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The optimal linear estimation problems are investigated in this paper for a class of discrete linear systems with fading mea-
surements and correlated noises. Firstly, the fading measurements occur in a random way where the fading probabilities are
regulated by probability mass functions in a given interval. Furthermore, time-delay exists in the system state and observation
simultaneously. Additionally, the multiplicative noises are considered to describe the uncertainty of the state. Based on the
projection theory, the linear minimum variance optimal linear estimators, including filter, predictor, and smoother are presented
in the paper. Compared with conventional state augmentation, the new algorithm is finite-dimensionally computable and does
not increase computational and storage load when the delay is large. A numerical example is provided to illustrate the effectiveness

of the proposed algorithms.

1. Introduction

NCSs have received significant attention for their successful
applications in space exploration, target tracking, remote
surgery, unmanned aerial vehicles, industrial monitoring,
and other areas in recent years [1-12]. As is well known,
network-induced phenomena, such as communication de-
lays, fading measurements or packet dropouts, quantization
effects, and sensor saturations, are unavoidable in data
transmission of practical networked systems due mainly to
the sudden environment changes, intermittent transmission
congestions, random failures, and repairs of components
[13]. Hence, the data received by the estimator may not be
real-time ones, which leads to the traditional estimation
algorithms being no longer applicable.

Fading measurements are important issues in NCSs. The
phenomenon of packet dropouts in the network can be seen
as a special case of fading measurement. Fortunately, many
efficient approaches have been developed for the systems
with fading measurements [14-17]. It is considered in [14]
that a sensor network where single or multiple sensors
amplify and forward their measurements of a common
linear dynamic system to a remote fusion center via noisy

fading wireless channels and shows that the expected error
covariance (with respect to the fading process) of the time-
varying Kalman filter is bounded and converges to a steady
state value. Yan et al. [15] concentrated on the H_  state
estimator’s design problems for a kind of discrete-time
artificial neural networks (ANNs) with multiple fading
measurements. The phenomenon of multiple fading mea-
surements is represented by a set of individual stochastic
variables obeying a predetermined distribution on interval
[0,1]. In [16], a modified stochastic fading model with
disturbance-dependent Gaussian noise is put forward to
better reflect the fading phenomena in complex wireless
communication networks. By introducing a novel concept
of finite-time stochastic exponential dissipative, a state-
feedback controller is designed. For a class of nonlinear
systems with stochastic nonlinearities and multiple fading
measurements, the stochastic nonlinearities are represented
by statistical means which indicates multiplicative stochastic
disturbances, and sufficient conditions are obtained to en-
sure stochastic stability of the modified unscented Kalman
filter [17].

However, in practical applications, considering that the
dynamic system is a discretized version of a continuous
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dynamic system with noise and the state of the dynamic
system is observed by some sensors in a time-correlated
noisy environment, such as during noise jamming generated
by some target, the noises may be correlated and even finite-
step correlated [18]. At present, many experts and scholars
have adopted different algorithms to estimate the state of the
systems with correlated noises. Sun et al. proposed some
filtering algorithms for systems with fading measurements
and correlated noises [7, 19]. Sun et al. [7] consider that
different sensor channels have different fading measurement
rates, and the process and measurement noises are finite-
step autocorrelated and/or cross correlated with each other.
In such complex systems, the optimal linear state estimators
in the linear minimum variance (LMV) sense are presented
by using the innovation analysis approach. Liu concentrated
on the problems of state estimation for discrete-time linear
systems with fading measurements and time-correlated
channel noise [20-22]. The fading measurement appears
in a random way, and the fading phenomenon for each
sensor is described by an individual random variable taking
a value in a given interval [20]. Furthermore, some results
have been reported on the Kalman filtering problems of
systems with uncertain correlated noise [23-26]. By intro-
ducing the fictitious noises to compensate the stochastic
uncertainties, the system under consideration can be con-
verted into one with only uncertain noise variances [23, 24].
However, in all these papers, the results focus on finding the
optimal estimators, under which the state delay and ob-
servation delay are not considered simultaneously. More-
over, a few phenomena of imperfect transmission including
the fading measurement and the time delay could be easily
incorporated, and the optimal estimation problems for
linear uncertain systems with single delayed measurement
have not taken fading measurements into account [25, 26].

Based on the discussions above, we aim to solve the
optimal linear estimation problems for a class of state delay
and observation delay systems with fading measurements
and correlated noises. In this paper, the aforementioned
problems are considered fully. The probability mass functions
in a giving interval are used to describe a discrete random
variable, and the mean and covariance of the variable depend
on the distribution law of each probability mass function.
Based on the minimum mean square error (MMSE) esti-
mation principle, we present the optimal linear state esti-
mators, including filter, predictor, and smoother by using
the projection theory [27]. Compared with conventional
state augmentation, the new algorithm is finite-dimensionally
computable and does not increase computational and
storage load with time. Hence, the proposed algorithm is
suitable for real-time applications.

