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Abstract: This paper explores the chance-constrained set-membership filtering problem for complex
networks subject to missing measurements and long-distance transmissions. To enhance the
transmission reliability, a full-duplex relay was placed between the sensor and the remote filter,
supplemented by a self-interference suppression mechanism to mitigate relay-induced disturbances.
Missing measurements were modeled using Bernoulli random variables, while transmission
uncertainties arising from long-distance transmission were characterized by stochastic channel
parameters. The primary objective was to construct a filter that confines the filtering error within a
predefined ellipsoidal bound at a specified probability level. To this end, sufficient conditions in the
form of recursive linear matrix inequalities were derived, from which the corresponding filter gains
were obtained. Within this framework, two optimization schemes were further formulated to achieve
locally optimal filtering performance. A numerical result validated the effectiveness of the proposed
method.
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1. Introduction

Complex networks (CNs) have attracted significant interest due to their broad applications in various
domains, including vehicular and sensor communication networks [1], microgrid systems [2, 3], and
networked systems [4,5]. Typically, a CN is characterized by large-scale interconnections among
its nodes and edges, which signify the relationships and interactions between different entities.
Significant effort has been devoted to filtering and state estimation problems, since these play a
fundamental role in analyzing and regulating networked dynamical behaviors [6,7]. Nonetheless, the
complex interconnections among nodes, coupled with uncertainties introduced by the network, present


https://www.aimspress.com/journal/Math
https://dx.doi.org/ 10.3934/math.2026513

12479

considerable obstacles to attaining reliable state estimation, thereby requiring additional research.

Due to the inherent difficulty in describing pervasive noise using probabilistic models, many
engineering systems face challenges when applying traditional filtering methods. Approaches
such as Kalman filtering necessitate prior knowledge of noise distributions, yet such information
is often difficult to obtain in practical applications. Set-membership filtering has emerged as a
powerful alternative to overcome this limitation by providing bounded guarantees for filtering errors
under unknown-but-bounded disturbances [8—10]. The set-membership filtering method provides a
deterministic estimation framework by computing recursive ellipsoid sets encompassing the actual
system states. This method ensures robustness without relying on precise statistical assumptions,
making it particularly suitable for control networks characterized by modeling uncertainties and
randomness [11, 12]. Nevertheless, traditional set-membership filtering techniques may be excessively
conservative, with stringent requirements that are challenging to meet in real-world scenarios.

To alleviate such conservatism, researchers have introduced chance-constrained set-membership
filtering, commonly referred to as probability-guaranteed filtering [13, 14]. This approach relaxes
the strict deterministic constraints by requiring the estimation error to remain within a prescribed
ellipsoidal region only with a given probability, thereby offering enhanced flexibility. As a result, the
chance-constrained formulation is more suitable for practical filtering problems, such as target tracking
and weapon shooting tests, where excessively stringent deterministic guarantees may be unnecessary or
difficult to satisfy. Numerous studies have demonstrated that this probabilistic framework can achieve
satisfactory performance while mitigating unnecessary conservatism and offering more design freedom
in networked estimation problems [15, 16]. Related probability-guaranteed schemes have also been
reported for fusion estimation [17, 18] and consensus control [19].

In practical networked systems, due to sensor malfunctions or unstable communication
environments, measurement information may be intermittently unavailable during the transmission
process [20,21]. Accordingly, control and filtering problems with missing measurements have received
sustained attention [22-24], with further developments reported for networked systems subject to
intermittent observations and data losses [25,26]. One commonly adopted approach in the literature
is to model random data unavailability as binary-valued packet dropout events, which are governed
by a sequence of independent Bernoulli random variables [27-29]. In particular, a binary indicator is
added at each time step, taking the value of 1 when the corresponding measurement is successfully
received, and O otherwise. In addition to accurately representing the stochastic arrival behavior of
measurement signals, this probabilistic modeling framework also accounts for a number of network-
induced imperfections that arise in realistic communication environments.

Owing to the limited transmission capacity of sensors and significant attenuation in long-distance
communication, direct delivery of measurement signals to remote filters is often impractical [30].
To enhance transmission reliability, deploying a relay has emerged as an effective solution. Various
relaying strategies have been developed, including amplify-and-forward protocols [31, 32], decode-
and-forward protocols [33], and filter-and-forward protocols [34]. Among these, amplify-and-forward
relaying, which receives sensor signals, amplifies them, and forwards them to the destination, has
attracted considerable interest due to its structural simplicity and convenient implementation [35-37].
This relay-aided mechanism has recently been incorporated into filtering, estimation, and fault
diagnosis problems for networked systems [38,39].

It is worth noting that, in addition to the relaying protocol, the duplex operation mode of the relay
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also plays a crucial role in determining the signal transmission performance. Mobile communication
systems are generally categorized into simplex, half-duplex, and full-duplex modes [40—42]. Among
them, full-duplex relays have attracted considerable attention owing to their capability of simultaneous
transmission and reception, which leads to higher spectral efficiency compared with simplex or half-
duplex schemes. Nevertheless, full-duplex relay networks inherently suffer from the self-interference
problem, where the transmitted signal leaks into the receiving channel, thereby degrading the quality of
the received signal [43]. Such self-interference constitutes one of the fundamental technical difficulties
associated with the adoption of full-duplex relays. Therefore, effective suppression of relay-induced
self-interference is essential for ensuring reliable signal transmission. For instance, self-interference
cancellation techniques have been adopted in [44,45] to mitigate the adverse effects caused by full-
duplex relays.

