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Abstract: In this paper, we study the filtering issue for a class of complex networks (CNs) with filter-and-forward
relays (FFR) under fading channels. To facilitate transmission, the FFRs deployed between the sensor and filter
are employed to orchestrate the signal communication. Here, the phenomena of fading channels are considered in
both the sensor-relay and relay-filter channels, which are depicted by two sets of random variables. The aim of
this paper is to jointly design the recursive filters for the FFRs and the underlying CNs in the presence of fading
channels. Initially, the inductive method is utilized to obtain upper bounds on the filtering error covariances which,
by following this, are minimized by the design of suitable filter gains. Finally, an example is given to showcase the
effectiveness of the filtering strategy.
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1. Introduction

For decades, research interest in complex networks (CNs) has surged owing mainly to its effective ability to
describe various large-scale systems including smart grid systems, transportation systems, social networks and
biological engineering [1-6]. The defining feature of CN lies in that it composes a vast number of interconnected
nodes, whose dynamics are influenced by their neighboring nodes within a given topology. In particular, the complex
dynamics and intricate couplings of CN nodes have generated escalating attention yielding many excellent findings
related to stability, control, synchronization and filtering (or estimation), see e.g., [7—11].

For CNs, the information of node states has been well recognized to be practically significant for accomplishing
certain synchronization/tracking tasks. Unfortunately, due mainly to the resource constraints, obtaining/computing
all state information is usually challenging, especially in huge-scale networks. In response, over the years, the
filtering issue, aiming at offering estimates of node states with help of partial measurements, has appeared as
a prominent research topic with many effective filtering algorithms proposed in the literature, see e.g., [12—16].
For example, in [13, 17, 18], the variance-constrained filtering method, the H., state estimation strategy and
set-membership filtering techniques have been put forward for CNs with respect to Gaussian-type noises, energy
bounded disturbances and unknown-but-bounded noises, respectively.

It is noteworthy that, most existing results on the filtering issue have been obtained based on the foundational
presumption that sensors are capable of transmitting their signals to the filter across arbitrary distances without
limitation. This presumption, however, proves unrealistic in the field of wireless communication particularly
in long-distance scenarios, when considering the technical/physical constraints of the energy-limitation sensors.
To tackle the transmission concerns, the relay-aided techniques have been extensively employed in practice, whose
essence is to receive/process the signal from sensor and then forward it to the distant filter with aim to enhance the
reliability of long-distance transmission. In most recent, the use of relay-based strategies in filtering issues has been
explored in [14, 19-22] for various networked systems.

Broadly saying, common relays can be classified into three types, i.e. compress-and-forward relays, amplify-
and-forward relays, and filter-and-forward relays (FFRs), see [23-28]. In FFRs, the relay performs a linear filtering
on the incoming signal and immediately retransmits the filtered output to the destination. A distinct benefit of FFRs
lies in its ability to realize a trade-off between the system performance and the computational complexity [29].
Owing to this advantage, the FFRs have been widely embraced within the signal processing community, see
e.g., [30,31]. On the other hand, as a kind of resource that impairs the signal quality in wireless communication,
fading inevitably arise from the limited bandwidth, shadowing or multiple-path propagation. Accordingly, research
on the control/filtering issues under fading effects has emerged as a hot topic in the last years with some elegant
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results displayed in [32-36]. Notably, FFRs have not yet been examined in the filtering issue for CNs, especially
not in cases under the fading effects. This unaddressed gap promotes the main motivation of the current study.

Building upon the above discussions, this paper delves into the study of estimation of CNs under the FFR
framework. The key contributions can be summarized as follows: (1) FFRs are, for the first time, introduced into
the design of recursive filters of CNs, hence providing an insight closer to practical applications; (2) Upper bounds
on the filtering error covariances(FECs) are obtained by solving two recursive equations, which are seen as an
important index for evaluating the filtering performance; and (3) The desired filters are jointly designed for both the
FFRs and the CNs to minimize the obtained upper bounds, which ensures the efficiency of the estimation process.

Notations. In this paper, the notation is fairly standard. R™ and diag{- - - } mean the n-dimensional Euclidean
space and the block diagonal matrix. For a matrix 9, let (3) %, (3)7, Anax (D), E{0} and tr{0} be the inverse, the
transpose, the largest singular value, the mathematical expectation and the trace of 0. For symmetric matrix 0,
0 > 0 (0 > 0) represents that 3 is positive (semi-positive).

