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SUMMARY

We address the peak covariance stability of time-varying Kalman filter with possible packet losses in
transmitting measurement outputs to the filter via a packet-based network. The packet losses are assumed
to be bounded and driven by a finite-state Markov process. It is shown that if the observability index
of the discrete-time linear time-invariant (LTI) system under investigation is one, the Kalman filter is
peak covariance stable under no additional condition. For discrete LTI systems with observability index
greater than one, a sufficient condition for peak covariance stability is obtained in terms of the system
dynamics and the probability transition matrix of the Markov chain. Finally, the validity of these results
is demonstrated by numerical simulations. Copyright © 2008 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Kalman filtering [1, 2] plays an essential role in systems theory and has found a wide range
of applications in engineering and non-engineering systems. A number of properties including
stability and convergence of Kalman filtering have been well understood. For linear time-invariant
(LTI) systems, it is well known that the Kalman filter converges to the steady-state filter under very
mild hypotheses on some detectable and stabilizable conditions of the original system. Recently,
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KALMAN FILTERING OVER UNRELIABLE COMMUNICATION NETWORKS 1771

there has been a lot of interest on networked systems and sensor networks due to increasing
applications of networks in engineering systems. In sensor networks, Kalman filters are frequently
used in accomplishing estimation task [3,4] and have given birth to several methods in solving
the sensor coverage and sensor selection problems [5, 6]. However, the recent trend of utilizing
networks for transmitting measurement data also introduces some interesting new problems due to
the unreliable characteristics of networks such as random transmission delays and possible packet
losses [7]. These network uncertainties, unlike the uncertainties in dynamical systems studied in
the past two decades, e.g. [§—10], are random in nature and have attracted considerable attention.

When the Kalman filter is implemented over network with packet dropouts, the evolution of
filtering error covariance for an unstable dynamical system generally depends on not only system
structure properties such as stabilizability and detectability, similar to the classical Kalman filter
case, but also packet-loss characteristics. Therefore, the filtering problem for networked systems
has attracted a great deal of attention recently. Kalman filtering for lossy sensor data was considered
in [11] based on a Markovian jump linear system modeling approach and three different models
were presented there. Sinopoli et al. [12] addressed Kalman filtering with i.i.d. Bernoulli losses and
showed that a critical value for the arrival rate exists such that the mean filtering error covariance
is bounded for any arrival rate greater than that critical value. The stability analysis of Kalman
filtering with binary Markovian packet losses can be found in [13, 14] where the notion of peak
covariance stability was first introduced in [15]. It is noted in [13, 15] that the given sufficient
condition for the peak covariance stability involves an estimation of an upper bound of the solution
of standard Riccati recursion.

However, in the aforementioned studies on filtering the number of consecutive packet losses can
be infinite, which may not be practical and can lead to conservative results. For networked systems,
control problems with finite-length packet losses have been investigated in [16, 17]. Generally,
there are two motivations for bounded packet-loss modeling. First of all, in fault-free networked
systems, infinite-length consecutive packet dropouts are usually unrealistic. On the other hand,
fault detection and fault tolerant systems can be implemented for real networked systems [18],
which can effectively avoid the performance degradation and instability of the whole system due
to excessive consecutive packet losses.

To the best of our knowledge, the stability issue related to the Kalman filtering for networked
systems with bounded Markovian dropouts remains open. We note that the stability studied in
[13—15] is in fact in terms of mean filtering error covariance, and thus the term—peak covariance
stability in the mean sense would be more precise. We still use peak covariance stability here for
the consistency of the present paper with the aforementioned ones. In the sequel, the sojourn times
of loss cycle (a period of successive packet dropouts) and normal cycle (a period of successive
packet receipts) are defined similarly to the binary dropout case [12, 13]. The main results of the
present paper include: (1) a less conservative method for estimating the upper bound of the solution
of the standard Riccati recursion and (2) a sufficient condition for the peak covariance stability
that is related to the observability index and the dynamics of the underlying system as well as the
probability transition matrix of the Markov chain that describes the packet-loss process.

