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Remote state estimation based on sensor networks

XIAO Li, SUN Zhi-gang, HU Xiao-ya, CHEN Mian-yun
(Key Laboratory of Ministry of Education for Image Processing and Intelligent Control, Department of Control Science and Engineering,

Huazhong University of Science and Technology, Wuhan Hubei430074, China)

Abstract: A switched Kalman filter is proposed to realize the remote state-estimation in sensor networks. The stochas-

tic properties of the estimation error are studied; and the covariance of the estimation error is proved to have bounds.

Convergence conditions of the bounds are given in terms of linear matrix inequalities. The effects of packet-dropping are

considered; and the critical arrival probability is used asthe stability criterion of the estimator. The bounds of the critical

arrival probability are obtained by using linear matrix inequality approach. The results are tested by numerical simulations.
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2 ���§§§���OOOììì(Remote estimator)
�5XÚ�lÑG��§�

x(k + 1) = Ax(k) + Bw(k), (1)

Ù¥: x(k) ∈ R
n´XÚG�, w(k)´XÚD(. Ð

©G�x0Úw(k)´"þ�pdxD(, ����Q

ÚP0.Daì�ä¥N�Daì�ÿþ�§�

yi(k) = Cix(k) + vi(k), i = 1, · · · , N. (2)

Daìi�ÿþD(vi(k)´"þ�, ����Ri�

pdxD(. 3æ����ÅÀJDaìux

ÿþêâ[1], DaìÀJS�{sk | sk ∈[1,N ]}÷v
Pr(sk = i) = qi, �

N
∑

i=1

qi = 1. 3k��, eÀJD

aìiÿþXÚÑÑ, ^���ÅCþγi,kL«ÿþ

êâ´Ä��(�Â, ¿�b�γi,k´��©Ù�

BernouliL§,©ÙVÇ�Pr(γi,k = 1|sk = i) = λi.

ÂvFÏ: 2007−09−12,Â?UvFÏ: 2009−01−14.
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æ^�CKalmanÈÅì�OXÚG�, k���

OØ�����Pk|k−1{P�Pk. Pk+1|k,iL«k�

�ÀJDaìi�ÿþêâ, �Ok + 1��G��,

�OØ�����,{P�Pk+1,i. d©z[3]�(Ø

��

Pk+1,i =

APkA
T + BQBT − γi,kAPkC

T
i (CiPkC

T
i +

Ri)
−1CiPkA

T. (3)

dª(3)��: k+1���OØ�����´dDa

ìÿþØ�Ri,DaìÀJS�{sk}ÚDaìêâ
����S�{γi,k}(i = 1, · · · , N)(½��ÅC

þ. P̄kP��ÅCþPk�Ï",Kk

P̄k = E[Pk] =
N
∑

i=1

qiE[Pk,i]. (4)

Daìi�ÿþêâ���Oì�VÇ�λi ,½

ÂÙ?���êikJ�§�

gi(X)= AXAT+BQBT−λiAXCT
i (CiXCT

i +

Ri)
−1CiXAT. (5)

±e½n©O�Ñ
P̄k�þ>.Úe>..

½½½nnn 1 (þ>.) �Oì��OØ�����

Ð©��P0.�OØ�����Ï"�þ>.�

P̄k+1 = AP̄kA
T+BQBT−

N
∑

i=1

qiλi[AP̄kC
T
i (Ri+

CiP̄kC
T
i )−1CiP̄kA

T], (6)

XJ�3Ý
K1, K2, · · ·, KNÚ�½Ý
P̄¦�

P̄ >
N
∑

i=1

qi[(1 − λi)(AXAT + BQBT) +

λi(FiXFT
i + Vi)], (7)

Ù¥Fi = A + KiCi, Vi = KiRiK
T
i +BQBT. K

ª(6)é¤kÐ©Ø�P0 >0Âñ,Ù4�´±e�

§�����½):

X = AXAT + BQBT −
N
∑

i=1

qiλiA[XCT
i (Ri +

CiXCT
i )−1CiX]AT. (8)

yyy 1)duéDaì�ÀJ´Õá�, dª(3)

(4)��

P̄k+1 =
N
∑

i=1

qi{λiE[fCi
(Pk)] +

(1 − λi)E[floss(Pk)]},

Ù¥:

fCi
(Pk)=APkA

T+BQBT−APkC
T
i (CiPkC

T
i +

Ri)
−1CiPkA

T,

floss(Pk) = APkA
T + BQBT.

�âJensen’sØ�ª[8]��

P̄k+1 6
N
∑

i=1

qi{λifCi
(E[Pk]) +

(1 − λi)floss(E[Pk])},

òª(4)�\þª,�n���ª(6)́ �OØ���

��þ>..

