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Receding horizon estimation for networked control systems with
random transmission delays
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Abstract: This paper is concerned with the receding horizon estimation problem for discrete -time systems with random
delayed observations. Firstly, the random delay system is reconstructed as an equivalent delay-free one by measurement
reorganization technique. Secondly, a batch form and a recursive form for receding horizon estimation are proposed on the
basis of the new changed system and by minimizing a new cost function that includes two terminal weighting terms. Then
based on the derived condition, the stability of the proposed receding horizon estimation is proved. Finally, a numerical
example is given for illustration.
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1 Introduction

Recently, significant attention has been paid to net-
worked control systems (NCSs) as they bring numer-
ous benefits, such as reduced system wiring, lower
cost in maintenance, increased system agility, ease of
information sharing, etc. Along with the advantages,
several challenging problems, such as bandwidth al-
location, communication delays and packet dropouts,
also emerged giving rise to many important research
topics!'™#. Transmission delay is now well known to
be one of the most often occurred phenomena in NCSs,
which may result in deterioration of system perfor-
mance and even instability. Therefore, it is of great sig-
nificance to study NCSs with transmission delays where
the packet dropout incorporates naturally.

There is no doubt that state estimation is an impor-
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tant topic in both theoretical research and practical ap-
plications. In the past decade, a substantial body of lit-
erature has been devoted to state estimation for systems
with transmission delays. There existed several tech-
niques for dealing with time delay, such as the classical
state augmentation methodP!, the linear matrix inequal-
ity algorithm!®, the polynomial approach!”!, and the re-
organization innovation analysis method®!,

The transmission delay in NCSs may vary with time
and is often modeled as a random process. Two s-
tochastic processes: the Bernoulli process'®'3! and the
Markov process!'*">!, are commonly used to describe
the characteristics of the random delays. In [10], the
recursive estimation for linear and nonlinear systems
with uncertain observations were considered. A binary
switching sequence-the Bernoulli distribution process,
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was used to describe the uncertainty in the observations.
An estimator was obtained by the covariance informa-
tion method. Similar result was also given in [11].
In [14], the state estimation with missing measurements
was considered, where the missing process was mod-
eled as a Markov chain. A jump linear estimator was
introduced to cope with the losses. Further in [12], an
optimal filter problem with random delay and packet
dropouts was studied, where the random received obser-
vations were stored in a possibly infinite-length buffer.
In [13], the optimal and suboptimal linear estimators
were designed for NCSs with random observation de-
lays, where the random delay was modeled as a set of
Bernoulli variables. The measurement reorganization
method was employed for treating delay terms. In ad-
dition, the Markov type transmission delay was consid-
ered in [15] and three different types of filters were de-
signed without state augmentation.

On the other hand, receding horizon estimation, al-
so called moving horizon estimation, has become as
an important research topic and gained much atten-
tion!!~1! in recent years. It explains the concept of
full information estimation and introduces the moving
horizon estimation as a computable approximation of
full information. The basic design method for ensuring
stability of moving horizon estimation was presented
in [16]. Further, the moving horizon estimation algo-
rithm was applied to the field of distributed estimation
in [17-18]. In this paper, we will combine the receding
horizon estimation algorithm and the observation reor-
ganization technique to derive the estimator of the sys-
tems with random time delays, which reduce the calcu-
lation complexity for the design process.

Based on the aforementioned literature, we inves-
tigate the receding horizon estimation for discrete-time
linear system with random observation delays. A set of
Bernoulli variables are introduced to describe the char-
acteristics of the random delay, and the measurement
reorganization technique is employed for dealing with
the delay terms. On the basis of the new system model
without time-delay, both batch form and iterative form
receding horizon estimation are derived afterward with-
out state augmentation, and the stability analysis is sup-
plied.

The contribution of this paper can be stated as: i)
Compared with the Kalman-type estimator developed
in [13], the receding horizon estimator developed in this
paper, since based on a finite number of system mea-
surements, can make more flexibility to tune weight-
ing parameters and provide a higher estimator preci-
sion. The comparison has been shown in Section 4;
ii) The Hadamard product is introduced in the deriva-
tion of the receding horizon estimator gains. This is
the main difference between the receding horizon es-
timation developed in this paper and the Kalman-type

estimator developed in [13]; iii) In the derivation of es-
timator gains, it is difficult to solve a global optimiza-
tion problem. Then the decomposition method is em-
ployed, by which the receding horizon estimation sub-
ject to unbiasedness constraint is divided into N indi-
vidual optimization problems. The independent opti-
mization problem is solved by the optimality principle,
and the individual estimation gains are obtained. This
is one of the technique contribution of this paper.

