#0, rankE=deg|zE-A|=r<n

3. Zeros of C[zE- A]71 B are stable.
In this system, the nonlinear function f(v(k)) is available and satisfies the following
constraint.

If (@) < a+ Blok)| -
where >0,82>0,0<y <1, ||| is Euclidean norm, disturbances d(k),d,(k) are bounded and
satisfy

Dy(2)d(k) =0 ©)
Dy(2)do (k) =0. )

Here, D,(z) is a scalar characteristic polynomial of disturbances. Output error is given as
e(k) = y(k) = Y (k) - ®)

The aim of the control system design is to obtain a control law which makes the output error
zero and keeps the internal states be bounded.

3. Design of a nonlinear model following control system

Let z be the shift operator, Eq.(1) can be rewritten as follows.
C[zE-A]'B=N(z)/ D(z)

C[zE-A]" B, =N(z)/ D(2)

where D(z)=|zE- 4|, 0; (N(z))=0; and 0, (N(z))=07 .
Then the representations of input-output equation is given as

D(2)y(k) = N(2)u(k) + N 7 (2) f (v(k)) + w(k) - ©)

Here w(k) = Cadj[zE — Al]d(k)+ D(z)dy(k) , (C,,,A,,,B,,)is controllable and observable. Hence,

-1
Cm [ZI - Am] Bm = Nm(z) / Dm(z) .

Then, we have
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Dm(z)ym (k) = Nm(z)rm(k) 4 (10)
where D, (z) :‘zI—Am‘ and 0, (N,,(2)) =0

m; *

Since the disturbances satisfy Eq.(6) and Eq.‘(7), and D,(z) is a monic polynomial, one has
D,(z)w(k)=0. 1)

The first step of design is that a monic and stable polynomial T(z), which has the degree of
p(pzny;+2n-n, —1-0;),is chosen. Then, R(z) and S(z) can be obtained from

T(2)D,,(2) = D4(2)D(2)R(2) +5(2) / (12)
where the degree of each polynomial is: 0T (z) = p,0D,(z) =n,,0D,,(z) =n

0D(z)=n,0R(z)= p+n,, —ny;—n and 0S(z)<n;+n-1.
From Eq.(8)~(12), the following form is obtained:

m’

T(2)D,,(2)e(k) = Dy(2)R(2)N(2)u(k) + Dy(2)R(2)N £ (2) f (v(k))
+5(2)y(k) =T(2)N,, (2)1,,(2)-

The output error e(k) is represented as following.

e(k)= m{[Dd(Z)R(Z)N (2) = Q)N Ju(k) + Q(z)N,u(k)

+Da(2)R(2)N (2) f (0(k)) + S(2)y (k) = T(2)N,,,(2)r,, (k)}

(13)

Suppose I',(N(z))=N,, where T,(:)is the coefficient matrix of the element with maximum
of row degree, as well as |N,|#0. The next control law u(k) can be obtained by making the
right-hand side of Eq.(13) be equal to zero. Thus,

u(k) = =N;'Q7 (2){D4(2)R(2)N(2) - Q(z)N, Ju(k)

(14)
~N;'Q 7 (2)Dy(2)R(2)N (2) f(0(k) = N; Q7 (2)S(2)y (k) + 1y, (k)

(k) = N7 QT (D)T(2)N,, (2)13, (K) - (15)

Here, Q(z)= diagizi],b} =p+n,-n+o;(i=1,2,-,0),and u(k) of Eq.(14) is obtained from
e(k) =0. The model following control system can be realized if the system internal states are
bounded.

4. Proof of the bounded property of internal states

System inputs are both reference input signal r, (k) and disturbances d(k),d,(k), which are
all assumed to be bounded. The bounded property can be easily proved if there is no
nonlinear part f(v(k)).Butif f(v(k)) exits, the bound has a relation with it.

The state space expression of u(k)is

u(k) = =Hq& (k) = Eay(k) = Ha&, (k) = E5 f (v(k)) = Hags (k) +u,, (k) (16)

um(k) = E4rm(k) + H4§4(k) . (17)
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The following must be satisfied:

& (k+1) = F& (k) + Gu(k) (18)
Sa(k+1) = Fgy (k) + Goy (k) (19)
&3(k+1) =& (k) + G5 f (v(k)) (20)
Sa(k+1)=Fgy (k) + Gyr (K)- (1)

Here,

\zlfFi\ :\Q(z)\, (i=1,2,3,4).

Note that there are connections between the polynomial matrices and the system matrices,
as follows:

N;'Q7 (2){Dy(2)R(z)N(2) - Q(2)N,} = Hy (2l - F) ' G (22)
N;'QY(2)S(z) = Hy (2l - F,) G, + E, (23)

N,'Q ' (2)Dy(2)R(2)N4(2) = Hy (21 - F;) ' G + E, (24)
N;'Q ' (2)T(2)N,,(z) = Hy(zl = F,) "G, +E, . (25)

Firstly, remove u(k) from Eq.(1)~(3) and Eq.(18)~(21). Then, the representation of the
overall system can be obtained as follows.

E 0 0 0] x(k+1)
01 0 0/&k+1)
001 0||&k+1)|
000 I[&k+1)

[A-BE,C -BH, -BH, -BH; |[x(k)
_GlEZC Fl_GlHl _G1H2 _G1H3 gl(k)

G,C 0 E 0 |am| (26)
i 0 0 0 F & (k)
BH, B, —BE;, BE, d(k)— BE,dy(k)
GH, -G1E; GiE, —GqEydy (k)
k k k
o Su(k)+ 0 f(o(k)) + 0 1 (k) + Gody (K)
0 G, 0 0

a(k+1) = Fygy (k) + Gyr,, (k) (27)
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x(k)
o(k)=[C; 0 0 0] 222 (28)
& (k)

x(k)
¢ (k)
(k)
&3 (k)

In Eq.(27), the &,(k) is bounded because |zI - F,|=|Q(z)| is a stable polynomial and r,,(k) is
the bounded reference input. Let z(k), A,,E,d,(k), B,,C,,C, be as follows respectively:

y(k)=[C 0 0 0] +dy (k). (29)

A-BE,C -BH, -BH, -BH,
T _ _ _ _
w0=[x"(k) &) Gk H®], a-| 9BC A-GH -G Gl

N eNe 0 F, 0
0 0 0 E
E 000 Bu,, (k) + d(k) — BE,d, (k) B, - BE,
e 0100 . d(k) = Gyt (k) = Gy Eqdy (k) , B.= -GE5
0010 ‘ G,dy (k) 0
0 0 0 I 0 G,

C,=[¢; 0 0 0], ¢,=[Cc 0 0 0].

With the consideration that &,(k) is bounded, the necessary parts to an easy proof of the
bounded property are arranged as

Ez(k +1) = Az(k) + B, f (v(k)) + d, (k) (30)
v(k) = C,z(k) (31)
y(k) = Cgz(k) + dy (k) , (32)

where the contents of AS,I:Z,ds(k),BS,CU,CS are constant matrices, and d,(k) is bounded.
Thus, the internal states are bounded if z(k) can be proved to be bounded. So it needs to

prove that |zE - A,| is a stable polynomial. The characteristic polynomial of A is calculated
as the next equation.
From Eq.(26), |zE — A,| can be shown as
zE- A+ BE,C BH, BH, BH;
‘ZE _Al= G1E2C zl — Fl + GlHl Gle G1H3 . (33)
: —G,C 0 A-F, 0

0 0 0 z-F
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Prepare the following formulas:

A

X
Z|#0),

Y -1
=|7[x - yz"'w
w Z

I-X(I+YX)'Y =(I+XY)™"

I+ XY|=|1+YX].

Using the above formulas, zE - A,| is described as

‘ZE—AS

=|el - BT~ Blel - B[+ Hy[21- K] G

: ‘zE—A+ B{I - H, [l — F, + G,H, | G HE, + Hy [zl - F ] GZ}C‘

=lo@) ‘1 +Hy[2-F]" GleE —A+B{I+H, [ -F] G HE, + Hy[2I K] GZ}C‘ 9
= Q@)L |J4|E —A\‘I + BJ; Y, [2E - A]_l‘
= |Q(2) |E - A\‘]l +Jo[2E- AT B‘.
Here
Li=1+H,[z-F] "G, (35)
Jo ={E, + H,[2I - K] ' G,)C. (36)
From Eq.(22),(23),(35) and Eq.(36), we have
J1 =N;'Q(2)Dy(2)R(2)N(2) (37)
J,=N;'Q!(2)S(2)C . (38)
Using C[2E—A] " B=N(z)/D(z) and D(z) =|zE - A|, furthermore, |zE - A| is shown as
|2E- A|=T"(2)D},(2)|Q(2)" %

and V(z) is the zeros polynomial of C[zE —A]71 B=N(z)/D(z)=U(z)V(z) (left coprime

decomposition), |U(z)| = D(z), thatis, [N(z)|=D""'(2)|[V(z)|. So |zE- A

.| can be rewritten as

- A =N T @D, EIQEF V) 9

7

As T(z),D,,(2),|Q(z)|,|V(z)| are all stable polynomials, A, is a stable system matrix.
Consider the following:
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2(k) = Qz(k) = Q{Zl(kq : (40)

2 (k)

Using Eq.(40), one obtains

PEQzZ(k +1) = PA,Qz (k) + PB, f(v(k)) + Pd,(k) .

I 0]z (k+1)] [A, O][Z(Kk)] [B. d.q (k)
[0 0}{22("‘*1)}_{ 0 JL:(,()HBij (”(k)){ds:(k)} @)

One can rewritten Eq.(41) as

Namely,

7 (k+1) = Aqz (k) + By f (0(k)) + dgq (k) (42)

0=25(k)+ Bop f (v(k)) + iz (k) (43)
, where z(k),Pd,(k),PA,Q,PB, can be represented by
= _ El(k) _ dsl(k) _ Asl 0 _ le
z(k) = Lz(k)} Pd, (k) = {dsz(k)}’ PAQ _{ 0 J, PB, = {st . (44)
Let C,Q=[C,; C,;], then
(k) = Corz1 (k) + Cop2zy (k) - (45)
From Eq.(43) and Eq.(45), we have
(k) + CopBoa f(v(k)) = oz (k) = Copdip (k) - (46)

From Eq.(46), we have

0 I
0T () (0(K)+ Cy2Ba f(0(k)) = I +Cy5Byy é‘é;fﬁk;) .

Existing condition of v(k) is

o (v(k))
I+C,,B, #0. 47
2552 8vT(k) ( )
From Eq.(44), we have
- - zZI-A; O
|Pl|2E - A]|Q| = apg|2E - A| = o =l -Aal (48)

Here, apg and ¢; are fixed. So, from Eq.(39), A;; is a stable system matrix.
Consider a quadratic Lyapunov function candidate

V(k) =2 (K)PZ (k). (49)
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The difference of V(k) along the trajectories of system Eq.(42) is given by
AV(k)=V(k+1)-V(k)
=7 (k+1)Pz,(k+1) -z (k)P,z, (k) (50)
=[AaZ () + B f(0(K) + do ()] P.[AGZ:(K) + By f(0(R) + gy (k)] 2] (K)PZ3 (K)

AGPAG -P.=-Q,, (1)

S

where Q, and P, are symmetric positive definite matrices defined by Eq.(51). If A,; is a
stable matrix, we can get a unique P, from Eq.(51) when Q. is given. As d (k) is bounded
and 0<y <1, AV(k) satisfies

AV(K) <=7 (0Q.2,(0) + X, [z (0| f (0(k))] 52)
# X200+ | F NI + X | o]+ X

From Eq.(40), we have
[z < MJ0) 3
Here, M is positive constant. From Eq.(52), Eq.(53), we have
AV (k) <~ |20 + X7 ()7 + X

<—pt. |20 + X

— a0 + X
_;umv(k) + X’

(54)

IAN A

where 0< 1 =4, (Q,), 1 20 and 0 < g, < g, <min(gy,1). Also, 4,4, X;(i=1~6) and
X are positive constants. As a result of Eq.(54), V (k) is bounded:

V()< V(0)+ X / . (55)

Hence, 7z (k) is bounded. From Eq.(43), z,(k) is also bounded. Therefore, z(k) is bounded.
The above result is summarized as Theorem1.

[Theorem1]

In the nonlinear system

Ex(k+1) = Ax(k)+ Bu(k) + B f (v(k)) + d(k)
o(k)=Cx(k) (56)
y(k) = Cx(k) + do (k),
where x(k)eR",u(k)eR',y(k)eR',v(k)e R ,d(k)e R",dy(k) e R', f(v(k)) eR'", d(k) and
dy(k) are assumed to be bounded. All the internal states are bounded and the output error
e(k)=y(k)-y,, (k) asymptotically converges to zero in the design of the model following

control system for a nonlinear descriptor system in discrete time, if the following conditions
are held:
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1. Both the controlled object and the reference model are controllable and observable.
2. |N,|=0.
3. Zeros of C[ZE _ A]’1 B are stable.
4. Hf(v(k))H£a+,b’HU(k)y,(aZO,,BZO,OS;/<1).
5. Existing condition of o(k)is |1 +C,,B,, Z@E)| g
ov’ (k)
6. [zE-A|#0 and rankE=deg|zE—A|=r<n.

5. Numerical simulation

An example is given as follows:

0 1 0 00 1 0
0 1 1lx(k+1)=| 0 0 1 |x(k)+|1 O|u(k)+|0|f(u(k))+|1]|d(k)
02 -05 06 01 1 1

o(k)=[1 1 1]x(k),

0 01 0 1
w001 o on [0+, )
3
floti =B

Reference model is given by

0 1 0
xm(k+1)=[_0.12 0.7}xm(k)+{1}m<k>
Yyu(k)=[1 0]x, (k) (58)
1, (k) =sin(kz / 16) .

In this example, disturbances d(k) and d(k) are ramp and step disturbances respectively.
Then d(k) and dy(k) are given as

d(k) = 0.05(k — 85),(85 < k < 100)

dy (k) =1.2,(20 < k < 50) (59)

We show a result of simulation in Fig. 1. It can be concluded that the output signal follows
the reference even if disturbances exit in the system.

6. Conclusion

In the responses (Fig. 1) of the discrete time model following control system for nonlinear
descriptor system, the output signal follows the references even though disturbances exit in
the system. The effectiveness of this method has thus been verified. The future topic is that
the case of nonlinear system for y >1 will be proved and analysed.
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Fig. 1. Responses of the system for nonlinear descriptor system in discrete time
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Output Feedback Control of Discrete-time
LTI Systems: Scaling LMI Approaches

Jun Xu
National University of Singapore
Singapore

1. Introduction

Most physical systems have only limited states to be measured and fed back for system
controls. Although sometimes, a reduced-order observer can be designed to meet the
requirements of full-state feedback, it does introduce extra dynamics, which increases the
complexity of the design. This naturally motivates the employment of output feedback, which
only use measurable output in its feedback design. From implementation point of view, static
feedback is more cost effective, more reliable and easier to implement than dynamic feedback
(Khalil, 2002; Kutera & Souza, 1995; Syrmos et al., 1997). Moreover, many other problems are
reducible to some variation of it. Simply stated, the static output feedback problem is to find
a static output feedback so that the closed-loop system has some desirable characteristics, or
determine the nonexistence of such a feedback (Syrmos et al., 1997). This problem, however,
still marked as one important open question even for LTI systems in control engineering.
Although this problem is also known NP-hard (Syrmos et al., 1997), the curious fact to
note here is that these early negative results have not prevented researchers from studying
output feedback problems. In fact, there are a lot of existing works addressing this problem
using different approaches, say, for example, Riccati equation approach, rank-constrained
conditions, approach based on structural properties, bilinear matrix inequality (BMI)
approaches and min-max optimization techniques (e.g., Bara & Boutayeb (2005; 2006); Benton
(Jr.); Gadewadikar et al. (2006); Geromel, de Oliveira & Hsu (1998); Geromel et al. (1996);
Ghaoui et al. (2001); Henrion et al. (2005); Kucera & Souza (1995); Syrmos et al. (1997) and the
references therein). Nevertheless, the LMI approaches for this problem remain popular (Bara
& Boutayeb, 2005; 2006; Cao & Sun, 1998; Geromel, de Oliveira & Hsu, 1998; Geromel et al.,
1996; Prempain & Postlethwaite, 2001; Yu, 2004; Zecevi¢ & éiljak, 2004) due to simplicity and
efficiency.

Motivated by the recent work (Bara & Boutayeb, 2005; 2006; Geromel et al., 1996; Xu & Xie,
2005a;b; 2006), this paper proposes several scaling linear matrix inequality (LMI) approaches
to static output feedback control of discrete-time linear time invariant (LTI) plants. Based on
whether a similarity matrix transformation is applied, we divide these approaches into two
parts. Some approaches with similarity transformation are concerned with the dimension
and rank of system input and output. Several different methods with respect to the system
state dimension, output dimension and input dimension are given based on whether the
distribution matrix of input B or the distribution matrix of output C is full-rank. The other
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approaches apply Finsler’s Lemma to deal with the Lyapunov matrix and controller gain
directly without similarity transformation. Compared with the BMI approach (e.g., Henrion
et al. (2005)) or VK-like iterative approach (e.g.,Yu (2004)), the scaling LMI approaches are
much more efficient and convergence properties are generally guaranteed. Meanwhile, they
can significantly reduce the conservatism of non-scaling method, (e.g.,Bara & Boutayeb (2005;
2006)). Hence, we show that our approaches actually can be treated as alternative and
complemental methods for existing works.

The remainder of this paper is organized as follows. In Section 2, we state the system and
problem. In Section 3, several approaches based on similarity transformation are given. In
Subection 3.1, we present the methods for the case that B is full column rank. Based on
the relationship between the system state dimension and input dimension, we discuss it in
three parts. In Subsection 3.2, we consider the case that C is full row rank in the similar way.
In Subsection 3.3, we propose another formulations based on the connection between state
feedback and output feedback. In Section 4, we present the methods based on Finsler’s lemma.
In Section 5, we compare our methods with some existing works and give a brief statistical
analysis. In Section 6, we extend the latter result to He control. Finally, a conclusion is given
in the last section. The notation in this paper is standard. R" denotes the n dimensional real
space. Matrix A > 0 (A > 0) means A is positive definite (semi-definite).

2. Problem formulation
Consider the following discrete-time linear time-invariant (LTT) system:
x(t+1) = Apx(t) + Bou(t) 1)
y(t) = Cox(t) @

where x € R",u € R™and y € R!. All the matrices mentioned in this paper are appropriately
dimensioned. m < nand [ < n.
We want to stabilize the system (1)-(2) by static output feedback

u(t) = Ky(t) ®)
The closed-loop system is
x(t+1) = Ax(t) = (Ao + BoKCo)x(t) 4)

The following lemma is well-known.

Lemma 1. (Boyd et al., 1994) The closed-loop system (4) is (Schur) stable if and only if either one of
the following conditions is satisfied:

P>0 ATPA-P<0 (5)
Q>0 AQAT-Q<0 (6)

3. Scaling LMIs with similarity transformation

This section is motivated by the recent LMI formulation of output feedback control (Bara
& Boutayeb, 2005; 2006, Geromel, de Souze & Skelton, 1998) and dilated LMI formulation
(de Oliveira et al., 1999; Xu et al., 2004).
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3.1 B, with full column-rank
We assume that B, is of full column-rank, which means we can always find a non-singular

matrix Tj such that T, B, = {16” } . In fact, using singular value decomposition (SVD), we can

obtain such Tj,. Hence the new state-space representation of this system is given by

A A

_ -1 _
A=TdoT, "= {Aﬂ A

} ,B=T,B,, C=C,T,! @)

The closed-loop system (4) is stable if and only if
Ay = A+ BKC is stable

In this case, we divide it into 3 situations: m = n —m, m < n —m,and m > n — m. Let

P = PlTl Ppp c Rnxnlpn c Rmxmlplz c Rmx(nfm) 8)
P12 Py

For the third situation, let

©)

(1) p2)
P/ P
Py = [Pl P], P = [ B 1 }

1
2)T (3
pl(l) pl(l)

where PS) € Rn=—m)x(n=m) anq pl(%) e R(n—m)x(n—m),

Theorem 1. The discrete-time system (1)-(2) is stabilized by (3) if there exist P > 0 defined in (8) and
R, such that

P(O) <0, m<n—m (10)

P(O1) <0, m=n—m
D(@3)<0,m>n—m

wheree € R,
[ ATeaA-P  «
®©1) = {RC + [P11 Ppp]A *Pn} <0 ()

0 0
©: = |:O Py + £2P11 — &Py — £P1T2:| ! (12)

0O, =

0 0
Pyp P11 0] |,
OPzzfs{ 0 } *€[P17"20}+82|: 0 0}

0 0
03 = .
’ {0 Py —ePDT —ePD) 1 szpl@]
Furthermore, a static output feedback controller gain is given by
K=P;'R (13)

Proof: Noting that
(BKC)TP(BKC) = CTKTP KC,
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(5) is equivalent to

([Py1 P1o] A + P13 KC) P! ([Pyy Pip] A + Py KC)

P 14
—AT Hﬂ P [Pyy Pa]A+ ATPA—P <0 (14
Considering that
P11 } 1 {0 0
P— P~ [P11 Ppp] = _
|:P1T2 11 [ 11 12} 0 P22 _ P1T2P111P12
For the first situation m = n — m, consider the following inequality:
(Pra — eP11) P! (Pra — €P1g) > 0 (15)
or equivalently
PLP Py > ePl, +ePpy — 2Py (16)
(14) is equivalent to
AT@yA - P * }
<0 17
{PHKC + [P11 P12]A —Pyy (17)

where

NI,
07 10 Py~ PLP P
Using the fact (16), we have ©y < ©1, and consequentially, (@) < ®(®;). Hence if (11) is

satisfied, (5) is satisfied as well.
For the second situation, let the inequality

([ =< 8})T A ?r (] e[ 0]) =0 (18)

where {Péz} e Rn=m)x(n=m) anq {Pél (” e R(n=m)x(n=m) Note that (18) is equivalent to
Pp1" . [P Py 0
T p—1 12 12 2 | Pin
P12P11P1228{0} +s{0}—s {O 0} (19)

For the third situation, noting that

([P12 0] —eP1y) P ([P12 0] —€Pyy) >0 (20)
we have

PP P[P > PP P 2p 21

0 1 [P 0] > ¢ 0 +e[Pp 0] — &Py (21)
(21) implies

_ nT 1 1
PLP; Py > ePY)T 4 en) — 2pl)) (22)
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Hence we complete the proof.

Remark 1. Ife = 0is set , then Theorem 1 recovers the result stated in (Bara & Boutayeb, 2006). We
shall note that € actually plays an important role in the scaling LMI formulation in Theorem 1. Ife = 0,
Theorem 1 implies AZTZP22A22 — Py < 0and Py > 0, i.e., the system matrix Ay must be Schur
stable, which obviously is an unnecessary condition and limits the application of this LMI formulation.
However, with the aid of €, we relax this constraint. A searching routine, such as fminsearch (simplex
search method) in Matlab ©, can be applied to the following optimization problem (for a fixed ¢, we have
an LMI problem):

minAl, s.t. (@) < AI (23)

g,P,R
The conservatism of Theorem 1 lies in these relaxations (15) or (16) on (5). To further relax the
conservatism, we may choose a diagonal matrix N = diag{eq,...,em},€; > 0, instead of the single
scalar €. For example,
PLPL Py > PLA + AP — AP A (24)

Then we shall search the optimal value over multiple scalars for (23).
Remark 2. In (Bara & Boutayeb, 2006), a different variable replacement is given:
P, = Py — PLP'Ppy (25)

in (8). However, it is easily proved that these two transformations actually are equivalent. In fact, in
(8), we have P11 > 0 and P, > 0 since P > 0. Based on (17), we have

[0 0
T _
A _opz}A Moox g (26)
Py1KC + [Py Pip]A —Pyy
where )
Py Pyp }
| PL, P, + PLP ' Pyy

Hence, for the above three situations, we have an alternative condition, which is stated in the
following lemma.

Theorem 2. The discrete-time system (1)-(2) is stabilized by (3) if there exist P;y > 0, P, > 0, Ppp
and R with P defined in (27), such that

Y(A1) <0, m=n—m
Y(Ay) <0, m<n—m (28)
Y(A3) <0, m>n—m

wheree € R,
00
T AL
YA = | 4 {OPJA A
RC + [Py Pp]A —Ppy
A= | P P1p
1 Psz P27€2P11+€P12+€P1T2 !
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Py Py
A2 = 2 P2+S{P(ﬂ+s[P1§0]—52{P(1)1(” ’
As = Py Ppp
= )T 1 1) | -
PL Py +ePT 4P — 2pl)

Furthermore, a static output controller gain is given by (13).

Proof: We only consider the first case. Replacing P; and R by P»; and K using (25) and (13), we
can derive that (28) is a sufficient condition for (5) with the P defined in (8).

3.2 C, with full row-rank
When C, is full row rank, there exists a nonsingular matrix T such that C,T,} = [I; 0].
Applying a similarity transformation to the system (1)-(2), the closed-loop system (4) is stable
if and only if

A, = A+ BKC is stable

where A = TcA,T; 1, B = TcByand C = C, T, ! = [I; 0]

Similarly to Section 3.1, we can also divide this problem into three situations: | = n — 1,
I <n—1Iand I > n— 1. We use the condition (6) here and partition Q as Q = {ngl 812} ,
12 =22

where Q11 € RI*L

Theorem 3. The discrete-time system (1)-(2) is stabilized by (3) if there exist Q > 0 and R, such that

F(®1)<O,l:n—l
I(@) <0,1<n—I (29)
[(@;) <0,1>n—1I

wheree € R, .
L AO,AT — Q .
F®) = {(A[Qn Q2] + BR)T *Qn} ’
O — {O 0 }
1710 Qo +€2Q11 — Q1o — Q] |

O, =

0 0
oo 58] (3] e

- 0 0
O3 = ,
’ [0 Qn +£2Q1) — Q)" —eQl) }

QS) and lez) are properly dimensioned partitions of Qq1 and Qqp. Furthermore, a static output
feedback controller gain is given by
K =RQy/ (30)
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Proof: We only prove the first case | = n — I, since the others are similar. Noting that
(BKC)Q(BKC)T = BKQq1KTB and BKCQ = BK[Q11 Q12], (6) is equivalent to

(A[Qu1 Qu2]" + BKQ11) Q1 (A[Q11 Qi2)" + BKQ11)T

A {giﬂ Q1 [Qu1 QualAT + AQAT —Q <0

€2

Using the fact that
| Qu } 1 _ {0 0 }
o- | 9] eiien @ul= ) g1 oig,
we infer that stability of the close-loop system is equivalent to the existing of a Q > 0 such
that

AOYAT —Q *
[(A[Qn Q1] + BKQq)T _Qll} <0 (32)
where
- 0 0
0 = {0 Qn — QszQﬁlle}
Since
(Q12 —€Q11)" Q' (Q12 — €Qu1) > 0 (33)
or equivalently,
Q1057 Qu2 > €Q + Q12 — €Qn (34)

It follows that (29) implies (32). Hence we complete the proof.

Remark 3. How to compare the conditions in Theorem 3 and Theorem 1 remains a difficult problem.
In the next section, we only give some experiential results based on numerical simulations, which give
some suggestions on the dependence of the results with respect to m and 1.

3.3 Transformation-dependent LMIs
The result in this subsection builds a connection between the sets £, K¢, Ko, K. and C,, which
are defined as follows. Without causing confusion, we omit the subscript , for A,, B, and C,
in this subsection.

L ={KeR"™": Astable} (35)

i.e., the set of all admissible output feedback matrix gains;

Ke ={K. € R™": A+ BK, stable} (36)
i.e., the set of all admissible state feedback matrix gains;

Ko = {K, € R™': A+ K,C stable} (37)

i.e., the set of all admissible observer matrix gains. Based on Lemma 1, we can easily formulate
the LMI solution for sets K¢ and K,. In fact, they are equivalent to following two sets
respectively:

Ke = {Ke = WaW5"' € R"™": (Wey, Weg) € W} (38)
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and
We = {Wq € R™", Wy € R™M: Wy >0,%: <0} (39)
- AW, + BW,o
where ¥, = cl cl ¢ }
¢ {WHAT +WLBT  —Wg4
Ko = {Ky = W, 'Weo € R+ (Wy1, Wo2) € Wo} (40)
and
Wo = {W,y1 € R™", Wy € R™: W, > 0,%, <0} (41)
—Ws 1A+ W, 2C
h 1}} — [ 0 0.
where Y, {ATW01+CTWOT2 Wy,

Lemma 2. £ # @ if and only if

1. Ke=KcN{Ke: KYe=0, Yo =N(C)} # D or
2. Ko =Ko N{Ke: YoK, =0, Yo = N(B')} # @.
In the affirmative case, any K € L can be rewritten as
1. K =K.QCT(cQch)!

2. K= (BTPB)"'BTPK,.

where Q > 0and P > 0 are arbitrarily chosen.

Proof: The first statement has been proved in Geromel et al. (1996). For complement, we
give the proof of the second statement. The necessity is obvious since K, = BK. Now we
prove the sufficiency, i.e., given K, € KC,, there exists a K, such that the constraint K, = BK

T

is solvable. Note that for VP > 0, ©, = {BYTP } is full rank, where Y, = N (BT). In fact,
[

BTPY,

n—m

rank(©,Y,) = rank( { } ) > n — m. Multiplying ©, at the both side of K, = BK we have

BTPK,]| [BTPBL
YIK, | 0

Since BT PB is invertible, we have K = (BT PB) "' BT PK. Hence, we can derive the result.

Lemma 3. £ # @ ifand only if there exists Ec € R ("= or E, € R"™ (=) 'sych that one of the
following conditions holds:

1. rank(T, = { ¢ }) =mnand C(E;) # Q; or

El
2. rank(T, = [B Eo|) = nand O(E,) # @.
where
= W[ {(Wer, Wez) : CWEe = 0, WeoEc = 0}
O(E,) = Wo [ {(Wor, W, BTW01EO =0,EIW,; =0}

In the affirmative case, any K € L can be rewritten as
1. K= WoCT(CW,CT) !
2. K= (BTW,1B)"'BTW,,.
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Proof: We only prove the statement 2, since the statement 1 is similar. For the necessity, if there
exist K € L, then it shall satisfy Lemma 1. Now we let

W,; = P, W,, = PBK
Choose E, = P71Y,, Y, = /\/(BT). It is known that [B Eo] is full rank. Then we have
BTW,E=BTY, =0,ETW,, = YJBK =0

For sufficiency, we assume there exists E, such that the statement 2) is satisfied. Notice that
W,1 > 0 and the item W, in ¥, can be rewritten as W, Wo_l1 Woo.

Wi Wop = To (T WorTo) T, Woo = B(BTW,1B) ' BT W, (42)

since T, is invertible and BTWyE = 0,ETW,, = 0. Hence, W0_11W02 can be factorized as
BK, where K = (BTW,1B) " 'BTW,,. Now we can derive (5) from the fact ¥, < 0. Thus we
complete the proof.

Remark 4. For a given T,, since Tngo =1, Tng = {Im} and TglE = {

0 } . Similarly, For

Infm
agiven T, CT, 1 = [I; 0].

Theorem 4. L # Q@ ifand only if there exists T¢ or T,, such that one of the following conditions holds:
1.

We # @, We = {W,1 € R, Wy € R W > 0,®, < 0} (43)
where
N 1 A " W, 0
_ 1 p_ _ 11
A=TAT ", B=TB,W,q = { 0 Wczz} ,
and
W = [Wen 0], Wepg € R, Wegp € RUEDX0=D 1wy € R
q)c — R - AclA R AWcl ‘i’ EWC2:| .
Wa AT+ WLBT -, ’
2.
Wo # D, Wy = {W,y1 € RV, Wy € R W, > 0,®, < 0} (44)
where
5 _ 5 < W, 0
_ 1 _ _ 0ll
A=T,"AT,, C=CT,, Wy, = { 0 W022} ,
and
< W,
WoZ = { 821} ’
Wypq € Rmxm, Wy € R(nfm)x(nfm), Wy € Rmxr,
q)oz|:v vao% . Wolg‘i’WOZC}.
ATWo +CTW), Wy

In the affirmative case, any K € L can be rewritten as
1. K= WC21WC_1%,' or
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2. K= W, W1

Proof: We also only consider the statement 2) here. The sufficiency is obvious according to
Lemma 3, hence, we only prove the necessity.

Note that
. V_vol . VvvolA'i‘Vv\/oZCv
ATW,; + CTW] —Wy,
_ T —Wo1 Wo1A + WpoC
=T {ATWol +CTw], — Wy To
To O
where 7, = 0T | Hence, we can conclude that
[

Wor = T Wt To, Wop = T, Wiz
Since the system matrices also satisfy
BTW,E =0,ETW,, =0

which implies

BIT, "W, T, 'E=0, ETT, TW,, =0 (45)
Let
< Wo11 W, 12} < {W 21}
W — [ [ , W — o0
ol {ngz W022 02 Wo23

With the conclusion from Remark 4, (45) implies
Wo12 =0, Wy =0

Hence we have the structural constraints on W,; and W,,. Using the results of Lemma 3, we
can easily get the controller L. Thus we complete the proof.

Remark 5. The first statements of Lemma 3 and Theorem 4 are corollaries of the results in Geromel,
de Souze & Skelton (1998); Geromel et al. (1996). Based on Theorem 4, we actually obtain a useful
LMI algorithm for output feedback control design of general LTI systems with fixed E. and/or E,. For
these LTI systems, we can first make a similarity transformation that makes C = [I 0] (or BT = [10]).
Then we force the W,y and Wy (or Wy1 and W,yy) to be constrained structure shown in Theorem
4. If the corresponding LMIs have solution, we may conclude that the output feedback gain exists;
otherwise, we cannot make a conclusion, as the choice of E; or E, is simply a special case. Thus we
can choose a scaled E. or E,, i.e., €E. or €E, to perform a one-dimensional search, which converts
the LMI condition in Theorem 4 a scaling LMI. For example, ®. in (43) should be changed as ®. =

R _chA AWcl ‘t SBWCZ
W AT + eWL BT — Wi, ‘

All the approaches in this section require similarity transformation, which can be done
by some techniques, such as the singular value decomposition (SVD). However, those
transformations often bring numerical errors, which sometimes leads to some problems for
the marginal solutions. Hence in the next section, using Finsler’s lemma, we introduce some
methods without the pretreatment on system matrices.
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4. Scaling LMIs without similarity transformation

Finsler’s Lemma has been applied in many LMI formulations, e.g., (Boyd et al., 1994; Xu
et al., 2004). With the aid of Finsler’s lemma, we can obtain scaling LMIs without similarity
transformation.

Lemma 4. (Boyd et al., 1994) The following expressions are equivalent:

1. xT Ax > 0 for Vx # 0, subject to Bx = 0;

2. BXTAB+ > 0, where B is the kernel ofBT, ie, BLBT = 0;

3. A+ 0oBTB > 0, for some scale o € R;

4. A+ XB+ BTXT > 0, for some matrix X.

In order to apply Finsler’s lemma, several manipulation on the Lyapunov inequalities should

be done first. Note that the condition (5) actually states V(x(t)) = xT(t)Px(t) > 0 and
AV(x) =V(x(t+1)) — V(x(t)) < 0. The latter can be rewritten as

TP <0, ¢ = [xT(t) xT(t+1)]T,P = {_OP g} (46)
Define { = [xT uT]T. It is easy to verify:
&= Myl (47)
[K —1]Npg =0 (48)
where c
IO 0
MPZ{AB}’NVZ{OI} “)
That is
(46) s.t. (47)-(48) (50)

Now based on the statements 1) and 4) of Finsler’s Lemma, we can conclude that (50) is
equivalent to

KT
T T T
M, PM, + N, LI}X +X[K—-I]N, <0 (51)
for some X'. Now we let

XT = [e27 2] (52)
where ¢ is a given real scalar, Z = [le,zzT, e ,Z,E}T € R"*M and Z € R™ ™. Note that Z is
constructed from Z with n rows drawing from Z, i.e., 7 = [ziT, z;,' . ,zg] T where z;T, 1<

i < m is a vector from Z. Since n > m, there are some same vectors in Z. Now we define

W =ZK = [wl,w}, -, wk]’ (53)
and
W =ZK = [w],w],- -, w}]" (54)

where wZT, 1 < i< misa vector from W. Then (51) can be transferred into following LMI:

e(CTWT + WC) *

WC—e2T  —(z7+7)] <° 5)

T
MIPM, +



152 Discrete Time Systems

Since ZT +Z > BTPB > 0, Z is invertible, K = Z~1W.

Theorem 5. The discrete-time system (1)-(2) is stabilized by (3) if there exist P > 0 and Z, W, such
that (55) is satisfied for some scalar e. Furthermore, the controller is given by K = Z~'W.

The conservatism lies in the construction of Z, which has to be a special structure. Z can be
further relaxed using a transformation Z = €27, where Z € R" M js a given matrix. In
Theorem 5, the condition (5) is applied. Based on the condition (6), we have the following
Lemma.

Theorem 6. The discrete-time system (1)-(2) is stabilized by (3) if there exist Q > 0 and Z, W, such
that

WTBT + BW
My QM + |:€(WTBTJ:£Z ) —(ZT*+ z)} <0 (56)
where A Q0
e (s8] o[22

is satisfied for some scalar e. Furthermore, the controller is given by K = Z~1W.

Proof: The condition (6) can be rewritten as

1 1" o0

Lr] 00 | ] <0 oY
1 17 [(BK)
Since {(BK)T} { 7 } = 0, (58) can be rewritten as
i AT
{(Tﬂ MqQMqT{(]iI?} <0 (59)
Now applying Finsler’s lemma, we have
T

MqQM,]T+{(le§)}X+XT{(]iI§)} <0 (60)

for some X = [SZ Z]. Similar to (52), we construct 7 from Z with its columns. Hence we have
(56), which is a sufficient condition for (6). Thus we complete the proof.

Remark 6. The proof of Theorem 6 is based on the equivalence between 1 and 2 of Finsler’s lemma. It
also provides an alterative proof of Theorem 5 if we note that (5) is equivalent to

11" I
T
{KC} MPPMP{KC} <0 (61)
Remark 7. Except for the case that m = 1 for Theorem 5 and | = 1 for Theorem 6, the construction of
Z is a problem to be considered. So far, we have no systematic method for this problem. However, based
on our experience, the choose of different vectors and their sequence do affect the result.

The following simple result is the consequence of the equivalence of 1 and 3 in Finsler’s
Lemma.
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Theorem 7. The discrete-time system (1)-(2) is stabilized by (3) if there exist P > 0 and K, such that

—P—cA—eAT +21 AT
{ i b 1| <0 (62)
where e € R.

Proof: 1t is obvious that inequality (42) holds subject to [A — I|¢ = 0. Now we apply the
equivalence between 1 and 3 of Finsler’s lemma and obtain

_ H{A} _ {—P—({ATA cA

P-olA-1| ", A Piﬂ}<o 63)

for some o > 0. Note that —ATA < —eAT — eA + €I, (63) can be implied by

—P+0o(—eAT —eA + %) cAT
{ cA por| <" 64
By redefining P as %P, we can obtain the result.
Remark 8. Inequality (51) is also equivalent to
T r [KT
MyPMp — 0N, {71} [K—-I]N, <0 (65)
for some positive scalar o. Hence, we have
T3 r[KT
M, PMp — N, {71} [K—I]N, <0 (66)
where P = _OP g , P = o~ 1P. Using the fact that (K — Ko)T (K — Kq) > 0, we may obtain an

iterative solution from initial condition Ko, where Ko may be gotten from Lemma 5.

5. Comparison and examples

We shall note that the comparisons of some existing methods (Bara & Boutayeb, 2005; Crusius
& Trofino, 1999; Garcia et al., 2001) with the case of ¢ = 0 in Theorem 1 has been given in
(Bara & Boutayeb, 2006), where it states that there are many numerical examples for which
Theorem 1 with ¢ = 0 works successfully while the methods in (Bara & Boutayeb, 2005;
Crusius & Trofino, 1999; Garcia et al., 2001) do not and vice-versa. It also stands for our
conditions. Hence, in the section, we will only compare these methods introduced above. The
LMI solvers used here are SeDuMi (v1.3) Sturm et al. (2006) and SDPT3 (v3.4) Toh et al. (2006)
with YALMIP Lofberg (2004) as the interface.

In the first example, we will show the advantage of the scaling LMI with € compared with the
non-scaling ones. In the second example, we will show that different scaling LMI approaches
have different performance for different situations. As a by-product, we will also illustrate the
different solvability of the different solvers.
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Example 1. Consider the unstable system as follows.

0.82 0.0576 0.2212 0.8927 0.0678

0.0574 0.0634 0.6254 0.0926 0.9731

Ao = | 0.0901 0.7228 0.5133 0.2925 0.9228
0.6967 0.0337 0.5757 0.8219 0.9587

0.1471 0.6957 0.2872 0.994 0.5632

0.9505 0.2924
0.3182 0.4025
B, = | 0.2659 0.0341
0.0611 0.2875
0.3328 0.2196

105659 0.255 0.5227 0.0038 0.3608

Co= 0.8701 0.5918 0.1291 0.3258 0.994

This example is borrowed from (Bara & Boutayeb, 2006), where output feedback controllers
have been designed. For Ay, from A, it has stable eigenvalue. In this paper, we compare the
design problem with the maximum decay rate, i.e.,

maxp s.t. ATPA-P< —pP

Note that in this example, m < n —m. With ¢ = 0, i.e., using the method in (Bara & Boutayeb,
2006), we obtain the maximum p = 0.16, while Theorem 1 gives p = 0.18 with ¢ = —0.09.
However, Theorem 5 only obtains a maximum p = 0.03 with a choice of Z = [I, I, 0]T.
Note that the solvability heavily depends on the choice of e. For example, when ¢ = 0.09 for
Theorem 1, the LMI is not feasible.

Now we consider a case that Apy has an unstable eigenvalue. Consider the above example
with slight changes on A,

0.9495 0.12048 0.14297 0.19192 0.019139
0.8656 0.28816 0.67152 0.01136 0.38651
Ao = | 0.5038 0.46371 0.9712 0.93839 0.42246
0.13009 0.76443 0.47657 0.54837 0.4089
0.34529 0.61187 0.15809 0.46639 0.53536

We can easily verify that Ay; from A has one unstable eigenvalue 1.004. Hence, the method
in (Bara & Boutayeb, 2006) cannot solve it. However, Theorem 1 generates a solution as
K — {—0.233763 —0.31506

—3.61207 0.376493
0.9373 —0.4008
1.5244 —0.7974
—0.3914 —0.3603
—2.3604 —1.1034

}. Meanwhile, Theorem 5 also can get a feasible solution for

¢ = —0.1879 and K = { } . Theorem 4 via a standard SVD without scaling

1.4813 0.5720

37203 —1.8693 | USing (44)-

can also obtain K = { } using (43) or K =
Example 2. We randomly generate 5000 stabilizable and detectable systems of dimension n =

4(6,6,6,7,7), m = 2(3,1,5,4,3) and | = 2(3,5,1,3,4).
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| [T1[T3|
SeDuMi[5000]4982
SDPT3 |4975|5000

Table 1. Different solvability of different solvers

[T 1% T3]4.2.2F[6.3.3]6.1.5]6.5.1]7.4.3]7.34|

Y Y | 4999 (49994994 |4996|4998|4998
Y NJ| 1 0 2 3 1 1
N Y| O 1 4 1 1 1
N N| O 0 0 0 0 0

Superscript?: Y (N) means that the problem can (not) be solved by the corresponding theorems. For
example, the value 4 of third row and third column means that in the random 5000 examples, there are 4
cases that cannot be solved by Theorem 1 while can be solved by Theorem 3.

Table 2. Comparison of Theorem 1 and Theorem 3

Hence we can use Theorem 1 and Theorem 3 with ¢ = 0 to solve this problem. Note that
different solvers may give different solvability. For example, givenn = 6, m = 3and [ = 3,
in a one-time simulation, the result is given in Table 1. Thus in order to partially eliminate
the effect of the solvers, we choose the combined solvability result from two solvers in this
section.

Table 2 shows the comparison of Theorem 1 and Theorem 3. Some phenomenons (the
solvability of Theorem 1 and Theorem 3 depends on the | and m. When m > I, Theorem 1
tends to have a higher solvability than Theorem 3. And vise verse.) was observed from these
results obtained using LMITOOLS provided by Matlab is not shown here.

6. Extension to H., synthesis

The aforementioned results can contribute to other problems, such as robust control. In this
section, we extend it to He, output feedback control problem. Consider the following system:

x(t+1) = Ax(t) + Bou(t) + Byw (67)
y(t) = Cx(t) + Dw (68)
z(t) = Ex(t) + Fw (69)

We only consider the case that By is with full rank and assume that the system has been
transferred into the form like (7). Using the controller as (3), the closed-loop system is

x(t+1) = Ax(t) + Bw (70)
= (A + BoKC)x(t) + (By + BoKD)w

We attempt to design the controller, such that the L, gain sup 2l < 7. It should be noted

lwll2
that all the aforementioned scaling LMI approaches can be applied here. However, we only

choose one similar to Theorem 1.
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Theorem 8. The discrete-time system (67)-(69) is stabilized by (3) and satisfies Heo, if there exist a
matrix P > 0 defined in (8) and R, such that

R(O1) <0, m=n—m
R(Oy) <0, m<n—m (71)
R(O3) <0, m>n—m

where e € R, ©; is defined in Theorem 1,

R(©;) =
—P1y RC + [Py1 Ppo]A RD + [Py P12]By 0
* ATO®;A - P ATO;B, ET (72)
* * Bl©B—yI FT
* * * —vl1

Proof: Following the arguments in Theorem 1, we can see that (71) implies

ATpPA—p ATpB ET
N(©;) = * BTPB—+I FT | <0 (73)
* * -l

Using bounded real lemma (Boyd et al., 1994), we can complete the proof.

7. Conclusion

In this paper, we have presented some sufficient conditions for static output feedback control
of discrete-time LTI systems. Some approaches require a similarity transformation to convert
B or C to a special form such that we can formulate the design problem into a scaling
LMI problem with a conservative relaxation. Based on whether B or C is full rank, we
consider several cases with respect to the system state dimension, output dimension and
input dimension. These methods are better than these introduced in (Bara & Boutayeb, 2006)
and might achieve statistical advantages over other existing results (Bara & Boutayeb, 2005;
Crusius & Trofino, 1999; Garcia et al., 2001). The other approaches apply Finsler’s lemma
directly such that the Lyapunov matrix and the controller gain can be separated, and hence
gain benefits for the design. All the presented approaches can be extended to some other
problems. Note that we cannot conclude that the approaches presented in this paper is
definitely superior to all the existing approaches, but introduce some alternative conditions
which may achieve better performance than others in some circumstances.
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1. Introduction

This chapter will consider two discrete time mixed LQR/ H,, control problems. One is the
discrete time state feedback mixed LQR/ H control problem, another is the non-fragile
discrete time state feedback mixed LQR/ H, control problem. Motivation for mixed
LQR/ H,, control problem is to combine the LQR and suboptimal H_ controller design
theories, and achieve simultaneously the performance of the two problems. As is well
known, the performance measure in optimal LQR control theory is the quadratic
performance index, defined in the time-domain as

J =3 (" (k)Qu(k) + " (K)Rufk)) @
k=0
while the performance measure in H, control theory is H, norm, defined in the
frequency-domain for a stable transfer matrix T,,(z) as
HTZZU (Z)HOO = Sup O-max[Tzw(e]w)]

we[O,Zﬂ']

where, Q>0,R>0, o,,,[*] denotes the largest singular value.
The linear discrete time system corresponding to the discrete time state feedback mixed
LQR/ H,, control problem is

x(k+1) = Ax(k)+ Byw(k) + Byu(k) (2.a)
z(k) = Cyx(k) + Dy,u(k) (2.b)

with state feedback of the form
u(k) = Kx(k) 3)

where, x(k)eR" is the state, u(k)e R™ is the control input, w(k)eR? is the disturbance
input that belongs to L,[0,), z(k) e R” is the controlled output. A, B, ,B, ,C; and Dy,
are known matrices of appropriate dimensions. Let x(0) =x, .

The closed loop transfer matrix from the disturbance input w to the controlled output z is
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where, Ay :=A+B,K,Bg =B, ,Cx =C; +D},K.

Recall that the discrete time state feedback optimal LQR control problem is to find an
admissible controller that minimizes the quadratic performance index (1) subject to the
systems (2) (3) with w =0, while the discrete time state feedback H, control problem is to
find an admissible controller such that |T,,(z)| <y subject to the systems (2)(3) for a given
number y >0 . While we combine the two problems for the systems (2)(3) with w € L,[0,«),
the quadratic performance index (1) is a function of the control input u(k) and disturbance
input w(k) in the case of x(0) being given and y being fixed. Thus, it is not possible to pose
a mixed LQR/ H,, control problem that is to find an admissible controller that achieves the
minimization of quadratic performance index (1) subject to HTzw(Z)Hw <y for the systems
(2)(3) with w € L,[0,0) because the quadratic performance index (1) is an uncertain function
depending on the uncertain disturbance input w(k) . In order to eliminate this difficulty, the
design criteria of state feedback mixed LQR/ H,, control problem should be replaced by the
design criteria

sup inf{]} subject to [T, (z)| <y

wel,, K

because for all w € L,[0,), the following inequality always exists

inf{J} < sup inf(J}

wel,,

The stochastic problem corresponding to this problem is the combined LQG/ H,, control
problem that was first presented by Bernstein & Haddad (1989). This problem is to find an
admissible fixed order dynamic compensator that minimizes the expected cost function of
the form

J= }im E(x"Qx + u" Ru) subject to HTszw <y.
—>0

Here, the disturbance input w of this problem is restricted to be white noise. Since the
problem of Bernstein & Haddad (1989) involves merely a special case of fixing weighting
matrices Q and R, it is considered as a mixed H, / H, problem in special case. Doyle et
al. (1989b) considered a related output feedback mixed H, / H,, problem (also see Doyle et
al., 1994). The two approaches have been shown in Yeh et al. (1992) to be duals of one
another in some sense. Also, various approaches for solving the mixed H, /H, problem
are presented (Rotea & Khargonekar , 1991; Khargonekar & Rotea, 1991; Zhou et al., 1994;
Limebeer et al. 1994; Sznaier ,1994; Rotstein & Sznaier, 1998 ; Sznaier et al. , 2000) . How-
ever, no approach has involved the mixed LQR/ H,, control problem until the discrete time
state feedback controller for solving this problem was presented by Xu (1996). Since then,
several approaches to the mixed LQR / H, control problems have been presented in Xu
(2007, 2008).

The first goal of this chapter is to, based on the results of Xu (1996,2007), present the simple
approach to discrete time state feedback mixed LQR / H_, control problem by combining
the Lyapunov method for proving the discrete time optimal LQR control pro-blem with an
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extension of the discrete time bounded real lemma, the argument of compl-etion of squares
of Furuta & Phoojaruenchanachi (1990) and standard inverse matrix man-ipulation of Souza
& Xie (1992).

On the other hand, unlike the discrete time state feedback mixed LQR / H_, control
problem, state feedback corresponding to the non-fragile discrete time state feedback mixed
LQR/ H,, control problem is a function of controller uncertainty AF(k), and is given by

N

u(k)=E x(k), E, =F, + AF(k) (4)

where, AF(k) is the controller uncertainty.
The closed-loop transfer matrix from disturbance input w to the controlled output zand
quadratic performance index for the closed-loop system (2) (4) is respectively

and

2
N R%u(k)H 2l

where, AI:} =A+ BZFOO , BF =B, Cﬁw =Cy + Dlzl:"OO , >0 isa given number.

Note that the feedback matrix E, of the considered closed-loop system is a function of the
controller uncertainty AF(k), this results in that the quadratic performance index (1) is not
only a function of the controller F, and disturbance inputw(k) but also a function of the
controller uncertainty AF(k) in the case of x(0)being given and y being fixed. We can
easily know that the existence of disturbance inputw(k) and controller uncertainty AF(k)
makes it impossible to find sup,,.;, infg{]}, while the existence of controller uncertainty
AF(k) also makes it difficult to find sup,;, {J}. In order to eliminate these difficulties, the
design criteria of non-fragile discrete time state feedback mixed LQR/ H,, control problem
should be replaced by the design criteria

SUPyer,, (]} subject to [Ty (2)], <7 -

Motivation for non-fragile problem came from Keel & Bhattacharyya (1997). Keel &
Bhattacharyya (1997) showed by examples that optimum and robust controllers, designed
by using the H, ,H,,I', and u formulations, can produce extremely fragile controllers, in
the sense that vanishingly small perturbations of the coefficients of the designed controller
destabilize the closed-loop system; while the controller gain variations could not be avoided
in most applications.This is because many factors, such as the limitations in available com-
puter memory and word-length capabilities of digital processor and the A/D and D/A
converters,result in the variation of the controller parameters in controller implementation.
Also, the controller gain variations might come about because of external effects such as
temperature changes.Thus, any controller must be insensitive to the above-mentioned con-
toller gain variation. The question arised from this is how to design a controller that is inse-
nsitive, or non-fragile to error/uncertainty in controller parameters for a given plant. This
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problem is said to be a non-fragile control problem. Recently, the non-fragile controller
approach has been used to a very large class of control problems (Famularo et al. 2000,
Haddad et al. 2000, Yang et al 2000, Yang et al. 2001 and Xu 2007).

The second aim of this chapter is to, based on the results of Xu (2007), present a non-fragile
controller approach to the discrete-time state feedback mixed LQR/ H,, control problem
with controller uncertainty.

This chapter is organized as follows. In Section 2, we review several preliminary results, and
present two extensions of the well known discrete time bounded real lamma. In Section 3,
we define the discrete time state feedback mixed LQR/ H,, control problem. Based on this
definition, we present the both Riccati equation approach and state space approach to the
discrete time state feedback mixed LQR/ H, control problem. In Section 4, we intro-duce
the definition of non-fragile discrete time state feedback mixed LQR/ H, control problem,
give the design method of a non-fragile discrete time state feedback mixed LQR / H,
controller, and derive the necessary and sufficient conditions for the existence of this
controller. In Section 5, we give two examples to illustrate the design procedures and their
effectiveness, respectively. Section 6 gives some conclusions.

Throughout this chapter, AT denotes the transpose of A, A7l denotes the inverse of A,
A" is the shorthand for (A™)", G7(z) denotes the conjugate system of G(z) and is the
shorthand for G'(z™), L,(—0,+x0) denotes the time domain Lebesgue space, L,[0,+w)
denotes the subspace of L,(—w,+x) , L,(—,0] denotes the subspace of L,(—w,+x), L, is
the shorthand for L,[0,+e0) and L,_ is the shorthand for L,(—x,0].

2. Preliminaries

This section reviews several preliminary results. First, we consider the discerete time Riccati
equation and discrete time Riccati inequality, respectively

X=ATX(I+RX)'A+Q (5)
and

ATX(I+RX)TA+Q-X<0 (6)

with Q=Q" 20 and R=R" >0.

We are particularly interested in solution' s X of (5) and (6) such that (I +RX)™"A is stable.
A symmetric matrix X is said to the stabilizing solution of discrete time Riccati equation (5)
if it satisfies (5) and is such that (I+RX) ™A is stable. Moreover, for a sufficiently small
constant ¢ >0, the discrete time Riccati inequality (6) can be rewritten as

X=ATX(I+RX)'A+Q+4I @)

Based on the above relation, we can say that if a symmetric matrix X is a stabilizing
solution to the discrete time Riccati equation (7), then it also is a stabilizing solution to the
discrete time Riccati inequality (6). According to the concept of stabilizing solution of
discrete time Riccati equation, we can define the stabilizing solution X to the discrete time
Riccati inequality (6) as follow: if there exists a symmetric solution X to the discrete time
Riccati inequality (6) such that (I+RX)'Ais stable, then it is said to be a stabilizing
solution to the discrete time Riccati inequality (6) .
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If A is invertible, the stabilizing solution to the discerete time Riccati equation (5) can be
obtained through the following simplectic matrix

. {A +RATQ —RAT} )

_A*TQ A*T
Assume that S has no eigenvalues on the unit circle, then it must have n eigenvalues in

Mi‘<1 and 7nin Mi‘ >1 (i=1,2,---,n,n+1,---,2n). If n eigenvectors corresponding to n
eigenvalues in ‘/1,»‘ <1 of the simplectic matrix (8) is computed as

U
i
then a stabilizing solution to the discerete time Riccati equation (5) is given by

X=[o, - o,][u - un]fl

Secondly, we will introduce the well known discrete time bounded real lemma (see Zhou et
al., 1996; Iglesias & Glover, 1991; Souza & Xie, 1992) .
Lemma 2.1 (Discrete Time Bounded Real Lemma)

AiB
Suppose that >0, M(z):{CD}eRHW then the following two statements are
equivalent:
i M), <7 -

ii. There exists a stabilizing solution X >0 (X >0 if (C,A)is observable ) to the discrete
time Riccati equation
ATXA-X+y?(ATXB+C'D)U;*(B"XA+D'C)+C'C=0

such that U, =1 -y >(D'D+B"XB)>0.
In order to solve the two discrete time state feedback mixed LQR/ H,, control problems
considered by this chapter, we introduce the following reference system

Cl DlZ
x(k +1) = Ax(k) + Byw(k) + Byu(k) 2(k)= Q%H x(K)+| 1 H u(k) )
0 I

where, Q= {Q O} and z(k) :{ 2(5) } .
0 R zy(k)

The following lemma is an extension of the discrete time bounded real lemma.

Lemma 2.2 Given the system (2) under the influence of the state feedback (3), and suppose
that >0, T,,(z)eRH,; then there exists an admissible controller K such that
IT.(2)], <7 if there exists a stabilizing solution X, >0 to the discrete time Riccati

equation

ALX Ay =X, + 7 2ALX BeU'BEX Ay +CxCy +Q+K'RK =0 (10)
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such that U; =1 -y ?BLX, By >0.
Proof: Consider the reference system (9) under the influence of the state feedback (3), and
define T as

then the closed-loop transfer matrix from disturbance input w to the controlled output Z is

Zw = zw

Ts(2) = { ”"(( ))]Note that y°I TS T:, >0 is equivalent to

7 I=T.T,, >TyT, >0 forall welL,[0,) ,

zZw=zw

and T, (z)eRH,is equivalent to T, (z)eRH,, so |T,(z)|, <y implies |T,(z), <»
Hence, it follows from Lemma 2.1. Q.E.D.
To prove the result of non-fragile discrete time state feedback mixed LQR/ H, control

problem, we define the inequality
AL X, Ap X, +y Al X,By U'Bf X, Ay +C} Cp +Q+E/RE, <0 (11)

where, U; =1~y B] X,B; >0.

In terms of the inequality (11), we have the following lemma:

Lemma 2.3 Consider the system (2) under the influence of state feedback (4) with controler

uncertainty, and suppose that y >0 is a given number, then there exists an admissible non-

fragile controller F, such that HTszw <y if for any admissible uncertainty AF(k), there

exists a stabilizing solution X, >0 to the inequality (11) such that U;=

I- ;/_ZBT X,B: >0.

Proof Suppose that for any admissible uncertainty AF(k), there exists a stabilizing solution
>0 to the inequality (11) such that U;=1- ;/_ZBT X,B; >0 . This implies that the

solutlon X, 20 issuchthat A; + )/_ZB UllBT X,A; s stable

Let A =A+B,F, and C = C1 +D,,E, ; then we can rewrite (11) as
AL X, Ap =X, +y2Af X,B; Uy'BL X, Ay +CL Cp +Q
+FI'RFE, —(ATU,B, + FIU,)U," (BIU,A + U,F,) + ANy <0
where, U, = BjUsB, +1+R, Us =7 2X,B; U;'Bf X, + X,
AN} = (ATU,B, + ETU, + AFT (k)U, U5 (BXU, A + U, F, + LIZAF(k)) .
Since AF(k) is an admissible norm-bounded time- varying uncertainty, there exists a time-

varying uncertain number (k) > 0 satisfying

AL X, Ap -X, +y AL X,B; U;'B X, Ap, +Ci Cr, +Q+E/RE, a2
—(ATU,B, + FIU, U, (BJU,A + U,F,) + ANy + 8(k)I =0
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Note that Az +y 2B UllBT X,A; is stable for any admissible uncertainty AF(k). This
implies that AF +y 2B l,lllBT X AF is stable.

Hence, (UllBT%X A ,AF ) 1is detectable. Then it follows from standard results on
Lyapunov equations (see Lemma 2.7 a), Iglesias & Glover 1991) and the equation (12) that
Ap s stable. Thus, g =Ap +BAF (k) is stable for any admissible uncertainty AF(k).
Define V(x(k)):=x" (k)X x(k), where, x is the solution to the plant equations for a given
input w, then it can be easily established that

0= {-AV(x(k)) + xT (k+1)X, x(k + 1) — xT (k) X, x(k)}

Ms

=~
Il

0
2

1
(-AV ) |2 + 7 Joff - 72|t 2o - 2B X, 4, )

MS

H%

X' (AL XA Xm+y‘2A£X B; U;'Bf X,A; +Cf Cp )x}

E,

Add the above zero equality to | to get

2

1
—AV( (k) ~ |2 + 72 [[w] - 72 U2 (w-— yU;'B] X, A x)

J=

2 zMs

w2l (AL XAy =X, +7 AL X,B; U'BL X, A; +Cf C; +Q+FTRF)}

Substituting (11) for the above formula,we get that for any u(k) and w(k) and x(0)=0,

2

1
J <=2 + 72 of? - 72 U720 - 72U B X, A x)

2

Note that Honi = kacT(k)ch(k) , and define that r :=w - y’ZU{lBE X, Ap x, we get
0

2 - 7* el <~
Suppose that I' is the operator with realization
x(k+1) = (A +B,E, )x(k) + B w(k)
r(k) =y Uy "B} X,,Ap x(k)+w(k)
which maps w to r.

Since I'" exists (and is given by x(k+1)=(A+ le:"OO + y’zBﬁ Ul’lBg X Ap )x(k)+Bg r(k),

©

w(k) = y’ZU{lBg X, Ap x(k)+7r(k) ), we can write

2
. 2 2
2 ==7*[reof < el

= ol <=
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for some positive x .This implies that there exists an admissible non-fragile controller such

that |T,|, <. Note that °I - Tz, T;, >0 is equivalent to
721 =TT, > T3 T, >0forall weL,[0,0)
SO HTinOO <y implies HTszw <y, and we conclude that there exists an admissible non-fragile

controller such that ||T,, [ <7.Q.E.D.

w

3. State Feedback

In this section, we will consider the discrete time state feedback mixed LQR/ H, control
problem. This problem is defined as follows: Given the linear discrete-time systems (2)(3)
with we L,[0,0) and x(0)=x, and the quadratic performance index (1), for a given
number y >0, determine an admissible controller K that achieves

sup i?f{]} subject to [T, (z)], <7 -

wel,,

If this controller K exists, it is said to be a discrete time state feedback mixed LQR/ H,
controller.

Here, we will discuss the simplified versions of the problem defined in the above. In order
to do this, the following assumptions are imposed on the system

Assumption1 (C;,A) is detectable.

Assumption 2 (A,B,) is stabilizable.
Assumption 3 D,[C; Dj,|=[0 I].

The solution to the problem defined in the above involves the discrete time Riccati equation

ATX A-X,-ATX, B(B"X, B+R)'BTX A+CIC,+Q=0 (13)

« .| =1 0
where, B= [y’lBl BZJ , R= { 0 R+ J .If A is invertible, the stabilizing solution to the

discrete time Riccati equation (13) can be obtained through the following simplectic matrix
s | At BR'B'ATT(CIC,+Q) -BR'BTATT
N ~ATT(C]C, +Q) AT

In the following theorem, we provide the solution to discrete time state feedback mixed
LQR/ H,, control problem.

Theorem 3.1 There exists a state feedback mixed LQR/ H,, controller if the discrete time
Riccati equation (13) has a stabilizing solution X, >0 and U, =I-y B/ X_B, >0.
Moreover, this state feedback mixed LQR/ H,, controller is given by

K=-U;'BIUA

where, U, = R+1+BJU,B,, and U, = X, + 72X, B,U;'BI X, .
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In this case, the state feedback mixed LQR/ H, controller will achieve

sup ll'lf{]} = xg (XOO + }/_ZXw — Xz)xo subject to HTszw <y.

wel,,

A o B o, ~ R

where,  Ap=Ag+y 7Bl By X, Ax X, = Y {(AR)T ARX, B U 2BEX, AgAE),  and
k=0
X, = 3 {(AQ) CkCiAL) -
k=0

Before proving Theorem 3.1, we will give the following lemma.
Lemma 3.1 Suppose that the discrete time Riccati equation (13) has a stabilizing solution
X,>0 and U, =1-y?B] X_B, >0, and let Ay = A+B,K and K=-U;'BIJU,A; then Ay is
stable.
Proof: Suppose that the discrete time Riccati equation (13) has a stabilizing solution X, >0
and U, =I1-y 7B X_B, >0. Observe that

-1pT

N B 10
B'x,B+R=|" I, [/7B, B+ -
B! 0 R+l

- 7 'BI X,B,
y'BiX,B, BiX,By+R+I
Also, note that U, =I-y2B{X B >0,U;=X,+y X, BU'B[X,, and U,=R+I

+B,U,B, ; then it can be easily shown by using the similar standard matrix manipulations as
in the proof of Theorem 3.1 in Souza & Xie (1992) that

(BTX, B+R)" = {_ul_l +Uy Byl By ll{lBlugl}

u, By u,'
where, l§1 =y 'BIX,B,.
Thus, we have
ATX B(B'X_B+R)™"'B"X, A=-y2ATX_BU;'BI X A+ ATU,B,U;'BIU,A

Rearraging the discrete time Riccati equation (13), we get

X, =ATX A+y2A"X BU'B{ X A-A"U,B,U,'BIU,A+CIC, +Q
=ATX, A+y2ATX BU'BI X, A+CIC, + Q- ATU,B,U, B (X, + 72X, B,U;'BI X)) A
- AT(X, +y72X,B,U;'B{ X )B,U,'BIU,A
+ ATU,B, U, [R+ 1+ BY (X, + 772X, B,U;'BI X )B,JU;'Bi U, A
=(ATX,A-A"U,B,U;' B X, A~ ATX B,U,'BIU,A + ATU,B,U," Bl X B,U, "By U5 A)
+(C1Cy + ATULB,U, U, BT U, A) + ATULB,UL ' RU, By ULA +Q
+(y?ATX BU'BI X A -y 2 ATU,B, U5 BI X, B,U'B{ X A
-y 2ATX BU'BI X, B,U5'BIULA + y > ATU,B, U, BI X, B,U;'BI X B,U, ' B UL A)
=(A=ByU; BUsA)' X, (A~ Byl ' ByU3A) +(Cy =Dyl ' By UsA) (Cy — Dyl ' By Us A)
+KTRK +Q +y2(A-B,U,'BIU,A) X, B,U;'BI X, (A - B,U, "By U,A)
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that is,

ARX, Ag =X, + 7 2ARX, B U B X, Ay +CRCy +Q+K'RK =0 (14)

Since the discrete time Riccati equation (13) has a stabilizing solution X, >0, the discrete
time Riccati equation (14) also has a stabilizing solution X, >0. This implies that
AK = Ay +y2BU;'BL X Ay is stable. Hence (U;'BLX, Ay, Ag) is detectable. Based on this,
it follows from standard results on Lyapunov equations (see Lemma 2.7 a), Iglesias &
Glover 1991) that Ay is stable.Q. E. D.

Proof of Theorem 3.1: Suppose that the discrete time Riccati equation (13) has a stabilizing
solution X, >0 and U, =I1-yB/ X, B, >0. Then, it follows from Lemma 3.1 that Ay is
stable. This implies that T,,(z) € RH, . By using the same standard matrix manipulations as
in the proof of Lemma 3.1, we can rewrite the discrete time Riccati equation (13) as follows:

ATX, A-X, +y2ATX BU'B{ X A~ ATU,B,U,'ByU,A+CIC, +Q=0

or equivalently,

AYX, Ap =X, +y2AEX B U BEX, Ay +CECy +Q+KTRK =0

Thus, it follows from Lemma 2.2 that HTzw(Z)Hw <y.
Define V(x(k)) = x" (k)X x(k) , where X, is the solution to the discrete time Riccati equation
(13), then taking the difference AV(x(k)) and completing the squares we get

AV (x(k)) = xT (k+1)X, x(k +1) - xT (k)X x(k)
=xT (k) (AL X, Ax = X,)x(k) + xT (k)AL X Bgw(k)
+w! (k)BLX, Agx(k) +w” (k)BE X, Byw(k)

2

= o + ol - U0 -y PUTBEX, Ag)

+x (AL X, Ag =X, + 7 2ALX B U'BE X Ay +CLCy)x
Based on the above, the cost function | can be rewritten as:

2

J= 35 (00k(K) = 3 H-AV (k) ~ [P + 7 [l 72 {20 - U BIX, Ag)
k=0

k=0

(15)
+x  (ALX Ay — X+ 72 ALX BeU'BEX , Ag + CxCy + Q + KT RK)x}
On the other hand, it follows from the similar argumrnts as in the proof of Theorem 3.1 in
Furuta & Phoojaruenchanachai (1990) that
ARX, Ay =X, +y 2 ALX, BeU' BEX Ay + CxCy +Q+K'RK
=ATX A-X_+y2ATX BU'BI X, A - ATU,B,U;'BIU,A +CIC, +Q
+(K+U;'BiU,A) U, (K + U,'ByU5A)

At the same time note that
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-y 2ATX BU'B] X, A+ ATU,B,U,'BiU,A

Uyt +uB U BIUT Ut B UG
u;'Blu;! u,!

= ATX, B(B'X, B+R)'B'X, A

=A"X_B BTX A

We have

A X Ag =X, +7 AKX, By By X, Ag +CiC +Q+K'RK
=A"X,A-X,-A"X, B(B"X,B+R)"'B"X,A+C{C; +Q
+(K+U,'ByUsA) Uy (K + U, ' By U5 A)
Also, noting that the discrete time Riccati equation (13) and substituting the above equality
for (15), we get

2

o 1
J= 3 AT QK = 3 AV 2P + 72l - 72 [Uf2 (0 - U BEX, Ag)
k=0 k=0
Y ) (16)
+[|U52(K +U,'ByU,A)x| )

Based on the above, it is clear that if K =—U,'B)U,A , then we get

2

1
inf(]) = 6§ X%~ + 72 olf -2 U2 (0 - 20 BEX, A)

17)
2
By letting w(k) = ;/_ZUl_lBKX Agx(k) for all k>0, we get that x(k) = AKXO with AK which
belongs to L,[0,+x) since AI< =A- B(BTX B+R) 1BTX A is stable. Also, we have

(k) = 732 X, xo , |2(K)s = x5 X%,

Then it follows from (17) that
sup inf{]J} = xg(XOO + 7/_2Xw -X,)x,
wel,,
Thus we conclude that there exists an admissible state feedback controller such that

sup inf{J} = x} (X, + 72X, — X, )x, subject to |T,, || <» Q.E.D.

wel,,

4. Non-fragile controller

In this section, we will consider the non-fragile discrete-time state feedback mixed
LQR/ H,, control problem with controller uncertainty. This problem is defined as follows:
Consider the system (2) (4) satisfying Assumption 1-3 with we L,[0,0) and x(0)=x,, fora
given number y >0 and any admissible controller uncertainty, determine an admissible
non-fragile controller F, such that
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sup{f} subject to HTzw(z)Hw <y.

wel,,

where, the controller uncertainty AF(k) considered here is assumed to be of the following
structure:

AF(k) = HF(k)Eg

where, Hy and Ey are known matrices of appropriate dimensions. F(k) is an uncertain
matrix satisfying

Fr(k)F(k) <1

with the elements of F(k) being Lebesgue measurable.

If this controller exists, it is said to be a non-fragile discrete time state feedback mixed
LQR/ H,, controller.

In order to solve the problem defined in the above, we first connect the its design criteria
with the inequality (11).

Lemma 4.1 Suppose that y >0, then there exists an admissible non-fragile controller F,
that achieves

SUP{]} %9 X,y subject to H sz <7

welL,,

if for any admissible uncertainty AF(k), there exists a stabilizing solution X, >0 to the
inequality (11) such that U; =1~y B{ X,B; >0.

Proof: Suppose that for any admissible uncertamty AF(k), there exists a stabilizing solution
X, >0 to the inequality (11) such that U;=1- }/’ZBT X,B: >0. This implies that the
solution X, >0 is such that A; +y 2B UllBTX Ap s stable. Then it follows from
Lemma 2.3 that HTsz <y . Using the same argument as in the proof of Lemma 2.3, we get
that A; isstableand | can be rewritten as follows:

2

1
AV () |2 + 72 o - 72 U7 (0 - 72U B X, A; x)

\4
e EMS

(18)
* (AL X, Ay - X, +7 AL X,B; Uy'B] X, A; +C[ C; +Q+ﬁjRﬁw)x}
Substituting (11) for (18) to get
y 27 7-17T §
J<xdX, %o~ H2H2 +y HwH2 2L 2 (w -y 2U; B; X, A; x) i (19a)
or

J<xTX,xo — | - 73 |Uuf?w -y 2U; "B X, A i 19b
0“0t 2 1(w e 1 ﬁ‘m wﬁwx)Z ( )

By letting wzy’ZU{lB;XwAﬁx for all k>0, we get that x(k)=A’1§‘x0 with

A

Aﬁm =Ap + y"zBﬁxU{lBngAﬁm which belongs to L,[0,+) since A; is stable. It follows

3
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from (19b) that sup{j} = ngwa' Thus, we conclude that there exists an admissible
<y.Q.E.D.

Remark 4.1 In the proof of Lemma 4.1, we let w = 7’2U1’1B£ X,Ap x forall k20 to get that

wel,,

non-fragile controller such that sup{f}weL2 = x} X, x, subject to [T,

x(k):AlFf Xy with Aﬁ =A; +y‘2Bﬁ U{lBg X,A; which belongs to L,[0,+0) since A; is

o

stable. Also, we have

Jollz = 2T X% |2 = %3 X% -

Then it follows from (19a) that

]< xg(Xoo + 7/_2Xw - Xz)xo (20)

where, X, = > {(Af )" AL X, B{U”B{ X, A; Af } ,and X, =Y {(Af )'CLC; A}

k=0 k=0
Note that Aﬁ depends on the controller uncertainty AF(k), thus it is difficult to find an
upper bound of either of X, and X,. This implies that the existence of controller
uncertainty AF(k) makes it difficult to find sup,.;, {J} by using (20). Thus, it is clear that
the existence of the controller uncertainty makes the performance of the designed system
become bad.
In order to give necessary and sufficient conditions for the existence of an admissible non-
fragile controller for solving the non-fragile discrete-time state feedback mixed LQR/ H,,
control problem, we define the following parameter-dependent discrete time Riccati
equation:

ATX, A-X, - ATX_B(B"X,B+R)'B'X A+ p*ELE, +CIC, +Qs =0 (1)
N 71 . |- 0 . . ..
where, B = [7/ B, BZJ ,R= 0 I+R|’ Qs =Q+0I with 6>0 being a sufficiently small

constant, p is a given number satisfying p°I-HiU,Hy >0, U, =1-yB/X B, >0,
U, =BlU,B, +I+R and U;=X,+y2X,BU;'BIX, . If A is invertible, the parameter-

dependent discrete time Riccati equation (21) can be solved by using the following
symplectic matrix

o | At BR'BTA™T(p®ELE, +CIC, +Q;) —BR'BTAT
” AT (pPELE, +CICy +Qy) AT

The following theorem gives the solution to non-fragile discrete time state feedback mixed
LQR/ H,, control problem.

Theorem 4.1 There exists a non-fragile discrete time state feedback mixed LQR/ H,
controller iff for a given number p and a sufficiently small constant § >0, there exists a
stabilizing solution X, >0 to the parameter-dependent discrete time Riccati equation (21)
such that U, =1-y"2B/ X B, >0 and p*I-HyU,Hy >0.
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Moreover, this non-fragile discrete time state feedback mixed LQR/ H,, controller is

E, =-U,'ByU,A

and achieves sup{/},.;, = x3 XX, subject to HTszw <y.

Proof: Sufficiency: Suppose that for a given number p and a sufficiently small constant
0>0, there exists a stabilizing solution X, >0 to the parameter-dependent Riccati
equation (21) such that U, =1y Bl X, B, >0 and p*I - HyU,H, >0 . This implies that the
solution X, >0 is such that A—B(B'X,B+R)'B'X, A is stable. Define respectively the
state matrix and controlled output matrix of closed-loop system

Ap = A+B,(-U,'BjUsA + HiF(k)Ey)

Cp =Cy +Dyp(-Uy'ByUsA + HyF(K)Ey)

and let Ap = A-BU,'ByU,A and F, =-U,'BiU,A + HF(k)Ey, then it follows from the
square completion that

T 2 AT —1pT T TTpT
Af X, Ap =X, +7 AL X,B; Uy'Bl X,Ap +CiCp +Q+E[RE,
=ATX, A-X, +y2ATX BU;'B{ X A+CIC, +Q+E[BiU,A+ ATU,B,E, + F/U,E, (22)
=ATX A-X_+y2ATX BU'BI X, A+CIC, +Q - ATU,B,U;'BIU,A + AN

where, AN = ELFT (k)H LU, H F(k)E .
Noting that p*I - HYU,H >0, we have
AN = ~ELFT (K)(p*1 - HAUL HF(K)Eg + p*ELFT (F(K)Ex < p?ELEy (23)
Considering (22) and (23) to get
T 24T ~1pT T FTpT
AI:; )(00141.530 - Xoo +y 14131 XOOB ; Ul BI:; XooA[f‘f + CI:;CI:; + Q + Foo RFQO (24)
T 24T ~1pT T 20T T ~1pT
<A X, A-X, +y A X, BiU; By X, A+C{C, +Q+ p°ExEx — A U3B,U; B,U3A

Also, it can be easily shown by using the similar standard matrix manipulations as in the
proof of Theorem 3.1 in Souza & Xie (1992) that

ATX B(B'X,B+R)™"'B'X, A=-y2ATX, BU;'BI X, A+ ATU,B,U;'BIU,A
This implies that (21) can be rewritten as
ATX, A-X, +y2ATX B,U;'BIX A+CIC, + Qs — ATU,B,U,'BIU,A + p°E}E =0 (25)

Thus, it follows from (24) and (25) that there exists a non-negative-definite solution to the
inequality

T 2 AT —1pT T TpT
AﬁmeAﬁm _Xoo +7 AﬁmeBﬁmul BﬁmeAl:"m +C1:;C1:"w +Q+Foo RFOO <0
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Note that A—B(ETXwé+ﬁ)_l BTX A= Ap +;/_281U1_131TX®AF® is stable and AF(k) is an
admissible uncertainty, we get that A; + szﬁ u; 1B£ X,Ap is stable. By Lemma 4.1, there

exists a non- fragile discrete time state feedback mixed LQR/ H,, controller.

Necessity: Suppose that there exists a non-fragile discrete time state feedback mixed
LQR/ H, controller. By Lemma 4.1, there exists a stabilizing solution X, >0 to the

inequality (11) such that U; =I—}/’ZB£ X,Bz >0, ie., there exists a symmetric non-
negative-definite solution X, to the inequality (11) such that A; + y"zBﬁ U{lBg X Ap s
stable and U; =1- 7’2312 XwBﬁw >0 for any admissible uncertainty AF(k).

Rewriting (11) to get

AL X, Ap — X, +y AL X, BU;'B{ X, A +CECp +Q+FEIRE, +AN <0
AN = (ATU,B, + FU,)AF (k) + AF (k)(BIU, A + U,F, ) + AFT (k)U,AF(k)
Note that p*I - HLU,H >0 and
AN = p*ERFT (K)F(k)Ex +(ATU3B, + LU, ) Hy (p°1 - HU,Hy )™ Hy,
x (ByUsA+U,E,) — (ATUsB, + F Uy )Hy (071 = HyUpHy )™ = EF' (K))

x (02 - HEUH (0?1 ~ HEU,Hy ) HE (BUS A + U,E, )~ F(k)Ey )
< PPEXEg +(ATUB, + ETUL)H, (0] - HEU,Hy ) HE(BIU A + LL,E,)

(27)

It follows from (26) and (27) that

AL X, Ay =X, +y AL X, BU'B{X,,A; +Cf Cp +Q+ERE, + p°EgEy

(28)
+(ATU,B, + FTU,)Hy (p*1 - HYU,Hy ) Hy (BIUA + U,F,) <0

Using the argument of completion of squares as in the proof of Theorem 3.1 in Furuta &
Phoojaruenchanachai (1990), we get from (28) that F, =-U,'BjU,A, where X, is a
symmetric non- negative-definite solution to the inequality

ATX, A-X, +y2ATX_BU'BI X, A+CIC, + Q- ATU,B,U,'BIU, A + p*ELE, <0

or equivalently, X, is a symmetric non-negative-definite solution to the parameter-
dependent discrete time Riccati equation

ATX, A-X, +y2ATX_B,U;'BI X A+CIC, + Qs — ATU,B,U,'BIU,A + p?E}Ex =0 (29)
Also, we can rewrite that Riccati equation (29) can be rewritten as

ATX, A-X, - ATX,B(B"X, B+R)Y'B"X, A+ p*ELE, +CIC, +Qs =0 (30)
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by using the similar standard matrix manipulations as in the proof of Theorem 3.1 in Souza
& Xie (1992). Note that A-B(B"X,B+R)"'B'X, A= A +y BU;'B{X,A; and AF(k) is
an admissible uncertainty, the assumption that A; + 7_231& lll_lBg X,Ap is stable implies
that A—B(B'X,B+R)'B"X_ A is stable Thus, we conclude that for a given number p and
a sufficiently small number 6 > 0, the parameter-dependent discrete time Riccati equation
(30) has a stabilizing solution X, and U;=I-y2B/X B, >0 and p°I-HjU,Hy >0.
Q.E.D.

