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Abstract: This paper is concerned with the robust optimal estimation problem based on
the prediction compensation mechanism for dynamical networks with time-varying parameters,
where communication delays and degraded measurements are considered. The missing measure-
ments are characterized by some random variables governed by Bernoulli distribution, where
each sensor having individual missing probability is reflected. During the signal transmissions
through the communication networks, the network-induced communication delays commonly
exist among the adjacent nodes transmissions and a prediction updating method is given
to compensate the caused impacts. Accordingly, a time-varying state estimator with hybrid
compensation scheme is constructed such that, for both the communication delays and missing
measurements, a minimized upper bound matrix with regards to the estimation error covariance
matrix is found and an explicit estimator parameter matrix is designed at each sampling step
accordingly. Finally, the comparative simulations are given to validate the advantages of main
results.
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1. INTRODUCTION

The complex networks with non-trivial topological struc-
tures have successful applications in the system modelling
such as technological networks, computer networks, social
networks and so on Boccaletti et al. (2006); Yu et al.
(2017); Li and Yang (2016). Generally, the node state
information can not be always available due to various rea-
sons Huang et al. (2012). Hence, there is a need to design
estimation methods so as to provide efficient estimates for
the node state. For example, a state estimation scheme
with guaranteed H,, performance has been given in Shen
et al. (2013) for time-invariant complex networks in order
to estimate the node state and discuss the uncertain inner
coupling influences. To save the communication resources,
an event-based H., estimation method has been given in
Li, Shen, et al. (2018) for time-invariant complex networks
to attenuate the effects caused by state saturation and
quantized measurements. For time-varying complex net-
works, some estimation methods under different perfor-
mance indices have been reported Dong et al. (2018); Li,
Jia, et al. (2018). In Dong et al. (2018), a new recursive
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estimation scheme has been presented for time-varying
networks subject to varying topological features, where
H, performance criterion and variance constraint have
been considered. To address the bounded constraint, a set-
membership H,, estimation method has been developed in
Wang et al. (2018) for uncertain time-varying networks,
where major effort has been devoted to handle the ran-
domly occurring nonlinearities and fading measurements.
By considering the variance constraint, a recursive esti-
mation algorithm has been established in Li, Jia, et al.
(2018) for coupled stochastic networks with time-varying
characteristics.

During the data transmissions, the information might be
lost especially in the unreliable communication environ-
ment Duan and Shen (2019). As such, special effort has
been devoted and some estimation schemes have been
given for complex dynamical networks to deal with the
missing data Asif et al. (2016); Hu et al. (2016). In
Asif et al. (2016), the matrix and tensor based methods
have been proposed to estimate the missing values in the
intelligent transportation systems, where the algorithm
performance has been discussed by evaluating the esti-
mation accuracy, the variance of the data set as well
as the bias. In Hu et al. (2016), a recursive estimation
algorithm combining the variance constraint with local
optimal error criterion has been given to discuss the time-
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varying case, where new estimation scheme possessed the
recursive feature has been given for purpose of real-time
applications. On the other hand, it should be pointed out
that the delays would affect the estimation accuracy if not
handled properly. Recently, a great number of analysis
techniques have been proposed to deal with the impacts
from different types of delays onto the behaviours of dy-
namical networks. For instance, the sampled-data schemes
have been proposed in Ali et al. (2019); Rakkiyappan
and Sivaranjani (2016) for delayed dynamical networks.
In Wang et al. (2016); Sasirekha and Rakkiyappan (2017),
some efficient estimation results have been reported to
handle the mixed time-delays. However, it should be no-
ticed that most of the existing state estimation approaches
dealing with the time delays relied on the delay infor-
mation only, which inevitably sacrifice certain estimation
accuracy. Consequently, it is of significant importance to
properly tackle the effects from communication delays and
missing measurements and then provide a new estimation
method based on the prediction schemes in Liu (2017); Li
et al. (2019).