The remainder of this paper is organized as follows. The time-varying Kalman filtering problem
with bounded Markovian dropouts is formulated in Section 2. Then basic lemmas as well as
conditions for peak covariance stability are presented in Section 3. Section 4 includes two numerical
examples, followed by some conclusions in Section 5.

Notation: := means ‘defined as’. The superscript ' denotes the transpose of vector or matrix.
M~!, p(M) represent, respectively, the inverse and the spectral radius of square matrix M. #", V",
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1772 N. XIAO, L. XIE AND M. FU

and A"y stand for the n-dimensional Euclidean space and the sets of positive and non-negative
integers, respectively. When X and Y are real symmetric matrices, the notation X>Y(X>Y)
indicates that X —Y is positive semidefinite(positive definite), and %" denotes the set of nxn
positive semidefinite real matrices. I, refers to the n x n identity matrix, and I and O represent
respectively identity matrix and zero matrix with compatible dimensions. J;; is the Kronecker
delta function; col(x, y) denotes a column vector with entries x, y. ||-|| represents the Euclidean
norm for vectors or the corresponding induced norm for matrices. Furthermore, let (Q2, E, Pr) be a
complete probability space and E(-) stands for the mathematical expectation operator. The inner
product is defined by (x, y):= E(xy’) for column random vectors x, y.

2. PROBLEM FORMULATION

Consider a standard discrete-time LTI system:
Xiy1 = Ax;+Bw;, 120 (D
yi=Cxi+uv; ()

where x; € 2" and y, e #" are the state and output of the system. The process noise w; € £ and
the measurement noise v, € #" are vector-valued zero-mean white-noise processes, while the initial
state xp is a random variable with zero mean and covariance matrix >0, and is independent of
the sequences {w;}, {v;}. The above assumptions can be compactly expressed as

W
w; ! Qé,’j Sé,’j
Vi
< v |, ! >= 5/5,']‘ R5,‘j 0 0], 0>0, R>0 3)
X0
X0 | 0 0 20 O

We also assume that {w;} and {v;} are uncorrelated, i.e. $=0 in (3). Moreover, A, B, C, Q, and
R are constant and known matrices with compatible dimensions. In this paper, (A, B) is stabilizable
and (A, C) is observable with observability index [,. Here I, is defined to be the smallest integer
such that rank[C’, A'C, ..., (A)~1C'1=n.

On account of reduced wiring and ease of system maintenance/diagnosis, there have been
significant interests in transmitting sensor/controller data through networks, especially wireless
networks. While networked systems have clear advantages, they also introduce new problems such
as packet losses in transmission. Suppose there exists a communication channel between sampler
and filter, and a single packet containing the data of system output is unreliably transmitted at
each time step without quantization error. Let {ix,k>0} be a strictly monotonically increasing
subset of .17, representing the sequence of time instants at which the data packets are successfully
transmitted from the sampler at the system to the filter. Without loss of generality, set iop=0. The
packet-loss process is defined as

(i) i=igp1—ix—1, k=0 4)

In the same way as in [17], we assume that the packet-loss process is driven by a time-
homogeneous Markov chain on a complete probability space (€, E, Pr) with finite-state range set
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Mo={0,1,2,...,5}, where n(ix) =0 indicates that there is no packet dropout during the time
interval (i, ix+1] and s represents the maximal length of consecutive packet losses. Denote .# =
M \{0} the packet-loss subset of .#. {n(ix), k=0} is assumed to be independent of {w;}, {v;} and
xo. The corresponding transition probability is

i =Pr(n(ixs1) = jlIn(ix) =i)=0

and the initial distribution of #(0) is: {n; :=Pr(n(0)=j), j € A }. Note that I1:=(7;;) s+ 1)x (s+1)
is a known matrix and for all i € ., Z‘;:O mij=1.
The state prediction error covariance matrix P, >0 can be written as