5. Numerical examples

In this section, we present two examples to illustrate the design method given by Section 3
and 4, respectively.
Example 1 Consider the following discrete-time system in Peres and Geromel (1993)

x(k+1) = Ax(k) + Byw(k) + Byu(k)
2(k) = Cyx(k) + Dyyu(k)

where,
0.2113 0.0087 0.4524 0.6135 0.6538
A=|0.0824 0.809 0.8075|, B, =|0.2749 0.4899 |,

0.7599 0.8474 0.4832 0.8807 0.7741
1 00 00
010 00

C;=|0 0 1|, D;p=|0 0 and B, =1.
000 10
000 01

In this example, we will design the above system under the influence of state feedback of the
form (3) by using the discrete-times state feedback mixed LQR/ H, control method
displayed in Theorem 3.1. All results will be computed by using MATLAB. The above
system is stabilizable and observable, and satisfies Assumption 3, and the eigenvalues of
matrix A are p; =1.6133, p, =0.3827 , p; =—-0.4919 ;thus it is open-loop unstable.

1
10

Let y=2.89,R= {O J ,Q=|0 , we solve the discrete-time Riccati equation (13) to get
0

o = O
= O O

29683 1.1296 0.1359
X, =|1129% 6.0983 2.4073|>0,
0.1359 2.4073 4.4882
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0.6446 -0.1352 -0.0163
U,=1-y?B{X, B, =|-01352 0.2698 -0.2882(>0.
-0.0163 —0.2882  0.4626

Thus the discrete-time state feedback mixed LQR/ H,, controller is

_[-0.3640 -05138 -0.3715
1202363 -0.7176 -0.7217 |

Example 2 Consider the following discrete-time system in Peres and Geromel (1993)

x(k+1) = Ax(k) + Byw(k) + Byu(k)
z(k) = Cyx(k) + Dypu(k)

under the influences of state feedback with controller unceratinty of the form (4), where, A,
B, B,, C; and D;, are the same as ones in Example 1; the controller uncertainty AF(k)
satisfies

AF(k) = ExF(k)Ey , T (k)E(k) <1
100
00100 0 0
where, Ex =|0 1 0|, Hg= 0 0.0100 ol
011 '

In this example, we illustrate the proposed method by Theorem 4.1 by using MATLAB. As
stated in example 1, the system is stabilizable and observable, and satisfies Assumption 3,
and is open-loop unstable.

100
10
Let y=8.27, R:{O 1}, Q=|0 1 0|, p=3.7800, and ¢ =0.0010, then we solve the
0 01

parameter-dependent discrete-time Riccati equation (21) to get

18.5238 3.8295 0.1664
X, =| 3.8295 51.3212 23.3226 |>0,
0.1664 23.3226 22.7354

07292 -0.0560 —0.0024
U, =I-»*BIX, B, =|-0.0560 02496 -0.3410|>0, U, =

{609.6441 723.0571}
—-0.0024 -0.3410 0.6676

723.0571 863.5683

14.2274 00723 0
P’ -HyU,Hy =| -0.0723 142020 0 [>0.
0 0  14.2884
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Based on this, the non-fragile discrete-time state feedback mixed LQR/ H,, controller is

©

| -0.4453 -0.1789 -0.0682
| -0.1613 -1.1458 -1.0756

6. Conclusion

In this chapter, we first study the discrete time state feedback mixed LQOR/ H, control
problem. In order to solve this problem, we present an extension of the discrete time
bounded real lemma. In terms of the stabilizing solution to a discrete time Riccati equation,
we derive the simple approach to discrete time state feedback mixed LQR/ H, control
problem by combining the Lyapunov method for proving the discrete time optimal LQR
control problem with the above extension of the discrete time bounded real lemma, the
argument of completion of squares of Furuta & Phoojaruenchanachi (1990) and standard
inverse matrix manipulation of Souza & Xie (1992).A related problem is the standard H,
control problem (Doyle et al., 1989a; Iglesias & Glover, 1991; Furuta & Phoojaruenchanachai,
1990; Souza & Xie, 1992; Zhou et al. 1996), another related problem is the H_, optimal
control problem arisen from Basar & Bernhard (1991). The relations among the two related
problem and mixed LQR/ H,, control problem can be clearly explained by based on the
discrete time reference system (9)(3). The standard H, control problem is to find an
admissible controller K such that the H_-norm of closed-loop transfer matrix from
disturbance input w to the controlled output z is less than a given number y >0 while the
H, optimal control roblem arisen from Basar & Bernhard (1991) is to find an admissible
controller such that the H_ -norm of closed-loop transfer matrix from disturbance input w
to the controlled output z, is less than a given number y >0 for the discre time reference
system (9)(3). Since the latter is equivalent to the problem that is to find an admissible
controller K such that sup,,;, inf, {J} , we may recognize that the mixed LQR/ H,, control
problem is a combination of the standard H, control problem and H, optimal control
problem arisen from Basar & Bernhard (1991). The second problem considered by this
chapter is the non-fragile discrete-time state feedback mixed LQR/ H,, control problem
with controller uncertainty. This problem is to extend the results of discrete-time state
feedback mixed LOR/ H,, control problem to the system (2)(4) with controller uncertainty.
In terms of the stabilizing solution to a parameter-dependent discrete time Riccati equation,
we give a design method of non-fragile discrete-time state feedback mixed LQR/ H
controller, and derive necessary and sufficient conditions for the existence of this non-
fragile controller.
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Robust Control Design of Uncertain
Discrete-Time Systems with Delays

Jun Yoneyama, Yuzu Uchida and Shusaku Nishikawa
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Japan

1. Introduction

When we consider control problems of physical systems, we often see time-delay in the
process of control algorithms and the transmission of information. Time-delay often appear in
many practical systems and mathematical formulations such as electrical system, mechanical
system, biological system, and transportation system. Hence, a system with time-delay is a
natural representation for them, and its analysis and synthesis are of theoretical and practical
importance. In the past decades, research on continuous-time delay systems has been active.
Difficulty that arises in continuous time-delay system is that it is infinite dimensional and a
corresponding controller can be a memory feedback. This class of controllers may minimize
a certain performance index, but it is difficult to implement it to practical systems due to
a memory feedback. To overcome such a difficulty, a memoryless controller is used for
time-delay systems. In the last decade, sufficient stability conditions have been given via
linear matrix inequalities (LMIs), and stabilization methods by memoryless controllers have
been investigated by many researchers. Since Li and de Souza considered robust stability
and stabilization problems in (8), less conservative robust stability conditions for continuous
time-delay systems have been obtained ((7), (11)). Recently, He disturbance attenuation
conditions have also been given ((10), (15), (16)).

On the other hand, research on discrete-time delay systems has not attracted as much attention
as that of continuous-time delay systems. In addition, most results have focused on state
feedback stabilization of discrete-time systems with time-varying delays. Only a few results
on observer design of discrete-time systems with time-varying delays have appeared in the
literature(for example, (9)). The results in (3), (12), (14), (18) considered discrete-time systems
with time-invariant delays. Gao and Chen (4), Hara and Yoneyama (5), (6) gave robust
stability conditions. Fridman and Shaked (1) solved a guaranteed cost control problem.
Fridman and Shaked (2), Yoneyama (17), Zhang and Han (19) considered the He disturbance
attenuation. They have given sufficient conditions via LMlIs for corresponding control
problems. Nonetheless, their conditions still show the conservatism. Hara and Yoneyama
(5) and Yoneyama (17) gave least conservative conditions but their conditions require many
LMI slack variables, which in turn require a large amount of computations. Furthermore,
to authors” best knowledge, few results on robust observer design problem for uncertain
discrete-time systems with time-varying delays have given in the literature.

In this paper, we consider the stabilization for a nominal discrete-time system with
time-varying delay and robust stabilization for uncertain system counterpart. The system
under consideration has time-varying delays in state, control input and output measurement.
First, we obtain a stability condition for a nominal time-delay system. To this end, we define
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a Lyapunov function and use Leibniz-Newton formula and free weighting matrix method.
These methods are known to reduce the conservatism in our stability condition, which are
expressed as linear matrix inequality. Based on such a stability condition, a state feedback
design method is proposed. Then, we extend our stabilization result to robust stabilization for
uncertain discrete-time systems with time-varying delay. Next, we consider observer design
and robust observer design. Similar to a stability condition, we obtain a condition such that
the error system, which comes from the original system and its observer, is asymptotically
stable. Using a stability condition of the error system, we proposed an observer design
method. Furthermore, we give a robust observer design method for an uncertain time-delay
system. Finally, we give some numerical examples to illustrate our results and to compare
with existing results.

2. Time-delay systems

Consider the following discrete-time system with a time-varying delay and uncertainties in
the state and control input.

x(k+1) = (A+AA)x(k) + (Ag + AA)x(k — di) + (B + AB)u(k)
+(Bd+ABd)u(k—dk) (1)

where x(k) € " is the state and u (k) € ™ is the control. A, A4, B and B, are system matrices
with appropriate dimensions. dy is a time-varying delay and satisfies 0 < d;; < d < dp and
dgsq < dg where dy, and dj; are known constants. Uncertain matrices are of the form

[AA AA; AB ABy] = HF (k) [E E4 Eq Ep] 2)
where F(k) € R/ is an unknown time-varying matrix satisfying F' (k)F(k) < I and H, E, E,,
E; and Ej are constant matrices of appropriate dimensions.

Definition 2.1. The system (1) is said to be robustly stable if it is asymptotically stable for all
admissible uncertainties (2).

When we discuss a nominal system, we consider the following system.
x(k+1) = Ax(k) + Agx(k — dy) + Bu(k) + Byu(k — dy). 3)

Our problem is to find a control law which makes the system (1) or (3) robustly stable. Let us
now consider the following memoryless feedback:

u(k) = Kx(k) 4)

where K is a control gain to be determined. Applying the control (4) to the system (1), we have
the closed-loop system

x(k+1) = ((A+AA)+ (B4+ AB)K)x(k) + ((Ag+ AAy) + (Bs+ ABy)K)x(k—di).  (5)
For the nominal case, we have
x(k+1) = (A+ BK)x(k) + (Ag + BsK)x(k — dy). (6)

In the following section, we consider the robust stability of the closed-loop system (5) and the
stability of the closed-loop system (6).
The following lemma is useful to prove our results.
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Lemma 2.2. ((13)) Given matrices Q = Q', H, Eand R = RT > 0 with appropriate dimensions.
Q+HF(K)E+ETFT(k)HT <0

for all F(k) satisfying FT (k)F (k) < R if and only if there exists a scalar e > 0 such that
Q-+ %HHT +¢ETRE < 0.

3. Stability analysis

This section analyzes the stability and robust stability of discrete-time delay systems.
Section 3.1 gives a stability condition for nominal systems and Section 3.2 extends the stability
result to a case of robust stability.

3.1 Stability for nominal systems
Stability conditions for discrete-time delay system (6) are given in the following theorem.

Theorem 3.1. Given integers dy, and dpy, and control gain K. Then, the time-delay system (6) is
asymptotically stable if there exist matrices P1 > 0, P >0,Q1 >0,Q2 >0,5S>0, M >0,

Ly Ny T
Ly N, T
L=|Ly|, N=|Ns|, T=|T;
Ly Ny Ty
Ls N5 T5
satisfying
[+ E +ET+ En+EL+Er+ EL Az
*= NCA s | <0 @
where
P o 0 0 0
0 Dy 0 0 0

=100 -0,-M0 0 |,
0 0 0 @y -D
0 0 0 —P, Pp—
Dp = =P+ Q1+ (dy —dw +1)M,
Dy =P+ Qr +dumS,

0
0
Z = 0 + N,
7P2
P,
g =[L-L0-L0],

Ey=[0N-NO0O],
Er = [T —T(A+ BK) —T(Ay+ B4K) 00].
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Proof: First, we note from Leibniz-Newton formula that

28" (k)L[x(k +1) = x(k) — e(k)] = 0, ®)

28T (k)N[x(k) — x(k — dy) — 2 )

where e(k) = x(k+1) — x(k) and
T (k) = [x"(k+1) xT(k) x"(k —dy) e (k) e (k—dy)].
It is also true that
28T (k) Tx(k +1) — (A+ BK)x(k) — (Ag + B4K)x(k — d})] = 0. (10)
Now, we consider a Lyapunov function

V (k) = Vi (k) + Va(k) + V3(k) + Va(k)

where
k—1 k—1
Vi(k) = xT(k)Pix(k)+ Y €T ()P e(i),
i=k—dj i=k—dj
k—1 k—1
Va(k) = (@) Qux(i) + Y el (1)Qzeli),
i=k—dy i=k—dy
—1 k—1
Va(k) =), ) e (j)Se())
i=—dy j=k+i
—d, k-1
ak) = Y Y xT(i)Mx(i),
j=—dy i=k+j

and Py, P, Q1, Qp, S and M are positive definite matrices to be determined. Then, we calculate
the difference AV = V(k+ 1) — V(k) and add the left-hand-side of equations (8)-(10).
Since AV;(k), i =1,--- ,4 are calculated as follows;

k k
AVi(k) = xT(k+D)Pix(k+1)+ Y. TP, Y. e(i)
i=k+1— d;\+1 l’*k+17dk+1

k=1 k—1
—xT(k)Pix(k) — Y e'(i)P, Z e(i)
i=k—dy i=k—dy
< T (k+1)Prx(k+1) — xT (k) Pyx (k) + eT(k)Pze(k)
—2eT (k) Pye(k — di) + 2¢T (k) P, 5 e(i)
i=k—dy
el (k — di)Pae(k — di) — 2eT (k — dy) P, kil e(i),
‘:k—dk
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k k
ALk = Y xTHoix()+ Y e ()Qaeli)
i=k+1—dyq i=k+1—dyq
k—1 k—1
— Y o) - Y e ()Qoe(i)
i:kfdk i:k*dk

IA

xT(k)Qux(k) + T (k) Qae(k) — xT (k — di) Qqx(k — dy)
—el (k — d)Qae(k *kdkl),

AV3(k) = diqe” (k)Se(k) — Y el (i)Se(i)- - — kil el (i)Se(i)
i=k—dyi1 i=k—dj
k—1
< dpeT (k)Se(k) — el (i)Se(i),
i=k—dj
kidm
AVy(k) = (dp — dw + D)xT()Mx(k) — Y xT(i)Mx(i)
i=k—dp+1

< (dpg — dm + D)xT (k) Mx(k) — xT (k — di) Mx(k — dy),
we have

AV (k) = AVy (k) + AVa (k) + AV3(k) + AV (k)
k—1

< &T(k)[®1+EL +E] + En +EL +Er +EHE(k) + Y &T(k)zsz e (k)
i=k—dy
k—1
- (&T(k)Z + T ()S)S M (ZT (k) + Se(i))
i=k—dy

< &K@+ 5+ EF + By + 8L+ 8r + EL 4 dp 257127 (k)

If (7) is satisfied, by Schur complement formula, we have ®; + &f + E{ + EN + E{] + &1+
EL+dpzS 12T < 0. It follows that AV (k) < 0 and hence the proof is completed.

k=1 k=1
Remark 3.2. Weemploy Y (%) in our Lyapunov function instead of Y (). This gives a less
i=k—dy i=k—du

conservative stability condition.
3.2 Robust stability for uncertain systems
By extending Theorem 3.1, we obtain a condition for robust stability of uncertain system (5).

Theorem 3.3. Given integers dy, and dpy, and control gain K. Then, the time-delay system (5) is
robustly stable if there exist matrices P >0, P, >0,Q1 >0,Q2, >0,5S >0, M >0,

Lq Ny T
Ly N, T
L= |L3|, N=|N3|, T=|Ts
Ly Ny Ty
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and a scalar A > 0 satisfying

_ [®@+AETE AT

1 H —Al

<0, (11)

where ® is given in Theorem 3.1, and
H=[-H'Tl —HTT] —HTT] —HTT] —HTTI 0],
and
E=[0E+EKE;+EK000].

Proof: Replacing A, A;, B and By in (7) with A + HF(k)E, A; + HF(k)E4, B+ HF (k)E; and
B + HF(k)Ey, respectively, we obtain a robust stability condition for the system (5).

@+ HTF(KE+ETFT (kA < 0 (12)

By Lemma 2.2, a necessary and sufficient condition that guarantees (12) is that there exists a
scalar A > 0 such that

®+AETE + %HTH <0 (13)

Applying Schur complement formula, we can show that (13) is equivalent to (11).

4. State feedback sabilization

This section proposes a state feedback stabilization method for the uncertain discrete-time
delay system (1). First, stabilization of nominal system is considered in Section 4.1. Then,
robust stabilization is proposed in Section 4.2

4.1 Stabilization

First, we consider stabilization for the nominal system (3). Our problem is to find a
control gain K such that the closed-loop system (6) is asymptotically stable. Unfortunately,
Theorem 3.1 does not give LMI conditions to find K. Hence, we must look for another method.

Theorem 4.1. Given integers dy; and dpy, and scalars p;, i = 1,---,5. Then, the controller (4)
asymptotically stabilizes the time-delay system (3) if there exist matrices P, > 0, P, > 0, Q1 > 0,
3,>0,5>0,M>0,G,Y

Lq Ny
L, N,
L=|Lz|, N=|[N;|,
Ly Ny
Ls Ns

satisfying

_[fi+er+0f+oy+0L +0r+0l viyz
o -S

¥ VauZ!

<0 (14)
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where

¥, =

0
0
Z=1| 0 | +N,
_132
P,
O, =[L-Lo-LoJ,

Oy =[0N-NO0O0],
01YT —01(AYT + BG) —p1(A4YT +B4G) 00
02YT —0,(AYT + BG) —p2(A4YT +B4G) 00
Or = p3YT —03(AYT + BG) —p3(AsYT +B;G) 00
04YT —04(AYT + BG) —p4(A4sYT +B4G) 00
psYT —ps(AYT + BG) —p5(AqYT 4+ B4G) 00

In this case, a controller gain in the controller (4) is given by
K=cYy T (15)

Proof: Let T; = p;Y~!,i =1,--- ,5 where each p; is given. We substitute them into (7). Then,
we calculate ¥ = Z®XT with & = diag[Y Y Y Y Y]. Defining P; = YR, YT, Q; = YQ;YT, i =
1,2, §=YSYT, M =YMYT, L = YLYT, N = YNYT, we obtain ©® < 0 in (14) where we let
G = KYT. If the condition (14) hold, state feedback control gain matrix K is obviously given
by (15).

Remark 4.2. Should Y be singular, Let Ly = 0. In this case, it follows from (1,1)-block of ¥ that
Py +p1(Y +YT) < 0. Then, if (14) holds, Y must be nonsingular.

4.2 Robust stabilization
In a similar way to robust stability, we extend a stabilization result in the previous section to
robust stabilization for uncertain discrete-time delay system (1).

Theorem 4.3. Given integers dy, and dpy, and scalars p;, i = 1,---,5. Then, the controller (4)
robustly stabilizes the time-delay system (1) if there exist matrices Py > 0, P, >0, Q1 > 0, Q2 > 0,
S>0M>0,G,Y

Ly Ny

L, N,
L= |Lz|, N=|N;3|,

Ly Ny
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and a scalar A > 0 satisfying
(Y AATH ET
A= £ gl < 0, (16)

where

A

H = [—piH" —poH" —psH' —psHT —psHT 0],
and
E=[0EYT+EGE,YT+EG000].
In this case, a controller gain in the controller (4) is given by (15).
Proof: Replacing A, A;, B and By in (14) with A + HF (k)E, Ay + HF(k)E4, B+ HF (k)E; and
B + HF(k)E}, respectively, we obtain robust stability conditions for the system (1):
Y +ATFK)E+ETFT(k)A <0 17)

By Lemma 2.2, a necessary and sufficient condition that guarantees (17) is that there exists a
scalar A > 0 such that

Y+ AHTH+ %ETE <0 (18)

Applying Schur complement formula, we can show that (18) is equivalent to (16).

5. State estimation

All the information on the state variables of the system is not always available in a physical
situation. In this case, we need to estimate the values of the state variables from all the
available information on the output and input. In the following, we make analysis of the
existence of observers. Section 5.1 analyzes the observer of a nominal system, and Section 5.2
considers the robust observer analysis of an uncertain system.

5.1 Observer analysis
Using the results in the previous sections, we consider an observer design for the system (1),
which estimates the state variables of the system using measurement outputs.

x(k+1) = (A+AA)x(k) + (Ag+ AA ) x(k —dy), (19)
y(k) = (C+ AC)x(k) + (Cq + ACy)x(k — dy) (20)

where uncertain matrices are of the form:

AA AA;] [H

|:AC ACd:| - |:H2:| F(k) [E Ed]

where F(k) € R/ is an unknown time-varying matrix satisfying FT (k)F(k) < I and H, Hp, E
and E; are constant matrices of appropriate dimensions.

We consider the following system to estimate the state variables:

2(k+1) = A2(k) + R(y(k) — C2(k)) 1)
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where £ is the estimated state and K is an observer gain to be determined. It follows from (19),
(20) and (21) that
xc(k+1) = (A+ HF(k)E)xc (k) + (Ag + HF (k)Eg)xc (k — dy.). (22)
where xI = [xT eT]T, e(k) = x(k) — £(k) and
s A 0 i Ay 0
A= {o A—KC}’ Aa= {Ad—KCd o}'
. H . .
A= [H_KHJ,E: (0], Eg= [Eq 0]
We shall find conditions for (22) to be robustly stable. In this case, the system (21) becomes an
observer for the system (19) and (20).
For nominal case, we have
xe(k+1) = Axc (k) + Agxc(k —dy). (23)
We first consider the asymptotic stability of the system (23). The following theorem gives
conditions for the system (23) to be asymptotically stable.

Theorem 5.1. Given integers dy, and dyg, and observer gain K. Then, the system (23) is
asymptotically stable if there exist matrices 0 < Py € R¥, < Py € R¥2, 0 < Q1 € R,
0< Q2 c §R2n><2n 0< S c §R2n><2n 0< M c §R2n><2n

L Ny T
i‘z NZ Tz
L= %3 c §R10”X2”, N = IY3 c §R10"X2", T = 7:3 c R10nx2n

L Ny Ty

L N5 T5
satisfying

aT >
& <I>1+~L+HL+~NZ+T~N+HT+H iAgZ <0 (24)

where

o
o

0

0

L 0 -b, P —Q
by = =P+ 01+ (dy — dw + 1)M,
Dy = Py + Oy +duS,

Py
0
& =10
0
0

V4

[zk [1]: I
z &
([
o ™

|

=

o

|

[amll

=)

—~
I
=
\
~J
BN

\
~J
2

U
o
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Proof: We follow similar lines of proof of Theorem 3.1 for the stability of the system (23). Then,
the result is straightforward.

5.2 Robust observer analysis
Now, we extend the result for the uncertain system (23).

Theorem 5.2. Given integers dy, and dyy, and observer gain K. Then, the system (22) is robustly stable
if there exist matrices 0 < Py € R¥>21, < Py € RV (0 < Q € R, 0 < Qp € RZ1*21,
0<Se %ZnXZn 0< Mc€ §R2n><2n

il N1 ’Tl
iz NZ Tz
[ = i3 c plonx2n g N3 c §R10n><2n, T — T3 c §10nx2n
i4 N4 T4
1‘5 N5 T5
and a scalar A > 0 satisfying
- [®+AETE AT
= { A f/\I} <0

where & is given in Theorem 5.1, and
[—ATTT —ATES ~ATTT ~ATTT ATTT 0],
[0EE,000].

o I>
Il

Proof: Replacing A and A, in (24) with A + HF(k)E and A, + HF (k)E,, respectively, and
following similar lines of proof of Theorem 3.3, we have the desired result.

6. Observer design

This section gives observer design methods for discrete-time delay systems. Section 6.1
provides an observer design method for a nominal delay system, and Section 6.2 proposes
for an uncertain delay system.

6.1 Nominal observer
Similar to Theorem 3.1, Theorem 5.1 does not give a design method of finding an observer
gain K. Hence, we obtain another theorem below.

Theorem 6.1. Given integers dy, and dyy, and scalars p; and p;, i = 1,---,5. Then, (21) becomes
an observer for the system (19) and (20) with AA = AA; = 0, AC = ACy = 0 if there exist matrices
0 < 1'51 c §R2n><2n, 0 < 132 c §R2n><2n, 0<Q € %ZnXZn, 0< O, € %ZnXZn, 0< S e %ZnXZn,
0< MEe §R2n><2n, Ge Rrxny ¢ gpuxn

i‘l N1 Tl Tl
tz Nz T2 T
i = i‘3 c §R10nx2nl N = N3 c §R10n><2n, T = T3 c §R5n><n,rf~ _ T3 c §R5n><n
i4 N4 T4 T4
i5 N5 T5 T5
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satisfying
3 ~ T, & AT | & AT >
¥ — ‘Ijl-‘r@L-‘r@L-i\-/?_Al/\I]Z-&}@N-F@T-F@T\/i_]\éZ <0 (25)
where
[P 0 0 0 0
0 ¥y 0 0 0
¥.=10 0 -0;—-M 0 0 ,
0 0 0 Yy -P
0 0 0 —P, P — Oy
‘?22:7151+Q1+(dM dm +1)M,
1?44213 +Q2+dMS
0
0
Z=1| 0 | +N,
-p,
P

O, =[L-Lo-Lo],
On=[0N-No0O],

[T1 p1Y —T1A —py(YA - GC) — T1Ag —p1(YAs — GC4) 000007

Ty p1Y —T1A —p1 (YA —GC) —T1A; — p1(YA; —GC;) 00000

T2 sz TzA pz(Y GC) TzAd - pz(YAd - CCd) 00000

Ty p2Y —ToA —po(YA — GC) —TrA; — p2(YA; —GCy) 00000

O — | T3 p3Y —T3A —p3(YA = GC) —T3A4 — p3(YA;1 — GCy) 00000
T |15 p3Y —T3A —p3(YA— GC) —T3A4 — p3(YA; — GCy) 00000
T4 p4Y T4A p4(Y GC) T4Ad - p4(YAd - ch) 00000

T4 p4Y T4A p4(YA GC) 4Ad - p4(YAd - ch) 00000

T5 p5Y T5A p5(YA GC) T5Ad - p5(YAd - ch) 00000

_T5 p5Y T5A p5(YA GC) 5Ad — p5(YAd — ch) 00000

In this case, an observer gain in the observer (21) is given by
K=Y"1G (26)
Proof: Proof is similar to that of Theorem 4.1. Let

_ |Lipi i
Tl_{TpY} i=1, ,5

where p; and p;, i = 1,---,5 are given. We substitute them into (24). Defining G = YK, we
obtain ¥ < 0 in (25). If the condition (25) hold, observer gain matrix K is obviously given by
(26).

6.2 Robust observer
Extending Theorem 4.1, we have the following theorem, which proposes a robust observer
design for an uncertain delay system.
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Theorem 6.2. Given integers d,, and dyy, and scalars p;, p;, i = 1,---,5. Then, (21) becomes an
observer for the system (19) and (20) if there exist matrices 0 < P € §R2”X2” 0 < By € 221
0< Q c §R2n><2n 0< Q c §R2n><2n 0< S c §R2n><2n 0< M c §R2n><2n Ge §Rn><n Y € pirxn

A,

I Ny T o
L, N, T T

I = ig c %10n><2n, N = N3 c §R10n><2n’ T=|Ts| € §R5n><n’ T = TS c §R5nxn’
Ly Ny Ty T,
L Ns Ts 5

and a scalar A > 0 satisfying
} <0 27)

where ¥ is given in Theorem 6.1, and

H=—[H'T] +p1(YH — GHy)T HTT] + p1(YH — GHZ)T HTT] + pa(YH — GHZ)
HTT] + p2(YH — GHy)T HTTT +03(YH - GHp)T HTT3 +03(YH — GHp)T
HTT] + ps(YH — GH,)T HTTT + ps(YH — GHp)T HTT + p5(YH — GH,)7T
HTTS + ps(YH — GH)T 0 0],
=[00E0E;0000000].

In this case, an observer gain in the observer (21) is given by (26).

Proof: Replacing A and Ay in (27) with A + HF(k)E and A, + HF(k)E,, respectively, and
following similar lines of proof of Theorem 4.3, we have the desired result.

7. Examples

In this section, the following examples are provided to illustrate the proposed results. First
example shows stabilization and robust stabilization. Second one gives observer design and
robust observer design.

Example 7.1. Consider the following discrete-time delay system:

x(k+1) = {Lloﬂ 0.097} x(k) + {:8:} 78.1} x(k = dy)

+ {8;} u(k) + {8;} u(k—dy)
where w satisfies |«| < & for & is an upper bound of w(k). First, we consider the stabilization for a
nominal time-delay system with a(k) = 0 by Theorem 4.1. Table 1 shows control gains for different
time-invariant delay dy, while Table 2 gives control gains for different time-varying delay dy.
Next, we consider the robust stabilization for the uncertain time-delay system with w(k) # 0. In this
case, system matrices can be represented in the form of (1) with matrices given by

11 0 01 0
A:{O 0-97}’Ad:{—0.1—0.1}’]5:[10]'Ed:E1=[OO]/

5= [53] o= [53] =[] =
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dy o’s K

1 (0101 —0.10.50.1] |[-1.1316 —0.1360
2| [0.1 01 —0.1050.1] |[-0.9690 —0.0976
3] 0101 —01 05 0.1] |[-0.7908 —0.0545
4[0.09 0.05 —0.1 0.55 0.1]|[—0.5815 — 0.0306

Table 1. The stabilization for time-invariant delay dj

dk p’S K
0<d, <1 (0101 —0.1050.1 —1.1209 —0.1174
0<dr<2| [0101 —0.10501 —0.9429 —0.0839
0<d,<3 [0101 —0.10501 —0.7950 — 0.0469
0 < d <4{[0.09 0.05 —0.1 0.55 0.1]{[—0.5586 — 0.0253

Table 2. The stabilization for time-varying delay dj

de| & o's K

310.05 [0.1 0.1 —0.1 0.5 0.1 —0.8622 — 0.0059
310.10{ (0.1 0.1 —0.1 0.5 0.1 —0.6243 — 0.0000
210.15/[0.12 0.12 — 0.1 0.5 0.05]|[—1.2515 —0.0115

Table 3. The robust stabilization for time-invariant delay d

dy X o’s K
0 <d; <3]0.05 [0.1 01 —0.1 0.5 0.1] [[—0.8394 —0.0047
0 <d, <3/0.10| [0.12 0.1 —0.1 0.5 0.1] |[-1.2539 —0.0108
0 <dj <2/0.15/[0.12 0.12 —0.1 0.5 0.05]|[—1.1740 — 0.0015

Table 4. The robust stabilization for time-varying delay dj

For time-invariant delay dy, Theorem 4.3 gives control gains for different & in Table 3. Table 4 provides
the result for time-varying delay dy.

Example 7.2. Consider the following discrete-time delay system:

0.85+0.1a 0 01 0
x(k+1) = { 0 0.97} x(k) + {70.1 70.1} x(k = d),

y(k) = [0502] x(k) + [0.1 0.1 ] x(k —dy)

where w satisfies || < & for & is an upper bound of a(k). We first consider the observer design for a
nominal time-delay system with a(k) = 0 by Theorem 6.1. Table 5 shows observer gains for different
time-invariant delay dy., while Table 6 gives observer gains for different time-varying delay dy. In the
following observer design, all p’s are set to be zero for simplicity.

Next, we consider the robust observer design for the uncertain time-delay system with a(k) # 0. In
this case, system matrices can be represented in the form of (1) with matrices given by

0.85 0 ~0.1 0 ]
A:{ 0 0.97}"4'1: {70.1 70.1}"5: [20],Es =E1=[00],

C=1[0502],Cs=[0101], H= {Oﬂ  E) =20,
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dx p’s K
1([-226 25 —21 —19 —19] 8:;232
2|[-219 67 ~03 ~26 —19]| |Jorz
3| [-234 86 02 —1.9 —1.9] 8:;{3
4| [~9.0 264 02 —25 —19 ‘O?O'ﬁ?
5| [-9.0 259 02 —25 —19] :5;?522
Table 5. The observer design for time-invariant delay d
dy p’s K
o< <1l-0265 ~21 -25 —19]|[07
0<dp<2|[-219 67 —03 —26 —19] 8:22%
0<dy <3| [-2208602 —19 —19] 813333
0<dy <4| [-2208602 —25 —19] Sgg
0<d <5 [-2258602 —19 —3.1] 8;;2
Table 6. The observer design for time-varying delay dj
di| & p’s K
1]05([-22.6 25 —21 —19 —19] 8:22111;
210.4[[-219 67 —03 —2.6 —19] 8:22;2
3103| [-234 8602 —19 —19] 832%‘
4103| [-9.0 264 02 —25 —19] :ig%g
5002| [-90259 02 —25 —19] || 220>

Table 7. The observer design for time-invariant delay dj

For time-invariant delay dy, Theorem 6.2 gives observer gains for different & in Table 7. Table 8 provides
observer gains for time-varying delay dy by the same theorem.

8. Conclusions

In this paper, we proposed stabilization and robust stabilization method for discrete-time
systems with time-varying delay. Our conditions were obtained by introducing new
Lyapunov function and using Leibniz-Newton formula and free weighting matrix method.
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d; x p’s K
0<dp <1/05|[-202 65 ~21 ~25 —19]|[25
0<d<2(04|[-219 67 —03 —2.6 —19] 8:;?;?
0<de <303 [-220 86 02 —19 —19 8:;832
0 <dj <403 [-220 86 02 —25 —19] 82215;
0 <d <502 [-225 86 02 —19 —31] 82%

Table 8. The observer design for time-varying delay dj

Similarly, we also gave observer design and robust observer design methods. Numerical
examples were given to illustrate our proposed design method.
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1. Introduction

In the last twenty some years, much attention has been paid to the problem of fault-tolerant
control in satellite attitude control systems and many methods have been developed and
proven to be capable of tolerating certain types of system faults (see e.g., [1~5] and the
references therein). However, these solutions focused mainly on keeping stability of the faulty
systems and in less consideration of other performance indices. Actually, the performance
requirements of practical satellite control systems are usually multi-objective even in faulty
cases and it is desirable for fault tolerant systems to keep the required performance indices in a
satisfactory and admissible region rather than the optimization of single index [6~7].

As is well known, in many practical applications, it is desirable to construct systems to
achieve better transient property, strong anti-disturbance ability and adequate level of cost
function performance. To this end, optimal controllers have been designed by assigning pole
in a desired region (see e.g., [8] and [9]), using H., norm-bound constraint on disturbance
attenuation [10, 11] and the guaranteed cost control (see [12] and [13]), respectively.
Unfortunately, few results have been considered such performance indices simultaneously.
Meanwhile, once some components of satellite attitude control systems go wrong, it is
difficult to confirm desired multiple performances by the existing fault-tolerant control.
Thus, it is necessary to investigate the problem of fault-tolerant control with multiple
performance constraints.

Therefore, it is our motivation to investigate the quadratic D stabilizable satisfactory fault-
tolerant control problem with consistent indices constraints for a class of satellite attitude
control uncertain discrete-time systems subject to actuator failures. In view of possible
actuator failure as well as uncertainties which do not satisfy matching conditions existing in
both the state and control input matrices, we first derive the existence conditions of
satisfactory fault-tolerant state-feedback control law. Then by LMI technique, a convex
optimization problem is formulated to find the corresponding controller. The state-feedback
controller is designed to guarantee the closed-loop system satisfying the pre-specified
quadratic D stabilizability index, H.,, norm-bound constraint on disturbance attenuation and
having the quadratic cost performance simultaneously, for all admissible value-bounded
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uncertainties and possible actuator failures. Furthermore, the consistency of the
performance indices mentioned earlier is discussed for fault-tolerant control. Finally,
simulative example is provided to illustrate the validity of the proposed method and the
necessity of such a satisfactory fault-tolerant control.

2. Problem formulation

The systems considered in this paper can be described as follows:

x(k+1)=(A+AA)x(k)+(B+AB)u’ (k) + De(k)

)
z(k) =Cx(k)+ Eu/ (k)

where x(k)e®R" is the state vector, u/ (k) e R? is the control input from the actuator that
may be fault, z(k)e®R* is the controlled output, w(k)e®R’ is the input disturbance and
| loo(k)| |, <4, A, B, C and D are known real constant matrices with appropriate
dimensions, AA and AB are unknown matrices representing parameter uncertainties in the
state matrix and input matrix, respectively.

In much literature, time-varying matrices of uncertain parameters are assumed to be of the
form [AA AB]=HF(k)[E, E,], where H, E, and E, are known real constant matrices
with appropriate dimensions, F(k) is an unknown real matrix satisfying
F(k) e Q= {F(k) e R"/ | FT (k)F(k) <1} . However, the uncertainty is often value bounded
which is more universal and need not satisfy the so-called matching conditions in practical
engineering. Thus, AA and AB denote value bounded uncertainties in this paper, i.e.,
| |AA||<a, | |AB]| |<b.

Suppose the states are available for state-feedback.

u(k)=Kx(k) 2

where K e®R?™" is the feedback gain matrix. For the control input, the following failure
model in [18] is adopted for this study:

uf(k) =Mu(k) ©)

M:diug[ml,mz,n-,mpJ @)

where M denotes the actuator faults function matrix, 0<my; <m, <m,;,, m; <1, m,, 21,
i=1,2,--,p.

Remark 1: In the above fault matrix M, if m; =1, it corresponds to the normal case
uw/ (k)=u(k) . If m; =0, outage of actuator control signal occurs. If 0 <my <m; <m;,, my; <1,
my, 21 and m; #1, the corresponding actuator would be in partial failure case. Hence, let
ufy (k) denote the control input vector both in normal and actuator failures cases for fault-
tolerant control research in this paper.

The decomposition of fault function M is given below with a similar manner in [7], which
will be used for our main results. Define

M, = diag[mg, oy, mop 1, V= diagljy, jo.or 1, | LI= diagl | L [ 1o |1, 11,



Quadratic D Stabilizable Satisfactory Fault-tolerant Control with
Constraints of Consistent Indices for Satellite Attitude Control Systems 197

where my; = (m; +my,) /2, j; =(m;, —my) [/ (m, +my), 1; = (m; —mygy;) / mgy; . So, we then have
M=M,(I+L) |L|<]<I )
The faulty closed-loop system is given by

x(k+1)=Acx(k)+De(k)

6
2(k) = Cex (k) ©
where Ac =A-+AA-, Ac =A+BMK , AA- =AA + ABMK, C. =C+EMK.
The cost function associated with system (1) considered possible actuator faults (3) is
J= 26" (k)@ (MK)" R(MK)<(k) )

where Q=QT >0, R=R” >0 are given weighting matrices.

Definition 1: For system (1), if there exists state-feedback controller, such that the faulty

closed-loop system (6) will meet the following indices constraints simultaneously,

a. The closed-loop system is quadratic D stabilizable with constraint ®(g,r), ®(q,r)
denotes the disc with centre g+ j0 and the radius r, where r and g are known
constants with |g|+r<1.

b. The H,, norm of the closed-loop transfer function is strictly less than a given positive
scalar y,

c.  The closed-loop value of the cost function (7) exists an upper bound satisfying < J*,

then for all admissible uncertainties and possible faults, the given indices, quadratic D

stabilizability index ®(q,7), H, norm bound y >0 and cost function performance | >0

are said to be consistent, state-feedback controller u(k)=XKx(k) is said to be satisfactory
fault-tolerant controller.

Now, the satisfactory fault-tolerant control problem considered in this paper is stated in the

following.

Problem: For the system (1) with actuator failure, given the quadratic D stabilizability index

®(q,r), Hy norm bound y>0 and the cost function (7), determine a control law

u(k) =Kx(k) so that the closed-loop system satisfies criteria (a), (b) and (c) simultaneously.

3. Main results
Lemma 1: Consider the actuator fault model (3), for any matrix R = R’ >0 and scalar >0,

if R'—¢I>0 then

-1
MRM <M, (R™ - 21) M, +2 'MgJIM, ®)

Lemma 2: Consider the system (1) subject to faults, given index ®(g,r), if there exists gain
matrix K and symmetric positive matrix P such that the following matrix inequality

P! Ac—qI
— T <1 <0 ©)
2

(Ac-q1) 7P
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holds for all admissible uncertainties and possible faults, then the system (1) is quadratically
D stabilizable.

Remark 2: It can be easily shown that in the case when =0, r=1, the definition of
quadratic D stabilizability is reduced to quadratic stabilizability where no closed-loop pole
constraints is considered. Therefore, Lemma 2 shows that if the uncertain system (1) is
quadratic D stabilizable, then for some state feedback controllers both quadratic
stabilizability and pole assignment constraints of the faulty closed-loop system are enforced
simultaneously.

Theorem 1: Consider the system (1), for the given index ®(q,r), if there exists symmetric
positive matrix X, matrix Y and scalars & >0(i=1~3) such that the following linear
matrix inequality

S;; AX+BY—-gX 0 £BJ 0
* —r’x X yT YT
* * -&1 0 0 |<0 (10)
* * *

—& 1+ 837 0
* * * * —£3J71

holds, where 5, =-X+&al+&DbI+&BJB" . Then for all admissible uncertainties and
possible faults M, the faulty closed-loop system (6) with satisfactory fault-tolerant
controller u(k) = Kx(k)=M,'Y X 'x(k) is quadratically D stabilizable.

Remark 3: Theorem 1 shows us LMI with X and Y, which can be tested with convex
optimization to decide whether it is solvable, and Matlab LMI Control Toolbox can be
utilized to solve it. If LMI (13) holds, there must exist state-feedback controller assigning the
closed-loop poles within ®(g,r), namely, the constraint (a) is met. In this case the system (1)
is said to be robust fault-tolerant state feedback assignable for actuator faults case.

Lemma 3: Consider the system (1) in fault case and the cost function (7) as well as square
integrable disturbance w(k), if there exists gain matrix K and symmetric positive matrix P

such that the following matrix inequality

— — — -1 —
A{PA.-P+C.'Cc+Q+K'MRMK +A(PD(’I-D'PD) D'PA. <0 11)

holds for all admissible uncertainties and possible faults M, then the faulty closed-loop
system is asymptotically stable with an H,, norm-bound y , and the cost function (7) has an
upper bound

] <xoPxq +7°p (12)

Remark 4: In some literature on the guaranteed cost control with regional pole constraint
such as [12], the upper bound of cost function ] is that J<V(0)/r* =x;Px,/r*. For
0 <r<1,itis certainly larger than the one in (12) when w(t) =0 . So the result here provides
an improved performance bound.

Remark 5: Note this upper bound in (12) which depends on the initial condition x,. To
remove the dependence on the initial state, suppose x is arbitrary but belongs to the set
W ={x, e R" :x, = Uv,v'v<1}, where U is a given matrix. The cost bound in (12) then
leads to
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< ngx0 + }/zﬁz < Aax (UTPU) + ;/2[)’2

Theorem 2: Consider the system (1) and the cost function (7), for the given index ®(g,r)
and H., norm-bound index y, if there exists symmetric positive matrix X, matrix Y and
scalars ¢; >0(i =4 ~9) such that the following linear matrix inequality

T
-x 0 (Ax+BY) b
* 2 T
%1 D 0
¥ <0 (13)
* * X+ gal+e5bI + 86BJBT 0
* * * 222

holds, where 5, =[(cx+EY)",%,%x,Y7, v v7,vT ¥ ,v13], 5,, = diag[-T + &EIE" -0, —&,7T,
~&5T+ 633,650, —6, " ,~£3T ' ,651 R },~£o1] . Then for all admissible uncertainties and
possible faults M, the faulty closed-loop system (6) with satisfactory fault-tolerant
controller u(k)=Kx(k)= M, YX 'x(k) is asymptotically stable with an H.. norm-bound 7,

and the corresponding closed-loop cost function (7) is with J < 4. (UTX'U)+ 25>,

According to Theorem 1 and 2, the consistency of the quadratic D stabilizability constraint,
H., performance and cost function indices for fault-tolerant control is deduced as the
following optimization problem.

Theorem 3: Given quadratic D stabilizability index ®(q,r), suppose the system (1) is robust
fault-tolerant state feedback assignable for actuator faults case, then LMIs (10), (13) have a
feasible solution. Thus, the following minimization problem is meaningful.

min(y): (X,Y,7,&) S.t. LMIs (10), (13) (14)

Proof: Based on Theorem 1, if the system (1) is robust fault-tolerant state feedback
assignable for actuator faults case, then inequality

ALPA.-P<0
has a feasible solution P ,K . And existing 4 >0, & >0, the following inequality holds
A[AZPA. -P|+Cc'Cc +Q+ K'MRMK + 51 <0 (15)
Then existing a scalar y,, when y >y, , it can be obtained that
ALPD(y1- DTPlD)q D'P,A. <6l
where P, = AP . Furthermore, it follows that
ALPA; Py +Cc'Co +Q+K'MRMK + ALPD(7°1 - DTPlD)q D'PA. <0

Using Schur complement and Theorem 2, it is easy to show that the above inequality is
equivalent to linear matrix inequality (13), namely, P;, K, y is a feasible solution of LMIs
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(10), (13). So if the system (1) is robust fault-tolerant state feedback assignable for actuator
faults case, the LMIs (10), (13) have a feasible solution and the minimization problem (14) is
meaningful. The proof is completed.

Suppose the above minimization problem has a solution X;, Y;, &;, 7;, and then any
index y>y;, LMIs (10), (13) have a feasible solution. Thus, the following optimization
problem is meaningful.

Theorem 4: Consider the system (1) and the cost function (7), for the given quadratic D
stabilizability index ®(g,r) and H. norm-bound index y >y, if there exists symmetric
positive matrix X, matrix Y and scalars & >0(i=1~9) such that the following
minimization

min A+ 72ﬂ2 (16)
S.t. (i) (10), (13)

(i) [—zl UT]< 0
U -X

has a solution X, i, Yimin s €imin s Amin - then for all admissible uncertainties and possible faults
M, u(k) = Kx(k) = M"Y, X5, x(k) is an optimal guaranteed cost satisfactory fault-tolerant

controller, so that the faulty closed-loop system (6) is quadratically D stabilizable with an H.,
norm-bound y, and the corresponding closed-loop cost function (7) satisfies
J < i+ 725

According to Theorem 1~4, the following satisfactory fault-tolerant controller design
method is concluded for the actuator faults case.

Theorem 5: Given consistent quadratic D stabilizability index ®(q,r), H, norm index
7>y, and cost function index | > A, +7?f*, suppose that the system (1) is robust fault-
tolerant state feedback assignable for actuator faults case. If LMIs (10), (13) have a feasible
solution X,Y, then for all admissible uncertainties and possible faults M,
u(k) = Kx(k) = My YX'x(k) is satisfactory fault-tolerant controller making the faulty closed-
loop system (6) satisfying the constraints (a), (b) and (c) simultaneously.

In a similar manner to the Theorem 5, as for the system (1) with quadratic D stabilizability,
H., norm and cost function requirements in normal case, i.e, M=1I, we can get the
satisfactory normal controller without fault tolerance.

4. Simulative example

Consider a satellite attitude control uncertain discrete-time system (1) with parameters as
follows:

-2 2 11 0.1 10 10
A= ,B= ,C=[02 03], D= , Q= ,R= ,a=01,b=02.
2 4 01 05 01 0 1

Suppose the actuator failure parameters M, = diag{0.4,0.6} , M, =diag{1.3,1.1} . Given the
quadratic D stabilizability index @®(0.5,0.5) , we can obtain state-feedback satisfactory fault-
tolerant controller (SFTC), such that the closed-loop systems will meet given indices
constraints simultaneously based on Theorem 5.
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[05935  3.0187
SFIC ™| _6.7827 —5.6741

In order to compare, we can obtain the state-feedback satisfactory normal controller (SNC)
without fault-tolerance.

[04632 24951
SNC ™| 54682 -4.9128

Through simulative calculation, the pole-distribution of the closed-loop system by
satisfactory fault-tolerant controller and normal controller are illustrated in Figure 1, 2 and 3
for normal case and the actuator faults case respectively. It can be concluded that the poles
of closed-loop system driven by normal controller lie in the circular disk ©(0.5,0.5) for
normal case (see Fig. 1). However, in the actuator failure case, the closed-loop system with
normal controller is unstable; some poles are out of the given circular disk (see Fig. 2). In the
contrast, the performance by satisfactory fault-tolerant controller still satisfies the given pole
index (see Fig. 3). Thus the poles of closed-loop systems lie in the given circular disk by the
proposed method.

0.5
0.4
0.3
0.2

0.1

-0.1
-0.2
-0.3
-0.4
-0.5

0 0.2 0.4 0.6 0.8 1

Fig. 1. Pole-distribution under satisfactory normal control without faults

5. Conclusion

Taking the guaranteed cost control in practical systems into account, the problem of
satisfactory fault-tolerant controller design with quadratic D stabilizability and H., norm-
bound constraints is concerned by LMI approach for a class of satellite attitude systems
subject to actuator failures. Attention has been paid to the design of state-feedback controller
that guarantees, for all admissible value-bounded uncertainties existing in both the state and
control input matrices as well as possible actuator failures, the closed-loop system to satisfy
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the pre-specified quadratic D stabilizability index, meanwhile the H. index and cost
function are restricted within the chosen upper bounds. So, the resulting closed-loop system
can provide satisfactory stability, transient property, H., performance and quadratic cost
performance despite of possible actuator faults. The similar design method can be extended

to sensor failures case.

-0.2
-0.3
-0.4

-0.5
1
-0.2 0 0.2 0.4 0.6 0.8 1 1.2

0.5
0.4
0.3
0.2

0.2
0.3
0.4

-0.5

Fig. 3. Pole-distribution under satisfactory fault-tolerant control with faults
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1. Introduction

Nowadays nearly all the control algorithms are implemented digitally and consequently
discrete-time systems have been receiving ever increasing attention. However, as to the
development of nonlinear adaptive control methods, which are generally regarded as smart
ways to deal with system uncertainties, most researches are conducted for continuous-time
systems, such that it is very difficult or even impossible to directly apply many well
developed methods in discrete-time systems, due to the fundamental difference between
differential and difference equations for modeling continuous-time and discrete-time systems,
respectively. Even some concepts for discrete-time systems have very different meaning from
those for continuous-time systems, e.g., the “relative degrees” defined for continuous-time
and discrete-time systems have totally different physical explanations Cabrera & Narendra
(1999). Therefore, nonlinear adaptive control of discrete-time systems needs to be further
investigated.

On the other hand, the early studies on adaptive control were mainly concerning on the
parametric uncertainties, i.e., unknown system parameters, such that the designed control
laws have limited robustness properties, where minute disturbances and the presence of
nonparametric model uncertainties can lead to poor performance and even instability of
the closed-loop systems Egardt (1979); Tao (2003). Subsequently, robustness in adaptive
control has been the subject of much research attention for decades. However, due to
the difficulties associated with discrete-time uncertain nonlinear system model, there are
only limited researches on robust adaptive control to deal with nonparametric nonlinear
model uncertainties in discrete-time systems. For example, in Zhang et al. (2001), parameter
projection method was adopted to guarantee boundedness of parameter estimates in presence
of small nonparametric uncertainties under certain wild conditions. For another example,
the sliding mode method has been incorporated into discrete-time adaptive control Chen
(2006). However, in contrast to continuous-time systems for which a sliding mode controller
can be constructed to eliminate the effects of the general uncertain model nonlinearity, for
discrete-time systems, the uncertain nonlinearity is normally required to be of small growth
rate or globally bounded, but sliding mode control is yet not able to completely compensate
for the effects of nonlinear uncertainties in discrete-time. As a matter of fact, unlike in
continuous-time systems, it is much more difficulty in discrete-time systems to deal with
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nonlinear uncertainties. When the size of the uncertain nonlinearity is larger than a certain
level, even a simple first-order discrete-time system cannot be globally stabilized Xie & Guo
(2000). In an early work on discrete-time adaptive systems, Lee (1996) it is also pointed
out that when there is large parameter time-variation, it may be impossible to construct
a global stable control even for a first order system. Moreover, for discrete-time systems,
most existing robust approaches only guarantee the closed-loop stability in the presence of
the nonparametric model uncertainties, but are not able to improve control performance by
complete compensation for the effect of uncertainties.

Towards the goal of complete compensation for the effect of nonlinear model uncertainties
in discrete-time adaptive control, the methods using output information in previous steps
to compensate for uncertainty at current step have been investigated in Ma et al. (2007)
for first order system, and in Ge et al. (2009) for high order strict-feedback systems. We
will carry forward to study adaptive control with nonparametric uncertainty compensation
for NARMA system (nonlinear auto-regressive moving average), which comprises a general
nonlinear discrete-time model structure and is one of the most frequently employed form in
discrete-time modeling process.

2. Problem formulation

In this chapter, NARMA system to be studied is described by the following equation

y(k+n) = i9f¢i(y(k+ n—i))+ igju(k— m+j)+v(z(k — 1)) 1)
i=1 j=1

where y(k) and u(k) are output and input, respectively. Here

y(k) = [y(k),y(k—1),...,y(k—n+1)]" 2

u(k) = [u(k—1),u(k—2),...,u(k—m+1)]" (3)

and z(k) = [yT(k),uT(k —1)]T. And fori = 1,2,---,n, ¢;(-) : R* — RPi are known
vector-valued functions, GiT = [61,1,. .. ,91-4,,,], and gj are unknown parameters. And the last
term v(z(k — 7)) represents the nonlinear model uncertainties (which can be regarded as
unmodeled dynamics uncertainties) with unknown time delay 7 satisfying 0 < Tppin < 7 <
Tmax for known constants Tpin and Tmax. The control objective to make sure the boundedness
of all the closed-loop signals while to make the output y(k) asymptotically track a given
bounded reference y* (k).

Time delay is an active topic of research because it is frequently encountered in engineering
systems to be controlled Kolmanovskii & Myshkis (1992). Of great concern is the effect
of time delay on stability and asymptotic performance. For continuous-time systems
with time delays, some of the useful tools in robust stability analysis have been well
developed based on the Lyapunov’s second method, the Lyapunov-Krasovskii theorem and
the Lyapunov-Razumikhin theorem. Following its success in stability analysis, the utility
of Lyapunov-Krasovskii functionals were subsequently explored in adaptive control designs
for continuous-time time delayed systems Ge et al. (2003; 2004); Ge & Tee (2007); Wu (2000);
Xia et al. (2009); Zhang & Ge (2007). However, in the discrete-time case there dos not exist
a counterpart of Lyapunov-Krasovskii functional. To resolve the difficulties associated with
unknown time delayed states and the nonparametric nonlinear uncertainties, an augmented
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states vector is introduced in this work such that the effect of time delays can be canceled at
the same time when the effects of nonlinear uncertainties are compensated.

In the NARMA system described in (1), we can see that there is a “relative degree” n which
can be regarded as response delay from input to output. Thus, the control input at the kth
step, u(k), will actually only determine the output at n-step ahead. The n-step ahead output
y(k + n) also depends on the following future outputs:

ylk+1),yk+2),...,.ylk+n—-2),ylk+n—-1) (4)

and ideally the controller should also incorporate the information of these states. However,
dependence on these future states will make the controller non-causal!

If system (1) is linear, e.g., there is no nonlinear functions ¢;, we could find a so called
Diophantine function by using which system (1) can be transformed into an n-step predictor
where y(k 4+ n) only depends on outputs at or before the k-th step. Then, linear adaptive
control can be designed under certainty equivalence principal to emulate a deadbeat controller,
which forces the n-step ahead future output to acquire a desired reference value. However,
transformation of the nonlinear system (1) into an n-step predictor form would make the
known nonlinear functions and unknown parameters entangled together and thus not
identifiable. Thus, we propose future outputs prediction, based on which adaptive control can
be designed properly.

Throughout this chapter, the following notations are used.

e || - || denotes the Euclidean norm of vectors and induced norm of matrices.

o 7 represents the set of all integers which are not less than a given integer t.
* 04 stands for g-dimension zero vector.

* A := Bmeans that A is defined as B.

e (") and (7) denote the estimates of unknown parameters and estimate errors, respectively.

3. Assumptions and preliminaries

Some reasonable assumptions are made in this section on the system (1) to be studied. In
addition, some useful lemmas are introduced in this section to facilitate the later control
design.

Assumption 3.1. In system (1), the functional uncertainty v(-), satisfies Lipschitz condition, i.e.,
lv(er) —v(e2)|| < Lyller — €2||, Ver,e2 € R™, where L, < A* with A* being a small number
defined in (58). The system functions ¢;(-), i =1,2,...,n, are also Lipschitz functions with Lipschitz
coefficients L;.

Remark 3.1. Any continuously derivable function is Lipschitz on a compact set, refer to Hirsch &
Smale (1974) and any function with bounded derivative is globally Lipschitz. As our objective is
to achieve global asymptotic stability, it is not stringent to assume that the nonlinearity is globally
Lipschitz.

In fact, Lipschitz condition is a common assumption for nonlinearity in the control community
Arcak etal. (2001); Nesi¢ & Laila (July, 2002); Nesi¢ & Teel (2006); Sokolov (2003). In addition, it
is usual in discrete-time control to assume that the uncertain nonlinearity is of small Lipschitz
coefficient Chen et al. (2001); Myszkorowski (1994); Zhang et al. (2001); Zhu & Guo (2004).
When the Lipschitz coefficient is large, discrete-time uncertain systems are not stabilizable as
indicated in Ma (2008); Xie & Guo (2000); Zhang & Guo (2002). Actually, if the discrete-time
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models are derived from continuous-time models, the growth rate of nonlinear uncertainty
can always be made sufficient small by choosing sufficient small sampling time.

Assumption 3.2. In system (1), the control gain coefficient g, of current instant control input u (k)
is bounded away from zero, i.e., there is a known constant g > 0 such that |gm| > 8, and its sign is

known a priori. Thus, without loss of generality, we assume gy, > 0.

Remark 3.2. It is called unknown control direction problem when the sign of the control gain is
unknown. The unknown control direction problem of nonlinear discrete-time system has been well
addressed in Ge et al. (2008); Yang et al. (2009) but it is out the scope of this chapter.

Definition 3.1. Chen & Narendra (2001) Let x1 (k) and x, (k) be two discrete-time scalar or vector
signals, Vk € Z;", for any t.

o Wedenote x1 (k) = Olxy(k)], if there exist positive constants my, my and ko such that ||xq (k)|| <
my maxp <k [|[x2(K')|| + ma, Vk > ko.

o Wedenote x1 (k) = o[xy(k)], if there exists a discrete-time function a(k) satisfying limy_, ., a(k) =
0 and a constant ko such that ||x1 (k)| < a(k) maxg < ||x2(k")|], Vk > ko.

o Wedenote x1 (k) ~ x5 (k) if they satisfy x1(k) = O[xa (k)] and xp (k) = O[xq (k)].
Assumption 3.3. The input and output of system (1) satisfy

u(k) = Oly(k+n)] ®)

Assumption 3.3 implies that the system (1) is bounded-output-bounded-input (BOBI) system
(or equivalently minimum phase for linear systems).

For convenience, in the followings we use O[1] and o[1] to denote bounded sequences and
sequences converging to zero, respectively. In addition, if sequence y(k) satisfies y(k) =
Olx (k)] or y(k) = o[x(k)], then we may directly use O[x(k)] or o[x(k)] to denote sequence
y(k) for convenience.

According to Definition 3.1, we have the following proposition.

Proposition 3.1. According to the definition on signal orders in Definition 3.1, we have following
properties:

(i) O[x1(k+71)] 4+ O[x1(k)] ~ O[x1(k+ T)], VT > 0.

(i) x1(k+71)+o0[x1(k)] ~x1(k+7), VT >0.

(iti)  ofxq(k+ T)] + o[x1 (k)] ~ o[x1(k+ T)], VT > 0.

(iv) o[xy (k)] + o[x2(k)] ~ of|x1 (k)| + |2 (K) ).

(@) 0[O[x1(k)]] ~ olx1 (k)] + O[1].

(vi) If x1(k) ~ x(k) and limy o ||x2(k)|| = 0, then limy_, ||x1 (k)| = 0.
(vii) If x1 (k) = o[xq (k)] + o[1], then limy_,, ||x1 (k)|| = 0.

(viii) Let xp(k) = x1(k) 4+ o[x1(k)]. If xo (k) = o[1], then limy_, ||x1 (k)| = 0.
Proof. See Appendix A. m

Lemma 3.1. Goodwin et al. (1980) (Key Technical Lemma) For some given real scalar sequences s(k),
by (k), bp(k) and vector sequence o (k), if the following conditions hold:
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. . Sz k
(1) limy_, o W o
(1) by (k) = O[1] and by(k) = O[1],

(iii) o(k) = Ols(k)].
Then, we have
a) limy_, o, s(k) = 0, and b) o(k) is bounded.

Lemma 3.2. Define

Z(k) = [z(k — Tmax), - . -, z(k = T),...,z(k — Tmin)] (6)
and
Iy = arg min [|Z(k) —Z(1)] )
such that
Z(li) = [2(l = Tmax), - -, 2(le = T), -, 2L = Tmin))] ®)
and
AZ(k) = Z(k) — Z(I) ©

Then, if || Z(k)|| is bounded we have ||AZ (k)| — 0 as well as ||v(z(k — 7)) — v(z(ly — T))|| = 0.
Proof. Given the definition of I; in (7), it has been proved in Ma (2006); Xie & Guo (2000) that
the boundedness of sequence Z(k) leads to ||AZ(k)|| — 0. As 0 < ||v(z(k— 1)) —v(z(lf —
T))|| < ||[AZ(k)]|, it is obvious that ||v(z(k — 7)) —v(z(ly — T))|| > 0ask — . m

According to the definition of AZ (k) in (9) and Assumption 3.1, we see that
v(z(k = 1)) = v(z(lk = T))| < Lu[|AZ(K))]| (10)

The inequality above serves as a key to compensate for the nonparametric uncertainty, which
will be demonstrated later.

4. Future output prediction

In this section, an approach to predict the future outputs in (4) is developed to facilitate control
design in next section. To start with, let us define an auxiliary output as

Yalk+n—1) ZGT(p, (y(k+n—1)) +v(z(k—1)) (11)
such that (1) can be rewritten as

m
y(k+n) =ya(k+n—1)+ Y gu(k—m+j) (12)
j=1
It is easy to show that

Yalk+n—=1) = yalk+n=1) —ya(le+n=1) +yall+n-1)
= igg@ﬂg(kﬂ — 1)) = iyl +n—i))] - igju(lk R
1= iz

+y(le+m) + (v(z(k = 7)) —v(z(lk — 7)) (13)
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For convenience, we introduce the following notations
Api(k+n—i) = ¢i(y(k+n—i)) — ¢i(y(lk +n —i)) (14)
Aulk—m+j) =ulk—m+j)—u(ly —m+j)
Avk—1) = v(z(k— 1)) —v(z(ly — 7)) (15)

fori=1,2,...,nandj=1,2,...,m
Combining (12) and (13), we obtain

n
y(k+n) 2 TApi(k+n — i) +2g]Auk m+j)+y(le+n)+avik—1)  (16)
i=1 ]_1

Step 1:

Denote 6;(k) and §i(k) as the estimates of unknown parameters 6; and g; at the kth step,
respectively. Then, according to (16), one-step ahead future output y(k + 1) can be predicted
at the kth step as

n m
glk+1k) = Y 0 (k—n+2)A¢;(k—i+1) + Y &k —n+2)Au(k —m+j—n+1)
i=1 j=1
FY(le—ns+1+n) 17)
Now, based on §j(k + 1|k), we define
Ay (k+1]k) = ¢1(§(k +1[k)) — 1 (y(lk—pg2 + 71— 1)) (18)

which will be used in next step for prediction of two-step ahead output and where

J(k+1[k) = [9(k +1k), y(k), ..., y(k —n+2)]" (19)

Step 2: By using the estimates 6;(k) and gj(k) and according to (16), the two-step ahead future
output y(k + 2) can be predicted at the kth step as

n

9k +2|k) = 6] (k — n+3)Ady (k +1[k) + Z (k—n+3)Ad;(k—i+2)

m
Z k—n+3)Au(k—m+j—n+2)+y(lk_pio+n) (20)

Then, by using (k + 1]k) and 7(k + 2|k), we define

APy (k+2[k) = ¢1(§(k +2[k)) = p1(y(lk—pgz + 71— 1))

Ay (k+11k) = ¢o(§(k +1[k)) — pa(y(lk—ny3 + 1 —2)) (21)



Discrete-Time Adaptive Predictive Control with Asymptotic Output Tracking 213

which will be used for prediction in next step and where

gk +2[k) = [9(k + 2|k), §(k + 1]k), y(k), ..., y(k —n+3)]" (22)

Continuing the procedure above, we have three-step ahead future output prediction and so
on so forth until the (n — 1)-step ahead future output prediction as follows:
Step (1 — 1): The (n — 1)-step ahead future output is predicted as

Dk +n—1[k) = i KAGi(k+n—1—ilk) + i KAk — (i — (n - 1))

Zg( JAu(k —m+j—1) +y(l_q +n) (23)
]:

where

Adi(k+11k) = ¢i(§(k +11k)) — pi(y(h—nyiv1 +n—1)) (24)

fori=1,2,...,n—2and[=1,2,...,n—i—1.
The prediction law of future outputs is summarized as follows:

-1 n
gk+1lk) = Y 0T (k—n+1+1)A¢;(k+1—ilk)+ Y 0T (k—n+1+1)A¢;(k— (i —1))
i=1 i=1

m
+ Y8R Au(k—m—n+1+f) +y(le_ys +n) (25)
j=1

forl=1,2,...,n—1.

Remark 4.1. Note that 0;(k — n + 1+ 1) and gj(k —n+1+1) instead of 0;(k) and gj(k) are used
in the prediction law of the I-step ahead future output. In this way, the parameter estimates appearing
in the prediction of §(k + 1|k) and §(k + |k + 1) are at the same time step, such that the analysis of
prediction error will be much simplified.

Remark 4.2. Similar to the prediction procedure proposed in Yang et al. (2009), the future output
prediction is defined in such a way that the j-step prediction is based on the previous step predictions.
The prediction method Yang et al. (2009) is further developed here for the compensation of the effect
of the nonlinear uncertainties v(z(k — t)). With the help of the introduction of previous instant Iy
defined in (7), it can been seen that in the transformed system (16) that the output information at
previous instants is used to compensate for the effect of nonparametric uncertainties v(z(k — 7)) at the
current instant according to (15).

The parameter estimates in output prediction are obtained from the following update laws

ap(k)ypAdi(k —i+1)5(k +1]k)

él(k+1) Zéi(k—n+2)—

Dy (k)
. . ap(k)ypAu(k—m+j—n+1)jk+ 1]k
gj(k+1)=gj(k*"+2)*p()7”( ngk) gtk + 1)

i=12...,n j=12,...,m (26)
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with

Fk+1lk) = g(k+1|k) —y(k+1)

Dp(k) =1+ Y [Api(k—i+1)|>+ Y AuP(k—m+j—n+1) 27)
i=1 =1
1 _ AAZ(k=n+1)]
k10 7
ap(k) = if [G(k+1/k)| > AAZ(k—n+1)] (28)
0 otherwise
0:(0) = 0y, §j(0) =0 (29)

where 0 < 7y < 2and A can be chosen as a constant satisfying L, < A < A*, with A* defined
later in (58).

Remark 4.3. The dead zone indicator ay (k) is employed in the future output prediction above, which is
motivated by the work in Chen et al. (2001). In the parameter update law (38), the dead zone implies that
in the region |§(k + 11k)| < A||AZ(k — n +1)||, the values of parameter estimates at the (k + 1)-th
step are same as those at the (k + n — 2)-th step. While the estimate values will be updated outside of
this region. The threshold of the dead zone will converge to zero because limy ., ||[AZ(k—n +1)|| =
0, which will be guaranteed by the adaptive control law designed in the next section. The similar dead
zone method will also be used in the parameter update laws of the adaptive controller in the next section.

With the future outputs predicted above, we can establish the following lemma for the
prediction errors.

Lemma 4.1. Define ij(k +1|k) = g(k+1|k) — y(k + 1), then there exist constant c¢; such that
[7(k+1k)| = o[Oly(k+ D]] + AAs(k, 1), 1=1,2,...,n—1 (30)
where

As(k 1) = 1I§,f}él{|\AZ(k*”+k’)H} (31)

Proof. See Appendix B. m

5. Adaptive control design

By introducing the following notations

[
Plk+n—1) = [Apy(y(k+n—1)),Ado(y(k+n—2)),..., Apu(y (k)"
g=1[81,82 -, 8nl"
(k) = [Aug(k—m+1), Aug(k—m+2),..., Aup(k)]T (32)

we could rewrite (16) in a compact form as follows:

yk+n) =0T¢(k+n—1)+glak) +y(x+n) + dv(k—1) (33)
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Define é(k) and ¢ (k) as estimate of § and § at the kth step, respectively, and then, the controller
will be designed such that

v (k+n) = 0T (K)(k+n—1) + (k) Ta(k) + y(l + n) (34)
Define the output tracking error as
e(k) = y(k) —y*(k) (35)

A proper parameter estimate law will be constructed using the following dead zone indicator
which stops the update process when the tracking error is smaller than a specific value

i) = { 1= AR i oG] > AAZ(—m) [+ B = D] (s,
0 otherwise
where
Blk—1) = 8T (k = n) (k1) — (k1)) @)

and A is same as that used in (28).
The parameter estimates in control law (34) are calculated by the following update laws:

0(k) = B — ) + 2P o

309 = gt m + TR e o8
with

De(k) = 1+ (k= DJ]2 + |tk — m)| (39)
and 0 < 9. < 2.

Remark 5.1. To explicitly calculate the control input from (34), one can see that the estimate of g,
8m(k), which appears in the denominator, may lead to the so called “controller singularity” problem
when the estimate $,, (k) falls into a small neighborhood of zero. To avoid the singularity problem, we
may take advantage of the a priori information of the lower bound of gm, i.e. g , to revise the update

law of §m (k) in (38) as follows:
Yeac(k)a(k —n)

§0) = (k) TR etk
sy &), ifgu(k)>g
g(k) = { $r(k) otherwise (40)
(41)
where
§'(k) = [§1(k), &5(k), ..., &1 (k)]
&r(k) = 1&1(k), & (K), ..., g, 1" (42)

In (40), one can see that in case where the estimate of control gain $, (k) falls below the known
lower bound, the update laws force it to be at least as large as the lower bound such that the potential
singularity problem will be solved.
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6. Main results and closed-loop system analysis

The performance of the adaptive controller designed above is summarized in the following
theorem:

Theorem 6.1. Under adaptive control law (34) with parameter estimation law (38) and with
employment of predicted future outputs obtained in Section 4, all the closed-loop signals are guaranteed
to be bounded and, in addition, the asymptotic output tracking can be achieved:

Jlim [y (k) — y* (k)| =0 (43)

To prove the above theorem, we proceed from the expression of output tracking error.
Substitute control law (34) into the transformed system (33) and consider the definition of
output tracking error in (35), then we have

e(k) = =0T (k—n)p(k—1) — §T (k—n)a(k —n) — B(k — 1) + Av(k —n — 1) (44)
) — g Av(k — n — 1) satisfies

where 6(k) = (k) — 6 and §(k) = §(k
[Av(k—n—1)[| < A|AZ(k—n)] (45)

From the definition of dead zone indicator a.(k) in (36), we have
ac(k)[le(k) |((AIAZ (k — n)|| + |B(k = 1)]) — (k)] = —aZ(k)e* (k) (46)

Let us choose a positive definite Lyapunov function candidate as

k -
Vek) = 3 (6> +13M)113) (47)
I=k—n+1
and then by using (46) the first difference of the above Lyapunov function can be written as

AVe(k) = Ve(k) — Ve(k —1)

< 0T (k)0(k) — 6T (k — n)B(k — n) + (k) —n)
1l . az (k) 262(k>
= (¢t = DIP + [lak —n)|? }W

AT e (= 1)+ &7 = myate — el 25 e

az(k)yze* (k) _ 2ac(k)yce® (k)

ST D Dk
. 20c(k)ele() | (AIAZ(k = m) | + |B(k — 1))
D (k)
7e(2 = 702 (k)2 (k)
< — D.(K) (48)

Noting that 0 < . < 2, we have the boundedness of V, (k) and consequently the boundedness
of (k) and g(k). Taking summation on both hand sides of (48), we obtain

[e) (12 62
L 210 f(”( )(k) < Ve(0) - V(o)
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which implies

i B

im0 49

Now, we will show that equation (49) results in limy_,, a.(k)e(k) = 0 using Lemma 3.1, the
main stability analysis tool in adaptive discrete-time control. In fact, from the definition of
dead zone a. (k) in (36), when |e(k)| > A||AZ(k — n)|| + |B(k — 1), we have

ac(k)
and when |e(k)| < A||Az(k —n)|| + |B(k — 1)|, we have

e(k)| = le(k)[ = AAZ(k = n)| = |p(k —1)[ >0

ac(k)le(k)[ = 0 = le(k)| — A|AZ(k —n)]| - [B(k —1)|

Thus, we always have

le(k)| = AIAZ(k = n)[| = [B(k = 1)| < ac(k)|e(k)| (50)
Considering the definition of f(k — 1) in (37) and the boundedness of é(k), we obtain that
Bk —1) = o[O[y(K)]]-
Since y(k) ~ e(k), we have B(k — 1) = 0[O[e(k)]]. According to the Proposition 3.1, we have

k| <cC K C
(k)| < Crmax{le(k)]} + C
< Cimax{le(K)| = AAZ(K —n) | = [B(K —1)]

HAMAZE —n) | +[B(K = 1)|} + Ca
<G rlg}gﬁ{ac(k')ldk')\} +AC; max{ IAZ(K = n)[[} +Cy Ilg}gz{lﬁ(k' -l

+Cy, Yk € Z7, (51)
According to Lemma 4.1 and Assumption 3.1, there exits a constant ¢g such that
|B(k+n—1)] <o[O[y(k+n—1)]] + AcgAs(k,n — 1) (52)

Considering AZ(k) defined in (9) and As(k, m) defined in (31), Lemma (3.3), and noting the
fact I < k — n, there exist constants c; 1, ¢ 5, ¢ 1 and ¢ such that

AZ(k—n) < c rlg}gﬁ{ly(k')l} +ezn (53)
Aclln=1) = max {2k —n+¥) = Z( )]}
<51 rkr}g?{\y(k' +n—1)}+cs2 (54)

According to the definition of o[-] in Definition 3.1, and (52), (54), it is clear that Vk € ZT,

|B(k+n—1)] <o[O[y(k+n—1)]]+AcgAs(k,n —1)
< (a(k)ep1 + Acges ) r}}}gi({\y(k' +n—1)[} +a(k)ega +Acgesa (55)
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where limy_,, a(k) = 0, and cg1 and cg > are positive constants. Since limy_,, a(k) = 0, for
any given arbitrary small positive constant €1, there exists a constants kj such that a(k) < e,
Vk > ky. Thus, it is clear that

|B(k+n—1)| < (e1c571 + Acges 1) max{|y(k' +n—1)|} + €1cpp + Acges o, Vk > ki (56)
B BEs 1) TSy p B

From inequalities (51), (53), and (56), it is clear that there exist an arbitrary small positive
constant €; and constants C3 and C4 such that

/ < / / /
rkr}g;g{ly(k <G r]g}g;{ac(k )e(K)[} + (ACs + ez)rkr}gﬁ{ly(k N +Cy k>k (57)

which implies the existence of a small positive constant

1-— €2
*
V=g (58)
such that
max{|y(K)[} € — S max{ac(K)e®)|} + —t—— k> kK (59)
K<k —1—-AC3—€p K<k 1-AC3—ep

holds for all A < A*, where C3 = (Ccc;1 + ¢p651)C1, €2 = €1¢51Cq and Cy = Cy + €1¢52C1 +
ACccz2C1 + Acges pCr. Note that inequality (59) implies y(k) = Olac(k)e(k)]. From ¢(y(k +
n —1)) defined in (32) and Assumption 3.1, it can be seen that ¢(y(k — 1)) = Oly(k — 1)].
According to the definition of D, (k) in (39), y(k) ~ e(k), Iy, < k —2n, the boundedness of
y*(k) , and (53), we have

DE(k) < 1+ [§(k — 1) + |k — )|
= Oly(k)] = Olac(k)e(k)]
Then, applying Lemma 3.1 to (49) yields
lim ac(k)e(k) =0 (60)

k—o0

From (59) and (60), we can see that the boundedness of y(k) is guaranteed. It follows that
tracking error e(k) is bounded, and the boundedness of 1 (k) and z(k) in (75) can be obtained
from (5) in Lemma 3.3, and thus all the signals in the closed-loop system are bounded. Due to
the boundedness of z(k), by Lemma 3.2, we have

lim |[AZ (k)| =0 (61)
k—o0
which further leads to
lim [|As(k,n—1)|| =0 (62)
k—o00

Next, we will show that limy_,, ac(k)e(k) = 0 implies limy_., ¢(k) = 0. In fact, considering
(52) and noting that y(k) ~ e(k) ~ e(k), it follows that

|B(k—1)[ < o[Ole(k)]] + AcgAs(k —n,n —1) (63)
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which yields

le(k)| = [Bk = 1)| + AcgAs(k —n,n —1) = [e(k)| — 0[Ole(k)]]

le
(1= a(k)my)le(k)| — a(k)mz (64)
according to Definition 3.1, where m and my are positive constants, and limy_,,, a(k) = 0.

Since limy_,,, (k) = 0, there exists a constant k, such that a(k) < 1/my, Vk > ky. Therefore,
it can be seen from (64) that

>
>

le(k)| — [B(k = 1)+ AcgAs(k —n,n — 1) +a(k)my = (1 — a(k)my)[e(k)[ = 0, Vk > ka (65)
From (50), it is clear that

le(k)| — [B(k —1)| + AcgAs(k —n,n — 1) +a(k)my
< ac(k)le(k)| + A[AZ(k —n) || + AcgBs(k —n,n — 1) + a(k)my (66)

which implies that limy_,,e(k) = 0 according to (60)-(62), and (65), which further yields
limy ., e(k) = 0 because of e(k) ~ e(k). This completes the proof. m

Remark 6.1. The underlying reason that the asymptotic tracking performance is achieved lies in that
the uncertain nonlinear term v(k — n — T) in the closed-loop tracking error dynamics (44) will converge
to zero because limy_,, || AZ (k) || = 0 as shown in (61).

7. Further discussion on output-feedback systems

In this section, we will make some discussions on the application of control design technique
developed before to nonlinear system in lower triangular form. The research interest of
lower triangular form systems lies in the fact that a large class of nonlinear systems can
be transformed into strict-feedback form or output-feedback form, where the unknown
parameters appear linearly in the system equations, via a global parameter-independent
diffeomorphism.  In a seminal work Kanellakopoulos et al. (1991), it is proved
that a class of continuous nonlinear systems can be transformed to lower triangular
parameter-strict-feedback form via parameter-independent diffeomorphisms. A similar result
is obtained for a class of discrete-time systems Yeh & Kokotovic (1995), in which the geometric
conditions for the systems transformable to the form are given and then the discrete-time
backstepping design is proposed. More general strict-feedback system with unknown control
gains was first studied for continuous-time systems Ye & Jiang (1998), in which it is indicated
that a class of nonlinear triangular systems T;g proposed in Seto et al. (1994) is transformable
to this form. The discrete-time counterpart system was then studied in Ge et al. (2008), in
which discrete Nussbaum gain was exploited to solve the unknown control direction problem.
In addition to strict-feedback form systems, output-feedback systems as another kind of
lower-triangular form systems have also received much research attention. The discrete-time
output-feedback form systems have been studied in Zhao & Kanellakopoulos (2002), in
which a set of parameter estimation algorithm using orthogonal projection is proposed and
it guarantees the convergence of estimated parameters to their true values in finite steps. In
Yang et al. (2009), adaptive control solving the unknown control direction problem has been
developed for the discrete-time output-feedback form systems.

As mentioned in Section 1, NARMA model is one of the most popular representations of
nonlinear discrete-time systemsLeontaritis & Billings (1985). In the following, we are going to
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show that the discrete-time output-feedback forms systems are transformable to the NARMA
systems in the form of (1) so that the control design in this chapter is also applicable to the
systems in the output-feedback form as below:

Xi(k+ 1) = ng(Pl(xl(k)) +gixl-+1(k) + vi(xl(k)), i=12,...,.n—1
{xn(k+ 1) = 0,1 pu(x1 (k) + guu(k) + vn(x1 (k) (67)
y(k) = x1(k)

where x;(k) € R, i = 1,2,...,n are the system states, n > 1 is system order; u(k) € R,
y(k) € R is the system input and output, respectively; 0; are the vectors of unknown constant
parameters; g¢; € R are unknown control gains and g; # 0; ¢;(-), are known nonlinear vector
functions; and v;(-) are nonlinear uncertainties.

It is noted that the nonlinearities ¢i(-) as well as v;(.) depend only on the output y(k) = x1(k),
which is the only measured state. This justifies the name of “output-feedback” form.
According to Ge et al. (2009), for system (67) there exist prediction functions F,,_;(-) such that
ylk+n—i)=F, (y(k),ulk—i)),i=1,2,...,n—1, where

y()=ly(k),y(k—1),...,y(k—n+1)]" (68)
wk—i)=[u(k —i),u(k—i—1),...,u(k—n+1)]7 (69)
By moving the ith equation (1 — i) step ahead, we can rewrite system (67) as follows
(k) = O (y(k +1 = 1) + grxa(k+1 = 1) + o1 (y(k+ 1= 1)

xk+n—-1)= 92 P (y(k+n—2)) + gxz(k+n—2) 4+ vp(y(k+n—2)) 70)

Xn(k+1) = 05 du(y (k) + gnue(k) + va(y(k))
Then, we submit the second equation to the first and obtain

xi(k+n) = 0{¢r(y(k+n—1)) + 810,92 (y(k + 1 —2))
+8182%3(k + 1 —2) +v1(y(k +n—1)) + g1v2(Foa(y(k), u(k —2))  (71)

Continuing the iterative substitution, we could finally obtain

y(k+n) Z%sbz (k+n—i)) + gu(k) + v(z(k)) (72)
where
i—1
Gfl - 91, sz = ang], i= 2,3,...,n
]:
n
gh=1 g5= Hg], i=23,. , §= ng (73)
j=1
and

D=3 gpuilz®), 2(k) = [y (k) u"(k— 1) o1
=1
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with
vi(z(k)) = vi(y(k +n —1)) = vi(F—i(
vn(z(k)) = va(y(k)) (75)

with z(k) defined in the same manner as in (1). Now, it is obvious that the transformed
output-feedback form system (72) is a special case of the general NARMA model (1).

<
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8. Study on periodic varying parameters

In this section we shall study the case where the parameters 6; and Sjr i=1.2...,n7j=
1,2,...,min (1) are periodically time-varying. The Ith element of ;(k) is periodic with known
period N;; and the period of g;(k) is Ng;, i.e. 0;;(k) = 6;;(k — N;;) and g;(k) = g;(k — Ng;) for
known positive constants N; ; and Ng-, I=12,...,p;.