2. Problem Formulation

Consider a CN having ) nodes whose dynamics is described as

Q
ab = APal + prqfx? + BPw,
pt (1
y? = CPxP + DPu,
forp = 1,...,Q, the state and measurement of node p are denoted by x? € R"» and y? € R"v, respectively.
W = W7 = (wpg)oxq is the outer-coupled matrix with wy,, = — ZqQ:Lq;ép wpq and wpq > 0 (p # ¢) but not
all elements zeros. I' = diag{oy, ..., 0, } represents an inner coupling matrix. A?, B?, C? and D? are known

matrices. w, € R™» and v, € R™v are noises obeying Gaussian distributions with mean 0 and variances W, and V,.
The initial values of state zf, is a Gaussian distributed variable with E{z{) } = Z, and E{(af —,)(zf —z,)" } = Z,..

In this paper, for each node p, its measurement output is transmitted in accordance with an FFR with aim to
improve the signal quality especially in long-distance wireless transmission. The FFR first receives the data from
sensor and then generates an estimate by its own filter. Meanwhile, the relay forwards such an estimate to the remote
filter. Here, denoted y? by the received signal of the p-th FFR with

v = VET Y + 9., @)

where FE), is the average transmission energy of sensor node p. ¥, € R™v is the channel noise obeying Gaussian
distribution with mean 0 and variances ®,. 7P € R is the stochastic fading coefficient in the sensor-to-relay channel
with E{r?} = 7, and E{(7F — 7,,)%} = 7,.

Based on the received data y?, the filter in the relay side is construed as follows:

U= AV P+ K — N Epr CPAT_ ) )

where 9? is the estimate signal of state z? in the relay p. KP? is the filter gain to be designed.
Afterward, let P = CPP be the signal delivered by the relay to the remote filter. The real signal received by
the remote filter is

T = /Fpidf + v, )

where F), is the average energy delivered by the relay p. v, € R™v is the channel noise obeying Gaussian distribution
with mean 0 and variances ¥,. uP € R stands for the stochastic fading coefficient in the relay-to-filter channel with

E{Nf} = fip and ]E{(Nf - .ap)Q} = [ip-

Assumption 1. All these random variables mg, w,, v, 9, v, TP and pP are auto-uncorrelated and
mutually uncorrelated.

Remark 1. In this paper, we consider the relay-based communication between the sensor and filter for the purpose

of enhance the signal quality by splitting the long transmission path into two shorter ones. Specifically, the
FFR (2)—(4) has been deployed due to its ability to suppress the effects of channel noises on the delivered signal
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by developing a suitable filtering strategy in the relay node, thereby guaranteeing a satisfied communication
performance. In addition, note that the fading phenomenon is also considered in both the sensor-relay channel and
the relay-filter channel to account for the possibly unreliable wireless network.

With the local data 3P, the following filter is constructed for CN (1):

Ty, AT, + Z“Z’q” )

_ _ — AP P
$L+1\L+1 —zL+1\L + GL-’rl (%+1 vV Fp/‘pOL+1xL+1\L)

where, at instant ¢, the one-step prediction of z? is denoted by 77
The gain of the filter designed later is denoted by G?.
Defining 77 £ xP — 1?, it is known from (1) and (3) that

1) and the estimate of 27 is denoted by z7 B

7f+1 —VE TPKL+1CL+1A —vE TpKH_lCH_1 prqfx
— VET KOl Al — Ep T K Oy prql“x‘} (©)

_ “47 P 4 D
—VEK, L+1 L+1 )BYw, EyT, 1KL+1CL+1BLwL
p
—VETK, L+1 L+1UL+1 VE 71+1 L+1 L+1UL+1—KL+119L+1

o~p  p _

with 7,7, | = TL+1 Tp-
L P _ P A P _ 2P e .