In this paper, we aim to handle the state estimation
problem with predication compensation ability for dy-
namical networks, where both communication delays and
missing measurements are considered within the time-
varying framework. To fulfill the major objective, a hybrid
compensation approach is given to attenuate the influences
from communication delays and missing measurements
onto estimation performance. In particular, the efficient
information of the delay upper bounds and missing prob-
ability is introduced when constructing the time-varying
estimator. Accordingly, a new recursive estimation algo-
rithm is developed to determine the optimal estimator
parameter and then propose the state estimate.

2. STATEMENT OF THE PROBLEM

In this paper, the following class of time-varying uncertain
coupled networks with missing measurements is consid-
ered:

N
Tigr1 =(Aig + DA )z g + Zwij,erj,k

j=1
+Bi,kwi,k7 221727 ,N (1>
Yik =i kCikTik + Vi, (2)
where z;, € R" depicts the state of the i-th node to
be estimated, the initial value is x;¢ with mean Z;,
Yix € R™ stands for the measurement output of the
i-th node, Qp = [wijk]y,y is the coupling strength
matrix, and I' is a known inner-coupling matrix. w; € R?
represents the process noise with zero mean and covariance
Wik. vir € R™ denotes the zero mean measurement
noise with covariance V;, > 0. AA;, = M; . F;xHix
represents the parameter uncertainty with ]-'i’kfg p <1
Xik (i=1,2,---,N) are the Bernoulli distributed random
variables. A;p, Hip, Mk, Big, I' and C;j are known

matrices.

A set of Bernoulli distributed random variables \; x (i =
1,2,---,N) is employed to depict the missing measure-
ments, which satisfies

Prob{\;x =1} = Ak, (3)

Prob{Ai, =0} =1 — A, (4)

where \; € [0,1] are known constants. In the sequel,
we assume that A;p, w;r, vix and 2,9 are mutually
independent.

In what follows, it should be mentioned that the commu-
nication delays are inevitably occurred among the commu-
nications of the state estimation, that is, there exist the
communication delays d;; between the node j and the node
¢ during the transmissions. Thus, the following updating
rule is utilized:

Tjk—dig+1lk—di; = Ajk—di; T k—diy

Ljk—dij+2|k—dij = Aj,k—di]-+1$j,k—d,;j+1|k—d,;j7

Ty kpk—di; = Aj—1Tj k—1|k—d;; - (5)

Then, from (5), it further yields that &;xx—a,;
dij

Ajdy; Bjk—dyy With Ajay; = T1 Ajk—s.
s=1

For the i-th node, we design time-varying estimator of the
following form:

N
Ti k1 = A ki b + wig 11Ty 1 + E wij k1T kjk—d,,;
=L
+i k(Wi — Nk Cik®ik), (6)

where &;; denotes the state estimation of z;j at the
instant k, and K; ; represents the desired estimator pa-
rameter matrix to be determined later.

Remark 1: The prediction method is given in (5) to actively
compensate the communication delays with a prediction
updating rule, where the predictive state estimation is
obtained in terms of the delayed estimations. Besides,
the statistical information of incomplete measurements is
utilized during the estimator design. In fact, the estimator
(6) is a Kalman-like estimator for dynamical networks,
where the estimations from all nodes at the last instant
and the innovations measurements are utilized. However,
it should be pointed that a predictive-compensation term
(i-e., the third term of (6)) is introduced due to the exis-
tence of communication delays d;;, which is indeed new yet
different compared with existing results. Later, a hybrid
estimation scheme will be proposed to jointly improve
the estimation accuracy. In particular, major effort will
be devoted to deal with and compensate the impacts of
communication delays between the node’s transmissions
and the degraded measurements collected by sensors.

Define Z; 41 = %ik+1 — &ik+1 as the estimation error
and Qi1 = E{Z;r17] .1} as the estimation error
covariance matrix. Now, we are ready to summarize the
objectives of this paper. 1) Construct a state estimator
of recursive form (6) such that there exists an upper
bound covariance matrix Q; r4+1 of Q; x+1. 2) Design the
estimator gain KC; ;41 to minimize the trace of the upper
bound covariance matrix Q; x+1. 3) Provide the mono-
tonicity analysis between the occurrence probabilities and
the upper bound covariance matrix.
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3. DESIGN OF TIME-VARYING ESTIMATION
SCHEME

In this section, the covariance matrices of state and es-
timation error are firstly calculated. Next, the recursion
equation of an optimal upper bound matrix is derived by
choosing the state estimator gain properly.