The rest of this work is organized as follows. Section 2
formulates the problems for a class of time-delay systems
with fading measurements and correlated noises and states
the assumptions under which we prove the results. The
preliminary lemmas of this work are derived in Section 3. In
Section 4, the optimal linear estimators including filter,
predictor, and smoother are designed. A numerical example
is given in Section 5, which is followed by some conclusions
in Section 6.

Journal of Electrical and Computer Engineering

2. Problem Formulation

Consider the state delay and observation delay systems
with fading measurements and correlated noises as
follows:

h
x(t+1) = [A + ZAiCi(t)}x(t—d) +Tw(t), (1)

i=1

y(t) =y(t)Hx(t—-d) +v(t), (2)

where ¢ is the discrete time, x (t) € R" is the state, y (t) € R™
is the measurement received by the sensors, w(t) € RP is the
process noise, v(t) € R™ is the measurement noise, d is
constant time delay, {;(¢),i = 1,2,.. ., h is the multiplicative
noise, and A, A;, H, and I are known constant matrices with
appropriate dimensions.

We now have four assumptions upon the initial values,
statistical characteristic of system noise and random fading
variable y (¢).

Assumption 1. The process and measurement noise w(t)
and v (t) are cross-correlated with zero mean and

wiO ] }_[Qw s]
E{[V(t)][w UREN S e LAC

Assumption 2. {;(t) is white noise with zero mean and
variance Qq (t) independent of (j(t), j#i. (;(t) is also
uncorrelated with other noise signals.

Assumption 3. y(t) € R is the random fading variable with
mean Y (t) and variance ¢” (t), and the fading probabilities
are regulated by the probability mass functions in a given
interval [«, 8], 0<a<B<1. y(t) is uncorrelated with other
noise signals.

Assumption 4. The initial state x(0) is uncorrelated with
w(t), v(), (@), i=12,....,h and E[x(0)] =%(0),
E[(x (0) - %(0)) (x (0) ~X(0))"] = P(0).

Our aim is to find the optimal linear state estimators
X(j|t) based on the measurements L(y(t),y(t—-1),...,
y(0)) for j=t, j>t, and j<t, which is called state filter,
predictor, and smoother, respectively. Here, we will design the
estimators that depend on the attenuation rate y (¢) based on
the received measurements.

3. Preliminary Lemmas

Firstly, system (1) can be converted to
h
x(t+1) = |:A+ ZAiCi(t):|x(t—d) +Tw(t) +J [y (t)
i=1
—(y(®) -y (O)Hx (t -d) -y (O)Hx (t —d) - v(1)],
(4)

where ] is the pending matrix.
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From (4), system (1) can be rewritten as follows:
x(t+1)=Ax(t—=d)+ Q(t) + Jy (t), (5)

where
h
Q) = Z A (Ox(t-d) - T (y(t) -y ()Hx(t-4d),
i=1

A=A-Jy(HH,
w(t) = Tw(t) - Jv(t).
(6)

Then, it holds that E[Q ()] = 0 in view of Assumptions 1
and 2, where w(t) is zero-mean white noise and satisfies

E[@(t)v' (j)] = [IS-7Q,]8,;. (7)
From (7), we can see w (t) is uncorrelated with v (¢) when
J = FSQ;I, then we have
E[w(ty' (j)] =0. (8)
The variance of w(t) can be computed by
Qp =T[Q,-5Q,'s"|r". (9)
Defining the state expectation g(t) = E[x(t)] and the
state second moment A (¢) = E[x (t)xT (¢)], we have
A(t+1)=AA(E-d)A + ]y )y )"
h
+ QAN (t—d)A] (10)
i1
+Q. +Jo  (HA(t-d)H" ],
where the initial value A (0) = x (0)x" (0) + P (0).
The variance of QA(¢) can be computed by
h
Y(t) =Y QAA(t-d)A] + Qg+ Jo* (DVHA(t-d)H' ]
i1

(11)
The estimation error covariance matrix at different times

is given by
@, (i, j) =E[x (i | )x' (j|1)]. (12)

Before giving the main results of optimal linear esti-
mators, some lemmas are presented firstly.

Lemma 1. For systems (2) and (5), the estimate
X(t-d|t-i),i=0,1,...,d—1can be computed according
to the following equations:

X(t-d|t-i)=xt-d|t-i-1)+K{-d|t-ie(t-i),
(13)

e(t—i)=y(t—i)-yOHX(t—d—i|t—-i-1), (14)

Q,(t—i)=d* (HHA(t-d-i)H" +Q,

(15)
+7 ()HP(t-d—i|t—i-1)H",

3
K(t-d|t-i) =7, (t—d,t—d—i)H Q." (t—i),
(16)
P(t-d|t—i)=P(t-d|t—i-1)-y(OK({t—d|t—i)
x H, , | (t-d—it—d),
(17)

where the innovation e(t) = y(t)—y(t |t—1) and its co-
variance matrix Q,(t) = E[e(t)e’ (t)]. A(t—d—i) can be
obtained from (10).