The remainder of this paper is organized as follows.
Problem description is given in Section 2. Section 3
mainly concerns with the design of the receding hori-
zon estimation and the stability analysis of the proposed
method. In Section 4, a simulation example is presented
to illustrate the estimator’s performance. Finally, con-
clusions are drawn in Section 5.

Notation: Throughout this paper, the superscripts
~Land T represent the inverse and transpose of the ma-
trix. R™ represents the n-dimensional Euclidean space.
Moreover, E{-} means the mathematical expectation,
© is the Hadamard product, col{-} indicates the col-
umn vector, tr{-} means the trace of a matrix and P{-}
represents the occurrence probability of an event.

2 Problem description

Consider the following discrete-time linear system
with random delay:

2(t+ 1) = Aa(t) + Cw(t), 2(0) = 2 (1)
yr(t) =Ha(t —r(t))+ vt — (1)), 2
where z(t) € R" is the state, w(t) € RP? is the input
noise, y,(t) € R” is the measurement and v(t) € R"
is the measurement noise. Through the paper, it is as-
sumed that the constant matrices A, C, H are known,

[C, A] is observable, A is nonsingular, and r(¢) means
the random delay.

Assumption 1  w(t) and v(t) are white noises
with covariance matrices E{w(t)w™(s)} = Qu.0:s,
E{v(t)vT(s)} = R,0;s, respectively. o, w(t), and
v(t) are mutually independent.

Assumption 2  Measurements in (2) are time-
stamped. As is well known, time-stamping of mea-
surement information is necessary to reorder packets
at the receiver side because there exist random delays
in communication. The random delay r(t) is bound-
ed with 0 < r(t) < r, where r is known as the
length of memory buffer. If the received measurement
is with a delay larger than r, it will be viewed as the lost
packet. The probability distribution of () is P(r(t) =

T

i) = pi, 1 =0,--- 7. Obviously,0 < > p; < 1. We
=0
assume that 7(¢) is independent of x¢, w(t), and v(t).

Since formula (2) contains random delays which
can’t be treated directly by the reorganized observation
technique, the original system needs to be transformed
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into a constant delay one first. Based on the above as- ao,s H 0,sv(8)
sumption, denote : :c(s) + : —
(t) = col{yo(t), - ,u:(¢),0,---,0}, 0 <t <y QU sr H Qr 51,0(8)
col{yo(t), -,y ()}, t>r, H,.(s)x(s) + v.(s). )
where Fort —r < s < t, define
Yi(t) = i Ha(t — i) + o 0(t — i), [ yo(s)
i=0,1,---,r 3) Ui_s(s) 2 : =
with ¢; ; defined as a binary random variable indicating | Yt—s (t)
the arrival of the observation packet for state (¢ — i) at [ JH 0,50 (3)
time ¢, that is ’ ’
| | e+ | | =
1, If the observation for the state (¢t — )
. . . Lo |5t H Q—s,10(8)
o= is received with a delay ¢ at time ¢; o
0, otherwise. t=s(5)2(8) + vi-a(s). ©)
@) In addition, the covariance matrices of v,(s) and
—s described as follows:
Then o;.(i = 0,1,---,7) has the same stochastic Vi-s(s) are CSCI’I. ec as Totlows
probability as that of 7(¢). That means P(a;, = 1) = R, = diag{po R, , pr Ry},
pi(i = 0,1,---,r), where p;(i = 0,1,---,r) is R, = diag{poR.,, -, pi_sRy}.
known. In the real-time control systems, the state x(t) :
. For convenience, denote
can only be observed at most one time, and thus the fol-
lowing assumption needs to be made. poH
Assumption 3 The stochastic variable o; (i = E[H,(s)] = : = H,,
0,1,---,r) has the following property orH
Qi X Qg =0, 717 ] poH
Then the optimal filtering problem considered in E[H,_(s)] = : =H; .
this paper can be stated as follows: pi—sH

Problem 1 (Optimal receding horizon estimation)
Given the observation {y(s)|o<s<¢}, find a linear mini-
mum mean square error receding horizon estimator & (¢)
of the state x(t) with the finite horizon NN, such that
By o[2(t)] = Euo[2(t)].