To deal with periodic varying parameters, periodic adaptive control (PAC) has been developed
in literature, which updates parameters every N steps, where N is a common period such
that every period N;; and Ny; can divide N with an integer quotient, respectively. However,
the use of the common period will make the periodic adaptation inefficient. If possible, the
periodic adaptation should be conducted according to individual periods. Therefore, we will
employ the lifting approach proposed in Xu & Huang (2009).

Firstly, we define the augmented parametric vector and corresponding vector-valued
nonlinearity function. As there are N;; different values of the jth element of 6; at different
steps, denote an augmented vector combining them together by

00 =10;1,0ij0, -, 0N, ] (76)

with constant elements. We can construct an augmented vector including all p; periodic
parameters

AT AT aT 1T T
O = (01,000, 1" = [0i1,0, - 0Ny Oip1s -, Oip N, (77)

with all elements being constant. Accordingly, we can define an augmented vector
Pi(y(k+n—1)) = [Fia(ylk+n—1)),..., Gip (ylk+n—1))]" (78)

where ¢;;(y(k+n—1)) = [0,...,0,¢;(y(k+n—1)),0,...,0]7 € RNit and the element ¢; (k)
appears in the gth position of $ii(y(k+ n—1)) only when k = sNj;+q,fori =1,2,...,Nj;. It
can be seen that 1 functions ¢;(k), rotate according to their own periodicity, N; ;, respectively.
As a result, for each time instance k, we have

07 (k)i (y(k +n —i)) = O] ;(y(k +n —1)) (79)

which converts periodic parameters into an augmented time invariant vector.
Analogously, we convert g;(k) into an augmented vector & = [gi1, &2 .-, 8iN,] and
meanwhile define a vector

¢j(k) =10,...,0,1,0,...,0]" € RNs (80)

where the element 1 appears in the gth position of ¢;(k) only when k = sN,; + . Hence
for each time instance k, we have g;(k) = g;¢;(k), i.e., g;(k) is converted into an augmented
time-invariant vector.
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Then, system (1) with periodic time-varying parameters 6;(k) and g;(k) can be transformed
into

y(k+n) = i‘@ch (k+n—1i)) i‘g—go] u(k —m+j) +v(z(k — 1)) (81)

such that the method developed in Sections 4 and 5 is applicable to (81) for control design.

9. Conclusion

In this chapter, we have studied asymptotic tracking adaptive control of a general class of
NARMA systems with both parametric and nonparametric model uncertainties. The effects
of nonlinear nonparametric uncertainty, as well as of the unknown time delay, have been
compensated for by using information of previous inputs and outputs. As the NARMA
model involves future outputs, which bring difficulties into the control design, a future output
prediction method has been proposed in Section 4, which makes sure that the prediction error
grows with smaller order than the outputs.

Combining the uncertainty compensation technique, the prediction method and adaptive
control approach, a predictive adaptive control has been developed in Section 5 which
guarantees stability and leads to asymptotic tracking performance. The techniques developed
in this chapter provide a general control design framework for high order nonlinear
discrete-time systems in NARMA form. In Sections 7 and 8, we have shown that the proposed
control design method is also applicable to output-feedback systems and extendable to
systems with periodic varying parameters.
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11. Appendix A: Proof of Proposition 3.1

Only proofs of properties (ii) and (viii) are given below. Proofs of other properties are easy
and are thus omitted here.

(ii) From Definition 3.1, we can see that ||o[x(k)]|| < a(k) maxy <, ||x(K)|l, Vk > ko, T > 0,
where limy_,, a(k) = 0. It implies that there exist constants k; and & such that a(k) < a; < 1,
Vk > kyi. Then, we have

(ke +7) + ofx(R)]| < llx(k+ D) + [lofx()] < (1 +21) max (), k> Ky

which leads to x(k + T) + o[x(k)] = O[x(k + T)]. On the other hand, we have

max |lx(K)|| < || max x(K')+o[x(k)]l| + [lo[x(K)]|

ke <k'<k+t ky<k' <k+t
< max  x(K') +o[x(K)]|| + & (K
- H k1<k’§)l(<+r ( ) [ ( )}H 1k1<IE?I(<+T{H ( )}

and

(K'Y + o[x (K], Yk > kq

max x(K)]| <
k1<k’§k+TH WOl = 1-— ki <k'<k
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which implies x(k + T) = O[x(k) 4 o[x(k)]]. Then, it is obvious that x(k + T) + o[x(k)] ~ x(k).
(viii) First, let us suppose that x1 (k) is unbounded and define iy = argmax;<y ||x1(i)||. Then,
it is easy to see that iy — oo as k — oo. Due to limy_,, a(k) = 0, there exist a constant k;
such that a(iy) < % and |lo[x1(k)]|| < % maxp<g ||x1(K')|, Yk > ky. Considering x;(k) =
x1 (k) 4 o[x1(k)], we have

2l = (i) + olxa G| = 1 i)l = lolxa GOV = 11 (Gl W > ko

which leads to ||x1(ix)|| < 2[[x2(ix)||, Vk > kp. Then, the unboundedness of x1 (k) conflicts
with limy_,, [[x2(k)|| = 0. Therefore, x1 (k) must be bounded. Noting that a(k) — 0, we have

0 < [Ixa (k)] < llxa (k) +olxa (k)] + llolxa (R)]II < flx2 (k) || + a(k) max [l (K) || = 0
which implies limy ., || (k)|| = 0.

12. Appendix B: Proof of Lemma 4.1
It follows from (16) and (17) that
Jlk+1lk) =gk +1k) —y(k+1)

m

n
2 (k—n+2)A¢;(k—i+1)+ 2 k—n+2)Auk—m+j—n+1)

—_Av(k —n+1-1) (82)
which results in
—{iéiT(k— n+2)Api(k—i+1)+ ig]-(k— n+2)Au(k—m+j—n+1)} gk +1|k)
i-1 j=1
—{g(k+1]k) + Av(k —n+1— 1)}k + 1]k)
2(k+ 1lk) — Av(k—n+1—1)j(k + 1]k)
(k+1|k)+/\|y”(k+1|k)\|\AZ( —n+1) (83)

I /\

To prove the boundedness of all the estimated parameters, let us choose the following
Lyapunov function candidate

k m
Vp(k) = 3 (292 Zg?) (84)

I=k—n+2 j=1
Using the parameter update law (26), the difference of V, (k) is
AVy(k) = Vp(k+1) = Vy(k)

i[éiz(k-i- 1) —6?(k—n+2)] + i[g]?(k +1) - g (k—n+2)]
j=1
() kR Ak — i+ D2+ Ty Ak —m+j—n+1)]  2a,(k)y

B D (k) " D,®

[y

i=1

{iég(k—n—l—Z)Azpi(k—i—&-l)—i—ig]-(k—n+2)Au(k—m+j—n+1)}y”(k+1|k)
j=1
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According to the definition of Dy (k) in (27) and inequality (83), the difference of V), (k) above
can be written as

ai ()7 (k+11k) 24, (k)7 (k+ 1]k)
Dy (k) Dp(k)
+2ﬂp(k)7p)\\]7(k T 1K)[[AZ(k—n+1)|
Dy (k)
ag (k) v57* (k+ k) B 243, (k)7 (k + 1]k)

Dy (k) Dy (k)
ap(k)7p(2 = 7p) 7 (k + 1K)

= 85
B, (%) (85)

AV, (k) <

where the following equation obtained from the definition of dead zone (28) is used:

— 203 (k)y i (k+ 1]k) = —2a, (k)77 (k + 1[K)
+2ap (k) ypAlg(k+ 1[k)[[|AZ(k —n + 1) (86)

Noting that 0 < 7, < 2, we can see from (85) that the difference of Lyapunov function
Vp(k), is non-positive and thus, the boundedness of V) (k) is guaranteed. It further implies
the boundedness of 6;(k) and §j(k). Thus, there exist finite constants by, and by, such that

16; (k)| < bg,, §j(k) < by, VkeZT, (87)
Taking summation on both hand sides of (85), we obtain

2 — VG2 (k+ 1]k
D:()ky IR _ v (0) = Vy(eo) (88)

&, ap (k) (

Note that the left hand side of inequality (88) is the summation of a non-decreasing sequence
and thus the boundedness of V, (k) implies

a; (k)7 (k+ 1K)

r R
5,0 = a(k) =0 (89)

Noting that [y, 11 < k —2n + 1 by (7) and considering Assumption 3.1, (5) in Lemma 3.3, we
see that Dy (k) in (27) satisfies

1
Dj (k) = Oly(k +1)] (90)
From (89) and (90), we have
_ 1 3 3
ap(k)|g(k + 1]k)| = a2 (k)Dj (k) = o[Dj (k)] = o[O[y(k + 1)]] (1)
From the definition of dead zone in (28), when |j(k + 1|k)| > A||AZ(k — n +1)||, we have

ap(k)[g(k +1[k)| = [g(k + 1]k)| = A[AZ(k —n +1)[| > 0
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while when |§(k + 1]k)| < Aép(k —n+2)||AZ(k — n+1)||, we have
ap(k)|7(k+1]k)| =0 = |[g(k+1]k)| = A|AZ(k —n+1)]].
In summary, the definition of dead zone in (28) guarantees the following inequality
[7(k+1]k)[ < ap(k)[g(k + 1[k)| + Aép(k —n +2)[[AZ(k —n+1)]] (92)

which together with (91), boundedness of the parameter estimates, and the definition of
Ag(k,m) in (31) yields

[7(k+1|k)| < o[O[y(k +1)]] + Ac1As(k, 1) (93)
with ¢; = 1. Now, let us analyze the two-step prediction error:

gk +2|k)=yg(k +2]k) — y(k +2)
=j(k+2|k+1) + i(k + 2|k) (94)

where

Jk+2k+1) = g(k+2lk+1) — y(k +2)
Gk +20k) = 9(k +2[k) — 9k + 2]k + 1) (95)

From (93), it is easy to see that
[7(k + 2|k +1)] <o0[O[y(k+2)]] + AciAs(k,2) (96)
From (17), and (20), it is clear that §j(k + 2|k) in (95) can be written as
y(k+2lk) =9k +2|k) — g(k + 2|k + 1)
=0T (k—n+3)[Ap(k +1]k) — Ap(k +1)] (97)

Using (93) and the Lipschitz condition of A¢;(-) (or equivalently ¢;(-)) with Lipschitz
coefficient L;, we have

[Ap(k +1[k) — Ap(k+1)|| < Ly[g(k +1[k)| < 0[O[y(k + 1)]] + Ac1 L1As (k1) (98)
which yields
|7(k+2[k)| < 0[Oy (k +1)]] +AL1bg, As (k, 1) (99)
From (94), (96) and (99), it is clear that there exists a constant ¢, such that
|7(k 4 2[k)| < o[O[y(k+2)]] + AcpAs (K, 2) (100)
Continuing the analysis above, for [-step estimate error 7(k + I|k), we have
Gk -+ 1K) = gk + 1K) - y(k +1)
=y(k+1k)+ gk +1k+1) (101)
where
Fk+1k+1)=g(k+1k+1) —y(k+1)
J(k+1k)=g(k +1|k) — g(k + 1]k + 1) (102)
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For (I — 1)-step estimate error j(k + I — 1|k), it can be seen that there exist constants ¢; _; and
¢j_q such that

15k + 1 — 1]k)| <o[O[y(k + I — 1)]] + A&_1 As(k,1 — 1)
1k + 1 — 1]k)| <o[O[y(k + I — 2)]] + A1 As(k, 1 — 2) (103)

From (25) and (102), it is clear that j(k + I|k) can be expressed as

-1
glk+1k) =Y 0T (k—n+1+1)[Ad(k+1—ilk) — Adp(k +1 —ilk+1)] (104)
i=1

From (102), we have
glk+1—ilk) —g(k+1—ilk+1) =y(k+1—ilk) (105)

According to the Lipschitz condition of ¢(-) and (105), the following equality holds:

1-1 -1
Y 8¢k +1—ilk) — Ap(k +1—i)|| < max{Lj}i<jei—1 ) [y(k+1—i[k)]  (106)
i=1 i=1

From (93),(101)-(106), it follows that there exist constants ¢; such that
|7(k + 1|k)| < o[O[y(k+ D)]] + Ac;As(k, 1)

which completes the proof.
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1. Introduction

In this chapter, we report some work on decentralized adaptive control of discrete-time
multi-agent systems. Multi-agent systems, one important class of models of the so-called
complex systems, have received great attention since 1980s in many areas such as physics,
biology, bionics, engineering, artificial intelligence, and so on. With the development of
technologies, more and more complex control systems demand new theories to deal with
challenging problems which do not exist in traditional single-plant control systems.

The new challenges may be classified but not necessarily restricted in the following aspects:

¢ The increasing number of connected plants (or subsystems) adds more complexity to the
control of whole system. Generally speaking, it is very difficult or even impossible to
control the whole system in the same way as controlling one single plant.

¢ The couplings between plants interfere the evolution of states and outputs of each plant.
That is to say, it is not possible to completely analyze each plant independently without
considering other related plants.

® The connected plants need to exchange information among one another, which may bring
extra communication constraints and costs. Generally speaking, the information exchange
only occurs among coupled plants, and each plant may only have local connections with
other plants.

¢ There may exist various uncertainties in the connected plants. The uncertainties may
include unknown parameters, unknown couplings, unmodeled dynamics, and so on.

To resolve the above issues, multi-agent system control has been investigated by many
researchers. Applications of multi-agent system control include scheduling of automated
highway systems, formation control of satellite clusters, and distributed optimization of
multiple mobile robotic systems, etc. Several examples can be found in Burns (2000); Swaroop
& Hedrick (1999).

Various control strategies developed for multi-agent systems can be roughly assorted into
two architectures: centralized and decentralized. In the decentralized control, local control
for each agent is designed only using locally available information so it requires less
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computational effort and is relatively more scalable with respect to the swarm size. In
recent years, especially since the so-called Vicsek model was reported in Vicsek et al. (1995),
decentralized control of multi-agent system has received much attention in the research
community (e.g. Jadbabaie et al. (2003a); Moreau (2005)). In the (discrete-time) Vicsek model,
there are n agents and all the agents move in the plane with the same speed but with different
headings, which are updated by averaging the heading angles of neighor agents. By exploring
matrix and graph properties, a theoretical explanation for the consensus behavior of the
Vicsek model has been provided in Jadbabaie et al. (2003a). In Tanner & Christodoulakis
(2005), a discrete-time multi-agent system model has been studied with fixed undirected
topology and all the agents are assumed to transmit their state information in turn. In
Xiao & Wang (2006), some sufficient conditions for the solvability of consensus problems
for discrete-time multi-agent systems with switching topology and time-varying delays have
been presented by using matrix theories. In Moreau (2005), a discrete-time network model
of agents interacting via time-dependent communication links has been investigated. The
result in Moreau (2005) has been extended to the case with time-varying delays by set-value
Lyapunov theory in Angeli & Bliman (2006). Despite the fact that many researchers have
focused on problems like consensus, synchronization, etc., we shall notice that the involved
underlying dynamics in most existing models are essentially evolving with time in an
invariant way determined by fixed parameters and system structure. This motivates us to
consider decentralized adaptive control problems which essentially involve distributed agents
with ability of adaptation and learning. Up to now, there are limited work on decentralized
adaptive control for discrete-time multi-agent systems.

The theoretical work in this chapter has the following motivations:

1. The research on the capability and limitation of the feedback mechanism (e.g. Ma (2008a;b);
Xie & Guo (2000)) in recent years focuses on investigating how to identify the maximum
capability of feedback mechanism in dealing with internal uncertainties of one single system.

2. The decades of studies on traditional adaptive control (e.g. Astrom & Wittenmark (1989);
Chen & Guo (1991); Goodwin & Sin (1984); Ioannou & Sun (1996)) focus on investigating
how to identify the unknown parameters of a single plant, especially a linear system or
linear-in-parameter system.

3. The extensive studies on complex systems, especially the so-called complex adaptive systems
theory Holland (1996), mainly focus on agent-based modeling and simulations rather than
rigorous mathematical analysis.

Motivated by the above issues, to investigate how to deal with coupling uncertainties as well
as internal uncertainties, we try to consider decentralized adaptive control of multi-agent
systems, which exhibit complexity characteristics such as parametric internal uncertainties,
parametric coupling uncertainties, unmodeled dynamics, random noise, and communication
limits. To facilitate mathematical study on adaptive control problems of complex systems, the
following simple yet nontrivial theoretical framework is adopted in our theoretical study:

1. The whole system consists of many dynamical agents, and evolution of each agent can be
described by a state equation with optional output equation. Different agents may have
different structures or parameters.

2. The evolution of each agent may be interacted by other agents, which means that the
dynamic equations of agents are coupled in general. Such interactions among agents
are usually restricted in local range, and the extent or intensity of reaction can be
parameterized.
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3. There exist information limits for all of the agents: (a) Each agent does not have access
to internal structure or parameters of other agents while it may have complete or limited
knowledge to its own internal structure and values of internal parameters. (b) Each agent
does not know the intensity of influence from others. (c) However, each agent can observe
the states of neighbor agents besides its own state.

4. Under the information limits above, each agent may utilize all of the information in hand
to estimate the intensity of influence and to design local control so as to change the state of
itself, consequently to influence neighbor agents. In other words, each agent is selfish and
it aims to maximize its local benefits via minimizing the local tracking error.

Within the above framework, we are to explore the answers to the following basic problem: Is
it possible for all of the agents to achieve a global goal based on the local information and local control?
Here the global goal may refer to global stability, synchronization, consensus, or formation,
etc. We shall start from a general model of discrete-time multi-agent system and discuss
adaptive control design for several typical cases of this model. The ideas in this chapter can
be also applied in more general or complex models, which may be considered in our future
work and may involve more difficulties in the design and theoretical analysis of decentralized
adaptive controller.

The remainder of this chapter is organized as follows: first, problem formulation will be given
in Section 2 with the description of the general discrete-time multi-agent system model and
several cases of local tracking goals; then, for these various local tracking tasks, decentralized
adaptive control problem for a stochastic synchronization problem is discussed in Section 3
based on the recursive least-squares estimation algorithm; in Section 4, decentralized adaptive
control for a special deterministic tracking problem, whereas the system has uncertain
parameters, is given based on least-squares estimation algorithm; and Section 5 studies
decentralized adaptive control for the special case of a hidden leader tracking problem, based
on the normalized gradient estimation algorithm; finally, we give some concluding remarks
in the last section.

2. Problem formulation

In this section, we will first describe the network of dynamic systems and then formulate
the problems to be studied. We shall study a simple discrete-time dynamic network. In
this model, there are N subsystems (plants), and each subsystem represents evolution of one
agent. We denote the state of Agent i at time ¢ by x;(t), and, for simplicity, we assume that
linear influences among agents exist in this model. For convenience, we define the concepts
of “neighbor” and “neighborhood” as follows: Agent j is a neighbor of Agent i if Agent j
has influence on Agent i. Let A; denote the set of all neighbors of Agent i and Agent i
itself. Obviously neighborhood N; of Agent i is a concept describing the communication limits
between Agent i and others.

2.1 System model
The general model of each agent has the following state equation (i = 1,2,...,N):

xi(t4+1) = fi(zi(t)) +ui(t) + 7% (t) +wi(t +1) (2.1)

with z(f) = [x;(6),;()]", x(t) = [x(t),x;(t = 1),...,x;(t = n; + D] and w;(t) =
[ui(t),uj(t = 1),...,u;(t — m; +1)]T, where f;(-) represents the internal structure of Agent
i, u;(t) is the local control of Agent i, w;(t) is the unobservable random noise sequence, and
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7i%;(t) reflects the influence of the other agents towards Agent i. Hereinafter, ¥;(t) is the
weighted average of states of agents in the neighborhood of Agent i, i.e.,

2 8ijx; (t (2.2)

JEN;

where the nonnegative constants { gij} satisfy Z gij = 1 and v; denotes the intensity of
JEN:

influence, which is unknown to Agent i. From graph theory, the network can be represented

by a directed graph with each node representing an agent and the neighborhood of Node i

consists of all the nodes that are connected to Node i with an edge directing to Node i. This

graph can be further represented by an adjacent matrix

G =(8ij) gij=01if jZ N (2.3)

Remark 2.1. Although model (2.1) is simple enough, it can capture all essential features that
we want, and the simple model can be viewed as a prototype or approximation of more
complex models. Model (2.1) highlights the difficulties in dealing with coupling uncertainties
as well as other uncertainties by feedback control.

2.2 Local tracking goals

Due to the limitation in the communication among the agents, generally speaking, agents can
only try to achieve local goals. We assume that the local tracking goal for Agent i is to follow a
reference signal xfef, which can be a known sequence or a sequence relating to other agents as
discussed below:

Case 1 (deterministic tracking). In this case, Jcref (t) is a sequence of deterministic signals

(bounded or even unbounded) which satisfies |x f(t)| = O(t )

Case II (center-oriented tracking). In this case, x[*f(t) = x(t) 2 N L YN x;(t) is the center state
of all agents, i.e., average of states of all agents.

Case I1I (loose tracking). In this case, xfef(t) = A%;(t), where constant |A| < 1. This case means
that the trackmg signal xmf( t) is close to the (weighted) average of states of neighbor agents
of Agent i, and factor A describes how close it is.

Case IV (tight tracking). In this case, x ref(t) = X;(t). This case means that the tracking signal
xref (t) is exactly the (weighted) average of states of agents in the neighborhood of Agent i.

In the first two cases, all agents track a common signal sequence, and the only differences are
as follows: In Case I the common sequence has nothing with every agent’s state; however,
in Case II the common sequence is the center state of all of the agents. The first two cases
mean that a common “leader” of all of agents exists, who can communicate with and send
commands to all agents; however, the agents can only communicate with one another under
certain information limits. In Cases IIl and IV, no common “leader” exists and all agents attempt
to track the average state X;(t) of its neighbors, and the difference between them is just the
factor of tracking tightness.

2.3 Decentralized adaptive control problem
In the framework above, Agent i does not know the intensity of influence 7;; however, it can
use the historical information

{xi(8), %), it = 1), xi(¢ = 1), Tt = 1), ui(t = 2),..., xi(1), %i(1), ui(0) } (24)
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to estimate y; and can further try to design its local control u;(t) to achieve its local goal. Such a
problem is called a decentralized adaptive control problem since the agents must be smart enough
so as to design a stabilizing adaptive control law, rather than to simply follow a common rule
with fixed parameters such as the so-called consensus protocol, in a coupling network. Note that
in the above problem formulation, besides the uncertain parameters 7;, other uncertainties
and constraints are also allowed to exist in the model, which may add the difficulty of
decentralized adaptive control problem. In this chapter, we will discuss several concrete
examples of designing decentralized adaptive control laws, in which coupling uncertainties,
external noise disturbance, internal parametric uncertainties, and even functional structure
uncertainties may exist and be dealt with by the decentralized adaptive controllers.

3. Decentralized synchronization with adaptive control

Synchronization is a simple global behavior of agents, and it means that all agents tend to
behave in the same way as time goes by. For example, two fine-tuned coupled oscillators
may gradually follow almost the same pace and pattern. As a kind of common and important
phenomenon in nature, synchronization has been extensively investigated or discussed in the
literature (e.g., Time et al. (2004); Wu & Chua (1995); Zhan et al. (2003)) due to its usefulness
(e.g. secure communication with chaos synchronization) or harm (e.g. passing a bridge
resonantly). Lots of existing work on synchronization are conducted on chaos (e.g.Gade &
Hu (2000)), coupled maps (e.g.Jalan & Amritkar (2003)), scale-free or small-world networks
(e.g.Barahona & Pecora (2002)), and complex dynamical networks (e.g.Li & Chen (2003)),
etc. In recent years, several synchronization-related topics (coordination, rendezvous, consensus,
formation, etc.) have also become active in the research community (e.g.Cao et al. (2008);
Jadbabaie et al. (2003b); Olfati-Saber et al. (2007)). As for adaptive synchronization, it has
received the attention of a few researchers in recent years (e.g.Yao et al. (2006); Zhou et al.
(2006)), and the existing work mainly focused on deterministic continuous-time systems,
especially chaotic systems, by constructing certain update laws to deal with parametric
uncertainties and applying classical Lyapunov stability theory to analyze corresponding
closed-loop systems.

In this section, we are to investigate a synchronization problem of a stochastic dynamic
network. Due to the presence of random noise and unknown parametric coupling,
unlike most existing work on synchronization, we need to introduce new concepts of
synchronization and the decentralized learning (estimation) algorithm for studying the
problem of decentralized adaptive synchronization.

3.1 System model

In this section, for simplicity, we assume that the internal function f;(-) is known to each
agent and the agents are in a common noisy environment, i.e. the random noise {w(t), F;}
are commonly present for all agents. Hence, the dynamics of Agenti (i = 1,2,...,N) has the
following state equation:

xi(t+1) = fi(zi(£) 4+ ui(t) + 7i%; (¢) +w(t +1). (3.1)

In this model, we emphasize that coupling uncertainty <; is the main source to prevent
the agents from achieving synchronization with ease. And the random noise makes that
traditional analysis techniques for investigating synchronization of deterministic systems
cannot be applied here because it is impossible to determine a fixed common orbit for
all agents to track asymptotically. These difficulties make the rather simple model here
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non-trivial for studying the synchronization property of the whole system, and we will find
that proper estimation algorithms, which can be somewhat regarded as learning algorithms
and make the agents smarter than those machinelike agents with fixed dynamics in previous
studies, is critical for each agent to deal with these uncertainties.

3.2 Local controller design

As the intensity of influence 7, is unknown, Agent i is supposed to estimate it on-line via
commonly-used recursive least-squares (RLS) algorithm and design its local control based on
the intensity estimate 4;(t) via the certainty equivalence principle as follows:

ui(t) = —filzi(t)) — 7T (1) + 2} (1) 62

where ;(t) is updated on-line by the following recursive LS algorithm

Filt+1) = 9i(8) + 03 (1) pi() % (D) [yi (¢ +1) — Fi(H);(8)] (33)
pi(t+1) = pi(t) — (1) [pi ()% ()] '

with y;(t) = x;(t) — fi(zi(t = 1)) —u;(t — 1) and

. -1
a0 2 1+ a0 (0] P2 [21 x%(k)} (34

k=0

Let e;;(t) éxi(if) — x;(t), and suppose that xref(t) = x*(t) fori = 1,2,...,N in Case I. And
suppose also matrix G is an irreducible primitive matrix in Case IV, which means that all of
the agents should be connected and matrix G is cyclic (or periodic from the point of view of
Markov chain).

Then we can establish almost surely convergence of the decentralized LS estimator and the
global synchronization in Cases I—IV.

3.3 Assumptions

We need the following assumptions in our analysis:

Assumption 3.1. The noise sequence {w(t), F; } is a martingale difference sequence (with { F} being
a sequence of nondecreasing o-algebras) such that

sup E [|w(t+1)\ﬁ\]—}] < o0 as. (3.5)
t

for a constant B > 2.

Assumption 3.2. Matrix G = (g;;) is an irreducible primitive matrix.

3.4 Main result

Theorem 3.1. For system (3.1), suppose that Assumption 3.1 holds in Cases I—IV and Assumption

3.2 holds also in Case IV. Then the decentralized LS-based adaptive controller has the following

closed-loop properties:

(1) All of the agents can asymptotically correctly estimate the intensity of influence from others, i.e.,
lim §;(t) = 7;. (3.6)

t—o0
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(2) The system can achieve synchronization in sense of mean, i.e.,

lim — 2|el] )| =0, Vi#]j. (3.7)

T—oo T

(8) The system can achieve synchronization in sense of mean squares, i.e.,

1 & .
lim — Yo leij(h)> =0, Vi#]j. (3.8)
t=1

T—00
3.5Lemmas

Lemma 3.1. Suppose that Assumption 3.1 holds in Cases 1, I1, IlI, and IV. Then, in either case, for
i=1,2,...,Nandm > 1,0 < d < m, we have

i(mk — d)x;(mk — d)|* = o(t) a.s.,

I M“’ M“

(3.9
i(mk —d)x;(mk —d)| = o(t) as.
Proof. See Ma (2009). m
Lemma 3.2. Consider the following iterative system:
X1 = A X + Wy, (3.10)
where Ay — A ast — co and {W;} satisfies
: 2 _
LWl = o(t) (311)
If the spectral radius p(A) < 1, then
t t )
Y Xkl =o(t), 3 I1Xkll* = o(t). (312)

k=1 k=1

Proof. See Ma (2009). m

Lemma 3.3. The estimation §;(t) of 7y; converges to the true value vy; almost surely with the
convergence rate

75| =0 ( —“%Zﬁ”) . (3.13)
where r;(t) and 7;(t) are defined as follows
r(t) = 1+ Tih 22 (k) (3.14)
F(t) £ 1+ ) # (k)

Proof. This lemma is just the special one-dimensional case of (Guo, 1993, Theorem 6.3.1). m
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3.6 Proof of theorem 3.1
Putting (3.2) into (3.1), we have

xi(t+1) = —Fi()xi () + x5 (4) + 7% (1) + w(t+1)

— el () + (1)) + w(t +1) (3.15)
Denote
X(t) = (1 (t), x2(t), ..., xn ()T,
Z(t) = (A (), 255 (8), ..., xR (1),
X(1) = (30, 20), . ()T, 516
W(t+1) =w(t+1)1= (w(t+1),w(t+1) (t+1)) ’
r(t) = dlag(?l(t)/ ~2(t)/ /'?N(t))/
1=0,...,17
Then we get
X(t+1) = Z(H) +TOX() + W(t+1). (3.17)
According to (2.2), we have
X(t) = GX(t), (3.18)
where the matrix G = (g;;). Furthermore, we have
X(t+1)=GX(t+1) = GZ(t) + GT(H)X(t) + W(t+1). (3.19)
By Lemma 3.3, we have () — 0 as t — co. Thus, T'(t) — 0.
By (3.15), we have
Xi(E 1) — () —w(t +1) = 7,(8)% (). (3.20)
Let (1) 2 x,(t) - (1), 1:(t) = %(1)%(t). Then
eij(t+1) = (i) — (1)) + [x[F(8) — (1)) (3.21)

For convenience of later discussion, we introduce the following notations:

T= (01,00, 0N),
E(t) = (ein(t),ean(t), ..., en—1n(1),0)7, (3.22)
n(t) = (), m2(8), .., yn(0) T

Case L. In this case, x/°f(#) = x*(t), where x*(t) is a bounded deterministic signal. Hence,

eij(t+1) = ni(t) —n;(#). (3.23)
Consequently, by Lemma 3.1, we obtain that (i # )
t
Z leij(k+1)| (Z HG >+O (2 n}(t)) =o(t), (3.24)
k=1

and similarly Y} _, lejj(k +1)| = o(t) also holds.
N

Case II. In this case, xfef(t) =x(t) = % Y. x;(t). The proof is similar to Case .
i=1

Case III. Here x™f(t) = Ax;(t) = A{] X(t). Noting that {71 = 1 for any i, we have
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gTX(6) —TX() = T [X(0) — xn(0)1] — £T[X (1) —xn (11] = {TE(H) —{TE(H),  (3:25)
and, thus,
eij(t+1) = [:(t) — ()] + A[%;(t) — %;(1)]
= [mi(t) — ()] + ALLTX(#) — T X ()] (3.26)
= [ni(t) — ()] + ALLTE(H) — TE(H)]-
Taking j = Nandi=1,2,..., N, we can rewrite (3.26) into matrix form as
E(t+1) = [5(t) — yn(t)1] + A[G — 1ZN|E(t) = AHE(t) + &(t), (3.27)
where
H=G-Gy=G-1g§, §(t) =n(t) —nn(b). (3.28)
By Lemma 3.1, we have
t
2 (k) |I> = o(t). (3.29)
Therefore,
Z (K)[I> = o(t). (3.30)
Now we prove that p(H) < 1. In fact, for any vector v such that v7v = 1, we have
|[oT Ho| = |07 Go — vT Gy
< max (Amax(G)[[0]1* = Amin (Gw) [|0]1%,
Amax (GN) |21 = Amin(G)[|2]?) (3.31)
< max ([[v]|*, Amax(Gn) [[2]?)
which implies that p(H) < 1.
Finally, by (3.27), together with Lemma 3.2, we can immediately obtain
t
Y E®) = o(t), Z IE(K)[* = o(t). (3.32)
k=1
Thus, fori =1,2,...,N —1,as t = oo, we have proved
1¢ 1 ¢ )
P Z lein(B)[ =0, 2} [ein(k)]* =0 (3.33)
k=1 k=1

Case IV. The proof is similar to that for Case III. We need only prove that the spectral radius

o(H) of Hisless than 1, i.e., p(H) < 1; then we can apply Lemma 3.2 like in Case IIL

Consider the following linear system:

z(t+1) = Gz(¢).

(3.34)

Noting that G is a stochastic matrix, then, by Assumption 3.2 and knowledge of the Markov

chain, we have
lim Gf = 177,

t—o0

(3.35)
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where 7 is the unique stationary probability distribution of the finite-state Markov chain with
transmission probability matrix G. Therefore,

z(t) = G'z(0) — 17rTx5'3f = (nTxaef)l (3.36)

which means that all elements of z(t) converge to a same constant nTx(r)ef. Furthermore, let

2(t) = (A (), 251 (1), ... 2§ ()T and v(t) = (v (1), v2(t), ..., vn—1(1),0)T, where vi(t) =

xfef(t) - xﬁf(t) fori =1,2,...,N. Then we can see that

v(t+1) = (G—Gn)v(t) = Hu(t) (3.37)

and lim; o v(t) = 0 for any initial values v;(0) € R,i = 1,2,...,N — 1. Obviously v(t) =
H'v(0), and each entry in the Nth row of H’ is zero since each entry in the Nth row of H is

zero. Thus, denote

t A [Ho(t) *

H' = { 0 ol (3.38)
where Hy(t) isan (N — 1) x (N — 1) matrix. Then, fori = 1,2,...,N — 1, taking v(0) = e;,
respectively, by tlim v(t) = 0 we easily know that the ith column of Hy(t) tends to zero vector
—00

as t — co. Consequently, we have

lim Hy(t) =0, (3.39)

—0c0

which implies that each eigenvalue of Hy(t) tends to zero too. By (3.38), eigenvalues of H' are
identical with those of Hy(t) except for zero, and, thus, we obtain that

; B
tlglc}op (H') =0 (3.40)
which implies that
e(H) < 1. (3.41)
This completes the proof of Theorem 3.1. [

4. Decentralized tracking with adaptive control

Decentralized tracking problem is critical to understand the fundamental relationship
between (local) stability of individual agents and the global stability of the whole system,
and tracking problem is the basis for investigating more general or complex problems such as
formation control. In this section, besides the parametric coupling uncertainties and external
random noise, parametric internal uncertainties are also present for each agent, which require
each agent to do more estimation work so as to deal with all these uncertainties. If each agent
needs to deal with both parametric and non-parametric uncertainties, the agents should adopt
more complex and smart leaning algorithms, whose ideas may be partially borrowed from Ma
& Lum (2008); Ma et al. (2007a); Yang et al. (2009) and the references therein.

4.1 System model

In this section, we study the case where the internal dynamics function f;(+) is not completely
known but can be expressed into a linear combination with unknown coefficients, such that
(2.1) can be expressed as follows:

n; m;
xi(t+1) + kzlaikxi(f —k+1)= kzl bigui(t —k+1) +7; 'X/:\/gijxj(t) +wi(t+1)  (41)
- - jeN;
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which can be rewritten into the well-known ARMAX model with additional coupling item
- . _ A
Yien; 8ijxj(t) (letting & = 7;8;j) as follows:

A (1) = Bl () + it 1)+ T g0 42

with A;(g71) =1+ Z;-l’zl aijq_f, Bi(g7Y) = by + 271:’2 bijq_jH and back shifter g1

4.2 Local controller design
For Agent i, we can rewrite its dynamic model as the following regression model

xi(t+1) = 0] ;(t) +wi(t +1) 4.3)

where 0; holds all unknown parameters and ¢;(t) is the corresponding regressor vector.
Then, by the following LS algorithm

0i(t+1) = 0;(t) + o3 (1) Pi(1) (D) [x;(t + 1) — @] (1)6;(1)]
Pi(t +1) = Pi(t) — oj(t) Pi(t) pi(t) @ f() i(1) (44)
oi(t) [1+¢T( )Pi(H)i(1)] !

we can obtain the estimated values ;(t) of 8; at time t. For Agent i, to track a given local

reference signal x;ef (t) = x7(t), with the parameter estimate 6;(t) given by the above LS
algorithm, it can then design its adaptive control law u;(t) by the “certainty equivalence”
principle, that is to say, it can choose u;(t) such that

0] (1)ilt) = x (t+1) (45)
where x7(t) is the bounded desired reference signal of Agent i, i.e. Agent i is to track the
deterministic given signal x} (t).

Consequently we obtain

wi(t) = ;o {xf(t+1)

bi (1)

+[‘?i1(t)xi(t)+ +‘11 (A) xi(t—pi+1)] (4.6)
—[bia(H)ui(t = 1) + - + b g (H)u;(t — q; +1)]

—gl () Xi(t)}

where §;(t) is a vector holding the estimates §;;(t) of g;; (j € N;) and X;(t) is a vector holding
the states x;;(t) (j € NV)).
In particular, when the high-frequency gain b;; is known a priori, let 8; denote the parameter
vector 0; without component b;1, @;(t) denote the regression vector ¢;(t) without component
ui(t), and similarly we introduce notations ;(t), P;(t) corresponding to a;(t) and Pi(t),
respectively. Then, the estimate 6;(t) at time t of 8; can be updated by the following
algorithm:

6i(t+1) = 6i(t) +oi()P; f)(ﬁi(tz

u

47)
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When the high-frequency gain b;; is unknown a priori, to avoid the so-called singularity
problem of b () being or approaching zero, we need to use the following modified b (t),

denoted by bj; (t), instead of original by (t):

R bin (1) if |bin (£)] > 1ogr,()
bi(t) = B (t sgn(ba b (4.8)
11()+W b ()] < logrl()
and consequently the local controller of Agent i is given by
() = 1
wlt) = o {xi(t+1)
Hlan (H)xi(t) +--- + ﬁipv(t)x'(t —pi+1)]
) (4.9)
~[bia(Bui(t = 1) + -+ big, (Dui(t = g; + 1))

4.3 Assumptions
Assumption 4.1. (noise condition) {wj;(t), Ft} is a martingale difference sequence, with { F } being
a sequence of nondecreasing o-algebras, such that

sup E[|w;(t + 1)|P|Fi] < o0, 4.
t>0

for some B > 2 and
lim 1 Z |w;(k)|> = R; > 0,a.s.

t—oo k=1
Assumption 4.2. (minimum phase condition) B;(z) #0,Vz € C : |z| < 1.

Assumption 4.3. (reference signal) {x (t)} is a bounded deterministic signal.

4.4 Main result
Theorem 4.1. Suppose that Assumptions 4.1—4.3 hold for system (4.1). Then the closed-loop system
is stable and optimal, that is to say, fori =1,2,..., N, we have

t
limsup 3 ¥ [|x;(k)[? + |u;(k — 1)[?] < 0, as.
t—00 k=1

and
lim ¢ Z |xi (k) — x?(k)|2 =R;, as.

t—oo f k=1
Although each agent only aims to track a local reference signal by local adaptive controller
based on recursive LS algorithm, the whole system achieves global stability. The optimality
can also be understood intuitively because in the presence of noise, even when all the
parameters are known, the limit of

Ji(t )—hm g lxi(k+1) — x} (k+1)2

t—)oc

cannot be smaller than R;.
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4.5 Lemmas
Lemma 4.1. Under Assumption 4.1, we have |w;(t)| = O(d;(t)), where {d;(t)} is an increasing
sequence and can be taken as t° (8 can be any positive number).

Proof. In fact, by using Markov inequality, we obtain that
Z P(Jwi(t+1)]> > 2| F) < Z Bl OPIA] < o

holds almost surely. By applying the Borel-Cantelli-Levy lemma, immediately we have
lw;(t+1)| = O(t°),a.5. m
Lemma 4.2. If{(t+1) = B(z)u(t),Vt > 0, where polynomial (q > 1)

B(z) = by +byz+ -+ byz™1

satisfies
B(z) #0,Vz:|z| <1, (4.10)
then there exists a constant A € (0,1) such that
t+1
u(®)]> = O( X AHS () ). (411)
k=0

Proof. See Ma et al. (2007b). m

Lemma 4.3. Under Assumption 4.1, fori =1,2,..., N, the LS algorithm has the following properties
almost surely:

(a)
6T (t+1)P; 1 (t+1)0;(t+1) = O(logr;(t))
(b) t
kgl aj(k) = O(logr;(t))
where R
0i(t) = tr(Pi(t) — Pi(t+1))
A
(k) = [1+ @] (k)Pi(k) i (k)] !
A = 4.12
3i(k) 2 03(K) 87 (k) () 12 (12
A t
i) 21+ L T w0
Proof. This is a special case of (Guo, 1994, Lemma 2.5). m
Lemma 4.4. Under Assumption 4.1, fori =1,2,..., N, we have
¢ ¢
Y |xi(k)|? = oo, liminf I ¥ [x;(k)[> > R; > 0, as. (4.13)
k=1 t—o0 k=1

Proof. This lemma can be obtained by estimating lower bound of Z [x;(k +1)]? with the help
=1

of Assumption 4.1 and the martingale estimation theorem. Slmllar proof can be found in Chen
& Guo (1991). m
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4.6 Proof of Theorem 4.1

To prove Theorem 4.1, we shall apply the main idea, utilized in Chen & Guo (1991) and Guo
(1993), to estimate the bounds of signals by analyzing some linear inequalities. However, there
are some difficulties in analyzing the closed-loop system of decentralized adaptive control
law. Noting that each agent only uses local estimate algorithm and control law, but the agents
are coupled, therefore for a fixed Agent i, we cannot estimate the bounds of state x;(t) and
control u;(t) without knowing the corresponding bounds for its neighborhood agents. This is
the main difficulty of this problem. To resolve this problem, we first analyze every agent, and
then consider their relationship globally, finally the estimation of state bounds for each agent
can be obtained through both the local and global analysis.

In the following analysis, J;(t), 0;(k), a; (k) and r;(t) are defined as in Eq. (4.12).

Step 1: In this step, we analyze dynamics of each agent. We consider Agent i for i =
1,2,...,N. By putting the control law (4.9) into (4.3), noting that (4.5), we have

xi(t+1) = 0] ¢;(t) +wi(t+1)
xF(t4+1) — @T(>¢l(t>+0?¢i(t)+wi(t+1)
(t+1)+9 (H)p;(t) + w;(t+1)

By Lemma 4.1, we have |w;(t)|? = O(d;(t)). Noticing also

10:(t)¢i(1) > = (t)[1+¢;r() i(£)i(1)]
= (t)[1+¢ B)P;(t+1)i(t)]
(D)7 (1)[Pi(t) Bt +1)leit)
< ()24 6(0) (1))
and the boundedness of x; (t 4 1), we can obtain that
[xi(t+1)[> < 20;(£)5;(1) [ ;1) > + O(d; (1)) + O(log r;(t)). (4.14)

Now let us estimate || ¢;(t)||?>. By Lemma 4.2, there exists A; € (0, 1) such that

wOF = OCE A K0P + X612 + [k + D))

It holds for all i = 1,2,..., N, but we cannot estimate lu;(t)|? directly because it involves
{x;(k),j € Ni} in X;(k).
Let

0 = max(/\l,' - ,AN) € (0,1)

X (k) = [x1(k), -+, xn ()]

d(k) = maX(dl(k) - dn (k).

Obviously we have

(k)2 = O(I X () |), | X (k) |2 = O(| X (K)[|2)
Now define ,
L2y ptk|I X ()12
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Then, fori =1,2,...,N, we have

Since

Gi(t) = [xi(t), -, xi(t—pi+1), wi(t=1),- - u;(t—q;+1), X[ (D]

we can obtain that
l#:(t)[1> = O(| X (1)) + O(Lt) + O(d(t))
+O(logr;(t) +d;(t))
= O(Ls +log7(t) +d(t))
where
() S max(ry (£),ra(t), -, (8)).
Hence by (4.14), for Agent i, there exists C; > 0 such that

[xi(t+1)|* < G (1)5;(£) Lt

+0(a; ()0 (t) [log 7(£) +d(t)])
+0(d;i(t) + logri(t)).

Then noticing
a;(£)d;(t) = O(logr;(t))

we obtain that
lx;(t+1)> < Cioj(1)6;(t) Ly + O(log r;(t)[log 7(t) + d(t)]). (4.15)
Step 2: Because (4.15) holds fori =1,2,..., N, we have

X+ DI = T e+ 1)

< [%fa (H3,(8)]Ls
+O(Nd(t)log7(t)) + O(Nlog® 7(t)).
Thus by the definition of L;, we have
Lyiq = pLe + HX(H‘UHZ
<[p+C Z o (£)0; ()] L
+O(Nd( )log 7(t)) + O(Nlog? 7 (t))

C =max(Cy,Cy, -+ ,CN).

Letn(t) = g: a;(t)0;(t), then
i=1

Liq = O(Nd(t)logr(t) + Nlog?7(t))
=1t
+O(N X T [p+Cy(D)] (4.16)
k=01=k+1
x [d(k) log 7 (k) + log?® 7(k)]).
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Since
(o)

Y 5i(k) = ¥ [trPi(k) — tr P(k +1)] < tr Py(0) < oo,
k=0 k=0

we have J;(k) — 0 as k — oco. By Lemma 4.3,
kgoai(k) = O(logr;(k)) = O(log7(k)).
Then, fori =1,2,..., N and arbitrary € > 0, there exists kg > 0 such that
t
p*lckz a;(k)o; (k) < {elog(t)
=ty
forall t > ty > kg. Therefore
t
pflC Y (k) < elog7(t).
k:to
Then, by the inequality 1+ x < e*,Vx > 0 we have
t t
A [1+p7'Cy(k)] < eXP{P_lcth n(k)}
=tp =t
< exp{elog7(t)} = 7°(¢).
Putting this into (4.16), we can obtain
Liy1 = O(logr;(t)[log7(t) + d(t)]7€(t)).
Then, by the arbitrariness of €, we have
Liy1 = O(d(t)7€(t)), Ve > 0.

Consequently, fori =1,2,..., N, we obtain that

IX (t+1)[7 < Lya = O(d(1)7()
|ui (1) = O(Lyt1 +d(t +1)) = O(d(t) (1)) (4.17)
1i(£)][> = O(Ls +log 7(t) +d(t)) = O(d(t)7(t)).

~—

Step 3: By Lemma 4.4, we have

liminf 4 > R, >0, as.
—00

Thus t = O(r;(t)) = O(F(t)), together with d(t) = O(t),¥s € (%,1), then we conclude that
d(t) = O(7¢(t)). Putting this into (4.17), and by the arbitrariness of ¢, we obtain that

i (1) = O(F(t)), ¥ € (§,1).
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Therefore

107 (k)4 ()
k=0 ;
= £ w001+ ¢] (BP0
~ Ol1og;(t)) + O( L (k) [4(k)|?)
(o
V6

= Ollogr(1) + O(F() L. (k)
= O (1) log (1), % € (3,1).

Then, by the arbitrariness of J, we have

)
€

L 10700 = 0 (), % € (3,1).

Since 3
xi(t+1) = 6] (1);(t) +xF(t+1) +w(t+1)
we have

kéo xi(k+1)[2 = O(F(£)) + O(t) + O(log F(1))

Y Juik — P = O((#)) +O(t)
k=0

From the above, we know that fori =1,2,...,N,

H(H) = 1+ % ()] = 0(F (1) + 01

k=0
5€(2,1).

Hence

Furthermore, we can obtain

F(t) =0(t)
which means that the closed-loop system is stable.
Step 4: Now we give the proof of the optimality.

t
r|x

(k+1) —x;(k+1)?
k=0

= Lk DR + X R +2 2 iR+ 1)

where

(4.18)

(4.19)
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By (4.18) and the martingale estimate theorem, we can obtain that the orders of last two items
in (4.19) are both O(7(t)), V6 € (%, 1). Then we can obtain

t
lim %k§0|xi(k+ 1) -xi(k+1)>=R;, as.

t—o0

Furthermore , ,
¥ Jxi(k) — x7 (k) —w;(0)]* = X [[gi(k)||
k=0 k=0
=O0(P(t)) =o(t), as.

This completes the proof of the optimality of the decentralized adaptive controller. m

5. Hidden leader following with adaptive control

In this section, we consider a hidden leader following problem, in which the leader agent
knows the target trajectory to follow but the leadership of itself is unknown to all the others,
and the leader can only affect its neighbors who can sense its outputs. In fact, this sort of
problems may be found in many real applications. For example, a capper in the casino lures
the players to follow his action but at the same time he has to keep not recognized. For another
example, the plainclothes policeman can handle the crowd guide work very well in a crowd
of people although he may only affect people around him. The objective of hidden leader
following problem for the multi-agent system is to make each agent eventually follow the
hidden leader such that the whole system is in order. It is obvious that the hidden leader
following problem is more complicated than the conventional leader following problem and
investigations of this problem are of significance in both theory and practice.

5.1 System model
For simplicity, we do not consider random noise in this section. The dynamics of the
multi-agent system under study is in the following manner:

Ai(q Mxi(t+1) = Bi(q~ " ui(t) + 7i%i(t) (5.1)

with A;(g71) = 1+ Z}il aijq’j, Bi(g™!) = by + 271;2 bijq’j“ and back shifter =1, where
u;(t) and x;(t),i = 1,2,...,N, are input and output of Agent i, respectively. Here ¥;(t) is the

average of the outputs from the neighbors of Agent i:

A

() =x L xi(t) 5.2
i N & (5.2)

where
M = {Si,llsi,Z/' . '/Si,N,} (53)

denotes the indices of Agent i’s neighbors (excluding Agent i itself) and Nj is the number of
Agent i’s neighbors. In this model, we suppose that the parameters a;; (j = 1,2,...,m;), b;;
(j=1,2,...,n;) and v; are all a priori unknown to Agent i.

Remark 5.1. From (5.1) we can find that there is no information to indicate which agent is the leader
in the system representation.
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5.2 Local Controller design
Dynamics equation (5.1) for Agent i can be rewritten into the following regression form

xi(t+1) = 0] (1)

where 6; holds all unknown parameters and ¢;(t) is the corresponding regressor vector.

We assume that the bounded desired reference x*(k) is only available to the hidden leader
and satisfies x*(k +1) — x*(k) = o(1). Without loss of generality, we suppose that the first
agent is the hidden leader, so the control u1(t) for the first agent can be directly designed by

using the certainty equivalence principle to track xf(k) L (k):

0T (He1(t) = x*(t+1) (5.4)
which leads to
uy(t) = @{X*(f +1) + [a11 (D)xr (8) + -+ ag, ()21 (F— 11 +1)]
—[bra(B)un (£ = 1) + -+ by, (D)ug (£ —m1 + 1)) (55

—f(Hx1(t)}.
As for the other agents, they are unaware of either the reference trajectory or the existence

of the leader and the outputs of their neighbors are the only external information available
for them, consequently, the jth (j = 2,3,-- -, N) agent should design its control u;(t) to track

corresponding local center x;ef (t) L j(t) such that
87 (1) (1) = %(t) (5.:6)
from which we can obtain the following local adaptive controller for Agent j:

wi(8) = g 4 () + [ (O (8) + 4y (D%t =+ 1)]

—[bip(B)uj(t = 1) + - - + by, (D) (£ — mj + 1)] (5.7)
—5;(1)%;(t) }-
Define
G1(t) = x1(t) —x*(t) (5.8)
and
ﬂ](t) Ix]'(f)—f]‘(t—l), j=2,3,--- ,N. (5.9)

The update law for the estimated parameters in the adaptive control laws (5.5) and (5.7) is
given below (j = 1,2,...,N):

6i(t) = b;(—1) + IR0

(-1 (5.10)
Dj(k) =1+ [lg; (k)|
where 0 < pi; < 2is a tunable parameter for tuning the convergence rate. Note that the above
update law may not guarantee that bj (t) > bj;, hence when the original ?le (t) given by (5.10),
denoted by 5}1 (t) hereinafter, is smaller than bj;, we need to make minor modification to le (1)
as follows:

b (t) =bp if bjy(t) < bjy. (5.11)

In other words, le (t) = max(f)}l(t),bﬂ) in all cases.
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5.3 Assumptions
Assumption 5.1. The desired reference x* (k) for the multi-agent system is a bounded sequence and
satisfies x*(k +1) — x* (k) = o(1).

Assumption 5.2. The graph of the multi-agent system under study is strongly connected such that
its adjacent matrix G 4 is irreducible.

Assumption 5.3. Without loss of generality, it is assumed that the first agent is a hidden leader who
knows the desired reference x* (k) while other agents are unaware of either the desired reference or which
agent is the leader.

Assumption 5.4. The sign of control gain bj, 1 < j < n, is known and satisfies |bjy| > bj; > 0.
Without loss of generality, it is assumed that by is positive.

5.4 Main result
Under the proposed decentralized adaptive control, the control performance for the
multi-agent system is summarized as the following theorem.

Theorem 5.1. Considering the closed-loop multi-agent system consisting of open loop system in (5.1)
under Assumptions 5.1-5.4, adaptive control inputs defined in (5.5) and (5.7), parameter estimates
update law in (5.10), the system can achieve synchronization and every agent can asymptotically track
the reference x*(t), i.e.,

lim ej(t) =0,j=12...,N (5.12)

t—o0
where ej(k) = x;(k) — x* (k).

Corollary 5.1. Under conditions of Theorem 5.1, the system can achieve synchronization in sense of
mean and every agent can successfully track the reference x*(t) in sense of mean, i.e.,

t
im 1 . _ -
tli)nc}otkgl\e](kﬂ =0,j=12,...,N (5.13)
5.5 Notations and lemmas
Define
X(k) = [x1(k), x2(k),...,xn(K)]T (5.14)
Y(k) = [g1(k), 72(k), ..., 7 (k)] (5.15)
H=1,0,...,0]T e RN (5.16)

From (5.2) and (5.14), we have

10,%2(K), .., % (K)] = AGAX(K) (5.17)
where
00 - 0
IO I (518)
00 ... L
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and G4 is an adjacent matrix of the multi-agent system (5.1), whose (i, j)th entry is 1 if j €
N;or0ifj ¢ N;. Consequently, the closed-loop multi-agent system can be written in the
following compact form by using equality

X(k+1) = AGaX(k) + Hx*(k+1) + Y(k+1) (5.19)

Definition 5.1. A sub-stochastic matrix is a square matrix each of whose rows consists of nonnegative
real numbers, with at least one row summing strictly less than 1 and other rows summing to 1.

Lemma 5.1. According to Assumption 5.2, the product matrix AG » is a substochastic matrix (refer
to Definition 5.1) such that p(AG4) < 1 (Dong et al. (2008)), where p(A) stands for the spectral
radius of a matrix A.

Definition 5.2. (Chen & Narendra, 2001) Let xq (k) and x5 (k) be two discrete-time scalar or vector
signals, Vk € Z;", for any t.

o Wedenote x1 (k) = Olxy(k)], if there exist positive constants my, my and ko such that ||xq (k)|| <
M MmaXy <k HJCZ(k/)H +my, Vk > k.

o Wedenote x1 (k) = o[xy(k)], if there exists a discrete-time function a(k) satisfying limy . (k) =
0 and a constant ko such that ||xq (k)|| < a(k) maxp < [|x2(K')|, Vk > ko.

o Wedenote x1 (k) ~ xp(k) if they satisfy x1(k) = O[xa (k)] and xp (k) = O[xq (k)].

For convenience, in the followings we use O[1] and o[1] to denote bounded sequences and

sequences converging to zero, respectively. In addition, if sequence y(k) satisfies y(k) =

Olx(k)] or y(k) = o[x(k)], then we may directly use O[x(k)] or o[x(k)] to denote sequence

y(k) for convenience.

According to Definition 5.2, we have the following lemma

Lemma 5.2. According to the definition on signal orders in Definition 5.2, we have following
properties:

(i) O[x1(k+ 71)] + O[x1(k)] ~ O[x1(k+ 7)], VT > 0.

(i) x1(k+71)+o0[x1(k)] ~ x1(k+7), VT >0.

(iii) o[x1(k+ T)] + o[x1 (k)] ~ o[x1(k+ T)], VT > 0.

(i0) ofx1 ()] + o[xa ()] ~ of|x1 (k)] + [x2(B)]].

() 0[O[x1(k)]] ~ olx1 (k)] + O[1].

(vi) If x1(k) ~ xo(k) and limy_,q ||x2(k)|| = 0, then limy_, ||x1 (k)| = 0.
(vii) If x1 (k) = o[x1(k)] + o[1], then limy_,o || 1 (k)| = 0.

(viii) Let xp(k) = x1(k) 4+ o[x1(k)]. If x2 (k) = o[1], then limy_, o ||x1 (k)| = 0.
The following lemma is a special case of Lemma 4.4 in Ma (2009).

Lemma 5.3. Consider the following iterative system
X(k+1) = A(k)X(k) + W (k) (5.20)

where ||W(k)|| = O[1], and A(k) — A ask — oo. Assume that p(A) is the spectral radius of A, i.e.
0(A) = max{|A(A)|} and p(A) < 1, then we can obtain

X(k+1) = O[1]. (5.21)
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5.6 Proof of Theorem 5.1

In the following, the proof of mathematic rigor is presented in two steps. In the first step, we
prove that £;(k) — 0 forall j = 1,2,..., N, which leads to x1 (k) — x*(k) — 0 such that the
hidden leader follows the reference trajectory. In the second step, we further prove that the
output of each agent can track the output of the hidden leader such that the control objective
is achieved. R

Step 1: Denote 5j(k) é6'A]4(k) — 0;(k), especially Ejl (k)= Aﬂ(k) — bj1. For convenience, let
E;l 2 B;l — bj1, where f)}l denotes the original estimate of bj; without further modification.
From the definitions of f)}l and @jl, since @jl (t) = max(B;l(t), bj1) and bj; > bjy, obviously we

have B
b (k) < b5 (k). (5.22)

Consider a Lyapunov candidate
vi(k) = 16k (523)

and we are to show that V;(k) is non-increasing for each j = 1,2,..., N, i.e. Vj(k) < Vj(k —1).
Noticing the fact given in (5.22), we can see that the minor modification given in (5.11) will not
increase the value of V;(k) when E}l (k) < bjy, therefore, in the sequel, we need only consider
the original estimates without modification. Noting that

18 (k) — 8;(k — 1) = 116;(k) — ;(k —1)]| (5.24)
the difference of Lyapunov function V;(k) can be written as
AVi(R) = Vi(k) ~ Vi(k— 1)
= 16;(k) |1 — 116;(k — 1)
= [16;(k) — 6;(k — 1)||* + 267 (k — 1)[6; (k) — 6;(k — 1)].

. =

(5.25)
Then, according to the update law (5.10), the error dynamics (5.8) and (5.9), we have
16,089 — 6k — D12 + 20 (k — 1)[8;(8) — ;(k — 1)
A AR R A

~ Dj(k—1) Djk—-1) Dj(k—1)
Noting 0 < p; < 2, we see that AVj(k) is guaranteed to be non-positive such that the

boundedness of Vj(k) is obvious, and immediately the boundedness of éj(k) and 15]1 (k) is
guaranteed. Taking summation on both sides of the above equation, we obtain

3 (2 ; y%(k) < V(0 5.26
k;oy]( —V;)m_ (0) (5.26)
which implies
72 (k 1
lim 70 =0, or 7;(k) = a;(k)D} (k — 1) (5.27)

k—o0 D](k — 1)
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with aj(k) € L2[0,0).
Define

Yi(k) = [x;(k), Y[ (k)] (5.28)

where Yj(k) is a vector holding states, at time k, of the jth agent’s neighbors. By (5.5) and (5.7),
we have

uj(k) = O[Y;(k +1)]
¢j(k) = O[Y;(k)] (5.29)

then it is obvious that
D} (k=1) < 1+ [lg;(k = Dl + [k — 1)|
= 1+ O[Y;(k)]- (5.30)
From (5.27) we obtain that
Using o[X (k)] ~ o[x1(k)] 4+ o[xa(k)] + ... + o[xn(k)], we may rewrite the above equation as
Y (k) ~ diag(o[1],...,0[1])(Ga + I)X(k)
+1o[1],...,o[1]]T (5.32)

where [ is the n x n identity matrix. Substituting the above equation into equation (5.19), we
obtain

X(k+1) = (AG4 + diag(o[1],...,0[1])(Ga + 1)) X(k)
+x*(k+1) +o[1],0[1],...,0[1]]T.
Since
(AGy4 +diag(o[1],...,0[1]) (G4 +1))Y(k) = AGy4 (5.33)
as k — oo, noting p(AGy4) < 1, according to Lemma 5.1 and
[x*(k+1) +o0[1],0[1],...,0[1]]T = O[1] (5.34)
from Lemma 5.3, we have
X(k+1) = O[1]. (5.35)
Then, together with equation (5.32), we have Y (k) = [o[1],...,0[1]]T, which implies
y}(k)%Oask—)oo,j:l,Z,...,N (5.36)

which leads to x1 (k) — x*(k) — 0.
Step 2: Next, we define a vector of the errors between each agent’s output and the hidden
leader’s output as follows

E(K) = X(0) ~ [L .., UTxi () = fent (K), ea1(K) .. e (K)]T (5.37)
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where ej (k) satisfies
en(k+1) =x(k+1) —x1(k+1) =0,
6]1(k+1) = x](k-i-l) — xl(k-i-l) = f](k"‘l) — xl(k—l-l) -‘rf](k-"l)/
j=23,...,N. (5.38)
Noting that except the first row, the summations of the other rows in the sub-stochastic matrix

AGy are 1, we have
0,1,...,1]T = AG4[0,1,...,1)T

such that equations in (5.38) can be written as

E(k+1) = AGX(k) — AGA[0,1,...,1]Txy (k+1)

+diag(0,1,...,1)Y(k). (539)
According to Assumption 5.1, we obtain
E(k+1) = AGA(X(k)Tf [0,1,...,1]Tx;(k))
+00,1,...,1] 5%() x1(k+1)) (5.40)

+[o[1],...,0[1]]
_AGE()+[0[1] o).

Assume that o’ is the spectral radius of AG, then there exists a matrix norm, which is denoted
as || - || p, such that

IEGk+1)[lp < o' IEK)[1p +o[1] (5.41)
where p’ < 1. Then, it is straightforward to show that
HE(kJrl)Hp — 0 (5.42)

as k — oo. This completes the proof. m

6. Summary

The decentralized adaptive control problems have wide backgrounds and applications in
practice. Such problems are very challenging because various uncertainties, including
coupling uncertainties, parametric plant uncertainties, nonparametric modeling errors,
random noise, communication limits, time delay, and so on, may exist in multi-agent systems.
Especially, the decentralized adaptive control problems for the discrete-time multi-agent
systems may involve more technical difficulties due to the nature of discrete-time systems
and lack of mathematical tools for analyzing stability of discrete-time nonlinear systems.

In this chapter, within a unified framework of multi-agent decentralized adaptive control,
for a typical general model with coupling uncertainties and other uncertainties, we
have investigated several decentralized adaptive control problems, designed efficient local
adaptive controllers according to local goals of agents, and mathematically established the
global properties (synchronization, stability and optimality) of the whole system, which in
turn reveal the fundamental relationship between local agents and the global system.
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1. Introduction

New design tools and systematic design procedures has been developed in the past decade to
adaptive control for a set of general classes of nonlinear systems with uncertainties (Krsti¢ et
al., 1995; Fradkov et al., 1999). In the absence of modeling uncertainties, adaptive controllers
can achieve in general global boundness, asymptotic tracking, passivity of the adaptation loop
and systematic improvement of transient performance. Also, other sources of uncertainty
like intrinsic disturbances acting on measures and exogenous perturbations are taking into
account in many approaches in order for the controllers to be more robust.

The development of adaptive guidance systems for unmanned vehicles is recently starting to
gain in interest in different application fields like autonomous vehicles in aerial, terrestrial as
well as in subaquatic environments (Antonelli, 2007; Sun & Cheah, 2003; Kahveci et al., 2008;
Bagnell et al., 2010). These complex dynamics involve a high degree of uncertainty (specially
in the case of underwater vehicles), namely located in the inertia, added mass, Coriolis and
centripetal forces, buoyancy and linear and nonlinear damping.

When applying digital technology, both in computing and communication, the
implementation of controllers in digital form is unavoidable. This fact is strengthened
by many applications where the sensorial components work inherently digitally at regular
periods of time. However, usual applications in path tracking of unmanned vehicles are
characterized by analog control approaches (Fossen, 1994; Inzartev, 2009).

The translation of existing analog-controller design approaches to the discrete-time domain
is commonly done by a simple digitalization of the controlling action, and in the case of
adaptive controllers, of the adaptive laws too (Cunha et al., 1995; Smallwood & Whitcomb,
2003). This way generally provides a good control system behavior. However the role
played by the sampling time in the stability and performance must be cautiously investigated.
Additionally, noisy measures and digitalization errors may not only affect the stability
properties significantly but also increase the complexity of the analysis even for the simplest
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approaches based on Euler or Tustin discretization methods (Jorddn & Bustamante, 2009a;
Jordédn & Bustamante, 2009b; Jordan et al., 2010).

On the other side, controller designs being carried out directly in the discrete-time domain
seem to be a more promising alternative than the translation approaches. This is sustained on
the fact that model errors as well as perturbations are included in the design approach directly
to ensure stability and performance specifications.

This work is concerned about a novel design of discrete-time adaptive controllers for
path tracking of unmanned underwater vehicles subject to perturbations and measure
disturbances. The presented approach is completely developed in the discrete time domain.
Formal proofs are presented for stability and performance. Finally, a case study related to a
complex guidance system in 6 degrees of freedom (DOF’s) is worked through to illustrate the
features of the proposed approach.

2. Notation

Throughout the chapter, vectors are denoted in lower case and bold letters, scalars in lower
case letters, matrices in capital letters. A function dependence on a variable is denoted
with brackets as for instance F[x]. Also brackets are employed to enclose the elements of a
vector. Elements of a set are described as enclosed in braces. Parentheses are only used to
separate factors with terms of an expression. Subscripts are applied to reference elements in
sequences, in matrices or sample-time points. In time sequences, one will distinguish between
a prediction x,, 1 at time t, from a sample x[t,] = x;, at sample time f,. Often we apply the
notation for a derivative of a scalar function with respect to a quadratic matrix, meaning a
new matrix with elements describing the derivative of the scalar function with respect to each
element of the original matrix. For instance: let the functional Q be depending on the elements

xjj of the matrix X in the form Q = (Mle)Tvz, then it has a derivative 0Q/9X = MTVZVIT.
Finally we will also make reference to dQ/dx; meaning a gradient vector of the functional Q
with respect to the vector x;, being this the column j of X.

3. Vehicle dynamics

3.1 Physical dynamics from ODEs

Many systems are described as the conjugation of two ODEs in generalized variables, namely
one for the kinematics and the other one for the inertia (see Fig. 1). The block structure
embraces a wide range of vehicle systems like mobile robots, unmanned aerial vehicles (UAV),
spacecraft and satellite systems, autonomous underwater vehicles (AUV) and remotely
operated vehicles (ROV), though with slight distinctive modifications in the structure among
them. .

Let #=[x,1,2,¢,0,¢] be the generalized position vector referred on a earth-fixed coordinate
system termed O/, with displacements x, y, z, and rotation angles ¢, 8, i about these directions,
respectively. The motions associated to the elements of 7 are referred to as surge, sway, heave,
roll, pitch and yaw, respectively.

Additionally let v=[u,v,w, p,q, r]T be the generalized rate vector referred on a vehicle-fixed
coordinate system termed O, oriented according to their main axes with translation rates
u,v, w and angular rates p, g, r about these directions, respectively.
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The vehicle dynamics is described as (see Jordan & Bustamante, 2009¢; cf. Fossen, 1994)
v=M " (~C[v]v-DI|v|]v—gly] + T+ ) M)

1=] ] (v+ve). @

Here M, C and D are the inertia, the Coriolis-centripetal and the drag matrices, respectively
and | is the matrix expressing the transformation from the inertial frame to the vehicle-fixed
frame. Moreover, g is the restoration force due to buoyancy and weight, 7 is the generalized
propulsion force (also the future control action of a controller), T. is a generalized perturbation
force (for instance due to wind as in case of UAVs, fluid flow in AUVs, or cable tugs in ROVs)
and v, is a velocity perturbation (for instance the fluid current in ROVs/AUVs or wind rate
in UAVs), all of them applied to O.

Also disturbances acting on the measures are indicated as 7 and év, while noisy measures
are referred to as #7; and vy, respectively.

Particularly, in fluid environment the mass is broken down into

M = My + My, (©)

with Mj, body mass matrix, M, the additive mass matrix related to the dragged fluid mass in
the surroundings of the moving vehicle.

For future developments in the controller design, it is convenient to factorize the system
matrices into constant and variable arrays as (Jorddn & Bustamante, 2009¢)

Clv] = i Ci. x Cy,[v] 4)
i=1
6
D[|v|] = D;+ Y_ Dy, |vi| (5)
i=1
glnl = B1 g1[n]+Bag2 (1], (6)

with ".x" being an element-by-element array product. The matrices C;, D;, Dy, By and B, are
constant and supposed unknown, while Cy,, g; and g, are state-dependent and computable
arrays and v; is an element of v.

The generalized propulsion force T applied on O is broken down into force components
provided by each thruster. These components termed f; are arranged in the vector f which
obeys the relation

-1
f=BT (BBT) T, @)
with B a commonly rectangular matrix that expresses the transformation of T into these thrust
components.

On the other hand, f is related to a strong nonlinear characteristic which is proper of each
thruster. Specially for underwater vehicles this is modelled by (cf. Fossen, 1994)

=K (|n| n) —K; (|n| va), ®)

where Kj and K, are constant matrices accounting for the influence of the thruster angular
velocity n and the state v, related to every thruster force component in f.
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The thruster dynamics usually corresponds to a controlled system with input n,,s and output
n given generally by a linear dynamics indicated generically as some linear vector funcion k
in Laplace variable form

n=k[n,yv], ©)

where n,, is the reference angular velocity referred to as the real input of the vehicle
dynamics.

Usually in the literature it is assumed that the rapid thruster dynamics is parasitic in
comparison with the dominant vehicle dynamics. In the same way we will neglect this
parasitics and so the equality n=n,,; will be employed throughout the chapter.

Moreover, we will concentrate henceforth on disturbed measures #; and v;, and not on
exogenous perturbations 7. and v, so we have set 7.=v.=0 throughout the paper. Similarly,

v=v and n:ﬂ (see Fig. 1). For details of the influence of T, and v, on adaptive guidance
systems see (Jordan and Bustamante, 2008; Jorddn and Bustamante 2007), respectively.

3.2 Sampled-data behavior
For the continuous-time dynamics there exists an associated exact sampled-data dynamics

described by the set of sequences {#[t;], v[t;]} = {nti,vti} for the states #[t] and v|[t] at sample

times ¢; with a sampling rate .
On the other side, we let the sampled measures for the kinematics and positioning state
vectors be disturbed. So this is characterized in discrete time through the noisy measurements

in the sequence set {#;[t;], vs[t;] } = {%f V5, } as illustrated in Fig. 1.

V" tn
D/A
win:“7 s;r;pia
776,"
A/D
Vs

Fig. 1. Adaptive digital control system for underwater vehicles (UV) with noisy measures,
model errors and exogenous perturbations

3.3 Sampled-data model

Usually, sampled-data behavior can be modelled by n-steps-ahead predictors (Jordan &
Bustamante, 2009a). Accordingly, we attempt now to translate the continuous time dynamics
of the system into a discrete-time model. The ODEs in (1)-(2) can be described in a compact
form by

v=M pgvl+M 't (10)
i1 =qlnv], (11)
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with p and q being Lipschitz vector functions located at the right-hand memberships of (1)
and (2), respectively. Here no exogenous perturbation was considered as agreed above.

Let us contemplate an approximation of first order of an Adams-Bashforth approximator
(Jordédn & Bustamante, 2009b). It is valid

Vi1 = Vi, +hM ! (ps, +7Tn) (12)
Nprq = My, +hqe,, (13)
where 77, ; and v,, 1 are one-step-ahead predictions at the present time t,,. Moreover, T, is the
discrete-time control action at t,, which is equal to the sample T[t,] because of the employed

zero-order sample holder.
More precisely it is valid with (1)-(2)

6
pt, = — Ci- X Cvi,” th—Dth”— (14)
i=1
6
— Y Dy, |vj, |vi,—B1 g1,,—B2 82,,
i=1
qtn = ]tnvi’n (15)

where Cy, means Cy[v,], g1, and gy, mean g;[y, | and gy, ] respectively, J, 11 means

I [1;,] and v;, is an element of v;,. Similar expressions can be obtained for the other sampled
functions py, and qy, in (18)-(19). Besides, the control action T is retained one sampling period
h by a sample holder, so it is valid T,=1y,.

The accuracy of one-step-ahead predictions is defined by the local model errors as

o1 = Vi Vil (16)

87]”+1 = ”tnﬂ 717"+1’ (17)

with ey, , &,,, € O[h] and O being the order function that expresses the order of magnitude
of the sampled-data model errors. It is noticing that local errors are by definition completely
lacking of the influence from sampled-data disturbances.

Since p and q are Lipschitz continuous in the attraction domains in v and #, then the samples,
predictions and local errors all yield bounded. So it is valid the property v, ;—v;, , and
M1y, forh — 0.

Next, the disturbed dynamics subject to sampled-data noisy measures is dealt with in the
following.

3.4 1st-order predictor with disturbances
The one-step-ahead predictions with disturbances result from (18) and (19) as

Vi1 = Vi, +6vi, +hM " (ps, +7Tn) (18)
Nyv1 = My, +511t”+hq5,‘n/ (19)
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where vi, +0vi,=v;, and #, +0m, =1, are samples of the measure disturbances (see Fig.

1), and pg, and qg, are perturbed functions defined as ps, =p |vi,+dve, 17, +01, | and

45, =9 | Ve, +0Ve, 11, +01,

3.5 Disturbed local error
Assuming bounded noise vectors dv; and dy;, we can expand (18) and (19) in series of Taylor
about the values of undisturbed measures v|t,] and [t,]. So it is accomplished

_ 0 a
o, = Svn+1+A5th+1_hM71 ( pls(S + [t"](sﬂtn

ov
+2 5, gy olov]oler] (20)
ov tn a” 17t” 1
a T
8’7n+1 £’7n+1+A5’7t,,+1 —h ( [t"]évt +
a T
+aq’;[tn]&ﬂtn+0[5v2]+o[51]2}) , (21)

where &, , and g;  are the model local errors and Advy,, ,=évy, ,—dvy, and Ady, =
r1+1. ; n+1 n+1 . n R t,,+1
o1, ., —6n,,. The functions o are truncatmg error vectors of the Taylor series expansions, all of

. 2 9 ) 9
them belonging to O[h"]. Moreover, 5’5 , ap ;; p aq‘f and q'; are Jacobian matrices of the system

which act as variable gains that strengthen the sampled-data disturbances along the path.

T
It is worth noticing that the Jacobian matrices aa i and 2 ” in (20) will be obtained from the

feedback law T, [”t,,’vtn] of the adaptive control loop.

4. Sampled-data adaptive controller

The next step is devoted to the stability and performance study of a general class of adaptive
control systems whose state feedback law is constructed from noisy measures and model
erTors.

A design of a general completely adaptive digital controller based on speed-gradient control
laws is presented in (Jorddn & Bustamante, 2011). To this end let us suppose the control
goal lies on the path tracking of both geometric and kinematic reference as #, ~and vy, ,
respectively.

4.1 Control action
Accordingly to the digital model translation, we try out the following definitions for the exact
path errors

My, = 1y, +0, 1y, (22)
“ -1, -1 “
Vi, = Vi, +6vi, =5 i1, 5, Kptty, - (23)



A General Approach to Discrete-Time Adaptive Control Systems with Perturbed Measures for
Complex Dynamics - Case Study: Unmanned Underwater Vehicles 261

where K, = K; > 0is a design gain matrix affecting the geometric path error and ](;n means

5 [, +0n, ]. Clearly, if ﬁtn =0, then by (23) and (2), it yields v, +dv, —vy, =0.
Then, replacing (18) and (19) in (22) for ¢, one gets

“ -1 “—
Ny = (1 = hl s, Kp) My, Ty, ~ My, Ty, =0y, (24)
et (Jo Vi, + J00%1, Tt i 1, ) -

Similarly, with (18) and (19) in (23) for ¢, ; one obtains

“ - 1, T, 1 -
Viwor = Vet s, i, oy T~ o, Koy, (25)
. — .
+I5¢n+1 KP M, iq +&v,. +5an I 75an +hM (P5t,, +T”) :

We now define a cost functional of the path error energy as

T T
Qty = My My, +V4, Vi, (26)

which is a positive definite and radially unbounded function in the error vector space. Then
we state

AQy, = Qt,, — Q1= (27)

- ((1 = Sy Kp ) M, 1 (Je Vs, + T 001, + e Ty, ) +

2 2

Ty, My, T O, *5'1@,) My, T

-1

A -1, -1 . “ -1 v
+ (Vtﬂrfsm i, o, Ty oo, Ketle, + s, Ko,

n+1

2 2

1 “
+hM (p5t,,+7”) + 5vtn+7 - 5Vf;;+evn+1) 7Vt,,'

The ideal path tracking demands that

Jim AQy, = lim (Q,., ~Q,,) =0. 8)
Bearing in mind the presence of disturbances and model uncertainties, the practical goal
would be at least achieved that {AQ}, } remains bounded for ¢, — co.

In (Jordan & Bustamante, 2011) a flexible design of a completely adaptive digital controller
was proposed. Therein all unknown system matrices (C;, Dy;, D;, By and By) that influence the
stability of the control loop are adapted in the feedback control law with the unique exception
of the inertia matrix M from which only a lower bound M is demanded. In that work a
guideline to obtained an adequate value of that bound is indicated.

Here we will transcribe those results and continue afterwards the analysis to the aimed goal.
First we can conveniently split the control thrust 7, into two terms as

Tp = le, + TZ,,/ (29)
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where the first one is
- 1 -1, 1=
71, = —Kove, =g M\ Js,, 1y, +5, Koy, + (30)
—1 5 —1 “
+]§tn+l 177[,1+1 _]dthrl Kp ”t”+1> _rdtn !

with K, = KZT, > 0 being another design matrix like K, but affecting the kinematic errors
instead. The vector r5, is

6
rs, = 3 Ui x Co, V5, +U7vs, + (31)

i=1

6
+ ) Uzyilvg, |ve, +Uiagr, +Uis 82,
i=1

where the matrices U; in 15, will account for every unknown system matrix in pg, in order
to build up the partial control action t;,. Moreover, the U;’s represent the matrices of the
adaptive sampled-data controller which will be designed later. Besides, it is noticing that rs,
and pg, contain noisy measures.

The definition of the second component 7, of T, is more cumbersome than the first
component Ty, .

Basically we attempt to modify AQ;, farther to confer the quadratic form particular properties
of sign definiteness. To this end let us first put (30) into (27). Thus

AQt, = Q1 — Q1= (32)
-1 v v -1,
= <(1 —hliJ5, Kp) 1, +h (It,, Vi, + J0, 0V, +1 s, mm)

2
2

+11rfn _”rfn+1 +811" +1 +511trz+1 _(sﬂtu) B ”tn +
- -1, . IR -1 -
Vi +]5m M, _]5t,,+1 Triy i _]5rn Kp1y, +](5»y,+1 Kp Tt~

e -1 -1, IR . -1 “
—hM Kyvy,—M M (]5tn Mr, 7]% Kpﬂtn 7]55,“ Ty, +]5tn+1 Kp 11tn+1)

n+1

2 2

“

+hM (Pétn_rém) —l—hM’l-rZ”—i-(Svth—5vtn+evn+1) -V,

n

where the old definition of ]; =7 [, +0n, ] can be rewritten as

-1

Js,

Now defining an motion vector function (combination of acceleration and velocity) in the
form

Jo + AL 33)

n

-1, -1 . -1 “ -1 v
St” :]5fn 117[)1 7Lstn+-l ’77’1,, +1 715!11 Kp”tn + ]5t”+1 Kp ”tn+1 4 (34)
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the (32) turns into
AQt, = Qb — Q1= (35)

= ((1 — hKp) 17, — h]tnA];anPﬁt,,J’_h (ftn Vi, + "hf,,) +]tn5"tn+]tnN;:fh,n
2

2
+’7rt” _”rln+1+s’7”+7 +§11t”+1 _511t") N ntn +

v ((1 ~hM 'Ko) Vi, (1= M M) sp,~

2 2

—l—h(pgtn —M71r5tn> Y Ty, + 6vy, —5vtn+evw) —Vt".
From this expression one achieves
AQy, = a(M 717 ) 4+ M 'y +c+ (36)
+)}; VaKy (VaK, —21) 7, +
+‘7:” VaK; (vVaky —21) vy, +
+faq, [877,1“ 80,11/ 0Mt,10VE, 1],

where K:, is an auxiliary matrix equal to K; = MilKU. The polynomial coefficients 4, b and c

are
2

a=nh (37)
b = 2h(I—hK,)vi, +2h (1= M 'M) s, +2hM ' (ps, —15,)

+ 2h ((5th+1 — 5Vt,,+€v,,”) (38)

2

¢ =1 (Ji v+, ) + (39)
w2 (R, ) () +

+ <”r'n ", )T(””n _’7”»1+1> *

+2((1-hKy) 1, ) T(h( IVt bty )4, <, )
2

2
+ (1=M"M) s +1M (ps, —15,) + (5%“ = 5vt,,+sv,,ﬂ)

T

+ 2 <<I - MﬁlM) St, —l—h]\/[’1 (pgm —15, )) <(5th+1 — 5Vt”+svn+l)
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and faq,, is a sign-undefined energy function of the model errors and measure disturbances
defined as

fAQl,l [877,,+1 ’svn+1 ’511fr1+1 ’(SvtVH»l] = (40)
2

EEREON o1,
<€17n+1 +511t”+1 _511t,, _h]tn A]fn KP ”t” + ]tn 5Vt” +]tn A]t,, ”r,n >

T

-1 “ -1,
<€17M +ony,,, —om, —hJy, Ay, Kpipy, + J6,0ve,+ 6, A, ’7rm> :

Clearly, there are many variables involved like the system matrices, model errors and measure
disturbances which are not known beforehand.