Proof. According to the projection theory, we can easily get
(13).
The gain matrix K (t —d | t —i) is defined by

K(t-d|t-i)=E[x(t-d)e (t-)]Q.' (t-i).  (18)

From (2), we have
y(t—i)=y(@—-i)Hx(t-d—i)+v(t—i). (19)

Taking projection on both sides of (19) yields

y—-ilt-i-1)=y()Hx(t-d-i|t-i-1)

+9(—ilt-i-1), 20

where V(t—i|t—i—1) =0.

Substituting (20) in the definition of innovation, we
obtain (14).

From (2) and (14), we have

e(t—i)=(y(t-i)-y@)Hx(t-d—-i) +v(t—i)

(21)
+POHE(E—d—i|t—i-1).

Noting E[(y(t)=F(£)] = (), Ely(H-7(8)] =0,
andv(t—i) LX(t—d—i|t—i—1), wecan easily obtain (13).

From Assumptions 1 and 2 and noting X(t—-d | t—
i-1)LX(t-d—-i|t—i-1), we have

E[x(t-d)e' (t-1)] =y(t)®,_,_, (t—d,t-d—i)H".
(22)

Substituting (22) in (18), we obtain (16).
According to the definition of the covariance matrix and
noting v(t —i) LX(t—d—i|t—i—1), we have

P(t-d|t-i)=E[x(t-d | t-ix (t-d|t-i)
=P(t-d|t-i-1)-F()D, ,

X (t—d,t—d—i)H K (t-d | t—i)
~J(OK(t—-d | t-)HD, ,  (t—d—it—d)
+7 (K (t—-d|t-i)HP(t—d—i|t-i—1)
xH'K' (t—d | t—i)+ 0" ()K(t—d | t—i)
x HP(t—d—i|t—i—-1)H K" (t—d | t—i)
+K(t-d | t-1)QK" (t—d|t—i).

(23)

From (16), we have



YD, (t—-dt—-d—i)H =K(t—d | t—i)Q, (t—i).
(24)
Substituting (24) in (23), we have (17).

Lemma 2. For systems (2) and (5) under the precondition of
Lemma 1, the estimation error covariance matrix
Q,_;_j(t-d-i+1,t—d+1) of the state is calculated by

(Dt_i_j(t—d—i+1,t—d+1)
= (t-d-i+1Lt-d+1)-y(OK({t-d-i+1[t-i-j)
><Hd)tfjfifl(1‘7clfi7j,t7dﬁL 1),
(25)
wherei=1,2,...,d-1,j=1,2,...,d-1-i.

Proof. From Lemma 1, we can easily get
q)tfifj(t—d—i+1,t—d+1)
=B{[x(t-d-i+1|t-i-j-1)-K({t-d-i+1]|t—i—})
xe(t—i-PIX{t-d+1|t-i-j-1)-K({t-d+1|t-i-j)
xe(t—i- '}

(26)
where the innovation &(t —i— j) can be calculated by
e(t—i—j)=(y(t—-i-j)-y@)Hx(t-d—-i-j)

+v(t—i-+y)HX(t-d—-i—-jlt—-i—j-1).

(27)
Substituting (27) in (26), we get
O, ;(t-d-i+1,t-d+1)
=0, (t-d-i+Lt-d+1)-y(t)
X® oy (t—d—i+1,t-d—i-H"
XK' (t-d+1|t-i-j) o)

~y(OK(t-d—i+1|t—i—j)H
X®O_; i (t-d-i-jt-d+1)
+K({t-d-i+1|t—i-j)
xQ,(t—i— DK (t-d+1|t—i- ),
where the gain matrix K (t —d | t —i) is calculated by
K{t-d-i+1|t—i—j)
=E[x(t-d-i+ e (t-i-j)]Q; (t-i-}))
=P, (t-d—i+1L,t-d—i- JH Q' (t—i- ).
(29)
Substituting (29) in (28), we obtain (25).
Lemma 3. For the systems (2) and (5), the estimation error

covariance matrix ®,_g,, (t —d —i+ 1,t —d + 1) of the state is
calculated by
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D, 4y, (t—-d—-i+1,t-d+1)
={[ ¥y (t-D] -FOK(t-d~i|t-d)H

T (30)
xP(t-2dlt—-d-1)}A
WK (t-d-i+1]t-d+DH[¥Y, 1],
wherei=1,2,...,d-1.
Proof. Similar to Lemma 2, we can easily derive
D,y (t-d-ijt-d+1)
=0, 4(t-d-i+1,t-d+1)-y(t
r-d ( )-y(1) (31)

xK(t-d-i+1|t-d+1)H
xQ,_ (t-2d+1,t—-d+1).
From (5), wehave ¥ (t—d + 1 | t —d) = A% (t - 2d|t — d)+