3 Construction of the receding horizon esti-
mation

In this section, the random delayed system is trans-
formed into a delay-free one by the reorganization ob-
servation method used for dealing with the random de-
lay. Then, we will propose a new receding horizon esti-
mator with deterministic gains by minimizing the mean
square estimation error.

3.1 Observation reorganization

Because the state estimation for time-delay systems
cannot be deduced directly, it needs to be transformed
into a delay-free one by the reorganization observation
method.

For the given time ¢, the received observations can
be rearranged into a set of delay-free sequences as fol-
lows.

For 0 < s <t — r, define

Yo(s)

_ A .

y,.(s‘—k T)

3.2 Receding horizon estimator

The problem considered here is how to acquire a
receding horizon estimate & (s|s — 1) of the state vec-
tor x(s) by using a finite number of measurements of
the system output 7(s) with weighted matrix. And two
forms of receding horizon estimation are derived from
the following two theorems.

In order to simplify the calculation, let us define in
Step 1 as

yr(s = N)
Yi(s—1) = : ,
yr(s —1)
H.(s— N)A™N
HI,N(S - 1) £ )
H,(s—1)A"!
HA pol
A= : , b = )
HA™! prd
Er,N Br,N
v , Bon & - )
Er1 /37-,1
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HA™'C
Co,2[H.---H,], H 2 : 7
HA-'C
R,
RT,N £ )
R,

Erl = ﬁr © (AT,IX(S)AEJ)a
Br,l £ ﬁr © (ér,lQlé;ljl)a
Qu

lI>

Qu

I

Qul 1

X(s) £ Elz(s)a" (s)],
where ® means Hadamard product and X (s) satisfies
X(s)=AX(s—1)A" +CQ,C".

It is noted that some definitions of the algorithm for
Step 2 are similar to those definitions above, which just
need to replace the subscript r with ¢ — s, and thus is
omitted here.

For the given time ¢, we now develop a batch form
receding horizon estimator Z(¢) in the following algo-
rithm.

Algorithm 1 (Batch form receding horizon estima-
tor)

Step1 For 0 < s < t — r, a receding horizon
estimator Z(s|s — 1) is calculated by

Z(s|s — 1) = F.(s)Y.(s — 1), (7)
where the optimal gain matrix F).(s) is determined by
F(s) = (H, yo, xnHen) " Hy nprn

with
OYr.N = ErN T BT,N + Rr,N?
H.A—N
H, n = :
H,. A1

Step2 Fort —r < s < t, areceding horizon
estimator Z(s|s — 1) is calculated by

2(sls —1) & F_Y, (s—1), (8)
where the optimal gain matrix F;_,(s) is determined by
Fyo(s) = (H_, nopy o nHimson) T HH vy

with
Pt—s,N = E_tfs,N + Btfs,N + Rtfs,N>
H,_ AN
Ht—s,N =
H, A™!
Step3 Fors =t,set Z(t) = Z(t|t — 1) in Step 2.
In the following theorem, we will show that the es-

timator developed in Step 1-3 is the optimal solution to
Problem 1.

Theorem 1 For systems (1) (4) and (5), when
(C, A) is observable, the linear minimum mean square
error receding horizon estimator Z(¢) with a batch form
on the horizon [t — N, t] can be derived by Algorithm
1, which satisfies the unbiased constraints.

Proof For 0 < s < t — r, the finite number
of measurements on the horizon [s — N, s] can be ex-
pressed in terms of the state z(s),

Y, (s —1) = Hyn(s — 1)z(s)—
Conl(s— D)W(s —1) + V(s — 1),
©)

where

OT)N(S - ].) ==
H.(s— N)A™'C --- H.(s— N)ANC

Ho(s—1)A-'C

[w(s — N)]J
we-n=| |

| w(s —1) |

[v,.(s — N)]
Vi(s—1)= :

| vp(s —1) |

Z(s|s — 1) can be indicated as a linear function of the
finite measurements Y,.(s — 1) on the horizon [s — N, s]
as follows:

i(sls — 1) = Fy(s)Yy(s — 1) =
F.(s)(H, n(s —1)x(s) — Crn(s — 1)x
W(s—1)+V.(s—1)). (10)
Taking expectation on both sides of (10), and to sat-
isfy the unbiased condition, EZ = Ex, the following
relation is obtained