2) éz�Daì½Âö�¼ê

φi(Ki,X) = (1 − λi)(AXAT + BQBT) +

λi(FiXFT
i + Vi), i = 1, · · · , N,

Ù¥: Fi = A + KiCi, Vi = KiRiK
T
i + BQBT. ö

�¼êÚ?��ikJ�§�Ï"�

ḡ(X) =
N
∑

i=1

qigi(X),

φ̄(K1, · · · ,KN ,X) =
N
∑

i=1

qiφi(Ki,X).

|^þã�§, ò©z[3]¥½n1�y²L§í2

�æ^õDaì��/,�±y²,e÷vª(7)¥�

^�,Kª(8)¤á. y..

½½½nnn 2 (e>.) ½ÂĀ =

√

1 −
N
∑

i=1

qiλiA,Ý


S�{Sk |S0 = 0, Sk = ĀSk−1Ā
T + BQBT}÷

vSk 6 P̄k. e(Ā, Ci)´­½�, (Ā,BQ
1
2 )´��

�,�k → ∞�,�3��Ý
S̄ ,¦�P̄ > S̄.
yyy d±þ½Â��P̄0=P0 > S0 = 0.

b�P̄k > Sk¤á,�â©z[3]¥Ún1��

P̄k+1 >

N
∑

i=1

qi[(1−λi)(AP̄kA
T+BQBT)+λiBQBT]=

N
∑

i=1

qi(1 − λi)AS̄kA
T + BQBT = Sk+1,

Ïdéu¤kk >0, P̄k >Sk. e(Ā, Ci)­½,�k→
∞�, S�SkÂñ, Ù4�S̄´Lyapunov�§X =

ĀXĀT +BQBT�),�(Ā,BQ
1
2 )���Lyapunov

�§�3���½). y..

3 ���...������VVVÇÇÇ(Critical arrival probability)
�XÚØ­½�,ÿþêâ�¿�¬¦�OØ�

ªuÃ¡�[3], ¿��3�.��VÇλc ∈ [0, 1),

�0 < λ 6 λc�P0 > 0�, E[Pk]k→∞ = +∞; λ >

λc�P0 > 0�, é?¿k > 0, �3dP0(½�Ý


M0,¦�E[Pk] 6 M0. éuÄuDaì�ä��

§�Oì,e�Daìêâ��VÇþ�λ,Kk

½½½nnn 3 �.��VÇλc�>.λ 6 λc 6 λ̄�

1) λ = arg infλ[∃S|S =(1−λ)ASAT +BQBT]

= 1− 1

α2
,Ù¥α = maxi |σi| , σi´Ý
A�A��.
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2) λ̄ = arg inf
λ

[∃X |X > ḡ(X)] .

yyy 1)-λi = λ(i = 1, · · ·, N), d½n2��,
�¦S�S = (1−λ)ASAT+BQBTÂñ, (Ā, Ci)7

L­½, =max
i

|σi(Ā)| < 1. -α = max
i

|σi|, �

�λ > 1 − 1

α2
.

2) ��d½n1�(Ø�±��.
y..

½½½nnn 4 e(A,BQ
1
2 )��, (A,Ci)�uÿ, �

Daì�ÀJVÇ÷v
N
∑

i=1

qi = 1.K±e`{�d:

1) ∃K1,K2, · · ·,KN ,X÷v½n1.
2) ∃K1,K2, · · · ,KN ,X¦�X > φ̄(K1, · · · ,

KN ,X)

3) ∃Z1, Z2, · · ·, ZNÚ0 < Y 6 I,¦�Ξλ(Y,Z1,

· · ·, ZN) >0.Ù¥:

Ξλ(Y,Z1, · · · , ZN ) =














Y ∆(Y,Z1) · · ·∆(Y,ZN) Π(Y )

∆(Y,Z1)
T Y 0 0 0

... 0
. . . 0 0

∆(Y,ZN)T 0 0 Y 0

Π(Y ) 0 0 0 Y















,

(9)

∆(Y,Zi) =
√

λqi(Y A + ZiCi),

Y = X−1, Zi = X−1Ki.

yyy 1)⇔2).d½n19Ùy²L§��.
2)⇔3).�âφ̄(·)�½Â,e^�2)¤á,�du

X > (1 − λ)AXAT + BQBT + λKiRKT
i +

λ
N
∑

i=1

qi(A + KiCi)X(A + KiCi)
T.