Q(t—-d), and noting Q(t—d) LX(t-d—-i+1|t—-d), we
can easily get

O, ,(t-d+1,t-d-i+1)= AD, ,(t-2d,t—d—i+1).
(32)
Noting V¥, (t) = O, ;(t-d—i+ 1,t —d + 1), we have
D, 4, (t-2d,t-d-i+1) =Y, (t—1). (33)
Let j = d —i and similar to (25), (32) can be rewitten by
O, ,(t-d-i+1,t-d+1)
=[®, 4, (t—-d-i+1,t-2d)-y(t)
xK(t—d—i+1|t-d)HP(t-2dlt-d-1)]A .
(34)
Substituting (34) and (33) in (31), we have (30).

4. Optimal Linear Estimators

In this section, we obtain the main results on optimal
filter, predictor, smoother, and corresponding estimation
error covariance matrices for the system under consid-
eration in the sense of linear MMSE. At the end of this
section, the realization steps of the proposed algorithm are
explained.

4.1. Optimal Linear Filter

Theorem 1. For systems (2) and (5) under Assumptions 1-4,
the optimal linear filter is given by

x(t+1t+1)=xt+1t) +K(t+1)
x(y(t+1)-y(t)Hx(t-d+1]1)),
(35)

where the gain matrix K (t + 1) and the covariance matrix
Q, (t + 1) are calculated, respectively, by
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K(t+1) =7, (t+d)H Q' (t +1), (36)

Q.(t+1)=d* (HHA(t-d+ DH' +Q, (37)
+7 (OHP(t-d+1|H)H".

The covariance matrix P(f + 1|t + 1) of the state filter
and W, (t + d) are calculated, respectively, by

P(t+1t+1)=P(t+1|t)-p(O)K(t + VHY, (t + d),
(38)

Yi(t+d) =AY, (t)-F(OK(t—d | )HY, (1)].  (39)

Proof. According to the projection theory and (2), we can
easily get

x(t+1t+1)=x{t+1t) +K(t+ De(t + 1), (40)

y(+1)=yt+1Hx(t-d+1)+v(t+1), (41)
where K(t +1) = K(t + 1]t + 1).

The gain matrix K (¢ + 1) of the state filter is calculated by

K(t+1)=E[x(t+De (t+D]Q (t+1),  (42)

where the innovation ¢(f + 1) can be calculated by
e(t+ ) =[yt+1)-y®)|Hx(t-d+ 1) +v(t+1)

(43)
+POHX(t-d+1]1).

Substituting (42) and (43) in (40), we obtain (35).

From Y;(t)=®,;(t-d-i+1,t—d+1), we obtain
(36). According to the definition of the covariance matrix,
we can easily derive (37).

Noting

X(t+1t+1)=x+1t)-K({t+1e(t+1). (44)

The covariance matrix P (t + 1|t + 1) of the state filter is
calculated by

P(t+1jt+1) = P(t +1]t) -7 (), (t + 1,6 —d + )H"
x Q' (t+ DH®] (t +1,t—d +1).
(45)

Let i = 0 and noting ®,_, (t-d,t-d) =P(t—-d |t-1).
Then, (16) can be rewritten by

K(t-d|t)=J)P(t-d|t-1)H Q" (¢). (46)

Noting ¥, (t +d) = O, (t—d + 1,t + 1), from (36) and
transforming (45), we have (38).
From (5), we can easily derive

X(t+1t) = Ax(t—d | t) + Q(¢). (47)
From (47) and noting Q(¢) L X(t—d + 1| t), we obtain
O, (t+1,t-d+1)=AD,(t—d,t—d +1). (48)

Let i = 1, j = —1. Then, (25) can be rewritten by

O,(t-dt-d+1) =D, (t-dyt-d+1)
—J(OK(t—d | HHD, | (t—d,t—d + 1).
(49)

Noting V¥;(t) =, ;(t-d-i+1,t-d+1) and sub-
stituing (49) in (48), we get (39).

4.2. Optimal Linear Predictor

Theorem 2. For systems (2) and (5) under Assumptions 1-4,
the optimal linear predictor is given by

Xt+1)=Ax(t-d|t-1)+K(@t-d|t)
X (y(O)-y(OHX(t-d | t-=1)] +]y(2),
(50)
where the gain matrix K(t—d | t) of the state predictor is
calculated by
K(t-d|t)=J)P(t—-d | t-1)H" (6" (t)HA(t —d)H"
+Q,+7 (HP(t-d |t-1)H )",
(51)

The estimation error covariance matrix P (t + 1[t) of the
state predictor is calculated by

P(t+1lt)=A[P(t-d|t-1)-J(OK(t—d | OH )
52
xP(t—d|t-1)]A +2 ().