To begin with, introduce the notation 5\”C =Nk — 5\1‘,1«
From (1) and (6), &; x+1 can be calculated as:

Figr1 = (Ai g + wii kT — N oK 1k Ci )ik
N
+ Y wikl @k — & kjk—a,,)
j=1j#i
+AA; gk — Nkl kCi ki — Kigvig. (7)
To proceed, let us calculate the state covariance and

estimation error covariance. Here, the related proofs are
omitted due to the space limitation.

Theorem 1. Consider the time-varying uncertain coupled
networks (1)-(2) with the recursive estimator (6). For a
scalar § > 0, the state covariance matrix X; ;41 has the
following upper bound:

Xi k41
T T T
<201+ 6)[Ai ke Xin AL + tr(H; 1o Xa o H' ) Mi 1 M ]

N
AN +067")Y wd  TX " + Bi Wi By
j=1

2 Xkt (8)
Theorem 2. Consider the time-varying uncertain coupled
networks (1)-(2) with the recursive estimator (6). The
recursive equation of estimation error covariance matrix
Qi k+1 is described as follows:

Qi k+1
= (A +wii k] — N kKi 1Ci 1) Qi ke (Ai ke + wis 1 T
ik kCi)t + Av g + Afk + Ao i + AzT,k

N
+E{ Z w,]kl—‘(wj,k - i.j,k|k—di_j )‘|

J=1.#i
N T
x|y w@ﬁkF(xzk‘—<ﬁmkkdﬁ)] }
J=1,5#
+ Az + Agp + AA; X R AAT,
ik (1= X k) Kok Ci o X e CLLKT,
+B; kWi kBl + Ki 1 Vi K, (9)
where

Ai g = (Ai g + wis kD — N 1K 1k Ci k)

N T
xEQ ik Z wij kDT 5 — 25 k|k—dy;) ;
=L

Az o= (Ai g + wii kT — X 1Kk Ci k)

N
Az = E{ [ > wial (e — i”j,k|kdij)] xg:k}AAiT,k~

j=1j#i

Now, we are in a position to provide the recursion of the
upper bound matrix Q; 41 regarding Q; y+1.

Theorem 3. Consider the estimation error covariance ma-
trix in (9). Let 6 > 0 and ¢ > 0 (t = 1,2,3) be constant
scalars. Assume that the following matrix difference equa-
tion with Qi,O = Xi70 >0

Qi kt1
=(1+e +e)(Aig +wis k] — N kKi kCi 1) Qi ke
x (Ai g + wii kD — N 1K xCip) "

N
21+t )N -1) Y why
Jj=1g#i
XD (X + &5kl diy & kin—as,;)
+(1+ e " + 5 e (H, 1 Xo o H o) Mi o M,
+Ai (1 — j\i,k)’Ci,kCi,kXi,kCEklcg:k
+B; kWi kBl + Kk Vi kK7, (10)

has the solution Xj ;1 > 0. Then, it can be concluded
that

Qik+1 < Qi kt1-
Furthermore, if we choose K; i, as

Kir=(04e +e)Nir(Aig+ Wii,kr)gi,kcgkz;,; (11)
with

Yir=01+e+ 52)5\?’1601',]@91',]605]@

i k(1= Xik)Ci i Xi kO + Vi, (12)
then tr(Q; x+1) is minimized at every sampling step.
Proof. The main results can be verified by using the
mathematical induction method and completing square

technique. First, let us deal with the cross and unknown
terms in (9). From simple computation, it yields

A+ AlT,k
<er(Aig + wii kD — N kKikCik) Qi k
x (A + wii kD — Nipfi xCip) T

N
+€1_1]E{[ Z wig kL' (2% i’j,kk—d”)]
=1
N
[ 5

=1
Ao i + Agk
<e(Ai g+ wiikl — S\LleakC'i,k)Qi,k
X (Aj g + wig 1 I — ;\i,k’Ci,kCi,k>T
—I—E;lAAi,kE{xi,kl'g:k}AAz:k’
Az i + -A:j’:,k

T
WwJJYfmk-fLMkmjﬂ }, (13)