F(s)H,x=1. (11)
Based on the definition of estimation error, denote
Z(s|s—1) =
x(s) —z(sls — 1) =
[I — F.(s)H, (s — 1)]x(s) + F,.(s)x
[Con(s =W (s =1) =Vi(s—=1)].  (12)
So, we can obtain the covariance of estimation error
Z(s|s — 1) as follows:
E{Z(s]s — )3 (s|s — 1)} =
E{[I — F.(s)H, n(s — 1)]z(s)z" (s)[I — F,(s)x
H,n(s— D]} + E.(8)E{[C, n(s — 1)x

W(s —1) = Vi(s = D][Crn(s =W (s — 1)—
Vi(s = DITHF (s) =
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Ty + Ts. (13)

By the foregoing definitions, the following results
can be drawn:

Ty = F.(s)e, nEF(5) — X(s), (14)
T2 - Fr(S)BT,NF;T<S> + FT(S)RT»NF;I‘(S) =
F.(8)[Br.n + Ren]FY(5). (15)

From (13)—(14) and (15), we obtain
E{Z(s]s —1)z"(s|s — 1)} =
F.(s)Ern + Brn + Ren|F (s) = X (s) =
Fo(s)prnE (s) = X(s). (16)
The objective is to obtain the optimal gain matrix
F(s), subject to the unbiasedness constraint (11), in

such a way that the error Z(s|s — 1) of the estimate
Z(s|s — 1) has minimum variance as follows:

F.(s) = arg glgl)E[j’:(ﬂs — 1)zt (s|ls —1)] =

Hsls = Da(sls — 1)) =
X(s)].
(17)

Before obtaining the solution to (17), we obtain the re-
sult on constraint optimization in the first instance. In
order to simplify the calculation, using F;. for a tempo-
rary replacement F).(s). Now, suppose that the follow-
ing trace optimization problem is given

- X(S)]}7 (18)

arg min E[tr(z

T(S)

arg g]gl) tr[Fr(S)SOT,NFE(S) -

mFin{tr[F,nap,,7NFTT
subject to
F.H,y=1. (19)
For convenience, partition the matrix F}. in (11) as
T [fifF] 1<,

From (19), as a consequence, the s-th unbiasedness con-
straint can be written as

H!\fi=e;. (20)

In terms of the partitioned vector f] the cost func-
tion (18) is represented as

g:l ijQOr,Nij — X(s).

Thus, the optimization problem (18) is reduced to N
independent optimization problems

n}in ijs/?r,ij — X(s)/N, 1)

subject to
H!\fi=e;. (22)
Obtaining the solutions to each optimization prob-
lem (21) and putting them together, we can finally ob-

tain the solution to (17).
By solving the optimization problem (21), we can

firstly establish the cost function

O = fi'ornfi — X ()N + A (Hy  fi — e5),
where ); is the s-th vector of a Lagrange multiplier,
which is associated with the s-th unbiased constraint.

In order to minimize @, two necessary conditions
are obtained

o 0P
ar 07 aNx 07
of; o\,
which give
- 1
fi = —5ern N, (23)
So
H;FNJFJ = HTN‘P;}VHTNA =€
and
A =—=2(H yo, vHen) ey (24)

Form (23) and (24), we have
fi = o Hen (H yor nHen) ey

and
ij (HTNSDr NHrN) 1HTN(10;11V'
Putting them together, we can obtain
Fr = (H nornHen)  Honory. (25)

Bring (25) into (10), we can reach the batch form of
receding horizon estimation
i(sls—1) = (HTNSOT}VH’ N IHTN(pT]lVY( 1).
(26)
The derivation of Step 2 is similar to that of Step 1. This
completes the proof of Theorem 1.  QED.

Remark 1 1In the derivation of Theorem 1, the lin-
ear minimum mean square error receding horizon estimation
subject to unbiasedness constraint is divided into N individu-
al optimization problems. Then, by introducing the Lagrange
multiplier, the independent optimization problem is solved, and
the individual estimation gains are obtained. At last, the total
gain is obtained by putting all the components together. The
amount of computation meets our requirements. In addition, in
(17), Fr(s) should be updated over time.

