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Abstract— Jump linear systems are linear state-space parameted[k] is a discrete-time Markov chain with a
systems with random time variations driven by a finite finite number of possible stategfk] € {0,..., M — 1}.
Markov chain. These models are widely used in nonlinear All signals, z[k], w[k], y[k] and z[k] may be vector-

control, and more recently, in the study of communication lued dth tri B tri f
over lossy channels. This paper considers a general jump Valu€d, and the matricesyy, By, - - ., are matrices o

linear estimation problem of estimating an unknown signal the appropriate dimensions. Thus, a jump linear system is
from an observed signal, where both signals are described a standard linear state-space system, where each system
as outputs of a jump linear system. A bound on the matrix can, at any time, take on one @f possible
minimum achievable estimation error in terms of linear values. The system is called a “jump” linear system,

matrix inequalities (LMIs) is presented, along with a simpe . . -
jump linear estimator that achieves this bound. While since changes in the Markov statg] result in discrete

previous analysis has considered only the strictly causal changes, or jumps, in the system dynamics.
estimation problem, this work presents both strictly causa The basic estimation problem for the system (1) is

and causal solutions. to estimate the unknown signa(k] from the observed
Keywords: Jump linear systems, state estimation, Kalmasignaly[k]. In this work, we assume that the estimator
filtering. knows the Markov staté[k]. The estimation problem for

the case wher#[k] is unknown is a complex, nonlinear
estimation problem and considered elsewhere [6], [8],
A jump linear systemis a time-varying linear state- [15].
space system driven by a discrete Markov chain. SinceUnder the assumption that{k] is known, the esti-
their initial study in the 1960s, jump linear systems haudator essentially sees a linear system with known time
found successful applications in a number of fields insariations. Consequently, the optimal estimate £ok]
cluding fault detection in manufacturing, target trackingcan be estimated from a standard Kalman filter [3].
guidance, finance and aerospace. See, for example, [2hder suitable assumptions, the Kalman filter provides
[4], [5], [14], [22]. More recently, we have shown thatthe MMSE estimates for the statgk] and outputz[k],
jump linear systems can also be used to analyze the effaing with corresponding estimation error variances.

I. INTRODUCTION

of losses in predictive quantization [18], [17]. However, there are two problems with the Kalman filter
This works considers a general estimation problem fgolution. First, the Kalman filter provides the estimation
a discrete-time jump linear system of the form error variance sequence for given realization of the

Markov sequencéd|k]. However, in many applications,
zlk+1] = Agp[k] + Bopwlk], v sequence|f] Y appicatc
what is relevant is not the performance of the estimator
[£] Coolk] + Do o wlk], or a particular realization of the Markov sequence,
Y ’ ' but rather theaverageperformance, averaged over all
wherew(k] is unit-variance, zero-mean white noisgk] possible realizations of the Markov chaifk]. Secondly,
is an internal statez[k] is an output signal to be esti-the optimal Kalman filter update involves a nonlinear
mated, andy[k] is an observed signal. The time-varyingRiccati matrix update. In certain real-time applications,



this update may be too computationally difficult. [1. JUMP LINEAR ESTIMATION

Following the approach of Costa in [9], we thuéA' Kalman Estimation
consider a suboptimal jump linear estimator that is similar Before presenting the jump linear analysis, it is useful
in form to the optimal Kalman estimator; the time-varyingo review the Kalman filtering approach to the estimation
Kalman gain matrix is replaced by a gain matrix that takggroblem. The Kalman filter equations are reviewed in a
on one of M possible values, depending on the curreftumber of standard texts such as [3]. For the jump linear
value of the Markov staté[k]. Our main result shows that System (1), define the estimates
E)he_se_lecnor_l of the gain matrices fo_r this estimator can be | ] = E (k] | y0:],000: k), @
ptimized via a convex programming method based on
Linear Matrix Inequalities (LMI) [7]. The optimization [k1j] = E(z[k|[y[0:7,00:k]),  (3)

can be used as a bound on the minimum achievalfi-h are the MMSE estimates of the statét] and
estimation error from Kalman filtering. Alternatively, theoutputz[k] given the observed outpuf[/] up to time

proposed jump linear estimator is significantly simpler tp _ j and the Markov statd[(] up to time ¢ = k.