Proof. From (5) and (17), we can easily derive
X(t+1)=Ax(t—-d|1)
=AX(t-d|t-1D)+K(@t-d|t)(y@) (53)
-Y(OHX(t-d | t-1)] + ]y (),

P(t+1]t) = AP(t—d | )A" +3(t)
=A[P(t-d|t-1)-y(OK({t-d|t) (54)
x HP(t—d | t-1)]A +Z(t).

(51) has been obtained in Theorem 1.

4.3. Optimal Linear Smoother

Theorem 3. For the systems (2) and (5) under Assumptions
1-4, the optimal linear smoother is given by

X(t-d+1|t)=x(t-d+1|t-d+1)
d-1
+ Y K(t-d+1[t—i+1)(y(t—i+1)
i=1
~POHX(t-d—i+1|t-1),
(55)

where the gain matrix K(t-d+1|t—i+1) of the state
predictor is calculated by
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F1GURE 1: Tracking performance of the state filter.

K{t-d+1|t-i+1)

=y ()H" [o® () HA(t—d—i+ )H" (56)

+Q, +7 (OHP(t—-d—i+1|t-)H']™".
The estimation error covariance matrix P(t —d + 1 | t) of
the state predictor is calculated by
P(t-d+1|t)=P(t-d+1|t-d+1)

d-1
— Y FOK(t-d+1 ] t—i+ 1)HY,(t),

i

I
—

(57)
¥, () = [V . (t-))-FWK(t-d-i|t-d)H
x P(t—2dlt—d-1)]A -F(HK
X (t—d—i+1|t—d+1)HxVY)(t)
d-1-i
- Y YOK(t-d-i+1|t—i- HHY, ,, (b),
j=0
(58)

where V;(t) = ,_;(t—d—-i+ Lt—-d+1),i=12,...,d

Proof. According to the projection theorem, we obtain
X(t-d|t-i)=x({t-d|t-i-1)+K(t—-d|t-1e(t—i),
i=0,1,...,d-1
(59)
Leti=1,2,...,d -1, and according to the iteration, we

have (55).
From (55), we can easily get

X(t-d+1|t)=Xx({t-d+1]t-d+1)
d-1
- Y K(t-d+1[t-i+1)(y(t—-i+1)
i=1
—POHE(t-d—i+1|t-i).
(60)

From the definition of the gain matrix and the co-
variance matrix, we can obtain (56) and (57), respectively.

From Lemma 2, we have the covariance matrixes as
follows:

O, (t-d-i+1,t-d+1)
=0, (t-d-i+1,t-d+1)-y(t)
xK({t-d-i+1|t-i)H
x®, ; (t-d-i,t-d+1),j=0,

O, (t-d-i+1,t-d+1)
=@, ,(t-d-i+1,t-d+1)-5(t)

(61)
xK(t-d-i+1|t-i-1)H
X(Dt—i—Z(t_d_i_lat_d+ 1)sj: ].)

q)t,d+2(t—d—l.+l,f—d+ 1)
=®, 4, (t-d-i+1,t-d+1)
-y®K(t-d-i+1|t-d+2)H
X®, 4, t-2d+2,t-d+1),j=d-2—-i.
According to the iteration, we have
D, (t-d-i+ 1, t-d+1)
d-1-i
=®, 4, t-d-i+1Lt-d+1)- y(t)
t-d+1 JZ:(:)Y (62)

xK({t-d-i+1|t-i-jH
XO, ;i (t-d-i-jt-d+]1).

Substituting (30) in (62), we have (58).

Based on the above discussion, we propose a new al-
gorithm for the system under consideration in a recursive
form. Starting with the initial estimates ¥;(1),¥;(2),...,
¥, (d), x(d|d), P(d|d), e(d), Q.(d),i=1,2,...,2d + 1, the
proposed algorithm is given by the following steps:

Step 1. Computing ¥, (£), ¥, (£),..., and ¥, (t) in se-
quence using (58).



Journal of Electrical and Computer Engineering

0.25 : : :

0.2 -

Variance

0.12 -

0.1 -

Variance

SN
N/ Nsd Ny L

,,,,,, q=06
—_— q:l

120 140

FiGUure 2: Comparison of error variances of the state filter (P(y(¢) =¢) =0.8,9 =0.3,0.6,1). (a) Estimation error variances for x, (t).

(b) Estimation error variances for x, (t).

Step 2. Substituting the results of Step 1 in (56), computing
K({-d+1|t-1),...,K(t-d+1|t—i+1),...,and K(t—-d+
1|t—d+2) in sequence.

Step 3. Substituting the results of Step 1 and Step 2 in (55)
and (57), computing X(t—-d+1|t) and P(t—-d+1|t),
respectively.

Step 4. Substituting the results of Step 3 in (50)-(52),
computing K(t—d |t),x(t+1[t), P(t + 1|t) in sequence.

X(t—-d|t-1) and P(t—d |t—1) can be immediately ob-
tained from X(t—-d+1|t) and P(t-d+1|¢t).