Pr:=E[(x; —£t|z—1)(xt _£t|t—1)/]

where X;,—1 stands for the optimal estimate at time ¢. Intuitively speaking, at each time step,
the time-varying Kalman filter performs both the time and measurement updates when a packet
arrives; otherwise it performs the time update only; see [12] for more details. As in [12], we use
v; €{0, 1} to represent the loss (with y, =0) or arrival (with y, =1) of single packet at each time
point. Henceforth, we can derive the following random Riccati equation easily:

Pry1=AP, A’ +BOB —y,AP,C'(CP,C'+R)~'CP, A’ (5)
with initial condition
Py=E[(xo—%o|—1)(x0—Xoj—1)"1= E[x0x(] =20

It is worth mentioning that the random process {y,,#>0}, which is driven by the packet-loss
process {r(ix), k=>0}, is neither the i.i.d. Bernoulli process as in [12] nor the binary Markovian
process like [13], and the stochastic characteristic of {y,, #>>0} is still unknown although it is totally
determined for any given realization of {#(ix), k>0}.

The notion of sojourn times is usually defined as follows. Set ;=0 and

or :=inflix +1:0>Po, (i) =1}, pr=infligq1 tigp1>01, i) =1}

o r=inf{ix +1:ik =Py, nl) =1}, Bri=inflig1 tig+1>00, n(ix) =1}

thus, o, f;>1 are two stopping times of {y,,7>0}. The sojourn times are the lengths of the /th
excursion to the state 1 or 0, as defined by:

o =0y —PF_y, =, 121

To illustrate the notions of y,, ix, n(ik), o, By, o, f7, we assume that there is one sample path of
y; as shown in Figure 1. Thus, the corresponding sequence {ix, k=>0} is given by

{io,i1,...,i14}=1{0,1,4,5,6,10,11, 12,13, 14,16, 17, 18, 19, 20}
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y[:l: Packet Receipt
yI:(): Packet Loss
P, B

O 1 1 1 1 4 1 1 I 1 1 'S 1 1 1
01234567 891011121314151617 181920
Time Steps (t)

Figure 1. An example: one possible sample path of v,.

and by (4) we can get the packet-loss process as follows:
{nGo),n@), ..., nG13)}={0,2,0,0,3,0,0,0,0,1,0,0,0, 0}

From the definition of stopping time and sojourn time, it is also easy to obtain:
{051, o2, OC?,} = {27 75 15}7 {ﬁ()a ﬁ] ) ﬂ27 ﬂ3} = {09 47 109 16}

{of, 05,03} =1{2.3,5},  {B1. 53, B3} =1{2.3. 1}

We recall the following definition of peak covariance stability introduced by Huang and Dey
[13,15].

Definition 2.1

The Kalman filter with packet losses or the random Riccati equation (5) is said to be peak covariance
stable if sup;>q E[|| Pg, [[]<+00, where the expectation is taken with respect to the packet-loss
process.

The sequence {Pﬁz}’ [>1 is a collection of the prediction error covariance matrix after every
consecutive packet losses (see also Figure 1). Note that for an unstable scalar model, {Pp,} gives
the upper envelop of the covariance process [13]. For higher-order systems, intuitively, with the
number of consecutive packet losses increases, one would expect that the filtering performance
is getting worse although in general the covariance matrix may not necessarily be monotonically
increasing over the period of packet losses. Hence, the peak covariance stability that captures the
boundedness of sup;~( E[|| P, ||] makes sense and is a reasonable measure of stability.