Defining z¥ 1l = o1 — T, +1j+1 — Tp1 — T, 4q),4q DY the prediction error and the filtering

error, according to (1) and (5), it is easy to obtain the following error dynamics:

and 7%

= »
T, = AP LlL—I—E wqua: + BPw,

if+1|L+1 -V NPGLHCLH 1 TV ﬁL+1Gf+lcf+1pr+1 @)
+ v pML+1GL+1CL+17L+1 + v Fp/‘pr+10L+1? L+1VL+1

where /iy = p1; 1 — flp.

Now, denote the FECs as .’ff { T2 zr ‘T} and 3P £ E{?f?{’T}. We are aimed at designing filters of
forms (3) and (5) such that upper bounds on FECs are ensured and then minimized by designing appropriate gain
KP and GP, respectively.

3. Main Results

The following three helpful lemmas are given to obtain our main results.
Lemma 1. Given matrices F and 7, and scalar = > 0, the following holds:
FIU 4T <appT 4+ o 1777,
Lemma 2. Denote RP = ]E{x{’xfT}. For a given scalar a1, if there exists a set of positive definite matrices
ﬁ]; satisfying

R =(1+a))APR, APT 4+ BPW,BPT 4 (1 +ay! Z |wpg | TRIT (8)

with initial value Ry = =, + Iy} and & = Z

Proof. It follows from (1) that
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p D pT
Ry = E{al 2l )

Q Q .
:E{ [A{’a:f + 3wzl + Bf’wb} [Afxf + 3 wplad + Bf’wb} } )
q=1 q=1

§(1+a1)E{AfxfmfAfT} (1+a;? {prqfxq

Q T .
x[qz_:lwpql"xf} }—i—BpE{wL }Bp

by using Lemma 1.
Furthermore, we deduce that

Q Q T
E{prqFx?{prqFxf} }
1 Q
18] 3 s [atal? + a7 (10
1 Q Q l l
T T T
<3B{ 303 lomllnlCatat” + atat? |7}

._.
~
Il

-

Inserting (10) into (9) results in

R <(1+ al)APWAPT + BPW,BP" (1)
+(1+afﬂw§:k%AF%ﬂ¢-
q=1
Clearly, we can confirm R? < ﬁf based on the mathematical induction. O

Lemma 3. For given scalars as and as, if there exists a set of positive definite matrices 3, satisfying
P = [P P T
3L+1 =(1+ a2)(A} — v/ TpKL+1CL+1Ap)3 f ~VETK 1 ClL4 AY)

+ (14 g )T = VB KD L Cl) (@ Z (wpa TRITT ) (1 = /By KTy, CFy )T

+OHMEwKH@LN%Aﬂﬁﬂmﬂ+u+@ﬂ&ﬂMh (12)
T _
L+1( Z |qu|F§CE FT) Cf)+1 + (= EPTPK?—&-IC?-&J)B?WL

T _ T ~pT 7-pT

x B (I — v/ TpKL+1CL+1 + EPTPKZ?—Q—lCLp-‘rleWLBf Cf}-s-le-;-l
_2 T T
+ EZD(Tp + Tp)KfH L+1VL+1DL+1K5)+1 + KLPH(I)LHKfH

with initial value 3@ = Z,, then Ef is an upper bound of 3P, i.e. 3P < Ef

Proof. Referring to (6), we have
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3 =E{T LT )
:E{[ - VE, 7, K CF  AY) ? + (I —/E,7,K? ,CY, ) prqFx

Q
~p P AP.P ~Pp = P P
~VET G K Cla ATal) — BTl K CF prsz + = VETEK L Clyy)
q=1
P /E p /T = P P
X Bjw, — 71-&-1 L-’rl -‘rlBL w, =\ EpTp K, 1D, 041 —  E +1KL+1DL+1UL+1
P /E P q
- KL+119L+1} { (A} — v TpKL+1CL+1A Ep7y L+1CL+1) prqrxb
q=1

Q
Y Ep%?+1KL+1CL+1A Ty — EP%/LP+1K5)+1O?+1 prqFa:? + -y Ep%pKﬁrleH)
X Bfw, — v/ Ep?f’HKf’HCfHBZ’wL VER T K L+1 L+1UL+1 VE 71+1 L+1 L+1UL+1 (13)
T
KL+17‘9/+1:| }
S(l + a2)(A{) Y Ep%pKerleJrlAf)E{?f?fT}(Af Y Ep?pKf+1Cf+1Af)T
Q Q -
+ (1 +a; (T - \/EprKf’HC’fH)E{ prqFxf [prqrx?] }

x (I = VE,mpKP CP )T + (1 + a3) 7B, KLHCLHAPIE{xpxpT}ApTCf’fle’fl
Q T
—1\ = T T
+(1+ag I)TpEpKf)HCfHE{ E :wquxf{ E wpql“xf} }C?—&-le—&-l