Step 5. Substituting the results of Step 1 and Step 4 in
(35)-(39), computing ¥, (t+d),x(t+ 1|t +1) and P(t+
1|t + 1) in sequence.

Step 6. Storing the results of Step 1-5 for computing the
optimal estimators at time ¢ + 1.
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FiGure 3: Comparison between the MSE curves of the filter and that of the predictor in [28].
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FIGURE 4: Comparison between the MSE curves of the one-step predictor and that of the predictor in [28].

5. Numerical Example

Consider the systems (1) and (2), let h = 1, the time delay
d = 3, the state x (¢) = [x, (1), x, ()]%, and w(¢) and v (¢) are
zero-mean white noise sequences with variance Q,, = 0.3
and Q, = 0.3. The multiplicative noise (; (t) is white noise
with zero mean and variance Q, (t) = 0.16, y () is a discrete
random variable with the probability mass function
P(y(t) =0.95) =0.05, P(y(t) =0.98) = 0.15, and P(y(t) =

0.4 Q7],A1:

U:Q&r=[11FLH=[051LA=[0206
0.1 0.2 ],x(om) — 10,017, P(0]0) = 0.011,, and & (i) = 0,

[02 0.1
i=1,2,...,2d + 1. The optimal estimated value X (¢|t) and
X (t +1[t) can be calculated using Theorems 1, 2, and 3,
respectively. To demonstrate the effectiveness of our pro-
posed estimation algorithm, the tracking curves of the filter
are shown in Figure 1. We can see the filter has the good
tracking performance. From the probability mass function
of y(t), it is obvious that the fading value y(t) =1 plays
a bigger role than others because it has the greatest prob-
ability. In order to study the effect of the state filter further,
we present the comparison of filter error variances when
P(y(t) =q) = 0.8, 9 = 0.3,0.6, 1 in Figure 2. From Figure 2,
we can see the filter has the highest estimation accuracy
when g = 1. Figures 3 and 4 show the simulation results
under the 150 Monte Carlo experiments. From the

TaBLE 1: Comparison between the MSEs of the filter and that of the
filter in [28] (¢t = 25,50, 75, 100, 125, 150).

t 25 50 75 100 125 150
;C;I()te'rt) inthis 7156 0.1196 0.0887 0.0868 0.0784 0.0750
X, (t]t) in [28] 1.2208 0.8383 0.6919 0.6456 0.5965 0.6040
;‘;}Sﬂ? in this 0836 0.0486 00358 0.0332 00297 0.0287
%, (t|t) in [28] 1.0700 0.6941 0.5705 0.5296 0.4876 0.4783

comparisons of mean square error (MSE) curves of filter
and predictor with the filter and predictor in [28] in
Figures 3 and 4, we can see the MSE curves of estimators in
[28] sit on the top because Chen et al. [28] have not
considered fading measurements and correlated noises. It
indicates the estimation accuracy in this paper is better
than that in [28]. Tables 1 and 2 give some specific values
for the MSEs of filter and predictor for the filter and
predictor in [28]. These simulation results show that the
estimation algorithm proposed in this paper can provide
satisfactory performance.

6. Conclusion

In this paper, we have investigated the recursive estimation
problems for time-delay systems with fading measurements
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TaBLE 2: Comparison between the MSEs of the predictor and that
of the predictor in [28] (t = 25, 50,75, 100, 125, 150).

t 25 50 75 100 125 150
XD 0g76 01555 01127 01048 0.0928 0.0870
in this paper

AT oee) 08718 07143 06624 0.6099 0.6152
in [28]

UL 10ss 00697 0.0499 00437 0.0382 0.0357
in this paper

i}l([tz;]l't) 0.8933 0.6056 05115 04854 04522 0.4488

and correlated noises. The time-delay exists in the system
state and observation simultaneously. The fading mea-
surements have been addressed by the mean and covariance
of the variable which depend on the distribution law of each
probability mass function. Based on the projection theory,
the linear minimum variance optimal linear estimators,
including filter, predictor, and smoother have been pro-
posed. Finally, the effectiveness of the proposed estimators
has been illustrated by a numerical example. In addition, it
should be noted that the time-delay discrete system dis-
cussed in this paper defines that state and observation delay
are the same constant, but in practical applications, the time-
delay may be stochastic. Therefore, one of the future research
topics is to develop more efficient algorithms for the
complex discrete or continuous systems subject to network-
induced phenomena [29, 30].

Notations

R™ n-dimensional Euclidean space

Superscript T: Transpose

E (x): Mathematical expectation of random
variable x

tr(o): Trace of matrix o

6, Kronecker delta function

¥ n by n identity matrix

L1: Orthogonality

Prob (*): Probability of the occurrence of the
event x*

% (o]-): Estimate of the stochastic variable

x (o) based on measurements before
time -, i.e., the projection of x (o) on
the linear space generated by the
measurements before time -

X (o]-) = x(o) =X (o|-): Estimation error.