As any possible P; would be bounded if p(A)<1 [14], in the remainder of the paper we consider
the non-trivial case: p(A)>1.
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3. MAIN RESULTS
3.1. Preliminaries
First of all, if we define the general mapping O(-) as
O(P,A,B,C,0Q,R,S):=APA'+BQB — (APC'+BS)(CPC'+R) ' (APC' +BS)' (6)

then the Lyapunov recursion P,y =G(F;) and the Riccati recursion Py = F(P;) with initial
value Py can be generated by ® as follows:

G(P):= 2lim ®(P,A,B,C, 0, 021,0) =APA'+BOB’ (7
g-—> 0
F(P):=0O(P,A,B,C,Q,R,0) :APA’—i—BQB/—APC/(CPC/—l—R)_ICPA’ 8)
where P € 9"

The following lemma can be found in [3, 6, 13].

Lemma 1
For G(-) and F'(-), the statements below hold:

(i) both G(-) and F(-) are monotonically increasing, i.e. for any P;>P>>0, we have
G(P1)=G(P2)>BQB’ and F(Py)>F (P2)>BQB’;

(ii) there exists a constant K >0 such that for any P € ¥}, F k(PY<K, for all k>1,, where
S, is a convex subset of " as

yg::{P:OngG(};), for some P € 9"}

where F!(P) denotes the result of the ith recursion of (8);

(iii) there exists a constant K >0 such that for any P € ", F*(PYKK, for all k>1,;

@(iv) if I,=1, i.e. C is invertible, then F(P)<SAC™'R(C~1)'A’, i.e. there exists a positive
constant dl(o) such that

0
IF(P)I<d\” ©)
(v) if I,>2, then for 1<i<(/,— 1), there exist positive constants dl.(o) and di(l) such that
IF Py I<d" | Pl +d (10)

It is indispensable to derive a systematic method for estimating di(l), due to its importance in
checking the peak covariance stability. In the first place, we need the following lemma related to
the so-called global approach; see [1, p. 539].

Lemma 2
The covariance of the estimate error at time step #,7>1 from the standard Riccati recursion (8),
i.e. P,=F'(Py), can be alternatively evaluated by

P,=0O(P,, A®O BO c® Q(t), D(t)Q(t)(D(t))/+R(t), Q(t)(D(t))’)
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in one step, where A, B® W DO W R® are defined as

AD=A" BO=[A""'B,A"?B,...,B], C®=col{C,CA,...,CAT™"}

CB 0 -+ 0
DY =0 fort=1; DW= for =2
| CA"™*B CA'B .- 0]

0" =diag(Q, 0Q,...,0), RY=diag(R,R,...,R)

Proof
Suppose there is no packet dropout, thus we can put the state—space model (1), (2) into global form:

X = A(’)x0+B(’)w(’) (11)
w®
y(t) — C(t)xo—}-D(t)W(t)—{—V(t) =C(t)xo+[D(t) 1] " (12)
v
with w® :=col{wg, wi, ..., w1}, y© :=col{yo, y1, ..., yi—1}, v®) :=col{vg, v1,...,v,—1}, and
wOT Tw® 0" 0 0o
< V(t) , V(l) = 0 R® 0
X0 X0 0 0 X

The result of this lemma follows by the optimality of the Kalman filter. The only non-trivial
thing here is the correlation between the process noise term and measurement noise term in the
global model (11), (12), which can be solved by introducing some non-zero S in the Riccati
recursion. ]

It is easy to see AD BO cl ). D are the state transition matrix, observability map, controlla-
bility map and the impulse response matrix, respectively. Based on the above lemma, it is possible
to study some properties of {P;, >0} without resorting to the Riccati recursion (8) step by step
explicitly.

Lemma 3
For 1<i<(l,—1), I,>2, the positive constants dl.(l) in inequality (10) can be bounded by

dV <,
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and 4;, 1<i<(l,—1) are the solutions to the following set of convex optimization problems in
terms of LMI:

minimize A;

Ml (AD kO Oy (13)

subject to ) o >0
A(l)+K(1)C(1) I

where A¥), C® are defined similar to Lemma 2 and K" are unknown parameter matrices with
compatible dimensions.