implement than the optimal Kalman estimator, and tr\ﬁ,e use the MTLAB-inspired notationy[0 : j] to mean
optimization can be used as a method to maximize ttﬂ;?e sequencey[0], y[1],. .., y[j]. Also, let P[k | j] be

performance of this simplified estimator. the corresponding state estimation error variance, and let
%[k | j] be the mean-squared output estimation error,

= E(eg[kles[k]" | 0[0:K]),  (4)

E (|le-[k]|* | [0 : k), )

>

N>

The LMI approach to the analysis of jump lineaf
systems via LMIs is not new. LMIs were introduced Pk | j]
into the study of jump linear systems by Ait Rami and o[k | j]
El Ghaoui in [1], which provided an LMI solution for
the coupled nonlinear algebraic Riccati equations earligheree, [k] = z[k] — 2[k | j] ande.[k] = z[k] — 2[k | j].
derived by Costa in [9]. Ait Rami and El Ghaoui's LMI  |n this paper, we will be interested in two special cases:
considered both the state estimation considered here, a§ gyrictly causal output estimatiore[k | k — 1], and
well as a related dual problem of state feedback control., ¢4ysal output estimatiorg[k | &].

Later, Costa, do Val and Geromel [10] provided a mor({:

e strictly causal estimate is also called the one-step
ead predictor, since it is estimates the outpii],
given the observed datg/] up to time¢ = k — 1. The
causal estimator estimates the outp{it] using all the

However, the LMI of [10] considered only the statedatay[(] up to time’ = k. _ _

feedback control problem. A recent work of ours in [16] Now. since the Markov chaif[k] is known to the
developed an analogous result for state estimation. Thelimator, the estimator essentially sees a linear system
result was proven along similar lines as [10], beginningith known time variations. Thus, for any particular
with the Lyapunov analysis in [11]. A similar approacﬁeallzatlone[k], we can apply the Kalman filter equations
has been used by De Souza and Fragoso [13] wfﬂf. the correspondn_wg time-varying linear system. If thg
consider the continuous-tim&.. estimation problem. Noisew(k] is Gaussian, zero mean and white with unit
The jump linear LMI in [16] was developed in thevariance, then the Kalma_n estimator .equat|ons for Fhe
study of estimation from intermittent data. The result igYStem (1) reduce to the simple recursive form: denoting

significantly more general than the LMI analyses in [19]9,[k] by 7,

general LMI that could be more easily extended to relate
problems inH,, control, parametric uncertainties, an
game theoretic interpretations.

[20], [21] that are restricted to i.i.d. losses with varwais Ek+1k] = Aidlklk — 1]+ Li[Kle,[k],
only in the output equation. slklk—1] = Cazlklk —1], ®)
The estimation LMI in [16] and other related works, Z(Ekm B j[i]i]x[kg _j[l]lfr Lafkley[k],
Yy - — L2 .

however, consider only thetrictly causal estimation
problem. That is, at each tinvg it is assumed that the Here, L;[k] and Ly[k] are time-varying Kalman gain
estimate forz[k] depends only on the datgj] up to time matrices. The Kalman filter also provides a recursive
j =k — 1. Consequently, there is a one step lag betweeguation for the estimation error variances (4) and (5).
the observed and predicted value. The main contribution ] o

of the current paper is to provide an LMI for tioausal B- Jump Linear Estimation

estimation problem, where the estimator has access to thé&Jnfortunately, the steady-state performance of the
data,y[j], up to timej = k. For completeness, and toKalman estimator (6) is difficult to analyze. The chief
facilitate comparison, both the strictly causal and causdifficulty is that the Riccati equation update fBfk|k—1]
estimation LMIs will be presented. is a complex nonlinear recursion. As discussed in the