The idea now is to construct T,, so that the sum a(M’l T2, )2+bTM71 T, +cin (36) be null. As
there are many variables in the sum which are unknown, we can construct an approximation
of it with measurable variables. So, it results

1 2 _T 4
a(M'7,) +B,M ', +6=0. (41)

Now, the polynomial coefficients b, and ¢, are explained below. Here, there appear three
error functions, namely fpp, , and the new functions fp, and f, , all containing noisy and
unknown variables which are described in the sequel.

The polynomial coefficients result

b, = 2h(I—hKy)vy, +2hM ! (P, —T5,)) @
2 -~ ’ o) v ) v
&=k (( ]tuvt”-q-;ym) + (Afst,, Vt,,) +2 (]tnvm-i-fim,) A]st,zw,z) + (44)

20 (1ot ) () 420 (805) (o, ) +

T

+ (’7}’,” _”V*nH) <’7rt,, _”rtn+1 ) +
+2((1-nKy) ﬁ,ﬂ)T (h (1o, 4, ) 1, =, ) +2 (1= 1K) ;;t">T (e, v, ) +
M (py, 1, ) 2 (147 (B, —xs,)T) (1K),

with ps, being an estimation of py, in (14) given by

= th _th—l
Ps,, —MT —Tn.
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The second component T,, of T, was contained in the condition (41) like a root pair that
enables AQ;, be the expression (47). It is

_ T _
_bj:l bb—4ac1 ) (46)

o ST

with 1 being a vector with ones.
With the choice of (41) and (46) in AQ;, one gets finally

T
AQy, = 1, hKp (hKp —21) 17, + (47)

T
vy hKG (hKG = 21) Vi, + faQy, (€4, €001 00ty 1,0VE, 1+

+fAQ2,, [877,,+1 ’Svn+1 ’511tv1+1 ’(svth»l ] +fUiy, [(ul* - ul) 4 MﬁlM] ‘

The matrices U/ that appear in fy, take particular constant values of the adaptive controller
matrices U;’s. They take the values equal to the system matrices in (1)-(2) (Jorddn and
Bustamante, 2008), namely

U; =C;,withi=1,.,6 (48)
U, = D, (49)
U; = Dy, withi =8, ... 13 (50)
Uy =By (51)
Ujs = B, . (52)

Moreover, the error functions fag, and fy, in (47) are respectively

fAQZn [811"+7 ’svn+1 ’§'1tn+1 ’5th+l] :2h <(Svtn+1 - 5th +svn+1) X (53)
b 1 [bb-dac 2
-1 — 4ac 2 -
XM M | =t o\ =1 | —h <A]5tnvfn> -

T

o’ (A ](stﬁt,l) (qm —q%l) oK ( T, ?z}ﬁﬁm) AJst, Vi, —
2

T
_Zh ((I - th) ”tn>A]5tn th + (5vtn+1 - 5th +£vn+1> +

T

+2 ((I — MilM) St, +hM77 (P(S[” 71'(5“1)) ((5Vt”+1 — oy, +€v,,+]) i
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with Ab=b —b from (38) and (43), and
fu, (U7 =), M M] = (54)

v (M) UMM MM (b b))
(M Mb) (M Mb) M M B M MB
_ + _ - — s

4q 244 2a

()" (v 00) ") 2B

+2 (I (M7 =M KoV, +1 M (pg,, — 1, ) =M™ (pr, 1, )~

— —T
-1 T b 1 /b b—4ac 2 2 2
~h(1-M"'M)s;,) MM (_2a + 61) +H M (ps, -1, ) +

T

+ (I—M’lm>2 st +2 (M’1 (ps, s, )) (I—M’lm) s, +
T T
+2 (h (M’1 (pgt”—r%)> +sp (I—M’lm) >(1—hM’lKv)§tn—

WM <§5m -1, )2 —2 (h (M <ﬁ5tn -1, ))T)(Ith”KU)GtH.

It is seeing from (40), (53) and (54), that the error functions go to lower bounds when U; = U/
(itis, when ps =r; ), M 'M=1Iand ont,., =0vy,,, =0. These bounds will ultimately depend
on the model errors &, | and &, , only.

It is noticing from (46) that the roots may be either real or complex. Clearly when the roots
are real, (41) is accomplished. If eventually complex roots appear, one can chose only the real

part of the resulting complex roots, namely 7,, = M 3—2“ The implications of that choice will
be analyzed later in the section dedicated to the stability study.

Finally, the control action to be applied to the vehicle system is 7, = T3, + T2, with the two
components given in (30) and (46), respectively.

4.2 Adaptive laws

According to a speed-gradient law (Fradkov et al.,, 1999), the adaptation of the system
behavior occurs by the permanent actualization of the controller matrices U;.

Let the following adaptive law be valid fori =1, ..., 15

A dAQy,
Ay -1, 0,

u (55)

in+l

with a gain matrix I'; = l"iT > 0and aaAu& being a gradient matrix for Uj; .
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First we can define an expression for the gradient matrix upon AQy, in (47) but considering
that M is known. This expression is referred to the ideal gradient matrix

T
0AQy, 2 T -1 ar&n
g =M (M 72”> < ) (56)

2 T 1 aréﬂ !
-2k M M (p(st,,_résrn)(alji) -

T
T PN al“;m
—2hM (I — hK,) vy, (aui )

Now, in order to be able to implement adaptive laws like (55) we have to replace the unknown
M in (56) by its lower bound M. In this way, we can generate implementable gradient matrices

which will be denote by 5% and is

__ T
aAQtn 2 -T -1 ar5f11
=M (M) (W) - 57)
T
2. T -1, al‘,;
—2h M M (P5tnir5m) (aufn) -
i
T

. ce (D
—2hM (I — hK,) Vs, ( rét”) ,

al;
with the property
9AQ;, _ 9AQy,
U, au; Au (58)
where
Aui,, = 5M’2Ai,, + 5M*1 Binl (59)

and 02 = (MfTMi1 - MfTMq) >0and 1 = (Mq — Mﬁl) > 0. Here A;, and B;, are
sampled state functions obtained from (56) after extracting of the common factors §,,-» and
Op-1, respectively.

It is worth noticing that AQ;, and AQ; , satisfy convexity properties in the space of elements
of the U;’s.

Moreover, with (58) in mind we can conclude for any pair of values of Uj, say U: of U;/, it is
valid

, i NQy(U) 4
AQ, (U))=AQ,, () < =5 =0 (U -1y < (60)
amtﬂ(ulﬁ) ! "
< 200 (uf-ur) o

This feature will be useful in the next analysis.
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In summary, the practical laws which conform the digital adaptive controller are

A 0AQ;,

Uin+1 = Uin —I; ou
i

(62)

Finally, it is seen from (57) that also here the noisy measures #;, and vs;, will propagate into
the adaptive laws ag%n .

5. Stability analysis

In this section we prove stability, boundness of all control variables and convergence of the
tracking errors in the case of path following for the case of 6 DOF’s involving references
trajectories for position and kinematics.

5.1 Preliminaries

Let first the controller matrices U;’s to take the values U; ’s in (48)-(52). So, using these constant
system matrices in (1),(4)-(6) and (14), a fixed controller can be designed.
For this particular controller we consider the resulting AQ:” from (47) accomplishing

v T _
AQ;, = 11y, hKy (1Kp —21) 3, + (63)
V‘T * * “
+v; hK, (hKv - 21) Vi +
+fA*Q” [£”n+1 ’Svn+7’611tn /5Vt”,M71M],

where f, A*Qn is the sum of all errors obtained from (47) with (53) and (54). It fulfills with
Ps,, =15,
fag, = faqu, + faqu, [Ps, =15, 1+ fu,, [Ps, =15, ]- (64)

Later, a norm of f, A*Qn will be indicated.

Since (s”w—kdth _5’7tn> , (5Vt,,+1 - 5Vt,,+€v,,+1) € land M ' M € I, then one concludes

fag, € loas well.
So, it is noticing that AQ; < 0, at least in an attraction domain equal to

B= {ﬁtﬁtn e RN Bg}, (65)
with B a residual set around zero
Bi={11,,9,€R°/5Q;, — fap, <0} (66)

and with the design matrices satisfying the conditions

2

21> Ky >0 (67)
2
R K; >0, (68)
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which is equivalent to
2 2
AM =M > Ky >0, (69)
The residual set B; depends not only on & , and &, ,, and the measure noises 1, and évy,,

but also on M ' M. In consequence, B(S becomes the null point at the limit when & — 0, oy
vy, = 0and M = M.

n’

5.2 Stability proof

The problem of stability of the adaptive control system is addressed in the sequel. Let a
Lyapunov function be

T

oy Yy () (), - g
2= 1j=1 It bt
1 15 6 T - ~
L)L (“f). (),
i=1j=1 Iy "
with ( ]) (uj—uf> where u; and u are vectors corresponding to the column j of the
lﬂ ] l”

adaptive controller matrix U; and its correspondmg one U; in the fixed controller, respectively.
Then the differences AV}, = V., — V;, can be bounded as follows

v o0 1R 8 ), 5 (), 6),)
s+ “f:@u) (), 2% (aw), 1 (aw),
i=1j=1 i=1j=1

oA
<AQ:, — ( 61? )
i= 1] )

A0
A
i= 1] ]

<AQ; <0inBNBy,

with (Auj> _ a column vector of (U;,,
lVl

—uirz)'

The column vector (Auj)' at the first inequality was replaced by the column vector
In

-T; (3%8;” > and then by —T; (agi%) in the right member according to (58) and (60)-(61).

So in the second and third inequality, the convexity property of AQ;, in (60) was applied for
any pair (U’ = U, U" = U;).
This analysis has proved convergence of the error paths when real square roots exist from

\/ b, by —4ac, of (46).
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_T__
If on the contrary 44c, > b, b, occurs at some time ¢, one chooses the real part of the complex
roots in (46). So a suboptimal control action is employed instead, In this case, it is valid

-1

-1 1—- -M -
TZ;,:EM bnziz (I — ]’ZK;)Vt”. (72)
So it yields a new functional AQ;™ in
) 1 1 -
AV, S AQy = AQy, + 0y — mbnbn<0 inBNB,, (73)

where AQ;Z is (63) with a real root of (46) and B;* is a new residual set. It is worth noticing

1

T
anbn) can be reduced by choosing / small. Nevertheless,

that the positive quantity (En —

B, results larger than B, in (71), since its dimension depends not only on &,., and &, but
_T__

also on the magnitude of <E,, - ﬁbnbn> .

This closes the stability and convergence proof.

5.3 Variable boundness

With respect to the boundness of the adaptive matrices U;’s it is seen from (57) that the
gradients are bounded. Also the third term is more dominant than the remainder ones for /
small (h << 1), and so, the kinematic error v;, influences the intensity and sign of 0AQ;, /dU;
more significantly than the others. From (62) one concludes than the increasing of |U;| may
not be avoided long term, however some robust modification techniques like a projection zone
can be employed to achieve boundness. This is not developed here. The author can consult
for instance (Ioannou and Sun, 1995).

5.4 Incidence of model errors and noisy measures

It is seen in (66) that the residual set Ba is conformed by the perturbation error function f, A*Qn'
In this section some guidelines can be given for a proper selection of the design parameters in
order to diminish the incidence of model errors and noisy measures. This concerns the design
matrices K, and K, as well as operation parameters like the cruise vehicle velocity and the
control action self.

To this end, let the sign-undefined term f A*Qn be upper bounded by

1 -1,
AJy, Kpny, + D, 1,

+ ‘fS | |£vn+1 +5vtr1+1 _5th | +

[fa,| < 161 ley, ,+0m,,—om, |+ 1] 11 16, | 891, + (74

+ |f2| A]&t”;f"

2
2h ‘M 1?2r1‘ |svn+1 +5vtn+1 - 5th| +h2 ’A]Jtn th‘

-1 “ -1, 2
+ ’8’77144 +($11tn+1 _(S”tn _h]t" A]trl Kp”tn +]t" 5Vt" +]t”A]tn qrin

2
+ |€Un+1 +5vtn+1 7(5th | +
+fal I =M M

’
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where £, ,f, and £, are bounded vector functions

T

flT -2 <(I — hKp) ﬁt”—i-h (]t,, v, + "M,,) + ’77:,1_17“"“) 7>
£ = =2n (h (n,, =, ) +h(JVe i, ) + (1= hKp) 3tn>T 70
= ((1-m'm)s) 7

and fy is also a bounded scalar function which can be identified from (54) with Ps,, =Ys,, as

fulps,, =15, ] = (78)

N7 L T -1 T -1 T _ B B
(M Mb) (M Mb) 1T(M M) (M M)1 (b b) b M MB
. + . - =
4q 244 2a

8 () ) 5

T

+2 (hz(Mfl—Mfl)Kﬁtn—h (I—M’lm) st”) M, +

T

+ (I—M’lm)z si+2s] (I—M’lm) (I-hM 'Ky)vy,,

where the norm ‘I -M M ‘ is implicitly contained herein.

Clearly, if h — 0, ny,, 6vi, — 0and M = M, then f, A*Qn tends to zero conjointly.

At the first glance in (64) and (53), one notices that the inertia matrix M appears in £;. So, it is
valid

b < (1= A M ] 79)

which does reveal that the influence of M on f{, is reduced whatever M be a good estimate of
M, it is when Apin [M71 M] be close to one. Besides, no dependence of the sampling time &

on f, is observed any longer in the tightest bound in (79).
Since the body inertia matrix M, is plausible to be good estimated, we can choose M = M.
So it is valid

If; |

Ist

| <1—[(My + Mg) | | My (80)
Particularly, AUVs are designed with hydrodynamically slender profiles, they have
commonly much more smaller values of M, than in the case of ROVs. In this sense, it is
expected that the uncertainty M, affect more the steady-state performance in ROVs than in
AUVs.

The same analysis can be carried out for f,in (74). In particular, a choice of K, in f, that is as
close as possible to the value I/h (see (67)), will reduce partially |f,|. Analogously, the same
result for K, could be obtained from f,.
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On the other side, one sees that small differences of <17rt —1,, ) or equivalently small values
n n+1

My My
of i7, have the influence of decreasing |f, | as well. Since the quantity 77, — % assumes
small values for h small, then large cruise velocities do not affect the performance if the

sampling time is chosen relatively small.

Besides, the term hJ; vy, in f, leads to the same conclusion about the effect of . However,
it is interesting to stress the fact that appears in vehicle rotations which may rise the norm
of Ji, [¢, 0, ¢] considerably when the pitch angle goes above about 30° (Jordédn & Bustamante,
2011).

The scalar function f4, whose bound is implicitly included in (78) gets small when particularly
the vector b is small (this means also Ty, small), and the motion vector function s, is also
rather moderate.

Finally, there is the term 2iT,, in (74) that also contributes to increase fpg, particularly when
saturation values of the thrusters are achieved. Since T, is fixed by the controller, the only
countermeasure to be applied lays in the fact that the controller always choose the lower T,
of the two possible roots in (46). So, the perturbation energy faq, is reduced as far as possible
by the controller.

From (63) one can draw out that the choice K, = %Mb in the negative definite terms is much
more appropriate to increase the negativeness of AQ:H. Equally the choice of K, in the same
manner helps the trajectories to get the residual set more rapid.

Besides, the model errors and noisy measures (e, +0vy,,,—0vy,,) and

(8,7]1+ Fon,  —ovi, +1> enter linearly and quadratically in the energy equation (74). As

they are usually small, only the linear terms are magnified/attenuated by £, £f,, f, and 7, ,
while f; impacts nonlinearly in T, and s;, as seen in (54).

5.5 Instability for large sampling time

Broadly speaking, the influence of the analyzed parameters will play a role in the instability
when (on the chosen & is something large, even smaller than one, because the quadratic terms
rise significantly to turn to be dominant in the error function f, A*Qn.

The study of this phenomenon is rather complex but it generally involves the function AQ:W
in (63) and f, A*Qn in (64).
For instante, when

T T
faio, >y, Ky (hKy = 21) 1, v, 1K (K, = 21) v, (81)

the path trajectories may not be bounded into a residual set because the domain for the
initial conditions in this situation is partially repulsive. So, depending on the particular initial
conditions and for i >> 0 the adaptive control system may turn unstable.

In conclusion, when comparing two digital controllers, the sensitivity of the stability to  is
fundamental to draw out robust properties and finally to range them.

6. Adaptive control algorithm

The adaptive control algorithm can be summarized as follows.
Preliminaries:
1) Estimate a lower bound M , for instance M = M, (Jordan & Bustamante, 2011),
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2) Select a sampling time / as smaller as possible

3) Choose design gain matrices K, and Ky according to (68)-(69), and simultaneously in order
to reduce f,* AQ, and AQt (see related commentary in previous section),

4) Define the adaptive gain matrices I'; (usually I'; = a;I with a; > 0),

5) Stipulate the desired sampled-data path references for the geometric and kinematic
trajectories in 6 DOF’s: , and vy, , respectively (see related commentary in previous section).
Continuously at each sample point:

6) Calculate the control thrust T, with components 7;,in (30) and T, (46) (or (72)),
respectively,

7) Calculate the adaptive controller matrices (56) with the lower bound M instead of M.
Long-term tuning:

7) Redefine K, Ky and  in order to achieve optimal tracking performance.

7. Case study

7.1 Setup

With the end of illustrating the features of our control system approach, we simulate a
path-tracking problem in 6 DOF’s for an underwater vehicle in a planar motion with some
sporadic immersions to the floor.

A continuous-time model of a fully-maneuverable underwater vehicle is employed for the
numerical simulations. Details of this dynamics are given in (Jordan & Bustamante, 2009c).
The propulsion system is composed by 8 thrusters, distributed in 4 vertical and 4 horizontal.
The simulated reference path #, and the navigation path 5 are reproduced together by means
of a visualization program (see a photogram in Fig. 2). The units for the path run away are in
meters.

Basically the vehicle turns around a planar path. At a certain coordinate A it leaves the plane
and submerses to the point A’ for picking up a sample (of weight 10 (Kgf)) on the sea floor
and returns back to A with a typical maneuver (backward movement and rotation). Then it
continues on the planar trajectory till the coordinate B in where it submerses again to the point
B’ in order to place an equipment on the floor (of weight 20 (Kgf)) before to retreat and turn
back to B and to complete finally the cycle. The vehicle weight is about 60 (kgf).

Additionally to the geometric path, the rate function v,(t) = J~1(y,)y,(t) along it, is also
specified, with short periods of rest at points A’ and B’ before beginning and after ending the
maneuvers on the bottom.

At the start point of the mission (represented by O in Fig. 2), it is assumed for the adaptive
control there is no information available about the vehicle dynamics matrices. Moreover, the
maneuvers at stretches A-A’ and B-B’ imply considerable changes of moments acting on the
vehicle in both a positive and negative quantities.

The reference velocity is programmed to be constant equal to 0.25(m/s) for the advance and
as well as for the descent/ascent along the path. This rate will be referred to as the cruise
velocity.

By the simulations, the adaptive control algorithm summarized in the previous section, is
implemented. It is coupled with the ODE (1)-(2) for the vehicle dynamics, whose solution is
numerically calculated in continuous time using Runge-Kutta approximators (the so-called
ODE45). The computed control action is connected to a zero-order sample&hold previously
to excite the vehicle.
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Fig. 2. Path tracking with grab sampling at coordinate A’, and with placing of an equipment
on the seafloor at coordinate B/

7.2 Design parameters

The most important a-priori information for the adaptive controller design is the
ODE-structure in (1)-(2) but not its dynamics matrices, with the exception of the lower bound
for the inertia matrix M. This takes the form

M= M, + M, (82)
with the components: the body matrix M, and the additive matrix M, given by

My = My, +6(t —tar) Myar — 6(t —tp) My~ (83)
M, = Mg, +6(t —ta) Mypn+ — 6(t —tp) Mya-, (84)

where M, and M,, are nominal values of M, and M, at the start point O, and
Mpp-, Myp+,Mya+ and M,p_ are positive and negative variations at instants ¢4 and tp on
the points A" and B’ of Fig. 2. Here 6(t — t;) represents the Dirac function.
For our application M}, is determinable beforehand experimentally and it is set as the lower
bound M for the control and adaptive laws. In the simulated scenario, Mp,- is assumed
known because it is about of an equipment deposited on the seafloor. In the case of M+,
M,p+ and even M-, we depart from unknown values.
The property of M, > 0 is not affected by the sign of M5+ and M-, which may be positive
and negative as well. For that reason, a valid lower bound is chosen as M = M, — Mj,-.
Taking into account the simulation setup for the weight changes (the weight picked up from
the seafloor at t 4 and the second weight deposited on the seafloor at ¢5), the lower bound for
Mis

M = diag(60, 60, 60,5, 10, 10), (85)
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and the mass variations are

Mya+ = diag(10,10,10,0.6250,4.2250,3.6)

(86)

Mpa- = diag(20,20,20,1.25,1.25,0) (87)
6.3,15.4,0.115,0.115,0.261,0.276) (88)
(89)

12.6,30.8,0.23,0.23,0.521,0.551).

Mgp4 = diag

—~ T~/

Mgp- = diag
The design gain matrices for the controller are

K, = diag (5,5,5,5,5,5)
K, = diag (300,300,300, 25,50, 50)

and the adaptive gain matrices about
=1 (91)

Finally we have proposed a sampling time i = 0.2(s).
All quantities are expressed in the SI Units.

7.3 Control performance

Here the acquired performance by the autonomously guided vehicle under the described
simulated setup will be evaluated. First, in Fig. 3, the path error evolution corresponding
to every mode with their respective rates is shown for the different transient phases, namely:
the controller autotuning at the initial phase (to the left), the sampling phase on the sea bottom
at A’ (in the middle), and the release of an equipment on the floor at B’ (to the right).

The largest path errors had occurred during the initial phase because the amount of
information for the control adaptation was null. Here, the longest transient took about 5(s)
which is considered outstanding in comparison to the commonly slow open loop behavior.
Later, after the mass changes, the path errors behaved much more moderate and were
insignificant in magnitude (only a few centimeters or a few hundredths of a radian according
to translation/rotation). Among them, the errors in the surge, sway and pitch modes (x, z and
6) resulted more perturbed than the remainder ones because they were more excited from the
main motion provided by the stipulated mission. In all evolutions the adaptations occurred
quick and smoothly.

The same scenario of control performance can be observed in Fig. 4 from the side of the
velocity path errors for every mode of motion. Qualitatively, all kinematic path errors were
attenuated rapid and smoothly in the autotuning phase as well as during the mass-change
periods. The magnitude of these errors is also related to the rapid changes of the reference v,
in the programmed maneuvers.

In the Fig. 5, the time evolution of the actuator thrust for two arbitrarily selected thrusters
(one horizontal and one vertical) is shown. Analogously as previous results, the forces are
compared within the three periods of transients. One observes that the intervention of the
controller after a sudden change of mass occurred immediately. Also the transients of these
interventions up to the practical steady state were relatively short.

Fig. 6 illustrates the time evolution of some controller matrices U;. To this end, we had chosen
the induced norm of Ug which is partially related to the adaptation of the linear damping.
One sees that the norm of Ug evolved with significative changes. In contrast to analog
adaptive controllers of the speed-gradient class, here the U;’s do not tend asymptotically to
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Fig. 3. Position path errors during transients in three different periods (from left to right
column: autotuning, adaptation by weight pick up and adaptation by weight deposit)

constant matrices because of the difference between M71 and M ' in (58)-(59) (cf. Jordan &

Bustamante, 2009¢).

8. Conclusions

In this paper a novel design of adaptive control systems was presented. This is based on
speed-gradient techniques which are widespread in the form of continuous-time designs
in the literature. Here, we had focused their counterparts namely sampled-data adaptive

controllers.

The work was framed into the path tracking control problem for the guidance of vehicles
in many degrees of freedom. Particularly, the most complex dynamics of this class
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Fig. 4. Velocity path errors during transients in three different periods (from left to right
column: autotuning, adaptation by weight pick up and adaptation by weight deposit)

corresponding to unmanned underwater vehicles was worked through in this work. Noisy
measures as well as model uncertainties were considered by the design and analysis.

Formal proofs for stability of the digital adaptive control system and convergence of the path
error trajectories were presented and an extensive analysis of the control performance was
given.

It was shown that it is possible to stabilize the control loop adaptively in the six degrees of
freedom without any a-priori knowledge of the vehicle system matrices with the exception of
a lower bound for the inertia matrix.

Providing the noisy measures remain bounded, the adaptive controller can reduce
asymptotically the path errors up to a residual set in the space state. The residual set contains
the null equilibrium point and its magnitude depends on the upper bounds of the measure
noises and on the sampling time. This signalizes the quality of the control performance.
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However, as generally occurs by digital controllers, it was observed that a large sampling
time is an instabilizing factor.

It was also indicated the plausibility of obtaining a lower bound of the inertia matrix by simply
calculating the inertia matrix of the body only.

We will emphasize that the design presented here was completely carried out in the discrete
time domain. Other usual alternative design is the direct translation of a homologous but
analog adaptive controller by digitalizing both the control and the adaptive laws. Recent
results like in (Jordan & Bustamante, 2011) have shown that this alternative may lead to
unstable behaviors if the sampling time is particularly not sufficiently small. This fact stands
out the usefulness of our design here.

Finally, a case study was presented for an underwater vehicle in simulated sampling mission.
The features of the implemented adaptive control system were highlighted by an all-round
very good quality in the control performance.
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1. Introduction

The control of discrete systems with time-varying delays has been researched extensively in
the last few decades. Especially in recent years there are increasing interests in discrete-time
systems with delays due to the emerging fields of networked control and network
congestion control (Altman & Basar 1999; Sichitiu et al., 2003; Boukas & Liu 2001). Stability
problem for linear discrete-time systems with time-delays has been studied in (Kim & Park
1999; Song & Kim 1998; Mukaidani et al., 2005; Chang et al., 2004; Gao et al., 2004). These
results are divided into delay-independent and delay-dependent conditions. The delay-
independent conditions are more restrictive than delay-dependent conditions. In general,
for discrete-time systems with delays, one might tend to consider augmenting the system
and convert a delay problem into a delay-free problem (Song & Kim 1998; Mukaidani et
al.,2005). The guaranteed cost control problem for a class of uncertain linear discrete-time
systems with both state and input delays has been considered in (Chen et al., 2004).
Recently, in (Boukas, 2006) new LMlI-based delay-dependent sufficient conditions for
stability have been developed for linear discrete-time systems with time varying delay in the
state. In these papers above the time-varying delay of discrete systems is assumed to be
unique in state variables.

On the other hand, in practice there always exist multiple time-varying delays in state
variables, especially in network congestion control. Control problems of linear continuous-
time systems with multiple time-varying delays have been studied in (Xu 1997). Quadratic
stabilization for a class of multi-time-delay discrete systems with norm-bounded
uncertainties has been studied in (Shi et al., 2009).

To the best of author’s knowledge, stabilization problem of linear discrete systems has not
been fully investigated for the case of multiple time-varying delays in state, and this will be
the subject of this paper. This paper address stabilization problem of linear discrete-time
systems with multiple time-varying delays by a memoryless state feedback. First, stability
analysis conditions of these systems are given in the form of linear matrix inequalities
(LMIs) by a Lyapunov function approach. It provides an efficient numerical method to
analyze stability conditions. Second, based on the LMIs formulation, sufficient conditions of
stabilization problem are derived by a memoryless state feedback. Meanwhile, robust
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stabilization problem is considered based on these formulations and they are numerically
tractable.

2. Problem statement

Considering the dynamics of the discrete system with multiple time-varying time delays as

N -
Xpn = A+ D Ay + B e =y, ke[ ~dpe, . 0], 1)
i=1
where x; e R" is the state at instant k, the matrices Ae®R"™", A, e R”" are constant
matrices, @ represents the initial condition, and d; are positive integers representing
multiple time-varying delays of the system that satisfy the following;:

d <d;<d, i=1,-,N, @)

where d; and d; are known to be positive and finite integers, and we let

A ax =max(3i),i:1,...,N .

m

The aim of this paper is to establish sufficient conditions that guarantee the stability of the
class of system (1). Based on stability conditions, the stabilization problem of this system (1)
will be handled, too. The control law is given with a memoryless state-feedback as:

u, =Kxy, x, =¢, k=0,-1,...,—d;,

where K is the control gain to be computed.

3. Stability analysis

In this section, LMIs-based conditions of delay-dependent stability analysis will be
considered for discrete-time systems with multiple time-varying delays. The following
result gives sufficient conditions to guarantee that the system (1) for u; =0,k >0 is stable.
Theorem 1: For a given set of upper and lower bounds d,, d, for corresponding time-varying
delays d,;, if there exist symmetric and positive-definite matrices P, e R"",Q; e R and
R, e®R™, i=1,...,N and general matrices P, and P, such that the following LMIs hold:

N N

zQi+Z(di_di)Ri+P1_Asz—PzTA * * L

i1 -1
P,-PfA P+P+P]  * x ¥

M= -Alp, -Alp,  —Q, * - * |[<0 (@3
_AZ;ZPZ _A;ZP'B) 0 _QZ *
: : : o . =
i ~-AlLP, -AlLP 0 0 -Qy]
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Terms denoted by * are deduced by symmetry. Then the system (1) is stable.
Proof: Consider the following change of variables:

N
Xee1 =Yk O=—yp +Ax + ZAdixk—dk,- )
i=1
Define %, =[x{ y; xi g - % 4] ,and consider the following Lyapunov-Krasovskii
candidate functional:
V(&) = Va(%) + Vo (%) + Va(%;) ©)
with
Vi (%) =% E'P%,,
. Nk
Vo (i) = Z Z x; Qi
i=11=k—d,,
and

k-1

N —di+1
V3(5Ck)zz Z z X Rix,,,

i=1l=—d;+2 m=k+1-1
where Q; >0 and R; >0, and E and P are, respectively, singular and nonsingular matrices
with the following forms:

I 00 0 P 0 O 0
000 0 P, P, O 0
E={0 0 0 0 Of, P={0 0 I O O
10 : 0 :
000 0 0 0 0 I
where P, is a symmetric and positive-definite matrix.
The difference AV(%;) is given by
AV (%) = AVi(%p) + AVa (%) + AV3 (%) Q)

Let us now compute AV (X;):

AV (%) =Vy(Fia) =Va(%) = ] E" PR,y - % E' PR,

N| =

— X

=yZP1erZP1xk=ykTP1yr2[XZ 00 - OJP1

which has the following equivalent formulation wusing the fact that

N
0=y +Axp + ) Ayxy_4 3S
i=1
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AV (%) =
i M1 11 17
00 0 - 0 S 00 0 S AT 0 0
0P 0 -0 I 0
#llo o 0 0 of-PT T An Aav | T Pz, @
. 0 0 0 0 Ay O
0 0 .
00000 ' ’ :
(00 0 - 0] [0 Ay 0 - 0]
The difference AV,(%,)is given by
y y ; Nk . Nk
AVz(xk):Vz(xk+1)—vz(xk):Z z X Qixl_z Z x; Qix;
i=11=k+1—dy; i=11=k—-dy;
Note that
N ; N k- r Nk N
Z Z X Qix; = Z Z x; Qix; + Z Z x; Qpx; + Zxk Qixy
i=11=k+1—dy; i=11=k+1—d,; i=11=k+1—d; i=1
N N
> Z X Q=Y Z szxz*Z"k 4, QXe-d,,
i=11=k—dy; i=11=k+1—d,,
Using this, AV, (X;)can be rewritten as
AV, (%) ZXkak Zxk dexk & +z Z lexl
i=11=k+1—dj,
_ _ ®)
+Z Z xlTQixl —Z z xlTQixl.
i=11=k+1—d, i=11=k+1—d;
For AV,(X;), we have
N -di+l &k N -4+l k-1
AVS(xk):z Z z mezxm z Z Z mezxm
i=11=—d; +2 m=k+l i=1l=—d; +2 m=k+1-1
¥ & T T - LT T
Z Z [ z X, Rix,, + x; Ryxy. — Z X Rixy = Xp s 1 RiXpe 4] ©)
i=11=—d;+2 m=k+l m=k+I
N —di+1 . . N ; k—d; ;
= Z 4 [ Rixy =Xs1 R 1= Z[(di —di)xg Ryxye - Z X Rix;]
i=11=—d,+2 i=1 I=k+1-d,
Note that d; <d,; <d, foralli, we get
N k-1 - N N k—d; T N k-d; T
> D> xQx Z Z lexl'z > 5 Qx <Y Zileixl
i=11=k+1—d, 11=k+1—d,; i=11=k+1—d, i=11=k+1-4,

N

k—d; N kd;
> D> HQx<Y > xRx ,since Q;<R.

i=11l=k+1-d; i=1l=k+1-d,
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Finally, by using (7), (8) and (9) together with these inequalities, we obtain

Xx
Yk
AVES [ v Yem o Yol M| x.g <0,
Xk-dN
where
- N N -
ZQi+Z(di_£li)Ri+Pl_ATP2_P2TA * * e
i=1 i=1
P, -P{A P +P+Pf * .
M= _A§1P2 —A§1P3 - e * (10)
—AZZP 2 —A;ZP 3 0 -Q :
: : : o . *
i ~AinPy AP 0 - 0 —Qy]

This implies that the system is stable, and then the claim (3) can be established. o

Remark:

As to robust stability analysis of discrete time systems with poytopic-type uncertainties,
robust stability analysis can be considered by the formulation above. When system state

matrices in (1) are assumed as
L L
[AGK) Ag(A(RNI=Y0;(0[A; Ay 0,(k)20,)0;(k)=1.
j=1 j=1

Robust state feedback synthesis can be formulated as:

For a given set of upper and lower bounds d;, d; for corresponding time-varying delays d;;,

if there exist symmetric and positive-definite matrices P, e R"",Q; e R and R; e R"",
i=1,...,N and general matrices P, and P; such that the following LMIs hold:

. N -
ZQi+Z(di—di)Ri+P1—AjTP2_P2TAj * * oo ¥
i=1 i=1 -
P, - Py A P +P+ P  x ke %
~An P, -Anils -Q <0 (11)
—Agszz —Agszs 0 -Q = :
: : : 0 - *
T T
| AP —AniPs 0 w00 Q|

Qi <R
j=1,...,L
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Terms denoted by * are deduced by symmetry. Then the system with poytopic-type
uncertainties is stable.

4. Stabilizability

The aim of this section is to design a memoryless state-feedback controller which stabilizes
the system (1). When the memoryless state-feedback is substituted with plant dynamics (3),
the dynamics of closed-loop system is obtained as

N -
X1 = (A+BK)x, + Y Ayy g, X =, k=0,-1,...,~d;. (12)
i=1
Note that stability analysis condition (3) is not convenient for us to design a memoryless
state-feedback. By Schur Complememt lemma, equivalent conditions of (3) are given easily
to solve such a memoryless state-feedback which guarantees the closed-loop system (12) is
stable. Due to

-Q 0 - 0
0 - 0 :
) <0,
: 0 0
0 0 —Qy
The equivalent formulation of (3) could be obtained as
N N _
2Q+2(d~d)R~P~ATP,~P A ¥
i=1 i=1
P, -P{A P +P+P)
-Q, 0 - 0 T'-ALP -ALP
. -PJAy -PjA, - -PAn| 0 -Q, 0 i ~ApP, —AnPy|_
~P{Ay -P{Ap - -P{An] - o . 0 E :
0 - 0 Qn] [-ARBR -ALP

If we denote by X the inverse of P, we have

X, 0 _
X_|: ! :|r Xlzpllr
X2 X3

0=PX, +BX,, X;=P".
X, =P

Pre- and post multiplying the above LMI, respectively, by X' and X and using these
relations, we will get
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& T & T
le QiXq +Z(di —d)Xi RiXq - Xy * XzT
i=1 i-1 L PXe X
T 3
X, -AX; X3+ X5
—Q, 0 - o0 T'0 -Af
0 o - 0 0 - 0 0 -AL
{ } Q i c0
Apn Ap o Al 0 0 : :
0 0 vl o, -af
Let S;=Q;* and T, =R;", we have
[ -X; * e * % % * b
—AX;-BF+X, X;+XJ
X, X3 -X; o
0 -5,AT 0 =S *
0 —SAL 10 =S, = *
: : 0 0 *
0 —SyAly . =Sy
X, 0 : 0 -5 = <0 (13)
: : 0
X, 0 -Sy
| *
- d;
: *
X, 0 0 0 0 0 (Y
dy —dy
M _Xl % . * . * e * *
-AX,-BF+X, X;+XJ
X, X3 -X; o
0 -5,AL 0 -s; *
0 —SAL 10 =S, = *
: : 0 0 *
0 —SyAly . =Sy
X, 0 : 0 -5 = <0 (14)
: : 0
X, 0 ~Sy
0 —= h *
dl - dl
’ *
X, 0 0 0 0 0 I
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Theorem 2: For a given set of upper and lower bounds 4, d; for corresponding time-varying
delays d,;, if there exist symmetric and positive-definite matrices X; e R, S; e R and
T,eR™, i=1,...,N and general matrices X, and Xjsuch that LMIs below hold, the
memoryless state-feedback gain is given by K = FX ' .

Proof: Now we consider substituting system matrices of (12) into LMIs conditions (13), the
LMIs-based conditions of the memoryless state-feedback problem can be obtained directly
as (14). o

Remark:

When these time delays are constant, that is, d = Ei =d;, i=1,...,N, theorem 2 is reduced to
the following condition

—-X. | * * * * *
-AX, + X, X,+X! *
X, X, X, = *

0 -S4, 0 =S *

0 —SZ.A;Z 0 0 -5, * * -0 15
0
0 -S40 0 : -S,
1 0 0 0 0 -8 = =*
: : : : : : 0 LK
X, 0 0 0 0 = 0 - 0 =S|

The condition above is delay-independent, which is more restrictive than delay-dependent
conditions (14).

Remark:

When the time-varying delay of discrete systems is assumed to be unique in state variables,
that is, N =1, these results in theorem 2 could be reduced to those obtained in (Boukas, E.
K., 2006).

Remark:

As to robust control problem of discrete time systems with poytopic-type uncertainties,
robust state feedback synthesis can be considered by these new formulations. When system
state matrices in (11) are assumed as

L
[AGA(K) Ag(A(K) BAGKNI=D0,(0[A; Ay B; ],

i1

aj(k)zo,iaj(k)ﬂ,
j=1

Robust state feedback synthesis can be formulated as:

For a given set of upper and lower bounds d;, d; for corresponding time varying delays d,;,

if there exist symmetric and positive-definite matrices X; e R"",S; e R and T, e R"",
i=1,...,N and general matrices X, and Xjsuch that LMIs (16) hold, the memoryless

state-feedback gain is given by K = FX; .
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r _Xl % *® * * * 1
-AX;-BF+X, X3+Xj
X, X, X, *
0 -SAL; 0 -8, Lo
0 -SAL; 1 0 =5, = *
: : 0 0 - * :
0 ~SyAln; . =Sy
X, 0 : 0 -5 = <0 (16)
: : 0 .
X, 0 : =Sy
0 L .
dy—dy
. *
X, 0 0 0 0 0 Iy
dy —dy
j=1,...,L

5. Numerical example

To illustrate the usefulness of the previous theoretical results, let us give the following
numerical examples.
Consider a discrete system with multiple time-varying delays N =2 as

0 1 0 0.01 0.01
A= ,B=| |, Ay =

2 -3 1 0 001
0.02 0.25}

and Agy :{0.10 0.01

with1<d; <2,2<d, <3. Now the stabilization of this system will be considered with a

memoryless state feedback.
Using Matlab LMI toolbox (P. Gahinet, et al., 1995), solving (21) we can get

[136e-3 4.26e-3 [731e-3 2.70e-2
171426e-3 1.62e—-2|" "% 195 -2 7.15¢-2

and X, -2.73e—4 1.8%¢-4
371 1565e-3 -3.42¢-3|

|:2.17€2 62.5 } {1.64@2 47.8 }
1= s 92 = ’

62.5 3.45¢2 47.8  8.56e2

[4.04e2 1.22¢2 [284e2 966
1711.22¢2 632e2|” 27| 966 1.03e3|
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Therefore, a memoryless state-feedback gain is given by K = FX;' =[2.03.0].

The closed-loop discrete-time system with multiple time-varying time delay is simulated in
case of dy=1,d,=2, dy=1,d,=3, d;=2,d,=2, and d; =2,d, =3, respectively. And
these results are illustrated in Figure 1, Figure 2, Figure 3 and Figure 4. These figures show
that this system is stabilized by the state feedback.

()}

States ©
o

o
o

1
[N

0 5 10 15 Time 20

Fig. 1. The behavior of the states in case of d; =1, d, =2

0 5 10 15 Time20
Fig. 2. The behavior of the states in case of d; =1,d, =3

bt
S}

States
o

S
o

0 5 10 15 Time 20

Fig. 3. The behavior of the states in case of d; =2, d, =2
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0 5 10 15 Time 20

Fig. 4. The behavior of the states in case of d; =2,d, =3

6. Conclusion

Stability Criterion and Stabilization for linear discrete-time systems with multiple time-
varying delays have been considered. Main results have been given in terms of linear matrix
inequalities formulation. It provided us an efficient numerical method to stabilize these
systems. Based on these results, it can be also extended to the memory state feedback
problem of these systems in the future research.
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1. Introduction

This chapter is about techniques for robust stability analysis and robust stabilization of
discrete-time systems with delay in the state vector. The relevance of this study is mainly
due to the unavoidable presence of delays in dynamic systems. Even small time-delays can
reduce the performance of systems and, in some cases, lead them to instability. Examples of
such systems are robotics, networks, metal cutting, transmission lines, chemical and thermal
processes among others as can be found in the books from Gu et al. (2003), Richard (2003),
Niculescu (2001) and Kolmanovskii & Myshkis (1999).

Studies and techniques for dealing with such systems are not new. Since the beginning of
control theory, researchers has been concerned with this issue, either in the input-output
approach or in state-space approach. For the input-output approach, techniques such as Padé
approximation and the Smith predictor are widely used, mainly for process control. The use
of state space approach allows to treat both cases. For both approaches delays can be constant
or time-varying. Besides, both the delay and the systems can be precisely known or affected
by uncertainties.

In this chapter the class of uncertain discrete-time systems with state delay is studied. For
these systems, the techniques for analysis and design could be delay dependent or delay
independent, can lead with precisely known or uncertainty systems (in a polytopic or in a
norm-bonded representation, for instance), and can consider constant or time-varying delays.
For discrete-time systems with constant and known delay in the state it is always possible
to study an augmented delay-free system Kapila & Haddad (1998), Leite & Miranda (2008a).
However, this solution does not seem to be suitable to several cases such as time-varying delay
or uncertain systems.

For these systems, most of the applied techniques for robust stability analysis an robust control
design are based on Lyapunov-Krasovskii (L-K) approach, which can be used to obtain convex
formulation problems in terms of linear matrix inequalities (LMIs).

In the literature it is possible to find approaches based on LMIs for stability analysis, most of
them based on the quadratic stability (QS), i.e., with the matrices of the Lyapunov-Krasovskii
function being constant and independent of the uncertain parameters.

In the context of QS, non-convex formulations of delay-independent type have been proposed,
for example, in Shi et al. (2003) where the delay is considered time-invariant. In Fridman &
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Shaked (2005a) and Fridman & Shaked (2005b), delay dependent conditions, convex to the
analysis of stability and non-convex for the synthesis, are formulated using the approach of
descriptor systems. These works consider systems with both polytopic uncertainties — see
Fridman & Shaked (2005a) — and with norm-bounded uncertainties as done by Fridman &
Shaked (2005b).

Some other different aspects of discrete-time systems with delayed state have been studied.
Kandanvli & Kar (2009) present a proposal with LMI conditions for robust stability analysis of
discrete time delayed systems with saturation. In the work of Xu & Yu (2009), bi-dimensional
(2D) discrete-time systems with delayed state are investigated, and delay-independent
conditions for norm-bounded uncertainties and constant delay are given by means of
nonconvex formulations. In the paper from Ma et al. (2008), convex conditions have been
proposed for discrete-time singular systems with time-invariant delay. Discrete-time switched
systems with delayed state have been studied by Hetel et al. (2008) and Ibrir (2008). The
former establishes the equivalence between the approach used here (Lyapunov-Krasovskii
functions) and the one used, in general, for the stability of switched systems with time-varying
delay. The latter gives nonconvex conditions for switched systems where each operation mode
is subject to a norm-bounded uncertainty and constant delay.

The problem of robust filtering for discrete-time uncertain systems with delayed state is
considered in some papers. Delayed state systems with norm-bounded uncertainties are
studied by Yu & Gao (2001), Chen et al. (2004) and Xu et al. (2007) and with polytopic
uncertainties by Du et al. (2007). The results of Gao et al. (2004) were improved by Liu et al.
(2006), but the approach is based on QS and the design conditions are nonconvex depending
directly on the Lyapunov-Krasovskii matrices.

The problem of output feedback has attracted attention for discrete-time systems with delay in
the state and the works of Gao et al. (2004), He et al. (2008) and Liu et al. (2006) can be cited as
examples of on going research. In special, He et al. (2008) present results for precisely known
systems with time-varying delay including both static output feedback (SOF) and dynamic
output feedback (DOF). However, the conditions are presented as an interactive method that
relax some matrix inequalities.

The main objective of this chapter is to study the robust analysis and synthesis of discrete-time
systems with state delay. This chapter is organized as follows. In Section 2 some notations
and statements are presented, together the problems that are studied and solved in the next
sections. In sections 3 and 4 solutions are presented for, respectively, robust stability analysis
and robust design, based in a L-K function presented in section 2. In Section 5 some additional
results are given by the application of the techniques developed in previous sections are
presented, such as: extensions for switched systems, to treat actuator failure and to make
design with pole location. In the last section it is presented the final comments.

2. Preliminaries and problem statement

In this chapter the uncertain discrete time system with time-varying delay in the state vector
is given by

Oa) { X1 = A(a)xg + Ag(a)xi_g, + B(a)ug + B (a)wy, M

ze = Cla)xg + Ca(a)xg—g, + D(@)uu + Do (a)wy,

where k is the k-th sample-time, matrices A(a), A4(«), B(«), By, C(a), C4(a), D(«) and Dy, (a)
are time-invariant, uncertain and with adequate dimensions defined in function of the signals
¥, = x(k) € R", the state vector at sample-time k, u; = u(k) € R", representing the control
vector with m control signals, wy = w(k) € R, the exogenous input vector with ¢ input
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signals, and zy = z(k) € R?, the output vector with p weight output signals. These matrices
can be described by a polytope P with known vertices

N
P = {Q(a) e RATPX2ntm+l . Oa) = Z“iﬂi/ ®E Y} , 2)
i=1
where
N
Y:{a:szi:sziZO, ieI[l,N}} 3)
i=1
and

A; Agi| Bi | Byi
Q; = 4’—'—' e "”},ieILN. 4
1 {Ci Cai | Di| D (L N] @
The delay, denoted by d, is supposed to be time-varying and given by:

dy € 71[d,d],(dd) € N ®)

with d, d representing the minimum and maximum values of d;, respectively. Thus, any
system Q)(«) € P can be written as a convex combination of the N vertices Q);, i € Z[1, NJ, of
P.

The following control law is considered in this chapter:

up = Kxp + Kyxg—g, (6)

with [K|K,] € R"™*2", By replacing (6) in (1)-(4), the resulting uncertain closed-loop system is
given by

Ola) : { Xy = A(@)xg + Ag(a)xg_g, + Buw(@)wy @
zk = Cla)xg + Ca(a)xk—g, + Do () wy
with Q(x) € P,
~ ~ ~ N ~
P={0) e R"P2:0) =Y 0y, a€Y ©)
i=1
where I
= A; Agi| Byi
0 = | =4 wl},iezl,N. 9
l {Ci Cai|Dawi (L N] ®
and matrices A;, Ay;, C; e Cy; are defined by
A; = A +BiK, Ay = Ay + BiKy, (10)
Ci=Ci+DiK, Cy4i=Cyi+DiKy (11)

Note that, control law (6) requires that both x; and x;_g4, are available at each sample-time.
Eventually, this can be achieved in physical systems by employing, for instance, a
time-stamped in the measurements or in the estimated states Srinivasagupta et al. (2004). In
case of dj is not known, it is sufficient to assume K; = 0.
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2.1 Stability conditions
Since the stability of system Q(a) given in (7) plays a central rule in this work, it is addressed
in the sequence. Note that, without loss of generality, it is possible to consider the stability of
the system (7) with wy, =0,V k € IN.
Consider the sequence composed by d + 1 null vectors

;= {0,...,0}

I
(d+1) terms

In this chapter null initial conditions are always assumed, that is,
X = ¢O,k = (de‘, ke Z[—d_, 0] (12)

If ¢; x = ¢z then an equilibrium solution for system (7) with wy = 0, V k € N, is achieved
because x4 1 = x, =0, Vk > tand a € Q).

Definition 1 (Uniform asymptotic stability). For a given o € Y, the trivial solution of (7) with
wy = 0,V k € N is said uniformly asymptotically stable if for any x € Ry such that for all initial

conditions x;, € ¢f € & k € T[—d,0), it is verified
k 0,k d

lim ¢?, =0, VjeZ[,d+1]

t=yo0 " Ll
This allows the following definition:

Definition 2 (Robust stability). System (7) subject to (3), (5) and (8) is said robustly stable if its
respective trivial solution is uniformly asymptotically stableV o € Y.

The main objective in this work is to formulate convex optimization problems, expressed as
LMIs, allowing an efficient numerical solution to a set of stability and performance problems.

2.2 Problems
Two sets of problems are investigated in this chapter. The first set concerns stability issues
related to uncertain discrete time with time varying delay in the state vector as presented in
the sequence.

Problem 1 (Robust stability analysis). Determine if system (7) subject to (3), (5) and (8) is robustly
stable.

Problem 2 (Robust control design). Determine a pair of static feedback gains, K and Ky, such that
(1)-(5) controlled by (6) is robustly stable.

The other set of problems is related to the performance of the class of systems considered in
this chapter. In this proposal, the H« index is used to quantify the performance of the system
as stated in the following problems:

Problem 3 (H guaranteed cost). Given the uncertain system Q(«) € P, determine an estimation
for v > 0 such that for all wy, € ¢y there exist zj € {y satisfying

llzll2 < ¥llwkll2 (13)

forall a €Y. In this case, 7y is called an Hoo guaranteed cost for (7).
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Problem 4 (Robust H« control design). Given the uncertain system Q(a) € P, (1), and a scalar
v > 0, determine robust state feedback gains K and K, such that the uncertain closed-loop system
Q(w) € P, (7), is robustly stable and, additionally, satisfies (13) for all wy and z belonging to (.

It is worth to say that, in cases where time-delay depends on a physical parameter (such as
velocity of a transport belt, the position of a steam valve, etc.) it may be possible to determine
the delay value at each sample-time. As a special case, consider the regenerative chatter in
metal cutting. In this process a cylindrical workpiece has an angular velocity while a machine
tool (lathe) translates along the axis of this workpiece. For details, see (Gu et al., 2003, pp. 2). In
this case the delay depends on the angular velocity and can be recovered at each sample-time
k. However, the study of a physical application is not the objective in this chapter.

The following parameter dependent L-K function is used in this paper to investigate problems
1-4:

3
V(ak) =Y Vo(a,k) >0 (14)
v=1
with
Vi(a, k) = x;.P(a)xy, (15)
k=1
Vo (a, k) = xiQ(a)x;, (16)
j=k—dy
1-d k=1
V3 (a, k) = . xX;Q(a)xj, (17)

The dependency of matrices P(«) and Q(«) on the uncertain parameter « is a key issue on
reducing the conservatism of the resulting conditions. Here, a linear relation on « is assumed.
Thus, consider the following structure for these matrices:

N N
P(a) =) aP; Qa) =) a;Q; (18)
i=1 i=1

with « € Y. Note that, more general structures such as P(«) and Q(a) depending
homogeneously on & — see Oliveira & Peres (2005) — may result in less conservative
conditions, but at the expense of a higher numerical complexity of the resulting conditions.
To be a L-K function, the candidate (14) must be positive definite and satisfy

AV(a,k) = V(a,k+1) — V(a,k) <0 (19)

T
for all [ka x{*dk] #0andw €Y.

The following result is used in this work to obtain less conservative results and to decouple
the matrices of the system from the L-K matrices P(«) and Q(«).

Lemma 1 (Finsler’s Lemma). Let ¢ € R", M(a) = M(a)T € R and G(«) € R™ " such
that rank(G(a)) < n. Then, the following statements are equivalents:

i) pTM(a)p <0, Yo : Ga)g =0, ¢ #0
i) o) M(w)G(a)+ <o,
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i) Ju(a) € Ry : M(a) — u(2)G(a)TG(x) < 0
) 3X(x) € R™M: M(a) + X(2)G () +G(a)TX ()T < 0

In the case of parameter independent matrices, the proof of this theorem can be found in
de Oliveira & Skelton (2001). The proof for the case depending on a follows similar steps.

3. Robust stability analysis and 7., guaranteed cost

In this section it is presented the conditions for stability analysis and calculation of He
guaranteed cost for system (7). The objective here is to present sufficient convex conditions
for solving problems 1 and 3.

3.1 Robust stability analysis
Theorem 1. If there exist symmetric matrices 0 < P; € R"™", 0 < Q; € R"™", a matrix X €
R¥>*" di € T|d,d] with d and d belonging to N, such that

Y, =9, +&xB;+BxT<0; i=1,...,N (20)
with
P, 0 0
Qi=|*xBQi—-P 0 (21)
* * —Q;
B=d—d+1 (22)
and
B = [I —A; fAdl-] (23)

is verified ¥ w admissible, then system (7) subject to (5) is robustly stable. Besides, (14)-(17) is a
Lyapunov-Krasovskii function assuring the robust stability of the considered system.

Proof. The positivity of the function (14) is assured with the hypothesis of P; = PiT > 0,
Q;, = Ql.T > 0. For the equation (14) be a Lyapunov-Krasovskii function, besides its positivity,
it is necessary to verify (19) V & € (). From hereafter, the # dependency is omitted in the
expressions V, (k), v =1,...,3, To calculate (19), consider

AVa (k) = x{ P(a)xpar — 6 P(a)x (24)
k=1 k=1
AV (k) = 5 Qa)xk — g Q)xegy+ Y, A Q)xi— Y xfQa)x
i=k+1—d(k+1) i=k+1—d(k)
(25)
and o
AV3(k) = (@~ [ Q)xmc — Y x] Qlw)x; (26)
i=k+1-d

Observe that the third term in equation (25) can be rewritten as

k-1 k-1 k—d
= xiTQ(zx)xl- = Z xiTQ(zx)xi + Z xiTQ(zx)xl-
i=k+1—d(k+1) i=k+1—d i=k+1—d(k+1)
k-1 k—d
< Y dowxn+ )Y, x Q) 27)

i=k+1—d(k) i=k+1—d
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Using (27) in (25), one gets

k—d
AVa(k) < x} Q(a)xy — ka,d(k)Q(“)xk—d(k) + Y Q) (28)
i=k+1—d
So, considering (24), (26) and (28) the following upper bound for (19) can be obtained
AV (k) < xf P(@)xpsq + ] [BQ(a) — P(a)]xg — ka,d(k)Q(“)xk—d(k) <0 (29)

Taking into account (7) and using Lemma 1 with

o=t = [+, ] @0
P(a) 0 0
M(a) = | * pQ(a) —P(x) 0 (31)
* * —Q(a)
Ga) = [T -Aa) —Ay(«) | (32)
then (29) is equivalent to
Y(a) = M(a) + X (@)G(x) +G(a) X () <. (33)

which is assured whenever (20) is verified by taking X («) = X,

N N
M(a) =) 4;Q; Ga) =) wB; (34)
i=1 i=1
x €Y, Q;and B; given in (21) and (23), respectively, completing the proof. a

An important issue in Theorem 1 is that there is no product between the matrices of the system
and the matrices of the Lyapunov-Krasovskii proposed function, (14). This can be exploited
to reduce conservatism in both analysis and synthesis methods.

Example 1 (Stability Analysis). In this example the stability analysis condition given in Theorem 1
is used to investigate system (7), with Dy, = 0, where

. [06 0 . [o10
A= {0.35 0.7} and - Ap = {o.z 0.1} ' (35)

This system has been investigated by Liu et al. (2006), Boukas (2006) and Leite & Miranda (2008a).
The objective here is to establish the larger delay interval such that this system remains stable. The
results are summarized in Table 1.

Although Theorem 1 and the condition from Liu et al. (2006) achieve the same upper bound for dy, the
L-K function employed by Liu et al. (2006) has 5 parts while Theorem 1 uses a function with only 3
parts, as given by (14)-(17).

Consider that (35) is affected by an uncertain parameter being described by a polytope (8) with Ay and
Ay given by (35) and Ay = 1.1A1 and Ay, = 1.1A,. In this case the conditions of Boukas (2006)
are no longer applicable and those from Liu et al. (2006) are not directly applied, because of type of
the system uncertainty. Using Theorem 1 it is possible to assure the robust stability of this system for
|dgr1 —de| < 3.
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Condition ‘ d ‘ d

Boukas (2006)[Theorem 3.1]|2(10
Liu et al. (2006) 2|13
Theorem 1 2(13

Table 1. Maximum delay intervals such that (7) with (35) is stable.

3.2 Estimation of 7{., guaranteed cost
Theorem 2 presented in the sequel states a convex condition for checking if a given -y is an Heo
guaranteed cost for system (7).

Theorem 2. If there exist symmetric matrices 0 < P; € R™" 0 < Q; € R"™™", g matrix Xy €
R3"+PH0n+p g€ T[d, d) with d and d belonging to N, and a scalar p = > € R, such that

Y = Qui+ XpBui+ Bl Xy <0, i=1,...,N, (36)
with
Q, 0
OQui= | {Iz 0 } (37)
* —yIp

where Q; is given by (21) and
L B; 0 By;
Bui = {[0 Ci Cai] —1I Dy (38)
with B; given by (23), then system (7) subject to (5) with null initial conditions, see (12), is robustly
stable with an Heo guaranteed cost given by v = \/pi. Besides, (14)-(17) is a L-K function assuring
the robust stability of the considered system.

Proof. Following the proof given for Theorem 1, it is possible to conclude that the positivity of
(14) is assured with the hypothesis of P(«) = P(«)T >0, Q(a) = Q(«)T > 0 and, by (29) that

AV (k) < xp g P()xps1 + 1 [BQ(w) — P(a)]xx — xp 50 Q@) g _g(z) < O (39)

Consider system (7) as robustly stable with null initial conditions given by (12), assume y = 7>
and signals wy and zj belonging to ¢5. In this case, it is possible to verify that V(«,0) = 0 and
V (&, o) approaches zero, whenever wy goes to zero as k increases, or to a constant ¢ < oo,
whenever wy approaches ¢ < oo as k increases. Also, consider the He performance index
given by

J(a,k) = Y 2z — nofwr (40)

k=0

Then, using (39), J(«, k) can be over bounded as

ngki

J(a, k) < [z,{zk — ywzwk + AV (a, k)}

T
[}

[

< Y (22— wofwp + oy ()i + 3 BQ() = Pl — %y Q) 3kt

=
Il
o
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which can be rewritten as

J(a, k) < Y 0F Qp () (41)
k=0

N
with g = [¢&] 2] wlz]T, &) defined in (30), and Qy(a) = )_ &;Qyj, a« € Y. Then, applying
i=1

Lemma 1 to
{F Oy () gy < 0 subject to (7), (42)

with M(a) = Qy(a), ¢ =y,

B(a) 0 By(a)
9(@) = Br®) = | [0 ¢(a) Ey(a)] ~1 Dula) | (43)

and « € Y, (42) is equivalent to
Ty (o) = Qpy(a) + gy (@) By (a) + By () "Xy ()" < 0. (44)

Once (36) is verified, (44) is assured with the special choice Xy (a) = Xy, € R¥TpHxntp
i.e., eliminating the dependency on the uncertain parameter « — and noting that G(a) =
Zfi 1 «;By;, convexity is achieved, and (36) can be used to recover (44) by ¥y («) =
Zfi 1 &;¥yi, & € Y. Thus, this assures the negativity of J(«, k) for all wy € £, implying that (7)
is robustly stable with H« guaranteed cost given by v = | /ji. |

In case of time-varying uncertainties, i.e. « = a; = a(k), the conditions formulated in both
Theorem 1 and Theorem 2 can be adapted to match the quadratic stability approach. In this
case, it is enough to use P; = P, Q; = Q, i € Z[1,N]. This yields conditions similar to (20)
and (36), respectively, with constant L-K matrices. See Subsection (5.1) for a more detailed
discussion on this issue.

Note that, it is possible to use the conditions established by Theorem 2 to formulate the
following optimization problem that allows to minimize the value of y = 2:

min u
Ey,:  Pi> 0,0, >0X (45)
such that (36) is feasible

4. Robust H ., feedback design

The stability analysis conditions can be used to obtain convex synthesis counterpart
formulations for designing robust state feedback gains K and K, such that control law (6)
applied in (1) yields a robustly stable closed-loop system, and, therefore, provides a solution
to problems 2 and 4. In this section, such conditions for synthesis are presented for both robust
stabilization and robust He control design.

4.1 Robust stabilization

The following Theorem provides some LMI conditions depending on the difference d — d to
design robust state feedback gains K and K that assure the robust stability of the closed-loop
system.
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Theorem 3. If there exist symmetric matrices 0 < Pe R 0< Q; € R i=1,...,N,
matrices F € R™", W € R"™" and Wy € R"*", dy € Z[d, d| with d and d belonging to N, such
that
P+ F+ FT —(AF + BW) —(AgiF + BiWy)
Y = * BQ; — P; 0 <0, i=1,...,N (46)
* * -Q;

are verified with B given by (22), then system (1)-(3) is robustly stabilizable with (6), where the robust
static feedback gains are given by

K=WF ' and K;=W;F! (47)
yielding a convex solution to Problem 2.

Proof. Observe that, if (46) is feasible, then F is regular, once block (1,1) of (46) assures b; +
F + FT < 0, allowing to define

T=Lor ' (48)
Then, by replacing W and W; by KF and K;F, respectively obtained from (47), it is possible
to recover ¥; = 7Y, 77 < 0 with X = [.F_T 0 O]T, Pi=FTBF 1, Q= F TQ;F'and
the closed-loop system matrices A; = (A + B;K) and A4 = (Ay; + BiK;) replacing A; and Ay;
in (20), which completes the proof. O

Note that, conditions in Theorem 3 encompass quadratic stability approach, since it is always
possible to choose P; = Pand Q; = Q,i = 1,...,N. Also observe that, if dy is not available
at each sample-time, and therefore xj_,4, cannot be used in the feedback, then it is enough to
choose W; = 0 leading to a control law given by u; = Kxj. Finally, note the convexity of the
conditions stated in Theorem 3. This is a relevant issue, once most of the results available in
the literature depend on a nonlinear algorithm to solve the stabilization problem.

Example 2 (Robust Stabilization). Consider the discrete-time system studied in Leite & Miranda
(2008a) with delayed state described by (1) with Dy, = 0 and

0 1 0.01 0.1 0
A= {7273}; Ad:{ 0 0.1}" B= M (49)

Suppose that this system is affected by uncertain parameters |p| < 0.07, |0| < 0.1and || < 0.1, such
that

Alp) = (1 +p)A; Ag(0) = (1+0)As; B(y) = (1+7)B (50)
These parameters yield a polytope with 8 vertices determined by the combination of the extreme values
of p, 0 and 1. Also, suppose that delay is not available on line and it is bounded as 1 < di < 10. By
applying the conditions presented in Theorem 3 with Wy = 0 — this is a necessary issue once the delay
value is not known at each sample-time — it is possible to get the robust stabilizing gain

K= [1.9670 2.7170] . (51)

The behavior of the states of the closed-loop response of this uncertain discrete-time system with
time-varying delay is shown in Figure 4. It has been simulated the time response of this system at
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Fig. 1. The behavior of the states x1 (k) (top) and x, (k) (bottom), with d € Z[1,10] randomly
genereated and the robust state feedback gain (51).

each vertex of the polytope that defines the uncertain closed-loop system. The initial conditions have

been chosen as
(T 1
pok=13| 11| 1]

11 terms
and the value of the delay, dy, has been varied randomly. Please see Leite & Miranda (2008a) for details.

In Figure 4, it is illustrated the stability of the uncertain close-loop system, assured by the robust state
feedback gain (51).

4.2 Robust ., feedback design
An stabilization condition assuring the He cost of the feedback system is stated in the sequel.

Theorem 4. If there exist symmetric matrices 0 < P; € R"*",0 < Q; € R™", matrices F € R"*",
W € R"™", W, € R™ ", q scalar variable 6 €]0,1] and for a given yu = v* € Ry such that

P,— F = FT A;F + BW AyF + BiW, 0 Bui
* BQ; — P; 0 Frcl'+wTpl o
* * ~-Q;  FTcL+wIDl o | <0, i=1...,N (52
* * * —01 Dy
* * * * —ul

are feasible with B given by (22), then system (1)-(3) is robustly stabilizable with (6) assuring a
guaranteed Heo cost given by vy to the closed-loop system by robust state feedback gains K and K,
given by (47).

Proof. To demonstrate the sufficiency of (52), firstly note that, if it is verified, then the
regularity of F is assured due to its block (1,1) that verifies P; — F — FT < 0. Besides, there
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exist a real scalar « €]0,2[ such that for 6 €]0,1], «(x — 2) = —#6. Thus, replacing block (4, 4) of
(52) by x(x — 2)I, the optimization variables W and W, by KF and K, F, respectively, using
the definitions given by (10)—(11) and pre- and post-multiplying the resulting LMI by 7, (on
the left) and by 7'HT (on the right), with

T o 17"
Ty = N GO (53)
* Ig
with T given by (48) and G € RP*?, it is possible to obtain ¥;; < 0, with ¥4,; given by
FIpFl-FT-_F1 F~T(A; +BiK) F~T(Ad; + BiKy)
———— —_————
A; Aui
1?7-[1' _ * ,BfiTQi]:il — ]:7T13i]_-71 0
* * —FIQ,F1
* * *
* * *
0 FBw T
(cr+k™])GT o
~—————
Cz
(cdl +kIDIHGT o (54)
Cdz
G (x> —2x)GT GDw
* —ply ]

Observe that, assuming G = — %Ip, block (4, 4) of (54) can be rewritten as

G (¥ —2) 6" = (7%1,,) (- 2¢) (%Ip)

1 1
=L - T- 1
=I,+G+G' (55)

assuring the feasibility of ¥; < 0 given in (36) with P; = F~ThF~!, Q; = F TQ;F 1,
i € Z[1,N], and
]:—1
0
Xy =

ocNooo

0
0
0

completing the proof. O



Uncertain Discrete-Time Systems with Delayed State:
Robust Stabilization with Performance Specification via LMI Formulations 307

Theorem 4 provides a solution to Problem 4. This kind of solution can be efficiently achieved
by means of, for example, interior point algorithms. Note that all matrices of the system can
be affected by polytopic uncertainties which states a difference w.r.t. most of the proposals
found in the literature. Another remark concerns the technique used to obtain the synthesis
condition: differently from the usual approach for delay free systems, here it is not enough
to replace matrices in the analysis conditions with their respective closed-loop versions and
to make a linearizing change of variables. This makes clear that the He control of systems
with delayed state is more complex than with delay free systems. Also, note that the design
of state feedback gains K and K; can be done minimizing the guaranteed He cost, v = Vi
of the uncertain closed-loop system. In this case, it is enough to solve the following convex
optimization problem:

. _ min U
P;>0,Q;>00<0<1;
Sn., W; Wy, F (56)
such that (52) is feasible

Example 3 (Hc Design). A physically motivated problem is considered in this example. It consists of
a fifth order state space model of an industrial electric heater investigated in Chu (1995). This furnace is
divided into five zones, each of them with a thermocouple and a electric heater as indicated in Figure 2.
The state variables are the temperatures in each zone (xy,...,xs), measured by thermocouples, and
the control inputs are the electrical power signals (uq, ..., us) applied to each electric heater. The

uq U us Uy Us

| L L L L | e
ALALALR
AR ARARARA

Fig. 2. Schematic diagram of the industrial electric heater.

temperature of each zone of the process must be regulated around its respective nominal operational
conditions (see Chu (1995) for details). The dynamics of this system is slow and can be subject to several
load disturbances. Also, a time-varying delay can be expected, since the velocity of the displacement of
the mass across the furnace may vary. A discrete-time with delayed state model for this system has been
obtained as given by (1) with dy = d = 15, where

0.97421 0.15116 0.19667 —0.05870 0.07144
—0.01455 0.88914 0.26953 0.11866 —0.22047
A=Ay= | 0.06376 0.12056 1.00049 —0.03491 —0.02766 (57)
—0.05084 0.09254 0.28774 0.82569  0.02570
0.01723 0.01939 0.29285 0.03544 0.87111
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—0.01000 —0.08837 —0.06989 0.18874 0.20505
0.02363 0.03384 0.05282 —0.09906 —0.00191
Ay = Ay = | —0.04468 —0.00798 0.05618 0.00157 0.03593 |, (58)
—0.04082 0.01153 —0.07116 0.16472 0.00083
—0.02537 0.03878 —0.04683 0.05665 —0.03130

0.53706 —0.11185 0.09978 0.04652 0.25867
—0.51718 0.73519 0.57518 0.40668 —0.12472

B=By= | 029469 0.31528 1.16420 —0.29922 0.23883 |, (59)
—0.20191 0.19739 0.41686 0.66551 0.11366
—0.11835 0.16287 0.20378 0.23261 0.36525

and C =D =15, Cy = 0, Dy = 0, By = 0.11 with Ay, Agg, and By being the nominal matrices of
this system. Note that, this nominal system has unstable modes. The design of a stabilizing state
feedback gain for this system has been considered in Chu (1995) by using optimal control theory,
designed by an augmented delay-free system with order equal to 85 and a time-invariant delay d = 15,
by means of a Riccati equation.
Here, robust Heo state feedback gains are calculated to stabilize this system subject to uncertain
parameters given by |p| < 0.4, || < 0.4 and |o| < 0.08 that affect the matrices of the system as
follows:

Alp) = A(L+p), A4(0) = Ay(1+6), B(0) = B(1+0) (60)

This set of uncertainties defines a polytope with 8 vertices, obtained by combination of the upper and
lower bounds of uncertain parameters. Also, it is supposed in this example that the system has a
time-varying delay given by 10 < dj < 20.

In these conditions, an Heo guaranteed cost v = 6.37 can be obtained by applying Theorem 4 that
yields the robust state feedback gains presented in the sequel.

—2.2587 —1.0130 —0.0558 0.4113 0.9312
—2.0369 —2.1037 0.0822 1.5032 0.0380
K= 09410 0.5645 —0.7523 —0.8688 0.3801 (61)
—0.5796 —0.2559 0.0454 —1.0495 0.4072
—0.0801 0.4106 —0.4369 0.5415 —2.4452

—0.0625 0.2592 0.0545 —0.2603 —0.5890
—0.1865 0.1056 —0.0508 0.1911 —0.4114
K;= | 01108 —0.0460 —0.0483 —0.0612 0.1551 (62)
0.0309 0.0709 0.1404 —0.3511 —0.1736
0.0516 —0.1016 0.1324 —0.0870 0.1158

5. Extensions

In this section some extensions to the conditions presented in sections 3 and 4 are presented.

5.1 Quadratic stability approach

The quadratic stability approach is the source of many results of control theory presented in
the literature. In such approach, the Lyapunov matrices are taken constant and independent of
the uncertain parameter. As a consequence, their achieved results may be very conservative,
specially when applied to uncertain time-invariant systems. See, for instance, the works
of Leite & Peres (2003), de Oliveira et al. (2002) and Leite et al. (2004). Perhaps the main



Uncertain Discrete-Time Systems with Delayed State:
Robust Stabilization with Performance Specification via LMI Formulations 309

advantages of the quadratic stability approach are the simple formulation — with low
numerical complexity — and the possibility to deal with time-varying systems. In this case, all
equations given in Section 2 can be reformulated by using time-dependency on the uncertain

parameter, i.e.,, by using & = a;. In special, the uncertain open-loop system (1) can be
described by
Qo ay) - { X1 = Alage)xp + Ag (o) Xi—a + Bl )uge + Bo () wy, 63)
zr = Clag)xx + Cylag)xp—a, + D(ag)uy + Dy (ag)wy,
with a € Yy
N
Yo=1qap: Y ag =1, a >0, i €Z[1,N] (64)
i=1

which allows to define the polytope P given in (2) with aj replacing «. Still considering control
law (6), the resulting closed-loop system is given by

~  xe1 = Alag)xge + Ag(ag) xe_g, + Buo () wy,
Q : ~ ~ k 65
() { zp = Clag)xx + Calag)xk—g, + Duw(ag)wy, 65

with Q(ay) € P given in (8) with ay replacing a.

The convex conditions presented can be simplified to match with quadratic stability
formulation. This can be done in the analysis cases by imposing P; = P > 0and Q; = Q > 0
in (20) and (36) and, in the synthesis cases, by imposing P; = P > 0, 0;=0>0,i=1,...,N.
This procedure allows to establish the following Corollary.

Corollary 1 (Quadratic stability). The following statements are equivalent and sufficient for the
quadratic stability of system Qb (ay) given in (65):

i) There exist symmetric matrices 0 < P € R"*", 0 < Q € R"™", matrices F € R"*", G € R"*"
and H € R"™" € R"™", dy, € T|d,d] with d and d belonging to N, such that

P+FT+F GT — FA; HT —FAy;
Yoi = * pQ—P—ATGT —GA; —ATHT —GTAy <0, (66)
* * *(Q‘FHAdi‘FAZi;HT)

is verified fori =1,..., N.

ii) There exist symmetric matrices 0 < P € R"", 0 < Q € R"™", d, € Z[d,d| with d and d
belonging to Ny, such that

T T
o — {A PAi+pQ-P AlPAy }<0 -

* AleAd, Q
is verified fori =1,..., N.

Proof. Condition (66) can be obtained from (20) by imposing P; = P > 0and Q; = Q > 0.
This leads to a Lyapunov-Krasovskii function given by

1-d k=1

V(xg) = x,Pxy + 2 X Qx] + Y Y A Qx]

j=k—d(k) (=2-dj=k+{-1
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which is sufficient for the quadratic stability of Qy(ay). This condition is not necessary for
the quadratic stability because this function is also not necessary, even for the stability of the
precisely known system. The equivalence between (66) and (67) can be stated as follows: i) =
ii) if (66) is verified, then (67) can be recovered by ®; = qur‘lfqﬂjﬂ- with

| A Ag
7;1_|: IZn

i) <= ii) On the other hand, if (67) is verified, then it is possible by its Schur’s complement to
obtain

—P PA; PAy
®;<0& | » BQ-P 0 | <0, i=1,...,N (68)
* * -Q
which assures the feasibility of (66) with F = —P, G = H = 0, completing the proof. |

It is possible to obtain quadratic stability conditions corresponding to each of the formulations
presented by theorems 2, 3, 4 following similar steps of those taken to obtain Corollary 1.
However, due to the straight way to obtain such conditions, they are not shown here.
Nevertheless, quadratic stability based conditions may lead to results that are, in general,
more conservative than those achieved by similar formulations that employ parameter
dependent Lyapunov-Krasovskii functions.

5.2 Actuator failure

Partial or total actuator failures are important issues on real word systems and the
formulations presented in this chapter can also be used to investigate the robust stability as
well as to design robust state feedback control gains assuring stability and H guaranteed
performance for the uncertain closed-loop system under such failures. The robustness against
actuator failures plays an important role in industry, representing not only an improvement
in the performance of the closed-loop system, but also a crucial security issue in many plants
Leite et al. (2009). In this case, the problem of actuator failures is cast as a special type of
uncertainty affecting the input matrix B, being modeled as Bp(t), with p(t) € Z[0,1]. If
p(t) = 1, then the actuator is perfectly working. On the other hand, when the value of p(t) is
reduced, it means that the actuator cannot delivery all energy required by the control law. The
limit is when p(f) = 0, meaning that the actuator is off. Once the actuator failure implies on
time-varying matrix B(a), i.e., B(ay), it is necessary to employ quadratic stability approach,
as described in subsection 5.1.

5.3 Switched systems with delayed state
Another class of time-varying systems is composed by the discrete-time switched systems
with delay in the state vector. In this case the system can be described by

X1 = Alag)xg + Aglag) g, + Blag)u(ag) (69)

with adequate initial conditions and the uncertain parameter aj = (k) is

| 1,fori= oy
(k) = { 0, otherwise (70)
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and oy, is an arbitrary switching function defined as
0y :IN — Z[1,N] (71)

where N is the number of subsystems. The matrices [A(a)|Ag(ax)|B(ag)] € R™2H™ are
switched matrices depending on the switching function (71) and can be written as the vertices
of the polytope defined by the set of submodes of the system. Naturally, except the vertices,
no element of this polytope is reached by the system. Therefore, function ¢} can select one of
the subsystems [A|A4|B];, i = 1,..., N, at each instant k. Those definitions can be done with
all other matrices presented in (69) or (65).

It is usual to take the following hypothesis when dealing with switched delay systems:

Hypothesis 1. The switching function is not known a priori, but it is available at each sample-time,
k.

Hypothesis 2. All matrices of system (69) (or mutatis mutandis (65)) are switched simultaneously
by (71).

Hypothesis 3. Both state vectors, xy and xy_4,, are available for feedback.

These hypotheses can be considered on both stabilization and H«, control problems proposed
in sections 3 and 4. An important difference w.r.t. the main stabilization problems investigated
in this chapter is that, if o} is known, it is reasonable to use also a switched control law given
by

ug = K(ag)xp + Kg(og ) xg— g (72)
where the gains K(«;) and K;(«y) are considered to stabilize the respective subsystem i, i =
1,...,N, and assure stable transitions o — 0y.1. Thus, the switched closed-loop system may
be stabilizable by a solution of this problem, being written as in (65) with

Ala) = Alag) + Bla)K(ax)  Agla) = Ag(ax) + Bage) Ky () (73)
The stability of the closed-loop system can be tested with the theorem presented in the sequel.

Theorem 5. If there exist symmetric matrices 0 < P; € R"*", 0<Qie R"*", matrices F; € R"*1,
G € R""and H; € R"™", i =1,...,N,and a scalar p = d —d + 1, with d and d known, such
that

P+ Fl+F Gl —FA; HI — FAy
* BQ; — P, — ATGI — G;A; —ATHT — GiAy <0, (74)
* * —(Qv+ HjAgi + ALHT)

for (i,j,£) € Z[1,N] x Z[1,N] x Z[1, N], then the switched time-varying delay system (69)-(73) with
uy = 0 is stable for arbitrary switching function oy.

As it can be noted, a relevant issue of (74) is that the extra matrices are also dependent on the
switching function 0. This condition can be casted in a similar form of (20) as follows

Yoij0 = Qijo+ XiBi+ Bl X <0, (i,j,£) € Z[1,N] x Z[1,N] x Z[1,N] (75)
where
P 0 0
Qiju= | BQi—PI 0
* * —Qy

The synthesis case, i.e. to solve the problem of designing K; and K;;, i = 1,..., N, such that
the (69)—(72) is robustly stable, is presented in the following theorem.
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Theorem 6. If there exist symmetric matrices 0 < P; € R"™", 0 < Q; € R"*", matrices F; € R™",
W; € R and Wy; € R, i =1,...,N, and a scalar p = d — d + 1, with d and d known, such
that

. Pi+ Fi+ Fl —(AiFi + BW;) —(AgiFi + BiWa;)

Y = * BQ; —P; 0 <0, (76)

* * —-Qy

for (i,j,¢) € Z[1,N] x Z[1,N] x Z[1, N], then the switched system with time-varying delay (69) is
robustly stabilizable by the control law (72) with

K;=WF 1 and Ky = WyF ! (77)

The proof of theorems 5 and 6 can be found in Leite & Miranda (2008b) and are omitted here.
An important issue of Theorem 6 is the use of one matrix X for each submode. This is possible
because of the switched nature of the system that reaches only the vertices of the polytope.

Example 4. Consider the switched discrete-time system with time varying delay described by (69)
where where A(oy) = Ay + (—1)%pL'], Ay(0r) = (0.225 + (—1)9%0.025) A, and

B(og) = [01.501.5)' + (—1)%[00.5 0 0.5)'

with
08 —-0250 1
1 0 0 O
An = 0 0 02003 (78)
0O 0 1 0

L=1[0,0,1,0],]=[08, —0.5,0, 1], 01 € {1, 2}, p = 0.35. This system with 2 submodes has been
investigated by Leite & Miranda (2008b). Note that, even for d = d = 1, conditions from Theorem 5
fail to identify this system as a stable one. Observe that, once the delay is time-varying, conditions
presented in Montagner et al. (2005), Phat (2005) and Yu et al. (2007) cannot be applied. Supposing
d = 1, a search on d has been done to find its maximum value such that the considered system is
stabilizable. Two alternatives are pursued: firstly, consider that only xy. is available for feedback, i.e.,
Ky = 0. Conditions of Theorem 6 are feasible until d = 15, for which value it is possible to determine
the following gains:
Ky, 61 = [0.1215 0.0475 —1.6326 —0.4744

Krpp = [ —0.1494 0.1551 —0.8168 —0.5002 |

Secondly, consider that both xi and xy_ 4, are available for feedback. By using Theorem 6 it is possible
to stabilize the switched system for 1 < dj < 335. In this case, with d = 335, conditions of Theorem 6
lead to

Ki = [—0.6129 0.3269 —1.2873 —1.1935] (79)
Ky = [—0.2199 0.1107 —0.6450 —0.4890 ] (80)
Ky = [—0.1291 0.0677 —0.3228 —0.2685] (81)
Ky = [—0.0518 0.0271 —0.1291 —0.1076] (82)

These gains are used in a numerical simulation where random signals for o € {1, 2} and for 1 <
d(k) < 335 have been generated as indicated in Figure 3. The initial condition used in this simulation
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Fig. 3. The switched function, o (k) and the varying delay, d.

336 terms

Thus, it is expected that the delayed state degenerate the overall system response, at least for the first
d = 335 samples, since it is like an impulsive state action arrives at each sample instant for 0 < k <
335. Note that, this initial condition is harder than the ones usually found in the literature. The state
behavior of the switched closed-loop system with time-varying delay is presented in Figure 4. Observe
that the initial value of the state are not presented due to the scale choice. As can be noted by the response
behavior presented in Figure 4, the states are almost at the equilibrium point after 400 samples. The
control signal is presented in Figure 5. In the top part of this figure, it is shown the control signal part
due to K, x (k) and in the bottom the control signal due to Ky, x(k — dy). The actual control signal is,
thus, the addition of these two signals. If quadratic stability is used in the system of this example, the
results are more conservative as can be seen in Leite & Miranda (2008b).