(14)

1049



Preprints of the 21st IFAC World Congress (Virtual)

Berlin, Germany, July 12-17, 2020
N
SQE{ > wmﬂx%k—mech]
Jj=1,j#i

N T
X[ Z wz’j,kr(xﬁk_jj,kk—dw)] }

J=1,5#i
ey ' AA Bz ol 1 AAT (15)

where ¢, > 0 (t = 1,2,3). Then, it follows from (13)-(15)
that (9) can be rewritten as

Qi k+1
<(1+e +e)(Aig +wii ikl — XNikKikr1Cik)Qik
x (At + wii ol — N pKi 101 k)"

N
E:Wmﬁ@m—%mk%ﬂ

j=1,j#i

+(1+et + 63)E{

N T
X[ Z wz’j,kr(xﬁk—ij,kk—dw)] }

=1
+(1+ 6" +e5AA; L X 1 AAT,
+Ai (1 — Xz’,k)’Ci,kCi,kXi,kCZklczk

+Ki 1 Vi oKy (16)
Next, the second term in (16) is handled as
N
E{ [ Z wij,kr(mj,k - iﬂj}klk—du)]
=15
v T
X l Z wij k(@) — ijykk—du)] }
=Ly
N
< (N — I)E{ Y wigal (el
=1
+£$kk—duizkw—dw)}
N
= (N — 1) Z (JJij,kF(Xj,k + jf'j,k|k7dijj"}jk|k—d”)'
=15
(17)

Moreover, the third term in (16) with parameter uncer-
tainty is described by:
(1+6 " +egAA X RAAT,
<1+ ey 4 e ) te(Hy o Xo o H' ) M; 1 M.
Together with (16)-(18), we can get

(18)

Qi k+1
<(1+e +e)(Aig +wii kil — XNikKi k1 1Ci k) Qi ke
x (A + wii kD — NixKi gr1Cin) T

N
FA+ 6 +e)(N=-1) > wijsk
j=1,j#i

xI( Xk + L k|k—di; f?ku@fdij)
+(1+e5 " + €3 )or(H;p X o H g ) Mi 1 M,
i k(1= X k) Ki kCin Xk CLLKT
+Ki k Vi kKl

Then, the above results lead to

Qi k1 < Qi kt1-

Finally, we are ready to design the desired K; in order
to minimize Q; x4+1. From the completing square method,
rewrite the upper matrix Q; ;41 with regards to the
estimator gain matrix ; . Then, we have

(19)

Qi kt1
=(1+e+e)(Aig +wirD) Qi k(A g +wis k)T
N
Hl+e eV =1) > wijk
=15

XT(Xj e + & kfk—ds, j}?k\k—d”)
+(1+ 3" + €5 er(Hiw X o H ) M i M,
+Iik — (L4 €1 + €)M g (Ai g + wii,kF)Qi,kCZkzi_,lﬂ
XYi klik — (1 + €1+ €e2) Nk (Ai g + wii k1) Qi g
xCHET T = (L4 e+ €2)* A7 (Aik + wii k)
X QmCiT,kZ;;iCi,k Qi k(A g + wii k)T

with ¥;  defined in (12). Now, select /C; i as

(20)

Kik =1+ e+ e2)Ai i (Aip +wii k1) Qi Ol Eo -
Thus, the proof is complete.
To end this section, the newly prediction-based state

estimation (PBSE) algorithm is listed to facilitate future
applications.

PBST Algorithm :

S1: Initialize the related values.

S2: Calculate the estimator parameter matrix K; j via (11).
S53: Update the prediction estimation &; |54, in view of (5).

S4: Obtain the state estimation &; ;41 according to (6).

S5: Derive the estimation error covariance Q; 41 by
utilizing (10).

S6: Let k =k + 1. Go back to S2.

Remark 2: Notice that the PBSE problem has been solved
for uncertain dynamical networks with communication
delays and missing measurements. The communication
delays during the data transmissions between the adjacent
network nodes have been taken into account and the pre-
diction state compensation method has been given accord-
ingly. Both the probability of the missing measurements
and the predictive state estimations have been utilized
when designing the time-varying estimator and propos-
ing the estimation algorithm, which have been explicitly
reflected in the new PBSE algorithm mentioned above.