Proof
First consider the case i =1. Similar to [12], let

W(K, P):=(A+KC)P(A+KC) +KRK'+BQB'
By taking dy/(K, P)/0K, it is easy to get that
K=Kp:=—APC'(CPC'+R)™!
minimizes (K, P) and (Kp, P)= F(P), which implies that
IF(P)|=IIW(Kp., PYI<IW(K, P)I<|A+KC|*||P|| + | KRK'+BQB'|

Compare the above inequality with (10), then we can conclude that dfl) can be bounded by
|A+KCJ|? for any K, which further implies d\" <min {[|A+KC|%}. We also have

|A+KC||?>=min{2;| A1 — (A+KC)'(A+KC)>0}
and 4, =ming{|A+KC||?} can be easily obtained through (13) with i =1.

For i>1, we have F/(P)=0(P,AD, B c® o0 pOoW(pWy 4RO 9W(DWY) based
on Lemma 2. Further denote R) = D® 9@ DOy + RO s = 9 (DD and define the quantity

Q(i) s@ (B(i))/
lL(K(i),P)Z:(A(i)—{—K(i)C(i))P(A(i)+K(i)c(i))/—|—[B(i) K(i)]
(S(l))/ R® (K(l))/

Therefore, K@ =K\ :=—(AD P(CD) + BDsO)(c® p(CD) + RD)~! minimizes y(K D, P)
IF (P = Ip(KD, PYI<IIp (KD, Py

and (K, P)=F'(P). We have
O o) @y
[B(i) K(i)] Q § (B*)
sy RO || (kD

Similarly, after comparing it with (10), we have d\'’ <2 =minga {[|AD+KDCD |2} and
(13) again offers a way to compute A; when 1<i<(l,—1). This completes the proof of this
lemma. O

AP+ KDCcO 2P|+
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Obviously, 4; as upper bounds for dl.(l) can be obtained through (13) via standard LMI toolbox
directly.

Remark 3.1 _
From the proof of Lemma 3, there always exists K @) such that a’i(l) =0 for i>1,, since (A, C) is

assumed to be observable and thus C¥) has full-column rank when i>1,.

Remark 3.2

In the simulation example of [13], | F(P)||<|| AA'|||| P|| was used to estimate d\") in inequality (10);
in [15], the same authors applied a suboptimal estimator to aid stability check and adopted a
numerical method to search for a better estimation of dl(l) for a two-dimensional example. The
method in [14] does not involve estimating these constants and was shown to be less conservative
in some cases; however, it approximates F'(P) by G'(P) when i €[1, (I, —1)] with I,>2, which
is still conservative. Compared with the aforementioned papers, Lemma 3 presents an easy and
efficient way to estimate dl-(l); see also the first simulation example of this paper.

When the packet losses are driven by a binary Markovian process, the sojourn times are proved
to be i.i.d.; see Lemma 2 in [13]. In this note, the stochastic characteristic of sojourn times with
bounded Markovian packet losses is given in the following lemma.

Lemma 4
Denote the joint distribution of sojourn times oy, 5] by

Pr(l):=Pr(ay=ay, fi=b1,05=a2, f5=ba, ..., 0  =ay, f; =b;)

where for any positive integer i, a; € 4" and b; € .4 . Then, we have:

T, ifa;=1
Pr(1) =
mo(moo)™ mop,  if a1>2
Tty Pr(0) if ap1=1
Pr(l+1) = , _
Tp,0(m00) 1 “mop, Pr(l) if 44122

Proof
The result can be obtained based on the Markov property of the packet-loss process {n(ix)}. U

3.2. Peak covariance stability

Now we are in the position to present our main results. We start with considering the peak
covariance stability for the special case: I,=1.

Theorem 3.1
If the observability index I, of the observable linear system or the pair (A, C) equals to 1, then
the Kalman filtering with bounded Markovian packet losses is always peak covariance stable.