5.4 Decentralized control
It is interesting to note that the synthesis conditions proposed in this chapter, i.e. theorems 3, 4,
6 as well as the convex optimization problem Sy;_, can be easily used to design decentralized
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Fig. 4. The behaviors of the states x1; to x4, with 1 < d(k) < 335 (see Fig. 3).

control gains. This kind of control gain is usually employed when interconnected systems
must be controlled by means of local information only. In this case, decentralized control gains
K = Kp and K; = K;p can be obtained by imposing block-diagonal structure to matrices W,
W, and F as follows
W = Wp = block-diag{W*,..., W¢},
W4 = Wyp = block-diag{W},..., WS},
F = Fp = block-diag{ F!,..., F¢}

where ¢ denote the number of defined subsystems. In this case, it is possible to get robust
block-diagonal state feedback gains Kp = WpJFp, land K;p = WapFp 1 1t is worth to
mention that the matrices of the Lyapunov-Krasovskii function, P(«) and Q(a), do not have
any restrictions in their structures, which may leads to less conservative designs.

5.5 Static output feedback

When only a linear combination of the states is available for feedback and the output signal is
given by i, = Cxy, it may be necessary to use the static output feedback. See the survey made
by Syrmos et al. (1997) on this subject. In case of C with full row rank, it is always possible
to find a regular matrix L such that CL™! = [1,]0]. Using such matrix L in a similarity
transformation applied to (1) it yields

R = A(@) R + Ag(a)Re_g, + Bla)uy, (83)
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Fig. 5. Control signal uy = Kg.x + Ky g, Xk—g,, with Ky, x; and Ky 5, xx_g, shown in the top
and bottom parts, respectively.

where A(a) = LA(a)L™!, Aj(a) = LAy (a)L~" and B(a) = LB(w), £ = Lx; and the output
signal is given by y; = [Ip|0] %k. Thus, the objective here is to find robust static feedback
gains IC € R *t and Ky € RP*¢ such that (83) is robustly stabilizable by the control law

up = Ky + Kgyk—a, (84)

These gains can be determined by using the conditions of theorems 3, 4, 6 with the following

structures
Fllo
F= zarzak W= [Wg[0o], W;=[Wg,]0]

with 1 € RP*P, F21 € RU-P)xp, 722 ¢ RUFZP)X(=P) Wi € RPXT, Wi, € RP*" which
yields

K=[K[0] and Ky=[Ks0]
Note that, similarly to the decentralized case, no constraint is taken over the
Lyapunov-Krasovskii function matrices leading to less conservative conditions, in general.

5.6 Input delay
Another relevant issue in Control Theory is the study of stability and stabilization of input
delay systems, which is quite frequent in many real systems Yu & Gao (2001), Chen et al.
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(2004). In this case, consider the controlled system given by
Xp1 = A(a)xg + Bla)up_g, (85)

with A(«) and B(«) belonging to polytope (2), Az; = 0 and & € Y. In Zhang et al. (2007) this
system is detailed investigated and the problem is converted into an optimization problem
in Krein space with an stochastic model associated. Here, the delayed input control signal is
considered as

Up—g, = Kyxp_g, (86)
The closed-loop-system is given by

X1 = Aa)x + Ag(a)xp_g, (87)

with A(a) = A(a), Aj(x) = B(a)Ky. Thus, with known K, closed-loop system (87) is
equivalent to (7) with null exogenous signal wy. This leads to simple analysis stability
conditions obtained from Theorem 1 replacing A; by A; and Ay by BiK;, i = 1,...,N.
Besides, similar replacements can be used with conditions presented in theorems 2 and 5 and
in Corollary 1. The possibility to address both controller fragility and input delay is a side
result of this proposal. In the former it is required that no uncertainty affects the input matrix,
ie., B(a) = B, Ya € Y, while the latter can be used to investigate the bounds of stability
of a closed-loop system with a delay due to, for example, digital processing or information
propagation.

In case of the design of K} it is possible to take similar steps with conditions of theorems 3, 4
and 6. In this case, it is sufficient to impose, Aj; =0,i =1,..., N and W = 0 that yield K = 0.
Finally, observe that static delayed output feedback control can be additionally addressed here
by considering what is pointed out in Subsection 5.5.

5.7 Performance by delay-free model specification

Some well developed techniques related to model-following control (or internal model
control) can be applied in the context of delayed state systems. The major advantage of
such techniques for delayed systems concerns with the design with performance specification
based on zero-pole location. See, for example, the works of Mao & Chu (2009) and Silva
et al. (2009). Generally, the model-following control design is related to an input-output
closed-loop model, specified from its poles, zeros and static gain, from which the controller
is calculated. As the proposal presented in this chapter is based on state feedback control,
it does not match entirely with the requirements for following-model, because doing state
feedback only the poles can be redesigned, but not the zeros and the static gain. To develop a
complete following model approach an usual way is to deal with output feedback, that yields
a non-convex formulation. One way to match all the requirements of following model by
using state feedback and maintaining the convexity of the formulation, is to use the technique
presented by Coutinho et al. (2009) where the model to be matched is separated into two
parts: One of them is used to coupe the static gain and zeros of the closed loop system with
the prescribed model and the other part is matched by state feedback control. Consider the
block diagram presented in Figure 6. In this figure, Q(«) is the system to controlled with
signal uy. This system is subject to input wy which is required to be reject at the output yy.
Please, see equation (1). ), stands for a specified delay-free model with realization given by

{ém gm } . The model receives the same exogenous input of the system to be controlled, wy,
m m

and has an output signal y,, at the instant k.
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Fig. 6. Following model inspired problem.

The objective here is to design robust state feedback gains K and Kj; to implement the control
law (6) such that the H« guaranteed cost between the input wy and the output ey = yi — yx is
minimized. In other words, it is desired that the disturbance rejection of the uncertain system
with time-varying delay in the state have a behavior as close as possible to the behavior of
the specified delay-free model (2;;. The dashed line in Figure 6 identifies the enlarged system
required to have its He guaranteed cost minimized.

Taking the closed-loop system (7) and the specified model of perturbation rejection given by

Xmk+1 = AmXpk + Bty (88)
Ymk = CnXnk + Dimnwy (89)
where x,,; € R"" is the model state vector at the k-th sample-time, v, € R is the output

of the model at the same sample-time and wy € R’ is the same perturbation affecting the
controlled system, the difference ¢ = v,,x — zx is obtained as

Xk
ex = [Cm —(C(a) + D(a)K) —(Cy(a) + D(a)Ky) | ! X ]
Xk—dy
+ [ D — Dw(a) | wi  (90)
Thus, by using (1) with (88)-(89) and (90) it is possible to construct an augmented system
composed by the state of the system and those from model yielding the following system

Ao [ i = A() 2 + Ag(@)R_g, + Boo(a)wy
Q : A A L 91
@) { er = C(a)%x + Cy(a)x—g, + Duw(a)wy oD
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with £, = [xrﬂk ka]T e R™*" O (x) € P,

N
P {()(a) € R TP x2(ntn)+L Oa) = Zl"i()i/ s Y} (92)
i=1
where
. Ai| A | Byi
O = i|4Vdi AZUI:|
' {Ci Cai|Duwi
An 0 0 0 B
= 0 A;j+BiK |0 Ay + BiKy Bui , 1€ I[l, N] (93)

Cm — (Ci + DiK)|0 — (Cyi + DiKg) | D — Dy

Therefore, matrices in (93) — A;, Ay;, By, Ci, Cyi, Dypi — can be used to replace their respective
in (38) and (23). As a consequence, LMI (36) becomes with 3(n + n,,) + 2(p + £) rows. Since
the main interest in this section is to design K and K; that minimize the Ho guaranteed
cost between e; and wy, only the design condition is presented in the sequel. To achieve
such condition, similar steps of those taken in the proof of Theorem 4 are taken. The main
differences are related to i) the size and structure of the matrices and ii) the manipulations
done to keep the convexity of the formulation.

Pryj Prp;

R X141 Y. —
* P22i:| < < Qi

Theorem 7. If there exist symmetric matrices 0 < P; = {

O QlZi} 1 T
2 € R FmuXn+nm matyices F =
{ * Qi 722 o

matrix, W € RP*", W, € RP*", a scalar variable 8 €]0,1] and for a given u = 42 such that

} € R Fwxntim A ¢ R"Mu s g given

[P — Fin — F 131gi —F1n — ATFL AnFn AnFr2
* Pyi—Fn —Ffy (AiFn+BW)A AiFpn + BW
* * BQui — Prii - pQu2i — Prai
¥, — * * * BQa2si — P
! * * * *
* * * *
* * * *
L * * * *
0 0 0 B 1
(AgiF22 + BiWa) A AgiFo + BiWy g OT e Bui
0 0 FLCh — AT(WTDT + FLCT) 0
0 0 Fheh, — (WDl + FL.cl) 0
5 5 T(WTpPT . FTOTY <0
—Oni —Qui A (W D + F5Cy) 0
* —Qai —(WiD] + FLCh) 0
* * —0l, Dy — Dy
* * * —uly |

i=1,...,N (94)
then system (1)—(5) is robustly stabilizable by (6) with

K=WF,' and K;=WzF,' (95)
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providing an Heo guaranteed cost vy = /ji between the output ey, as defined by (93), and the input
signal wy.

Proof. The proof follows similar steps to those of the proof of the Theorem 4. Once (94) is

]_Z; ;1/\ iz } is assured by the block

verified, then the regularity of F = {
p_F_FT_ {15111‘ —Fun —Ff p1gi - F12 *AT}—ZTZ} <o.
! * Pyi — Fan — F

Thus it is possible to define the congruence transformation 7 given by (53) with

_ Fn Fil]”
TeLorT—1 { 11 12}
3@ 3@ Foo A Fo

to get ¥; = TH‘ET?I . Inblock (7,7) of ¥;, it always exist a real scalar x €]0,2[ such that for
6 €]0,1], x(x — 2) = —6. Thus, replacing this block by «(x — 2)I,,, the optimization variables
W and W, by KF2 and K;/7,, respectively, and using the definitions given by (91)—(93) it
is p0551b1e to Verlfy (36) by i) replacing matrices A;, Ay, C;, Cyi, Byi and Dy,; by A, Ay, G,
Cdl, wi and Dy;, respectively, given in (93); ii) choosing G = 1 I, that leads block (7,7) to be
rewritten as in (55); iii) assuming

“Trs 5 -1
P — { Fu ]'—12} |:P11i 13121} { Fi1 ]'—12}
[ TN F * Pri| [ FA Fxn

= { Fu ]'—12}4 |:Qlli lei} { Fu -7"—12}_1

Fnl Fn *x Qi | [ FA F2
and _ 1 -
{ F11 -7'—12}
Fo Fo
0 0
Xy = 0 0
0 -1,
L 0 0 -
which completes the proof. O

An important aspect of Theorem 7 is the choice of A € R"*" in (94). This matrix plays
an important role in this optimization problem, once it is used to adjust the dimensions of
block (2,1) of F that allows to use F», to design both robust state feedback gains K and Kj;.
This kind choice made a priori also appears in some results found on the literature of filtering
theory. Another possibility is to use an interactive algorithm to search for a better choice of A.
This can be done by taking the following steps:

1. Set max_iter+— maximum number of iterations;j<¢— 0;€ =precision;
2. Choose an initial value of Aj <— A such that (94) is feasible.

(@) Set pj «— p; Ap <— pj; Fopj «— Foo; Wy «— W, Wy i «— W
3. While (Au > €)AND(j < max_iter)
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(a) Setj«—j+1;
(b) Ifjis odd
i. Solve (94) with Fp «— Fpo j; W «— Wj; Wy «— Wy j.
ii. Set A +— Aj;
Else
i. Solve (94) with A +— A;.
ii. Set -FZZ,j — Fo; W] —W; Wd,]' — W,

End_if
(©) Set pj«— pu; Ay — |(pj — uj—1);
End_while
4. Calculate K and K; by means of (95);
5. Set p, =y

Once this is a non-convex algorithm — only steps 3.(b).i are convex — different initial guesses
for A may lead to different final values for the controllers K and Ky, as well as to the v = /1%
To overcome the main drawback of this proposal, two approaches can be stated. The first
follows the ideas of Coutinho et al. (2009) by designing an external loop to the closed-loop
system proposed in Figure 6. In this sense, it is possible to design a transfer function that can
adjust the gain and zeros of the controlled system. The second approach is based on the work
of Rodrigues et al. (2009) where a dynamic output feedback controller is proposed. However,
in this case the achieved conditions are non-convex and a relaxation algorithm is required.

In the example presented in the sequel, Theorem 7 with

A:{ T, } (96)

Onfnm XMy

Example 5. Consider the uncertain discrete-time system with time-varying delay dy € Z[2,13] as
given in (1) with uncertain matrices belonging to polytope (2)-(3) with 2 vertices given by

06 0 01 0
0 0
By1 = 117 By = 11’ Byy =1.1By1, Bx =1.1B; (98)
C=[10], Cu=[0005], C,=11C;, Cp=11Cy (99)
Dy =02, Dy =01, Dy =11Dy; Dy =11Dq (100)

It is desired to design robust state feedback gains for control law (6) such that the output of this
uncertain system approaches the behavior of delay-free model given by

01847z —0.01617 [ —03 | 025

On = G(z) z+03 {—0.2864|0.1847} (101)

Thus, it is desired to minimize the Hoo guaranteed cost between signals ey and wy, identified in Figure 6.
The static gain of model (101) was adjusted to match the gain of the controlled system. This procedure
is similar to what has been proposed by Coutinho et al. (2009). The choice of the pole and the zero was
arbitrary. Obviously, different models result in different value of Heo guaranteed cost.
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By applying Theorem 7 to this problem, with A given in (96), it has been found an Ho. guaranteed cost
v = 0.2383 achieved with the robust state feedback gains:

K=1[18043 —07138] and K4 =[—0.1546 —0.0422] (102)

In case of unknown dy, Theorem 7 is unfeasible for the considered variation delay interval, i.e., imposing
K4 = 0. On the other hand, if this interval is narrower, this system can be stabilized with an Heo
guaranteed cost using only the current state. So, reducing the value of d from d = 13, it has been found
that Theorem 7 is feasible for d. € Z|[2,10] with

K=[-27162 —0.6003] and K;=0 (103)

and vy = 0.3427. Just for a comparison, with this same delay interval, if K and K; are designed, then
the Heo guaranteed cost is reduced about 37.8% yielding an attenuation level given by v = 0.2131.
Thus, it is clear that, whenever the information about the delay is used it is possible to reduce the
Heo Quaranteed cost. Some numerical simulations have been done considering gains (102), and a
disturbance input given by

0, ifk=00rk>11

Wy = {1, if1<10 (104)

Two conditions were considered: i) d, = 13, Vk < 0 and different values of a1 € [0,1]; and ii)
dy =d =€ Z[2,13] with ay = 1 (i.e., only for the first vertex). The output responses of the controlled
system have been performed with dy, = 13, Vk > 0. This family of responses and that of the reference
model are shown at the top of Figure 7 with solid lines. A red dashed line is used to indicate the desired
model response. The absolute value of the error (|ex| = |yx — Ymk|) is shown in solid lines at the
bottom of Figure 7 and the estimate Hoo guaranteed cost provide by Theorem 7 in dashed red line. The
respective control signals are shown in Figure 8.

The other set of time simulations has been performed using only vertex number 1 (x; = 1). In this
numerical experiment, the perturbation (104) has been applied to system defined by vertex 1 and twelve
numerical simulations were performed, one for each constant delay value dy, = d € [2,13]. The results
are shown in Figure 9: at the top, a red dashed line indicates the model response and at the bottom it is
shown the absolute value of the error (|ex| = |yx — Yux|) in solid lines and the estimate Hoo quaranteed
cost provide by Theorem 7 in dashed red line. This value is the same provide in Figure 7, once it is the
same design. The respective control signals performed in simulations shown in Figure 9 are shown in
Figure 10.

At last, the frequency response considering the input wy and the output ey is shown in Figure 11 with
a time-invariant delay. For each value of delay in the interval [2,13] and « € [0,1], a frequency
sweep has been performed on both open loop and closed-loop systems. The gains used in the closed-loop
system are given in (102). It is interesting to note that, once it is desired that y; approaches y,y, i.e.,
ey approaches zero, the gain frequency response of the closed-loop should approaches zero. By Figure 11
the Heo guaranteed cost of the closed-loop system with time invariant delay is about 0.1551, but this
value refers to the case of time-invariant delay only. The estimative provided by Theorem 7 is 0.2383
and considers a time varying delay.

6. Final remarks

In this chapter, some sufficient convex conditions for robust stability and stabilization
of discrete-time systems with delayed state were presented. The system considered is
uncertain with polytopic representation and the conditions were obtained by using parameter
dependent Lyapunov-Krasovskii functions. The Finsler’s Lemma was used to obtain LMIs
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Fig. 7. Time behavior of y; and || in blue solid lines and model response (top) and
estimated Mo guaranteed cost (bottom) in red dashed lines, for d; = 13 and a € [0, 1].
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Fig. 8. Control signals used in time simulations presented in Figure 7.

condition where the Lyapunov-Krasovskii variables are decoupled from the matrices of the
system. The fundamental problem of robust stability analysis and stabilization has been dealt.
The Hoo guaranteed cost has been used to improve the performance of the closed-loop system.
It is worth to say that even all matrices of the system are affected by polytopic uncertainties,
the proposed design conditions are convex, formulated in terms of LMIs.

It is shown how the results on robust stability analysis, synthesis and on H, guaranteed cost
estimation and design can be extended to match some special problems in control theory such
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Fig. 9. Time behavior of i, and || in blue solid lines and model response (top) and estimated
He guaranteed cost (bottom) in red dashed lines, for vertex 1 and delays from 2 to 13.
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Fig. 10. Control signals used in time simulations presented in Figure 9.
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as decentralized control, switched systems, actuator failure, output feedback and following
model conditions.
It has been shown that the proposed convex conditions can be systematically obtained by
i) defining a suitable positive definite parameter dependent Lyapunov-Krasovskii function;
ii) calculating an over bound for AV (k) < 0 and iii) applying Finsler’s Lemma to get a set
of LMIs, formulated in a enlarged space, where cross products between the matrices of the
system and the matrices of the Lyapunov-Krasovskii function are avoided. In case of robust
design conditions, they are obtained from the respective analysis conditions by congruence
transformation and, in the He guaranteed cost design, by replacing some matrix blocs by
their over bounds. Numerical examples are given to demonstrated some relevant aspects of
the proposed conditions.
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Fig. 11. Gain frequency response between signals e; and wy, for the open loop (top) and
closed-loop (bottom) cases for delays from 2 to 13 and a sweep on « € [0,1].

The approach used in this proposal can be used to deal with more complete
Lyapunov-Krasovskii functions, yielding less conservative conditions for both robust stability
analysis and design, including closed-loop performance specifications as presented in this
chapter.
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1. Introduction

Uncertainties in a control system may be the results modeling errors, measurement errors,
parameter variations and a linearization approximation. Most physical dynamical systems
and industrial process can be described as discrete time uncertain subsystems. Similarly, the
unavoidable computation delay may cause a delay time, which can be considered as time-
delay in the input part of the original systems. The stability of systems with parameter
perturbations must be investigated. The problem of robust stability analysis of a nominally
stable system subject to perturbations has attracted wide attention (Mori and Kokame, 1989).
Stability analysis attempts to decide whether a system that is pushed slightly from a steady-
state will return to that steady state. The robust stability of linear continuous time-delay
system has been examined (Su and Hwang, 1992; Liu, 2001). The stability analysis of an
interval system is very valuable for the robustness analysis of nominally stable system
subject to model perturbations. Therefore, there has been considerable interest in the
stability analysis of interval systems (Jiang, 1987; Chou and Chen, 1990; Chen, 1992).
Time-delay is often encountered in various engineering systems, such as the turboject
engine, microwave oscillator, nuclear reactor, rolling mill, chemical process, manual control,
and long transmission lines in pneumatic and hydraulic systems. It is frequently a source of
the generation of oscillation and a source of instability in many control systems. Hence,
stability testing for time-delay has received considerable attention (Mori, et al., 1982; Su, et
al., 1988; Hmamed, 1991). The time-delay system has been investigated (Mahmoud, et al.,
2007; Hassan and Boukas, 2007).

Grey system theory was initiated in the beginning of 1980s (Deng, 1982). Since then the
research on theory development and applications is progressing. The state-of-the-art
development of grey system theory and its application is addressed (Wevers, 2007). It aims
to highlight and analysis the perspective both of grey system theory and of the grey system
methods. Grey control problems for the discrete time are also discussed (Zhou and Deng,
1986; Liu and Shyr, 2005). A sufficient condition for the stability of grey discrete time
systems with time-delay is proposed in this article. The proposed stability criteria are simple
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to be checked numerically and generalize the systems with uncertainties for the stability of
grey discrete time systems with time-delay. Examples are given to compare the proposed
method with reported (Zhou and Deng, 1989; Liu, 2001) in Section 4.

The structure of this paper is as follows. In the next section, a problem formulation of grey
discrete time system is briefly reviewed. In Section 3, the robust stability for grey discrete
time systems with time-delay is derived based on the results given in Section 2. Three
examples are given to illustrate the application of result in Section 4. Finally, Section 5 offers
some conclusions.

2. Problem formulation

Considering the stability problem of a grey discrete time system is described using the
following equation

x(k+1) = A@®)x(k) 1)

where x(k)eR" represents the state, and A(®) represents the state matrix of system (1).
The stability of the system when the elements of A(®) are not known exactly is of major
interest. The uncertainty can arise from perturbations in the system parameters because of
changes in operating conditions, aging or maintenance-induced errors.

Let ®,-j (i,j=1,2,..,n)of A(®)cannot be exactly known, but ~®,-]- are g)nfined within the
intervals ¢; <®;; < f;; . These ¢; and f;; are known exactly, and ®;; e [@,@J . They are called
white numbers, while ®; are called grey numbers. A(®) has a grey matrix, and system (1)
is a grey discrete time system.

For convenience of descriptions, the following Definition and Lemmas are introduced.
Definition 2.1

From system (1), the system has

®11 ®12 T ®1

A®)=(8,],,=| 2 T2 T O 2

n

€1 e "t ey

Ez[eij]nxnz e?l 6?2 ez:n ©)
€1 Cn2 Tt Gy
fun foo fu

F=lfyl=| 2 72 70 J @
fa o2 fm

where E and F represent the minimal and maximal punctual matrices of A(®) , respectively.
Suppose that A represents the average white matrix of A(®) as
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e + fi E+F
A= [ai]' ]nxn = |: ! ) l]:| = 2 (5)
nxn
and
AG = [ugij ]nxn = [®1] - aij ]nxn = A(®) -A (6)
M= [mi]' ]nxn = [fzj - ai/' ]nxn =F-A (7)

where A; represents a bias matrix between A(®) and A; M represents the maximal bias
matrix between F and A. Then we have

where |M|,, represents the modulus matrix of M; r[M] represents the spectral radius of
matrix M; I represents the identity matrix, and A(M) is the eigenvalue of matrix M. This
assumption enables some conditions to be derived for the stability of the grey discrete

system. Therefore, the following Lemmas are provided.
Lemma 2.1 (Chen, 1984)
The zero state of x(k + 1) = Ax(k) is asymptotically stable if and only if

|det(zI - A)|>0, for |7>1.

Lemma 2.2 (Ortega and Rheinboldt, 1970)
For any nx n matrices R, Tand V, if |R| ,,<V , then

a. r[R]SrUR‘m]Sr[V] v
b. r[RT]srDR\m\T\m]Sr[V\T\m]
c. r[R+T]<r[|R+T], |<r[|R|,+[T]|,, |<r[V+|T],,]-

Lemma 2.3 (Chou, 1991)
If G(z) is a pulse transfer function matrix, then

m—

G| e SIGE)| = HGK)), for |21,
k=0

where G(K) is the pulse-response sequence matrix of the multivariable system G(z) .

Lemma 2.4 (Chen, 1989)

For an nxn matrix R, if #[R]<1, then |det(I+R)|>0.

Theorem 2.1

The grey discrete time systems (1) is asymptotically stable, if A(®) is an asymptotically
stable matrix, and if the following inequality is satisfied,

r[HGEK)|M], ]<1 )

where H(G(K))and|M]|,, are defined in Lemma 2.3 and equation (8), and G(K) is the pulse-
response sequence matrix of the system
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G(z)=(zI - A)!
Proof
By the identity

det[RT]=det[R]det[T],
for any two n x n matrices R and T, we have
|det[2] — A(®)]| =|det[2] — (A + Ag)] = ‘det[I — (2l - A)Y(AQ)] \ ‘det[z[ ~A] ‘ (10)

Since A represents an asymptotically stable matrix, then applying Lemma 2.1 clearly shows
that

|det[z] - A]> 0|, for |2|>1 (11)
If inequality (9) is satisfied, then Lemmas 2.2 and 2.3 give
(2l = A) 7 (AG)] = 1[G(2)(A) < 11]G(2)], | Ac) ]
I\ \ M1

<r[H(G(K))|M|,,]
<1, for |2 >1

(12)

From equations (10)-(12) and Lemma 2.4, we have

|det[z] - A(®)]| =|det[z] - (A+ Ag)]
‘det[I (zI - A) (A ]“det[z] A]‘ >0, for ‘z‘ >1.

Hence, the grey discrete time system (1) is asymptotically stable by Lemma 2.1.
3. Grey discrete time systems with time-delay
Considering the grey discrete time system with a time-delay as follows:
x(k+1) = A@)x(k) + Bi(®)x(k ~1) (13)
where A;(®) and By(®) denotes interval matrices with the properties as
Al(®) = [®; ]nxn and Bl( ) - [®z] ]nxn (14)

1 oo < 2 1 @b <2
where a; <®j; <aj; and b; <®;; <bj; .
Indicate

A= [ﬂ; ]nxn ;s Ax= [u§ ]nxn » B1= [b; ]nxn » Bo= [bzi ]nxn . (15)
and let

1 2
a; +a; +
[ﬂl]] [ ij ij ]nxn (Al Az) (l6a)

nxn 2 2
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and

_ [b; + bl? ]nxn _ (Bl + Bz)

B=[b.1 =
[ 1]]n><n 2 2

(16b)

where A and B are the average matrices between A; and A,, B; and B, , respectively.
Moreover,

AA, = [am]nxn = [®Z - aij ]nxn = AI(®) -A (l7a)

m ij

and
AB,, =[b]], ey =[®% ~ byl = B (®) -~ B (17b)

where AA, and AB,, are the bias matrices between A; and A , and B; and B,
respectively. Additionally,

My =[], =10} - g

ij ]nxn = AZ -A (18a)

nxn

and

Ni= [nzlj ]nxn = [b5 - bz] ]nxn =B2— B (18b)

where M; and N; are the maximal bias matrices between A, and A, and B, and B,
respectively. Then we have

‘AAm mS‘Ml‘m and ‘ABm‘ mS‘Nl‘m . (19)

The following theorem ensures the stability of system (13) for all admissible matrices
A,AA,,,B and AB,, with constrained (19).

Theorem 3.1

The grey discrete time with a time-delay system (13) is asymptotically stable, if nominal
system A;(®) is an asymptotically stable matrix, and if the following inequality is satisfied,

r[H(Gd(K))(‘Ml‘rn+‘B‘ m+‘N1‘m):|<1 (20)

where H(G4(K)) are as defined in Lemma 2.3, and G4(K) represents the pulse-response
sequence matrix of the system

Gu(2) = - A)
Proof
By the identity

det[RT]=det[R]det[T],
for any two nxn matrices R and T, we have
[det[z1 - (A;(®) + B,(®)z )] | =|det[z] - (A+AA,, +(B+AB,)z )] |
= |det(I - (2I - A)™(AA,, +(B+AB,,)z )] | |det{zI - A] |
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Since A is an asymptotically stable matrix, then applying Lemma 2.1 clearly shows that
|det[z] - A] >0, for |z[>1 (22)

If inequality (20) is satisfied, then Lemmas 2.2 and 2.3 give

r[(z[ ~AY* (a4, +(B+ ABm)z’l)} - r[Gd(z)(AAm +(B+ ABm)z’l)}

16462)

r[\Gd \m( al +|(B+ 4B, )zlmﬂ

r[\cd ), (144, +](B+aB,,), z’l‘mﬂ )
r[\Gd ), (184, +[(B+AB, \m)}

VDG )\, (1A4,],, +|B|, \Agm\m)]

[

<1 H(Gy(K))(|M,, +IBl,, +IN4l, )]
<1, for |21

Equations (21)-(23) and Lemma 2.4 give

| detlz] - (A, (®) + B,(®)z )] | = |det[z] - (A+ AA,, + (B+AB,)z )] |
= |det[I - (21 - A) ' (AA,, + (B+ AB,)z )] | |det[z] - Al >0, for |z>1
Therefore, by Lemma 2.1, the grey discrete time with a time-delay system (13) is

asymptotically stable.

4. llustrative examples

Example 4.1
Consider the stability of grey discrete time system (1) as follows:

x(k+1)=A(®)x(k),
where

®%h ®%2}

ae)-| &
21 22

with -0.5<®% <05, 0. 1<®%, <08, 03<®%<0.2,-04<®%,<05.

From equations (2)-(5), the average matrices is

0 045
A= 7
-0.05 0.05
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and from equations (6)-(7), the maximal bias matrix Mis

05 0.35
M= .
0.25 0.45
By Lemma 2.3, we obtain

1.0241 0.4826}

H(G(K))=[0.0536 1.0725

Then, the equation (9) is

r[ H(G(K))|M],, | =0.9843 < 1.

Therefore, the system (1) is asymptotically stable in terms of Theorem 2.1.

Remark 1

Zhou and Deng (1989) have illustrated that the grey discrete time system (1) is
asymptotically stable if the following inequality holds:

plk)<1 (24)

By applying the condition (24) as given by Zhou and Deng, the sufficient condition can be
obtained as p(k)=0.9899 <1 to guarantee that the system (1) is still stable.

The proposed sufficient condition (9) of Theorem 2.1 is less conservative than the condition
(24) proposed by Zhou and Deng.

Example 4.2

Considering the grey discrete time with a time-delay system (Shyr and Hsu, 2008) is
described by (13) as follows:

x(k+1) = Af(®)x(k) + Bi(®)x(k — 1)

where
®} ®f ®?1 ®?2
AI (®) = a a |’ Bl (®) = b b | (25)
®y By ®y By
with
-0.2<®7, 0.2, 0. 2<®,<0.1, -0.1<®%, <0.1,-0.1<®3, <0.2
and

01<®} <02, 01<®%, <0.2,0.1<®%, <0.15, 0.2 <®5, <0.25.

Equation (15) and (25) give

[-02 -02 [02 o1 [o1 01 [02 02
A% 01 01 401 o02] BTlo1 o2) BTloas o025
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From equations (16), the average matrices are

Ae 0 -0.05 B 0.15 0.15
0 005 | 0.125 0.225|
and from equations (18), the maximal bias matrices M; and N, are

02 015 [005 005
M= 601 015 N7\ 0025 0025/

By Lemma 2.3, we obtain

0.0526 0.0526}

H(Gd(K))z[ 0 1.0526

From Theorem 3.1, the system (13) is stable, because
r[ H(G 4 (K))( M|, +[B| ,+|N1[ ) ] = 0.4462 < 1.
Example 4.3

Considering the grey discrete time-delay systems (Zhou and Deng, 1989) is described by
(13), where

A1(®) =

®H ®F b &b
11 ;2:|, Bl(®):|: }1]1 ;2 i
®21 ®22 ®21 ®22

with -0.24 <®f, <0.24, 0.12 <®4, <0.24, -0.12 <®j, <0.12, 0.12 <®%, <0.24 and
0.12<®% <0.24, 0.12 < ®%, <0.24, 0.12 <®5, <0.18, 0.24 < ®}, <0.30.
Equation (15) and (25) give

[-024 012]  [024 024] [012 012]  [024 0.24]
A% 012 012012 024 BT 012 024018 030]"

From (16)-(18), we obtain the matrices

[0 018 024 006]  [018 018]  [0.06 0.06]
0 018) "' |012 006] " |015 027] "' 0.03 0.03]

By Lemma 2.3, we obtain

0.5459 0.3790
0.3659 0.4390 |

H(Ga(K))= {
From Theorem 3.1, the system (13) is stable, because

r[H(G 4(K) (M, +[B,,+[Ni] ) ] = 08686 <1
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According to Theorem 3.1, we know that system (13) is asymptotically stable.
Remark 2
If the following condition holds (Liu, 2001)

min{maxi(ei]- + fi]»), m?xi:(eji +f]-i)} <1 (26)
i

i =1

then system (13) is stablei,j=1,2,...,n, where

2
@

ﬂg, e;; =max

E :[eij]/ €ij = i, € {‘

il fori=j

and

b2

fori=j

=1f;) fu= U,ﬁ max‘@”

The foregoing criterion is applied in our example and we obtain

min{maxi(eij +fi/), maxi(eﬁ +f]-i)}: 1.02 > 1
1 1 ]:1

j=1

which cannot be satisfied in (26).

5. Conclusions

This paper proposes a sufficient condition for the stability analysis of grey discrete time
systems with time-delay whose state matrices are interval matrices. A novel sufficient
condition is obtained to ensure the stability of grey discrete time systems with time-delay.
By mathematical analysis, the stability criterion of the proposed is less conservative than
those of previous results. In Remark 1, by mathematical analysis, the presented criterion is
less conservative than that proposed by Zhou and Deng (1989). In Remarks 2, by
mathematical analysis, the presented criterion is to be less conservative than that proposed
by Liu (2001). Therefore, the results of this paper indeed provide an additional choice for the
stability examination of the grey discrete time time-delay systems. The proposed examples
clearly demonstrate that the criteria presented in this paper for the stability of grey discrete
time systems with time-delay are useful.
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1. Introduction

This article is focused on analyzing stability and £, gain properties for switched systems
composed of a family of linear discrete-time descriptor subsystems. Concerning descriptor
systems, they are also known as singular systems or implicit systems and have high abilities
in representing dynamical systems [1, 2]. Since they can preserve physical parameters in the
coefficient matrices, and describe the dynamic part, static part, and even improper part of
the system in the same form, descriptor systems are much superior to systems represented
by state space models. There have been many works on descriptor systems, which studied
feedback stabilization [1, 2], Lyapunov stability theory [2, 3], the matrix inequality approach
for stabilization, H, and/or He control [4-6].

On the other hand, there has been increasing interest recently in stability analysis and design
for switched systems; see the survey papers [7, 8], the recent books [9, 10] and the references
cited therein. One motivation for studying switched systems is that many practical systems
are inherently multi-modal in the sense that several dynamical subsystems are required
to describe their behavior which may depend on various environmental factors. Another
important motivation is that switching among a set of controllers for a specified system can be
regarded as a switched system, and that switching has been used in adaptive control to assure
stability in situations where stability can not be proved otherwise, or to improve transient
response of adaptive control systems. Also, the methods of intelligent control design are based
on the idea of switching among different controllers.

We observe from the above that switched descriptor systems belong to an important class of
systems that are interesting in both theoretic and practical sense. However, to the authors’
best knowledge, there has not been much works dealing with such systems. The difficulty
falls into two aspects. First, descriptor systems are not easy to tackle and there are not rich
results available up to now. Secondly, switching between several descriptor systems makes
the problem more complicated and even not easy to make clear the well-posedness of the
solutions in some cases.

Next, let us review the classification of problems in switched systems. It is commonly
recognized [9] that there are three basic problems in stability analysis and design of switched
systems: (i) find conditions for stability under arbitrary switching; (ii) identify the limited
but useful class of stabilizing switching laws; and (iii) construct a stabilizing switching law.
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Specifically, Problem (i) deals with the case that all subsystems are stable. This problem
seems trivial, but it is important since we can find many examples where all subsystems are
stable but improper switchings can make the whole system unstable [11]. Furthermore, if
we know that a switched system is stable under arbitrary switching, then we can consider
higher control specifications for the system. There have been several works for Problem (i)
with state space systems. For example, Ref. [12] showed that when all subsystems are stable
and commutative pairwise, the switched linear system is stable under arbitrary switching.
Ref. [13] extended this result from the commutation condition to a Lie-algebraic condition.
Ref. [14, 15] and [16] extended the consideration to the case of £, gain analysis and the case
where both continuous-time and discrete-time subsystems exist, respectively. In the previous
papers [17, 18], we extended the existing result of [12] to switched linear descriptor systems.
In that context, we showed that in the case where all descriptor subsystems are stable, if the
descriptor matrix and all subsystem matrices are commutative pairwise, then the switched
system is stable under impulse-free arbitrary switching. However, since the commutation
condition is quite restrictive in real systems, alternative conditions are desired for stability of
switched descriptor systems under impulse-free arbitrary switching.

In this article, we propose a unified approach for both stability and £, gain analysis of
switched linear descriptor systems in discrete-time domain. Since the existing results for
stability of switched state space systems suggest that the common Lyapunov functions
condition should be less conservative than the commutation condition, we establish our
approach based on common quadratic Lyapunov functions incorporated with linear matrix
inequalities (LMIs). We show that if there is a common quadratic Lyapunov function for
stability of all descriptor subsystems, then the switched system is stable under impulse-free
arbitrary switching. This is a reasonable extension of the results in [17, 18], in the sense that if
all descriptor subsystems are stable, and furthermore the descriptor matrix and all subsystem
matrices are commutative pairwise, then there exists a common quadratic Lyapunov function
for all subsystems, and thus the switched system is stable under impulse-free arbitrary
switching. Furthermore, we show that if there is a common quadratic Lyapunov function
for stability and certain £, gain of all descriptor subsystems, then the switched system is
stable and has the same £, gain under impulse-free arbitrary switching. Since the results are
consistent with those for switched state space systems when the descriptor matrix shrinks to
an identity matrix, the results are natural but important extensions of the existing results.
The rest of this article is organized as follows. Section 2 gives some preliminaries
on discrete-time descriptor systems, and then Section 3 formulates the problem under
consideration. Section 4 states and proves the stability condition for the switched linear
discrete-time descriptor systems under impulse-free arbitrary switching. The condition
requires in fact a common quadratic Lyapunov function for stability of all the subsystems,
and includes the existing commutation condition [17, 18] as a special case. Section 5 extends
the results to £, gain analysis of the switched system under impulse-free arbitrary switching,
and the condition to achieve the same stability and £, gain properties requires a common
quadratic Lyapunov function for all the subsystems. Finally, Section 6 concludes the article.

2. Preliminaries

Let us first give some preliminaries on linear discrete-time descriptor systems. Consider the
descriptor system
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{ Ex(k+1) = Ax(k) + Bw(k) 21

z(k) = Cx(k),

where the nonnegative integer k denotes the discrete time, x(k) € R”" is the descriptor
variable, w(k) € RP is the disturbance input, z(k) € R1 is the controlled output, E € R"*",
A e R"™" Be R"™Pand C € R7" are constant matrices. The matrix E may be singular and
we denote its rank by » = rank E < n.

Definition 1: Consider the linear descriptor system (2.1) with w = 0. The system has a unique
solution for any initial condition and is called regular, if |zE — A| # 0. The finite eigenvalues
of the matrix pair (E, A), that is, the solutions of |zE — A| = 0, and the corresponding
(generalized) eigenvectors define exponential modes of the system. If the finite eigenvalues lie
in the open unit disc of z, the solution decays exponentially. The infinite eigenvalues of (E, A)
with the eigenvectors satisfying the relations Ex; = 0 determine static modes. The infinite
eigenvalues of (E, A) with generalized eigenvectors x; satisfying the relations Ex; = 0 and
Exy = xy_1 (k > 2) create impulsive modes. The system has no impulsive mode if and only if
rank E = deg |sE — A| (deg |zE — A|). The system is said to be stable if it is regular and has
only decaying exponential modes and static modes (without impulsive modes). ]
Lemma 1 (Weiertrass Form)[1, 2] If the descriptor system (2.1) is regular, then there exist two
nonsingular matrices M and N such that

MEN = , MAN = 2.2)
07 01,4

where d = deg |zE — A|, ] is composed of Jordan blocks for the finite eigenvalues. If the
system (2.1) is regular and there is no impulsive mode, then (2.2) holds with d = r and | = 0.
If the system (2.1) is stable, then (2.2) holds with d = r, ] = 0 and furthermore A is Schur
stable. ]
Let the singular value decomposition (SVD) of E be

E;1 0

E=U vTl, Ey = diag{oy, -, 00} (2.3)

where 0;’s are the singular values, U and V are orthonormal matrices utu = vty = 1.
With the definitions

T A A
F=VTx 2 {’fl} ,uTay = [T 0R] 2.4)
*2 An Axp
the difference equation in (2.1) (with w = 0) takes the form of
Epxi(k+1) = Ajnxqy (k) + Az (k
nx(k+1) 1151 (k) + A2 (k) 2.5)

0 = Apx1(k) + Ap¥a (k).

It is easy to obtain from the above that the descriptor system is regular and has not impulsive
modes if and only if Aj; is nonsingular. Moreover, the system is stable if and only if Aj is
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nonsingular and furthermore E1_11 <A11 — A12A2_21A21> is Schur stable. This discussion will
be used again in the next sections.
Definition 2: Given a positive scalar 7, if the linear descriptor system (2.1) is stable and satisfies

k
Yz (1)2() < ¢(x(0)) + 97 ng(]')W(]') (2.6)
=

for any integer k > 0 and any /-bounded disturbance input w, with some nonnegative definite
function ¢(-), then the descriptor system is said to be stable and have £, gain less than . 1
The above definition is a general one for nonlinear systems, and will be used later for switched
descriptor systems.

3. Problem formulation

In this article, we consider the switched system composed of V linear discrete-time descriptor
subsystems described by

{ Ex(k+1) = Agx(k) + Biw(k) 3.1)

z(k) = Cix(k),
where the vectors x, w, z and the descriptor matrix E are the same as in (2.1), the index i
denotes the i-th subsystem and takes value in the discrete set Z = {1,2,--- ,N'}, and thus the
matrices A;, B;, C; together with E represent the dynamics of the i-th subsystem.
For the above switched system, we consider the stability and £, gain properties under the
assumption that all subsystems in (3.1) are stable and have £, gain less than <. As in the case
of stability analysis for switched linear systems in state space representation, such an analysis
problem is well posed (or practical) since a switched descriptor system can be unstable even if
all the descriptor subsystems are stable and there is no variable (state) jump at the switching
instants. Additionally, switchings between two subsystems can even result in impulse signals,
even if the subsystems do not have impulsive modes themselves. This happens when the
variable vector x(k;), where k; is a switching instant, does not satisfy the algebraic equation
required in the subsequent subsystem. In order to exclude this possibility, Ref. [19] proposed
an additional condition involving consistency projectors. Here, as in most of the literature,
we assume for simplicity that there is no impulse occurring with the variable (state) vector at
every switching instant, and call such kind of switching impulse-free.
Definition 3: Given a switching sequence, the switched system (3.1) with w = 0 is said to
be stable if starting from any initial value the system’s trajectories converge to the origin
exponentially, and the switched system is said to have £, gain less than v if the condition
(2.6) is satisfied for any integer k > 0. ]
In the end of this section, we state two analysis problems, which will be dealt with in Section
4 and 5, respectively.
Stability Analysis Problem: Assume that all the descriptor subsystems in (3.1) are stable.
Establish the condition under which the switched system is stable under impulse-free
arbitrary switching.
Ly Gain Analysis Problem: Assume that all the descriptor subsystems in (3.1) are stable and
have £, gain less than -y. Establish the condition under which the switched system is also
stable and has £, gain less than 7y under impulse-free arbitrary switching.



Stability and £, Gain Analysis of Switched Linear Discrete-Time Descriptor Systems 341

Remark 1: There is a tacit assumption in the switched system (3.1) that the descriptor matrix
E is the same in all the subsystems. Theoretically, this assumption is restrictive at present.
However, as also discussed in [17, 18], the above problem settings and the results later can
be applied to switching control problems for linear descriptor systems. This is the main
motivation that we consider the same descriptor matrix E in the switched system. For
example, if for a single descriptor system Ex(k +1) = Ax(k) + Bu(k) where u(k) is the control
input, we have designed two stabilizing descriptor variable feedbacks u = Kyx, u = Kpx, and
furthermore the switched system composed of the descriptor subsystems characterized by
(E,A+ BKj) and (E, A + BK;) are stable (and have £, gain less than 7) under impulse-free
arbitrary switching, then we can switch arbitrarily between the two controllers and thus can
consider higher control specifications. This kind of requirement is very important when we
want more flexibility for multiple control specifications in real applications. 1

4. Stability analysis

In this section, we first state and prove the common quadratic Lyapunov function (CQLF)
based stability condition for the switched descriptor system (3.1) (with w = 0), and then
discuss the relation with the existing commutation condition.

4.1 CQLF based stability condition
Theorem 1: The switched system (3.1) (with w = 0) is stable under impulse-free arbitrary
switching if there are nonsingular symmetric matrices P; € R"*" satisfying for Vi € 7 that

ETPRLE>0 4.1)
ATPA; —ETPE <0 4.2)

and furthermore
E'PE=E'PE, Vi,j €L, i#] 4.3)

Proof: The necessary condition for stability under arbitrary switching is that each subsystem
should be stable. This is guaranteed by the two matrix inequalities (4.1) and (4.2) [20].
Since the rank of E is r, we first find nonsingular matrices M and N such that

I, 0
MEN = [0 0} : (4.4)
Then, we obtain from (4.1) that
Pi0
(NTETMT)(M~TP,M~1)(MEN) = { 51 0} >0, (4.5)
where . .
M_TP‘M_l é |: Pil P{2:| (4 6)
; = . il B .
(P)" P

Since P; (and thus M~TP;M 1) is symmetric and nonsingular, we obtain P{l > 0.
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Again, we obtain from (4.3) that

(NTETMT)(M~TPM™1)(MEN) = (NTETMT)(M~TP;M~')(MEN), (4.7)

i j
P il 0 _ P 11 0 (4.8)
00 00
which leads to P{l = P{l, Vi, j € Z. From now on, we let P{l = Py; for notation simplicity.
Next, let

and thus

Al A
MAN = | 11712 (4.9)
Ay Ay
and substitute it into the equivalent inequality of (4.2) as
(NTATMT) (M~ TPM 1) (MA;N) — (NTETMT)(M~TP,M~1)(MEN) < 0 (4.10)
to reach
A1 A
TP <o, 4.11)
Ay Az
where
Avy = (A}) Pr Ay — P+ (Ay)T(P) T AL + (A7) TP Ay + (A) TPy Ay,
A = (Aﬁl)TPHAgz + (Aﬁl)TP{zAQz + (Aél)T(Piz)ngz + (Aél)Tpézgéz (4.12)

Ax = (Aly) TP AL, + (Ahy)T (Pl T Al, + (Aly) TP, Ay + (Aby)TPh A, .

At this point, we declare Aéz is nonsingular from Ay < 0. Otherwise, there is a nonzero
vector v such that A5,v = 0. Then, vT Apv < 0. However, by simple calculation,

0T Appv = 0T (Al,) TP Al >0 (4.13)

since Py, is positive definite. This results in a contradiction.

o . . [T (Ay)T (AT
Multiplying the left side of (4.11) by the nonsingular matrix ! and the
right side by its transpose, we obtain

(Aj) PrAj — P *
1 o <0, (4.14)
(*) A2

where A}y = Ajy — Ajy(Ay) 1Ay,
With the same nonsingular transformation % (k) = N~ tx(k) = [#] (k) =] (k)]T, % (k) € R", all
the descriptor subsystems in (3.1) take the form of

% (k+1) = Al % (k) + Al %y (k)
(4.15)
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which is equivalent to '
% (k+1) = Al (k) (4.16)

with %, (k) = —(A5,) 1 A}, % (k). It is seen from (4.14) that
(A P dfy — Py <0, (4.17)

which means that all Aﬁl’s are Schur stable, and a common positive definite matrix Pj; exists
for stability of all the subsystems in (4.16). Therefore, %1 (k) converges to zero exponentially
under impulse-free arbitrary switching. The %, (k) part is dominated by ¥, (k) and thus also
converges to zero exponentially. This completes the proof. ]
Remark 2: When E = [ and all the subsystems are Schur stable, the condition of Theorem
1 actually requires a common positive definite matrix P satisfying Al-TPAi —P < 0forVi e
Z, which is exactly the existing stability condition for switched linear systems composed of
x(k+1) = A;x(k) under arbitrary switching [12]. Thus, Theorem 1 is an extension of the
existing result for switched linear state space subsystems in discrete-time domain. 1
Remark 3: It can be seen from the proof of Theorem 1 that XlT P11%; is a common quadratic
Lyapunov function for all the subsystems (4.16). Since the exponential convergence of ¥;
results in that of X, we can regard JElT P11%; as a common quadratic Lyapunov function for the
whole switched system. In fact, this is rationalized by the following equation.

xTETPEx = (N"'x)T(MEN)T(M~TP,M~ 1) (MEN) (N~ 1x)

#1 [Lo][ Py PL][LO] [5
% 00| (Pi,)TPL|]|00]]|x

= %] P13y (4.18)

Therefore, although ETP;E is not positive definite and neither is V(x) = xTETP,Ex, we can
regard this V(x) as a common quadratic Lyapunov function for all the descriptor subsystems
in discrete-time domain. ]
Remark 4: The LMI conditions (4.1)-(4.3) include a nonstrict matrix inequality, which may not
be easy to solve using the existing LMI Control Toolbox in Matlab. As a matter of fact, the
proof of Theorem 1 suggested an alternative method for solving it in the framework of strict
LMIs: (a) decompose E as in (4.4) using nonsingular matrices M and N; (b) compute MA;N
for Vi € 7 as in (4.9); (c) solve the strict LMIs (4.11) for Vi € 7 simultaneously with respect to
Py Piz]
(Ply)T Py
Although we assumed in the above that the descriptor matrix is the same for all the
subsystems (as mentioned in Remark 1), it can be seen from the proof of Theorem 1 that what
we really need is the equation (4.4). Therefore, Theorem 1 can be extended to the case where
the subsystem descriptor matrices are different as in the following corollary.
Corollary 1: Consider the switched system composed of A linear descriptor subsystems

P11 >0, P{z and Péz; (d) compute the original P; with P; = MT [ ]
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where E; is the descriptor matrix of the ith subsystem and all the other notations are the same
as before. Assume that all the descriptor matrices have the same rank r and there are common
nonsingular matrices M and N such that

L0 ,
MEN=| " | Viel. (4.20)

Then, the switched system (4.19) is stable under impulse-free arbitrary switching if there are
symmetric nonsingular matrices P; € R"*" (i =1, --- ,N) satisfying for Vi € 7

EI'PE; >0, ATPA; —EIPE; <0 (4.21)

and furthermore
EI'PE; = E]TPjEj, Vi,jeETL, i#]. (4.22)
1

4.2 Relation with existing commutation condition

In this subsection, we consider the relation of Theorem 1 with the existing commutation
condition proposed in [17].

Lemma 2:([17]) If all the descriptor subsystems are stable, and furthermore the matrices E,
A1, - -+, Ay are commutative pairwise, then the switched system is stable under impulse-free
arbitrary switching. 1
The above lemma establishes another sufficient condition for stability of switched linear
descriptor systems in the name of pairwise commutation. It is well known [12] that in the
case of switched linear systems composed of the state space subsystems

x(k+1) = Aix(k), ieT, (4.23)

where all subsystems are Schur stable and the subsystem matrices commute pairwise (A;A; =
Ain, Vi, j € 1), there exists a common positive definite matrix P satisfying

ATPA; —P < 0. (4.24)

One then tends to expect that if the commutation condition of Lemma 2 holds, then a common
quadratic Lyapunov function V(x) = xTETP;Ex should exist satisfying the condition of
Theorem 1. This is exactly established in the following theorem.

Theorem 2: If all the descriptor subsystems in (3.1) are stable, and furthermore the matrices
E, Ay, - -+, Ay are commutative pairwise, then there are nonsingular symmetric matrices P;’s
(i=1,---,N) satisfying (4.1)-(4.3), and thus the switched system is stable under impulse-free
arbitrary switching.

Proof: For notation simplicity, we only prove the case of N' = 2. Since (E, A;) is stable,
according to Lemma 1, there exist two nonsingular matrices M, N such that

Alo}

4.25
0 I, (4.25)

I 0
MEN = , MAIN =
00



Stability and £, Gain Analysis of Switched Linear Discrete-Time Descriptor Systems 345

where A is a Schur stable matrix. Here, without causing confusion, we use the same notations
M, N as before. Defining

Wy W,
NIml= | TP (4.26)
W3 Wy
and substituting it into the commutation condition EA; = A{E with
(MEN)(N"'M~1)(MA{N) = (MA;N)(N"'M~")(MEN), (4.27)
we obtain
WiA1 W, AW 0
1AL Wal 11 . (4.28)
0 0 Wiz 0

Thus, W1A1 = A1W1, Wz = O, W3 =0.
Now, we use the same nonsingular matrices M, N for the transformation of A, and write

Ay Xy
MA,N = (4.29)
X, X
According to another commutation condition EA; = AjE,
WiA, Wi X AoyWq 0
A2 Wiky || A2y (4.30)
0 0 XoWp 0

holds, and thus Wi A, = AyWy, WXy = 0, X,Wp = 0. Since NM is nonsingular and W, =
0, W3 = 0, Wy has to be nonsingular. We obtain then X; = 0,X; = 0. Furthermore, since
(E, Ay) is stable, Aj is Schur stable and X has to be nonsingular.

The third commutation condition A1A; = Ay A resultsin

AWiA; 0
0 XW,

AWiAs 0
{ e (4.31)

0 WiX

We have AW Ay = AyWiAq. Combining with WiA; = AyWp, WAy = AWy, we obtain
that
WiA1Ay = AW Ay = AgWi AL = WA A (4.32)

which implies A1 and Aj are commutative (A1Ap = Ap/A7) since Wy is nonsingular.
To summarize the above discussion, we get to

Ay O

MASN =
0 X

, (4.33)

where A; is Schur stable, X is nonsingular, and AjAy = AyAq. According to the existing result
[12], there is a common positive definite matrix Pj; satisfying Al.TPnAi — Py <0,i=1,2
Then, with the definition

Py 0
P1:P2:MT{ ;1 I]M, (4.34)
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it is easy to confirm that

P 0
(MEN)T(M~TP;M~1)(MEN) = { (1)1 0] >0 (4.35)
and
(MAN)T(M~TPLM~1)(MA;N) — (MEN)T(M~TP,M~1)(MEN)
[ATPy A =P O
_ 111\ 11 <0,
0 —I
- (4.36)
(MAN)T(M~TP,M~1)(MA,N) — (MEN)T(M~TP,M~1)(MEN)
[AJPiA,— Py 0
= <0.
I 0 —-XTx
Since Pj; is common fori = 1,2 and N is nonsingular, (4.35) and (4.36) imply that the matrices
in (4.34) satisfy the conditions (4.1)-(4.3). ]

It is observed from (4.34) that when the conditions of Theorem 2 hold, we can further choose
Py = P,, which certainly satisfies (4.3). Since the actual Lyapunov function for the stable
descriptor system Ex[k + 1] = A;x[k] takes the form of V(x) = xTETP,Ex (as mentioned
in Remark 3), the commutation condition is more conservative than the LMI condition in
Theorem 1. However, we state for integrity the above observation as a corollary of Theorem
2.

Corollary 2: If all the descriptor subsystems in (3.1) are stable, and furthermore the matrices
E, Ay, ---, Ay are commutative pairwise, then there is a nonsingular symmetric matrix P
satisfying

ETPE >0 (4.37)
ATPA; —ETPE <0, (4.38)
and thus the switched system is stable under impulse-free arbitrary switching. 1

5. L, gain analysis

In this section, we extend the discussion of stability to £, gain analysis fro the switched linear
descriptor system under consideration.

Theorem 3: The switched system (3.1) is stable and the £, gain is less than 7y under impulse-free
arbitrary switching if there are nonsingular symmetric matrices P; € R"*" satisfying for Vi €
7 that

ETPRE>0 (5.1)

ATPA; —ETPE+CIC;  ATPB;

<0 5.2
BIP;A; BI'P;B; — *I 2

together with (4.3).
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Proof: Since (5.1) is the same as (4.1) and (5.2) includes (4.2), we conclude from Theorem 1 that
the switched descriptor system is exponentially stable under impulse-free arbitrary switching.
What remains is to prove the £, gain property.

Consider the Lyapunov function candidate V(x) = x” ETP;Ex, which is always nonnegative
due to (5.1) and always continuous due to (4.3). Then, on any discrete-time interval where the
i-th subsystem is activated, the difference of V(x) along the system’s trajectories satisfies

V(x(k+1)) = V(x(k)) = xT(k+1)ETP;Ex(k +1) — xT (k)ET P;Ex (k)
= (Ex(k+1))TP(Ex(k+1)) — xT (k)ETPTEx(K)
= (Apx(k) + Bjw (k) "P,(Ajx (k) + Biw(k)) — x” (k) ET P Ex(k)

ATPA; — ETP,E ATPB; | | x(k)
BIPA; BIPB; | | w(k)

x() 1" [=cTc; 0 ] [x(k)
w(k) 0 21| | w(k)

= 2T (k)z(k) + v*wT (K)w(k), (5.3)

IA

where the condition (5.2) was used in the inequality.
Now, for an impulse-free arbitrary piecewise constant switching signal and any given k > 0,

suppose k1 < kp < --- < k; (r > 1) be the switching points of the switching signal on the
discrete-time interval [0, k). Then, according to (5.3), we obtain

k
V(x(k+1)) = V(x(k7)) < Zk {=2"()z() + T (Hw(j)}
J=Kr
k,—1
V(x(ky)) = V(x(kZy) < ] {=27()z(j) + Y*wT (Hw(j) }
J=kr—1
....... (5.4)
kz*l
V(x(ky)) = V(x(k))) < Zk {=2"(})z(j) + T (Hw(j) }
J=K1
klfl
V(x(ky) = v(x(0)) < Y {~2"()z(j) + 0 (Hw(i)}
j=0
where
V(x(kf)) = kiilgoV(X(k)), V(x(k;)) = lim V(x(k)). (5.5)

However, due to the condition (4.3), we obtain V(x(k?' ) = V(x(kj_ )) at all switching instants.
Therefore, summing up all the inequalities of (5.4) results in

V(x(k+1)) - ) < Z{ i)+ (o) | - (5.6)
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Since V(x(k+1)) > 0, we obtain that

k k
Y2 (Dz() < V(x(0) +* Yw' (Hw(j), 5.7)
j=0 j=0
which implies the £, gain of the switched system is less than 7. 1

Remark 5: When E = I, the conditions (5.1)-(5.2) and (4.3) require a common positive definite
matrix P satisfying

ATPA; —P;+CIC;  AlPB;

BT P,A BIPB 21| )
i PiA; i PiBi =71

for all Vi € Z, which is the same as in [15]. Thus, Theorem 3 extended the £, gain analysis
result from switched time space systems to switched descriptor systems in discrete-time
domain. In addition, it can be seen from the proof that V(x) = xT ET P;Ex plays the important
role of a common quadratic Lyapunov function for stability and £, gain <y of all the descriptor
subsystems. ]

6. Concluding remarks

We have established a unified approach to stabilility and £, gain analysis for switched linear
discrete-time descriptor systems under impulse-free arbitrary switching. More precisely,
we have shown that if there is a common quadratic Lyapunov function for stability of
all subsystems, then the switched system is stable under impulse-free arbitrary switching.
Furthermore, we have extended the results to £, gain analysis of the switched descriptor
systems, also in the name of common quadratic Lyapunov function approach. As also
mentioned in the remarks, the common quadratic Lyapunov functions proposed are not
positive definite with respect to all states, but they actually play the role of a Lyapunov
function as in classical Lyapunov stability theory. The approach in this article is unified in
the sense that it is valid for both continuous-time [21] and discrete-time systems, and it takes
almost the same form in both stability and £, gain analysis.
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Robust Stabilization for a Class of Uncertain
Discrete-time Switched Linear Systems

Songlin Chen, Yu Yao and Xiaoguan Di
Harbin Institute of Technology
P. R. China

1. Introduction

Switched systems are a class of hybrid systems consisting of several subsystems (modes of
operation) and a switching rule indicating the active subsystem at each instant of time. In
recent years, considerable efforts have been devoted to the study of switched system. The
motivation of study comes from theoretical interest as well as practical applications.
Switched systems have numerous applications in control of mechanical systems, the
automotive industry, aircraft and air traffic control, switching power converters, and many
other fields. The basic problems in stability and design of switched systems were given by
(Liberzon & Morse, 1999). For recent progress and perspectives in the field of switched
systems, see the survey papers (DeCarlo et al., 2000; Sun & Ge, 2005).

The stability analysis and stabilization of switching systems have been studied by a number
of researchers (Branicky, 1998; Zhai et al., 1998; Margaliot & Liberzon, 2006, Akar et al.,
2006). Feedback stabilization strategies for switched systems may be broadly classified into
two categories in (DeCarlo et al., 2000). One problem is to design appropriate feedback
control laws to make the closed-loop systems stable for any switching signal given in an
admissible set. If the switching signal is a design variable, then the problem of stabilization
is to design both switching rules and feedback control laws to stabilize the switched
systems. For the first problem, there exist many results. In (Daafouz et al., 2002), the switched
Lyapunov function method and LMI based conditions were developed for stability analysis
and feedback control design of switched linear systems under arbitrary switching signal.
There are some extensions of (Daafouz et al., 2002) for different control problem (Xie et al.,
2003; Ji et al., 2003). The pole assignment method was used to develop an observer-based
controller to stabilizing the switched system with infinite switching times (Li et al., 2003).

It is should be noted that there are relatively little study on the second problem, especially
for uncertain switched systems. Ji had considered the robust Hoo control and quadratic
stabilization of uncertain discrete-time switched linear systems via designing feedback
control law and constructing switching rule based on common Lyapunov function approach
(Ji et al., 2005). The similar results were given for the robust guaranteed cost control problem
of uncertain discrete-time switched linear systems (Zhang & Duan, 2007). Based on multiple
Lyapunov functions approach, the robust Heo control problem of uncertain continuous-time
switched linear systems via designing switching rule and state feedback was studied (Ji et
al., 2004). Compared with the switching rule based on common Lyapunov function
approach (Ji et al,, 2005, Zhang & Duan, 2007), the one based on multiple Lyapunov
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functions approach (Ji et al., 2004) is much simpler and more practical, but discrete-time case
was not considered.

Motivated by the study in (Ji et al., 2005; Zhang & Duan, 2007; Ji et al., 2004), based on the
multiple Lyapunov functions approach, the robust control for a class of discrete-time
switched systems with norm-bounded time-varying uncertainties in both the state matrices
and input matrices is investigated. It is shown that a state-depended switching rule and
switched state feedback controller can be designed to stabilize the uncertain switched linear
systems if a matrix inequality based condition is feasible and this condition can be dealt
with as linear matrix inequalities (LMIs) if the associated scalar parameters are selected in
advance. Furthermore, the parameterized representation of state feedback controller and
constructing method of switching rule are presented. All the results can be considered as
extensions of the existing results for both switched and non-switched systems.

2. Problem formulation

Firstly, we consider a class of uncertain discrete-time switched linear systems described by

x(k+1) = (A ) + AA 1)) x(k) + (Boiy + AByi ) u(k)
Aa(k) Ba(k) (1)
y(k) = Ca(k)x(k)

where x(k)eR" is the state, u(k)eR"™ is the control input, y(k) e R7 is the measurement
output and o(k)eZ={1,2,---N} is a discrete switching signal to be designed. Moreover,
o(k)=i means that the ith subsystem (A;,B;,C;) is activated at time k (For notational
simplicity, we may not explicitly mention the time-dependence of the switching signal
below, that is, o(k) will be denoted as ¢ in some cases). Here A;, B; and C; are constant
matrices of compatible dimensions which describe the nominal subsystems. The uncertain
matrices AA; and AB; are time-varying and are assumed to be of the forms as follows.

AA; = MiE, (k)N AB; = My, Fy (K)Ny; @
where M, N,, M,;, N, are given constant matrices of compatible dimensions which

characterize the structures of the uncertainties, and the time-varying matrices F,(k) and
F,;(k) satisfy

EN(K)E,; (k) <I,EX(K)ES(k)<I VieZ €)

where [ is an identity matrix.

We assume that no subsystem can be stabilized individually (otherwise the switching
problem will be trivial by always choosing the stabilized subsystem as the active
subsystem). The problem being addressed can be formulated as follows:

For the uncertain switched linear systems (1), we aim to design the switched state feedback
controller

u(k) =K, x(k) @)

and the state-depended switching rule o(x(k)) to guarantee the corresponding closed-loop
switched system
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x(k+1)=[A, +AA, + (B, + AB,)K, Jx(k) ®)

is asymptotically stable for all admissible uncertainties under the constructed switching
rule.

3. Main results

In order to derive the main result, we give the two main lemmas as follows.
Lemma 1: (Boyd, 1994) Given any constant & and any matrices M,N with compatible
dimensions, then the matrix inequality

MEN + NTFTMT < eMMT + &7 'NTN

holds for the arbitrary norm-bounded time-varying uncertainty F satisfying F'F<I .
Lemma 2: (Boyd, 1994) (Schur complement lemma) Let S,P,Q be given matrices such that
Q=Q",P=P", then

p st Ty
<0< 0<0,P-5'Q75<0.
5 Q

A sufficient condition for existence of such controller and switching rule is given by the
following theorem.

Theorem 1: The closed-loop system (5) is asymptotically stable when AA; =AB; =0 if there
exist symmetric positive definite matrices X; e R, matrices G; e R, Y; e R™", scalars

& >0 (i€E) and scalars 4; <0 (i,j €E,4; =-1) such that

Y A(GI+G-X) * « L x ]
jeE
AG; +ByY, -X, * L
G 0 A'X, * - * | .oVie= (6)
G, 0 0 A3X, - %
i G 0 0 0 0 AnXy|

is satisfied (* denotes the corresponding transposed block matrix due to symmetry), then
the state feedback gain matrices can be given by (4) with

K, =Y,G/' )
and the corresponding switching rule is given by
o(x(K) =argmin{x” (k)X x(k)} ®)

Proof. Assume that there exist G;,X;,Y;,¢; and 4; such that inequality (6) is satisfied.
By the symmetric positive definiteness of matrices X;, we get

(G -X)' X 1(G; - X;) 20
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which is equal to
G/'X'G,>G! +G, - X,

It follows from (6) and 4; <0 that

Y AGIXTG o+
jeE
AG+BY, -X, *|<0 )

1

I, 0 o

1

T .
wherel’; = [Gi/Gi""Gi] , D :dlag{l/ﬂflxlll//lizxzf"/1/j‘i(i—l)xi—lfl//11'(1‘+1)Xi+1/"'/1//11'NXN}
Pre- and post- multiplying both sides of inequality (9) by diag{G;*,I,I}" and diag{G;*,I,I},
we get

Z ﬂ“z] Xz_l * *

je=
A +BK, -X, * |<0 (10)

1
1, 0 @,

1

T
where IT; =[I,1,---I] .
By virtue of the properties of the Schur complement lemma, inequality (10) is equal to

x4 Z ,1,,()(,-1 _X-,'l) *
l jeg, j#i N ! <0 (11)
A; +BK; -X;

1

Letting P = X;* and applying Schur complement lemma again yields

A; +BK;)"P(A; + BK;)- P + (P =P;)<0 12
1 1 1 1 1 1

je= i
Since P. = X; (Vi € E), the switching rule (8) can be rewritten as
o (x(k)) = arg min{x" (k) Px(k)}. (13)
By (13), o(k) =1 implies that -
(k)P - P)x(k)<0, VjeE,j=i. (14)
Multiply the above inequalities by negative scalars 4;; for each j € £, j # i and sum to get

T k){ > Aif(B—IJ]-)]x(k)zo (15)

jez, ji
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Associated with the switching rule (13), we take the multiple Lyapunov functions V(x(k))
as

Va(k)(x(k)) = xT(k)PO'(k)x(k) (16)

then the difference of V(x(k)) along the solution of the closed-loop switched system (5) is
AV =V (x(k+1)) = V(x(k)) = x" (k + 1) P, 12 (k + 1) = x" (k) P, (k)

At non-switching instant, without loss of generality, letting o(k+1)=0c(k)=i(ieZE), and
applying switching rule (13) and inequality (15), we get

AV =x" (k+ )Pk + 1)~ x" (k) Pac(k) = x" (k)] (A; + BK,) B(A; + BK;) - B Jx(k) <0 (17)

It follows from (12) and (15) that AV <0 holds.
At switching instant, without loss of generality, leto(k+1) = j,o(k)=i(i,j € Z,i # j) to get

AV =x" (k+1)Pax(k+1)—x" (k)Px(k) < x" (k+1)Px(k +1) - x" (k)Px(k) <0 (18)

It follows from (17) and (18) that AV <0 holds. In virtue of multiple Lyapunov functions
technique (Branicky, 1998), the closed-loop system (5) is asymptotically. This concludes the
proof.

Remark 1: If the scalars 4; are selected in advance, the matrices inequalities (19) can be
converted into LMIs with respect to other unknown matrices variables, which can be
checked with efficient and reliable numerical algorithms available.

Theorem 2: The closed-loop system (5) is asymptotically stable for all admissible
uncertainties if there exist symmetric positive definite matrices X;eR™", matrices

G; eR™", Y; eR™", scalars & >0 (i €E) and scalars 4; <0 (i, € E,4; =-1) such that

DIV (RN & B * L
jeE
AG; +BY; e, * * * * *
N,G; 0 -l * * * *
NyY; 0 0 -& = oo T o VvieE (19
G 0 0 0 A'x, * *
G 0 0 0 0 17X, *
| G 0 0 0 0 0 0 AnXy]

is satisfied, where
©; =—X; +&[M;My; + MyMy],
then the state feedback gain matrices can be given by (4) with

K, =YG/" (20)
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and the corresponding switching rule is given by

o(x(k)) = argmin{x T(k)Xi’lx(k)} (21)

[1=5c)

Proof. By theorem 1, the closed-loop system (5) is asymptotically stable for all admissible
uncertainties if that there exist G;, X;,Y; and 4; such that

1

A4G4+BY4 ® * |<0 (22)

where T :[Gi,Gi,...Gi]T,
®; =diag{1/ 4, X,1/ 22 X5, 1/ ZigyXi1. 1/ 2y Xinas w1/ A Xn ),

which can be rewritten as

where
A:(GT+G, -X;) * *
b= 1]( i i 1) 0 0
A= AG;+BY; e, *| M=|M; M|
I 0 o 0 0

(k) = diag (E, (K), Fy (K), Ni{Nm‘G" 0 0}

N,K; 0 0
It follows from Lemma 1 and E"(H)ET(£)<T that
A+ MM +NIN, <0 (23)

By virtue of the properties of the Schur complement lemma, inequality (19) can be rewritten
as

Y AGI+G-X,) xox ok x]
jeE
AG+BY,  ©, * * % Gies 4
lez
I, 0o @ = =+ |<0
N,G; 0 0 —gl *
NyiY; 0 0 0 -gl

It is obvious that inequality (24)is equal to inequality (19), which finished the proof.
Let the scalars 4; =0 and X; =X, =X, it is easily to obtain the condition for robust stability
of the closed-loop system (5) under arbitrary switching as follows.
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Corollary 1: The closed-loop system (5) is asymptotically stable for all admissible
uncertainties under arbitrary switching if there exist a symmetric positive definite matrix
X; e R™ , matrices G; e R™", Y; e R™" scalars ¢; >0 and such that

-Gl -G +x, * * %

AGH+BY, & " T ) vies (25)
NG 0 —gl ¥
NY, 0 0 -gl

is satisfied, where ®; = —X; + &[M, ML + M,;M;], then the state feedback gain matrices can
be given by (4) with

K;=Y,G' (26)

4. Example

Consider the uncertain discrete-time switched linear system (1) with N =2. The system
matrices are given by

15 15 1 0.5 0.3
A= 0 1o By = 0 My = 0o’ N, =[04 02],M,, = 04 N, =[02],

A= 20 B—OM _|03 N, =[03 02],M —0'3N =[0.1
27106 12172 |17 |04 a2 LT A2 T g3 2 =[01]:

Obviously, the two subsystems are unstable, and it is easy to verify that neither subsystem
can be individually stabilized via state feedback for all admissible uncertainties. Thus it is
necessary to design both switching rule and feedback control laws to stabilize the uncertain
switched system. Letting A, =-10and 4,; =-10, the inequality (19) in Theorem 1 is
converted into LMIs. Using the LMI control toolbox in MATLAB, we get

[41.3398 -8.7000 [381986 -8.6432
171-8.7000 86.6915| "2 | -8.6432 93.8897

{41.3415 —8.6656} {—51.2846T
1= A= ’

-8.7540 86.4219 —26.5670

[381665 -8.6003]  [-44.3564 !
27186186 93.6219| 2 | 54.4478 | ’

£ =56.6320,, = 24.3598

With K; =Y,G;?, the switched state feedback controllers are

K, =[-1.4841 -1.1505],K, =[-1.0527 0.4849].
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It is obvious that neither of the designed controllers stabilizes the associated subsystem.
Letting that the initial state is x,=[-3,2] and the time-varying uncertain
F,(k)=Fy(k)= f(k) (i=1,2) as shown in Figure 1 is random number between -1 and 1, the
simulation results as shown in Figure 2, 3 and 4 are obtained, which show that the given

uncertain switched system is stabilized under the switched state feedback controller
together with the designed switching rule.

1

0.5¢

]
—_

0 5 10 15 20
k/step

Fig. 1. The time-varying uncertainty f(k)

T p——————

0 5 10 15 20
k(step)

Fig. 2. The state response of the closed-loop system
5. Conclusion

This paper focused on the robust control of switched systems with norm-bounded
time-varying uncertainties with the help of multiple Lyapunov functions approach and
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matrix inequality technique. By the introduction of additional matrices, a new condition
expressed in terms of matrices inequalities for the existence of a state-based switching
strategy and state feedback control law is derived. If some scalars parameters are selected in
advance, the conditions can be dealt with as LMIs for which there exists efficient numerical
software available. All the results can be easily extended to other control problems
(H,,H,, control, etc.).
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k(step)
Fig. 3. The switching signal
2
1 L i
o L i
q
%
1t J
20 ]
-3 ‘ ‘ ‘
-3 -2 -1 0 1
x1

Fig. 4. The state trajectory of the closed-loop system
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1. Introduction

Multitone modulations are today frequently used modulation techniques that enable
optimum utilization of the frequency band provided on non-ideal transmission carrier
channel (Bingham, 2000). These modulations are used with especially in data transmission
systems in access networks of telephone exchanges in ADSL (asymmetric Digital Subscriber
Lines) and VDSL (Very high-speed Digital Subscriber Lines) transmission technologies, in
systems enabling transmission over power lines - PLC (Power Line Communication), in
systems for digital audio broadcasting (DAB) and digital video broadcasting (DVB) [10].
And, last but not least, they are also used in WLAN (Wireless Local Area Network)
networks according to IEEE 802.11a, IEEE 802.11g, as well as in the new WiMAX technology
according to IEEE 802.16. This modulation technique makes use of the fact that when the
transmission band is divided into a sufficient number of parallel subchannels, it is possible
to regard the transmission function on these subchannels as constant. The more subchannels
are used, the more the transmission function approximates ideal characteristics (Bingham,
2000). It subsequently makes equalization in the receiver easier. However, increasing the
number of subchannels also increases the delay and complication of the whole system. The
dataflow carried by individual subchannels need not be the same and the number of bytes
carried by one symbol in every subchannel is set such that it maintains a constant error rate
with flat power spectral density across the frequency band used. The mechanism of
allocating bits to the carriers is referred to as bit loading algorithm. The resulting bit-load to
the carriers thus corresponds to an optimum distribution of carried information in the
provided band at a minimum necessary transmitting power.

In all the above mentioned systems the known and well described modulation DMT
(Discrete MultiTone) (Bingham, 2000) or OFDM (Orthogonal Frequency Division
Multiplexing) is used. As can be seen, the above technologies use a wide spectrum of
transmission media, from metallic twisted pair in systems ADSL and VDSL, through radio
channel in WLAN and WiMAX to power lines in PLC systems.

Using multitone modulation, in this case DMT and OFDM modulations, with adaptive bit
loading across the frequency band efficient data transmission is enabled on higher
frequencies than for which the transmission medium was primarily designed (xDSL, PLC)
and it is impossible therefore to warrant here its transfer characteristics. In terrestrial
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transmission the relatively long symbol duration allows effective suppression of the
influence of multi-path signal propagation (DAB, DVB, WiMAX, WLAN).

Unfortunately, DMT and OFDM modulation ability will fail to enable quite an effective
utilization of transmission channels with specially formed spectral characteristic with sharp
transients, which is a consequence of individual subchannel frequency characteristic in the
form of sinc function. It is also the reason for the transmission rate loss on channels with the
occurrence of narrow-band noise disturbance, both metallic and terrestrial. Moreover, multi-
path signal propagation suppression on terrestrial channels is achieved only when the delay
time is shorter than symbol duration. For these reasons the available transmission rate is
considerably limited in these technologies.

Alternative modulation techniques are therefore ever more often sought that would remove
the above described inadequacies. The first to be mentioned was the DWMT modulation
(Discrete Wavelet MultiTone) (Sandberg & Tzanes, 1995). This technique using the FWT
(Fast Wavelet Transform) transform instead of the FFT transform in DMT or OFDM enabled
by changing the carrier shape and reducing the sinc function side lobes from - 13 dB to - 45
dB a reduction of the influence of some of the above limitations. The main disadvantage of
DWMT was the necessity to modulate carriers with the help of one-dimensional Pulse-
Amplitude Modulation (PAM) instead of two-dimensional QAM, as with the DMT or
OFDM system, i.e. a complex number implementing the QAM modulator bank. Another
drawback was the high computational complexity.

Another modulation method, which is today often mentioned, is the filter bank modulation,
referred to as FMT (Filtered MultiTone or Filter bank MultiTone) (Cherubini et al.2000).
FMT modulation represents a modulation technique using filter banks to divide the
frequency spectrum. The system input is complex symbols, obtained with the help of QAM
modulation, similar to classical DMT. The number of bits allocated to individual carriers is
also determined during the transmission initialization according to the levels of interference
and attenuation for the given channel, the same as with DMT. By upsampling the input
signals their spectra will be periodized; subsequent filtering will select the part which will
be transmitted on the given carrier. The filters in individual branches are frequency-shifted
versions of the filter in the first branch, the so-called prototype filter - the lowpass filter
(Cherubini et al.2000). Thanks to the separation of individual subchannel spectra, the
interchannel interferences, ICI, are, contrary to the DMT, severely suppressed, down to a
level comparable with the other noise. On the other hand, the intersymbol interferences, ISI,
occur on every subchannel, event if the transmission channel is ideal (Benvenuto et al,,
2002). Therefore, it is necessary to perform an equalization of not only the transmission
channel but also the filters. This equalization may be realized completely in the frequency
domain. FMT also facilitates the application of frequency division duplex, because there is
no power emission from one channel into another.

2. DMT and OFDM modulations
A signal transmitted by DMT or OFDM modulator can be described as shown by equation:

zMS

N-1 ]2nit
Xk (t kTSym) T } @

> i=1

x(t)= {\/—k
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where
1 for te(0,T i fe-i 2N CcP
h(t) < ) /fi:*:f y T=—, Tep=—F
0 otherwise T 2N fs fs
i 1,2

In DMT modulation, N - 1 is the number of carriers and so 2N is the number of samples in
one symbol, k is the ordinal number of symbol, i is the carrier index, and X is the QAM
symbol of ith carrier of kf* symbol. In OFDM modulation all 2N carriers are modulated
independently, and so the output signal x(f) is complex. The symbols are shaped by
a rectangular window h(n), therefore the spectrum of each carrier is a sinc(f) function. The
individual carriers are centred at frequencies f; and mutually overlapped. The transmission
through the ideal channel enables a perfect demodulation of the DMT or OFDM signal on
the grounds of the orthogonality between the individual carriers, which is provided by the
FFT transformation.

However, the transmission through non-ideal channels, mentioned in the first section, leads
to the loss of orthogonality and to the occurrence of Inter-Symbol (ISI) and Inter-Carrier
Interferences (ICI). To suppress the effect of the non-ideal channel, time intervals of duration
Tcp (so-called cyclic prefixes) are inserted between individual blocks in the transmitted data
flow in the transmitter. The cyclic prefix (CP) is generated by copying a certain number of
samples from the end of next symbol. In the receiver the impulse response of the channel is
reduced by digital filtering, called Time domain EQualizer (TEQ), so as not to exceed the
length of this cyclic prefix. The cyclic prefix is then removed. This method of transmission
channel equalisation in the DMT modulation is described in [6].

The spectrum of the carriers is a sinc(f) function and so the out-of-transmitted-band emission
is much higher. There is a problem with the duplex transmission realisation by Frequency
dividing multiplex (FDM) and with the transmission medium shared by another
transmission technology. Figure 1 shows an example of ADSL technology. In ADSL2+ the
frequency band from 7th to 31st carrier is used by the upstream channel and from 32nd to
511th carriers by the downstream channel. The base band is used by the plain old telephone
services (POTS).

In ADSL, the problem with out-of-transmitted-band emission is solved by digital filtering of
the signal transmitted using digital IIR filters. The out-of-transmitted-band emission is
reduced (see Fig. 1.), but this filtering participates significantly in giving rise to ICI and ISI
interferences. The carriers on the transmission band border are degraded in particular.
Unfortunately, additional filtering increases the channel equalization complexity, because
channel with transmit and receive filters creates a band-pass filter instead of low-pass filter.
The difficulty is greater in upstream direction especially for narrow band reason. Therefore,
a higher order of TEQ filter is used and the signal is sampled with two-times higher
frequency compared to the sampling theorem. Also, when narrow-band interference
appears in the transmission band, it is not only the carriers corresponding to this band that
are disturbed but also a whole series of neighbouring carriers.