— v EpTp L+1Cf+1 )BIW, BpT —VEpTp L+1Cf+1 + EpTp L+1Cf+1
T pT
x WLBf)TCfHKfH + Ep(Tp + Tp)KfHDLHVLHDLHKLH + KL+1‘I>L+1KL+1

Similar to (10), it contributes to
3L+1 <(1+az)(A7 — \/>Tp LJrlCLJrlAp )37 (A \/>7—p L+1CL+1A )
+ (1 +a; YT = /E,7p KL, L+1)(@Z |wpq|F%?FT) ~VE, KL ClL)T
+(1+ ag)E T;,Kf;lcfHAPWAPchLK{’fl + (1 +a3")Ep7pKP, (14)
X CLDH( Z |qu|F§RqFT) CfflK '+ I = E K CFL ) BPW,

X BfT -V TpKL+1CL+1 +E TpKL+1CLp+1BpW BPTCLZ;+T1K?$1
T
+ Ep(Tp + ) K D L+1VL+1DL+1K51+1 + KL+1(I)L+1KL+1'

Bearing in mind Lemma 2, it is not difficult to see that 37 < Sf holds by means of mathematical induction.
O

Lemma 4. For given scalars ¢, ¢ and cs, if there exists a set of positive definite matrices X,), satisfying

P — T —1
X1 =(L4c2)(I = /FpppGY 1 CYy ) L+1|L ~ VFpipGY O )+ (L4 ey )
T ~pT . = T ~pT
X FpﬂpGL+1CL+13L+1Of+le+l + (14 c3) Fpfi, Gy CF R CFLL G (15)
_ . =D T ~pT T
+(1+cy 1)FPMPGf+1CLp+13L+1OLp+le+1 +GY Y G

Wlth xolo = XO\O = ‘—‘p and XH_HL (1 -+ Cl)Apx
x5

X, APT + BPW,BIT + (1+ ¢ )@ Y2 |wpg|TX,, T, then
o IS an upper bound of X¥ i ie. x L < X

e
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Proof. Bearing in mind the initial condition, assume that .’f”l < %L‘

then this theorem will be proved in light of mathematical induction.

If we verify X? < X7y 1),41 as follows,

141

First, denote % = E{ TR +1|L} by the prediction covariance. It is determined from (7) that

Q Q .
X, = { |avat, + Z wpa T, + Blw, | | AV, + Z pg TS, + Blw,| }

<(1+e¢ IE{APNP T AP} 4+ E{BPw,w TBPT} (16)

2 L\L L\
it St [Somray] )
which, according to (10), can be further obtained as

Q
xf—i—lﬂ —(1 + cl)Afgf\LAfT + BZ?WLB?T (1 + Cl ) Z prq‘rxblb : )

qg=1

Then, we have

X0, <X, (18)

Next, the local FEC is calculated as

P _mlzp =pT
xL—‘rllL—‘rl 7E{‘TL+1‘L+1:UL+1‘L+1 }

:E{ (I~ \/Fpﬂpr+1Cf)+1)5f+1|L - \/}’Tpﬁf-s-le-s-le)ﬂxfﬂ
+\/>ﬁf+1 f+1cf+17f+1+\/>ﬁp f+1Cf+1?p _Gf+1VL+1]
x (1 — iy GY +1C7) H_w \/>ML+1 Gl
+\/7M1+1GI+10/+17L+1+\/7/“LPGL+1CL+1? /+1VL+1]T}