In what follows, we will rewrite the batch form esti-
mator in an iterative form for computational advantage.
For the given time ¢, an iterative form receding horizon
estimator Z(t) is developed.

Algorithm 2 (Iterative form receding horizon esti-
mator)

Step1 For 0 < s <t — r, an iterative form esti-
mator Z(s|s — 1) with finite horizon N is given by

L(s|s — 1) = 2, Ni(s), (27)

where
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F(s—N+1)=a(s—N+1—1)+ (AYTH
(eri 4 Bra + Ry) (s — 1),
and (2, y can be obtained from
Q. =9.,1+ (A_Z)THTTX
(era+ Bry+ Ry)"H,A™
with0 <I< N,@(s—N—1)=0and 2,0 =0.

Step 2 Fort — r < s < t, an iterative form esti-
mator Z(s|s — 1) with finite horizon N is given by

E(sls = 1) = 7 yi(s),
where
F(s—N+1) = #(s—N+I1-1)+ (A" H" x
(Et—s,l+6t—s,l+Rt—s)71gt—s(s_l)u
and {2;,_ y can be obtained from
'Qt—s,l - 'Qt—s,l—l + (A_l)THE_SX
(Et—s,l + ﬁt—s,l + Rt—s)ilHt—sAil
with0 <I< N,@(s—N—-1)=0and 2,_,0=0.
Step3 Fors = t,set (t) = Z(t|t — 1) in Step 2.
It will be shown in Theorem 2 that the iterative esti-

mator developed in Algorithm 2 is the optimal solution
to Problem 1 subject to unbiased constraints.

Theorem 2  Assume that (C, A) is observable.
Then the linear minimum mean square error receding
horizon estimator () with an iterative form on the
horizon [t — N, t] is given by Algorithm 2, which satis-
fies the unbiased constraints.

Proof Firstly, for 0 < s <t — r, define
‘QT,Z - Hr l(prl H7 l-

So it can be represented in the following Riccati E-
quation for 0 < < N:

2=

HTZ‘PH Hrl =

[(A™)THS H ()%

(eri+ Bru+R,)! 0
{ 0 90;,[1—1
A

H,.

HyyvpriHegoo + (AT HE X

(€ry + Bra+ Rr)flﬂrfrl =

Qo+ (AYTH ery + By + R)!

H, A" (28)
Similarly, it is available for 0 < [ < N that
T(s—N+I1)=
HTlgprllyrl( 1) =
(AT H Hyy )%

|:(5r,l + Br,l + R'r’)il 0 :|
1 X
0 Spr,lfl
|: QT.(S - l) :| —
er 1(8 - 1)
HTz 1<Prl Yoici(s — 1)+ (A™)TH! x
(gr,l + Br,l + Rr)ilgr(s - l) -
:f,’(s - N + l - ]-)+ (A_Z)TH;«T(ET,I_'_BT,I‘{'RT)_lX
gr(s = 1). (29)
From (28) and (29), an iterative form for receding
horizon estimation is obtained
E(sls — 1) = 2, yi(s).

Similarly, We are able to get an iterative form of re-
ceding horizon estimation in Step 2. This completes the
proof of Theorem 2.  QED.

3.3 Stability analysis

The stability of the receding-horizon estimator will
be investigated below. Thus we just need to analyze
the stability of the filter developed in Theorem 2. It
needs to require consideration of the filter’s transfer ma-

trix. From Theorem 2, we define the transfer matrix for
0<s<t—ras

Iy =
I—00y (AN)'H[HA™Y

Qv (ATHY + (68 + B+ R,)] X
H,AN. (30)

Under the given assumption, the necessary and suf-
ficient condition subject to asymptotical stability of the
proposed filter is that the transfer matrix Iy of the es-
timator is one stability matrix. It means that all of its
eigenvalues are located in the unit circle. The stability
of the observer is ensured by the following theorem.

Theorem 3 If (C, A) is observable, and A non-
singular, then the matrix Iy has all its eigenvalues

strictly within the unit circle for all finite N > n — 1
where n is the dimension of the state vector.
Proof For(0 < s <t — 7, definel2
(s) = I'ya(s — 1)+ D(s),
where
L(s) = 2, NE(s), &(s — 1) = 2, y_,&(s — 1).

In view of (28) and (29), we can obtain (30) immediate-
ly. This completes the proof of Theorem 3.  QED.