The above disadvantages lead to a suboptimal utilization of the transmission band and to a
reduced data rate. This is the main motivation for designing a new realisation of the MCM
modulation scheme. Recently, a filter bank realisation of MCM has been the subject of
discussion. This method is called Filtered MultiTone modulation (FMT).
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upstream without filtering
downstream without filtering
upstream with filtering
downstream with filtering

SNR [dB]

40 I I I

Fig. 1. SNR comparison of upstream and part of downstream frequency bands of ADSL2+
technology with and without additional digital filtering. PSD= -40 dBm/Hz, AWGN=-110
dBm/Hz and -40 dB hybrid suppression.

3. Filtered multitone modulation

This multicarrier modulation realization is sometimes called Filter bank Modulation
Technique (Cherubini et al.2000). Figure 2 shows a FMT communication system realized by
a critically sampled filter bank. The critically sampled filter bank, where the upsampling
factor is equal to the size of filter bank 2N, can be realized efficiently with the help of the
FFT algorithm, which will be described later. More concretely, the filter bank is non-critical,
if the upsampling factor is higher than the size of filter bank (2N).

Xk
0 YON - hy(n)
Xk
! ‘on > hl(n) — )
A
Xk
ML AN ) By (0)
T T
T 2N 2N

Fig. 2. Basic principle of Filtered MultiTone modulation.
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The output signal x(1) of the FMT transmitter given in Fig. 2 can be described using relation:

o 2N-1

x(n)= Z > Xfh;(n-2kN) ©)
Nkf—oc i=0

The polyphase FIR filters with the impulse response h;(1) are the frequency-shifted versions
of low pass filter with impulse response h(n), called prototype filter:

.2nmni
h, (n):ﬁh(n) 2N 3)

In equation (3) h(n) is the impulse response of the prototype FIR filter. The order of this
filter is 2yN, where yis the overlapping factor in the time domain.

For a perfect demodulation of received signal after transmission through the ideal channel
the prototype filter must be designed such that for the polyphase filters the condition hold,
which is expressed by the equation:

Zh (n—-2Nk) =5,_;5, 4)

for0<i,i’<2N-1and k=..,-1,0,1, ...

In equation (4) ¢i is the Kronecker delta function. The equation defining the orthogonality
between the polyphase filters is a more general form of the Nyquist criterion (Cherubini et
al.2000). For example, condition (4) of perfect reconstruction is satisfied in the case of DMT
modulation, given in equation (1), because the sinc spectrums of individual carriers have
zero-values for the rest of corresponding carriers. The ideal frequency characteristic of the
prototype filter to realize a non-overlapped FMT modulation system is given by the
equation (5).

1 1
‘H(ejﬂﬂ) ‘: v doronsfsor ©)
0 otherwise

The prototype filter can be designed by the sampling the frequency characteristic (5) and
applying the optimal window. Figure 3 shows the spectrum of an FMT modulation system
for y = 10. The prototype filter was designed with the help of the Blackmen window.
Suitable windows enabling the design of orthogonal filter bank are e.g. the Blackman
window, Blackmanharris window, Hamming window, Hann window, flattop window and
Nuttall window. Further examples of the prototype filter design can be found in (Cherubini
et al., 2000) and (Berenguer & Wassel, 2002).

The FMT realization of N - 1 carriers modulation system according to Fig. 4 needs 2N FIR
filters with real coefficients of the order of 2yN. In (Berenguer & Wassel, 2002) a realization
of FMT transmitter using the FFT algorithm is described. This realization is shown in Fig. 4.
In comparison with DMT modulation, each output of IFFT is filtered additionally by an FIR
filter hi(m) of the order of y. The coefficient of the h;(m) filter can be determined from the
prototype filter hi(n) of the order of 2yN:

h;(m)=h(2mN +i) (6)
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tone [-]

Fig. 3. FMT spectrum for y = 10 and Blackman window.
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Fig. 4. The realization of FMT transmitter using FFT algorithm.
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Fig. 5. The realization of FMT receiver using FFT algorithm.
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The principle of FMT signal demodulation can be seen in fig 5. Since the individual carriers
are completely separated, no ICI interference occurs. Equalization to minimize ISI
interference can be performed in the frequency domain without the application of cyclic
prefix (Benvenuto et al., 2002). Duplex transmission can be solved by both FDM and EC,
without any further filtering, which is the case of DMT. If a part of the frequency band is
shared (EC duplex method), the echo cancellation can be realized easily in the frequency
domain.

4. Overlapped FMT modulation

The FMT modulation type mentioned in the previous section can be called non-overlapped
FMT modulation. The individual carriers are completely separated and do not overlap each
other. FMT realization of multicarrier modulation offers a lot of advantages, as mentioned in
the preceding chapter. In particular, the frequency band provided is better utilized in the
border parts of the spectrum designed for individual transmission directions, where in the
case of DMT there are losses in the transmission rate. The out-of-transmission-band
emission is eliminated almost completely. If we use the EC duplex method, the simpler
suppression of echo signal enables sharing a higher frequency band. A disadvantage of FMT
modulation is the increase in transmission delay, which increases with the filter order y. The
FMT transmission delay is minimally y times higher than the transmission delay of a
comparable DMT system and thus the filter order y must be chosen as a compromise. The
suboptimal utilization of provided frequency band in the area between individual carriers
belongs to other disadvantages of non-overlapped FMT modulation. Individual carriers are
completely separated, but a part of the frequency band between them is therefore not
utilized optimally, as shown in Fig. 6. The requirement of closely shaped filters by reason of
this unused part minimization just leads to the necessity of the high order of polyphase
filters.

non-overlaped FMT with y= 14
20 : non-overlaped FMT with y=6
overlaped FMT with y=6

PSD [dBm/Hz]

-100

-120

8 10 12 14 16 18 20 22
tone [ -]

Fig. 6. Comparison of PSD of overlapped and non-overlapped FMT.
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The above advantages and disadvantages of the modulations presented in the previous
section became the motivation for designing the half subchannel overlapped FMT
modulation. An example of this overlapped FMT modulation is shown in Fig. 7. As the
Figure shows, individual carriers overlap one half of each other. The side-lobe attenuation is
smaller than 100 dB. For example, the necessary signal-to-noise ratio (SNR) for 15 bits per
symbol QAM is approximately 55 dB.

20

40 |

60

80

100 f

Magnitude characteristics [dB]

120

P> S —
o

140 . — S
1 2 3 4 5 6
tone [-]

Fig. 7. Overlapped FMT spectrum for y = 6 and Nuttall window.

The ratio between transmitted total power in overlapped and non-overlapped FMT
modulations of equivalent peak power are shown in Table 1. Suboptimal utilization of the
frequency band occurs for smaller filter orders. As has been mentioned, a higher order of
filters increases the system delay. The whole system delay depends on the polyphase filter
order, number of carriers and delay, which originates in equalizers.

Iz Pp/Pn’

[-] [dB] window 3

4 43 Hamming

6 54 Blackmen

8 35/60 Blackman /Nuttall
10 25/43 Blackman /Nuttall
12 1.7 /31 Blackman /Nuttall
14 1.0/24 Blackman /Nuttall
16 1.0/18 Blackman /Nuttall

1Polyphase filter order;
2Ratio between power of overlapped and non-overlapped FMT modulation;
3Used window;

Table 1. Comparison of ratio between whole transmitted power of overlapped and non-
overlapped FMT modulation for the same peak power.
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The designed filter has to meet the orthogonal condition, introduced by equation (4). An
efficient realization of overlapped FMT modulation is the same as that of non overlapped
FMT modulation introduced in Fig. 4. The difference is in the design of the filter coefficients
only. Polyphase filters can be of a considerably lower order than filters in non-overlapped
FMT modulation, because they need not be so closely shaped in the transient part. The
shape of individual filters must be designed so as to obtain a flat power spectral density
(PSD) in the frequency band utilized, because it enables an optimal utilization of the
frequency band provided. Figure 7 shows an example of such overlapped FMT modulation
with y = 6. The ideal frequency characteristic of overlapped FMT prototype filter can be
defined with the help of two conditions:

H(e" ) [=0 for \f\S% o
‘H(einT) ‘2+‘H(ejﬂ(f T+1/2)) ‘2 =1 for ‘f‘>%

In the design of polyphase filters of very low order it is necessary to chose a compromise
between both conditions, i.e. between the ripple in the band used and the stopband
attenuation. Examples of some design results for polyphase filter orders of 2, 4 and 6 are
shown in (Silhavy, 2008). The filter design method based on the prototype filter was
described in the previous chapter.

5. Equalization in overlapped FMT modulation

In overlapped FMT modulation as well as in non-overlapped FMT modulation the inter-
symbol interferences (ISI) occur even on an ideal channel, which is given by the FMT
modulation system principle. Equalization for ISI interference elimination can be solved in
the same manner as in non-overlapped FMT modulation with the help of DFE equalizers, in
the frequency domain (see Fig. 5).

If the prototype filter was designed to satisfy orthogonal condition (4), ICI interferences do
not occur even in overlapped FMT modulation. More exactly, the ICI interference level is
comparable with non-overlapped FMT modulation. This is demonstrated by the simulation
results shown in Figures 8 and 9.

In the Figures the 32-carrier system (Figure 8) and 256-carrier system (Figure 9) have been
simulated, both with the order of polyphase filters y equal to 8. The systems were simulated
on an CSA-mid loop in the IMHz frequency band. From a comparison of Figures 8a and 8b
it can be seen that ICI interferences in overlapped and non-overlapped FMT modulations
are comparable. In the case of a smaller order of polyphase filters y the ICI interferences are
lower even in overlapped FMT. Figure 9 shows the system with 256 carriers. It can be seen
that the effect of channel and the ICI interferences are decreasing with growing number of
subchannels. The level of ICI interferences is dependent on the order of polyphase filters v,
the type of window used and the number of carriers.

As has been mentioned, the channel equalization whose purpose is to minimize ISI
interference can be performed in the frequency domain. Each of the EQn equalizers (see
Figure 5.) can be realized as a Decision Feedback Equalizer (DFE). The Decision Feedback
Equalizer is shown in Fig. 10. The equalizer works with complex values (Sayed, 2003).



372 Discrete Time Systems

IR
0N’!ﬁ{ A A "'M"\"Hv .
L 'i.’.“.:? Py E'.go V'\,H: ”H.M'i ’i,h' ”.HT .
20 Fop M"p""”” . S Ly u“‘”"“”n"’.'" ,'7”7 .
o ”’4"HH~ i ‘ Y Hun,w AR #
2 '""'4""wM[UH'MH';W'u”“'f’*. S 4 »’uu Ly Wn“n’”r" “".H\’H"."“".W
§ 40 | L. ,,' IRRUTEIINKY 'xu. IROANER TMANARATY '.‘”W, AT
L - 'l if UUIH,UHU 1h HHI.W 4] L. iH 'Hi)' () I s ’ 'H H\M
g »"" Pl g m'”'. Uiy & ',mumuu,u 'u‘M'( ”4" “' i
5 "”4"'W LU TS g ur'“ﬂ'mw n'u o
8 0 [ty thidpr e by Ly 'l;(‘u.u'w o ENIN o ’u”."'n’i,.u\ntM B
2 |, .U,;.,.“"'\,u”mw'.,.'u""nlf vl o ot e d "tH!',h.'u.;'.rn“,um,,,,,u,,'ﬂt
o SETEN me g ~. AR FSREARARAA [T
= IPASARE Lyl HHHMH' -80 *> A g AR
8 E H%J;L AR H"“w',n, ;'m't m.l't'ﬂ 32RO by Ly
Lot e skt 5 2 N , =
LR HUHL
-100 : -100
0 5 0 15 20 25 30 0 5 10 15 20 25 30
tone [-] tone [-]
(@) (b)

Fig. 8. ICI suppression in overlapped FMT (a) and in non-overlapped FMT (b) modulation
with N = 32, y= 8 and Nuttal window.
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Fig. 10. Decision Feedback equalizer.

The Decision Feedback Equalizer contains two digital FIR (Finite impulse response) filters
and a decision circuit. The feedforward filter (FF) with the coefficients wgr and of the order
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of M is to shorten the channel impulse response to the feedback filter (FB) length R. The
feedforward filter is designed to set the first coefficient of the shortened impulse response of
channel to unity. With the help of the feedback filter (FB) with the coefficients 1- wrp and
order R we subtract the rest of the shortened channel impulse response. The whole DFE
equalizer thus forms an infinite impulse response (IIR) filter. A linear equalizer, realized
only by a feedforward filter, would not be sufficient to eliminate the ISI interference of the
FMT system on the ideal channel.

___________ s A A —e®
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Fig. 11. Description of the sought MMSE minimization for the computation of FIR filters
coefficients of equalizer

The sought minimization of mean square error (MMSE) is described in Fig. 11. The
transmission channel with the impulse response h includes the whole of a complex channel
of the FMT modulation from X to Yk. The equalization result element r(k) is compared with
the delayed transmitted element x(k). The delay A is also sought it optimizes the
minimization and is equal to the delay inserted by the transmission channel and the
feedforward filter. The minimization of the mean square error is described by equation (8).

e(k) = x(k - A) — (k) = x(k — A) - t(k) — z(k) =
R-1 M-1

=x(k—2) = (k-A)+ X &(k—n—A) we (n)- 3 y(k—n) we (n) ®)

n=0 n=0
and wpg(0)=1

On the assumption of correct estimate and thus the validity of x(k—A4)=%(k—A) we can

simplify equation (8):
R-1 M-1
e(k)=Y x(k—-n—-A)-weg(n)- D y(k—n)-wg(n) and wgg(0)=1 )
n=0 n=0
The MMSE can be sought:

2 H H H H
MpBFE-MMSE = E{\e(k)\ } = WigR W — WFBnyAWFF — WipR A\ Wpp + WEpR y W (10)

The sought minimization mpre-mmvse under unity constraint on the first element of shortened
response (Silhavy, 2007), introduced by equation (11), is shown by equation (12):
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MpEe st = WisRx [YWep + /1(1 - fOTWFB) (11)
m S S (12)
DFE-MMSE £ TR, I =
where
R>(|Y = Rxx - nyARyyilRyxA (13)

and fj is the column zero vector of the same length as feedforward filter R with element
one in the first position: fy = [1 0g,]

In this equation, Ry is the autocorrelation matrix of the input signal of M x M size, RyyA and
Ryxaare the correlation matrices between the input and output signals of M x R and R x M
sizes. These matrices are dependent on the parameter delay A, which defines the shift
between the input and the output signals. For these matrices it holds that R,ya :R?X A -
During the computation it is necessary to find the optimal delay Ao, which can be
determined based on computed minimization mpre.mmvse. The optimal delay, however, must
be set the same for the whole equalizer bank. During the heuristic optimal delay search for
each equalizer the most frequent delay needs to be determined and this delay must be used
for coefficient computation of each equalizer of demodulator. In opposite case, the
individual symbols would be mutually shifted, which would cause demodulation
difficulties. Ry, is the autocorrelation matrix of the output signal of R x R size. This matrix
includes the influence of the channel impulse response h and noise.

The vectors of coefficients of equalizer for a given delay A can be computed as shown by the
following equations:

Rxnflfo
WrB = T 1s (14)
foTRxw 'f,
W = RyyilRywaFB (15)

Alternatively, we can based the computation of the coefficients of individual DFE equalizer
filters on channel impulse response h only, without including the input signal and noise n.
This solution can be simply derived based on the previous solution after following
derivation. The convolution matrix of a channel with impulse response h and length k is
defined by the equation:

Iy 0 0
Iy hy - 0
H= hk—l hk 2 hk—M (16)
0 Iy, M ppia
L 0 0 hy_q |
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From this matrix we chose the shortened part in the terms of delay A with the help of vector G:

k +M-1 samples

G =diag(0, ..., 0,1, ..., 1, 0, ..., 0) (17)
A R

The sought matrix Rx|y , introduced by equation (13), of the Zero-forcing solution is shown
by equation (18):

-1
RX|Y_ZeroF0rce =I- GH(HH : H) HHGH (18)

The approach presented enables determining the individual equalizer filter coefficients from
the channel impulse response h only. The matrix G determines the maximized area and thus
the delay A between the input and the output signals. In some cassis the matrix Rx|y_zeroForce
is not invertible. This problem can be fixed by increasing the components in the main
diagonal, as shows by the equation:

A = A +kyp -max{diag (A)} -1 (19)

where max{daig(A)} is the maximal element of the main diagonal of matrix A, and kop: is the
optimization factor, which can be increased in several steps (e.g. 10-10, 108, 10+, ...).
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Fig. 12. Achieved MSE in dependence on both filter order for overlapped FMT system with
y =10, Nuttalwin window and ANSI 7 channel.
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For the purpose of analyses we choose an FMT system with N = 32 carriers, a sampling
frequency of 2 MHz, the Nuttalwin window type and the polyphase filter order y =10, 12
and 14. Selected tested channels were the ideal channel and ANSI 7. The channels were
modeled by an infinite impulse response (IIR) filter of the order of 60. In Figures 12, 13 and
14 for the purpose of comparing whole FMT systems the MSE is computed as summation of
MSE of all N carriers. Figure 12 shows the dependence of achieved MSE on the order of both
filters for overlapped FMT system with y =12, Nuttalwin window and ANSI 7 channel. The
optimal combination of orders can be different for different FMT systems and channel types.
From Figures 13 a) and 13 b) it can be seen that the transmit and receive filters are of
primary influence on the appearance of ISI interference. The necessary equalizer filter order
is a little higher than the polyphase filter order.
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Fig. 13. Achieved MSE in dependence on filters order M=R for different FMT systems on
ideal channel (a) and ANSI 7 channel (b).
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6. Implementation of Filtered MultiTone in Matlab and on DSP

This chapter is devoted to describtion of the implementation of FMT and DMT modulations.
Theoretical properties of the FMT modulations with all advantages and disadvantages have
been described in previous chapters. Implementation of FMT modulation in Matlab-
Simulink and on DSP is necessary for comparison of characteristics of this modulation with
other ones in various communication systems.

Design of proper prototype filter is the first step in implementation of FMT. Prototype filter
design methods are mentioned in chapter 3. Prototype filters for the implementation have
been designed by the windowing method, using the Blackman, Modified Blackman and
Nutall windows. The polyphase filters for non-overlap FMT modulation were of the order
y =14 (Blackman window) and in half-overlap FMT modulation filters of the order y =6
(Modified Blackman window, subchannel crossing at -3dB) and y =8 (Nuttall window,
subchannel crossing at -6dB).

As mentioned above, almost twice higher order of polyphase filters in the non-overlap FMT
had to be used because of the need for a spectral separation of individual subchannels, i.e.
the need for a sharp transition from pass-band to stop-band. Two variants of half-
overlapped FMT were used for comparison of spectral characteristics and power spectral
density.

0 Blackman window, y=14
— Nuttall window, y=8
— Modifi. Blackman window, y=6
_. 50 : :
) \/\/
€ | ATaTa
—100r
\‘ \‘ ‘//‘ I \ j (
it .f |
R N |
1 2 3
tone [-]

Fig. 14. Prototype filters used in implementation

Furthermore, we proposed a suitable model of FMT Modulation in Matlab-Simulink. As a
source of pseudorandom binary sequence the Bernoulli random binary generator was
chosen. Binary data are transmitted to the bank of QAM modulators, number of bits per
channel is determined by signal to noise ratio on carrier, for example by the help of a bit-
loading algorithm (Akujobi & Shen, 2008). After it the IFFT modulation is performed. In the
model, we consider transmission over metallic lines and also comparison of the FMT with
DMT modulation, so it is necessary to complement the modulation symbols to the number
2N according to (1) before IFFT. Filtering of IFFT output by the filter bank is the final step on
the transmitter side. The filter bank was built-up from polyphase components of prototype
filter mentioned above.
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The procedure in the receiver is inverted. Firstly the received signal is filtered by receiver
filter bank and after that, FFT is performed. In the next step the added symbols are removed
i.e. the symbols 0 and N...2N. Through the characteristics of FMT modulation mentioned in
chapter 5 is necessary to use equalization. DFE equalization with RLS adaptive algorithm is
used in our model. Equalized symbols are then demodulated by a bank of QAM
demodulators.

Transmitter - Channel

enomomr Bank of
Bernoulli > QAM
Binai modulators

Bernoulli Random| Subsystem?

Binary Generator|

Gotod

Transmitter Receiver
Lyl [ 45{30 > »<REC_OUT
FFT FilterBank FilterBank

Goto2

Original

Goto3

Receiver

To
IFFT @ P Input RLSDFE  Equalized

From2 » Desired per-channel

- J Mode equalization Err
= Before_DFE

Decision Directed
Lo b

Training Mode

Fig. 15. FMT system in Matlab-Simulink

The resistance of narrowband noise on chosen carrier was tested on this model. This type of
interference is very common in real conditions. Narrowband noise on 10th carrier was
applied in our case.

The evaluation was done by measuring the signal to noise ratio, SNR. For the half-overlap
FMT modulation the measurements were performed only for variants with subchannel
crossing at level -3dB. The results of the measurements are presented in Fig.17. It is obvious
that the DMT modulation has the worst properties, where the narrowband interference on
10th carrier degrades SNR on a large number of surrounding carriers. The opposite case is
FMT modulation, in both variants the SNR is degraded only on the carrier with narrowband
interference. For the half-overlap FMT modulation degradation on two nearby carriers was
expected, but the measurement shows degradation only on 10th carrier.

The model described above can be adjusted and implemented on DSP. The chosen
development kit uses the TI C6713 floating-point digital signal processor. The model is
divided into part of transmitter and part of receiver. The signal processing procedure is
identical to the model. After generation of pseudorandom binary sequence, QAM
modulation is performed. The number of bits transmitted on the sub-carrier is chosen before
the actual implementation. After it the IFFT modulation is performed and each output is
filtered by the transmitter filter bank. The last step is to adjust the amplitude of the
transmitted signal to the range of DAC converter. In this way modified model was then

Equalized - DFE

Bank of
e | <]

Goto1
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compiled and implemented on digital signal processor with the help of the Link for CCS
toolbox.

This way of generating code is fully functional and they allow measuring the proposed
algorithm directly in the digital signal processor but they definitely cannot be considered
optimized. It is convenient to use libraries that are optimized for a given processor and
replace the standard Simulink blocks by optimized ones. It is also possible to replace the
original number formats by formats corresponding to the processor. Also the filterbank can
be designed in two ways. The first way is independent filtering in each branch of filterbank
(Sysel, Krajsa 2010).

a) |hn ][R nilnzn] - [l ny nz R - [Re] e oo [nllnZ[R2] [BY
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Fig. 16. Efficient filterbank implementation

The second one is described on Fig. 16, where ;' is n-th coefficient of m-th filter, X! is i-th
IFFT symbol in m-th branch and o} is i-th output sample in m-th branch. We have three
buffers, one (a) for prototype coefficients, one (b) for input symbols from IFFT, and the last
one (c) for output frame. Buffer b is FIFO buffer, samples are written in frames of 2N
samples. This way of filtering is more effective, because we need only one for cycle for
computing one output frame.
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Fig. 17. SNR for a) DMT, b) Non-overlapped FMT, c) Half-overlapped FMT with
narrowband noise
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In the term of testing and comparing the implementation on DSP is interesting for the
possibility of power spectral density measurement and for its characteristics inside and
outside of the transmission band of partial subchannels on real line. In Fig. 19 is measured
PSD for the considered modulations.
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Fig. 18. FMT transmitter adjusted for implementation
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Fig. 19. Measured power spectral densit

It is clear that the implementation results confirm the theoretical assumptions about the
properties of implemented modulations, mainly about their spectral properties. For the half-
overlap FMT modulation the PSD measured was flat, as well as with DMT modulation, but
the side lobes are suppressed by up to 50 dB. For the non-overlap FMT modulation perfectly
separated subchannels and strongly repressed side lobes are again evident.

In the implementation the computational complexity of individual modulation was also
compared. The most common form of DMT modulation needs to implement only the 2N-
point FFT, while with FMT each FFT output must be filtered. This represents an increase in
the required computational power and in the memory used. A comparison of DMT and
FMT for different systems is shown in the table. It compares the number of MAC
instructions needed for processing one frame of length 2N.
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7. Conclusion

Based on a comparison of DMT and non-overlapped FMT multicarrier modulations we
introduced in this contribution the half-overlap subchannel FMT modulation. This
modulation scheme enables using optimally the available frequency band, such as DMT
modulation, because the resultant power spectral density of the signal is flat. Also, the
border frequency band is used optimally, the same as in non-overlapped FMT modulation.
Compared to non-overlapped FMT modulation the subchannel width is double and the
carriers cannot be too closely shaped. That enables using a smaller polyphase filter order
and thus obtaining a smaller delay. In section 5 we demonstrated that if the prototype filter
was designed to satisfy the orthogonal condition, even in overlapped FMT modulation the
ICI interferences do not occur. Furthermore, a method for channel equalization with the
help of DFE equalizer has been presented and the computation of individual filter
coefficients has been derived.
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1. Introduction

Discrete multitone (DMT) is a digital implementation of the multicarrier transmission
technique for digital subscriber line (DSL) standard (Golden et al., 2006; Starr et al., 1999).
An all-digital implementation of multicarrier modulation called DMT modulation has been
standardised for asymmetric digital subscriber line (ADSL), ADSL2, ADSL2+ and very high
bit rate DSL (VDSL) (ITU, 2001; 2002; 2003). ADSL modems rely on DMT modulation,
which divides a broadband channel into many narrowband subchannels and modulated
encoded signals onto the narrowband subchannels. The major impairments such as the
intersymbol interference (ISI), the intercarrier interference (ICI), the channel distortion, echo,
radio-frequency interference (RFI) and crosstalk from DSL systems are induced as a result
of large bandwidth utilisation over the telephone line. However, the improvement can be
achieved by the equalisation concepts. A time-domain equaliser (TEQ) has been suggested
for equalisation in DMT-based systems (Bladel & Moenclaey, 1995; Baldemair & Frenger, 2001;
Wang & Adali, 2000) and multicarrier systems (Lopez-Valcarce, 2004).

The so-called shortened impulse response (SIR) which is basically the convolutional result
of TEQ and channel impulse response (CIR) is preferably shortened as most as possible. By
employing a TEQ, the performance of a DMT system is less sensitive to the choice of length
of cyclic prefix. It is inserted between DMT symbols to provide subchannel independency
to eliminate intersymbol interference (ISI) and intercarrier interference (ICI). TEQs have been
introduced in DMT systems to alleviate the effect of ISI and ICI in case that the length of SIR
or shorter than the length of cyclic prefix (F-Boroujeny & Ding, 2001). The target impulse
response (TIR) is a design parameter characterising the derivation of the TEQ. By employing
a TEQ, the performance of a DMT system is less sensitive to the choice of length of the cyclic
prefix. In addition to TEQ, a frequency-domain equaliser (FEQ) is provided for each tone
separately to compensate for the amplitude and phase of distortion. An ultimate objective of
most TEQ designs is to minimise the mean square error (MSE) between output of TEQ and
TIR which implies that TEQ and TIR are optimised in the MSE sense (F-Boroujeny & Ding,
2001).

Existing TEQ algorithms are based upon mainly in the MMSE-based approach (Al-Dhahir
& Cioffi, 1996; Lee et al., 1995; Yap & McCanny, 2002; Ysebaert et al., 2003). These include
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the MMSE-TEQ design algorithm with the unit tap constraint (UTC) in (Lee et al., 1995) and
the unit energy constraint (UEC) in (Ysebaert et al., 2003). Only a few adaptive algorithms
for TEQ are proposed in the literature. In (Yap & McCanny, 2002), a combined structure
using the order statistic normalised averaged least mean fourth (OS-NALMF) algorithm for
TEQ and order statistic normalised averaged least mean square (OS-NALMS) for TIR is
presented. The advantage of a class of order statistic least mean square algorithms has been
presented in (Haweel & Clarkson, 1992) which are similar to the usual gradient-based least
mean square (LMS) algorithm with robust order statistic filtering operations applied to the
gradient estimate sequence.

The purpose of this chapter is therefore finding the adaptive low-complexity time-domain
equalisation algorithm for DMT-based systems which more robust as compared to existing
algorithms. The chapter is organised as follows. In Section 2 , we describe the overview of
system and data model. In Section 3 , the MMSE-based time-domain equalisation is reviewed.
In Section 4 , the derivation of normalised least mean square (NLMS) algorithm with the
constrained optimisation for TEQ and TIR are introduced. We derive firstly the stochastic
gradient-based TEQ and TIR design criteria based upon the well known low-complexity
NLMS algorithm with the method of Lagrange multiplier. It is simple and robust for ISI and
ICI. This leads into Section 5 , where the order statistic normalised averaged least mean square
(OS-NALMS) TEQ and TIR are presented. Consequently, the adaptive step-size order statistic
normalised averaged least mean square (AS-OSNALMS) algorithms for TEQ and TIR can be
introduced as the solution of MSE sense. This allows to track changing channel conditions and
be quite suitable and flexible for DMT-based systems. In Section 6 , the analysis of stability
of proposed algorithm for TEQ and TIR is shown. In Section 7 and Section 8 , the simulation
results and conclusion are presented.

2. System and data model

The basic structure of the DMT transceiver is illustrated in Fig. 1. The incoming bit stream
is likewise reshaped to a complex-valued transmitted symbol for mapping in quadrature
amplitude modulation (QAM). Then, the output of QAM bit stream is split into N parallel bit
streams that are instantaneously fed to the modulating inverse fast Fourier transform (IFFT).
After that, IFFT outputs are transformed into the serial symbols including the cyclic prefix
(CP) between symbols in order to prevent intersymbol interference (ISI) (Henkel et al., 2002)
and then fed to the channel. The transmission channel will be used throughout the chapter is
based on parameters in (ITU, 2001). The transmitted signal sent over the channel with impulse
response is generally corrupted by the additive white Gaussian noise (AWGN).

The received signal is also equalised by TEQ. The number of coefficients of TEQ is particularly
used to make the shortened-channel impulse response (SIR) length, which is the desired
length of the channel after equalisation. The frequency-domain equaliser (FEQ) is essentially
a one-tap equaliser that is the fast Fourier transform (FFT) of the composite channel of
the convolution between the coefficients of the channel (h) and the tap-weight vector (w)
of TEQ. The parallel of received symbols are eventually converted into serial bits in the
frequency-domain.

The data model is based on a finite impulse response (FIR) model of transmission channel
and will be used for equaliser in DMT-based systems. The basic data model is assumed that
the transmission channel, including the transmitter and receiver filter front end. This can
be represented with an FIR model h. The k-th received sample vector which is used for the
detection of the k-th transmitted symbol vector x; v, is given by
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where

e The notation for the received sample vectors yy ;. x.y_j1 and the received samples yy ;4 A
are introduced by

Yirsan_14a =l Ykiea - Yin—ita ) (2
where | determines the first considered sample of the k-th received DMT-symbol and
depends on the number of equaliser taps L. The parameter A is a synchronisation delay.

e T is the CIR vector h with coefficients in reverse order.

e lisann x nidentity matrix and ® denotes the Kronecker product. The (N + v) x N matrix
Py, which adds the cyclic prefix of length v, is introduced by

0 X (N— ‘IV
Xg—y:N—1 = {% Xfe,0:N—1s 3)

N— ———

Py
where the sample vector x;,_,.._1 is called a cyclic prefix (CP).
o FH = F} is the N x N IDFT matrix.
¢ The N x 1 transmitted symbol vector x; y is introduced by

*

xnv =1 %o o Xeno1 )= [ Xyl o XN 1% “)

4

¢ The vector my;ia.N—1+a IS a sample vector with additive channel noise, and its
autocorrelation matrix is denoted as ):%., = E{nknkT 1.

* The matrices 07y and 05 in Eq.(1) are the zero matrices of size (N — 1) x (N — L +2v +
A+1)and (N —1) x (N +v — A), respectively.

¢ The transmitted symbol vector is denoted as xx_1.x+1,5 , Where x,_1 5 and xj_1 n introduce
ISL. The x;. v is the symbol vector of interest.
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A b

Fig. 2. Block diagram of MMSE-TEQ.

Some notation will be used throughout this chapter as follows: E{-},(-)T,(-)H denote as
the expectation, transpose and Hermitian operators, respectively. The vectors are in bold
lowercase and matrices are in bold uppercase.

3. Minimum mean square error-based time-domain equalisation

The design of minimum mean square error time-domain equalisation (MMSE-TEQ) is based
on the block diagram in Figure 2. The transmitted symbol x is sent over the channel with the
impulse response h and corrupted by AWGN 7. The convolution of the L-tap TEQ filter
w and the CIR h of Nj + 1 samples are sufficiently shortened so that overall of impulse
response has length v + 1 that should make TEQ as a channel shortener ¢ = h * w, called
the shorten impulse response (SIR). Then the orthogonality between the tones are restored
and ISI vanishes (Melsa et al., 1996).

The result of time-domain error e between the TEQ output and the TIR output is then
minimised in the mean-square sense as

min E{|e|’} = min E{|y"w — x}b|*} 5)
wb w,b
= min wiSIw + bTE3b — 2b7 X (A)w, (6)
W,

where Z?, = E{yy’} and 22 = E{xxT} are autocorrelation matrices, and where Zyy(A) =
E{xay"} is a cross-correlation matrix.
To avoid the trivial all-zero solution w = 0,b = 0, a constraint on the TEQ or TIR is therefore
imposed.
Some constraints that are added on the TEQ and TIR (Ysebaert et al., 2003) as follows.
1. The unit-norm constraint (UNC) on the TIR
By solving Eq.(6) subject to
b'b=1. )

The solution of b is the eigen-vector and w can be given as

w=(Z3) 1Ty b. 8)
2. The unit-tap constraint (UTC) on the TEQ
A UTC on w can be calculated with the method of the linear equation

e]-Tw:l or e]-Tw:fl, )
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where e; is the canonical vector with element one in the j-th position. By determining
the dominant generalised eigen-vector, the vector w can be obtained as the closed-form
solution

A1 e (10)

W= ——"—
TA—1,'
e A e
where A = ¥ — 2] (£3) 7! Lyy.
3. The unit-tap constraint (UTC) on the TIR

Similarly, a UTC on b can be described as

eijzl or e]-Tb:—l, (11)
After computing the solution for b as

A1 €;
(12)

bzi.
TA—1,.
e].A e

The coefficients of TEQ w can be computed by Eq.(8).

4. The unit-energy constraint (UEC) on TEQ and TIR
Three UECs can be considered as

wT)Z?,w =1or bTZ2b =1 or WTE§,W =1&b'E2b=1 (13)

It has been shown that each of all constraints results in Eq.(13), which can be incorporated
into the one-tap FEQs in frequency domain (Ysebaert et al., 2003).

Most TEQ designs are based on the block-based computation to find TIR (Al-Dhahir & Cioffi,
1996, F-Boroujeny & Ding, 2001; Lee et al., 1995), it will make high computational complexity
for implementation. However, this algorithm has much better performance and is used for
the reference for on-line technique.

4. The proposed normalised least mean square algorithm for TEQ and TIR

We study the use of the LMS algorithm by means of the simplicity of implementation
and robust performance. But the main limitation of the LMS algorithm is slow rate of
convergence (Diniz, 2008; Haykin, 2002). Most importantly, the normalised least mean square
(NLMS) algorithm exhibits a rate of convergence that is potentially faster than that of the
standard LMS algorithm. Following (Haykin, 2002), we derive the normalised LMS algorithm
for TEQ and TIR as follows.

Given the channel-filtered input vector y(n) and the delay input vector d(#), to determine the
tap-weight vector of TEQ w(n + 1) and the tap-weight vector of TIR b(n + 1). So, the change
ow(n+1) and db(n + 1) are defined as

wn+1)=w(n+1)—w(n), (14)
ob(n+1)=b(n+1)—b(n), (15)

and subject to the constraints
wi(n+1)y(n) =gi(n), (16)

bH(n +1)d(n) = g(n), (17)



388 Discrete Time Systems

where e(n) is the estimation error
e(n) =wl(n+1)y(n) b (n+1)d(n). (18)

The squared Euclidean norm of the change éw(n + 1) and db(n + 1) may be expressed as

| ow(n+1)]|? = lekn+1> wi(n)|?, (19)
k=0
M—
| ob(n+1)|? = 2 | be(n+1) —by(n)|?. (20)
k=0

Given the tap-weight of TEQ wy (1) and TIR by (n) fork =0,1,..., M — 1 in terms of their real
and imaginary parts by

wi(n) = ag(n) +jbr(n), (21)
bi(n) = ug(n) +jor(n). (22)

The tap-input vectors y(n) and d(n) are defined in term of real and imaginary parts as

y(n) =y1(n) +jya(n), (23)
d(n) =dy(n)+jdy(n). (24)

Let the constraints g (1) and g (1) be expressed in terms of their real and imaginary parts as

g1(n) = g1a(n) +jgu(n), (25)
§2(n) = g2a(n) +j g2p(n) . (26)

To rewrite the complex constraint of Eq.(16) as the pair of real constraints

M-1 o
gi(n) =) [wi(n+1)]"y(n)

k=0
M-1
= kZ {lax(n +1) +jbe(n + D] [y (n — k) +jya(n — k)]}
-0
M-1 27
=Y (g + 1)y (1~ K) + by -+ Dy — K] )
k=0
+j [ax(n+ D)ya(n — k) — bp(n + L)ya (n — k)] }
= g14(1n) +j g(n) .
Therefore,
M-1
g1a(n) = Y [ap(n+1)y1(n —k) + b (n+1)y2(n — k)] , (28)
k=0
M-1
gi(n) =Y [ap(n+1)ya(n—k) = bp(n+ 1)y (n — k)] . (29)

k=0
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To formulate the complex constraint of Eq.(17) as the pair of real constraints.

M-1

82(n) = I;O [by(n -+ 1) d(n)

M-1
= I;O {lug(n+1) +jop(n+1)]" [dy(n— k) + jda(n —k)]}

M-1 (30)
= Y {lm(n+1)d1(n — k) +op(n +1)da(n — k)]

k=0

+j [ug(n+1)da(n—k) —op(n+1)dy(n — k)] }

= 82a(1) +j &av(n) -
Therefore,

M—1

Qq(n) = Z [up(n+1)di(n — k) +vp(n+1)dp(n — k)] , (31)
k=0
M-1

Sow(n) = Y, [up(n+1)dy(n —k) — vp(n +1)d1(n — k)] . (32)
k=0

4.1 The proposed normalised least mean square time-domain equalisation (NLMS-TEQ)
We define the real-valued cost function J1 (1) for the constrained optimisation using Lagrange
multiplier.! (Haykin, 2002)

Ji(n) = | ow(n+ )| + A1 { {ax(n + Dya(n — k) + be(n + 1)ya(n — k)] = g1a(n)}
+ A2 { [a(n 4+ D)y2(n — k) = b(n + Dy1 (n — k)] —g1p(n)}

M-1
= Y {lak(n+1) —ax(m)] 2+ [be(n +1) — b(m)] *}
k=0

B (33)

M
+M{ ];0 [ax(n +1)y1(n — k) + be(n +1)y2(n — k)] = g1a(n) }

M-1

+A{ ) [a(n+Dya(n —k) = be(n+ Dya(n = k)] = gup ()},

k=0

where A and A, are Lagrange multipliers. We find the optimum values of a;(n + 1) and
br(n 4 1) by differentiating the cost function J;(n) with respect to these parameters and set
the both results equal to zero. Hence,

i) _
dar(n+1) ’
! The method of Lagrange multiplier is defined as a new real-valued Lagrange function h(w)
h(w) = f(w) + MRe[C(w)] + Az Im [C(w)]

where f(w) is the real function and C(w) is the complex constraint function. The parameters A; and A,
are the Lagrange multipliers, where A = A1 4 j A
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and
oi(n)
8bk(n + 1) -
The results are given by
2 ar(n+1) —ag(n)] + Ayr(n —k) + Apyp(n—k) =0, (34)
2 [bk(n + 1) — bk(i’l)} + Alyz(i’l — k) — )\2]/1 (7’1 — k) =0. (35)

From Eq.(21) and Eq.(23), we combine these two real results into a single complex one as

i(n) — 9i(n) . 91(n)

Wit D) dantD) ) O (36)
Therefore,
G )5 = 12 lag(-+1) = ()] + Ay (0 = )+ Aayaln — )+
jA2 [br(n+1) = b(n)] + AMy2(n — k) — Agyr(n — k) }
= 2a(n+1)+jbe(n+1)] =2 [ar(n) +jbp(n)] +
Ml =B+ jya(n— K] = iAol (n =) 4 jyan 8]
= 2[a(n+1)+jbp(n+1)] =2 [ag(n) +jbr(n)] +

(A1 =jA2) [yr(n = k) +jy2(n — k)]

Thus, we get
2 wi(n+1)—wi(n)]+A,y(n—k) =0, fork=0,1,..., M—1 (38)
where Ay is a complex Lagrange multiplier for TEQ as
A =M+jAr. (39)

In order to find the unknown A%, we multiply both sides of Eq.(38) by y* (n — k) and then sum
over all integer values of k for 0 to M — 1. Thus, we have

2 [wi(n+1) =wi(m)] y*(n = k) = =Ay y(n =k)y“(n = k)
M-1

- M-1
2 ; [wi(n+1)y*(n—k) —wi(n)y*(n — k)] = Ay kZO ly(n —k)[?
—0 —

2 [Wl(n+1)y* (1) = w" () y*(n) | = =A% ly(n)]2

Therefore, the complex conjugate Lagrange multiplier A}, can be formulated as

N = T (W DY ) —wl )y ()] (40)
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where ||y(n)||? is the Euclidean norm of the tap-input vector y(n).

From the definition of the estimation error e(n) in Eq.(18), the conjugate of e(n) is written as
¢"(n) =w'(n+1)y*(n) =b"(n+1)d"*(n). (41)

The mean-square error | ()| ? is minimised by the derivative of | e(n)|2 with respect to w(n -+
1) be equal to zero.

2
%:[ (i’l+1) ( ) bH(H+1)d( )} y*(n):()_ (42)

Hence, we have

wHn+1)y(n) =bHn+1)d(n), (43)
and the conjugate of Eq.(43) may expressed as

wl(n+1)y*(n) =bT (n+1)d*(n). (44)

To substitute Eq.(44) and Eq.(41) into Eq.(40) and then formulate A}, as

2
A = e*(n) . (45)
C lym]?
We rewrite Eq.(38) using Eq.(14) by writing,
26w(n+1) = —Ay, y(n) (46)

The change dw(n + 1) is redefined by substituting Eq.(45) in Eq.(46). We thus have

swin+1) = (§Wy<>*(» 7)

ly

To introduce a step-size for TEQ denoted by iy, and then we may express the change dw(n +
1) as

swin+1) = Hy(")szu ¢ (n). (48)

We rewrite the tap-weight vector of TEQ w(n + 1) as
w(n+1)=w(n)+oéwmn+1). (49)

Finally, we may obtain the tap-weight vector of TEQ w(n + 1) in the well-known NLMS
algorithm.
Hw
w(n+1) =w(n) - (n)e*(n). (50)
Ty *"
where e*(n) is described in Eq.(41).
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4.2 The proposed normalised least mean square-target impulse response (NLMS-TIR)
We formulate the real-valued cost function J,(n) for the constrained optimisation problem
using Lagrange multiplier.

Ja(n) = || 6b(n + 1) > + Az { [ug(n + 1)dy (n — k) + vp(n + )da(n — k)] — g2a(n)}

+ Ag { [ug(n + 1)da(n — k) — v (n+1)dy (n — k)] — gop (1)}
M-1

= Y {lu(n+1) —up(n)] 2 + [op(n +1) — ve(n)] 2}
k=0 . (51)

+A3{ ), [u(n+1)dy(n—k) +vp(n+1)da(n — k)] — g2a(n)}
par

M-1
+ A4 { ), [+ 1)da(n — k) —vp(n+1)dy(n — k)] — g (n)},
k=0

where A3 and A4 are Lagrange multipliers. We find the optimum values of u(n + 1) and
v (n + 1) by differentiating the cost function J,(n) with respect to these parameters and then
set the results equal to zero. Hence,

9)2(n)
dug(n+1)

7

and
9J2(n)
o (n+1)

The results are

2 ug(m+1) —ug(n)] + Azdy(n — k) + Agdpy(n — k) =0, (52)
2 [vk(n + 1) — vk(n)} + /\3d2(l/l — k) — )\4611(1/1 — k) =0. (53)

From Eq.(22) and Eq.(24), we combine these two real results into a single complex one as

I(n)  9h(n) . 9a(n)
br(n+1)  oup(n+1) 7 dop(n+1)

=0. (54)

Therefore,

aﬂ%@n {2 [ (1 1) — 10 ()] + Aad (11— k) + Aada (1 — k) }+

j{2 [ok(n +1) — v (n)] + Azda(n — k) — Agdi(n — k) }
2 fug(n+1) +jop(n+1)] =2 [ug(n) +jog(n)] +

Asldy(n —k)+jdo(n—k)] —jAg [dy(n —k) + jda(n — k)]
2 [ug(n+1) +jor(n +1)] = 2 [ug(n) + jor(n)] +

(A3 —jAg) [d1(n — k) +jda(n — k)]

(55)
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Thus, we have

2 [bp(n+1) —bg(n)]+ Ayd(n —k) =0, fork=0,1,... M—1 (56)
where Ay is a complex Lagrange multiplier for TIR
Ap =A3+jAy (57)

To multiply both side of Eq.(56) by d*(n — k) to find the unknown A; and then sum over all
possible integer values of k for 0 to M — 1. Thus, we get

2 [b(n +1) — by(n)] d*(n — k) = —Aj d(n — k) d*(n — k)

M-1 M-1
2 kz [br(n+1)d*(n —k) —b(n)d*(n — k)] = —A; kz \d(n—k)|2
=0 =0

2 [T (n+1)d*(n) = bT(n)d"(n) | = ~A; ()|

Therefore,

* -2 * *
M= T [bT(n+1)d (n) —bT(n)d (n)] . (58)

where ||d(n)]? is the Euclidean norm of the tap-input vector d(n).
To substitute Eq.(41) and Eq.(44) into Eq.(58) and then formulate A} as

2

A = e*(n) . (59)
o= Tame ™
We rewrite Eq.(56) using Eq.(15) by
25b(n+1) = A% d(n) (60)
To redefine the change éb(n + 1) by substituting Eq.(59) in Eq.(60). We thus get,
bin+1) = g (1 i dme (). 61)

To introduce a step-size for TIR y;, and then we redefine the change éb(n + 1) simply as

Sb(n+1) = ——d(n)e*(n), (62)
ld(n)]]
where j1, is the step-size for the NLMS-TIR.
We rewrite the tap-weight vector of TIR b(n + 1) as

b(n+1) =b(n) +b(n+1). (63)

Finally, we may formulate the tap-weight vector of TIR b(n + 1) in the normalised LMS
algorithm.

b(n+1) =b(n)+ Hd(yb)Hz d(n)e*(n), (64)
where e*(n) is given in Eq.(41).
To comply with the Euclidean norm constraint, the tap-weight vector of TIR b(n + 1) is
normalised as

b(n+1)

b)) = o))

(65)
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5. Adaptive step-size order statistic-normalised averaged least mean
square-based time-domain equalisation

Based on least mean square (LMS) algorithm, a class of adaptive algorihtms employing order
statistic filtering of the sampled gradient estimates has been presented in (Haweel & Clarkson,
1992), which can provide with the development of simple and robust adaptive filter across a
wide range of input environments. This section is therefore concerned with the development
of simple and robust adaptive time-domain equalisation by defining normalised least mean
square (NLMS) algorithm.

Following (Haweel & Clarkson, 1992), we present the NLMS algorithm which replaces linear
smoothing of gradient estimates by order statistic averaged LMS filter. A class of order statistic
normalised averaged LMS algorithm with the adaptive step-size scheme for the proposed
NLMS algorithm in Eq.(50) and Eq.(64) that are shown as (Sitjongsataporn & Yuvapoositanon,
2007).

W(n+1) = w(n) — H”y(% My aw, (66)
b(n+1) =b(n) + HZZ(;;\)IZ Myay, 67)
with
My = T{&m)y(n), &(n—1)y(n—1),..., &n—Np+1Dy(n—No+1)},  (68)
M, = T{&(n)d(n), &(n—-1)dn—1),..., &n—-N,+1)dn—-N,+1)}, (69
o(n) = wH(n)y(n) —b" (n)d(n), (70)
and
aw = [aw(1),a0(2), ..., 00(No)], aw(i) =1/Ny ; i=1,2,...,Ny. (71)
ap = [ap(1),a5(2), ..., ap(Np)], ap(j) =1/Np ; j=12...,Np. (72)

where é(n) is a priori estimation error and T{-} operation denotes as the algebraic ordering
transformation. The parameters a, and a; are the average of the gradient estimates of
weighting coefficients as described in (Chambers, 1993). The parameters y (1) and pp(n)
are the step-size of W(n) and b(n). The parameters Ny, and N}, are the number of tap-weight
vectors for TEQ and TIR, respectively.

Following (Benveniste et al., 1990), we demonstate the derivation of adaptive step-size
algorithms of y (1) and (1) based on the proposed NLMS algorithm in Eq.(50) and Eq.(64).
The cost function J,,;,(n) may be expressed as

Imin () = min E{Je(n)|?}, (73)
e(n) =wl(n+1)y(n) —b(n+1)d(n). (74)

We then form the stochastic approximation equations for yi (1 + 1) and p; (1 + 1) as (Kushner
& Yang, 1995)

pow(n+1) =po(n) + aw{ =V Jnin(pw) } (75)
up(n+1) =pp(n) + ap{ =V Jmin(1p) } , (76)
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AWGN + NEXT
A
CIR y(m) /“;9/
h
x(n) e(n
AN
2 —
delay d(n) T
A b
L AS-OSNALMS
b
AS-OSNALMS
w

Fig. 3. Block diagram of adaptive step-size order statistic normalised averaged least mean
square (AS-OSNALMS) TEQ and TIR.

where V Jin (#w) and V [y, () denote as the value of the gradient vectors. The parameters
&y and «p, are the adaptation constant of i,y and py, respectively.
By differentiating the cost function in Eq.(73) with respect to i,y and u;, we get

.
Tnin — 71,1, (e) = () y" (n) ¥, 7)
Hw
ol
it — () = —e(n) 47 ()%, 78)
Fo
where ¥, = aa’f ) and Y, = a}g ) are the derivative of w(n + 1) in Eq.(50) with respect to

Hw(n)and of b(n +1) in Eq.(64) with respect to py(n) (Moon & Stirling, 2000).
By substituting Eq.(77) and Eq.(78) in Eq.(75) and Eq.(76), we get the adaptive step-size (1)
and py(n) as

po (1 +1) =pp(n) — awo{e(n) YT(”)\Fw} , (79)
pp(n+1) =pp(n) + ap{e(n) A" (n)¥} , (80)
where
IPTO PR A CO N oo Yo
Yol 1) = 1= X8 )y [Yol) - 20 ey, o0
_ d(?’l) T (7’1) *
Fon1) = 1= T3 ) a7 [ oto) + 30 e ). )

Then, we apply the order statistic scheme in Eq.(81) and Eq.(82) as
& My ay

q””(”“):{l uyy((n))u”‘”” T(”)hw(”) I’ &)
1) = 1 i 0 4700 [ a0+ s
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where My, My, ay, ap and é(n) are given in Eq.(68)-Eq.(72).

6. Stability analysis of the proposed AS-OSNALMS TEQ and TIR

In this section, the stability of the proposed AS-OSNALMS algorithm for TEQ and TIR are
based upon the NLMS algorithm as given in (Haykin, 2002). This also provides for the optimal
step-size parameters for TEQ and TIR.

According to the tap-weight estimate vector (1) and b (1) computed in Eq.(66) and Eq.(67),
the difference between the optimum tap-weight vector w°P! and W(n) is calculated by the
weight-error vector of TEQ as

Aw(n) =wP' —w(n), (85)
and, in the similar fashion, the weight-error vector of TIR is given by
Ab(n) = b —b(n), (86)
By substituting Eq.(66) and Eq.(67) from w°P! and b°"!, we have
P (1)
Awn+1)=Aw(n)+ -—ZMyay, (87)
ly ()27
where My, and ay, are defined in Eq.(68) and Eq.(71).
(1)
Ab(n+1) =Ab(n) — Myay, (88)
( ) ( ) Hd(l/l) Hz b %b

where M}, and ay, are given in Eq.(69) and Eq.(72).
The stability analysis of the proposed AS-OSNALMS TEQ and TIR are based on the mean
square deviation (MSD) as

Du(n) = E{||aw(n)|?}, (89)
Dy(n) = E{[|Ab(n)|*}, (90)

where Dy,(n) and Dy (n) denote as the MSD on TEQ and TIR.
By taking the squared Euclidean norms of both sides of Eq.(87) and Eq.(88), we get

[aw(n + 1) = [[aw(n) 2 +2 LU AwH () - (M )

ly(n)]2
V%u(”) (Mw aw)H (Mw ﬂw)
Iyl lymE oD
Ib(r+ )| = [3b(n) |2~ 2 T A6 ) (A )
12(n)  (Myay)2 (M, ap)
AR e ®2)

Then taking expectations and rearranging terms with Eq.(89) and Eq.(90), the MSD of w(n) is
defined by

Dy(n+1) = Dy(n) + 2 pep(n) E{?R(AWH(n) Ew(n))}
+ 2 (n) E{R(S (n) €0(n))}, (93)
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where &, (n) is given by

My ay
w =E , 94
Suln) {Hy(n)l\z} &

and R(-) denote as the real operator.
Thus, the MSD of b() can be computed as

Dy +1) = Dyln) 2y () E{ R (86 (1) 1)) |
H
b

+u§(n>E{%R(£ (n) &(n ))} (95)
where &, (n) is calculated by
_ o Myay
&) = B{ jqiest - 0
Following these approximations
nll_l;rc}o Dyw(n+1) = nlglc}o Dw(n), (97)
Jgfc}opb( 1) = nh_{rc}on(”) , (98)

are taken into Eq.(93) and Eq.(95). The normalised step-size parameters i, (1) and (1) are
bounded as

(n )£w(ﬂ))
0 w 2R ——— ]|, 99
<ot <2fR (gl w
H

0 < py(n) <2 %(M) (100)

b (n) €(n)

Therefore, the optimal step-size parameters jg, "and ygp ! can be formulated by
(zjupt: §R( ( ) &w(n )) 101
=2 &0 o
H

=2 e e

7. Simulation results

We implemented the ADSL transmission channel based on parameters as follows: the
sampling rate f; = 2.208 MHz, the size of FFT N = 512, and the input signal power of
-40dBm/Hz. The standard ADSL system parameters were shown in Table 1. The ADSL
downstream starting at active tones 38 up to tone 255 that comprises 512 coefficients of
channel impulse response. The signal to noise ratio gap of 9.8dB, the coding gain of 4.2dB
and the noise margin of 6dB were chosen for all active tones. The additive white Gaussian
noise (AWGN) with a power of —140dBm/Hz and near-end cross talk (NEXT) from 24
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Asymmetric Digital Subscriber Line (ADSL) Specifications |

Taps of W (Ny) 32 FFT size (N) 512

Taps of b (Nj) 32 Cyclic prefix (v) 32

Sampling rate (f;) 2.208 MHz |Signal to noise ratio gap 9.8 dB

Tone spacing 4.3125 KHz | Noise margin 6dB
TX-DMT block (M) 400 Coding gain 42dB

TX sequence MxN Input power -40dBm/Hz
Input impedance 100 ) AWGN power -140dBm/Hz

Table 1. The standard ADSL system for simulation.

ADSL disturbers were included over the entire test channel. The optimal synchronisation
delay (A) can be obtained from the proposed algorithm that was equal to 45. The ADSL
downstream simulations with the carrier serving area (CSA) loop no. 1 was the representative
of simulations with all 8 CSA loops as detailed in (Al-Dhahir & Cioffi, 1996). The CSA#1 loop
is a 7700 ft, 26 gauge loop with 26 gauge bridged tap of length of 600 ft at 5900 ft.

The initial parameters of the proposed AS-OSNALMS algorithm were w(0) = b(0) =
¥(0) = ¥,(0) = [0.001 0 --- 0] and of NLMS algorithm were i, = 0.15, i, = 0.075. The
NLMS algorithm was calculated with the fixed step-size for TEQ and TIR with the method
as described in Section 4. Fig. 4 depicts the original simulated channel, SIR and TIR of the
proposed AS-OSNALMS algorithm which compared with SIR of MMSE-UEC. It is noted that
the comparable lengths of SIR and TIR of proposed algorithm are shorter than the original
channel. This explains the channel-shortening capability of the proposed algorithm. Fig. 5
illustrates the MSE curves of proposed AS-OSNALMS and NLMS algorithms. The MSE curve
of proposed algorithm is shown to converge to the MMSE. Fig. 6 and Fig. 7 show the mean
square deviation (MSD) on TEQ and TIR of proposed AS-OSNALMS and NLMS algorithms.
The trajectories of j1, (1) and p, (1) at the different of initial step-size piz, and pp,, are presented
with the fixed at the adaptation parameters a;, and a; in Fig. 8 and Fig. 9 and with the
different &gy and a;, in Fig. 10 and Fig. 11. Comparing the proposed AS-OSNALMS algorithm
with the fixed at the adaptation parameters, it has been shown that the proposed algorithms
have faster initial convergence rate with the different setting of initial step-size and adaptation
parameters. Their are shown to converge to their own equilibria.

8. Conclusion

In this chapter, we present the proposed adaptive step-size order statistic LMS-based TEQ
and TIR for DMT-based systems. We introduce how to derive the updated tap-weight vector
w(n) and b(n) as the solution of constrained optimisation to obtain a well-known NLMS
algorithm, which an averaged order statistic scheme is replaced linear smoothing of the
gradient estimation. We demonstrate the derivation of adaptive step-size mechanism for the
proposed order statistic normalised averaged least mean square algorithm. The proposed
algorithms for TEQ and TIR can adapt automatically the step-size parameters. The adaptation
of MSE, MSD of TEQ and MSD of TIR curves of the proposed algorithms are shown to
converge to the MMSE in the simulated channel. According to the simulation results, the
proposed algorithms provide a good approach and are appeared to be robust in AWGN and
NEXT channel as compared to the existing algorithm.
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Fig. 4. Original channel, SIR of proposed ASOS-NALMS and TIR of AS-OSNALMS which compared
with SIR of MMSE-UEC, when the samples of CSA loop are loop #1. Other parameters are
Hwy = 0.415, py, = 0.095, a,, = 1.25 x 10"%and a; = 1.5 x 10~°.

T T
, : —— AS-OSNALMS
s NLMS

0 0.2 0.4 0.6 0.8 1 1.2 14 1.6 1.8
discrete time (n)

Fig. 5. Learning Curves of MSE of proposed AS-OSNALMS and NLMS algorithms for TEQ and TIR,
when the samples of CSA loop are loop #1. Other parameters of AS-OSNALMS algorithm are

Jwy = 0.415, pp, = 0.095, ag, = 1.25 x 107, &, = 1.5 x 10~® and of NLMS alorithm are ji, = 0.15,
pp = 0.075.
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Fig. 6. Learning Curves of MSD D, (1) of proposed AS-OSNALMS and NLMS algorithms for TEQ,
when the samples of CSA loop are loop #1. Other parameters of AS-OSNALMS algorithm are
Jwy = 0.415, pp, = 0.095, ag, = 1.25 x 107, &, = 1.5 x 10~® and of NLMS algorithm are i, = 0.15,

1ty = 0.075.
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Fig. 7. Learning Curves of MSD Dj,(1) of proposed AS-OSNALMS and NLMS algorithms for TIR, when
the samples of CSA loop are loop #1. Other parameters of AS-OSNALMS algorithm are p,, = 0.415,
jip, = 0.095, &y = 1.25 x 1076, &, = 1.5 x 107 and of NLMS algorithm are i, = 0.15, p, = 0.075.
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Fig. 8. Trajectories of i,y of proposed AS-OSNALMS algorithm for TEQ using different
setting of pz, and piy, for TEQ and TIR with fixed at ayy = 4.45 x 10~* and ap = 1.75 x 1074,

when the samples of CSA loop are loop #1.
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Fig. 9. Trajectories of p;, of proposed AS-OSNALMS algorithm for TIR using different setting
of piw, and py, for TEQ and TIR with fixed at ay, = 4.45 X 10~* and a; = 1.75 x 10~4, when

the samples of CSA loop are loop #1.
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Fig. 10. Trajectories of i of proposed AS-OSNALMS algorithm for TEQ using different
setting of iy, and py, for TEQ and TIR with different at ay, = 4.45 x 10~* and
gy = 1.25 x 107, when the samples of CSA loop are loop #1.
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Fig. 11. Trajectories of y;, of proposed AS-OSNALMS algorithm for TIR using different
setting of jy, and py, for TEQ and TIR with different at a, = 1.75 x 10~ and
ap = 1.5 x 107%, when the samples of CSA loop are loop #1.
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Discrete-Time Dynamic
Image-Segmentation System
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1. Introduction

The modeling of oscillators and their dynamics has interested researchers in many fields such
as those in physics, chemistry, engineering, and biology. The Hodgkin-Huxley (Hodgkin
& Huxley, 1952) and Fitzhugh-Nagumo models (FitzHugh, 1961), which corresponds
to the Bonhoffer van der Pol (BvP) equation, are well-known models of biological
neurons. They have been described by differential equations, i.e., they are continuous-time
relaxation oscillators. Discrete-time oscillators, e.g., one consisting of a recurrent neural
network (Haschke & Steil, 2005) and another consisting of a spiking neuron model (Rulkov,
2002), have been proposed.

Synchronization observed in coupled oscillators has been established to be an important
topic (Pikovsky et al., 2003; Waller & Kapral, 1984). Research on coupled oscillators
has involved studies on pattern formation (Kapral, 1985; Oppo & Kapral, 1986), image
segmentation (Shareef et al., 1999; Terman & Wang, 1995; Wang & Terman, 1995; 1997),
and scene analysis (Wang, 2005). Of these, a locally excitatory globally inhibitory oscillator
network (LEGION) (Wang & Terman, 1995), which is a continuous-time dynamical system,
has been spotlighted as an ingenious image-segmentation system. A LEGION can segment
an image and exhibit segmented images in a time series, i.e., it can spatially and temporally
segment an image. We call such processing dynamic image segmentation. A LEGION consists
of relaxation oscillators arranged in a two-dimensional (2D) grid and an inhibitor globally
connected to all oscillators and it can segment images according to the synchronization of
locally coupled oscillators. Image segmentation is the task of segmenting a given image so
that homogeneous image blocks are disjoined; it is a fundamental technique in computer
vision, e.g., object recognition for a computer-aided diagnosis system (Doi, 2007) in medical
imaging. The problem with image segmentation is still serious, and various frameworks have
been proposed (Pal & Pal, 1993; Suri et al., 2005) to solve this.

We proposed a discrete-time oscillator model consisting of a neuron (Fujimoto et al., 2008),
which was modified from a chaotic neuron model (Aihara, 1990; Aihara et al., 1990),
coupled with an inhibitor. Despite discrete-time dynamics as well as the recurrent neural
network (Haschke & Steil, 2005), a neuron in our oscillator can generate a similar oscillatory
response formed by a periodic point to an oscillation as observed in a continuous-time
relaxation oscillator model, e.g., the BvP equation. This is a key attribute in our idea.
Moreover, we proposed a neuronal network system consisting of our neurons (discrete-time
oscillators) arranged in a 2D grid and an inhibitor globally coupled to all neurons. As well as
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a LEGION, our neuronal network system can work as a dynamic image-segmentation system
according to the oscillatory responses of neurons. Our system provides much faster dynamic
image segmentation than a LEGION on a digital computer because numerical integration is
not required (Fujimoto et al., 2008). Another advantage of our system is that it simplifies
the investigation of bifurcations of fixed points and periodic points due to the discrete-time
dynamical system. A fixed point and a periodic point correspond to non-oscillatory and
periodic oscillatory responses. Knowledge on the bifurcations of responses allows us to
directly design appropriate system parameters to dynamically segment images. The assigned
system parameters are made available by implementing our dynamic image-segmentation
system into hardware such as field-programmable gate array devices (Fujimoto et al., 2011b).
This article describes the derivation of a model reduced from our dynamic
image-segmentation system that can simplify bifurcation analysis. We also explain our
method of bifurcation analysis based on dynamical systems theory. Through analysis in
reduced models with two or three neurons using our method of analysis, we find parameter
regions where a fixed point or a periodic point exists. We also demonstrate that our
dynamic image-segmentation system, whose system parameters were appropriately assigned
according to the analyzed results, can work for images with two or three image regions.
To demonstrate that segmentation is not limited to three in the system, we also present a
successive algorithm for segmenting an image with an arbitrary number of image regions
using our dynamic image-segmentation system.

2. Discrete-time dynamic image-segmentation system

2.1 Single neuronal system

Figure 1(a) illustrates the architecture of a system consisting of a neuron (Fujimoto et al., 2008)
and an inhibitor. Here, let us call it a single neuronal system. Our neuron model modified from
a chaotic neuron model (Aihara, 1990; Aihara et al., 1990) has two internal state variables, x
and y; z corresponds to the internal state variable of an inhibitor, in which x,y,z € R with R
denoting the set of real numbers. Let the sum of internal state values in a neuron, i.e. x +y,
be the activity level of a neuron. The dynamics of the single neuronal system is described by
difference equations:

x(t+1) = kpx(t) +d + Wy - g(x(t) +y(t),0c) — Wz - g(z(t),62) (1a)
y(t+1) =ky(t) —a-g(x(t) +y(t),0c) +a (1b)
2(t+1) = ¢ {g (8(x(t) +y(1),67),64) —=() } (10)

The t € Z denotes the discrete time where Z expresses the set of integers. g(+, ) is the output
function of a neuron or an inhibitor and is described as

1
g(u(t),0) = .+ exp(—(u(t) — 0)/¢)

@)

Note that g(-,0;) where g(x(t) +y(t), 0f) is nested in Eq. (1c) is neither output function, but a
function to find the firing of a neuron that corresponds to a high level of activity. Therefore, an
inhibitor plays roles in detecting a fired neuron and suppressing the activity level of a neuron
at the next discrete time. The k iz ky, and ¢ are coefficients corresponding to the gradient of x,
y, and z. The d denotes an external direct-current (DC) input. The Wy and « are self-feedback
gains in a neuron, and W; is the coupling coefficient from an inhibitor to a neuron. The a is a
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bias term in a neuron. The 6, and 6, are threshold parameters in output functions of a neuron
and an inhibitor, respectively. Also, 6 ¢ and 6, are threshold parameters to define the firing of
a neuron and to detect a fired neuron, respectively. The ¢ is a parameter that determines the
gradient of the sigmoid function (2) at u(t) = 6.

When we set all the parameters to certain values, our neuron can generate a similar oscillatory
response formed by a periodic point to an oscillation as observed in a continuous-time
relaxation oscillator model. For instance, the time evolution of a generated response, in
which this is a waveform, is shown in Fig. 1(b) for initial values, (x(0),y(0),z(0)) =
(32.108, —31.626,0.222), at ky = 0.5,d = 2, Wy = 15,6 = 0, W; = 15, 0; = 0.5, k, = 0.89,
«=4,a=05¢ =08 Gf = 15,04, = 0, and ¢ = 0.1. To clarify the effect of the inhibitor,
we have shown the activity level of the neuron and the internal state of the inhibitor on the
vertical axis in this figure. The points marked with open circles “o” indicate the values of
x +y and z at discrete time t. Although the response of a neuron or an inhibitor is formed
by a series of points because of its discrete-time dynamics, we drew lines between temporally
adjacent points as a visual aid. Therefore, our neuron coupled with an inhibitor is available as
a discrete-time oscillator.

Neuron

xX+y —

(7

W O
% 20 40 60 80 100

Inhibitor t —

—_—

(a) Architecture (b) Oscillatory response

Fig. 1. Architecture of single neuronal system and generated oscillatory response

2.2 Neuronal network system

We have proposed a neuronal network system for dynamic image segmentation (Fujimoto
et al., 2008). Figure 2(a) outlines the architecture of our system for a 2D image with P
pixels. It is composed of our neurons that have as many pixels as in a given image and
an inhibitor that is called a global inhibitor because it is connected with all neurons. All
neurons are arranged in a 2D grid so that one corresponds to a pixel, and a neuron can have
excitatory connections to its neighboring neurons. Here, we assumed that a neuron could
connect to its four-neighboring ones. The formation of local connections between neighboring
neurons is determined according to the value of DC input to each neuron. Note that, we
can use our neuronal network system, in which neurons are arranged in a 3D grid so that
one neuron corresponds to a voxel, which means a volumetric picture element, as a dynamic
image-segmentation system for a 3D image.

The architecture for the ith neuron in a neuronal network system is illustrated in Fig. 2(b).
The open and closed circles at the ends of the arrows correspond to excitatory and inhibitory
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N : modified chaotic neuron
GI: global inhibitor

(a) Neuronal network system

External input

g(xk +]/k/95)\vx/M_
Z QZ) \ O

d; —»O Output

g(xi +yi,0c)

Self-feedback

Xi,Yi : Internal States

(b) The ith neuron
Fig. 2. Architecture of neuronal network system and a neuron

couplings. A neuron can receive external inputs from neighboring ones connected to it. An
external input from another neuron can induce in-phase synchronization in the responses
of connected neurons. Note that the number of external inputs in Fig. 2(b) indexed by g(x; +
Yk, Bc) is the same as that of the other neurons connected to the ith neuron; moreover, when the
DC-input value to the ith neuron is low, positive self-feedback vanishes and the neuron also
has no connection to the others. Wy /M; and W, in external inputs represent coupling weights;
the other Wy /M; and « are feedback gains, where M; denotes the number of connections to
the ith neuron and neighboring neurons. What M; means will be explained later.

The dynamics of our neuronal network system is described as

xi(t+1) =kpg(H) +di+ ¥ %g(xk(t) (), 60) — Ws - g(2(8), 62) (3a)
keL; 1
yi(t+1) = keyi(t) — - g(xi(t) +yi(t),0c) +a (3b)
(i=12,...,P)

P
z(t+1) { (Zg X (1) + yn( ),Gf),Gd) —z(t)}. (30)
n=1
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The g(-,-) was already defined in Eq. (2). The third term on the right hand side of Eq. (3a)
denotes the ith neuron’s self-feedback and external inputs from neighboring neurons, in
which L; represents an index set for neurons connected to the ith one. Therefore, the maximum
number of elements in L; is five in the architecture in Fig. 2(a). The M; expresses the number
of elements in L;. Note that, when the ith neuron has no connection to neighboring neurons
including itself, i.e., M; = 0, we treat it as Wy /M; = 0 because division by zero occurs.

As seen in Eq. (3c), the dynamics of a global inhibitor is improved from that in Eq. (1c) so
that it can detect one or more firing neurons; moreover, it suppresses the activity levels of all
neurons via negative couplings described at the fourth term in the right hand side of Eq. (3a).
Therefore, when we set all the parameter values in Eq. (3) to those described in Sec. 2.1, only
neurons with self-feedback can generate oscillatory responses.

2.3 Scheme of dynamic image segmentation

There is an image segmentation scheme using our neuronal network system in Fig. 3. For
simplicity, let us now consider a simple gray-level image with 3 x 3 pixels. The image contains
two image regions consisting of the same gray-level pixels: the first is composed of the first
and fourth pixels, and the second is made up of only the ninth pixel.

Nine neurons are arranged in a 3 x 3 grid for the given image. The value of DC input, d;, is
associated with the gray level of the ith pixels. A neuron with a high DC-input value forms
positive self-feedback and also connects to neighboring ones with similar DC-input values.
Therefore, the red and blue neurons in this schematic have positive self-feedback connections
and can generate oscillatory responses; the others corresponding to black pixels have no
self-feedback and do not fire. Direct connection is formed between the red neurons because
they correspond to pixels with the same gray levels, i.e., they have the same DC-input values.
As seen from the red waveforms in Fig. 3, direct connection induces in-phase synchronization
in the responses of coupled neurons. However, as seen from the red and blue waveforms,
the responses of uncoupled neurons corresponding to pixels in different image regions are
out of phase. This effect is produced by the global inhibitor that detects one or more firing
neurons and suppresses the activity levels of all neurons with its own kindling. By assigning

Our neuronal network for | Oscillatory responses of neurons and global inhibitor

, dynamic image segmentation , /V
A
1

| 1
)
1,
1
1

Nine neurons arranged ~ _ _I_ - -

Input image  ina2Dgrid _ --— X

with 3x3 pixels i m O |

Kindling

/0 0 0/t f=4

O_O 0/~

1
11417 oo |’
2518 _-
31619 ===

P Discrete time
b=t b=ty t=tri1a

1
1
|
Pixels' indices ! Global inhibitor
1
! Output images exhibited in time series

Fig. 3. Scheme of dynamic image segmentation using our system
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the ith pixel value in the output image at time ¢ to a high value corresponding to the white
pixel only if x;(t) + y;(t) > 0, segmented images are output and are exhibited in a time
series. As a result, the given image is spatially and temporally segmented, i.e., dynamic image
segmentation is achieved.

3. Analysis for parameter design

3.1 Reduced model

Our neuronal network model has complex dynamics and a variety of nonlinear phenomena
such as synchronized neuron responses and bifurcations in these responses are therefore
expected to occur in our system. From the viewpoint of dynamical systems theory, detailed
analyses of the local and global bifurcations observed in our system would be interesting.
However, we have only concentrated on analysis to design appropriate parameter values for
dynamic image segmentation in this article, i.e., to find parameter regions where there are
stable non-oscillatory or periodic oscillatory responses.

First, we need to derive a reduced model to simplify bifurcation analysis. Let us consider
a dynamic image-segmentation system for a P-pixel image with Q image regions, where
generally Q < P. A reduced model consists of a global inhibitor and Q neurons without
direct coupling to the others as illustrated in Fig. 4. Here, we call it a Q-coupled system.
A neuron in a Q-coupled system stands for neurons corresponding to all pixels in the same
image region in our original neuronal system in Fig. 2(a). This reduced model is derived from
three assumptions (Fujimoto et al., 2009b) in our dynamic image segmentation system for an
image with Q image regions: 1) all pixel values in an identical image region are the same;
viz., all neurons corresponding to pixels in an image region have the same DC-input values
and are locally coupled with one another, 2) the responses of all neurons corresponding to
pixels in an identical image region are synchronized in phase; this arises naturally from the
first assumption, and 3) connections from the global inhibitor to the neurons are negligible
because neurons corresponding to pixels with low gray-levels do not fire.

A non-oscillatory response and a periodic oscillatory response correspond to a fixed point and
a periodic point. Therefore, knowing about their bifurcations in a Q-coupled system allows
us to directly design appropriate parameter values to dynamically segment any sized image
with Q image regions.

An input image with
Q isolated image regions < /

Fig. 4. Architecture of Q-coupled system and its correspondence to image with Q image
regions
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Now, let z(t) = (x1(t),y1(t),...,xq(t),yq(t),z(t)) " € RV, where T denotes the transpose of
avector. The dynamics of the Q-coupled system is described by a V-dimensional discrete-time
dynamical system where V =2Q + 1 as

z(t+1) = fz(t)), )
or equivalently, an iterated map defined by
f:RY Rz f(x). (©)
The nonlinear function, f, describes the dynamics of the Q-coupled system given by

kexq +dy + Wy - g(x1 +y1,0c) — Wz - g(2,62)

X1 kyyp —a-g(x1+y1,600) +a
Y1 :
fl - |= kexg +dg + Wi - g(xg +yq,0c) — Wz - 8(z,62) (6)
xQ kryo — - g(xq +y0,0c) +a
Yo Q
z ¢8| X glxn+ynbp)6s) 2
n=1

where g(-, ) was defined in Eq. (2).

3.2 Method of bifurcation analysis

A non-oscillatory response observed in the Q-coupled system corresponds to a fixed point of
fin Eq. (5), and a periodic oscillatory response is formed by a periodic point of f. Therefore,
we can find their local bifurcations for the change in a system parameter value using a method
of analysis based on qualitative bifurcation theory for discrete-time dynamical systems. The
results from analyzing bifurcation in a reduced model enabled us to design suitable parameter
values in our neuronal network system for dynamic image segmentation.

The following explains our method of analysis. Let us now consider a point, *, satisfying

z* — f(z*) =0. @)

This is called a fixed point of f in Eq. (5) and corresponds to a non-oscillatory response
observed in the Q-coupled system. The characteristic equation of * is defined as

det (uE — Df(z*)) =0, 8)

where E and D f(z*) correspond to the V x V identity matrix and the Jacobian matrix of f at
x = x*. Moreover, the roots of Eq. (8), i.e., characteristic multipliers, are described as

{mi,p2,...,pv} = {u; € C| det (WE —Df(z")) =0}, ©)

where C denotes the set of complex numbers. When the values of all |;|s are neither unity
nor zero, we say that * is hyperbolic. Now, let us assume «* is a hyperbolic fixed point. Let
U be the intersection of RY and the direct sum of the generalized eigenspaces of D f (z*) such
that |p;| > 1,Vi; U is called the unstable subspace of RY. Moreover, let H = D f(z*)|y;. The
topological type of a hyperbolic fixed point is classified according to the value of dim U and
the sign of det H (Kawakami, 1984).
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A hyperbolic fixed point bifurcates when its stability is varied, or more correctly its topological
type is changed, according to variations in a system parameter value; change in a topological
type occurs when one or more characteristic multipliers are on the unit circle in the complex
plane. There are generally three types of co-dimension-one bifurcations, i.e., tangent
(saddle-node), period-doubling, and Neimark-Sacker bifurcations. D-type of branching
(pitchfork bifurcation) can also appear as a degenerate case of tangent bifurcation in only a
dynamical system that is symmetrical. Tangent bifurcation or D-type of branching appears if
u = +1, period-doubling bifurcation occurs when y = —1, and Neimark-Sacker bifurcation
is generated when y = ¢/%, where j = /—1 except for y = £1.

A bifurcation point of &* is computed by solving simultaneous equations consisting of Eqgs. (7)
and (8) as the values of * and a system parameter are unknown; we employed Newton’s
method for the numerical determination. The Jacobian matrix of the simultaneous equations
used in Newton’s method is derived from the first and second derivatives of f. Note that, in
Eq. (7), a fixed point, *, becomes an m-periodic point by replacing f with f™, which denotes
the m-times iteration of f, where m is a natural number such that m > 2. We can define an
m-periodic point and its bifurcations according to f™; moreover, we can numerically compute
the bifurcation points of an m-periodic point as well as those of a fixed point.

As previously mentioned, we focused on bifurcation analysis to design suitable parameter
values for our dynamic image segmentation system. Therefore, we will next illustrate
parameter regions where there are stable fixed or stable periodic points in two-parameter
bifurcation diagrams.

3.3 Results of analysis

We will now illustrate parameter regions where there are stable fixed or periodic points with
our method of analyzing bifurcations. Knowing about the bifurcations allows us to directly
set system-parameter values that yield successful results for dynamic image segmentation.
We treated a single neuronal system and two- and three-coupled systems and set the system
parameter values in Egs. (2) and (6) except for k;, ¢, and d;s to e = 0.1, kf = 0.5 W, =15,
0. =0, W, =150, =05,a =4,a = 0.5, ()f = 15, and §; = 0. In the bifurcation diagrams
that follow, we used symbols G}, I}', NS}', and D} to denote tangent, period-doubling,
and Neimark-Sacker bifurcations, and D-type of branching for an m-periodic point. The
subscript series number ¢ was appended to distinguish bifurcation sets of the same type for
an m-periodic point. Note that these symbols indicate bifurcations of a fixed point if m = 1.

3.3.1 Single neuronal system

This is the reduced model of a dynamic image segmentation system for an image with only
one image region. Its architecture is outlined in Fig. 1(a). It may seem that the analysis of
bifurcations observed in this reduced model is meaningless for dynamic image segmentation.
However, the existence of a fixed point in this model leads to considerable knowledge to
devise an algorithm for dynamic image segmentation as will be explained later.

We set d = 2 and used k; and ¢ as unfixed parameters to analyze bifurcation. As shown in
Fig. 1(b), an oscillatory response was observed in this model with k, = 0.89 and ¢ = 0.8.
Moreover, we found a stable fixed point, z* = (32.244, —23.333,0.22222), at k, = 0.85 and ¢ =
0.8. We investigated a parameter region where there was a stable fixed point and also found
the genesis of the oscillatory response (Fujimoto et al., 2009b).

Figure 5 shows a two-parameter bifurcation diagram on a fixed point in the (k;, ¢)-plane. We
found three Neimark-Sacker bifurcation sets and located the shaded parameter region where
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there was a stable fixed point. When we gradually changed the value of k, under ¢ = 0.8 so
that the parameter point passed through the bifurcation line indexed by NS from the shaded
region to the non-shaded region, the stable fixed point destabilized on the Neimark-Sacker
bifurcation line. As a result, an oscillatory response was generated as seen in Fig. 6. In the
numerical simulation, we set k, = 0.88975 and ¢ = 0.8 that correspond to the parameter
point in the neighborhood at right of N S% in Fig. 5; the initial values were set to (0) =
(32.10, —31.58,0.2222), which is in the vicinity of the destabilized fixed point. That is, this
figure gives the time evolution in the transient state that starts from the destabilized fixed
point to generate an oscillatory response. Although we observed an oscillatory response in
the other non-shaded region surrounded by NS} and NS, it is not suited to dynamic image
segmentation because of its small amplitude and short period.
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Fig. 6. Oscillatory response caused by Neimark-Sacker bifurcation of stable fixed point

3.3.2 Two-coupled system

This two-coupled system consists of a global inhibitor and two neurons without direct
coupling to other neuron. This was derived as a reduced model of our scheme to dynamically
segment an image with two image regions.

Here, the unfixed parameters were set to d; = dy = 2, which means that all pixel values in
the two image regions are the same. Therefore, this system is symmetrical for the exchange of
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(x1,11) and (x2,y2) from Eq. (6) at d; = d,. The k, and ¢ were used as unfixed parameters in
the analysis of bifurcation that is discussed below.

First, we investigated the bifurcations of a fixed point in a symmetrical two-coupled
system (Fujimoto et al., 2009b) where we observed a stable fixed point, =* =
(32.244,32.244, —23.333, —23.333,0.222), at k, = 0.85 and ¢ = 0.8. The occurrence of a fixed
point is adverse for dynamic image segmentation because only black images are output; this
means dynamic image segmentation has failed. By analyzing bifurcation for the fixed point,
we obtained the two-parameter bifurcation diagram in Fig. 5, i.e., this is the same as that for
the results obtained for the fixed point in the single neuronal system.