1+ e2)(I = /FpipGY, +1Cl41) L+1|L \/>/’[’PGL+1CZ)+1 +(1+et) 19)
l’l’pr-‘rlCL-‘rl L+1Cf$1Gf11 "‘( +C3) pﬁpGL-‘rlCL-‘rl%LJFle)Jrlefl
(1 +c3 ) Fyfip G, CY +13L+1CLP—E1G€)3:1 + G Y L+1Gf-€1
1+ c2)( \/>Up 10l ¥L+1|L - \/>p/‘pGL+1Cf+1)T +(1+ 02_1)
pﬂpGL+1CL+13L+1Cf’IleT +(1+ 03)Fpﬁpr+1Cf+1%L+1CerTleI1
+ (14 ¢ ) FpfipGY,, CF +13L+1C/pfleT1 + G Y L+1Gf-€1
which implies that
i £ X (20)

The proof is complete now. O

Theorem 1. The upper bounds obtained in (12) and (15) could achieve their minimum values by designing K fD T
and Gf 1108

Gl =AY () K =X (e ) 21
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where

AV =1+ C2)ﬁpﬂp¥?+1ucff1a
Qv =0+ 02)Fpﬂ;2ocf+1¥€+1ucff1 +(1+ Cgl)Fpﬂ?)Cf+13f+1Cf$1

+ (14 ¢3) FpfipCPy R 1 O + (14 ¢ )i Cr 3,4, CFF + @,
Ny =(1+ a2)@p%pAf3fAfTCf$1 +(1+ agl)\/ﬁpﬁ? (‘“AJ i |qu|1—‘%?r) Cl,pfl

q=1

+ VE,7,B*W,B*TCPT | (22)

Terl =1+ a2)Ep7_}?Cf+1AfD3fAfTCff1 +(1+ agl)Ep’T__chp+1 (‘U EQ: ‘quw%flr)
q=1
x Cffl +(1+ a3)Ep?pCf+1Af%fA§)TCff1 +(1+ a?jl)Ep?pCf-H
X (&)\ zQ: |wpq|F%?F) Cffl + Ep(%;? + ?p)cf-f-le)WbeTCffl
q=1

+ Ey(72 + %) DP, Vo1 DY + 0.

Proof. Noting(12) and (15), taking the partial derivatives of the traces of Sf) 41 and ?f +1)uo41 With respect to K P
and G7_ |, respectively, we have

14
m“(iﬂ)
p— Q —

=—2(1+ a2)\/Ep7ipAfD3fAchf$1 -2(1+ agl)\/Ep%p (@ Z |wpq|F§Rz]F) Cf—i:-rl
g=1
— 2B, 7 BIW,BITCHL 4 2KT, (1 + a2) Byr2Cly ATSL AL P, (23)

Q
+ (14 a3 ") E,72C7,, (@ 3 |wpq|r%‘jr) CPT, + (1 + as) B, 7, O, APRY APT CPT,
q=1

Q
+ (L a5 ) By Cly (93 lupg TRIT) 2L, + By (72 + 7,) P BYW,BIT CIY,
q=1

9 o T
+ Ep(ﬂf + 1) D} Vo1 DYy + ‘I’L+1) =287 + K7

and

a(;aﬂrltr(xf-s-mﬂ)

=—-2(1+ Cz)ﬁpﬂpgﬁmcﬁl +2G7 44 ((1 + 02)Fpﬂ;270f+1¥f+1u0£1
+ (L4 e N 2CP 130 CPL + (1 + ¢3) By, CPu R CFL (24)
+ (14 6 ) FpfiCPy 3L CFF + @)

=— 277, +2G7,

where AP, |, QF | NP, and T, are defined in (22). Setting (23) and (24) to be zero, X}, and 3;,, could
achieve their minimums when K7, and G¥ , are designed as (21). O

Remark 2. In this paper, a thorough examination has been provided for the recursive filtering over FFR networks
subject to fading channels. Comparing to existing results, the novelty of this paper lies in the following three
key aspects: (1) the proposal of the FFRs within the long-distance transmission with aim to enhance the signal
quality; and (2) the designation of recursive filters that effectively quantify the effects from the deployed FFRs and
fading channels.
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4. Numerical Example

The simulation parameters of CN (1) with 3 nodes are given by:
0.8sin(2) 0 }

01 057" o 1” YT Vo1 i)

0.1 0.12cos(2¢) —0.15
B! = B? = B} = :
‘ [O.J ’ ¢ { —0.1 ] T [O.lcos(%)]

A1:A2:A3:[

The measurement is considered under FFR-based communications (2)—(4) with the following parameters:

Cl=[1+00lcos(2) 0.9], C2=1[0.9 0.8 0.0lsin(2)],
C2 =08 0.8+0.0lcos(2)]|, D} =0.15, D? = 0.1, D} = 0.2,
Ei=E,=E3=1, Fy =F,=F;=1,
and the channel coefficients satisfy 7y = 7o = 73 = 0.99, iy = jip = ji3 = 0.9, 7 = 7» = 73 = 0.01 and

i1 = fio = i3 = 0.01. Moreover, the introduced parameters are selected as a1 = a2 = a3 =c¢; = c3 =c3 = 1.
For node p, the following mean-squared errors (MSEs) are used:

P 2 2
S5 (@)~ ), MSEZ = 530S (a2t — g’ 5)

=1 s=1 L=1 s=1

MSE1? =

ol -

where 2P, PP (*) and 7° I( %) is the sth element of aP, P and 77, > =300 is the Monte Carlo trials number.

The covariances of the random noises are given as W, = 0.5, V, = 0.1, ®, = 0.1, T, = 0.1. The initial
value of network state has mean Z,, = 0 and covariance =, = 0.2. According to these given parameter settings, the
filter gains and the minimal upper bounds can be obtained from Theorem 1. The simulation results are given in
Figures 1-6. The network states and their corresponding estimates both in the relay side and filter side are illustrated
in Figures 1-3. In Figures 4-6, the traces of the minimal upper bounds %L|L and 3{’ as well as the actual MSEs are
plotted. It is observed that the proposed filtering method is capable of effectively estimating the real network states,
even when the measurement signals are subjected to the FFRs and fading channels.

0.4 2@ M
1(1)
02+ —N‘“
/
/\ /
-0.2
0 10 50 60
Tlme (¢)

Figure 1. State = and its estimates both in relay side and filter side.
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Time (¢)

Figure 2. State =2 and its estimates both in relay side and filter side.

0 10 20 30 40 50 60
Time (¢)

Time (1)

Figure 3. State > and its estimates both in relay side and filter side.

Trace of upper bound 7:“

— — —Trace of acutal error variance MSE1}

0.2

0.2 T
| — Trace of upper bound ZI‘L
0151t — — — Trace of acutal error variance MSE2;
|
0.1 4
g
0.051 ¢ 1
SN Y T T Y LD R T
0 I ! I . !
0 10 20 30 40 50 60

Figure 4. Trace of error variance and their upper bounds for node 1.
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0.3 T

o)

Trace of upper bound Ym
0.2 — — — Trace of acutal error variance MSE1?

~ _
0 \ N o~ N = N
0 10 20 30 40 50 60
Time (¢)
0.2 T
\ Trace of upper bound ZQ‘L
015t — — — Trace of acutal error variance MSE2?
|
0.1 1A 7
\
0050 1
. N
S NI T LT D A ST T X AT
0 Il Il Il Il
0 10 20 30 40 50 60

Time (¢)

Figure 5. Trace of error variance and their upper bounds for node 2.

0.4 T

Trace of upper bound Yf‘,,
— — —Trace of acutal error variance MSE1? | 7

0.3

0.2

0.1

0.2 T
I Trace of upper bound 7‘1
0151 — — —Trace of acutal error variance MSE1?
|
0.1 1)) 1
\
0.05F VY, 1
~/\,/\/,\«/\AA/\V/\/xff\/b_\/\/\/\
0 I I | I I
0 10 20 30 40 50 60
Time (¢)

Figure 6. Trace of error variance and their upper bounds for node 3.

5. Conclusions

This paper has been dedicated to designing a recursive filter for CNs with FFRs under fading channels. In order
to facilitate transmission, the FFRs have been deployed between the sensor and filter to orchestrate the signal
communication. Further, the phenomena of fading channels have been considered in both the sensor-relay and
relay-filter channels, which are depicted by two sets of random variables. Making good use of the mathematical
induction, the corresponding filtering algorithm has been proposed for the FFRs and the underlying CNs through
solving a minimization issue based on the upper bounds of the FECs. Finally, an example is given to showcase the
effectiveness of the filtering strategy.