Data Availability

The data used to support the findings of this study are in-
cluded within the article.

Conflicts of Interest

The authors declare that there are no conflicts of interest
regarding the publication of this paper.

Acknowledgments

This work was supported by the National Natural Science
Foundation of China under Grant no. 61573132, 2018 Basic
Research Fund in Higher Educational Institutions of Hei-
longjiang Province under Grant no. KJCX201809, and In-
formation Fusion Estimation and Detection Provincial Key
Laboratory.

References

[1] Y. Xia, M. Fu, and G. P. Liu, “Analysis and synthesis of

networked control systems,” in Lecture Notes in Control and

Information Sciences, vol. 42, no. 1, pp. 51-62, Springer Na-

ture, Basel, Switzerland, 2006.

B. Sinopoli, L. Schenato, M. Franceschetti, K. Poolla,

M. Jordan, and S. S. Sastry, “Kalman filtering with in-

termittent observations,” IEEE Transactions on Automatic

Control, vol. 49, no. 9, pp. 1453-1464, 2004.

R. Caballero-Aguila, A. Hermoso-Carazo, and J. Linares-

Perez, “Fusion estimation using measured outputs with

random parameter matrices subject to random delays and

packet dropouts,” Signal Processing, vol. 127, pp. 12-23, 2016.

[4] F. Li, J. Zhou, and D. Z. Wu, “Optimal filtering for systems

with finite-step autocorrelated noises and multiple packet

dropouts,” Aerospace Science and Technology, vol. 24, no. 1,

pp. 255-263, 2013.

S. L. Sun and J. Ma, “Linear estimation for networked control

systems with random transmission delays and packet drop-

outs,” Information Sciences, vol. 269, no. 4, pp. 349-365, 2014.

[6] H. L. Dong, Z. D. Wang, and H. J. Gao, “Robust H, filtering
for a class of nonlinear networked systems with multiple
stochastic communication delays and packet dropouts,” IEEE
Transactions on Signal Processing, vol. 58, no. 4, pp. 1957-
1966, 2010.

[7] S. L. Sun, T. Tian, and L. Honglei, “State estimators for
systems with random parameter matrices, stochastic non-
linearities, fading measurements and correlated noises,” In-
formation Sciences, vol. 397-398, pp. 118-136, 2017.

[8] G.J. Zhou, L. G. Wu, J. H. Xie, W. Deng, and T. F. Quan,
“Constant turn model for statically fused converted mea-
surement Kalman filters,” Signal Processing, vol. 108,
pp. 400-411, 2015.

[9] H. J. Wang, P. Shi, and J. H. Zhang, “Event-triggered fuzzy
filtering for a class of nonlinear networked control systems,”
Signal Processing, vol. 113, pp. 159-168, 2015.

[10] X. Wang and S. L. Sun, “Optimal recursive estimation for
networked descriptor systems with packet dropouts, multi-
plicative noises and correlated noises,” Aerospace Science and
Technology, vol. 63, pp. 41-53, 2017.

[11] H. Li, Q. H. Wu, and H. Huang, “Control of spatially
interconnected systems with random communication losses,”
Acta Automatica Sinica, vol. 36, no. 2, pp. 258-266, 2010.

[12] T. Tian, S. L. Sun, and N. Li, “Multi-sensor information fusion
estimators for stochastic uncertain systems with correlated
noises,” Information Fusion, vol. 27, pp. 126-137, 2016.

[13] H. Geng, Z. D. Wang, Y. Liang, Y. H. Cheng, and F. E. Alsaadi,
“Tobit Kalman filter with fading measurements,” Signal
Processing, vol. 140, pp. 60-68, 2017.

[14] S. Dey, A. S. Leong, and J. S. Evans, “Kalman filtering with
faded measurements,” Automatica, vol. 45, no. 10,
pp. 2223-2233, 2009.

[15] L. Yan, S.J. Zhang, D. R. Ding, Y. R. Liu, and F. E. Alsaadi,
“H,, state estimation for memristive neural networks with

[2

[3

[5



10

(16]

(17]

(18]

(19]

(20]

(21]

(22]

(23]

(24]

(25]

(26]

(27]

(28]

[29]

(30]

multiple fading measurements,” Neurocomputing, vol. 230,
pp. 23-29, 2017.

J. Song, Y. G. Niu, and S. B. Wang, “Robust finite-time
dissipative control subject to randomly occurring un-
certainties and stochastic fading measurements,” Journal of
the Franklin Institute, vol. 354, no. 9, pp. 3706-3723, 2017.
L.Li, D. D. Yu, Y. Q. Xia, and H. J. Yang, “Stochastic stability
of a modified unscented Kalman filter with stochastic non-
linearities and multiple fading measurements,” Journal of the
Franklin Institute, vol. 354, no. 2, pp. 650-667, 2017.