introduction, we thus consider a simpler, suboptimalenote the set of gain matrices for the estimators. For the
estimator. For the strictly causal estimation, we considstrictly causal estimator (7), define the asymptotic error

an estimator of the form: denotirdjk] by 4, variance
k+1] = Ai[k] + La(y[k] — Cia2[K]) 2 o a2
k] = Cnilk], (7) o°(L1) = ;}LIEOE”Z[k] (k]I (10)

defined for a set of matricedi1, i = 0,...,M — 1. \yhere the dependence dn is through the estimatelk].

We call the estimator (7) atrictly causal jump linear The | M| analysis will attempt to find the set of matrices
estimator The estimator is itself a jump linear Systemy . that minimizes this asymptotic error:

driven by the Markov chai[k]. The jump linear esti-
mator is identical to the Kalman filter (6), except that the
gain matrix L, [k] is replaced by the\/ fixed matrices

L;;. Consequently, the gain matrix for the jump linear

estimator is restricted to depend on only the currel:‘-Palt is, we regard th_e matricek, as a set of de3|.gn.
value of 9[k]. In contrast, the optimal gain matrik, [k] parameters for the estimator (7), and attempt to optimize

in (6) is a result of the Riccati equation recursion ant e estimator performance. The use of the limit in (10)

consequently depends on all the valueg[gf from times IS to_ e.I|m|nate the effect of |n|j[|al conditions. :

j=0tok. Similarly, fc_)r the caus_al estimator, (8), we can define
The estimator in (7) is strictly causal in that théh€ asymptotic error variance

estimatez[k] depends on the samplegj] from j = 0 ) ) S

to k — 1. For the causal estimator, we consider a jump o (L1, L2) = lim E|[z[k] — 2[K][", 12)

linear causal estimator of the form: denotifig| by i,

min o?(Ly). (11)

where, again, the dependence bn and L is through

x[k‘f 1] = Aixlk] + L (y[k] = Ci?xlk]) (8) the estimatez[k] in (8). As in the strictly causal case,
k] = Calk + Lia(y[k] — Ci22[R)), we seek to find gain matrices,; and L, to minimize
The estimator is defined for a set M gain matrices, o2(L1, L2):
L;y andL;, fori =0,...,M — 1. Again, the estimator .9
2[k] in (8) is identical to the estimatdk|k] in (6), except D (L, La). (13)
that the time-varying gain matrices; [k] and Lo [k] are
replaced by the2)M fixed gain matricesL;; and L,,, ~ We can regard the optimization (11) in one of two
i=0,...,M—1. ways. On the one hand, we can regard the optimization
as a design method to maximize the performance of the
[1l. LMI O PTIMIZATION estimator (7). The resulting estimator is useful in its
A. Asymptotic Estimation Error own right. Although the estimator (7) is not optimal,

it is significantly simpler to implement than the optimal
Kalman filter (6). In each iteration of the Kalman filter,
one must perform the Riccati recursion to update the state
Assumption 1:The random sequencgk] is a station- variance and computg;; [k]. In the simplified estimator
ary Markov chain, with transition probabilities, (7), the gain matrice&;; can be pre-computed and do not
, ) require any real-time computations. If gain matrides
pij =Pr Ok +1] =7 | 6[k] = i). can be found with suitable performance, one can realize

We assume that the Markov chain is aperiodic and irréignificant computational savings. Similarly, minimizing
ducible so that there is a unique stationary distribution?” (L1, L2) optimizes a simplified causal estimator (8).