Author Contributions: Q.L.: Investigation, Methodology, Writing; M.G.: Visualization, Software, Editing and reviewing.
Funding: This work was supported in part by the Zhejiang Provincial Natural Science Foundation under Grant LY24F030006.
Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

Use of AI and AI-Assisted Technologies: No Al tools were utilized for this paper.

References

1. Wang, Y.A.; Shen, B.; Zou, L.; et al. A survey on recent advances in distributed filtering over sensor networks subject to
communication constraints. Int. J. Netw. Dyn. Intell. 2023, 2, 100007.

10 of 12


https://doi.org/10.53941/ijndi.2026.100002

IJNDI 2026, 5(1), 2. https://doi.org/10.53941/ijndi.2026.100002

2.

Ding, X.; Lu, J.; Li, H.; et al. Recent developments of Boolean networks with switching and constraints. Int. J. Syst. Sci.
2023, 54, 2765-2783.

. Lin, J.; Ban, Y. Complex network topology of transportation systems. Transp. Rev. 2013, 33, 658-685.

4. Strogatz, S.H. Exploring complex networks. Nature 2001, 410, 268-276.

12.

13.

14.

15.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

. Wang, W.; Ma, L.; Rui, Q.; et al. A survey on privacy-preserving control and filtering of networked control systems. Int. J.

Syst. Sci. 2024, 55, 2269-2288.

. Wang, Y.; Liu, H.; Tan, H. An overview of filtering for sampled-data systems under communication constraints. Int. J. Netw.

Dyn. Intell. 2023, 2, 100011.

. Gao, P; Jia, C.; Zhou, A. Encryption-decryption-based state estimation for nonlinear complex networks subject to coupled

perturbation. Syst. Sci. Control Eng. 2024, 12, 2357796.

. Guo, Y.; Wang, Z.; Li, J.; et al. Pinning synchronization for stochastic complex networks with randomly occurring

nonlinearities: Tackling bit rate constraints and allocations. /IEEE Trans. Cybern. 2024, 54, 7248-7260.

. Mei, Z.; Oguchi, T. A real-time identification method of network structure in complex network systems. Int. J. Syst. Sci.

2023, 54, 549-564.

. Zhou, Y.; Guo, Y.; Liu, C.; et al. Synchronization for Markovian master-slave neural networks: An event-triggered impulsive

approach. Int. J. Syst. Sci. 2023, 54, 2551-2565.

. Zou, L.; Wang, Z.; Hu, J.; et al. Partial-node-based state estimation for delayed complex networks under intermittent

measurement outliers: A multiple-order-holder approach. IEEE Trans. Neural Netw. Learn. Syst. 2023, 34, 7181-7195.
Du, X.; Zou, L.; Zhong, M. Set-membership filtering approach to dynamic event-triggered fault estimation for a class of
nonlinear time-varying complex networks. [EEE/CAA J. Autom. Sin. 2024, 11, 638—648.

Meng, X.; Wang, Z.; Wang, F.; et al. Finite-horizon H, state estimation for complex networks with uncertain couplings and
packet losses: Handling amplify-and-forward relays. IEEE Trans. Neural Netw. Learn. Syst. 2024, 35, 17493-17503.
Zhong, Y.; Zhang, T.; Li, Z.; et al. Distributed set-membership filtering for complex networks with-and-forward: A two-step
ellipsoid method. Neurocomputing 2025, 622, 129317.

Xue, T.; Liu, Y. State estimation based on measurement from a part of nodes for a delayed It6 type of complex network with
Markovian mode-dependent parameters. Neurocomputing 2024, 600, 128188.

. Zhang, R.; Liu, H.; Liu, Y.; et al. Dynamic event-triggered state estimation for discrete-time delayed switched neural

networks with constrained bit rate. Syst. Sci. Control Eng. 2024, 12, 2334304.

Li, Q.; Wang, Z.; Hu, J.; et al. Simultaneous state and unknown input estimation for complex networks with redundant
channels under dynamic event-triggered mechanisms. IEEE Trans. Neural Netw. Learn. Syst. 2022, 33, 5441-5451.

Yang, H.; Yan, H.; Li, Y.; et al. Secure zonotopic set-membership state estimation for multirate complex networks under
encryption-decryption mechanism. /EEE Trans. Autom. Control 2024, 69, 5109-5124.