Copyright © 2008 John Wiley & Sons, Ltd. Int. J. Robust Nonlinear Control 2009; 19:1770-1786
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Proof

First of all, E[|| Pg, ||]=1lPoll since Ppe " is a given constant matrix. Let {a;, b;,[>1,a;€ N, b €
'} denote one realization of the random process {ocl*, [3}', I[>1}. As P/;1 is uniquely determined for
fixed of, 7, and Py, we have:

+00 s
E[llPg 1= > > IIPg, IIPr(1)
aj=1b;=1

+00 s

= 22b2 70 (100)™ 210, ||G”1(F“1(Po>)||+bz o, IGPH(F(Po))| (14)
al= 1=l 1=1

In the above, Lemma 4 has been applied to obtain (14), whose first part describes all the possible
trajectories starting from initial condition 1, =0 and reaching f;{ =b, b € .4 before the first peak
time f3;, and the second part corresponds to ny=>b1,b1 €.4. Then, by applying Lemma 1, we
have

s —+00
E[IPs 1< Y Y mo(moo)™ 2mop, |G (K 1) |
bi=la;=2

S
+ Y o, @A 2 Pyl 4+d\ [ AP +1) (15)
b1=1

N

+o0
)
< Y Y camomon, (o0)®!
b1=la;=2

S
0
+ Y o, @A 2 Pyl 4+a\V | AP 4cr) (16)
bi=1

<3

where c1, co are constants and c3 is a function of Py. Note that if mgg =1, i.e. it is the trivial case,
the first part of (17) is O due to mgp, =0 and it is convergent for mpp<1.
Furthermore, for any />>1 we can deduce that

+00 8 +o00 K}
EllPg,, 1= 2 > ... X X IPg, IPrd+1D)

aj=1b1=1  a;1=1bj11=1

+00 K

+00 s
=3 Y. Y Y w00 ™  2mon,, IGYH(FU(Pg) [ Pe(l)

aj=1b1=1 ajy1=2bj41=1

+oo s s
+ 2 XX 7Tb,b1+1||Gbl“(F(P[)’,))||Pr(l)
a1=1b1=1 b]+1=l

Copyright © 2008 John Wiley & Sons, Ltd. Int. J. Robust Nonlinear Control 2009; 19:1770-1786
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Then, by using Lemma 1 again, the following inequalities can be obtained:

+00 s +00 s 5 b
E[Pg, MNT< >0 > oo X X mpo(moo) ™™ “mop,,, IG”+ (K 1) |[Pr(l)

aj=1b1=1 ar+1=2b;41=1
+00 s s b
+ 2 > .. X Ty |G7HH (K 1) | Pr(D) A7)
aj=1b1=1 biy1=1
< 4700701 (T00) r(l)
aj=1b1=1  a;4+1=2b;1 =1

+00 s s
+ Z Z Z C5ch[b[+1Pr(l)

aj=1b1=1 bjy1=1

400 s 400 s 400 5 +o0o s
<Y Y .Y YeaPrD+ Y Y .Y Y ePr(d)

aj=1b1=1 aj=1b=1 aj=1b1=1 aj=1b;=1
<cs
where c4, ..., cg are constants, and (18) is due to the fact that for />1, any possible value of P/;[
belongs to .. Hence, the two inequalities: E [l Pg, l11<c3 and E [”Pﬁz+1 [I1<cg complete the proof
of this theorem. O

Remark 3.3

By the above theorem, we can conclude that every Kalman filter with bounded Markovian packet
losses is peak covariance stable for observable scalar systems, since their observability index
always equals to 1.

The following theorem will extend the peak covariance stability result to 7,>2.