Alternatively, we can use the minimization (11) as

g = Pr (0[k] = 1), an analytic tool. Specifically, since the Kalman filter is

optimal, the performance of any estimator of the form
(7) provides arupper boundn the Kalman filter perfor-

mance. Performing the minimization (11) minimizes that

g = Z pij¢i, Jj=0,...,M—1. upper bound.

i=0 . . . .. . .
Both the Strfcﬂy causal estimator (7) and causal esti- In either interpretation of the optimization, we will

mator (8) can be analyzed relatively easily using LMdestrict our attention to mean-square (MS) stabilizingigai
Let matrices as defined in Definition 2 in the Appendix.

Li = (Loa,---sLa-11), 9 The restriction guarantees that the state estimate error is
Ly = (Log2,---sLa—1,2), ©) bounded—a mild assumption.

In order to apply the jump linear analysis, we mak
the following assumption on the Markov chaifk].

satisfying the equations

M—-1



B. Strictly Causal Optimization where the first minimization is over MS stabilizing

With the above definitions, we can now present an LMJ&in matricesZ;, and the second minimization is over
solution to the jump linear estimation problem. We begifatrices W; satisfying (14) and (15). For a fixed set

(21) and constraint (15) are linear in the variabl&s.

Theorem 1:Consider the jump linear system in (1)consequently, the optimization can be solved as an LMI,

driven by a Markov chaird[k] satisfying Assumption 1. s providing a simple way to optimize the jump linear
Supposewlk] is zero-mean, white noise with unit vari-ggtimator.

ance independent dfk]. Given a set of gain matrices,

Ly in (9), let Z[k] be the estimator output in (7), andc. Causal Estimation Optimization

let 02(L,) be asymptotic mean-squared output estimation . . N
(L) ymp q P We next consider the causal estimator optimization

error (10). 13
(@) Suppose thaf’;; is injective for allZ, and suppose (13).
that there exist matrice®;, i = 0,...,M — 1, Theorem 2:Consider the jump linear system in (1)
partitioned as driven by a Markov chai[k] satisfying Assumption 1.
W W Supposew[k] is zero-mean, white noise with unit vari-
Wi = [ Z/ WZ_ ] ) (14) ance independent of[k]. Given sets of gain matrices
o 2 ’ (L1, L) as in (9), letz[k] be the estimator output in (8),
satisfying and leto?(L1, Ly) be asymptotic mean-squared output
Wi > [A] CLIWI[A] CLl' + G}, Ca, 15 estimation error (12).
W, > 0 (15) (a) Suppose thdC}, C.,] is onto for all, and suppose

that there exist matriced’; andV;, 1 =0,..., M —

whereW; is defined by 1. partitioned as

W;= ! N (16) Wi W; I Vi
Wi Wi W; = Vi =
| W Wa | Vh Vel
an M- fisvi (22)
Wi = Z pijWi1. 17) saustying
=0 Wi > [A] CLIW,[A] )
Then, Wi, > 0 for all . Also, if we define _ +HCLCLIVIl Ci ol (9g
——1 Wz 2 07
Ly = =W, Wig, (18) VvV, > 0,

the set of matriced.; is MS stabilizing and the

asymptotic mean-squared error is bounded by whereW; is defined in (16). Thenl¥;; > 0 for all

1. Also, if we define
M-—1

o?(L) < Z ¢;Tr (EJW,E; + DjyD;1), (19) Ly = —W;IWQ, Lip = —Via, (24)
i=0

the set of matrice$L,, Lo) is MS stabilizing and

hereE; = [B. D.,]'. ; .
W [B; Dia] the asymptotic mean-squared error is bounded by

(b) Conversely, for any set of MS stabilizing gain ma-

trices L1, there must existV; satisfying (14) and M—1

(15) with 0®(L1,L2) < Y ¢ Te(E{W,E; + F{V;F,), (25)
M—-1 =0
> aTr (EWiE + DyDu) <o*(L1). (200 whereE; = [B] Dly) andF; = [D)y D).
1=0

(b) Conversely, for any set of MS stabilizing gain ma-
For space considerations, we will omit the proof of trices (L, Ly), there must exist matricd§’; andV;
the theorem. The result is proven along lines similar to  satisfying (23) and