Dai, D.; Li, J.; Zhang, J.; et al. Energy-harvesting recursive filtering for delayed systems with amplify-and-forward relays:
Cooperative communication manner. J. Franklin Inst. 2024, 361, 107265.

Hu, J.; Li, J.; Yan, H.; et al. Optimized distributed filtering for saturated systems with amplify-and-forward relays over
sensor networks: A Dynamic event-triggered approach. IEEE Trans. Neural Netw. Learn. Syst. 2024, 35, 17742-17753.
Li, W.; Shen, B.; Zou, L.; et al. Stubborn state estimation for time-delay systems with relay communication network:
The half-duplex case. J. Franklin Inst. 2025, 362, 107465.

Liu, X.; Han, C.; Wang, W. Consensus optimal filter for linear systems over amplify-and-forward relay networks: Handling
delayed and degraded channels. IEEE Trans. Netw. Sci. Eng. 2024, 11, 4076-4092.

Ali, B.; Mirza, J.; Zhang, J.; et al. Full-duplex amplify-and-forward relay selection in cooperative cognitive radio networks.
IEEE Trans. Veh. Technol. 2019, 68, 6142-6146.

Gupta, A.; Sellathurai, M.; Ratnarajah, T. End-to-end learning-based full-duplex amplify-and-forward relay networks.
IEEE Trans. Commun. 2023, 71, 199-213.

Marzban, M.; El Shafie, A.; Sultan, A.; et al. Securing full-duplex amplify-and-forward relay-aided communications through
processing-time optimization. IEEE Trans. Veh. Technol. 2022, 71, 6790-6794.

Shafique, T.; Tabassum, H.; Hossain, E. Optimization of wireless relaying with flexible uav-borne reflecting surfaces.
IEEE Trans. Commun. 2021, 69, 309-325.

Sohaib, S.; Uppal, M. Full-Duplex compress-and-forward relaying under residual self-interference. IEEE Trans. Veh. Technol.
2018, 67, 2776-2780.

Kiani, S.; ShahbazPanahi, S.; Dong, D.; et al. Joint power allocation and distributed equalization design for ofdm-based
filter-and-forward two-way multi-relay networks. /[EEE Trans. Signal Process. 2021, 69, 4652—-4668.

Kim, D.; Sung, Y.; Chung, J. Filter-and-forward relay design for MIMO-OFDM systems. IEEE Trans. Commun. 2014,
62, 2329-2339.

Tan, H.; Shen, B.; Li, Q.; et al. Recursive filtering for stochastic systems with filter-and-forward successive relays. IEEE/CAA
J. Autom. Sin. 2024, 11, 1202-1212.

Zou, L.; Wang, Z.; Shen, B.; et al. Moving horizon estimation over relay channels: Dealing with packet losses. Automatica
2023, 155, 111079.

11 of 12


https://doi.org/10.53941/ijndi.2026.100002

IJNDI 2026, 5(1), 2. https://doi.org/10.53941/ijndi.2026.100002

32. Cao, Z.; Wang, Z.; Song, J.; et al. Sliding-mode control for sampled-data systems over fading channels: Dealing with
randomly switching sampling periods. IEEE Trans. Autom. Control 2024, 69, 3190-3197.

33. Han, F; Liu, J.; Li, J.; et al. Consensus control for multi-rate multi-agent systems with fading measurements: The dynamic
event-triggered case. Syst. Sci. Control Eng. 2023, 11, 2158959.

34. Jiang, X.; Yan, H.; Li, B.; et al. Optimal tracking of networked control systems over the fading channel with packet loss.
IEEE Trans. Autom. Control 2024, 69, 2652-2659.

35. Lv, X.; Niu, Y.; Park, J.H. Sliding mode control of FMII systems: Handling rice fading issues under 2-D frame. /[EEE Trans.
Syst. Man Cybern. Syst. 2023, 53, 6909-6920.

36. Li, G.; Wang, Z.; Bai, X.; et al. Event-triggered set-membership filtering for active power distribution systems under fading
channels: A zonotope-based approach. IEEE Trans. Autom. Sci. Eng. 2024, 22, 1139-1151.

12 of 12


https://doi.org/10.53941/ijndi.2026.100002

	Introduction
	Problem Formulation
	Main Results
	Numerical Example
	Conclusions