E. B. Song, Y. M. Zhu, and Z. S. You, “The Kalman type
recursive state estimator with a finite-step correlated process
noises,” in Proceedings of the IEEE International Conference
on Automation and Logistics, vol. 2015, no. 11, pp. 196-200,
Qingdao, China, September 2008.

H. L. Lin and S. L. Sun, “Distributed fusion estimation for
multi-sensor non-uniform sampling systems with correlated
noises and fading measurements,” in Proceedings of 20th
International Conference on Information Fusion, pp. 1-8,
Xi’an, China, July 2017.

W. Liu, “Recursive filtering for discrete-time linear systems
with fading measurement and time-correlated channel noise,”
Journal of Computational and Applied Mathematics, vol. 298,
pp. 123-137, 2016.

W. Liu, P. Shi, and J. S. Pan, “State estimation for discrete-
time Markov jump linear systems with time-correlated and
mode-dependent measurement noise,” Automatica, vol. 85,
pp. 9-21, 2017.

W. Liu, “State estimation for discrete-time Markov jump
linear systems with time-correlated measurement noise,”
Automatica, vol. 76, pp. 266-276, 2017.

X. M. Wang, W. Q. Liu, and Z. L. Deng, “Robust weighted
fusion Kalman estimators for multi-model multisensor sys-
tems with uncertain-variance multiplicative and linearly
correlated additive white noises,” Signal Processing, vol. 137,
pp. 339-355, 2017.

X. M. Wang, W. Q. Liu, and Z. L. Deng, “Robust weighted
fusion Kalman estimators for systems with multiplicative
noises, missing measurements and uncertain-variance line-
arly correlated white noises,” Aerospace Science and Tech-
nology, vol. 68, pp. 331-344, 2017.

Z. Xing, Y. Xia, L. Yan, K. Lu, and Q. Gong, “Multisensor
distributed weighted Kalman filter fusion with network de-
lays, stochastic uncertainties, autocorrelated, and cross-
correlated noises,” IEEE Transactions on Systems Man and
Cybernetics Systems, vol. 48, no. 5, pp. 716-726, 2016.

M. Sheng, Y. D. Tang, and Y. Zou, “Optimal recursive esti-
mation with uncertain observation and time-correlated dis-
turbances,” Journal of Astronautic Metrology and
Measurement, vol. 25, no. 2, pp. 38-42, 2005.

B. D. O. Anderson, J. B. Moore, and M. Eslami, “Optimal
filtering,” IEEE Transactions on Systems Man and Cybernetics,
vol. 12, no. 2, pp- 235-236, 2007.

B. Chen, L. Yu, and W. A. Zhang, “Robust Kalman filtering for
uncertain discrete time-delay systems with missing mea-
surement,” Acta Automatica Sinica, vol. 37, no. 1, pp. 123-128,
2011.

Z. Li and W. Yang, “Spherical simplex-radial cubature
quadrature Kalman filter,” Journal of Electrical and Computer
Engineering, vol. 2017, Article ID 7863875, 8 pages, 2017.
Y. Huang, C. Bao, J. Wu, and Y. Ma, “Estimation of sideslip
angle based on extended Kalman filter,” Journal of Electrical
and Computer Engineering, vol. 2017, Article ID 5301602,
9 pages, 2017.

Journal of Electrical and Computer Engineering



International Journal of

Rotating

Machinery

The Scientific . 35
WorldJournal ——  Sensors BRI~

Journal of
Control Science
and Engineering

sin

Civil Ehgineering

Hindawi

Submit your manuscripts at
www.hindawi.com

2 1 Journal of
Journal of Electrical and Computer
Robotics Engineering

Advances in
OptoElectronics

International Journal of

Modelling & Aerospace

\r‘\tf}m_at\'g;wla\ Journal of Simulation q o
Navigation and in Engineering Engmeerlng

Observation

International Journal of ) :
International Journal of Antennas and Active and Passive T
Chemical Engineering Propagation Flectronic Components Shock and Vibration A and Vibration


https://www.hindawi.com/journals/ijae/
https://www.hindawi.com/journals/jr/
https://www.hindawi.com/journals/apec/
https://www.hindawi.com/journals/vlsi/
https://www.hindawi.com/journals/sv/
https://www.hindawi.com/journals/ace/
https://www.hindawi.com/journals/aav/
https://www.hindawi.com/journals/jece/
https://www.hindawi.com/journals/aoe/
https://www.hindawi.com/journals/tswj/
https://www.hindawi.com/journals/jcse/
https://www.hindawi.com/journals/je/
https://www.hindawi.com/journals/js/
https://www.hindawi.com/journals/ijrm/
https://www.hindawi.com/journals/mse/
https://www.hindawi.com/journals/ijce/
https://www.hindawi.com/journals/ijap/
https://www.hindawi.com/journals/ijno/
https://www.hindawi.com/journals/am/
https://www.hindawi.com/
https://www.hindawi.com/