4. AN ILLUSTRATIVE SIMULATION

In this section, the following simulation experiment is
provided to show the validity of new prediction-based state
estimation scheme.
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Consider the uncertain coupled networks (1)-(2) with the

following parameters: g 10 ‘ ‘ ‘ ‘

4. _ [ —0.56 —0.46 7

LR 018 —0.15 + 0.5 cos(2k) | £
A, [0.76 —0.72 4 0.12 cos(2k)

27 10.62 0.58 4 0.45cos(2k) | §.
Ao — [0 —~1.6

$k 7 10.66 —0.06 + 0.05sin(k)

[0.48 0.35 0.3

Buk=105 } » Bri = [0.89} » Ba = {0.37} ’

Cip=[1615], Cyp=[1.62.1],

2%, and its estimation

Csp=[1914], M, = [8;}7 "o 10 20 30 4Ok/t'50t 60 70 80 90 100
ime step

Hip=[-0302],i=12,3.

Moreover, let I' = diag{0.08,0.08} and w;; = 0.5 (i # j)
and Wi = 1 (’L = 1,2,3)

=
®

. 2. The curves of z3;, and 2o .

During the simulation experiment, choose the initial con- é 100 _ <c‘~ 5 _ (G 11]
. - 3 - 5 B 3 g 23, (Case I) — — — &3, (Case
ditions Z1 9 = |:1:|,.T2)0 = [1},1‘3,0 = [1]7 Q.0 = 5la, %
Xio = Zio2ly, ¢ = 1 (i = 1,2,3), 6 = 0.1, Wiy = <
War =015, W3, =02, Vi = Vo, = 0.2, Va3 = 0.15, °
-

Zio = Tipo, Tik = [8” (k<0)(i=1,2,3).

To validate the efficiency and advantages of the PBSE
algorithm, we compare the cases with/without predic-
tion compensation, i.e., Case I: estimation with PBSE
algorithm; Case II: estimation without the updating rule
(5). Simulation results under X;, = 0.88 and d;; = 6
are presented in Figs. 1-5, where Figs. 1-3 are the state 100 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
trajectories of 3 nodes and their estimations with/without 0 10 20 30 40 5 60 70 8 9 100
prediction compensation. Fig. 4 depicts the log(MSEs) K/time step

of 3 nodes and their upper bounds under Case I. The
comparisons of MSE with/without delay compensation
under 500 iterations are shown in Fig. 5. It can be seen
from the simulations that the estimation performance with

3, and its estimation

&)
®

. 3. The curves of z3; and Z3 .

100 T T T T T
the PBSE algorithm performs well than the one without |[= — —Upper bound 1 —-—-— logMSED| - —~— -
using delay prediction estimation. s0r -7 1
0 e T T D e e e -

0 10 20 30 40 50 60 70 80 90 100
k/time step (node 1)

5 T T T

100

T T T T T
— — —Upper bound 2 —-—-— log(MSEZ)‘ -7 -
50 = B

0 10 20 30 40 50 60 70 80 90 100
k/time step (node 2)

x},, and its estimation

100

50 E— 1

0 10 20 30 40 50 60 70 80 90 100
k/time step (node 3)

2%, and its estimation

Fig. 4. log(MSE) and upper bounds.
5. CONCLUSIONS

k/time step

In this paper, we have tackled the prediction-based es-

Fig. 1. Th f 1 k- . . . . .
'8 e curves of 7y and 21 timation problem for time-varying uncertain dynamical
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T T
log(MSE) (Case I)

log(MSE) (Case II) \

N

0 10 20 30 40 50 60 70 80 90 100
k/time step

Fig. 5. log(MSE) with/without compensation (500 itera-
tions).

networks with communication delays and missing mea-
surements. The proposed main result has the following
features: 1) a hybrid compensation estimation has been
presented, where both the communication delays and the
missing measurements have been taken into account; 2)
a local optimal upper bound matrix has been found for
the estimation error covariance and the estimator gain
matrix has been parameterized accordingly, hence a re-
cursive algorithm suitable for online application has been
established.
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