Theorem 2, whose proof is presented.
Combining parts (a) and (b) of Theorem 1, we see that

M—-1
) A7 0. AVa nl 2
the minimum asymptotic estimation error is given by Z i Te(E;W B + FV;F;) < 0%(L1, L2). (26)
1=0

M—1 .. . . . .
mino?(L;) = min Z ¢/Tr (E!W,E; + D)y Diy) The LMI optimization in Theo_re_m 2 is similar to
Ly Wi = Theorem 1, except that the optimization has a set of

(21) variables,V;, in addition to the variable®V’;.



Proof of Theorem 2: For any estimator of the form (7),is MS stabilizing. Moreover, using similar calculations,
we define the error signals, one can show that the asymptotic mean-squared error is

bounded b
colk] = zk] — 2[K], e.[k] = 2[k] — 2[K]. ounded by
. . 2 < " O.Br: " Dy
Then, subtracting (1) and (8), we obtain the closed-loop (L1, Lz) < Tr (B“_QZBLZ + DiDii)
system < Tr (EW,E; + FV;F;) ,
exlk+1] = Apieu[k] + Braw[k], which proves part (a).
. . ‘ Conversely, consider any stabilizing matricks and
ezlk] = Criealk] + Drswlk], L;>. Then, the closed-loop matrid; — L;;C;> must be
with the closed-loop matrices MS stable. Consequently, by Proposition 1, there exists a
A = A —LoC Q; > 0 satisfying the Lyapunov equation for the closed-
Lo = AT iz, loop system
Bri = B;— LD, A DA e
Cri = Cia— Li2Cia, @i = ALi@idri + CL,CLi,
Dpi = Di — LigD;o. with
Also, the asymptotic mean-squared error is 0*(Li1, Liz) = Tr (BL;,Q;Bri + D7,;DL;) -

0?(Ly,Ly) = Jim E|z[k] - 2K]|1? = Jim E|le.[k]||?. If we defineW; andV; as in (22) with

Now, suppose there exists a matfi; andV; as in part Wi = Qi Wiz =-QiLa, Wiz = L1 QiLa,
(a) of the theorem. We will first prove that’;; > 0. Vie = —Lj2, Vis = LiyLjs,

Observe that ) . _
then it can be verified that’; > 0 and V; > 0. Also,

[Ci, CLI'V;[Ciy Cl) using similar calculations as before, one can show that
= CLCi + ClLViaCho + ClLVLCit + ClyVisCio W, andV; satisfy (23), which proves part (b). O
= (Ci1 + Vi2Ci2)'(Cir + VizCi2) APPENDIX: JUMP LINEAR STABILITY AND LYAPUNOV
+ Cly(Vis — Vi4Via)Cia ANALYSIS
> (Ci1 + ViaCi2)'(Cit + ViaCia), We review some standard properties and definitions

for Jump linear systems from [11]. The material is also
Egvered in [9] and the book [12]. Consider a jump linear
system of the form

/ /o x[k + 1] = Ae[k]f[k] + Bg[k]w[k],
Cia + ViaCip = [I Via][Cyy Chyl" z[k] = Cypz[k] + Doprwlk],

on the matrixV > 0 to show thatV;s > V,,V;s. Also,
note that

(27)

Now, by the assumption of the theorefiyi, Cll"is \yhere g[k] is some Markov chain satisfying Assump-
injective, as is the matriX/ Vi]. Since the product of tjon 1 The following definition is a stochastic version of
injective matrices is injective(/;; + V;2Ciz is injeCtive,  yhe standard notion of internal stability for LTI systems.
and therefore(Ciy + ViaCiz)'(Cia + VizCiz) > 0. It Definition 1: Consider the jump linear system in (27)
follows from (27) that driven by a Markov chairf[k]. We will say the system