-Fi = A + KiCi,duBQBT + λKiRKT
i > 0,�

âþª�±í�

X − (1 − λ)AXAT − λ
N
∑

i=1

qiFiXFT
i > 0,

üg|^SchurÖ��[9]















X
√

λq1F1 · · ·
√

λqNFN

√
1−λA√

λq1F
T

1
X−1 · · · 0 0

...
...

. . .
...

...√
λqNFT

N
0 · · · X−1 0√

1−λAT 0 · · · 0 X−1















>0,

é±þÝ
Ø�ª©O�¦Úm¦Ý
diag{X−1

0 · · · 0},¿-Y =X−1, Zi =X−1Ki,duΞλ(αY,

αZ1, · · · , αZN ) = αΞλ(Y,Z1, · · · , ZN), ��Y 6

I���ª(9). y..

íííØØØ 1 �.��VÇ�þ>.λ̄�±ÏL¦

)±e`z¯K��

λ̄ = arg min
λ

Ξλ(Y,Z1, · · · , ZN )>0, 0<Y 6I.

|^½n4ÚíØ1�±©O¦)�.��VÇ

�þ>.λ̄Úe>.λ.

4 ���ýýý(((JJJ(Simulation results)
X–Y²¡¥!�$Ä�8Iæ^~�Ý�

.(constant-velocity model)£ã[1,10]. XÚ�G��

þ�x = [px, vx, py, vy]
T,Ù¥pxÚpyL«ü���

þ� �, vxÚvyL«�Ý.XÚÝ
�

A = diag{Av Av}, B = diag{Bv Bv},

Ù¥:

Av =

[

1 h

0 1

]

, Bv =

[

h2/2

h

]

,

h´æ�Ú�,�h = 0.2 s�XÚD(�����

Q =

[

1 0.25

0.25 1

]

,

æ^ü�DaìÿþXÚÑÑ, ÿþÝ
ÚÿþD

(����©O�

C1 = C2 =

[

1 0 0 0

0 0 1 0

]

,

R1 =

[

2.4 0

0 0.4

]

, R2 =

[

0.7 0

0 1.4

]

.

ã1´�λ1 = 1, λ2 = 1Úλ1 = 0.9, λ2 = 0.8�

�OØ�����þ>.. æ^Ý
�,5£ãÝ


���. �±w��Xÿþêâ¿�, G��OØ

�C�.ã1¥ü�þ>.Ñ�3���, éA�V

Ç¡��`DaìÀJVÇ. æ^FÝ|¢�{¦

�þ>.1��`VÇ´0.37,þ>.2��`VÇ

�0.45.

ã 1 ÿþêâ¿�éØ�>.�K�

Fig. 1 Effects of measurements dropping to error bounds

ã2´3vkÿþêâ¿��,æ^ØÓDaì

ÀJVÇ����OØ�. �±w�¦^�`ÀJ

VÇ55yDaì�ÀJS�, �Oì�5U´�

`�.
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ã 2 ØÓDaìÀJVÇ�Ø�>.

Fig. 2 Error bounds of different sensor

selection probability

e~`²�Oì�­½5��.��VÇ�'

X.XÚäkØ­½��,ÙXÚÝ
�

A =







1.25 1 0

0 0.9 7

0 0 0.6






, B = [1 1 1]T.

XÚD(�����Q = 20 × I3. ^ü�Daì

ÿþXÚÑÑ, C1 = C2 = [1 0 2],ÿþD(���

�©O�R1 = 2.5ÚR2 = 3. b�ÿþêâ���

Oì�VÇ�Ó.d½n3���.��VÇ�e>

.λ = 0.36. �.��VÇ�þ>.λ̄�±ÏL¦

)íØ1�`z¯K��. ã3´�OØ��þe>

.�êâ��VÇ'Xã, �±w��ÿþêâ�

��VÇ�C�.��VÇ�, �OØ�òªuÃ

¡. ù�©z[3]¥æ^üDì����.VÇ´�

��,=æ^õDaì5y,¿Ø¬UC�.��V

Ç.

ã 3 �.��VÇ�Ø�>.

Fig. 3 Critical arrival probability and error bounds

5 (((ØØØ(Conclusions)
�©ïÄ
Daì�ä^�e��§G��O.

��±e(Ø,êâ�¿�¬¦�OØ�C�,ù�

��âDaì�ÿþD(!ÿþêâ����Ç(

½DaìÀJVÇ; XJØ­½XÚ´��Ú�u

ÿ�,¿��Daìÿþêâ���VÇ�Ó,K�

3�.��VÇ,Daìÿþêâ��VÇ�u�

.��VÇ�,�Oì��OØ�Âñ,ÄK�OØ

�òuÑ.�.���VÇ�>.�±ÏLÝ
Ø

�ª�{¦).
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