We observed two types of oscillatory responses formed by periodic points at k, = 0.89 and
¢ = 0.8. Figure 7 shows in-phase and out-of-phase oscillatory responses in which the blue
and red points correspond to the responses of the first and second neurons. To understand
their phases better, we also drew phase portraits.

Figure 8(a) illustrates bifurcation sets of several in-phase periodic points, and the line marked
N S% at the bottom left corresponds to the Neimark-Sacker bifurcation set of the fixed point.
As seen in the figure, we found the tangent bifurcations of in-phase periodic points. There is
a stable in-phase m-periodic point in the shaded parameter region surrounded by G}* and G}’
for m = 60,61,...,70. Therefore, in-phase periodic points could be observed in the shaded
parameter regions in the right parameter regions of NSI. Note that in-phase periodic points
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(b) Out-of-phase oscillatory response

Fig. 7. Different types of oscillatory responses observed in symmetric two-coupled system at
ky =0.89and ¢ = 0.8

are inappropriate for dynamically segmenting an image with two image regions (Fujimoto
et al., 2009Db).

Next, we investigated the bifurcations of out-of-phase periodic points on the
(kr, ¢)-plane. (Musashi et al., 2009). As shown in Fig. 8(b), their tangent bifurcations
and D-type of branchings were found. For example, there are stable out-of-phase m-periodic
points in the shaded parameter region surrounded by Gj' and Dj" for m = 30, 32,34, 36 for
the observed periodic points. Note that the overlapping parameter region indicates that
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Fig. 8. Bifurcations of perodic points observed in symmetric two-coupled system
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Fig. 9. Out-of-phase oscillatory response observed in asymmetric two-coupled system at
ky =0.85and ¢ = 0.8

out-of-phase periodic points coexist. The whole parameter region where there are stable
out-of-phase periodic points is much wider than that of stable in-phase periodic points.
This is favorable for dynamic image segmentation, because an in-phase periodic point is
unsuitable and an out-of-phase periodic point is suitable.

We set di # dp in the two-coupled system, and therefore, the symmetry for the exchange of
(x1,y1) and (x2,y2) in Eq. (6) is lost. This asymmetric two-coupled system corresponds to a
situation where an input image contains two image regions of different colors. No symmetric
periodic points occur in this system; however, we could observe the asymmetric out-of-phase
periodic point shown in Fig. 9. Note that it is difficult to determine whether a periodic point is
symmetric only from waveforms and phase portraits; however, this is not important because
the feasibility of dynamic image segmentation is not dependent on whether there is symmetry
or not but on the number of phases in a periodic point.

Figure 10(a) shows bifurcation sets of out-of-phase periodic points observed at d; = 2 and
dy = 1.9. Different from the symmetric system, D-type of branching never appeared due to
the asymmetric system; instead, period-doubling bifurcations were found. Comparing the
extent of all the shaded parameter regions in Figs. 8(b) and 10(a), the asymmetric system is
as wide as the symmetric system. Moreover, we set dj = 2 and ¢ = 0.8 and investigated
their bifurcations on the (k;, d)-plane as seen in Fig. 10(b). This indicates that there were
stable out-of-phase periodic points even if the value of |d; — dp| was large; in other words, the



416 Discrete Time Systems

difference between the gray levels of the pixels in the two image regions is large. This is also
favorable for a dynamic image segmentation system.

28|
Gi

(a) Caseofdy =2and dp, =19 (b) Case of dy =2and ¢ =0.8

Fig. 10. Bifurcations of out-of-phase perodic points observed in asymmetric two-coupled
system

3.3.3 Three-coupled system

This model is composed of a global inhibitor and three neurons without direct coupling to
the others and was derived as a reduced model of our dynamic segmentation of an image
containing three image regions. As well as the aforementioned reduced models, we drew
several two-parameter bifurcation diagrams to find the parameter regions such that a stable
fixed point or a stable m-periodic point existed.

When we set dy = dy = d3 = 2, the three-coupled system was symmetric for a
circular exchange of (x;,y;) for (x;y1,yi11), i = 1,2,3 where the value of i + 1 returns
to 1 if i = 3. In this symmetric system, we found a stable fixed point, * =

(32.244, —29.167,32.244, —29.167,32.244, —29.167,0.222), at k, = 088 and ¢ = 0.8. In
the results we investigated, we found the bifurcation diagram on the fixed point on the
(kr, ¢)-plane was the same as the one in Fig. 5. Moreover, as well as those in the symmetric
two-coupled system, we could observe in-phase oscillatory responses in only the right hand
side region of NSI. The waveform of an in-phase oscillatory response and its phase portraits
are shown in Fig. 11(a), where the blue, red, and green points correspond to the responses of
the first, second, and third neurons. The results suggest that the Neimark-Sacker bifurcation
set, NS, causes in-phase oscillatory responses to generate and these are similar to those of the
symmetric two-coupled system (Fujimoto et al., 2009b; Musashi et al., 2009). Therefore, this
implies that the global bifurcation structure of a fixed point and the generation of in-phase
oscillatory responses are intrinsic properties of the symmetric Q-coupled system.

We also observed several oscillatory responses in certain parameter regions. Figures 11(b)
and 11(c) show a two-phase and a three-phase periodic points. For the following reasons, we
only focused on the bifurcations of three-phase periodic points that were appropriate for
dynamically segmenting an image with three image regions.

Figure 13 shows bifurcation sets of three-phase periodic points observed in the symmetric
system. Tangent, period-doubling, and Neimark-Sacker bifurcations were observed. The



Discrete-Time Dynamic Image-Segmentation System 417

1 20 1 20 1 20
T 10 F - 10 - 10 -
3 8 of 4 R op 18 of 1
+ - + 10 4 +-10F 4 + -0 B
s [l o =5 L L I
- 201 1 0 J S 20
& <% 20 40 60 80 100 = “Y2010 0 1020 © -20-10 0 10 20 22010 0 10 20
t — T +y — T2 +y2 — x3+tys —
(a) In-phase oscillatory response
1 20 1 20 1 20
T 10 - B 10 - E 10 - b
5 S ot 182 o S o -
+ - + -0t 4 4+ 10} 4 +-0r 1
re o (a0} — | | |
_ 2| [ 2| L -20
s 8 20400 1020 * 20100 1020 ° -20-10 0 10 20
T1+y — T2 +y2 — X3+ys —
(b) Two-phase oscillatory response
20 ‘ ‘ 20
T 10 i f T 10 T
\l
3 0 S Lo =
+ -0 +. =+ 10 + -
5 -20 ‘ ] ‘ ‘ & 20 L £ 20 & -
0 20 40 60 80 100 -20-10 0 10 20 -20-10 0 10 20 20-10 0 10 20
t — r1+y1 — To+ Yz — X3+y3 —

(c) Three-phase oscillatory response

Fig. 11. Different types of oscillatory responses observed in symmetric three-coupled system
atdy =dp, =d3 =2,k =0.89, al'ld¢ =0.8
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Fig. 12. Three-phase oscillatory response observed in asymmetric three-coupled system at
dl = 2’ dz = 1'9/ d3 = 1~8/ kr = 0.89, and (]J =0.8

respective periodic points are symmetrical for the aforementioned circular exchange.
However, as seen in Fig. 13, we could find no D-type of branching in these investigations.
There is a stable three-phase periodic point in each shaded parameter region. Compared
with the extent of the entire shaded parameter region in Fig. 8(b), that of the three-phase
periodic points is small; however, it is sufficient to design the parameters of our dynamic
image segmentation system.

Next, we set dy # dy # d3, i.e,, this model is asymmetric. Although this three-coupled
system loses symmetry, there is a three-phase periodic point in certain parameters as shown in
Fig. 12. We investigated the bifurcations of several three-phase periodic points observed in the
asymmetric system and drew two bifurcation diagrams. Figure 14(a) shows the bifurcation
sets of three-phase periodic points on the (k;, ¢)-plane. Of course, we found no D-type of
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Fig. 13. Bifurcations of three-phase periodic points observed in symmetric three-coupled
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Fig. 14. Bifurcations of three-phase periodic points observed in asymmetric three-coupled
system

branching because of the asymmetric system. There is a stable three-phase periodic point in
each parameter region shaded by a pattern. The shape and size of the whole shaded parameter
region where there are three-phase periodic points are similar to those in Fig. 13.

As seen in Fig. 14(b), we also computed the bifurcations of three-phase periodic points
observed at d; =2, dp, = 1.9, and ¢ = 0.8 on the (k,, d3)-plane. As we can see from the figure,
there are several stable three-phase periodic points even if the value of d3 is set as small as 1.5.
This suggests that our dynamic image-segmentation system can work for an image with three
regions having different gray levels.

4. Application to Dynamic Image Segmentation

We demonstrated successful results for dynamic image segmentation carried out by our
system with appropriate parameter values according to the results analyzed from the two- and
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three-coupled systems. Our basic concept was that we assigned system parameters to certain
values such those in-phase oscillatory responses, which are unsuitable for dynamic image
segmentation. They do not appear but a multiphase periodic point with as many phases as
image regions does occur.

4.1 Image with two image regions

Let us consider a dynamic image segmentation problem for the 8-bit gray-level image with
256 x 256 pixels shown in Fig. 15(a). This is a slice from the X-ray CT images of the human
head from the Visible Human Dataset (Ackerman, 1991). Using a thresholding method, we
transformed the gray-level CT image into a binary image in preprocessing with Vi, p; =
{0,255}, where p; denotes the ith pixel value. Here, the black and white correspond to 0
and 255. The process image contains the two white image regions shown in Fig. 15(b). The
upper region corresponds to teeth and the mandible bone, and the lower regions indicate the
cervical spine.

We need a neuronal network system to segment the binary image consisting of 256 x 256
neurons and a global inhibitor. The DC-input value to the ith neuron, d;, was set to 2.0 for
neurons corresponding to pixels in the two white image regions based on d; = 2p;/255.
Therefore, we can design system-parameter values according to the analyzed results for the
symmetric two-coupled system in Figs. 5 and 8.

Based on the information in the bifurcation diagrams, we set the two unfixed parameters to
kr = 0.885 and ¢ = 0.8, which correspond to a parameter point in the left neighborhood of
N S% in Fig. 5, so that no in-phase oscillatory responses appear from any initial values but a
fixed point or an out-of-phase 36-periodic point does occur. Note that, any of the out-of-phase
periodic points in Fig. 8(b) are available for dynamic image segmentation, and the period
of the periodic point used in dynamic image segmentation corresponds to the period each
segmented image appeared in output images that were exhibited in a time series.

The binarized image was input to our dynamic image segmentation system with 256 x 256
neurons and a global inhibitor. According to an out-of-phase 36-periodic point, our system
output images in the time series shown in Fig. 15(c), i.e., images were dynamically segmented
successfully. Note that the output images sequentially appeared from the top-left to the
bottom-right, and they also began to appear in each line from the left; moreover, output
images corresponding to state variables in the transient state were removed. We confirmed
from the series of output images that the period where each image region appeared was 36.

4.2 Image with three image regions

We considered the 8-bit gray-level image with 128 x 128 pixels shown in Fig. 16(a). It has three
image regions: a ring shape, a rectangle, and a triangle. To simplify the problem, the color in
each image region was made into a monotone in which the pixel values were 255, 242, and 230
so that these values corresponded to d; = 2,d, = 1.9, and d3 = 1.8 according to d; = 2p;/255.
To dynamically segment the target image, we needed a neuronal network system consisting
of 128 x 128 neurons and a global inhibitor. The DC-input value to the ith neuron, d;, was
set to 2.0 for neurons corresponding to pixels in the ring shape, 1.9 for those in the rectangle,
and 1.8 for those in the triangle. The neuronal network system with 128 x 128 neurons could
be regarded as an asymmetric three-coupled system. Therefore, according to the analyzed
results in Fig. 14, e.g., we set the unfixed parameter values to k, = 0.875 and ¢ = 0.8 such that
a three-phase 25-periodic point occurred in the asymmetric three-coupled system.
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Fig. 15. Results of dynamic image segmentation based on out-of-phase oscillatory response

In trials for randomly given initial values, we achieved a successful result where three image
regions appeared separately, as shown in Fig. 16(b). In addition, because the output images
were generated according to a three-phase 25-periodic point observed in the asymmetric
three-coupled system, we confirmed that the period where each image region appeared was
25. Note that we removed output images corresponding to state variables in the transient
state. Our neuronal network system could work for a simple gray-level image with three
image regions.

4.3 Image with many image regions

To segment an image with an arbitrary number of image regions using our dynamic
image-segmentation system in one process, it is necessary for a multiphase periodic oscillatory
response with as many phases as image regions to appear. As far as our investigations
were concerned, however, it was difficult to generate a multiphase periodic point with many
phases. Therefore, we proposed an algorithm that successively and partially segments an
image.

Here, according to the previously mentioned results obtained from analysis, we considered
a successive algorithm that partially segmented many image regions using two- and
three-phase oscillatory responses. We let the gray-level image with five image regions in
Fig. 17(a) be the target that should be segmented. To simplify the segmentation problem, we
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(a) Target image

(b) Output images in time series

Fig. 16. Results of dynamic image segmentation based on three-phase oscillatory response

assumed that all pixels in an identical image region would have the same gray levels. Based
on the analyzed results for two- and three-coupled systems, we set the system parameters to
certain values such that no in-phase oscillatory responses occurred but a fixed point or a two-
or three-phase oscillatory responses appeared.

We could obtain the three segmented images in Figs. 17(b)—(d) in the first step from the input
image in Fig. 17(a) if a three-phase oscillatory response appeared. Note that the segmented
images were extracted from output images in a time series by removing duplicate images and
all black images.

Each segmented image in Figs. 17(b)—(d) became an input image for our system in the next
step. We obtained the two images in Figs. 17(e) and 17(f) in this step from the input image
in Fig. 17(b) using a two-phase oscillatory response; as well as this process, we also obtained
the two images in Figs. 17(g) and 17(h) from the input image in Fig. 17(c) according to the
two-phase response; whereas we obtained no output images from the input image in Fig. 17(d)
because the system to segment the image corresponded to a single neuronal system, and a
fixed point always appeared under the system-parameter values we assigned. Therefore, the
segmentation of the image in Fig. 17(d) was terminated in this step.

The four images with only one image region in Figs. 17(e)—(h) are input images in the third
step. As previously mentioned, we obtained no output images for an input image with only
one image region. Therefore, our successive algorithm was terminated at this point in time.
Thus, we could segment an image with an arbitrary number of image regions based on the
successive algorithm.
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Fig. 17. Schematic diagram of successive algorithm using our dynamic image-segmentation
system

5. Concluding remarks

We introduced a discrete-time neuron model that could generate similar oscillatory responses
formed by periodic points to oscillations observed in a continuous-time relaxation oscillator
model. The scheme of dynamic image segmentation was illustrated using our neuronal
network system that consisted of our neurons arranged in a 2D grid and a global inhibitor.
Note that we suggested that a neuronal network system where neurons are arranged in a 3D
grid can be applied to segmenting a 3D image.

Images were dynamically segmented according to the responses of our system, and therefore,
knowing about the bifurcations of the responses allowed us to directly set system-parameter
values such that appropriate responses for dynamic image segmentation would appear. We
derived reduced models that simplified our analysis of bifurcations observed in our neuronal
network system and we found parameter regions where there was a non-oscillatory response
or a periodic oscillatory response in the reduced models. According to the analyzed results,
we set system parameters to appropriate values, and the designed system could work for two
sample images with two or three image regions. Moreover, to segment an image with many
image regions, we proposed a successive algorithm using our dynamic image-segmentation
system.

We encountered three main problems that should be solved to enable the practical use of our
dynamic image-segmentation system:

1. Development of a method that can form appropriate couplings between neurons for a
textured image and a gray-level image containing gradation.
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2. Development of a method that can give initial values to neurons and a global inhibitor so
that an appropriate response will always appear.

3. Development of a method or system that can provide fast processing using our system to
segment a large-scale image and a 3D image within practical time limits.

To solve the first problem, we proposed a dynamic image-segmentation system with a
method of posterization (Zhao et al., 2003) used as preprocessing (Fujimoto et al., 2009a;
2010). However, their method of posterization involves high computational cost and a
large memory, we are considering a neuronal network system with plastic couplings as
weight adaptation (Chen et al., 2000). We proposed a solution to the second problem with
a method that avoids the appearance of non-oscillatory responses (Fujimoto et al., 2011a).
However, toward an ultimate solution, we are investigating parameter regions such that no
inappropriate responses appear through bifurcation analysis. An implementation to execute
our dynamic image-segmentation system on a graphics processing unit is in progress as a
means of rapid processing.
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1. Introduction

The problem of fault detection and diagnosis (FDD) in dynamic systems has received
considerable attention in last decades due to the growing complexity of modern engineering
systems and ever increasing demand for fault tolerance, cost efficiency, and reliability
(Willsky, 1976; Basseville, 1988). Existing FDD approaches can be roughly divided into
two major categories including model-based and knowledge-based approaches
(Venkatasubramanian et al, 2003a; Venkatasubramanian et al., 2003b). Model-based
approaches make use of the quantitative analytical model of a physical system. Knowledge-
based approaches do not need full analytical modeling and allow one to use qualitative
models based on the available information and knowledge of a physical system. Whenever
the mathematical models describing the system are available, analytical model-based
methods are preferred because they are more amenable to performance analysis.

Generally, there are two steps in the procedure of model-based FDD. First, on the basis of
the available observations and a mathematical model of the system, the state variable x and
test statistics are required to be obtained. Then, based on the generated test statistics, it is
required to decide on the potential occurrence of a fault. For linear and Gaussian systems,
the Kalman filter (KF) is known to be optimal and employed for state estimation. The
innovations from the KF are used as the test statistics, based on which hypothesis tests can
be carried out for fault detection (Belcastro & Weinstein, 2002). In reality, however, the
models representing the evolution of the system and the noise in observations typically
exhibit complex nonlinearity and non-Gaussian distributions, thus precluding analytical
solution. One popular strategy for estimating the state of such a system as a set of
observations becomes available online is to use sequential Monte-Carlo (SMC) methods, also
known as particle filters (PFs) (Doucet et al., 2001). These methods allow for a complete
representation of the posterior probability distribution function (PDF) of the states by
particles (Guo & Wang, 2004; Li & Kadirkamanathan, 2001).

The aforementioned FDD strategies are single-model-based. However, a single-model-based
FDD approach is not adequate to handle complex failure scenarios. One way to treat this
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problem is the interacting multiple model (IMM) filter (Zhang & Li, 1998). For the IMM
approach, the single-model-based filters running in parallel interact each other in a highly
cost-effective fashion and thus lead to significantly improved performance. The initial
estimate at the beginning of each cycle for each filter is a mixture of all most recent estimates
from the single-model-based filters. It is this mixing that enables the IMM to effectively take
into account the history of the modes (and, therefore, to yield a more fast and accurate
estimate for the changed system states) without the exponentially growing requirements in
computation and storage as required by the optimal estimator. The probability of each mode
is calculated, which indicates clearly the mode in effect and the mode transition at each time.
This is directly useful for the detection and diagnosis of system failures. In view of these,
there is a strong hope that it will be an effective approach to FDD and thus has been
extensively studied during the last decade, see (Zhang & Jiang, 2001; Yen &Ho, 2003;
Tudoroiu & Khorasani, 2005; Rapoport & Oshman, 2007), and reference therein.

A shortcoming of the IMM approach lies in that the mode declaration of the IMM filter may
not reflect a true faulty situation because the model probability of the nominal model tends
to become dominant especially when 1) the states and control inputs converge to the steady
state at a nominal trim flight, or 2) a fault tolerant controller works well after the first failure.
Besides, the IMM filter with the constant transition probability matrix has a problem
diagnosing the second failure. To cope with the abovementioned problems, a new FDD
technique is proposed using IMM filter and fuzzy logic for sensor and actuator failures. In
this study, fuzzy logic is used to determinate the transition probability among the models
not only to enhance the FDD performance after the first failure but also to diagnose the
second one as fast and accurately as possible.

On the other hand, fuel cell technology offers high efficiency and low emissions, and holds
great promise for future power generation systems. Recent developments in polymer
electrolyte membrane (PEM) technology have dramatically increased the power density of
fuel cells, and made them viable for vehicular and portable power applications, as well as
for stationary power plants. A typical fuel cell power system consists of numerous
interconnected components, as presented comprehensively in the books (Blomen &
Mugerwa, 1993), (Larminie & Dicks, 2000), (Pukrushpan et al. 2004b), and more concisely in
the survey paper (Carette et al. 2001) and (Kakac et al. 2007). Faults in the fuel cell systems
can occur in sensors, actuators, and the other components of the system and may lead to
failure of the whole system (Hernandez et al. 2010). They can be modeled by the abrupt
changes of components of the system. Typical faults of main concern in the fuel cell systems
are sensor or actuator failures, which will degrade or even disable the control performance.
In the last a few years, a variety of FDD approaches have been developed for various
failures (Riascos et al., 2007; Escobet et al., 2009; Gebregergis et al. 2010). However, only
simple failure scenarios, such as failure in sensor or actuator, are concerned therein.
Moreover, upon FDD problem for the PEM fuel cell systems, there is little result so far by
IMM approach.

In this chapter, a self-contained framework to utilize IMM approach for FDD of PEM fuel
cell systems is presented. As mentioned above, the constant transition probability matrix
based IMM approach has problem in diagnosing the second failure, even though a fault
tolerant controller works well after the first failure. Therefore, in our study, fuzzy logic is
introduced to update the transition probability among multiple models, which makes the
proposed FDD approach smooth and the possibility of false fault detection reduced. In
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addition to the “total” (or “hard”) actuator and/or sensor failures, “partial” (or “soft”) faults
are also considered. Compared with the existing results on FDD for fuel cell systems, more
complex failure situations, including the total/partial senor and actuator failures, are
considered. Simulation results considering both single and simultaneous sensor and/or
actuator faults are given to illustrate the effectiveness of the proposed approach.

2. IMM for fault detection and diagnosis revisited

In this section, the details on generating the fault dynamics process using jump Markov
linear hybrid dynamic models is first described. Then, the IMM estimation approach is
developed for FDD.

2.1 Jump Markov hybrid systems

A stochastic hybrid system can be described as one with both continuous-valued base state
and discrete-valued Structural/parametric uncertainty. A typical example of such a system
is one subject to failures since fault modes are structurally different from each other and
from the normal (healthy) mode. An effective and natural estimation approach for such a
system is the one based on IMMs, in which a bank of filters running in parallel at every time
with jumps in mode modeled as transition between the assumed models.

The IMM approach assumes that the state of the actual system at any time can be modeled
accurately by the following jump Markov hybrid system:

x(k+1) = A(k,m(k +1))x(k) + B, (k,m(k + 1))u(k) + B, (k, m(k + 1))(k, m(k + 1)) 1)
x(0) e N(%o, )
z(k) = C(k,m(k))x(k) + D, (k,m(k))u(k) + D, (k, m(k))v(k, m(k)) @

with the system mode sequence assumed to be a first-order Markov chain with transition
probabilities

P{m;(k+1) | m;(k)} = z;(k),VYm;,m; € S 3)

and

Zﬂij(k):l,OSEij(k)sl,i:1,...,5 (4)
]

where x(k) is the state vector, z(k) is the mode-dependent measurement vector, and u(k) is
the control input vector; @(k) and v(k) are mutually independent discrete-time process and
measurement noises with mean @(k) and o(k), and covariances Q(k) and R(k); P{} is the
probability operator; m(k) is the discrete-value modal state (i.e., the index of the normal or
fault mode in our FDD scenario) at time k, which denotes the mode in effect during the
sampling period ending at #;; 7; is the transition probability from mode m; to mode m;;
the event that m; is in effect at time k is denoted as m;(k):={m(k)=m;} . The mode set
S={my,m,,..,m} is the set of all possible system modes.

The nonlinear system (1)-(2), known as a “jump linear system”, can be used to model
situations where the system behavior pattern undergoes sudden changes, such as system
failures in this chapter and target maneuvering in (Li & Bar-Shalom, 1993). The FDD



428 Discrete Time Systems

problem in terms of the hybrid system may be stated as that of determining the current
model state. That is, determining whether the normal or a faulty mode is in effect based on
analyzing the sequence of noisy measurements.

How to design the set of models to represent the possible system modes is a key issue in the
application of the IMM approach, which is problem dependent. As pointed in (Li, 1996), this
design should be done such that the models (approximately) represent or cover all possible
system modes at any time. This is the model set design problem, which will be discussed in
the next subsection.

2.2 Model set design for IMM based FDD
In the IMM method, assume that a set of N models has been set up to approximate the
hybrid system (1)-(2) by the following N pairs of equations:

x(k+1) = A;(k)x(k)+ B,;(k)u(k) + B,,; (k)eo(k) ®)

z(k) = C;(k)x(k) + D, (kyu(k) + D, ; (k)o(k) (6)
where N <s and subscript j denotes quantities pertaining to model m; e M (M is the set of
all designed system models to represent the possible system modes in S . System matrices
A;, B, B,;, C;, D,;,and D,; may be of different structures for different .

The model set design (i.e., the design of fault type, magnitude, and duration) is critical for
IMM based FDD. Design of a good set of models requires a priori knowledge of the possible
faults of the system. As pointed out in (Li & Bar-Shalom, 1996; Li, 2000), caution must be
exercised in designing a model set. For example, there should be enough separation
between models so that they are “identifiable” by the IMM estimator. This separation
should exhibit itself well in the measurement residuals, especially between the filters based
on the matched models and those on the mismatched ones. Otherwise, the IMM fault
estimator will not be very selective in terms of correct FDD because it is the measurement
residuals that have dominant effects on the model probability computation which in turn
affect the correctness of FDD and the accuracy of overall state estimates. On the other hand,
if the separation is too large, numerical problems may occur due to ill conditions in the set
of model likelihood functions. A total actuator failures may be modeled by annihilating the
appropriate column(s) of the control input matrix B, and D, :

x(k+1) = A(k)x(k) +[B, (k) + Mg, Ju(k) + B, (k)ew(k) (7)

z(k) = C(k)x(k) +[D,, (k) + M Ju(k) + D,, (k)o(k) ®)

That is, choose the matrix Mp; with all zero elements except that the jth column is taken to
be the negative of the jth column of B, .
Alternatively, the jth actuator failure may be modeled by an additional process noise term

&j(k):

x(k+1) = A(k)x(k) + B, (k)u(k) + B,,(k)a(k) + £;(k) )

z(k) = C(k)x(k) + D, (k)u(k) + D, (k)o(k) + &; (k) (10)
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For total sensor failures, a similar idea can be followed. The failures can be modeled by
annihilating the appropriate row(s) of the measurement matrix C described as

z(k) = [C(k) +L;Jx(k) + D, (k)u(k) + D, (k)o(k) 11
or by an additional sensor noise term e; (k)
z(k) = C(k)x(k) + D, (k)u(k) + D, (k)o(k) + e;(k) (12)

Partial actuator (or sensor) failures are modeled by multiplying the appropriate column (or
row) of B, (or C) by a (scaling) factor of effectiveness. They can also be modeled by
increasing the process noise covariance matrix Q or measurement noise covariance matrix R.
Here we consider more complex failure situations, including total actuator and/or sensor
failures, partial actuator and/or sensor failures, and simultaneous partial actuator and
sensor failures. These situations require that the FDD algorithm be more responsive and
robust. It is difficult for single-model-based approach to handle such complex failure
scenarios.

2.3 Procedures of IMM approach to FDD

The following procedures should be performed in the application of the IMM estimation

technique for fault detection and diagnosis: (i) filter reinitialization; (ii) model-conditional

filtering; (iii) model probability updating; (iv) fault detection and diagnosis; (v) estimate

fusion.

The detailed steps for the IMM algorithm are described next (Zhang & Li, 1998; Mihaylova

& Semerdjiev, 1999; Johnstone & Krishnamurthy, 2001).

Step 1. Interaction and mixing of the estimates: filter reinitialization (interacting the
estimates) obtained by mixing the estimates of all the filters from the previous time
(this is accomplished under the assumption that a particular mode is in effect at the
present time).

1. Compute the predicted model probability from instant k to k+1:

N
ﬂj(k+1|k):z7fijﬂi(k) (13)
i=1
2. Compute the mixing probability:

15 (K) = 70, (k) /1y (k + 1 k) (14)

3. Compute the mixing estimates and covariance:

N
R0k 1K) =D 2 (k | K)aay (k) (15)
i=1

N
P (k1K) =3 (P, (k| k) + 137 (k [ k)= & (k | RO} (k 1K) = %3 (k[ R)I b4y (K) (16)

i=1

where the superscript 0 denotes the initial value for the next step.
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Step 2. Model-conditional filtering

The filtering techniques such as (extended) Kalman filter, unscented Kalman filter, and
particle filter can be applied for model-conditioning filtering. In this study, a linear Kalman
filter is used as the individual filter of the IMM approach.

Step 2.1: Prediction step

1. Compute the predicted state and covariance from instant k to k+1:

&j(k+11k) = A;(K)R(k | K) + By (k)u(k) + B, (k)@(k) (17)

— 0 T T
Pi(k+11k) = A;(k)P; (k| k)Aj (k) + B,,; (k)Q; (k)B,,; (k) (18)
2. Compute the measurement residual and covariance:

r = 2(k +1)~C;(k + 1), (k + 1| k)~ D, (k)u(k) - D,,; (k)5 (k) (19)

S; =C;(k+1)P; (k+1|k)C] (k +1)+ D,;(k)R(k)DL; (k) (20)

v

3. Compute the filter gain:
_ T -1
K;=P; (k+1[k)C; (k+1)S; (21)

Step 2.2: Correction step
Update the estimated state and covariance matrix:

Xi(k+1|k+1)=x;(k+1|k)+K;r; (22)

Pj(k+1|k+1):P/-(k+1|k)—K/-SjK/-T (23)
Step 3. Updating the model probability
The model probability is an important parameter for the system fault detection and
diagnosis. For this, a likelihood function should be defined in advance, and then the model
probability be updated based on the likelihood function.
1. Compute the likelihood function:

Li(k+1)= exp{—fr-TS]Tlr]- } (24)

2. Update the model probability:

pi(k+11K)Li(k+1)
Z?I:l,uj(k+1|k)Lj(k+1)

pi(k+1) = (25)

Step 4. Fault detection and diagnosis
1. Define the model probability vector fi(k+1)=[z(k+1), 1 (k+1),...,uy(k+1)]. The
maximum value of the model probability vector for FDD can be obtained as
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HFDDmax = Max ﬁ(k + 1) (26)

The index of the maximum value of the model probability vector component can be
determined as

j = ﬁnd(/uFDDmax = /ﬁ(k + 1)) (27)

2. Fault decision-FDD logic

The mode probabilities provide an indication of mode in effect at the current sampling
period. Hence, it is natural to be used as an indicator of a failure. According to the
information provided by the model probability, both fault detection and diagnosis can be
achieved. The fault decision can be determined by

> pr = H; : Delare fault corresponding to jth mode

28
HFDDmax {< ur = Hp :No fault @)

Or alternatively,

HFDDmax

> ur = H : Delare fault corresponding to jth mode
e (29)
max zi(k +1)

1#]

< pr = H, :No fault

Step 5. Estimate fusion and combination that yields the overall state estimate as the
probabilistically weighted sum of the updated state estimates of all the filters. The
probability of a mode in effect plays a key role in determining the weights
associated with the fusion of state estimates and covariances. The estimates and
covariance matrices can be obtained as:

N
X(k+1]k+1)=> % (
j=1

k41 k4 1)y (k +1) (30)

P(k+1|k+1)=

:i[Pj(kM) +(R(k+ 1 k+1) =2k + 1 k+D)(E(k+ T k+1) =& (k+ 1|k + 1) Ly (k +1) @D
i=1

It will be seen from Section 4 that the transition probability plays an important role in the
IMM approach to FDD. In this study, the transition probability is adapted online through
the Takagi-Sugeno fuzzy logic (Takagi & Sugeno, 1985). The overall framework of the
proposed fuzzy logic based IMM FDD algorithm is illustrated in Fig. 1.

It is worth noting that decision rule (28) or (29) provides not only fault detection but also the
information of the type (sensor or actuator), location (which sensor or actuator), size (total
failure or partial fault with the fault magnitude) and fault occurrence time, that is,
simultaneous detection and diagnosis. For partial faults, the magnitude (size) can be
determined by the probabilistically weighted sum of the fault magnitudes of the
corresponding partial fault models. Another advantage of the IMM approach is that FDD is
integrated with state estimation. The overall estimate provides the best state estimation of
the system subject to failures. Furthermore, unlike other observer-based or Kalman filter
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based approaches, there is no extra computation for the fault decision because the mode
probabilities are necessary in the IMM algorithm. Furthermore, the overall estimate is
generated by the probabilistically weighted sum of estimates from the single-model-based
filters. Therefore, it is better and more robust than any single-model-based estimate. This
state estimate does not depend upon the correctness of fault detection and in fact, the
accurate state estimation can facilitate the correct FDD. The detection threshold pur is
universal in the sense that it does not depend much on the particular problem at hand and a
robust threshold can be determined easily. In other words, the FDD performance of the
IMM approach varies little in most cases with respect to the choice of this threshold (Zhang
& Li, 1998). On the other hand, the residual-based fault detection logic relies heavily on the
threshold used, which is problem-relevant. Quite different detection thresholds have to be
used for FDD problems of different systems and design of such a threshold is not trivial.
Moreover, without comparing with the threshold, the value of the measurement residual
itself does not provide directly meaningful detection and indication of the fault situations.

2(k+1)
x,(k|k) o : ‘ch(k+1|k+1)
R(k|k) | Filterl ™ P (k+1]k+1)
Iz
1,k k) 1 3, (k+1)k+1)
g ™ Filter2 -
Py(k|k) £ | T P,(k+1]k+1)
& n
8
g
i, (k1) M pr—. G
Py (klk) T - B = Pk+1]k+D)
N
R R l Y oA oYYy
Hy Fuzzy logic based model | #2 " | Estimation Me+11k+1)
probability update ™ fusion PR+1]k+1)
Hy 1, W, iy Hy
Yy Y
max{u;}> iy Fault
Decision

Fig. 1. Block diagram of the proposed fuzzy logic based IMM FDD approach

3. Update of transition probability by fuzzy logic

As aforementioned, the transition probability plays an important role in interacting and
mixing the information of each individual filter. However, an assumption that the transition
probability is constant over the total period of FDD can lead to some problems. Even if the
fault tolerant control treats the first failure successfully, the unchanged transition probability
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can mislead the FDD to intermittently declare a false failure alarm. This is because the fact
that the normal mode before the first failure occurrence is not the normal mode any longer.
The declared fault mode should be changed to a new normal mode after the first failure. On
that account, the fuzzy-tuning algorithm of the transition probability is proposed in this
study.

The transition probability from any particular failure mode to the normal mode is generally
set larger than others in order to prevent a false fault diagnosis. However, it may have a bad
influence on performing correct fault diagnosis because the model probability of the healthy
mode tends to increase again as the current failed system converges to the steady state by
the fault tolerant control law even after a fault occurs. This problem can be overcome by
adjusting the transition probability after the fault occurrence. For example, if the model
probability of a certain failure mode remains larger than that of any other mode for an
assigned time, the transition probability related to the corresponding failure mode should be
increased. On the other hand, the transition probability related to the previous mode should
be decreased to reflect the fact that the failed mode selected by the fault decision algorithm
becomes currently dominant. In this work, the fuzzy-tuning algorithm is adopted to adjust
the transition probabilities effectively.

Now introduce a determination variable C; which decides whether or not the transition
probabilities should be adjusted. First, the initial value of each mode’s determination
variable is set to zero. The increment of the determination variable can be obtained through
the fuzzy logic with inputs composed of the model probabilities at every step. If the
determination variable C; of a certain mode exceeds a predefined threshold value Cr, then
the transition probabilities are adjusted, and the determination value of each mode is
initialized. The overall process is illustrated in Fig. 2.

3.1 Fuzzy input

A fuzzy input for adjusting transition probabilities includes the model probabilities from the
IMM filter. At each sampling time, the model probabilities of every individual filter are
transmitted to the fuzzy system. In this work, the membership function is designed as in
Fig. 3 for the fuzzy input variables “small,” “medium,” and “big” representing the relative
size of the model probability.

3.2 Fuzzy rule
The T-S fuzzy model is used as the inference logic in this work. The T-S fuzzy rule can be
represented as

If yisAand & isBthen Z=f(y, &) (32)

where A and B are fuzzy sets, and Z = f( y, &) is a non-fuzzy function. The fuzzy rule of
adjusting transition probabilities is defined using the T-S model as follows
If 41; is small, then AC; =0
If 4; is medium, then AC}' =0.5 (33)
If 4; is big, then AC! =1
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Fig. 2. Flowchart of T-S fuzzy logic for adaptive model probability update
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Fig. 3. Fuzzy membership function
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3.3 Fuzzy output
The output of the fuzzy system using the T-S model can be obtained by the weighted
average using a membership degree in a particular fuzzy set as follows:

s s m m b b
_ w]-AC]. +w; ACj +ijC/

7 (34)

S m
w; +wj +w;

AC; (k)

where w;, wj', and wl]” is the membership degree in the jth mode for group small,

medium, and big, respectively. During the monitoring process, the determination variable
of the jth mode is accumulated as

AC;(k+1)=C;(k)+ AC;(k +1) (35)

The designed fuzzy output surface of the T-S fuzzy interference system is shown in Fig. 4.

0.8f

0.67

deltaC
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miu

Fig. 4. Output surface of the fuzzy interference system

Once the determination variable of a certain fault mode exceeds the threshold value Cr,
then all the elements of the transition probability matrix from the other modes to the
corresponding fault mode are increased.

3.4 Transition probability design
The diagonal elements of the transition probability matrix can be designed as follows
(Zhang & Li, 1998).

Tj

T = max{lj,l - T} (36)

where T, 7;, and I; are the sampling time, the expected sojourn time, and the predefined
threshold of the transition probability, respectively. For example, the “normal-to-normal”
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transition probability, 7;;, can be obtained by 7, =1-T /7, (here 7; denotes the mean
time between failures) since T is much smaller than 7; in practice. The transition probability
from the normal mode to a fault mode sums up to 1-7y; . To which particular fault mode it
jumps depends on the relative likelihood of the occurrence of the fault mode. While in
reality mean sojourn time of total failures is the down time of the system, which is usually
large and problem-dependent, to incorporate various fault modes into one sequence for a
convenient comparison of different FDD approaches, the sojourn time of the total failures is
assumed to be the same as that of the partial faults in this work.

“Fault-to-fault” transitions are normally disallowed except in the case where there is sufficient
prior knowledge to believe that partial faults can occur one after another. Hence, by using (36),
the elements of the transition probability related to the current model can be defined by

T . 1-p
=1-—, p,="—"11 37
P L Vi (37)
T
pr=l-—, py=1-p; (38)
'y

where p, and p; are the diagonal elements of the normal and failure mode, respectively,
and p, and p, are off-diagonal elements to satisfy the constraint that all the row sum of the
transition probability matrix should be equal to one. In addition, N is the total number of the
assumed models, and 7, and 7z, are the expected sojourn times of the normal and failure
mode, respectively.

After a failure declaration by the fuzzy decision logic, the transition probability from the
other modes to the corresponding failure model (say the mth mode) should be increased,
whereas the transition probabilities related to the nonfailed model should be relatively
decreased. For this purpose, the transition probability matrix of each mode is set as
follows.

Po, i=j=m
Psr i=j#m

Ty =Py, i=jandj#m (39)
ps, izmandj=m

0, otherwise

4. PEM fuel cell description and modeling

The fuel cell system studied in this work is shown in Fig. 5. It is assumed that the stack
temperature is constant. This assumption is justified because the stack temperature changes
relatively slowly, compared with the ~100 ms transient dynamics included in the model to
be developed. Additionally, it is also assumed that the temperature and humidity of the
inlet reactant flows are perfectly controlled, e.g., by well designed humidity and cooling
subsystems. It is further assume that the cathode and anode volumes of the multiple fuel
cells are lumped as a single stack cathode and anode volumes. The anode supply and return
manifold volumes are small, which allows us to lump these volumes to one “anode”
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volume. We denote all the variables associated with the lumped anode volume with a
subscript (an). The cathode supply manifold (sm) lumps all the volumes associated with
pipes and connection between the compressor and the stack cathode (ca) flow field.The
cathode return manifold (rm) represents the lumped volume of pipes downstream of the
stack cathode. In this study, an expander is not included; however, we will consider this
part in future models for FDD. It is assumed that the properties of the flow exiting a volume
are the same as those of the gas inside the volume. Subscripts (cp) and (cm) denote variables
associated with the compressor and compressor motor, respectively.

1 1,
WC 1 1
P 1 1
Supply ! !
=> Manifold => 1 Y H, Tank
(SM) 1 1
1 1
AN 1
Cooler & Ml > ' ' s l'\/
Compressor Humidifier U an,in
(CP) Wca,in >
\ =2 AJ
0
Cathode =) Anode
(CA) (AN)
Wca,out 1 18

Wrm,out N \—:

<: Return Manifold
P (RM)

ﬂ 1 6 Wan,ou=0

Fig. 5. Simplified fuel cell reactant supply system

The rotational dynamics and a flow map are used to model the compressor. The law of
conservation of mass is used to track the gas species in each volume. The principle of mass
conservation is applied to calculate the properties of the combined gas in the supply and
return manifolds. The law of conservation of energy is applied to the air in the supply
manifold to account for the effect of temperature variations. Under the assumptions of a
perfect humidifier and air cooler, and the use of proportional control of the hydrogen valve,
the only inputs to the model are the stack current, I;, and the compressor motor voltage, Ucp.
The parameters used in the model are given in Table 1 (Pukrushpan et al., 2004a). The model
is developed primarily based on physics. However, several phenomena are described in
empirical equations. The models for the fuel cell stack, compressor, manifolds, air cooler and
humidifier are presented in state-space model as specified by (40)-(41) with the relating
matrices given in Table 1.

x=Ax+B, u+b,0 (40)

z=Cx+D,u+D, o (41)
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where u=[v,,,I,]", and z= W, Pans V5], the stochastic noise or disturbance @ models
the uncertainties caused by the linearization and measurement noises, etc. Note that the
nominal operating point is chosen to be P,,=40 kW and Ap2 =2, which correspond to
nominal inputs of I[=191 Amp and ©v.,=164 Volt. The state vector
x =[mg, My, 1N, Oy s Py s My s M0, 1Moy s P ]" . In more details, the fuel cell system model
developed above contains eight states. The compressor has one state: rotor speed. The
supply manifold has two states: air mass and air pressure. The return manifold has one
state: air pressure. The stack has four states: O,, and N, masses in the cathode, and H; and
vapor masses in the anode. These states then determine the voltage output of the stack.

Symbol Variable Value

T dry Membrane dry density 0.002 kg/cm3

Mo ary Membrane dry equivalent weight 1.1 kg/mol

tm Membrane thickness 0.01275 cm

n Number of cells in stack 381

A Fuel cell active area 280 cm?

d. Compressor diameter 0.2286 m

Jo Compressor and motor inertia 531025 kg.m?2

Van Anode volume 0.005 m?

Ve Cathode volume 0.01 m3

Vi Supply manifold volume 0.02m3

Vi Return manifold volume 0.005 m?

Cp,rm Return manifold throttle discharge coefficient | 0.0124

AT m Return manifold throttle area 0.002 m2

Ksm,out Supply manifold outlet orifice constant 0.362931025 kg / (s.Pa)
Keaout Cathode outlet orifice constant 0.217731025 kg(s.Pa)
ky Motor electric constant 0.0153 V/(rad/s)

ki Motor torque constant 0.0153 N-m/A

Reom Compressor Motor circuit resistance 0.816 V

hewm Compressor Motor efficiency 98%

Table 1. Model parameters for vehicle-size fuel cell system

Three measurements are investigated: compressor air flow rate, z;=W,, , supply manifold
pressure, z>=ps, , and fuel cell stack voltage, z3=V, . These signals are usually available
because they are easy to measure and are useful for other purposes. For example, the
compressor flow rate is typically measured for the internal feedback of the compressor. The
stack voltage is monitored for diagnostics and fault detection purposes. Besides, the units of
states and outputs are selected so that all variables have comparable magnitudes, and are as
follows: mass in grams, pressure in bar, rotational speed in kRPM, mass flow rate in g/sec,
power in kW, voltage in V, and current in A.

In this study, the simultaneous actuator and sensor faults are considered. The fuel cell
systems of interest considered here have two actuators and three sensors. Therefore, there
are potentially only six modes, with the first mode being designated as the normal mode as
(40)-(41) and the other five modes designated as the faulty modes associated with each of
the faulty actuators or sensors.
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[—6.30908 0 —10.9544 0 83.74458 0 0 24.05866 |
0 -161.083 O 0 51.52923 0 -18.0261 O
-18.7858 0 —46.3136 0 275.6592 0 0 158.3741
A= 0 0 0 —17.3506 193.9373 0 0 0
¢ 11.299576 0 2969317 0.3977 —38.7024 0.105748 0 0
16.64244 0 38.02522 5.066579 —479.384 0 0 0
0 -450.386 0 0 1422084 0 -809472 O
| 2.02257 0 4.621237 0 0 0 0 -51.2108 |
0 0 0 5.066579 —-116.446 0 0 O
C.=|0 0 0 0 1 0 0 0
12.96989 10.32532 -0.56926 0 0 0 0 0
T 0 0
0 0 0 394668 0 0 0 0
B,. —{ } ,D,. = 0 0
-0.03159-0.00398 0 O 0 0-0.05242 0
0 —0.29656
Table 2. Parameters for the linear fuel cell model in (40)-(41)
A= B, =
0.1779 0 -0.0333 0.0047 —-0.1284 0.0245 0 -0.02 0.0451 -0.0145
0.0012 0 0.0004 0.0002 —0.0169 0.0019 0 0.002 0.004 0
-0.0401 0 0.0263 0.0038 —0.3963 0.0415 0 0.0663 0.0878  0.0034
0.0444 0 0.0177 0.0079 —0.5741 0.0676 0 0.0806 0.3634 —0.0028
0.0036 0 0.0012 0.0006 —0.0517 0.0057 0 0.0059 0.0123 -0.0003
0.0408 0 0.01 0.0053 —3.9786 0.3265 0 0.0543 0.1474 -0.0032
—0.0004 0 —-0.0003 —0.0001 0.0031 —0.0005 0 —0.0011 —0.0007 0.0013
10.0035 0 0.0011 0.0006 —0.0408 0.0048 0 0.0055 | | 0.0097 —0.0003 |
C = D, =
K 0 0 5.0666 -116446 0 0 0O 0 o0
0 0 0 0 1 0 0 0 0 0
| 12.9699 10.3253-0.5693 0 0 0 0 0 | 0-0.2966

Table 3. Parameters for the discretized model

Actuator (or control surface) failures were modeled by multiplying the respective column of

B, and D,;, by a factor between zero and one, where zero corresponds to a total

(or

complete) actuator failure or missing control surface and one to an unimpaired (normal)
actuator/control surface. Likewise for sensor failures, where the role of B,; and D, is
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replaced with C;. It was assumed that the damage does not affect the fuel cell system
dynamic matrix A; , implying that the dynamics of the system are not changed.
Let sampling period T =1s. Discretization of (40)-(41) yields the matrices for normal mode

T T
Al :eA[T ’ Bul :(-[0 eACTdT)Bc ’Bwl :(-[0 eA[TdT)ch/ Cl :Ccl Dul’:Dulf Dull:Dul/ which

are specified in Table 3.

The fault modes in this work are more general and complex than those considered before,
including total single sensor or actuator failures, partial single sensor or actuator failures,
total and partial single sensor and/or actuator failures, and simultaneous sensor and
actuator failures.

5. Results and discussion
Scenario 1: Single total/partial actuator faulty mode

First, in order to compare the performance between the conventional IMM and the proposed
fuzzy logic based IMM approach, consider the simplest situation in which only a single total
(or partial) sensor or actuator is running failure. Specifically, only partial failure for the
actuator according to the second control input, i.e. stack current, Iy, is considered. The
failure occurs after the 50th sampling period with failure amplitude of 50%. Two models
consisting the normal mode and second actuator failure with amplitude of 50% are used for
the IMM filter. The fault decision criterion in (29) is used with the threshold u; =2.5. The
transition matrix for the conventional IMM and the initial for the proposed approach are set
as follows

099 0.01
01 09

The results of the FDD based on our proposed approach are compared with that of the
conventional IMM filter. Fig. 6 (a) and (b) represent the model probabilities of the 2 models
and the mode index according to (29) for the conventional IMM, respectively. From Fig. 6, it
is obvious that the model probability related to the failure model does not keep a dominant
value for the conventional IMM approach. On that account, momentary false failure mode is
declared after the failure although the approach works well before the first failure occurs,

1 T T T 3
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Fig. 6. The model probabilities and the mode index for the conventional IMM approach
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just as shown in Fig. 6 (b). The performance of the proposed fuzzy logic based IMM
approach is stable to hold a higher model probability than that of the conventional filter (cf.
Fig. 7 (a)-(b)). This concludes that the improved IMM approach has better performance and,
more importantly, reliability that the conventional IMM filter.
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Fig. 7. The model probabilities and the mode index for the proposed fuzzy logic based IMM
approach

Scenario 2: Single total/partial sensor/actuator faulty mode sequence

Consider the situation in which only a single total (or partial) sensor or actuator failure is
possible. Then there are a total of 4 possible model (one normal plus 3 failure models) for
sensor failure and 3 possible models (one normal plus 2 failure models) for actuator failures.
Similarly, there are 4 partial sensor failure models and 3 partial actuator failures models.
Due to the space limitation, only the simulation results for the sensor failure case are
presented herein. Let the pairs (z1, ux), (22, us1), (23, Us2), (24, ts3) designate the measurements
and corresponding causes associated with the normal/fault-free mode, and sensor fault for
the first to the third sensor, respectively. Furthermore, let the pair (zs5, u3,) denote the
measurement and corresponding causes associated with the partial fault for the third sensor.
Consider the sequence of events designated by z=[z1, 2o, 21, 23, 21, 24, 21, 25, z1] and u=[ uy, ug,
Un, Us2, Un, U3, Un, Us3p, Un], Where the first, second, third total sensor failures, and the partial
third sensor failure occur at the beginning of the time horizon windows [31, 50], [81, 110],
[141, 180], and [211, 250], respectively. Note that z; corresponds to the normal mode. The
faults persist for the duration of 20, 30, 40, and 40 samples, respectively.

Let the initial model probability for both the conventional IMM and the fuzzy logic based
IMM approach u(0)= [0.2, 0.2, 0.2, 0.2, 0.2]". The transition matrix for the conventional
IMM and the initial one for the proposed approach are set as

096 0.01 0.01 0.01 0.01
01 09 0 0 O
nm={01 0 09 0 O
01 0 0 09 0
01 0 0 O 09

The mode indexes as a function of sampling period for the conventional IMM and the fuzzy
logic based IMM approach are compared in Fig. 8.
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Fig. 8. The mode index in the 2nd scenario for (a) the conventional IMM; and (b) the fuzzy
logic based IMM

Scenario 3: Simultaneous faulty modes sequence

Let the pairs (z1, un), (22, Us1), (23, Us2), (24, Us3), (25, Ua1), (26, Ua2) stand for the measurements
and corresponding causes associated with the normal mode, sensor fault for the first to the
third sensor, and the actuator fault for the first and second actuator, respectively.
Furthermore, let (z7, uns2), (zs, Ua2s2), (29, Uara2), (Z10, Ua1s3), (211, Ua23), (212, Us2s3) designate the
measurements and the inputs due to the presence of simultaneous double faulty modes
caused by different combination of sensors and actuators, respectively. For simplicity and
clarity, only sensor and actuator partial failures are considered herein.

The initial model probabilities are x(0)=1/N, where N = 12 represents the number of
modes; the threshold model probability s =2.5; and the initial one for the proposed
approach are set as

(abbbbbbbbbbbl
dc0000000000
d0c000000000
d00c00000000
d000c0000000

[ |40000c000000
d00000c00000
d000000c0000
d0000000¢c000
d00000000c00
d000000000cO

40000000000 c|

where a=19/20, b=1/220, c=9/10, and d=1/10. Two faulty sequences of events are
considered. The first sequence is 1-2-3-4-6-12, for which the events occur at the beginning of
the 1st, 51st, 101st, 141st, 201st, 251st sampling point, respectively. The second sequence is 1-3-
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5-7-8-9-10-11-12, for which the events occur at the beginning of the 1st, 41st, 71st, 111st, 141st,
181st, 221st, 251st, 281st sampling point, respectively. Note that z; corresponds to the normal
mode. Then, for the first case the faults persist for the duration of 40, 40, 60, 50, and 50
samples within each window. For the second case the faults persist for 30, 40, 30, 40, 40, 30,
30, and 20 samples, respectively. For space reason, only the performance and capabilities of
the proposed approach are shown. The results for the two cases are shown in Fig. 9 and Fig.
10, respectively. A quick view on the results, we may find that there is generally only one
step of delay in detecting the presence of the faults. However, a more insight on both figures
may reveal that at the beginning of the mode 4, it always turns out to be declared as mode
10, while taking mode 8 for mode 12, and vice versa. This may be attributed to the similarity
between the mode 4 and 10, 8 and 12. However, the results settled down quickly, only 5-6
samples on average.
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Fig. 9. The mode index in the 3rd scenario of sequence 1-2-3-4-6-12
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Fig. 10. The mode index in the 3rd scenario of sequence 1-3-5-7-8-9-10-11-12
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6. Conclusion and future work

A self-contained framework to utilize IMM approach for fault detection and diagnosis for
PEM fuel cell systems has been presented in this study. To overcome the shortcoming of the
conventional IMM approach with constant transition matrix, a Takagi-Sugeno fuzzy model
has been introduced to update the transition probability among multiple models, which
makes the proposed FDD approach smooth and the possibility of false fault detection
reduced. Comparing with the existing results on FDD for fuel cell systems , “partial” (or
“soft”) faults in addition to the “total” (or “hard”) actuator and/or sensor failures have also
been considered in this work. Simulation results for three different scenarios considering
both single and simultaneous sensor and/or actuator faults have been given to illustrate the
effectiveness of the proposed approach.

The scenarios considered correspond to representative symptoms in a PEM fuel cell system,
and therefore the set of the considered models can’t possibly cover all fault situations that
may occur. Note that in case the fuel cell system undergoes a fault that it has not seen
before, there is a possibility that the system might become unstable as a result of the IMM
algorithm decision. It is indeed very difficult to formally and analytically characterize this,
but based on our extensive simulation results presented, all the faulty can be detected
precisely and timely.

It is worth mentioning that the main objective of this work was to develop and present
simulation results for the applicability and the effectiveness of the fuzzy logic based IMM
approach for fault diagnosis of a PEM fuel cell system. The proposed approach can be
readily extended to IMM-based fault-tolerant control and provides extremely useful
information for system compensation or fault-tolerant control subsequent to the detection of
a failure. This work is under investigation and will be reported in the near future.
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1. Introduction

1.1 Definitions and basic properties

Discrete event systems (DES) constitute a specific subclass of discrete time systems whose
dynamic behavior is governed by instantaneous changes of the system state that are triggered
by the occurrence of asynchronous events. In particular, the characteristic feature of discrete
event systems is that they are discrete in both their state space and in time. The modeling
formalism of discrete event systems is suitable to represent man-made systems such as
manufacturing systems, telecommunication systems, transportation systems and logistic
systems (Caillaud et al. (2002); Delgado-Eckert (2009c); Dicesare & Zhou (1993); Kumar &
Varaiya (1995)). Due to the steady increase in the complexity of such systems, analysis and
control synthesis problems for discrete event systems received great attention in the last two
decades leading to a broad variety of formal frameworks and solution methods (Baccelli et al.
(1992); Cassandras & Lafortune (2006); Germundsson (1995); Iordache & Antsaklis (2006);
Ramadge & Wonham (1989)).

The literature suggests different modeling techniques for DES such as automata (Hopcroft
& Ullman (1979)), petri-nets (Murata (1989)) or algebraic state space models (Delgado-Eckert
(2009b); Germundsson (1995); Plantin et al. (1995); Reger & Schmidt (2004)). Herein, we focus
on the latter modeling paradigm. In a fairly general setting, within this paradigm, the state
space model can be obtained from an unstructured automaton representation of a DES by
encoding the trajectories in the state space in an n-dimensional state vector x(k) € X" at each
time instant k, whose entries can assume a finite number of different values out of a non-empty
and finite set X. Then, the system dynamics follow

F(x(k+1),x(k)) =0, x(k) € X"

where F marks an implicit scalar transition function F : X" x X" — X, which relates x(k) at
instant k with the possibly multiple successor states x(k + 1) in the instant k + 1. Clearly, in
the case of multiple successor states the dynamics evolve in a non-deterministic manner.
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In addition, it is possible to include control in the model by means of an m-dimensional control
input u(k) € U™ at time instant k. This control input is contained in a so called control set (or
space) U™, where U is a finite set. The resulting system evolution is described by

F(x(k+1),x(k),u(k)) =0, x(k)e X" u(k)eu™

In many cases, this implicit representation can be solved for the successor state x(k + 1),
yielding the explicit form

x(k+1) = fx(k), u(k)) M
or

x(k+1) = f(x(k)) @

when no controls are applied. As a consequence, the study of deterministic DES reduces to
the study of a mapping f : X" — X", or f : X" x U™ — X" if we consider control inputs,
where X and U are finite sets, X is assumed non-empty, and n,m € IN are natural numbers.
Such a mapping f : X" — X" is denoted as a time invariant discrete time finite dynamical system.
Due to the finiteness of X it is readily observed that the trajectory x, f(x), f(f(x)),... of any
point x € X" contains at most |X"| = |X|" different points and therefore becomes either cyclic
or converges to a single point y € X" with the property f(y) = y (i.e., a fixed point of f). The
phase space of f is the directed graph (X", E, 7 : E — X" x X") with node set X", arrow set E
defined as E := {(x,y) € X" x X" | f(x) =y} and vertex mapping

7 E— X"x X"
(v y) = (x,y)

The phase space consists of closed paths of different lengths that range from 1 (i.e. loops
centered on fixed points) to | X"| (the closed path comprises all possible states), and directed
trees that end each one at exactly one closed path. The nodes in the directed trees correspond
to transient states of the system. In particular, if f is bijective!, every point x € X" is contained
in a closed path and the phase space is the union of disjoint closed paths. Conversely, if every
point in the phase space is contained in a closed path, then f must be bijective. A closed path
of length s in the phase space of f is called a cycle of length s. We refer to the total number of
cycles and their lengths in the phase space of f as the cycle structure of f.

Given a discrete time finite dynamical system f : X" — X", we can find in the phase space
the longest open path ending in a closed path. Let m € INg be the length of this path. It is easy
to see, that for any s > m the (iterated) discrete time finite dynamical system f* : X" — X"
has the following properties

1. Vx € X", f*(x) is a node contained in one closed path of the phase space.

2. If T is the least common multiple of all the lengths of closed paths displayed in the phase
space, then it holds
fS+AT:fSV)\€N

and .
L fpvYie{l,., T—1}
We call T the period number of f.If T =1, f is called a fixed point system.

In order to study the dynamics of such a dynamical system mathematically, it is beneficial to
add some mathematical structure to the set X so that one can make use of well established

1 Note that for any map from a finite set into itself, surjectivity is equivalent to injectivity.
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mathematical techniques. One approach that opens up a large tool box of algebraic and graph
theoretical methods is to endow the set X with the algebraic structure of a finite field (Lidl &
Niederreiter (1997)). While this step implies some limitations on the cardinality? |X| of the set
X, at the same time, it enormously simplifies the study of systems f : X" — X" due to the
fact that every component function f; : X" — X can be shown to be a polynomial function of
bounded degree in 7 variables (Lidl & Niederreiter (1997), Delgado-Eckert (2008)). In many
applications, the occurrence of events and the encoding of states and possible state transitions
are modeled over the Boolean finite field IF, containing only the elements 0 and 1.

1.2 Control theoretic problems — analysis and controller synthesis

Discrete event systems exhibit specific control theoretic properties and bring about different
control theoretic problems that aim at ensuring desired system properties. This section
reviews the relevant properties and formalizes their analysis and synthesis in terms of the
formal framework introduced in the previous section.

1.2.1 Discrete event systems analysis

A classical topic is the investigation of reachability properties of a DES. Basically, the analysis
of reachability seeks to determine if the dynamics of a DES permit trajectories between given
system states. Specifically, it is frequently required to verify if a DES is nonblocking, that is, if it
is always possible to reach certain pre-defined desirable system states. For example, regarding
manufacturing systems, such desirable states could represent the completion of a production
task. Formally, it is desired to find out if a set of goal states Xy C X" can be reached from a
start state ¥ € X"

In the case of autonomous DES without a control input as in (2), a DES with the dynamic
equations x(k +1) = f(x(k)) is denoted as reachable if it holds for all # € X that the set X, is
reached after applying the mapping f for a finite number of times:

Vi € X"3k € Ns.t. f5(%) € X, (3)

Considering DES with a control input, reachability of a DES with respect to a goal set X holds
if there exists a control input sequence that leads to a trajectory from each start state ¥ € X"
to a state x(k) € Xg, whereby x(k) is determined according to (1):

vz € X"3k € N and controls u(0),...,u(k—1) € U" s.t. x(k) € Xg. 4)

Moreover, if reachability of a controlled DES holds with respect to all possible goal sets Xy C
X", then the DES is simply denoted as reachable and if the number of steps required to reach
Xg is bounded by I € IN, then the DES is called [-reachable.

An important related subject is the stability of DES that addresses the question if the dynamic
system evolution will finally converge to a certain set of states ((Young & Garg, 1993)).
Stability is particularly interesting in the context of failure-tolerant DES, where it is desired to
finally ensure correct system behavior even after the occurrence of a failure. Formally, stability
requires that trajectories from any start state ¥ € X" finally lead to a goal set Xy without ever
leaving X again.

Regarding autonomous DES without control, this condition is written as

Vi e X"3l € Ns.t. Vk > 1, f*(%) € Xg. (5)

2 A well-known result states that X can be endowed with the structure of a finite field if and only if there
is a prime number p € IN and a natural number m € IN such that |X| = p™.
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In addition, DES with control input require that
Vi € X"3k € N and controls u(0),...,u(k—1) € U" s.t.VI > k x(I) € Xg, (6)

whereby k = 1 for all ¥ € Xg.

It has to be noted that stability is a stronger condition than reachability both for autonomous
DES and for DES with control inputs, that is, stability directly implies reachability in both
cases.

In the previous section, it is discussed that the phase space of a DES consists of closed paths
— so-called cycles — and directed trees that lead to exactly one closed path. In this context, the
DES analysis is interested in inherent structural properties of autonomous DES. For instance,
it is sought to determine cyclic or fixed-point behavior along with system states that belong
to cycles or that lead to a fixed point ((Delgado-Eckert, 2009b; Plantin et al., 1995; Reger &
Schmidt, 2004)). In addition, it is desired to determine the depth of directed trees and the
states that belong to trees in the phase space of DES. A classical application, where cyclic
behavior is required, is the design of feedback shift registers that serve as counter circuits in
logical devices ((Gill, 1966; 1969)).

1.2.2 Controller synthesis for discrete event systems

Generally, the control synthesis for discrete event systems is concerned with the design of a
controller that influences the DES behavior in order to allow certain trajectories or to achieve
pre-specified structural properties under control. In the setting of DES, the control is applied
by disabling or enforcing the occurrence of system events that are encoded by the control
inputs of the DES description in (1). On the one hand, the control law can be realized as a
feedforward controller that supplies an appropriate control input sequence u(0), u(1), ..., in
order to meet the specified DES behavior. Such feedforward control is for example required
for reaching a goal set Xy as in (4) and (6). On the other hand, the control law can be stated
in the form of a feedback controller that is realized as a function g : X" — U™. This function
maps the current state x € X" to the current control input ¢(x) and is computed such that the
closed-loop system

ho: X" — X"
x = fx,g(x))

satisfies desired structural properties. In this context, the assignment of a pre-determined
cyclic behavior of a given DES are of particular interest for this chapter.

1.3 Applicability of existing methods

The control literature offers a great variety of approaches and tools for the system analysis
and the controller synthesis for continuous and discrete time dynamical systems that are
represented in the form

or

x(k+1) = f(x(k), u(k)),
whereby usually x(f) € R", u(t) € R™, and x(k) € R", u(k) € R", respectively.
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Unfortunately, traditional approaches to analyzing continuous and discrete time dynamical
systems and to synthesizing controllers may fail when dealing with new modeling paradigms
such as the use of the finite field IF, for DES as proposed in Section 1.1. From a mathematical
point of view, one of the major difficulties is the fact that finite fields are not algebraically
closed. Also non-linearity in the functions involved places a major burden for the system
analysis and controller synthesis. In general, despite the simple polynomial shape of the
transition function f (see above), calculations may be computationally intractable. For
instance, determining the reachability set ((Le Borgne et al., 1991)) involves solving a certain
set of algebraic equations, which is known to be an NP-hard problem ((Smale, 1998)).
Consequently, one of the main challenges in the field of discrete event systems is the
development of appropriate mathematical techniques. To this end, researchers are confronted
with the problem of finding new mathematical indicators that characterize the dynamic
properties of a discrete system. Moreover, it is pertinent to establish to what extent such
indicators can be used to solve the analysis and control problems described in Section 1.2.
In addition, the development of efficient algorithms for the system analysis and controller
synthesis are of great interest.

To illustrate recent achievements, this chapter presents the control theoretic study of linear
modular systems in Section 2, on the one hand, and, on the other hand, of a class of nonlinear
control systems over the Boolean finite field IF, namely, Boolean monomial control systems in
Section 3, (first introduced by Delgado-Eckert (2009b)).

2. Analysis and control of linear modular systems?

2.1 State space decomposition
In this section, linear modular systems (LMS) over the finite field IF, shall be in the focus. Such
systems are given by a linear recurrence

x(k+1)=Ax(k), keNp, (7)

where A € F]'*" is the so-called system matrix. As usual in systems theory, it is our objective
to track back dynamic properties of the system to the properties of the respective system
matrix. To this end, we first recall some concepts from linear algebra that we need so as to
relate the cycle structure of the system to properties of the system matrix.

2.1.1 Invariant polynomials and elementary divisor polynomials

A polynomial matrix P(A) is a matrix whose entries are polynomials in A. Whenever
the inverse of a polynomial matrix again is a polynomial matrix then this matrix is called
unimodular. These matrices are just the matrices that show constant non-zero determinant. In
the following, IF denotes a field.

Lemma 1. Let A € F"*" be arbitrary. There exist unimodular polynomial matrices U (M), V(A) €
F[A]"*" such that
UA) (A= A)V(A) = S(A) ®)

3 Some of the material presented in this section has been previously published in (Reger & Schmidt,
2004).
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with
G 0 0
si=| 2 e i ©
0 o 0 (M)

in which ¢;(A) € F[A] are monic polynomials with the property c¢; 1 |c;, i =1,...,n — L

Remark 2. The diagonal matrix S(A) is the Smith canonical form of AI — A which, of course, exists
for any non-square polynomial matrix, not only in case of the characteristic matrix AI — A. However,
for A not in the spectrum of A the rank of AI — A is always full and, thus, for any non-eigenvalue A
we have ¢;(A) # 0.

Definition 3. Let A € F"*" be arbitrary and S(A) € F[A]"*" the Smith canonical form associated
to the characteristic matrix AI — A. The monic polynomials c;(A), i =1,...,n, generating S(A) are
called invariant polynomials of A.

It is a well-known fact that two square matrices are similar if and only if they have the same
Smith canonical form ((Wolovich, 1974)). That is, these invariant polynomials capture the
coordinate independent properties of the system. Moreover, the product of all invariant
polynomials results in the characteristic polynomial cp 4 (A) = det(AT — A) = c1(A)---cu(A)
and the largest degree polynomial c1(A) in S(A) is the minimal polynomial mp 4(A) of A,
which is the polynomial of least degree such that mp 4,(A) = 0. The invariant polynomials
can be factored into irreducible factors.

Definition 4. A non-constant polynomial p € F[A] is called irreducible over the field T if whenever
p(A) = g(A)h(A) in F[A] then either g(A) or h(A) is a constant.

In view of irreducibility, Gaufs’ fundamental theorem of algebra can be rephrased so as to
obtain the unique factorization theorem.

Theorem 5. Any polynomial p € F[A] can be written in the form

p=api® - p (10)
witha € F, eq,...,ep € N, and polynomials py, ..., px € F[A] irreducible over F. The factorization
is unique except for the ordering of the factors.

i1

Definition 6. Let A € F"*" be arbitrary and ¢; = p; - p?ﬁ" € FALi =1,...,7,
the corresponding fi non-unity invariant polynomials in unique factorization with Nj factors. The
N = Efl:l N; monic factor polynomials p?]i/, i=1,...,iand j = 1,...,Nj, are called elementary
divisor polynomials of A.

In order to precise our statements the following definition is in order:

Definition 7. Let pc = A + Y"1 a; A € F[A] be monic. Then the (d x d)-matrix

o 1 0 - 0 0
o o0 1 .- 0 0

S I ay
o 0o 0 - 0 1

—ap —a4p —az - —Aag-p —Aaq-1
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is called the companion matrix associated to pc.

Based on Definition 7, it is now possible to define the rational canonical form of a given matrix.

Theorem 8. Let A € F"*" be arbitrary and pfi'f its N elementary divisor polynomials, as introduced
in Definition 6. There exists an invertible matrix T such that

At =T 1AT = diag(Cy,...,Cn) (12)

where C1,...,Cy are the companion matrices associated to the N elementary divisor polynomials of
A.

Remark 9. Except for the ordering of the companion matrices the matrix Aya is unique. Furthermore,
the number N is maximal in the sense that there is no other matrix similar to A that comprises more
than N companion matrices.

2.1.2 Cycle structure

As pointed out in the introductory section, the phase space of any discrete system may be
decomposed into closed paths (cycles) and paths that terminate in some cycle. For ease of
notation, let Ny, denote the number of different-length cycles in a discrete system. Moreover,
let the expression v[t] denote v cycles of length 7. For this notation it clearly holds v;[t] +
vj[t] = (v; +v;)[t]. Then the formal sum (cycle sum)

X =uln]l+vln]+. ..+ N [T] (13)

is used to represent the entire cycle structure of a discrete system that has a total of v; cycles
of length 7; fori = 1,..., Nx. The cycle structure is naturally linked to the notion of a periodic
state, which shall be introduced for the particular case of linear modular systems.

Definition 10. Let x € IF}! be a non-zero state of the LMS in (7). The period of x is the least natural
number t such that x = Atx. The period of the zero state x = 0 is t = 1.

Without loss of generality, let the LMS in (7) be given in the elementary divisor version of the
rational canonical form* (see Theorem 8). Hence,

x(k+1) = diag(Cy,...,Cn) x(k). (14)

The representation reveals the decomposition of (7) into N decoupled underlying subsystems,
x;(k+1) = C; x;(k), associated to the companion matrices C; with respect to each elementary
divisor polynomial of A. By combinatorial superposition of the periodic states of the
subsystems it is clear that the periods of the states in the composite system follow from the
least common multiple of the state periods in the subsystems. Therefore, for the examination
of the cycle structure, it is sufficient to consider the cycle structure of a system

x(k+1) =Cux(k). (15)

In this representation, C & ]dex”l is a companion matrix whose polynomial pc € Fp[A] is a

power of a monic polynomial that is irreducible over IFp, whereby either pc(0) # 0 or pc = A?
((Reger, 2004)). It is now possible to relate the cyclic properties of the matrix C to the cyclic
properties of the polynomial pc.

4 Otherwise, we may always transform ¥ = T x such that in new coordinates it will be.
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Theorem 11. Let a linear modular system x(k +1) = Cx(k) be given by a companion matrix
Ce ]de “@ and its corresponding d-th degree polynomial pc = (Pirr,c)¢, where piyc € Fa[A] is
an irreducible polynomial over IF, of degree 6 such that d = e 6. Then the following statements hold:
1. If Pirr,c(0) # O, then the phase space of the system has the cycle sum

5 _ 1 22(5 _ 2(5 28(5 _ 2(871)(5
(o] +---+ [T+t [Tl (16)

5= 101 + 2 =
e

i

In the above equation, the periods Tj, j = 1,...,e are computed as Tj = 2li, whereby T represents
the period of the irreducible polynomial piy, c which is defined as the least positive natural number

for which p(A) divides AT — 1. In addition, l]-,j =1,...,e, is the least integer such that 2l > j.

2. If pirc = A%, then the phase space forms a tree with d levels, whereby each level | = 1,...,d

comprises 2!~ states, each non-zero state in level | — 1 is associated to 2 states in level 1, and the
zero state has one state in level 1.

Proof. Part 1. is proved in [Theorem 4.5 in (Reger, 2004)] and part 2. is proved in [Theorem 4.9
in (Reger, 2004)]. m
Equipped with this basic result, it is now possible to describe the structure of the state space
of an LMS in rational canonical form (14). Without loss of generality, it is assumed that the
first c companion matrices are cyclic with the cycle sums ¥4, ...,%, whereas the remaining
companion matrices are nilpotent.” Using the multiplication of cycle terms as defined by
ViViTiT;
vilTilvi[t] = ﬁ [lem(7;, 7)] = vivj ged(T;, 7)) [lem(7;, 77)],
the cycle structure X of the overall LMS is given by the multiplication of the cycle sums of the
cyclic companion matrices

=212 X
Finally, the nilpotent part of the overall LMS forms a tree with max{d.;1,...,dn} levels, that
is, the length of the longest open path of the LMS is I, = max{d,1,...,dx}. For the detailed
structure of the resulting tree the reader is referred to Section 4.2.2.2 in (Reger, 2004).
The following example illustrates the cycle sum evaluation for an LMS with the system matrix

A € F;° and its corresponding Smith canonical form S(A) € F»[A]>*® that is computed as
in [p. 268 ff. in (Booth, 1967)], [p. 222 ff. in (Gill, 1969)].

10011 (A24+A+1)(A+1)2 0 000
11001 0 A+1000
A=|00101(, SA) = 0 0 100
00001 0 0 010
10001 0 0 001

Here the only non-constant invariant polynomials of A are
(M) = A2+ A+1)(A+1)2, (A)=A+1

as indicated by the Smith canonical form. Thus, A has the elementary divisor polynomials

pe,(A) =A2+A+1, pe,(A) = (A+1)% pc,(A) =A+1

5 A matrix A is called nilpotent when there is a natural number n € IN such that A" = 0.
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Since none of the elementary divisor polynomials is of the form A" for some integer 4, the
system matrix A is cyclic. The corresponding base polynomial degrees are 6; = 2,6, = 1 and
&3 = 1, respectively. Consequently, the corresponding rational canonical form At = T A T-1
together with its transformation matrix T reads®

01000 10011 11000
11000 00011 11101
Arat = diag(Cy,Cp,C3) = | 00010 |, T=|10101|,T'=|01010
00100 00111 11110
00001 01101 10110

In view of Theorem 11, the corresponding periods are

P, (M) = A2+ A+1 A% +1 = V=3
Pirrc,(A) = A +1 — Tl(z)_l
(e W) = A +17 =21 = o2
Pirr,c,(A) = A +1 S

Thus, the associated cycle sums are
=101+, =201+, Z3=2[1].
The superposition of these cycle sums yields the cycle sum of the overall LMS

T = 43X = (1[1] +1[3]) (2[1] + 1[2]) (2[1]) = (2[1] + 1[2] +2[3] + 1[6]) (2[1]) =
— 4[1] +2[2] +4[3] + 2[6] .

Therefore, the LMS represented by the system matrix A comprises 4 cycles of length 1, 2 cycles
of length 2, 4 cycles of length 3 and 2 cycles of length 6.

2.2 Reachability and stability

In this section, the DES properties of reachability and stability as introduced in Section 1.2
are investigated. The DES analysis for both properties is first performed for systems with no
controls in Subsection 2.2.1. In this case, we can prove necessary and sufficient conditions for
reachability and stability for general (not necessarily linear) deterministic DES f : X" — X",
without even requiring an algebraic structure imposed on the set X. However, to achieve
equivalent results in the case of DES with controls, we need to endow the set X with the
structure of a finite field and assume that the mapping f : X" x U™ — X" is linear. This is
presented in Subsection 2.2.2.

2.2.1 Reachability and stability for discrete event systems with no controls

The reachability analysis for DES with no controls requires the verification of (3). As
mentioned in Section 1.1, any state ¥ € X either belongs to a unique cycle or to a tree that
is rooted at a unique cycle. In the first case, it is necessary and sufficient for reachability from
¥ that there is at least one state £ € X, that belongs to the same cycle. Denoting the cycle

6 A simple method for obtaining the transformation matrix T can be found in Appendix B of (Reger,
2004).



456 Discrete Time Systems

length as 7, it follows that f¥(%) = £ € Xg for some 0 < k < 7. In the latter case, it is sufficient
that at least one state £ € Xg is located on the cycle with length T where the tree is rooted.
With the length I, of the longest open path and the root x; of the tree, it holds that x, = f(%)
with0 <l <lyand £ = fk(xr) for some 0 < k < 7. Hence, f”kf = % € Xg. Together, it
turns out that reachability for a DES without controls can be formulated as a necessary and
sufficient property of the goal state set X with respect to the map f.

Theorem 12. Let f : X" — X" be a mapping, let Cy denote the set of all cycles of the DES and let
Xg C X" be a goal state set. Then, reachability of Xg with respect to f is given if and only if for all
cycles ¢ € Cy, there is a state £ € Xg that belongs to c. Denoting l, as the longest open path and T as
the length of the longest cycle of the DES, X, is reachable from any X € X" in at most lo + T — 1 steps.

Algorithmically, the verification of reachability for a given DES without controls with the
mapping f and the goal state set Xy can be done based on the knowledge of the number v of
cycles of the DES’. First, it has to be noted that the requirement |Xg| > v for the cardinality of
Xg is a necessary requirement. If this condition is fulfilled, the following procedure performs
the reachability verification.

Algorithm 13. Input: Mapping f, goal state set Xg, cycle count v
1. Remove all states on trees from Xg
2. ifv="1and Xg #D
return rechability verification successful
3. Pick £ € X,
Compute all states Yg C Xg on the same cycle as £
Xg = Xg = Xg
4 v=v-—-1
5. if [Xg| > v
goto 2.
else
return reachability verification fails

That is, Algorithm 13 checks if the states in Xg cover each cycle of the DES. To this end, the
algorithm successively picks states from Xg and removes all states in the same cycle from Xg.
With the removal of each cycle, the variable v that represents the number of cycles of the DES
that were not covered by states in Xg, yet, is decremented. Thereby, reachability is violated as
soon as there are more remaining cycles v than remaining states in Xg.

Next, stability for DES with no controls as in (5) is considered. In view of the previous
discussion, stability requires that all states in all cycles of the DES belong to the goal set X,.
In that case, it holds that whatever start state ¥ € X" is chosen, at most [, steps are required
to lead ¥ to a cycle that belongs to Xg. In contrast, it is clear that whenever there is a state
x € X" — X, that belongs to a cycle of the DES, then the condition in (5) is violated for all
states in the same cycle. Hence, the formal stability result for DES with no controls is as
follows.

Theorem 14. Let f : X" x X" be a mapping and let Xg C X" be a goal state set. Then, stability of
Xg with respect to f is given if and only if Xg contains all cyclic states of the DES with the mapping f.
Denoting I, as the longest open path of the DES, X is reached from any x € X" in at most I, steps.

7 Note that v can be computed for LMS according to Subsection 2.1.2.
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For the algorithmic verification of stability, a slight modification of Algorithm 13 can be used.
It is only required to additionally check if the set Xg computed in step 3. contains all states of
the respective cycle. In the positive case, the algorithm can be continued as specified, whereas
the modified algorithm terminates with a violation of stability if X, does not contain all states
of a cycle.

In summary, both reachability and stability of DES with no controls with respect to a given
goal state set Xy can be formulated and algorithmically verified in terms of the cycle structure
of the DES. Moreover, it has to be noted that stability is more restrictive than reachability.
While reachability requires that at least one state in each cycle of the DES belongs to Xg,
stability necessitates that all cyclic states of the DES belong to Xg.

2.2.2 Reachability and stability under control
The results in this subsection are valid for arbitrary finite fields. However, we will state the
results with respect to the (for applications most relevant) Boolean finite field IF,. Moreover,
the focus of this subsection is the specialization of (4) to the case of controlled LMS with the
following form

x(k+1) = Ax(k) + Bu(k), k€ Ny (17)

with the matrices A € IF;*" and B € F5*"":

k-1 ,
Vx € F43k € N and controls u(0),...,u(k —1) € U™ s.t. AFx + ) AR1=TBu(j) € Xg. (18)
j=0

In analogy to the classical reachability condition for linear discrete time systems that are
formulated over the field R ((Sontag, 1998)), the following definition is sufficient for (18).

Definition 15. The LMS in (17) is denoted as reachable if for any %, £ € IF}, there exists a k € IN and
controls u(0),u(1),...,u(k — 1) such that x(k) = X. If there is a smallest number | € N such that
the above condition is fulfilled for any x, £ € I} and k = 1, then the LMS is I-reachable.

That is, if an LMS is reachable, then the condition in (18) is fulfilled for any given goal set
Xg. To this end, the notion of controllability that is established for linear discrete time systems
[Theorem 2 in (Sontag, 1998)] is formulated for LMS.

Theorem 16. The LMS in (17) is controllable if and only if the pair (A, B) is controllable, that is, the
matrix R with
R=[B AB A?B --- A" B (19)

has full rank n. Moreover, the LMS is I-controllable if and only if R = [B AB - -- A/=1B] has full
rank n foranl € {1,..,n}.

Noting the equivalence of controllability and reachability for linear discrete time systems
as established in [Lemma 3.1.5 in (Sontag, 1998)], I-reachability for LMS can be verified by
evaluating the rank of the matrix R;. In case an LMS is [-reachable, an important task is to
determine an appropriate control input that leads a given start state X to the goal state set X.
That is, for some £ € Xg the controls u(0),...,u(l — 1) € U™ have to be computed such that
% = Alx+ T2 A1 TBu(j).