Remark 2  Conditions for the stability of the pro-
posed moving horizon estimation is proposed for time-invariant
systems. The advantage of this estimation algorithm is that it is

easy to implement since the gains can be performed off-line.
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4 Simulation example

In this section, a simulation example is given to il-
lustrate the efficiency of the proposed receding horizon
estimation for random delay system (1) and (2). In this
part, we define the time horizon 0 < ¢ < 100, the esti-
mator horizon size N = 5, and the random delay hori-
zon 0 < r(t) < 2. The other parameters of the system
are as follows

[nw] , 145 1 _[03
“‘t)“[xQ(t)l’ fi“l—qﬂz -—0.22]’ (7“los451’

8 0. 1
H:F805,m:i:QL2

0 1.8 3’

Based on the design procedures of Theorem 2 in
this paper and Kalman filter in [13], the simulation re-
sults are obtained as follows. Fig.1 shows the trace of

State value x,

50 ll() 20 30 40 50 6I0 7I0 8IO 9IO 100
t

—— Real state value

— Estimtion value by Theorem 2

—— Estimtion value by Kalman filter

Fig. 1 State trajectories of zj (t)

N W
W =)

2
=

—
(=]

Sum of estimation error of x,
'o —
W W

%90 10 20 30 40 50 60 70 80 90 100
t
—— Value by Theorem 2
Value by Kalman filter

Fig. 3 The RMSEE:s of z (¢)

the real value x;(t) and its estimate. Fig.2 shows the
trace of the real value x(t) and its estimate. Fig.3
shows the root of the mean square estimation errors
(RMSEES) of z;(t) according to the two algorithms,
while Fig.4 shows the RMSEEs of z(t) according to
the two algorithms. Fig.5 shows the summation of the
RMSEE:s of z4(t) of the two algorithms. Fig.6 shows
the summation of the RMSEEs of x4(t) of the two al-
gorithms. It can be seen from Figs.3—6 that the obtained
receding horizon estimation for systems with observa-
tion delays track better than Kalman filter and the es-
timation scheme produces better performance. On the
other hand, it can be seen from Fig.7 and Fig.8 that the
tracking performance for the case of N = 5 is better
than that of N = 2. It is a suitable choice for the esti-
mator horizon size N = 5.

State value x,

_6 1 1 1 1 1 1 I 1 1
0 10 20 30 40 50 60 70 80 90 100

4

—— Real value
— Estimtion value by Theorem 2
—— Estimtion value by Kalman filter

Fig. 2 State trajectories of z2(t)

» 2

Sum of estimation error of x,
w

0.0 :
0 10 20 30 40 50 60 70 80 90 100

t
—— Value by Theorem 2
Value by Kalman filter

Fig. 4 The RMSEE:s of za(t)
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80 T — T T T — T
701
60
50
40

30 /
20k o 1

10k L i

Sum of estimation error of &,

—
—1 1 1 1 1 1 1 1 1

0
0 10 20 30 40 50 60 70 80 90 100

t
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5 Conclusion

In this paper, the receding horizon estimators
were proposed for discrete-time linear system with
random observation delay. The random delay system
was transformed into a delay-free one by the reorga-
nization observation method. On the basis of the new
observation equation, a batch form and an iterative
form for receding horizon estimation were designed.
The observation reorganization technique is firstly ap-
plied to the receding horizon estimation for discrete-
time systems with random delays. It is obvious that
this method simplifies the computation compared to
state augmentation method for dealing with random
delays. This is the main technique novelty of this pa-
per. The stability analysis was supplied and the the-
oretical results were illustrated by a numerical exam-
ple.

References:

[1] BASIN M, SHI P, CALDERON-ALVAREZ D. Joint state filtering
and parameter estimation for linear stochastic time-delay systems.
Signal Processing, 2011, 91(4): 782 —792.

[2] LIU A, YU L, ZHANG W. H . control for network-based systems
with time-varying delay and packet disordering. Journal of the

Fig.