(€, CLIVi[Cl CL] > 0. is mer;m square (MS) stabié for any initial condition,
z[0], 8]0]),
Combining this with the fact thatl’; > 0, (23) shows (=10}, 610) lim E[z[k]|? =
that W;; > 0. Consequently}¥;; is invertible and we k—oo
can defineL;; andL;; as in (24). whenevernw|k] = 0. The expectation here is with respect
Then, if we let@Q; = W;; and defineL;; and L;> as to the realizations of the Markov chadiik]. We will say
in (24), it can be verified that that a set of matriced;, i = 0,..., M —1, areMS stable

;= / with respect to the Markov chaitjk] if the corresponding
@i = ALiQiALi + CLiCLs, jump linear system (27) is Msﬁst]able.

SO (Q; satisfies the Lyapunov equation for the closed- It is well-known that stability of an LTI state-space
loop system. Also,Cr; = C;1 — Li2oCis = C;; + system is equivalent to the existence of a solution to a
Vi2Ci2, which is injective. ConsequentlyAy;,Cr;) is certain Lyapunov equation. The Lyapunov equation can
detectable. Therefore, by Proposition 1(b) (in the Apalso be used to compute the steady-state output variance.
pendix),Ar; = A; — L;1C;2 must be MS stable, anfl;; A well-known result due to Costa and Fragosa in [11]



shows that a similar Lyapunov analysis can be performed

for jump linear systems. To state the result, let
z[k] = Ez[k],

where the expectation is over both the naigé] andthe

discrete state sequenég]. Let o2[k] denote the output

variance,
o?[k] = E||z[k] — 2[k]||*. (28)

The following is proven in [11].

Proposition 1: Consider the jump linear system in (27)

REFERENCES

[1] M. Ait Rami and L. El Ghaoui. LMI optimization for nonstdard
Riccati equations arising in stochastic controllEEE Trans.
Automat. Contrql41(11):1666-1671, November 1996.

[2] R. Akella and P. R. Kumar. Optimal control of productioate
in a failure prone manufacturing systenEEE Trans. Automat.
Control, 31(2):116-126, February 1986.

[3] A. V. Balakrishnan. Kalman Filtering Theory Springer, New
York, February 1984.

[4] Y. Bar-Shalom. Tracking methods in a multitarget enmimgent.
IEEE Trans. Automat. Contrp/AC-23(4):618-626, August 1978.

[5] W. P. Blair and D. D. Sworder. Continuous time regulatioh
a class of econometric model$EEE Trans. on Syst. Man and
Cybernetics SMC-5:341-346, 1975.

driven by a Markov ChaiW[k] Satisfying Assumption 1. [6] H. A.P.Blom and Y. Bar-Shalom. The interacting multipfedel

Suppose that the input[%] is a zero-mean, white random

process with unit variance. Then:

(a) If the system is MS stable, there exist matri€gs>
0,7=0,...,M —1 satisfying

Qi = AjQ;Ai + C[C,

where

i=0,...,M—1, (29)

M-1
Q=Y piQ
§=0
The asymptotic output variance is given by

M—-1
lim o?[k] = Y ¢Tr (BjQ;Bi + D;D;).
j=0

(30)

k—o0

(b) Conversely, suppos€:C; > 0 for all 4, and there

exist matrices); > 0 satisfying

Qi > AlQ,A; +CIC;, i=0,...,M—1, (31)

[9] O. L. V. Costa.

[10]

[14] J. B. R. do Val and T. Basar.

algorithm for systems with Markovian switching coefficient
IEEE Trans. Automat. ControB3(8):780-783, August 1988.

[7]1 S. P. Boyd, L. El Ghaoui, E. Feron, and V. Balakrishndrn-

ear Matrix Inequalities in System and Control Theor§IAM,
Philadelphia, PA, 1994.

[8] O. L. V. Costa. Linear minimum mean square error estiomati

for discrete-time Markovian jump linear system$EEE Trans.
Automat. Contrgl 39(8):1685—-1689, August 1994.
Discrete-time coupled Riccati equaticios
systems with Markovian switching parameterd. Math. Anal.
Appl, 194:197-216, 1995.