To this end, a particular matrix L € F;*" is defined in analogy to [p. 81 in (Wolovich,
1974)]. Denoting the column vectors of the input matrix B as by, ..., by, (which, without loss
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of generality, are linearly independent), that is, B = [by - - - by, L is constructed by choosing
n linearly independent columns from R; with the following arrangement:

L= [b1 Aby - AMT1py by Aby - A2 1py oo by Ay - Aum—lbm]_ (20)

In this expression, the parameters jiy,...,u;; that arise from the choice of the linearly
independent columns of R; are the controllability indices of the LMS (A, B). Without loss of
generality it can be assumed that the controllability indices are ordered such that iy < --- <
Hm, in which case they are unique for each LMS. The representation in (20) allows to directly
compute an appropriate control sequence that leads % to a state £ € X;. It is desired that

-1 )
g=Alx+ Y AT [by - b u(j)
j=0

— Alx 4+ [by- A1y by AI1D,] [ul(l—1)---u1(0)---um(l—1)~~-um(0)]t

In the above equation, u;(j) denotes the i-th component of the input vector u(j) € U™ at step
j. Next, setting all u;(j) =0fori =1,...,mand j < —1— y;, the above equation simplifies
to

= A’x+[b1- ARy AR ] [y (1-1) -y (=) - -t (1—1)-- ~um(l—]4m)]t
= AL [ (1= 1) (=) - sl = 1) st (] = )]

Since L is invertible, the remaining components of the control input evaluate as

[ (1 =1) - ur (I =) oI = 1) (I = )] = L7 (2 — A'%).

Remark 17. At this point, it has to be noted that the presented procedure determines one of the possible
control input sequences that lead a given ¥ to £ € Xg. In general, there are multiple different control
input sequences that solve this problem.

Considering stability, it is required to find a control input sequence that finally leads a given
start state to the goal state set Xy without leaving the goal state set again. For DES with no
controls that are described in Subsection 2.2.1, stability can only be achieved if all cyclic states
of an LMS are contained in Xg. In the case of LMS with control, this restrictive condition
can be relaxed. It is only necessary that the goal set contains at least one full cycle of the
corresponding system with no controls (for B = 0), that is, all states that form at least one
cycle of an LMS. If [-reachability of the LMS is given, then it is always possible to reach this
cycle after a bounded number of at most [ steps.

Corollary 18. The LMS in (17) is stable if it is I-reachable for an | € {1,...,n} and Xg contains all
states of at least one cycle of the autonomous LMS with the system matrix A.

Next, it is considered that [-reachability is violated for any / in Corollary 18. In that case, the
linear systems theory suggests that the state space is separated into a controllable state space
and an uncontrollable state space, whereby there is a particular transformation to the state
y = T~ lx that structurally separates both subspaces as follows from [p. 86 in ((Wolovich,
1974))].

y(k) = TAT 'y(k —1) + TBu(k — 1) = Bc_(kﬂ = K‘)ﬁ ‘j‘%ﬂ y(k—1)+ {%} u(k—1). (21)



Discrete Time Systems with Event-Based Dynamics:
Recent Developments in Analysis and Synthesis Methods 459

This representation is denoted as the controller companion form with the controllable subsystem
(Ac, Be), the uncontrollable autonomous subsystem with the matrix Az and the coupling

matrix Ace.

Then, the following result is sufficient for the reachability of a goal state = BC_} from a start
C

state 7 = |/
Y L/C'
respective state vectors in the transformed coordinates.

}, whereby 7, 7. and §¢, = denote the controllable and reachable part of the

Theorem 19. Assume that an uncontrollable LMS is given by its controller companion form in (21)
and assume that the pair (A., B;) is I-controllable. Let = gc_} be a start state and 1§ = BC_} € Yg
c X

be a goal state. Then, 1] is reachable from § in k steps if

o k>1

* Jc = Alye

Theorem 19 constitutes the most general result in this subsection. In particular, Theorem 16 is
recovered if the uncontrollable subsystem of the LMS does not existand k > I.

Finally, the combination of the results in Theorem 19 and Corollary 18 allows to address the
issue of stability in the case of an uncontrollable LMS.

Corollary 20. Consider an LMS in its Kalman decomposition (21). The LMS is stable if it holds for
the uncontrollable subsystem that all states in cycles of Az are present in the uncontrollable part §z of
the goal states §j € Yg, whereby each cycle in the uncontrollable subsystem has to correspond to at least
one cycle of the complete state y in Yg.

2.3 Cycle sum assignment

In regard of Section 2.1, imposing a desired cycle sum on an LMS requires to alter the system
matrix in such a way that it obtains desired invariant polynomials that generate the desired
cycle sum. Under certain conditions, this task can be achieved by means of linear state
feedback of the form u (k) = Kx(k) with K € IFJ"*".

Since the specification of a cycle sum via periodic polynomials will usually entail the need to
introduce more than one non-unity invariant polynomial, invariant polynomial assignment
generalizes the idea of pole placement that is wide-spread in the control community. The
question to be answered in this context is: what are necessary and sufficient conditions for
an LMS such that a set of invariant polynomials can be assigned by state feedback? The
answer to this question is given by the celebrated control structure theorem of Rosenbrock in
[Theorem 7.2.-4. in (Kailath, 1980)]. Note that, in this case, the closed-loop LMS assumes the
form x(k +1) = (A+ BK)x(k).

Theorem 21. Given is an n-dimensional and n-controllable LMS with m inputs. Assume that the
LMS has the controllability indices py > ... > pp. Let ¢; g € Fp[A] with ¢y klcix, i=1,...,m—
1, and Y | deg(c; k) = n be the desired non-unity monic invariant polynomials. Then there exists
a matrix K € )" such that A+ BK has the desired invariant polynomials c; i if and only if the
inequalities

k k
Z deg(cix) > Z i, k=12,...,m (22)
i=1 i=1

are satisfied.
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Remark 22. The sum of the invariant polynomial degrees and the n-controllability condition guarantee
that equality holds for k = m. However, the choice of formulation also includes the case of systems with
single input m. In this case, Rosenbrock’s theorem requires n-controllablity when a desired closed-loop
characteristic polynomial is to be assigned by state feedback. Furthermore, the theorem indicates that at
most m different invariant polynomials may be assigned in an LMS with m inputs.

Assigning invariant polynomials is equivalent to assigning the non-unity polynomials of the
Smith canonical form of the closed-loop characteristic matrix AI — (A + BK). It has to be
noted that although meeting the assumptions of the control structure theorem with the desired
closed-loop Smith form, the extraction of the corresponding feedback matrix K is not a trivial
task. The reason for this is that, in general, the structure of the Smith form of A — (A + BK)
does not necessarily agree with the controllability indices of the LMS, which are preserved
under linear state feedback. However, there is a useful reduction of the LMS representation
based on the closed loop characteristic matrix in the controller companion form as shown in
[Theorem 5.8 in (Reger, 2004)].

Theorem 23. Given is an n-dimensional n-controllable LMS in controller companion form (21) with
m inputs and controllability indices i1, . .., fim. Let Dy € Fp[A]™*™ denote the polynomial matrix

Dp(A) := A(A) — Ag P(M),

,nonzero

where Ay nonzero € 5™ contains the m non-zero rows of the controllable part of the closed-loop

system matrix Ac + B, K in controller companion form, and P € Fp[A]"*™, A € Fp[A]"™>™ are

1 0 - 0
Bl g
Moo %8 A0 0
. . 0 A2... 0
P(A) = : , A= . " ) (23)
0 Al 0 Lo
' : . . 0 0 --- AMnm
0 0 ... 1
f) o ..'.,\yfwl

Then the non-unity invariant polynomials of AI — (Ac + BcK), Al — (Anonzero + K) and Dg(A)
coincide, whereby Anonzero contains the nonzero rows of the controllable part A of the original system
matrix.

Theorem 23 points out a direct way of realizing the closed-loop LMS y(k +1) = (A. +
BcK)y(k) with desired invariant polynomials by means of specifying Dy (A). That is, if
an appropriate Dy can be found, then a linear state feedback matrix K in the transformed
coordinates can be directly constructed. Simple manipulations first lead to

N

A P(A) = Dg(A) — A(A) (24)

K,nonzero

from which AKnonzero

23, the feedback matrix

can be determined by comparison of coefficients. Then, by Theorem



Discrete Time Systems with Event-Based Dynamics:
Recent Developments in Analysis and Synthesis Methods 461

A ~

K= Anonzero —A (25)

is obtained. Finally, the inverse coordinate transformation from the controller companion
form to the original coordinates yields

K,nonzero

K =KT. (26)

Hence, it remains to find an appropriate matrix D. To this end, the following definitions are
employed.

Definition 24. Let M € Fp[A]"*™ be arbitrary. The degree of the highest degree monomial in A
within the i-th column of M(A) is denoted as the i-th column degree of M and denoted by col;(M).

Definition 25. Let M € F[A]"*™ be arbitrary. The highest column degree coefficient matrix
(M) € F;7™ is the matrix whose elements result from the coefficients of the highest monomial
degree in the respective elements of M(A).

Then, the following procedure leads to an appropriate Dp. Starting with a desired cycle
sum for the closed-loop LMS, an appropriate set of invariant polynomials — as discussed
in Section 2.1 — has to be specified. Next, it has to be verified if the realizability condition
of Rosenbrock’s control structure theorem for the given choice of invariant polynomials is
fulfilled. If the polynomials are realizable then Dy (A) is chosen as the Smith canonical form
that corresponds to the specified closed-loop invariant polynomials. In case the column
degrees of Dy (A) coincide with the respective controllability indices of the underlying LMS,
that is, COI,‘(DR) =p;fori=1,...,m,itis possible to directly calculate the feedback matrix K
according to (26). Otherwise, it is required to modify the column degrees of D¢ (A) by means
of unimodular left and right transformations while leaving the invariant polynomials of D¢
untouched. This procedure is summarized in the following algorithm.

Algorithm 26. Input: Pair (A, B.) in controller companion form® controllability indices py >
oo > pm, polynomials ¢;x € WAl i = 1,...,m with ¢jy1klcjx, j = 1,...,m —1 and
Yt deg(cik) = n.
1. Verify Rosenbrock’s structure theorem
if the inequalities in Theorem 21 are fulfilled
go to step 2.

else
return “Rosenbrock’s structure theorem is violated.”
2. Define D*(A) := diag(c1,x,- -, Cm,K)
3. Verify if the column degrees of D*(A) and the controllability indices coincide
if COli(D*) = Ui, i= 1,. ..,m
go to step 6.
else

Detect the first column of D*(A) which differs from the ordered list of controllability indices,
starting with column 1. Denote this column col, (D*) (deg(col, (D*)) > pu)

Detect the first column of D*(A) which differs from the controllability indices, starting with
column m. Denote this column coly(D*) (deg(coly(D*)) < pg)

8 If the LMS is not given in controller companion form, this form can be computed as in [p. 86 in
(Wolovich, 1974)].
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4. Adapt the column degrees of D* () by unimodular transformations
Multiply rowy(D*) by A and add the result to row,, (D*) — new matrix D™ (A)
if deg(col,(D")) = deg(col,(D*)) — 1
Dt (A) — new matrix DT () and go to step 5.
else
Define r := deg(col, (D*)) — deg(coly(D*)) —1
Multiply coly(D™) by A" and subtract result from col, (DT) — new matrix DT (A).
5. Set D*(A) = (T(D*F))"!D*+(A) and go to step 3.
6. Dg(A) := D*(A) and return Dy (A)
It is important to note that the above algorithm is guaranteed to terminate with a suitable
matrix Dy if Rosenbrock’s structure theorem is fulfilled. For illustration, the feedback matrix

computation is applied to the following example that also appears in (Reger, 2004; Reger &
Schmidt, 2004). Given is an LMS over IF, of dimension n = 5 with m = 2 inputs in controller

companion form (that is, T = I),

01000 00
00100 10
y(k+1) = Acy(k) +Bou(k), Ac=1]00000|,B.=]00
00001 00
10010 01

from which the matrix Anonzero = ((1) 8 8 (1) 8) can be extracted.

As a control objective, we want to assign the invariant polynomials’ cpx(a) = (a®> +a+
1)(a+1)? and ¢y k(a) = a + 1, that is, according to the example in Subsection 2.1.2 this goal
is equivalent to specifing that the closed-loop LMS shall have 4 cycles of length 1, 2 cycles of
length 2, 4 cycles of length 3 and 2 cycles of length 6. An appropriate state feedback matrix K
is now determined by using (26) and Algorithm 26.

1. 1 1 2 2
— 421 deg(cik(A)) =4 = '21 ¢; =3and 421 deg(cik(A)) =5= '21 =5
1= 1= 1= 1=
2. iy (AP A+D(A+1)2 0 (AR AS AR 0
— D= ( 0 A+1) T 0 A+1
3.4, MM +A+1 A2 42 A1 AZ4A
+ - ++ —
> DT = < 0 av1) = P = e
> 4y = (01 *(A) — Fay-lpit oy = (A TA2 A+
— I = {1 ,) = D) =@@)"DTM={"1,117 242
S o) = A+ A+1
5 K7 A +1 A2+

9 Constructing the appropriate invariant polynomials based on the cycle structure desired is not always
solvable and, if solvable, not necessarily a straightforward task (Reger & Schmidt (2004)).
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With Dy (M) the feedback matrix K can be computed. First, employing equation (24) yields

10
A AOL /30 B2 A+l (A2 A+l
fnonzero | A0 =0 22 ) T 1 a20a) Tkt A
01 —_— —,,,, —
0 A A Di(M)
and by comparison of coefficients results in A K nonzero = ((1) (1) (1) (1) i) . This implies that

. A A 00111
K=KT = (AK,nonzero + Anonzero) = ( ) .

01011

3. Properties of Boolean monomial systems'’
3.1 Dynamic properties, cycle structure and the loop number
The aim of this section is that the reader becomes acquainted with the main theorems
that characterize the dynamical properties of Boolean monomial dynamical systems without
deepening into the technicalities of their proofs. We briefly introduce terminology and
notation and present the main results. Proofs can be found in Delgado-Eckert (2008), and
partially in Delgado-Eckert (2009a) or Colén-Reyes et al. (2004).
Let G = (Vg, Eg, 1) be a directed graph (also known as digraph). Two vertices a,b € V; are
called connected if there is a t € INp and (not necessarily different) vertices vy, ..., v; € V such
that

a—v =0 —..—>0—b,

where the arrows represent directed edges in the graph. In this situation we write a ~s b,
where s is the number of directed edges involved in the sequence from a to b (in this case
s = t+1). Two sequences a ~+s b of the same length are considered different if the directed
edges involved are different or the order at which they appear is different, even if the visited
vertices are the same. As a convention, a single vertex 2 € V; is always connected to itself
a ~+( a by an empty sequence of length 0. A sequence a ~= b is called a path, if no vertex v; is
visited more than once. If 2 = b, but no other vertex is visited more than once, a ~~ b is called
a closed path.

Let g € IN be a natural number. We denote with IF; a finite field with g elements, i.e. |]F,1 | =q.
As stated in the introduction, every function / : IFj — F; can be written as a polynomial
function in n variables where the degree of each variable is less or equal to g — 1. Therefore we
introduce the exponents set (also referred to as exponents semiring, see below) E; := {0,1,..., (9 —
2), (g —1)} and define monomial dynamical systems over a finite field as:

Definition 27. Let IF; be a finite field and n € N a natural number. A map f - ¥y — Iy is called an

n-dimensional monic monomial dynamical system over [y if for every i € {1,...,n} there is a tuple
(Fi1, -, Fin) € Ejf such that

fi(x) = xf"‘ XY x e F;

We will call a monic monomial dynamical system just monomial dynamical system. The matrix'!
Fij € M(n x n; Eq) is called the corresponding matrix of the system f.

10 Some of the material presented in this section has been previously published in Delgado-Eckert (2009b).
1 M(n x n; Eq) is the set of n x n matrices with entries in the set E;.
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Remark 28. As opposed to Colén-Reyes et al. (2004), we exclude in the definition of monomial
dynamical system the possibility that one of the functions f; is equal to the zero function. However, in
contrast to Colon-Reyes et al. (2006), we do allow the case f; = 1 in our definition. This is not a loss of
generality because of the following: If we were studying a dynamical system f : F] — IF! where one
of the functions, say f;, was equal to zero, then, for every initial state x € Fy, after one iteration the
system would be in a state f(x) whose jth entry is zero. In all subsequent iterations the value of the jth
entry would remain zero. As a consequence, the long term dynamics of the system are reflected in the
projection 71; : Fy — IFy 1

() = (Y1 Vi1, Yjr1s oY)
and it is sufficient to study the system

. n—1 n—1
fF = F

fl (}/1/ '-'/yj—lr 0/ yj+1/ ooy }/n)

fj—1(}/1, s Yj—1s 0, Yjt1swor Yn)
fiv1(W1, o Yj-1,0,Yj 41, s Yn)

fay1, - Yj-1,0,Yj41, - Yn)

In general, this system f could contain component functions equal to the zero function, since every
component f; that depends on the variable x; would become zero. As a consequence, the procedure
described above needs to be applied several times until the lower dimensional system obtained does not
contain component functions equal to zero. It is also possible that this repeated procedure yields the
one dimensional zero function. In this case, we can conclude that the original system f is a fixed point
system with (0,...,0) € Fy as its unique fixed point. The details about this procedure are described
as the "preprocessing algorithm” in Appendix B of Delgado-Eckert (2008). This also explains why we
exclude in the definition of monomial feedback controller (see Definition 62 in Section 3.2 below) the
possibility that one of the functions f; is equal to the zero function.

When calculating the composition of two monomial dynamical systems f, ¢ : Fj — Fj (i.e.
the system fog : Fj — IFj, x — f(g(x))), one needs to add and multiply exponents.
Similarly, when calculating the product f * g, where * is the component-wise multiplication

defined as
(f *8)i(x) := fi(x)gi(x)
one needs to add exponents. However, after such operations, one may face the situation

where some of the exponents exceed the value 4 — 1 and need to be reduced according to the
well known rule a7 = a V a € IF;. This process can be accomplished systematically if we look

at the power xlp (where p > q) as a polynomial in the ring IF;[7] and define the magnitude
red;(p) as the degree of the (unique) remainder of the polynomial division 77 <+ (79 — T)

in the polynomial ring F4[7]. Then we can write xf’ = 2Py x; € Fy, which is a direct

consequence of certain properties of the operator red; (see Lemma 39 in Delgado-Eckert
(2008)). In conclusion, the "exponents arithmetic" needed when calculating the composition of
dynamical systems f, g : IFj — Fj/ can be formalized based on the reduction operator redy(p).
Indeed, the set E; = {0,1,...,(g — 1)} C Z together with the operations of addition a &b :=
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redy(a+ b) and multiplication a e b := red; (ab) is a commutative semiring with identity 1. We
call this commutative semiring the exponents semiring of the field IF;. Due to this property, the
set of all n-dimensional monomial dynamical systems over IF;, denoted with MF} (]Fq), isa
monoid (MFJ{(IF;), o), where o is the composition of such systems. Furthermore, this set is
also a monoid (MF]; (IF;), *) where * is the component-wise multiplication defined above. In
addition, as shown in Delgado-Eckert (2008), these two binary operations satisfy distributivity
properties, i.e. (MF}(IFy), *, o) is a semiring with identity element with respect to each binary
operation. Moreover, Delgado-Eckert (2008) proved that this semiring is isomorphic to the
semiring M(n x n; E;) of matrices with entries in E;. This result establishes on the one hand,
that the composition f o g of two monomial dynamical systems f, g is completely captured
by the product F - G of their corresponding matrices. On the other hand, it also shows that
the component-wise multiplication f * g is completely captured by the sum F + G of the
corresponding matrices. Clearly, these matrix operations are defined entry-wise in terms
of the operations @ and e. The aforementioned isomorphism makes it possible for us to
operate with the corresponding matrices instead of the functions, which has computational
advantages. Roughly speaking, this result can be summarized as follows: There is a bijective
mapping
¥ (M(n xn;Eq),+,-) = (ME}(Fy), *,0)

which defines a one-to-one correspondence between matrices and monomial dynamical
systems. The corresponding matrix defined above can therefore be calculated as ¥~!( ). This
result is proved in Corollary 58 of Delgado-Eckert (2008), which states:

Theorem 29. The semirings (M(n x n; Eg), +,-) and (MF}! (IFy), *, o) are isomorphic.
Another important aspect is summarized in the following remark
Remark 30. Let IF, bea finite field and n,m,r € IN natural numbers. Furthermore, let f € MF]l'(FF;)
and g € MF},(IF;) with
filx) = xj" o VX €FL i=1,..,m
gj(x) = xf’l...x,ifm VxeF), j=1,.,r

where F € M(m x m;Eg) and G € M(r x m; E;) are the corresponding matrices of f and g,
respectively. Then for their composition g o f : Fjj — IF} it holds

Hx GF*JVxe]F” ke{l,..r}

Proof. See Remark and Lemma 51 of Delgado-Eckert (2008). m

The dependency graph of a monomial dynamical system (to be defined below) is an important
mathematical object that can reveal dynamic properties of the system. Therefore, we turn our
attention to some graph theoretic considerations:

Definition 31. Let M be a nonempty finite set. Furthermore, let n := |M)| be the cardinality of M. An
enumeration of the elements of M is a bijective mapping a : M — {1, ..., n}. Given an enumeration a
of the set M we write M = {ay, ..., an }, where the unique element x € M with the property a(x) =i €
{1,...,n} is denoted as a;.

Definition 32. Let f € MF}}(IF;) be a monomial dynamical systemand G = (Vg, Eg, 1) a digraph
with vertex set Vg of cardinality |Vg| = n. Furthermore, let F := Y ~1( f) be the corresponding matrix



466 Discrete Time Systems

of f. The digraph G is called dependency graph of f iff an enumeration a : M — {1,...,n} of the
elements of Vg exists such that ¥V i,j € {1, ...,n} there are exactly Pl-]- directed edges a; — aj in the set

Eg,ie. ‘nal((ai,a]-))‘ = Fj;.

It is easy to show that if G and H are dependency graphs of f then G and H are isomorphic.
In this sense we speak of the dependency graph of f and denote itby Gf = (Vy, Ef, 7t¢).

Definition 33. Let G = (Vg, Eg, i) be a digraph. Two vertices a,b € Vi are called strongly
connected if there are natural numbers s, t € IN such that a ~s band b ~»; a. In this situation we
writea = b.

Theorem 34. Let G = (V, Eg, 1) be a digraph. = is an equivalence relation on Vg called strong
equivalence. The equivalence class of any vertex a € Vi is called a strongly connected component
and denoted by i C V.

Proof. This a well known result. A proof can be found, for instance, in Delgado-Eckert (2008),
Theorem 68. m

Definition 35. Let G = (Vi, Eg, 1) be a digraph and a € Vi one of its vertices. The strongly
connected component @’ C Vg is called trivial iff T = {a} and there is no edge a — a in Eg.

Definition 36. Let G = (Vg, Eg, 1) be a digraph with vertex set Vi of cardinality |Vg| = n
and Vg = {ay, ..., an } an enumeration of the elements of V. The matrix A € M(n x n; Ng) whose
entries are defined as

Ajj v= number of edges a; — aj contained in Eg

fori,j=1,..,nis called adjacency matrix of G with the enumeration a.

Remark 37. Let f € MF}/(IF) be a monomial dynamical system. Furthermore, let Gf = (Vy, Ef,
7¢) be the dependency graph of f and V¢ = {ay, ..., an} the associated enumeration of the elements of

V. Then, according to the definition of dependency graph, F := Y~1(f) (the corresponding matrix of
f) is precisely the adjacency matrix of Gy with the enumeration a.

The following parameter for digraphs was introduced into the study of Boolean monomial
dynamical systems by Colén-Reyes et al. (2004):

Definition 38. Let G = (V, Eg, 1) be a digraph and a € Vi one of its vertices. The number

Lg(a) = min |u — v
N

u#v

is called the loop number of a. If there is no sequence of positive length from a to a, then L (a) is set to
zero.

Note that the loop number L/ (a) of the vertex a in a graph G' = (Vg E(;, ;) may have a
different value.

Lemma 39. Let G = (Vg, Eg, i) be a digraph and a € Vg one of its vertices. If? is nontrivial
then for every b € ‘@’ it holds L(b) = L (a). Therefore, we introduce the loop number of strongly
connected components as

Lo('T) = Lg(a)
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Proof. See Lemma 4.2 in Colén-Reyes et al. (2004). m

The loop number of a strongly connected graph is also known as the index of imprimitivity
(see, for instance, Ptdk & Sedlacek (1958)) or period (Denardo (1977)) and has been used in
the study of nonnegative matrices (see, for instance, Brualdi & Ryser (1991) and Lancaster
& Tismenetsky (1985)). This number quantizes the length of any closed sequence in a strongly
connected graph, as shown in the following theorem. It is also the biggest possible "quantum”,
as proved in the subsequent corollary.

Theorem 40. Let G = (Vg, Eg, mg) be a strongly connected digraph. Furthermore, let t :=
L(Vg) > 0 be its loop number and a € Vg an arbitrary vertex. Then for any closed sequence
a ~»p, a thereis an o € Ng such that m = at.

Proof. This result was proved in Corollary 4.4 of Colén-Reyes et al. (2004). A similar proof
can be found in Delgado-Eckert (2009b), Theorem 2.19. m

Corollary 41. Let G = (Vg, Eg, 1) be a strongly connected digraph such that Vi is nontrivial and
Vg = {a,...,an } an enumeration of the vertices. Furthermore, let Iy, ..., 1, € {1, ...,n} be the different
lengths of non-empty closed paths actually contained in the graph G. That is, for every j € {1,...,k}
there is an a;, € Vg such that a closed path aj; ~>, aj; exists in G, and the list I, ..., I;. captures all

different lengths of all occurring closed paths. Then the loop number L5 (V) satisfies

['G(VG) = ng(ll, ...,lk)

Proof. This result was proved in Theorem 4.13 of Colén-Reyes et al. (2004). A slightly simpler
proof can be found in Delgado-Eckert (2009b), Corollary 2.20. m

The next results show how the connectivity properties of the dependency graph and, in
particular, the loop number are related to the dynamical properties of a monomial dynamical
system.

Theorem 42. Let IF; be a finite field and f € MF)!(F;) a monomial dynamical system. Then f is a
fixed point system with (1,...,1)" € Iy as its only fixed point if and only if its dependency graph only
contains trivial strongly connected components.

Proof. See Theorem 3 in Delgado-Eckert (2009a). m

Definition 43. A monomial dynamical system f € MF}}(F;) whose dependency graph contains
nontrivial strongly connected components is called coupled monomial dynamical system.

Definition 44. Let m € N be a natural number. We denote with D(m) := {d € IN : d divides m}
the set of all positive divisors of m.

Theorem 45. Let IF, be the finite field with two elements, f € MF]! (IF») a Boolean coupled monomial
dynamical system and Gy = (Vy, Ey, ts) its dependency graph. Furthermore, let Gy be strongly
connected with loop number t := L‘Gf(Vf) > 1. Then the period number T (cf. Section 1.1) of f
satisfies

T = Lq,(Vy)

Moreover, the phase space of f contains cycles of all lengths s € D(T).

Proof. This result was proved by Colén-Reyes et al. (2004), see Corollary 4.12. An alternative
proof is presented in Delgado-Eckert (2008), Theorem 131. m
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Theorem 46. Let IF, be the finite field with two elements, f € MF]! (IF») a Boolean coupled monomial
dynamical system and Gy = (Vy, Ey, 7ty) its dependency graph. Furthermore, let Gy be strongly
connected with loop number t := CGf(Vf) > 1. In addition, let s € IN be a natural number and
denote by Zs the number of cycles of length s displayed by the phase space of f. Then it holds for any

deN y
20 — z
jeD(d)\d li de D(t
e e A0
0ifd ¢ D(t)
Proof. See Theorem 132 in Delgado-Eckert (2008). m

Theorem 47. Let IF, be the finite field with two elements, f € MF]! (IF») a Boolean coupled monomial
dynamical system and Gy = (Vy, E¢, 7ty) its dependency graph. f is a fixed point system if and only
if the loop number of each nontrivial strongly connected component of G is equal to 1.

Proof. This result was proved in Colén-Reyes et al. (2004), see Theorem 6.1. An alternative
proof is presented in Delgado-Eckert (2009a), Theorem 6. m

Remark 48. As opposed to the previous two theorems, the latter theorem does not require that G
is strongly connected. This feature allows us to solve the stabilization problem (see Section 3.3) for a
broader class of monomial control systems (see Definition 54 in Section 3.2).

Lemma 49. Let G = (Vg, Eg, ) be a strongly connected digraph such that Vg is nontrivial.
Furthermore, let t := L (V) > 0 be its loop number. For any a,b € Vg the relation ~ defined by

a =~ b:& Jasequence a ~q bwith a € Ny

is an equivalence relation called loop equivalence. The loop equivalence class of an arbitrary vertex
a € Vg is denoted by a. Moreover, the partition of Vi defined by the loop equivalence ~ contains
exactly t loop equivalence classes.

Proof. See the proofs of Lemma 4.6 and Lemma 4.7 in Colén-Reyes et al. (2004). m

Definition 50. Let G = (Vg, Eg, 7tg) be a digraph, a € Vg an arbitrary vertex and m € N a
natural number. Then the set

Np(a) :=={beVg:3a~yb}
is called the set of neighbors of order m.

Remark 51. From the definitions it is clear that
E = U NM(IZ)
a€Np

Theorem 52. Let G = (Vg, Eg, 7tg) be a strongly connected digraph such that Vg is nontrivial.
Furthermore, let t :== L5(Vg) > 0 be its loop number and @ C Vg an arbitrary loop equivalence class
of V. Then for any b, b’ € a the following holds

1. Ny (b) N Ny (V') = @ for m,m’ € N such that 1 < m,m’ < tand m # m’.
2. Np(b)na =@ form € Nsuchthat1l <m < t.

3. For every fixedm € Nsuchthat1 <m <t3ceVg: U Nyu(b) =¢
bea
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Fig. 1. Strongly connected dependency graph G¢ = (Vy, Ef, 7r¢) with loop number

Lg,(Vy) = 6 of a 24-dimensional Boolean monomial dynamical system f € MFZ}(IF,).
Circles (blue) demarcate each of the six loop equivalence classes. Essentially, the dependency
graph is a closed path of length 6.

Proof. See Theorem 111 in Delgado-Eckert (2008). m

Remark 53. It is worth mentioning that since Vg is strongly connected and nontrivial, Ny, (b) # @
Vm €N, b € V. Moreover, from (1) in the previous theorem it follows easily

(U Nm(b)> N (U Nm/(b)> = @ form,m’ € N such that 1 < m,m’ < t and m # m'

bea bea

and because of (2) in the previous theorem clearly
a=J N:i(b)
bea

Given one loop equivalence class @ C Vg, the set of all the t loop equivalence classes can be ordered in
the following manner

a;:=a, i1 = |J Ni(b),diyj = | Nj(), i1 = |J N1 (b)
bea; bea; bea;

Foranyc € |J N;_1(b) it must hold Ny(c) C a; (if N1 (c) Na; # @ with j # i, then a; = a;). Thus,
bea;
the graph G can be visualized as (see Fig. 1)

4 = i = 2 i) = A1) mod ¢ = e = Bipt1 = B(iget) mod ¢

Due to the fact @ = |J N¢(b) ¥V a € Vg, we can conclude that the claims of the previous lemma still
bea

hold if the sequence lengths m and m' are replaced by the more general lengths At +m and A't +m’,

where A, A" € N.
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3.2 Boolean monomial control systems: Control theoretic questions studied

We start this section with the formal definition of a time invariant monomial control system
over a finite field. Using the results stated in the previous section, we provide a very compact
nomenclature for such systems. After further elucidations, and, in particular, after providing
the formal definition of a monomial feedback controller, we clearly state the main control
theoretic problem to be studied in Section 3.3 of this chapter.

Definition 54. Let IF; be a finite field, n € IN a natural number and m € INg a nonnegative integer.

A mapping g : Fy x IFj' — Fj is called time invariant monomial control system over F; if for
every i € {1,...,n} there are two tuples (Aj, ..., Ain) € Ej and (Bj, ..., Bin,) € EJ' such that

gi(x,u) = xf“...x,’?"”uf“...u,lf{”‘ Vv (x,u) € Fy x F
Remark 55. In the case m = 0, we have F' = ]Fg = {()} (the set containing the empty tuple) and

thus T} x ' = ¥ x F) = F x {()} = I} In other words, g is a monomial dynamical system
over IFy. From now on we will refer to a time invariant monomial control system over IFq as monomial
control system over IFy.

Definition 56. Let X be a nonempty finite set and n,1 € IN natural numbers. The set of all functions
f: X! — X" is denoted with FH(X).

Definition 57. Let IF; be a finite field and I, m,n € IN natural numbers. Furthermore, let E; be the
exponents semiring of By and M(n x I; E;) the set of n x | matrices with entries in E;. Consider the
map

T : FL(F;) x M(n x I;E;) — Fl(F,)
(f,4) = Ta(f)
where T A(f) is defined for every x € Fj' and i € {1,...,n} by

Ta(f)(x)i = fi(x) M fi(x)
We denote the mapping T 4(f) € Fyy(IF;) simply Af.

Remark 58. Let | = m, id € Fj(IF;) be the identity map (ie. idi(x) = x; Vi € {1,..,m}) and
A € M(n x m;Eg) Then the following relationship between the mapping Aid < Fj(F;) and any
f € Fj{(IFy) holds

Aid(f(x)) = Af(x) Vx € F

Remark 59. Consider the case | = m = n. For every monomial dynamical system f € MF] () C
Fl(F,) with corresponding matrix F := Y~1(f) € M(n x n;Eg) it holds Fid = f. On the other
hand, given a matrix F € M(n x n; Eq) we have ¥ ~1(Fid) = F. Moreover, the map T : F}}(IF;) x
M(n x n;Eq) — Fj}(IFy) is an action of the multiplicative monoid M(n x n; E;) on the set F}} (IF,). It
holds namely, that\? 1f = fV f € F}}(Fy) (which is trivial) and (A - B)f = A(Bf)V f € F}(IF,),

121 € M(n x n; E;) denotes the identity matrix.
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A,B € M(n x n; Eg). To see this, consider

((A-B)f)i(x) = fr(x) A Ba_f, (x)AB)n

_ f] (x)(A,tu]/ﬂamﬂaAmanj)

_:lx

id o Bid);(f(x))
Aid);(Bid(f (x)))

Aid);(fB(x))

A(Bf))i(x)

where id € FJ} (IF) is the identity map (i.e. id;(x) = x; Vi € {1, ..., n}). (cf. with the proof of Theorem
29). As a consequence, MF}}(IF;) is the orbit in Fj}(IF;) of id under the monoid M(n x n;Eg). In
particular (see Theorem 29), we have

(
= (
= (
= (

(F-G)id=F(Gid)=fog
where § € MF)[(IF;) is another monomial dynamical system with corresponding matrix G :=
Y-1(g) € M(n x n; Ey).
Lemma 60. Let I, be a finite field, n € IN a natural number and m € Ng a nonnegative integer.

Furthermore, let id € P((Zin";)) (IE;) be the identity map (ie. idij(x) = x; Vi € {1,..,n+m}) and

g« Fy x By — IF) a monomial control system over Fy. Then there are matrices A € M(n x n; Eq)
and B € M(n x m; Eg) such that

((A[B)id)(x,u) = g(x,u) V (x,u) € Fy x F!

where (A|B) € M(n x (n+m); Ey) is the matrix that results by writing A and B side by side. In this
sense we denote g as the monomial control system (A, B) with n state variables and m control inputs.

Proof. This follows immediately from the previous definitions. m

Remark 61. If the matrix B € M(n x m; Ey) is equal to the zero matrix, then g is called a control
system with no controls. In contrast to linear control systems (see the previous sections and also
Sontag (1998)), when the input vector u € Iy' satisfies

71 .— t m
=1:=(1,..,1)" € FI
then no control input is being applied on the system, i.e. the monomial dynamical system over IFy
. n n
o F, =T
x — g(x,T)

satisfies
o(x) = ((A[0)id)(x,u) V (x,u) € Fy x Fg

where 0 € M(n x m; E;) stands for the zero matrix.
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Definition 62. Let IF; be a finite field and n,m € N natural numbers. A monomial feedback

controller is a mapping
fE = F

such that for every i € {1,...,m} there is a tuple (Fy, ..., Fiy,) € EJj such that
filx) = xf“...xﬁ"” VxeF;

Remark 63. We exclude in the definition of monomial feedback controller the possibility that one of the
functions f; is equal to the zero function. The reason for this will become apparent in the next remark
(see below).

Now we are able to formulate the first control theoretic problem to be addressed in this section:

Problem 64. Let IF; bea finite field and n,m € N natural numbers. Given a monomial control system
g Fy x Fy' — [y with completely observable state, design a monomial state feedback controller
f oG — By such that the closed-loop system

h o ]FZ%]F?
x > g(x, f(x))

has a desired period number and cycle structure of its phase space. What properties has g to fulfill for
this task to be accomplished?

Remark 65. Note that every component
hi ]FZ =g, i=1,.,n
x = gi(x, f(x))

is a nonzero monic monomial function, i.e. the mapping h : ¥y — ¥y is a monomial dynamical system
over IF;. Remember that we excluded in the definition of monomial feedback controller the possibility
that one of the functions f; is equal to the zero function. Indeed, the only effect of a component f; = 0
in the closed-loop system h would be to possibly generate a component h; = 0. As explained in Remark
28 of Section 3.1, this component would not play a crucial role determining the long term dynamics of
h.

Due to the monomial structure of h, the results presented in Section 3.1 of this chapter can be used to
analyze the dynamical properties of h. Moreover, the following identity holds

h=(A+B-F)id

where F € M(m x n; Ey) is the corresponding matrix of f (see Remark 30), (A, B) are the matrices in
Lemma 60 and id € F]}(IF;). To see this, consider the mapping

p oo F =Ty
us g(1,u)

where 1 € IFj. From the definition of g it follows that y € MFy (IFy). Now, since f € MFE]'(IFy), by
Remark 30 we have for the composition p o f : Fy — Fy

pof=(B-F)id
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Now its easy to see
h=(A+B-F)id

The most significant results proved in Colén-Reyes et al. (2004), Delgado-Eckert (2008)
concern Boolean monomial dynamical systems with a strongly connected dependency graph.
Therefore, in the next section we will focus on the solution of Problem 64 for Boolean
monomial control systems g : IF5 x IFJ! — IF} with the property that the mapping

o : F, > F)
x»—>g(x,T)

has a strongly connected dependency graph. Such systems are called strongly dependent
monomial control systems. If we drop this requirement, we would not be able to use Theorems
45 and 46 to analyze h regarding its cycle structure. However, if we are only interested in
forcing the period number of & to be equal to 1, we can still use Theorem 47 (see Remark 48).
This feature will be exploited in Section 3.3, when we study the stabilization problem.
Although the above representation

h=(A+B-F)id

of the closed loop system displays a striking structural similarity with linear control
systems and linear feedback laws, our approach will completely differ from the well known
"Pole-Assignment” method.

3.3 State feedback controller design for Boolean monomial control systems

Our goal in this section is to illustrate how the loop number, a parameter that, as we
saw, characterizes the dynamic properties of Boolean monomial dynamical systems, can be
exploited for the synthesis of suitable feedback controllers. To this end, we will demonstrate
the basic ideas using a very simple subclass of systems that allow for a graphical elucidation
of the rationale behind our approach. The structural similarity demonstrated in Remark 53
then enables the extension of the results to more general cases. A rigorous implementation of
the ideas developed here can be found in Delgado-Eckert (2009b).

As explained in Remark 53, a Boolean monomial dynamical system with a strongly connected
non-trivial dependency graph can be visualized as a simple cycle of loop-equivalence classes
(see Fig. 1). In the simplest case, each loop-equivalence class only contains one node and
the dependency graph is a closed path. A first step towards solving Problem 64 for strongly
dependent Boolean monomial control systems ¢ : IF} x F}' — [F5 would be to consider the
simpler subclass of problems in which the mapping

c: Fj > F,
x — g(x,T)

simply has a closed path of length 7 as its dependency graph (see Fig. 2 a for an example
in the case n = 6). By the definition of dependency graph and after choosing any monomial
feedback controller f : F} — IFY’, it becomes apparent that the dependency graph of the
closed-loop system

x = g(x, f(x))
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arises from adding new edges to the dependency graph of ¢. Since we assumed that the
dependency graph of ¢ is just a closed path, adding new edges to it can only generate new
closed paths of length in the range 1,...,n — 1. By Corollary 41, we immediately see that the
loop number of the modified dependency graph (i.e., the dependency graph of & £) must be a
divisor of the original loop number. This result is telling us that no matter how complicated
we choose a monomial feedback controller f : 7 — F, the closed loop system Iy will
have a dependency graph with a loop number £’ which divides the loop number L of the
dependency graph of ¢. This is all we can achieve in terms of loop number assignment. When a
system allows for assignment to all values out of the set D(L), we call it completely loop number
controllable. We just proved this limitation for systems in which ¢ has a simple closed path
as its dependency graph. However, due to the structural similarity between such systems
and strongly dependent systems (see Remark 53), this result remains valid in the general case
where ¢ has a strongly connected dependency graph.

Let us simplify the scenario a bit more and assume that the system g has only one control
variable u (i.e., ¢ : IFj X F — TF}) and that this variable appears in only one component
function, say gi. As before, assume ¢ has a simple closed path as its dependency graph. Under
these circumstances, we choose the following monomial feedback controllers: f; : [F} — IFy,
fi(x) :=x;,i=1,..,n. When we look at the closed-loop systems

h fi ¢ ]Fg — ]Fg
x = g(x, fi(x))
and their dependency graphs, we realize that the dependency graph of 1, corresponds to the
one of ¢ with one single additional edge. Depending on the value of i under consideration,
this additional edge adds a closed path of length / in the range ! = 1, ..,n — 1 to the dependency

graph of ¢. In Figures 2 b-e, we see all the possibilities in the case of n = L = 6, except for
I =1 (self-loop around the kth node).

al b] c

=y
@]
a

Fig. 2. Loop number assignment through the choice of different feeback controllers.
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We realize that with only one control variable appearing in only one of the components of
the system g, we can set the loop number of the closed-loop system . to be equal to any
of the possible values (out of the set D(L£)) by choosing among the feedback controllers f;,
i =1,..,n, defined above. This proves that the type of systems we are considering here are
indeed completely loop number controllable. Moreover, as illustrated in Figure 2 f, if the
control variable 1 would appear in another component function of g, we may loose the loop
number controllability. Again, due to the structural similarity (see Remark 53), this complete
loop number controllability statement is valid for strongly dependent systems.

In the light of Theorem 47 (see Remark 48), for the stabilization!3 problem we can consider
arbitrary Boolean monomial control systems g : [FJ x ! — IF}, maybe only requiring the
obvious condition that the mapping ¢ is not already a fixed point system. Moreover, the
statement of Theorem 47 is telling us that such a system will be stabilizable if and only if the
component functions g; depend in such a way on control variables u;, that every strongly
connected component of the dependency graph of ¢ can be forced into loop number one by
incorporating suitable additional edges. This corresponds to the choice of a suitable feedback
controller. The details and proof of this stabilizability statement as well as a brief description
of a stabilization procedure can be found in Delgado-Eckert (2009b).
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Discrete Deterministic and Stochastic
Dynamical Systems with Delay - Applications
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1. Introduction

The dynamical systems with discrete time and delay are obtained by the discretization of the
systems of differential equations with delay, or by modeling some processes in which the time
variable is n € IN and the state variables at the moment n — m, where m € IN, m > 1, are taken
into consideration.

The processes from this chapter have as mathematical model a system of equations given by:

Xny1 = f(xXn, Xn—m, @), 0y

where x, = x(n) € R, x4y = x(n—m) € RF,a € Rand f : R  x R xR — R isa
seamless function, n,m € IN with m > 1. The properties of function f ensure that there is
solution for system (1). The system of equations (1) is called system with discrete-time and delay.
The analysis of the processes described by system (1) follows these steps.

Step 1. Modeling the process.

Step 2. Determining the fixed points for (1).

Step 3. Analyzing a fixed point of (1) by studying the sign of the characteristic equation of the
linearized equation in the neighborhood of the fixed point.
Step 4. Determining the value & = g for which the characteristic equation has the roots

ui(ag) = u(ag), ua(eg) = #i(ap) with their absolute value equal to 1, and the other roots with
their absolute value less than 1 and the following formulas:

d|p(a)]

#0, nao)* #1, k=1,2,3,4
do a=wgp

hold.
Step 5. Determining the local center manifold Wy, (0):

1 1
y=zq+zq+ §w2022 + w11zz + EZUO222 +...

where z = x1 + ixp, with (xq,x) € V| C R2%,0 € V1, q an eigenvector corresponding to
the eigenvalue 11(0) and wyg, w11, woy are vectors that can be determined by the invariance
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condition of the manifold Wfo C(O) with respect to the transformation x;,_,; = XL, xy = x™,

Xp41 = "1, The restriction of system (1) to the manifold WE (0) is:

1 _ 1 _ _
Zpy1 = Hlao)zn + Egzozﬁ + 8112nZn + Egozzﬁ + 212220 /2, 2

where ¢20,811,802, 21 are the coefficients obtained using the expansion in Taylor series
including third-order terms of function f.

System (2) is topologically equivalent with the prototype of the 2-dimensional discrete
dynamic system that characterizes the systems with a Neimark-Sacker bifurcation.

Step 6. Representing the orbits for system (1). The orbits of system (1) in the neighborhood of
the fixed point x* are given by:

1 1
Xn = X" 4 zpq + Znf + 57’202% + r112ZnZn + 57’022% 3)

where z,, is a solution of (2) and ry, 711, 7o2 are determined with the help of wy, w1, wpy.
The properties of orbit (3) are established using the Lyapunov coefficient 11 (0). If [;(0) < 0
then orbit (3) is a stable invariant closed curve (supercritical) and if /;(0) > 0 then orbit (3) is
an unstable invariant closed curve (subcritical).

The perturbed stochastic system corresponding to (1) is given by:

Xny1 = f(xn, Xn—m, &) + &(Xn, Xn—m)Cn, 4)

where x, = xg,, n € [ = {—m,—m+1,...,—1,0} is the initial segment to be Fy-measurable,
and &, is a random variable with E(&,) = 0, E(¢2) = ¢ > 0 and & is a real parameter.

System (4) is called discrete-time stochastic system with delay.

For the stochastic discrete-time system with delay, the stability in mean and the stability in
square mean for the stationary state are done.

This chapter is organized as follows. In Section 2 the discrete-time deterministic and
stochastic dynamical systems are defined. In Section 3 the Neimark-Sacker bifurcation for
the deterministic and stochastic Internet control congestion with discrete-time and delay
is studied. Section 4 presents the deterministic and stochastic economic games with
discrete-time and delay. In Section 5, the deterministic and stochastic Kaldor model with
discrete-time is analyzed. Finally some conclusions and future prospects are provided.

For the models from the above sections we establish the existence of the Neimark-Sacker
bifurcation and the normal form. Then, the invariant curve is studied. We also associate
the perturbed stochastic system and we analyze the stability in square mean of the solutions
of the linearized system in the fixed point of the analyzed system.

2. Discrete-time dynamical systems

2.1 The definition of the discrete-time, deterministic and stochastic systems

We intuitively describe the dynamical system concept. We suppose that a physical or biologic
or economic system etc., can have different states represented by the elements of a set S. These
states depend on the parameter t called time. If the system is in the state s; € S, at the moment
t1 and passes to the moment #; in the state s, € S, then we denote this transformation by:

D, 1, (51) =52
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and @y, 4, 1 S — S is called evolution operator. In the deterministic evolutive processes the
evolution operator @, 1,, satisfies the Chapman-Kolmogorov law:

®f3,t2 © q)tz,tl = ®f3,f1/ Qf,f = ldS

For a fixed state sy € S, application ® : R — S, defined by t — s; = P(sg), determines a
curve in set S that represents the evolution of state sp when time varies from —co to co.

An evolutive system in the general form is given by a subset of S x S that is the graphic of the
system:

Fi(t1,t2,81,52) =0, i=1l.n

where F;: R2 x S — R.

In what follows, the arithmetic space R™ is considered to be the states’space of a system, and
the function @ is a C"-class differentiable application.

An explicit differential dynamical system of C” class, is the homomorphism of groups @ :
(R,+) — (Diff"(R™), o) so that the application R x R™ — R defined by (¢, x) — ®(t)(x)
is a differentiable of C"-class and for all x € R fixed, the corresponding application
®(x): R — R™is C"l-class.

A differentiable dynamical system on R" describes the evolution in continuous time of a
process. Due to the fact that it is difficult to analyze the continuous evolution of the state
Xp, the analysis is done at the regular periods of time, for example at t = —n,...,,—1,0,1, ..., n.
If we denote by &1 = f, we have:

@1 (x0) = f(x0), Pa(x0) = £ (x0), .., Pulx0) = £ (x0),
®_1(x9) = fV(x0), o, @ (x0) = £ (x9),

Wheref<2) =fof, .. ,f(”) =fo ...of,f_<”) :f<_1) o ...of<_1).

Thus, @ is determined by the diffeomorphism f = ®;.

A C’-class differential dynamical system with discrete time on R", is the homomorphism of
groups @ : (Z,+) — (Diff"(R™), o).

The orbit through xp € R™ of a dynamical system with discrete-time is:

0f(x0) = {eo f = (x0), s FV(x0), %0, F(x0), s f ) (x0), .} = {F " (x0) bnez-

Thus O¢(xp) represents a sequences of images of the studied process at regular periods of
time.

For the study of a dynamical system with discrete time, the structure of the orbits’set is
analyzed. For a dynamical system with discrete time with the initial condition xg € R"(m =
1,2,3) we can represent graphically the points of the form x,, = f"(xg) for n iterations of the
thousandth or millionth order. Thus, a visual geometrical image of the orbits’set structure
is created, which suggests some properties regarding the particularities of the system. Then,
these properties have to be approved or disproved by theoretical or practical arguments.

An explicit dynamical system with discrete time has the form:

Xn+1 :f(xn—p/xn), neN, (5)

where f : R" x R" — R™, x, € R™, p € N is fixed, and the initial conditions are x_p, X1—p,
.., X0 € R™.
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For system (5), we use the change of variables vl = Xn—p, ¥ = Xy (p—1)reees xP = x4,
xPt1 = x,, and we associate the application

F:(x',.,xPT) e R" x .. x R" — R™ x ... x R"

given by:
xl x2
F . — .
xP P+l
xp+1 f(xllxp+1)

Let (Q), F) be a measurable space, where () is a set whose elements will be noted by w and
F is a c—algebra of subsets of (). We denote by B(R) c—algebra of Borelian subsets of R. A
random variable is a measurable function X : ) — R with respect to the measurable spaces
(Q, F)and (R, B(R)) (Kloeden et al., 1995).

A probability measure P on the measurable space (Q), F) is a c—additive function defined on
F with values in [0, 1] so that P(Q)) = 1. The triplet (Q), F, P) is called a probability space.

An arbitrary family ¢(n,w) = ¢(n)(w) of random variables, defined on Q) with values in R,
is called stochastic process. We denote {(n,w) = (n) forany n € N and w € Q. The functions
X(-,w) are called the trajectories of X(n). We use E(¢&(n)) for the mean value and E(&(n)?)
the square mean value of {(n) denoted by &,,.

The perturbed stochastic of system (5) is:

Xpn4+1 = f(xnfp,xn) +9(xn)Cn, neN

where ¢ : R” — R" and {;, is a random variable which satisfies the conditions E(¢,) = 0 and
E(2)=0c>0.

2.2 Elements used for the study of the discrete-time dynamical systems
Consider the following discrete-time dynamical system defined on R™:

Xpe1 = f(xn), neN (6)

where f : R" — R™is a C" class function, called vector field.

Some information, regarding the behavior of (6) in the neighborhood of the fixed point, is
obtained studying the associated linear discrete-time dynamical system.

Let xg € R" be a fixed point of (6). The system

Uy =Df(xo)un, neN

Df(xg) = (afl> (x0), i,j=1.m

where

oxJ

is called the linear discrete-time dynamical system associated to (6) and the fixed point xg = f(xg).
If the characteristic polynomial of D f(xo) does not have roots with their absolute values equal
to 1, then x is called a hyperbolic fixed point.

We have the following classification of the hyperbolic fixed points:
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1. xg is a stable point if all characteristic exponents of D f(xg) have their absolute values less
than 1.

2. xg is an unstable point if all characteristic exponents of D f(xp) have their absolute values
greater than 1.

3. x is a saddle point if a part of the characteristic exponents of D f(x() have their absolute
values less than 1 and the others have their absolute values greater than 1.

The orbit through xg € R of a discrete-time dynamical system generated by f : R — R" is
stable if for any ¢ > 0 there exists é(¢) so that for all x € B(xp,d(¢)), d(f™(x), f*(xp)) < ¢, for
alln € N.

The orbit through xo € R™ is asymptotically stable if there exists 6 > 0 so that for all x €
B(xo,8), lim d(f" (x), f"(x0)) = 0.

If xp is a fixed point of {, the orbit is formed by xj. In this case O(x) is stable (asymptotically
stable) if d(f"(x),xp) < ¢, foralln € N and nlglgof"(x) = Xp.

Let (Q), F, P) be a probability space. The perturbed stochastic system of (6) is the following
system:

X1 = f(xn) + g(xn)Gn
where &, is a random variable that satisfies E(&,) = 0, E(&2) = o and g(xp) = 0 with xq the
fixed point of the system (6).
The linearized of the discrete stochastic dynamical system associated to (6) and the fixed point
xp is:

Uyy1 = Aty +CyBuy, ne N 7)

_(of _ (% o
A= <£> (x0), B = <£> (x0), i,j=1.m.

We use E(uy) = Epn, E(uqul) = Vi, uy = (ul, u2, .., ul)T.
Proposition 2.1. (i) The mean values E, satisfy the following system of equations:

where

E,o1=AE, neN (8
(ii) The square mean values satisfy:
Vi1 = AV, AT 4+ 0BV,BT, ne N 9)
Proof. (i) From (7) and E(¢,) = 0 we obtain (8).
(ii) Using (7) we have:
wpqu) g = Augul AT + & (Augul BT + Buyul AT) + E2Buyul BT (10)

By (10) and E(&,) = 0, E(&2) = o we get (9).
Let A be the matrix of system (8), respectively (9). The characteristic polynomial is given by:

Py(A) = det(AI — A).

For system (8), respectively (9), the analysis of the solutions can be done by studying the roots
of the equation P,(A) = 0.
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2.3 Discrete-time dynamical systems with one parameter
Consider a discrete-time dynamical system depending on a real parameter «, defined by the
application:

x— f(x,a), x€R", a€R (11)

where f : R" x R — R™ is a seamless function with respect to x and «. Let xy € R" be a
fixed point of (11), for all « € R. The characteristic equation associated to the Jacobian matrix
of the application (11), evaluated in x( is P(A, a) = 0, where:

PA, ) = A" 4o (@)A™L 4o 4 e (@)A + ().

The roots of the characteristic equation depend on the parameter «.

The fixed point x is called stable for (11), if there exists & = ag so that equation P(A,ap) = 0
has all roots with their absolute values less than 1. The existence conditions of the value «y),
are obtained using Schur Theorem (Lorenz, 1993).

If m = 2, the necessary and sufficient conditions that all roots of the characteristic equation
A2 + ¢y (@)X + ca() = 0 have their absolute values less than 1 are:

lea(@)] <1, fer(a)] < [ea(a) +1].
If m = 3, the necessary and sufficient conditions that all roots of the characteristic equation
A3 4 ey (@)A? 4 co(@)A +c3(a) =0

have their absolute values less than 1 are:

1+ci(a) +ca(a) +e3(a) > 0,1 —c1(w) +c2(a) — c3(a) >0
Tcp () —cs(w)(er(a) +e3(a)) >0, 1—ca(w) +-c3(a)(er (@) —e3(w)) >0, [e3 () <1.
The Neimark—Sacker (or Hopf) bifurcation is the value « = ap for which the characteristic

equation P(A, ag) = 0 has the roots 1 (xg) = p(ag), pa(ng) = f(apg) in their absolute values
equal to 1, and the other roots have their absolute values less than 1 and:

) W 0 ) k(e 21, k=1,2,34
do a=wng

hold.
For the discrete-time dynamical system

x(n+1) = f(x(n),a)

with f : R — R, the following statement is true:
Proposition 2.2. ((Kuznetsov, 1995), (Mircea et al., 2004)) Let «g be a Neimark-Sacker bifurcation.
The restriction of (11) to two dimensional center manifold in the point (xo, ag) has the normal form:

4 1
1 = ne®(1+ Sdlp?) + O(=2)

wherey € C,d € C. Ifc =Red # 0 there is a unique limit cycle in the neighborhood of xo. The
expression of d is:

d= %e‘ie@ < v*,C(v,v,0) +2B(v, (I, — A)~'B(v,9)) + B(v, (¢?®1,, — A)"YB(v,0)) > 0
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where Av = ¢y, ATo* = e 00p* gnd < v*,0 >=1; A = (ﬂ> ,B = (a f) and
( (xo,0)

ox 9x2
3
—(?)
0x (x0,20)

The center manifold in x is a two dimensional submanifold in R™, tangent in x to the vectorial space
of the eigenvectors v and v*.
The following statements are true:

Proposition 2.3. (i) If m = 2, the necessary and sufficient conditions that a Neimark—Sacker
bifurcation exists in & = wg are:

dey(a)

> 0.
do a=wng

lea(wo)| =1, er(wo)| <2, c1(ag) #0, c1(ag) # 1,

(ii) If m = 3, the necessary and sufficient conditions that a Neimark-Sacker bifurcation exists in
x = g, are:
lea(ao) <1, ea(ao) = 1+ e1(ap)es(ao) — c3(ao)?,
c3(wo) (1 (a0 )c5 (o) + ¢ (o) es (o) — ¢ (wg) — 2c3(wo)c5 (o))
1+2¢5(a) — c1 (0 )3 (o)
|c1(ag) —c3(ao)| # 0, [er(ag) — ca(ao)| # 1.

>0,

In what follows, we highlight the normal form for the Neimark—Sacker bifurcation.

Theorem 2.1. (The Neimark—Sacker bifurcation). Consider the two dimensional discrete-time
dynamical system given by:

x — f(x,a), x€R%,ueR (12)
with x = 0, fixed point for all || small enough and

piz(a) = r(a)e o0
where r(0) =1, ¢(0) = 6y. If the following conditions hold:
cp: 7(0) #£0, o 21, k=1,2,34

then there is a coordinates’transformation and a parameter change so that the application (12) is
topologically equivalent in the neighborhood of the origin with the system:

()~ (el i) [nem (3
oo (5 58) ()] o
where 6(0) = 6y, a(0) = Re(e~"%Cy(0)), and

22000811 (0)(1 = 2pp) | |811(0)]* | |802(0)]* | §21(0)
GO = 1w 20— 2

po = €%, 990, g11, 802, §21 are the coefficients obtained using the expansion in Taylor series including
third-order terms of function f.
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2.4 The Neimark-Sacker bifurcation for a class of discrete-time dynamical systems with
delay
A two dimensional discrete-time dynamical system with delay is defined by the equations

Xn+1 = Xn +f1 (xn/]/n/ D‘)

(13)
Yn+1 = Yn "Ffz(xnfm,]/n, 04)

where & € R, f, fo : R> — R are seamless functions, so that for any || small enough, the
system f1(x,y,a) = 0, f2(x,y, &) = 0, admits a solution (¥,7)" € R>.

Using the translation x;, — x, +%, y» — yn + Y, and denoting the new variables with the
same notations x, i, system (13) becomes:

Xn+1 = Xn Jrf(xn/]/n/ 0‘)

(14)
Yn+l =Yn + g(xnfm/ Yn, lx)
where:
fonyn,a) = fi(xn +%yn +¥,2); §(Xn—m, Yn, &) = fo(Xn—m + X, yn + ¥, ).
With the change of variables x! = x,_;, x2 = Xy (m—1)r- -0 X" = X1, At =y, X2 =
Yn, application (14) associated to the system is:
1
x 2
x2 x
: — . (15)
xm'+1 xm+1 +f(xm+1, x"“‘z,oc)
M2 X2 g g(xl, 22, )
We use the notations:
ay = W (0/ 0/ 0‘)/ apgl = W (O/ O/ DC)/
°) °)
bio = % (0,0, &), boy = angﬂ (0,0, )
>f *f
0= oxMm+1gym+1 (0,0,a), = oxm+1gxm+2 (0,0, a),
> f > f
= gz 00 0 G 008

_ f _ O°f
021 = o g iiggmi2 (00 0) 012 =5 s s a (0.0,a),

03 = 8xm+28xm+28xm+2( 0,2)
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0%g 9%g
b = oxloxl (0,0,2), by = ox1oxm+2 (0,0,a),
g g
boy = W(O' 0,a), bzo = m(ox 0,a), W
3¢ g
by = W(O, 0,a), by = W(O' 0,a),
g
b03 - OxM+29xm=+29ym+2 (O’ 0, 0().
With (16) and (17) from (15) we have:
Proposition 2.4. (Mircea et al., 2004)) (i) The Jacobian matrix associated to (15) in (0,0)7 is:
01... 0 0
00... 0 0
A=l (18)
0 0...1+ﬂ10 any
bip0... 0 14Dby
(ii) The characteristic equation of A is:
A2 — (24 ayg 4 boy )M+ (14 a10) (14 bor)A — agrbyo = 0. (19)

(iii) If p = p(a) is an eigenvalue of (19), then the eigenvector ¢ € C" 12, solution of the system
Aq = ugq, has the components:
— i1

o - _ by
n=1q=u ,1—2,...,m+1,qm+2—y_l_bm. (20)

The eigenvector p € C"2 defined by AT p = Tip has the components
fH—1—ay)(g—1-0 1 .
(7 10) (7 01) piI?mJ:Z,---,m,

m(f—1—ay)(F —1—bor) + 720 —2—ag — bo1)’ [

! - *
717[110);71/ Pm+2 blopl'

P11 =
(21)

Pm+1 = ﬁm,‘l (ﬁ

The vectors q, p satisfy the condition:

m—+2 _
<qp>= ) qip; =1
i=1

The proof is obtained by straight calculation from (15) and (18).
The following hypotheses are taken into account:

H;j. The characteristic equation (19) has one pair of conjugate eigenvalues u(a), 71(x) with
their absolute values equal to one, and the other eigenvalues have their absolute values less
than one.
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H,. The eigenvalues j(«), 77(«) intersect the unit circle for # = 0, and satisfy the transversality
condition

d
Ju #(@)la=0 # 0.
Hj. If arg(pu(a)) = 6(a), and 6y = 6(0), then e/%* £ 1,k =1,2,3,4.

From H, we notice that for all |x| small enough, j(«) is given by:
(o) = r(a)e®

with 7(0) = 1, 6(0) = 6y, ¥'(0) # 0. Thus r(a) = 1+ B(a) where B(0) = 0 and p'(0) # 0.
Taking B as a new parameter, we have:

u(p) = (1+p)e?P (22)

with (0) = 6y. From (22) for § < 0 small enough, the eigenvalues of the characteristic
equation (19) have their absolute values less than one, and for § > 0 small enough, the
characteristic equation has an eigenvalue with its absolute value greater than one. Using
the center manifold Theorem (Kuznetsov, 1995), application (15) has a family of invariant
manifolds of two dimension depending on the parameter 3. The restriction of application (15)
to this manifold contains the essential properties of the dynamics for (13). The restriction of
application (15) is obtained using the expansion in Taylor series until the third order of the
right side of application (15).

2.5 The center manifold, the normal form
Consider the matrices:

Ay = (azo ﬂn) ,Cy = (ﬂso 6121), D, = (ﬂ21 6112)
a1 42 as1 a2 a12 403
by b1y ) (bso bn ) (bz1 bip )
Ay = ,Cy = , Dy =
2 (bll bop 2 by1 bio 2 b1 bos
with the coefficients given by (16) and (17).

Denoting by x = (x!,...,x"*2) € R"*2, application (15), is written as x — F(x), where
F(x)=(x?%,...,x™, x4 f(xmH1 xm+2 n), 42 4 o(x!, 22, a)).

The following statements hold:
Proposition 2.5. (i) The expansion in Taylor series until the third order of function F(x) is:

1 1
F(x) = Ax+ 5 B(x,x) + (C(x,%,x) + O(I§%), (23)
where A is the matrix (18), and

B(x,x) =(0,...,0,B'(x,x),B?(x,x))T,
C(x,x,x) = (0,...,0,C(x,x,x),C?(x, x,x))7,
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where:

Bl(x,x) = (x™+1,x"*2) A X B?(x,x) = (x',x"*2)A x!
7 ’ 1 xm+2 7 7 ’ 2 xm+2 7

m+1
Cl(x, X, x) = (xm+1,xm+2)(xm+1C1 + xm+2D1) (imﬂ) , (24)

1
X
C2(x,x,x) = (x1,x™2)(x1Cy + x™+2Dy) (xm+2) :

(ii) Any vector x € R™2 admits the decomposition:
x=zq+zq+y, z€C (25)

where zq +Zq € Teenter, Y € Tsaples Tcenter is the vectorial space generated by the eigenvectors
corresponding to the eigenvalues of the characteristic equation (19) with their absolute values equal to
one and Tyape s the vectorial subspace generated by the eigenvectors corresponding to the eigenvalues
of the characteristic equation (19) with their absolute values less than 1. Moreover:

z=<px> Y=x—<px>q—<px>q. (26)
(iii) F(x) given by (23) has the decomposition:
F(x) = Fi(z,2) + Ba(y)

where

Fl(Z,f) = Gl(Z)q-i-Gl(Zl)ﬁ-i- < p,N(zq—i-Zﬁ—&-y) > g+ < ?,N(zq—&-iﬁ—&-y) >q
Gi(z) = uz+ < p,N(zg+zq5+y) > (27)

K(y)=Ay+N(zq+zq+y)— <p,N(zg+zq+y) >9— <p,N(zq+zq+y) >7
and
1
N(zg+zZg+y) = iB(zq +zq+y,zg+zq+y)+
1 (28)
+EC(zq+Zﬁ+y,zq—&-Eﬁ-i—y,zq—i-iﬁ—&-y) +0(zqg+zq+y)
(iv) The two-dimensional differential submanifold from R™*2, given by x = zq +zq + V(z,%), z €

Vo C C, where V(z2,Z) = V(z,%), < p,V(z,Z) >=0, aV('(;,Z)
space Teenter in 0 € C.

(0,0) = 0, is tangent to the vectorial

Proof. (i) Taking into account the expression of F(x) we obtain the expansion in Taylor series
until the third order (23).

(ii) Because R™"? = Teenter @ Tytaple and < p,y >= 0, for any y € T,;4p;,, We obtain (25) and
(26).

(iii) Because F(x) € R™*?2, with decomposition (25) and < p,q >= 1, < p,q >= 0, we have
(27).

(iv) Using the definition of the submanifold, this submanifold is tangent to Tcenter-
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The center manifold in (0,0)T € R? is a two dimensional submanifold from R"*? tangent to
Teenter at 0 € C and invariant with respect to the applications Gy and F,, given by (27). If
x =2q+2z4+V(z,2),z € Vy C Cis the analytical expression of the tangent submanifold to
Tecenter, the invariant condition is written as:

V(Gi(2),G1(2)) = R2(V(2,2)). (29)

From (27), (28) and (29) we find that x = zq +zZ§+ V(2,Z), z € V is the center manifold if
and only if the relation:

V(pz+ <p,N(zg+zq+V(z,z) >, uz+ < p,N(zg+z2q+V(z,z)) >) = AV(z,z)+

30
+N(zq+z3+V(z,2))- < p,N(zq+ZG+ V(z,2)) > <P, N(zq+z9+V(2,2)) > G (30)
holds.
In what follows we consider the function V(z,Z) of the form:
1
V(z,z) = —wz()Z2 + w12z + szfz + O(HZP), teV ed (31)

2

Proposition 2.6. (i) If V(z,z) is given by (31), and N(zq +zq +y), with y = V(z,%) is given by
(28), then:

1 _ . 1 _
Gi(z) = puz + 55{2022 + gnzZ + gz’ + Egmzzz +... (32)
where:

g0 =<p,B(q,q9) >, g1 =<pB(q9) > gn=<pB@7q) >

. B (33)
g1 =< p,B(§,wy) > 42 < p,B(q,w11) >+ < p,C(9,9,7) > .

(ii) If V(z,Z) is given by (31), relation (30) holds, if and only if wog, w11, woy satisfy the relations:

(W1 — A)wyg = hyo, (I— A)wyy =hyy,  (#1— A)wer = hop (34)
where:
hao = B(q,9)— < p.B(q,q) > q— <P, B(q,9) > 7
hi1 = B(q.9)— <p,B(9,9) > q— <p,B(9,9) >q
hoz = B(4,9)— < p,B(q,7) > q— <p,B(q,q) > 7.

Proof. (i) Because B(x, x) is a bilinear form, C(x, x, x) is a trilinear form, and y = V(z,Z), from
(28) and the expression of G (z) given by (27), we obtain (32) and (33).

(ii) In (30), replacing V(z,z) with (32) and N(zq +Z§ + V(z,2Z)) given by (28), we find that
w0, W11, Wy satisfy the relations (31).

Letg € R™"2, p € R™"2 be the eigenvectors of the matrices A and AT corresponding to the
eigenvalues y and 7 given by (20) and (21) and:

a=BY(q,q), b = B*(q,9), a1 = B'(q,7), b1 = B*(4,7),Cy = C'(q,9,9), C2=C?(4,4,9),
130 =BY(q,wx), r3y=B%(q,wa),r1; = BY (g, w11), 13, = B*(q,wn1),
(35)
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where B!, B2, C1, C2, are applications given by (24).
Proposition 2.7. (i) The coefficients g2, 11, So2 given by (33) have the expressions:
820 = Pms18 + Pm+2b, §11 = Pus101 + P21, 802 = P18 + Pug2b. (36)

(ii) The vectors hyg, hy1, hyy given by (34) have the expressions:

hao = (0,...,0,a,6)" — (pys18 + pms2b)q — (P18 + Ppyyab)d
hi = (0,...,0,4,0)T — (pmi1a1 + pus2b1)q — (Prpr@ + Ppusab)q (37)

(iii) The systems of linear equations (34) have the solutions:

T _ _
wop = | o1, 120l 2mpl AT (4* — a10) ™0}y _ Pm+18+ Ppmi2b Pyt Py
20 = | U39/ B 030/ -+ 0, 201 12— Wi q

T _ _
wyg = | ol 0l o1t (1—a10)v11 | Pwsa®1 + Pmi2br P11 + Pugabr
119117+ 011 201 1-u -7

Wy = Wy, V39 = aag — b(p* — bo) ol = biagp —a (1 —bor)
(1% — a1g) (U2 — bor ) u>™ — byoag; (1 —a10)(1 —bo1) — broam

(iv) The coefficient gp1 given by (33) has the expression.:

8§21 = P73 + Pm+2130 + 2(Pmsariy + Pmr2riy) + Pm41C1 + Pmg2Co. (38)

Proof. (i) The expressions from (36) are obtained from (33) using (35).

(ii) The expressions from (37) are obtained from (34) with the notations from (35).

(iii) Because 2,712, 1 are not roots of the characteristic equation (19) then the linear systems
(34) are determined compatible systems. The relations (37) are obtained by simple calculation.
(iv) From (33) with (35) we obtain (38).

Consider the discrete-time dynamical system with delay given by (13), for which the roots of
the characteristic equation satisfy the hypotheses Hj, Hy, H3. The following statements hold:

Proposition 2.8. (i) The solution of the system (13) in the neighborhood of the fixed point (X,7) € R?,
is:

— _ _ 1 B 1 .
Xn =X+ Gut1Zn + G120 + Ew%“z,% + Wtz + Ewg?rlz;z1
— o _ 1 B 1 »
Yn =Y+ qm2Zn + Gy 4070 + Ew%ﬂzﬁ 22,7, + wa)"zﬂzﬁ (39)
=uUp =% POSTIL I A SRS R o )
Xp—m = Up = X +12Zn + §1Zn + 5 W20%n + Wi zZnzZn + 5 ©02%n

where zy, is a solution of the equation:

1 _ 1 _ 1 _
Zp+1 = WzZp + 58202;21 + $112nZn + 58022;21 + 58212;21%1 (40)
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and the coefficients from (40) are given by (36) and (38).

(ii) There is a complex change variable, so that equation (40) becomes:
Wni1 = p(B)wn + Cr(B)wiTn + O, |%) (41)

where:

_ 820(B)8u1(B)(H(B) —3 —2u(p))

lgn(B)? n g02(B)|* . g21(B)
2(u(B)* —u(B)(E(B) — 1) '

1w a2 -uE) T 2

Ci(B)

(iii) Let lg = Re(e~Cy(0)), where 8y = arg(1(0)). If lg < 0, in the neighborhood of the fixed point
(X, ) there is an invariant stable limit cycle.

Proof. (i) From Proposition 2.6, application (15) associated to (13) has the canonical form (40).
A solution of system (40) leads to (39).
(ii) In equation (40), making the following complex variable change

820 2 811 __ 802
ww —
2(u2 —p) |2 —p 2(p2 —u)
830 3 812 2 803 -3
6(u3 —p) 2(ptul? = p) 6(71% — )

for § small enough, equation (41) is obtained. The coefficients g29, g11,g02 are given by (36)
and

zZ =W+ Wt

(iii) The coefficient C; () is called resonant cubic coefficient, and the sign of the coefficient Iy,
establishes the existence of a stable or unstable invariant limit cycle (attractive or repulsive)
(Kuznetsov, 1995).

3. Neimark-Sacker bifurcation in a discrete time dynamic system for Internet
congestion.

The model of an Internet network with one link and single source, which can be formulated
as:

X(t) = k(w —af(x(t —1))) (42)
where: k > 0, x(t) is the sending rate of the source at the time ¢, 7 is the sum of forward
and return delays, w is a target (set-point), and the congestion indication function f : Ry —
R is increasing, nonnegative, which characterizes the congestion. Also, we admit that f is
nonlinear and its third derivative exists and it is continuous.

The model obtained by discretizing system (42) is given by:

Xpi1 = Xn — akf (Xp—pm) + kw (43)

for n,m € N, m > 0 and it represents the dynamical system with discrete-time for Internet
congestion with one link and a single source.
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Using the change of variables = xpp..., XM = Xn_1, "t = x,, the application
associated to (43) is:
¥l x2
. — . (44)
M xm+1
KMl kw — akf(x1) + xm+1

The fixed point of (44) is (x*,...,x*)T € R"™*1, where x* satisfies relation w = af(x*). With
the translation x — x + x*, application (44) can be written as:

x! x?
x.’” — xm.“ (45)
XMl kw — akg(x') + 2+
where g(x') = f(x! + x*).
The following statements hold:
Proposition 3.1. (Mircea et al., 2004)) (i) The Jacobian matrix of (45) in 0 R s
0 1 0...0
0 01...0
A= (46)
0 0 0...1
—akp; 0 0 ... 1
where p1 = ¢'(0).
(ii) The characteristic equation of A is:
AL A 4 gkpy = 0. (47)

(iii) If u € C is a root of (47), the eigenvector g € R™* that corresponds to the eigenvalue y, of the
matrix A, has the components:

qi:yifl, i=1,....m+1
and the components of the eigenvector p € R™*1 corresponding to 7 of the matrix AT are:

akpy 1 , [ ﬁ
= = =2 ... .m—1 = S
p1 ﬁerl _ makpl’ pi ﬁl_l Pi, 1 7 ,m s Pm o1 P1, Pm+1 akpl

Pi1-

m+1
The vectors p € R™, g € R™ " satisfy the relation Y. p,q; = 1.
i=1

The following statements hold:
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Proposition 3.2. (i) If m = 2, equation (47) becomes:
A3 — A% 4 akp; = 0. (48)

Equation (48) has two complex roots with their absolute values equal to 1 and one root with the absolute

value less than 1, if and only if k = V5 1. Fork =ko = E equation (48) has the roots:
2ap1 2ap1
/\1,2 = exp (:I:19(k0)1),
6(ag) = arccos ! +4\/§. (49)
(ii) With respect to the change of parameter
k=k(B) =ko+g(p)
where:
() T+4(1+8)° —(14p)2—V5+1
g 2kopr
equation (49) becomes:
A3 =A% £ ak(B)p = 0. (50)
The roots of equation (50) are:
; ak(B)p1
=(1 + , AB)=—
m2(B) = (1+ Blexp (£iw(p)), A(B) T+ p)
where:
(1+p)2+/1+4(1+p)°

w(p) = arccos e

(iii) The eigenvector q € R3, associated to the y = p(pB), for the matrix A has the components:

n=1 qg=u q=pu

and the eigenvector p € R3 associated to the eigenvalue i = (B) for the matrix AT has the
components:
akps i 4

2akpy — " P27 @ —2akpy” P2 T @ —2akpy

p1=
(iv) ag is a Neimark-Sacker bifurcation point.
Using Proposition 3.2, we obtain:

Proposition 3.3. The solution of equation (43) in the neighborhood of the fixed point x* € R is:

. =, Lo 1 _ 14
Uy = X" +2Zn+2n + szozn + W112ZnZn + EwOZZn

. __ 13, 3 _ 13,
Xp = X" +q3zn + q3zn + szozn + wy1znzn + §w02zn
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where:
20,2 1 2 2
L =Dy — (=R + By, 3 2,1 2
Wy = Jwi, = utwh, — hd o Wi = utwl hoo — h
20 u6 — 1t + akpy S0 = HPwy — hyg, w3y = ptwlg — pPhyy —
h?l 2 3 2
%1 =, W = w11 h11/ wy = w11 h11 hi

akpy’
hyo = 4akoa(p3 + P3), 3y = akp1(paqz + P3d,), h3y = 4akpz (1+ p3gs + Psds)

1l 2 32 13 _ 13
hiy = hao, iy = h3g, iy =y
and z, € C is a solution of equation:

1 _ . 1
Zyi1 = Hzn — 5 P3akpo (25 + 22nZn + Z2) +  p3(—kapiwiy — kapywl; + p3),
2 2

rhoy = f'(0),  p2 = f"(0), p3 = f"(0).

Let
2122 21221, |2
paa‘kps(pr—3 —2u) | a’k“p3|ps|”  akloaps| 1 1
C =— — + akoywsy — akpqywy +
1(:8) (]’l _V)(V ) 17]4 2(]42 ]’l) p3( 01Wa0 £1W1q P3)
and

1(0) = Re(exp (—i6(a9))C1(0))-
If1(0) < O, the Neimark=Sacker bifurcation is supercritical (stable).

The model of an Internet network with r links and a single source, can be analyzed in a similar
way.
The perturbed stochastic equation of (43) is:

Xp41 = Xn — akf (Xp—m) + kw + Enb(xy — x*) (51)

and x* satisfies the relation w = af (x*), where E(&,) = 0, E(&2) = ¢ > 0.
We study the case m = 2. Using (46) the linearized equation of (51) has the matrices:

0 10 000
A= 0 01|,B=[000
—akp, 01 000

Using Proposition 2.1, the characteristic polynomial of the linearized system of (51) is given
by:

Py(A) = (A3 = (1 4 ob?)A? — a®k%p3) (A3 + akpy A + a®K2p3).
If the roots of P, () have their absolute values less than 1, then the square mean values of the
solutions for the linearized system of (51) are asymptotically stable. The analysis of the roots
for the equation P,(A) = 0 can be done for fixed values of the parameters.
The numerical simulation can be done for: w = 0.1, 2 = 8 and f(x) = x2/(20 — 3x).
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4. A discrete economic game with delay

The economic game is described by a number of firms that enter the market with a

homogeneous consumption product at different moments 1, where n € IN. In what follows

we consider two firms Fj, F, and x, y the state variables of the model that represent the

firms’outputs. The price function of the product (the inverse demand function) is p : Ry —

R, derivable function with xlglgo p(x) =0, xli}n& p(x) = oo and p’(x) < 0. The cost functions
+

are C; : Ry — Ry, i = 1,2, derivable functions with C/(x) # 0, C/(x) > 0. The profit
functions of the firms, 7; : R%_ — R4,i=1,2, are given by:

m(x,y) = plx+y)x—Ci(x), m(x,y)=px+y)y—Cy).

The non-cooperative game F, F,, denoted by I' = (Ri, 71, 702 ) is called deterministic economic
game. The Nash solution of I' is called the solution of the deterministic economic game.

From the definition of the Nash solution, we find that the solution of the deterministic
economic game is given by the quantities (¥,%)T € R34 for which the profit of each firm is
maximum. Thus, the Nash solution is the solution of the following system:

(52)

o o

{mx =P (x+y)x+plx+y) —Ci(x) =
Ty =p'(x+y)y+px+y) —Cly) =

A solution (%, y)T S Rz+ of (52) is a (local) maximum for 77;, i = 1,2 if and only if:
praE+y)x+2p'(x+y) <q'(x), p'E+yy+2p'(x+y) <G'®)

At each moment 1, n € N the firms adjust their quantities x,y,, proportionally to the
a7ty 07T . .
marginal profits —1, 22 The quantities from the n 4 1 moment satisfy the relations:

ox ' dy

Xp1 = Xn + k(P (Xn + yn)xn + p(xn + yn) — Ci(xn))

(53)
Ynt1 = Yn +&(p' (Xn—m + Yn)yn + p(Xn—m +yn) — C3(yn))
where m € N, m > 1.
System (53) is a discrete dynamic economic game with delay.
With respect to the change of variables X=X, XM =g, XM = g, a2 = Yn the
application associated to (53) is:
il 22
o | = L : (54)
xm—}—l xm+1 +k(p/(xm+1 +xm+2)xm+1 +p(xm+1 +xm+2)_ci(xm+l))
A2 xm+2+zx(p’(x1+xm+2)xm+2+p(x1—&—x”“‘z)—Cé(xm*Z))

The fixed point of (54) is the point with the coordinates (x, .. ., Xo, o) € R™*2 where (xg, o)
is the solution of the following system:

Prix+y)x+px+y) —Ci(x) =0, plx+yy+plx+y)—Cyy) =0 (55)
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In what follows we use the notations:

pi =P E+7), 1 =C @), up =), i=1,234 (56)
the derivatives of i = 1,2, 3,4 order of the functions p, C1, C; in the point (X, 7),

a1p = 02X + 201 — p21, Ag1 = P2X + 1, 420 = P3X +3p2 — Y31, 411 = P3X + 202,

agp = P3X + 2,430 = P4X +4p3 — pa1, 021 = P4X + 303, 812 = P4X + 203, 803 = P4X + 203,
(57)

big = P2 + p1,bo1 = P29 + 201 — p22, bao = p3Y + p2,b11 = p3Y + 202, bo2 = p3Y + 302 —