Theorem 3.2
When the observability index 1,22, then the Kalman filtering with bounded Markovian packet
losses is peak covariance stable, if p(H)<1, where H = (h;j);xs and

Io—1
! B .
hij= (n,-jdf "+ X mio(moo)” 2710jd,(nl)> A7) (18)
m=2
Proof
By a similar argument as in Theorem 1, we have:
+00 s
E[lPg ll= 2 X lI1Pg, lIPr(D)
ay=1b1=1
s +00 2 b
=2 2 mo(moo)” “mop, |G” (F (Po))
bi=laj=I,+1
Ot -2 b N b
+ 2 X mo(moo)™ “mop, IG™ (F (PO I+ X2 mp, |G (F(Po))l
by=la;=2 by=1
Copyright © 2008 John Wiley & Sons, Ltd. Int. J. Robust Nonlinear Control 2009; 19:1770-1786
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Then from Lemma 1, we get

s 1 0
E[I1Pg, 1< Y mp, (VAP 12| Poll+d\” | AP +e2)
b=l

s +00

+ Y Y momoo)™ mop, GPH(K 1)l
bi=la=I,+1
s Iy

+ Y Y mo(moo)™  *mop, (@S AP P Poll +d Y | AP 1P +e1)
bi=la;=2

K Iy
1
<est+ Y (z 70(1100) "1 > g, dV + 7, d ”) 1A 2] Po |

b1:1 ag 2
=e3+FD
where eq, e, e3 are constants, D=[1 1 ... I]TGQ?SX],Fz[(ﬁl by ... (ﬁﬂé@lxs and for i =

1,2,...,s

I,
1 B _
b= (mdl( '+ 3 mo(moo)™ 27f0id,(,,1)> IAT12 11 Pl

m=2

For every [>1, we have:

EUPy =% . 5 3 IPyalPrd+)

a;=1b1=1  aj11=1b4,=1

+00 s s +o00
=X X X X mpomoo) P mop,, |G (FUH (Py,)[Pr(D)

aj=1b1=1 bir1=lai1=I,

K Ih,—1
+ z Yo Y S w2, IGP+1 (Fr+1(Pg)) | Pr(l)

aj=1b1=1 bl+1—]al+1 =2

+o0 s K
+ Y Y T, IGP(F (P ) IPr(D)

aj=1b1=1 biy1=1

=I1+12+13
It is easy to estimate that
+00 s 400 5 b
<2 X Z > o (m0) " mop,, |GTH (K 1) | Pr(l) <es (19)

aj=1b1=1 bt+1 laj1=1o

K I,—1

Z Z > Y mwo(moo) T os,,

al_lbl 1 b1+1_1a1+1_2

X (@) AP P Py, | +d0) | AP P +es)Pr(l) 20)
+o00 s " b © ,
<Y Y.y iy (dy | AP Py |+ | AP0 )12+ e)Pr(l) Q1)

aj=1b1=1 b1+1 1
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with constants ey, e5, ¢ and it follows recursively that
E[||Pg,, , II<FH'D+e7 (22)

where e7 is a constant and H is described in Equation (18).
Based on (22), if p(H)<I, E[”Pﬁm I is bounded as [— +oo, which implies that
sup;>1 E[l| Pg, [I1<+o0. This completes the proof. O

Note that when the observability index I, =2, the second item in the parenthesis of (18) vanishes.

Remark 3.4

In [4], the authors presented a modified observer-based estimator running parallel with the Kalman
filter. The scheme can reduce the error covariance by switching to the suboptimal estimator when
the error covariance of the Kalman filter is above some bound due to packet losses; however,
this advantage is achieved at the expenses of sending a series of previous measurements through
the network at each time step. Another difference is that the metric they considered is Pr[ P, <M]
with upper-bound matrix M instead of E[P;] or E[| P ||] adopted in this paper. The relationship
between these two metrics could be an interesting topic for future studies.

Remark 3.5

From (18), it can be observed that if the maximum number of consecutive packet dropouts s is
large but transition probabilities mg; and 7;; are very small for large values of i and j and the
system does not grow very fast, the stability condition of Theorem 2 may still be dominated by
the part of the matrix H corresponding to lower values of consecutive packet dropouts.