O. L. V. Costa, J. B. R. do Val, and J. C. Geromel. A convex
programming approach t&-control of discrete-time Markovian
jump linear systemsint. J. Contro| 66(4):557-559, April 1997.

[11] O. L. V. Costa and M. D. Fragoso. Stability results fosaete-

time linear systems with Markovian jumping parametelrst. J.
Contr, 66:557-579, 1993.

[12] O. L. V. Costa, M. D. Fragoso, and R. P. MarquBsscrete-Time

Markov Jump Linear SystemdProbability and Its Applications.
Springer, London, 2005.

[13] C. E. de Souza and M. D. Fragosfl filtering for Markovian

jump linear systemsint. J. Sys. Sci.33(11):909-915, November
2002.

Receding horizon control of
jump linear systems and a macroeconomic polidy.Economic
Dynamics and Contrgl23:1099-1131, 1999.

where (), is defined as in (30). Then the system i§l5] A. Doucet, A. Logothetis, and V. Krishnamurthy. ~ Stostia

MS stable and
M—1
lim o®[k] < Y ¢:Tr (B|Q,Bi + D;D;) .
0

k—o0

j=
The equations (29) are a natural generalization of
the Lyapunov equations for LTI systems, with the maipz
difference being that there a®/ such equations, one

[16] A. K. Fletcher, S. Rangan, and V. K Goyal.

sampling algorithms for state estimation of jump Markovehdn
systems.|IEEE Trans. Automat. Contro¥5(1):188-202, January
2000.

Estimationnfro
lossy sensor data: Jump linear modeling and Kalman filtering
Information Proc. in Sensor Netwages 251-258, Berkeley, CA,
April 2004.

A. K. Fletcher, S. Rangan, V. K Goyal, and K. Ramchandran
Optimized filtering and reconstruction in predictive quzation

equation for each discrete state. The equations are called Wi losses. InProc. IEEE Int. Conf. Image Procpages 3245—

coupled since each equation depends on all possibjgg)

values ofQ; through the tern@;.

We conclude with a jump linear version of detectabil-

ity.

driven by a Markov chairf[k]. The matriceq A;, Ci2)

will be calledmean square (MS) detectablgth respect
to 0[k] if there exist matriced.;; such that the set of
matrices A; — L;1iC;5 is MS stable. Any set of gain
matricesL;; resulting inA; — L;1:C;> being MS stable

will be calledMS stabilizing

Agam, this def|n_|t|on of detectability is a na_tural €X122] P. Stoica and I. Yaesh. Jump Markovian-based controliofy
tension of the notion for LTI systems, and will play a

similar role in estimation.

3248, Singapore, October 2004.

A. K. Fletcher, S. Rangan, V. K Goyal, and K. Ramchandran
Robust predictive quantization: A new analysis and op@tign
framework. InProc. IEEE Int. Symp. Inform. Thpage 427,
Chicago, IL, June—July 2004.

[19] X. Liuand A. Goldsmith. Kalman filtering with partial gervation
Definition 2: Consider the jump linear system in (27)

losses. InProc. IEEE Conf. Dec. & Contr.pages 4180-4186,
December 2004.

[20] B. Sinopoli, L. Schenato, M. Franceschetti, K. PoolM, I.

Jordan, and S. S. Sastry. Kalman filtering with intermittent
observations. IfProc. IEEE Conf. Dec. & Contrvolume 1, pages
701-708, Maui, Hawaii, December 2003.

21] B. Sinopoli, L. Schenato, M. Franceschetti, K. PoolM, I.

Jordan, and S. S. Sastry. Kalman filtering with intermittent
observations. IEEE Trans. Automat. Contrpl49(9):1453-1464,
September 2004.

deployment for an uncrewed aircraff. Guidance 25:407-411,
2002.