3

[4

[5

[6

[7

[8

[9

[10

(1

—_

fina}

—

—

—

—

[}

1

1

80 T T T T T T — T
701
60
50
40
30
20
10 |-

Sum of estimation error of &,

0
0 10 20 30 40 50 60 70 80

t
—— Value by Theorem 2
Value by Kalman filter

Fig. 6 Summation of RMSEE trajectories of x2(t)

150 T T T T T T T T T
) N=5 /
[
B —— N=2 r
]
£ 100F / .
=
2 A
g // //
s ol s |
s e
S} U P
£ 7// i
& W

50 60 7I() SIO 9IO 100

t

8 Summation of RMSEE trajectories of z2(¢) for RHE
estimation: N = 5,2

0 1 1
0 10 20 30 40

Franklin Institute, 2011, 348(5): 917 — 932.

PENG C, YUE D, TIAN E, et al. A delay distribution based stabil-
ity analysis and synthesis approach for networked control systems.
Journal of the Franklin Institute, 2009, 346(4): 349 — 365.

YOOK J K, TILBURY D M, SOPARKAR N R. Trading computation
for bandwidth: reducing communication in distributed control sys-
tems using state estimators. I[EEE Transactions on Control Systems
Technology, 2002, 10(4): 503 — 518.

ANDERSON B D O, MOORE J B. Optimal Filtering. Englewood
Cliffs, NJ: Prentice-Hall, 1979.

XIE L, DU C, ZHANG C, et al. H., deconvolution filtering of 2—
D digital systems. IEEE Transactions on Signal Processing, 2002,
50(9): 2319 —2332.

CHICSI L, MOSCA E. Polynomial equations for the linear MMSE
state estimation. /[EEE Transactions on Automatic Control, 1992,
37(5): 623 — 626.

ZHANG H, XIE L, ZHANG D, et al. A reorganized innovation ap-
proach to linear estimation. /[EEE Transactions on Automatic Control,
2004, 49(10): 1810 — 1814.

GAO H J, WU J, SHI P. Robust sampled-data H., control with s-
tochastic sampling. Automatica, 2009, 45(7): 1729 — 1736.
NACARA W N, YAZ E E. Recursive estimator for linear and non-
linear systems with uncertain observations. Signal Processing, 1997,
62(2): 215 - 228.

NAKAMORI S, CABALLERO-AGUILA R, HERMOSO-CARAZO
A, et al. Linear recursive discrete-time estimators using covariance
information under uncertain observations. Signal Processing, 2003,
83(7): 1553 — 1559.



1126

Control Theory & Applications

Vol. 37

[12]

[13]

(14]

[15]

[16]

[17]

SCHENATO L. Optimal estimation in networked control systems
subject to random delay and packet drop. IEEE Transactions on Au-
tomatic Control, 2008, 53(5): 1311 —1317.

ZHANG H, FENG G, HAN C. Linear estimation for random delay
systems. Systems & Control Letters, 2011, 60(7): 450 — 459.

SMITH S C, SEILER P. Estimation with lossy measurements: jump
estimators for jump systems. IEEE Transactions on Automatic Con-
trol, 2003, 48(12): 2163 - 2171.

HAN C, ZHANG H, FU M. Optimal filtering for networked systems
with markovian communication delays. Automatica, 2013, 49(10):
3097 - 3104.

RAWLINGS J B. Moving horizon estimation. Encyclopedia of Sys-
tems and Control. London: Springer, 2013.

ZENG J, LIU J. Distributed moving horizon state estimation: Simul-
taneously handling communication delays and data losses. Systems &
Control Letters, 2015, 75(1): 56 — 68.

[18]

[19]

[20]

FARINA M, FERRARI-TRECATE G, SCATTOLINI R. Distribut-
ed moving horizon estimation for linear constrained systems. [EEE
Transactions on Automatic Control, 2010, 55(11): 2462 — 2475.
HABER A, VERHAEGEN M. Moving horizon estimation for large-
scale interconnected systems. /[EEE Transactions on Automatic Con-
trol, 2013, 58(11): 2834 — 2847.

LING K V, LIN K W. Receding horizon recursive state estimation.
IEEE Transactions on Automatic Control, 1999, 44(9): 1750 — 1753.

LT

TR BLETIUE, BATRT T RO AR PSRRI R RS JS

IBEHEAE T A E i, E-mail: 307791649 @qq.com;

BRI R, RS, FHTRTIOT AR RS Markovigk

ARG AT S35, E-mail: cyhan823 @hotmail.com;

T 55 Bk, A0, FATRTTET AR E il 24t BXE)

RS K ¥EH 258, E-mail: cse_hf@163.com.