4. NUMERICAL EXAMPLES

4.1. Case I: a second-order system

Consider the same system model as in [13, 14]:

13 03
A= . C=[1 1]
0 1.2

The covariance of w(¢),v(¢) are chosen as Q =1, R=1. First, we consider the packet-loss
model of [13, 14] where the packet loss at each time step is a Markov chain, which implies that
the number of consecutive packet losses could be infinite. In this situation, it is easy to check
that I,=2 and we need to estimate dl(l) only. From Lemma 3, we have dfl) =1.2200, which is
much smaller than the estimation: 2.00813 in [13]. Further, if we apply Lemma 3 of this note to
Theorem 3.1 in [14], the condition there can be rewritten as

o0 . . [0_1 .
Y 1A - g X diP (- p)y Tt p<i
i=1 j=1

then for the same recovery rate ¢ =0.65, we can easily obtain that the maximum failure rate p
is 0.1960, which also shows that the estimation in Lemma 3 is better than that of [14] where the
maximum failure rate p is 0.1191.
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Figure 2. Case I: y, and || P|| vs time steps.

Next, we consider the bounded Markovian packet-loss case. Suppose the maximum successive
packet losses of the underlying network is 2 and the transition probability matrix is given by:

0.6 02 02
;=08 0.1 0.1
0.8 0.1 0.1

From Theorem 2, we have p(H)=0.7352<1; thus, the Kalman filtering is peak covariance
stable. Figure 2 illustrates a sample path of y, and || P;|| with the given IT;.
Moreover, if the maximum number of successive packet losses shrinks to 1 with transition

probability matrix
0.6 04
I, =
0.8 0.2
then p(H)=0.4900<1. Hence, we can conclude that the Kalman filtering is peak covariance stable

as well.

4.2. Case II: a third-order system

Consider the following third-order system:

0 01 1.2
A=| 0 05 0], C=[100]
1.3 01 O
Copyright © 2008 John Wiley & Sons, Ltd. Int. J. Robust Nonlinear Control 2009; 19:1770-1786
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Figure 3. Case II (C=[1 O 0]): y, and || P| vs time steps.

with O =13, R=1. The eigenvalues of A are 1.2490, —1.2490, 0.5000, and the observability index
I, is 3. Suppose the maximum consecutive packet losses here is 5 and

r0.5 0.1 0.1 0.1 0.1 0.17
01 04 0 03 0 02
0.1 03 0.1 03 0 02
01 04 0 03 0 02
01 03 0 03 0.1 02
0.1 04 0 03 0 02]

After obtaining d\" =1.4522,d{" =0.0933 from Lemma 3, we have p(H)=5.7932>1 by
Theorem 2 again, and Figure 3 shows that a sample path of || P;|| can reach a relatively high level
even before 100 time steps. Note that the rapid drop of || P;|| around the 50th time step is mainly
due to the double successive packet receipts.

Furthermore, if we set the matrix C = I3 with I, =1, then according to Theorem 1, no additional
condition is needed for the peak covariance stability. Figure 4 gives a sample path of y, and || F; ||
with the same IT.

5. CONCLUSIONS

The main contributions of this paper include: (1) a less conservative approach to the upper-bound
estimation of Riccati-recursion solution; (2) some sufficient stability condition for time-varying
Kalman filter with finite consecutive packet losses driven by a Markov chain. Two numerical
examples were presented to illustrate the usefulness of the derived results. It is worth noting that

Copyright © 2008 John Wiley & Sons, Ltd. Int. J. Robust Nonlinear Control 2009; 19:1770-1786
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Figure 4. Case I (C=13): y, and || P;|| vs time steps.

the sufficient condition may still be conservative and better stability conditions could be a future
research topic. Conditions for covariance stability in a usual sense and the relationship between the
peak covariance stability and usual covariance stability deserve future studies. The corresponding
control problem for networked systems with possible packet losses is another interesting topic
worth of investigation.
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