With the above considerations in mind, the present study is confronted with the following three
fundamental challenges: 1) how to handle the self-interference and the resulting dynamic coupling
caused by full-duplex relays under missing measurements and stochastic channel effects, 2) how
to formulate a chance-constrained set-membership filtering objective for the considered complex
networks, and 3) how to deal with the coupled effects of network dynamics, relay transmission,
and unknown-but-bounded noises in a recursive and tractable manner. In response to the above
challenges, this paper investigates the chance-constrained set-membership filtering problem for
complex networks with full-duplex relays, where the relay adopts the amplify-and-forward protocol.
The main contributions of this article are summarized as follows.

1. The chance-constrained set-membership filtering problem for CNs is investigated. The proposed
system model integrates unknown-but-bounded noise, missing measurements, and full-duplex
relays, thereby capturing key features of practical networked systems.

2. To enhance signal strength and improve system reliability, an amplify-and-forward-based full-
duplex relay scheme is adopted. In addition, a novel filter is constructed to effectively
accommodate delays caused by self-interference and the occurrence of missing measurements.

3. A chance-constrained set-membership filtering algorithm is developed to guarantee that the true
system state is contained within the estimation set with a prescribed probability. By employing
recursive convex optimization techniques, two optimal solutions are developed, one aiming
at minimizing the ellipsoidal bound, while the other focuses on maximizing the constrained
probability.

The remainder of this article is structured as follows. Section 2 formulates the chance-constrained
set-membership filtering problem for CNs under missing measurements and full-duplex relays.
Primary findings are presented in Section 3, outlining solvability conditions for the filtering problem
based on recursive linear matrix inequalities. Section 4 provides a numerical simulation example for
illustration. Concluding remarks are given in Section 5.

Notations

R? Set of p real vectors

RP>4 Set of p X g real matrices

VANV AL Transpose/inverse of matrix Z
tr(2) Trace of matrix Z
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diag{-- -} Block-diagonal matrix

diag,{Z;} Block diagonal matrix diag{Z;, - - - , Zy}
P{G} Probability of event G

E{A} Expectation of random variable A

® Kronecker product

* Symmetric terms

M>)0 Positive definite (non-negative definite)
2. Problem formulation

2.1. System model
Consider a CN composed of N nodes described by

N
Xigr1 = AjsXis + Z 0;il'xjs + Biswi,
j=1

2.1
Yis = /l,-,sC,-,sx,-,s + Uiy 1= 1, 2, . ,N,

where x;; € R™ and y;; € R™ denote the system state and measurement output, respectively. A =
[0:j]lnxn Tepresents the external coupling configuration matrix associated with the network topology,
and I" denotes the internal coupling structure matrix. w; ; € R™ and v;; € R™ are the unknown process
noise and measurement noise, respectively. The coefficient matrices A;; € R*™*", B;; € R and
C;; € R»" are assumed to be known. The random variable 4, ; follows a Bernoulli distribution to
characterize the measurement of missing phenomena, and satisfies

P{Ai, =1} = A;, P{A;,=0}=1-2, (2.2)
where A; is a known constant.

2.2. Full-duplex relay network

As shown in Figure 1, signal transmission is considered over full-duplex relay networks. The
transmission between sensors and the remote filter consists of two stages, namely, the sensor-to-relay
transmission and the relay-to-filter transmission, while the effect of full-duplex self-interference is also
taken into account. This relay configuration is adopted to facilitate long-distance transmission and
improve the reliability of the measurement information available to the remote filter, while the adverse
effect of self-interference is mitigated by a cancellation mechanism.
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Figure 1. Filtering scheme for the CN over full-duplex relay networks.

The measurement signal is first transmitted to the relay, and the transmission process is modeled as

1)1 1
zis = Ay + 1, (2.3)

where z;; € R™ denotes the transmitted measurement signal from the sensor to the relay, ll(.’ls) is the
transmission power, and tlf,ls) represents the random channel parameter from the sensor to the relay,
satisfying E{tg)} = ig,ls) and E{(tf.’ls) - f&))z} = 0'1(.13, where fgs) and 0'1(.13 are known positive parameters. ,ul("ls)
is an unknown-but-bounded transmission noise over the sensor-to-relay channel.

Due to the self-interference of the full-duplex relay, the received signal at the relay is given by

= [12D (2
Zis = Zis T li,s—lti,s m; s + mis, 2.4)

where m;; and m¢_ denote the self-interference term generated by the full-duplex relay and its
corresponding cancellation term, respectively. ZEZS) is the transmission power of the relay, and tgzs) is
the random channel parameter from the relay to itself, satisfying E{tl(.zs)} = ifzg) and E{(IIQS) - ifi?)z} = 0'1(.23 ,

where ffzs) > 0 and 0'523) > 0 are known parameters. The self-interference term m; s is defined as

0, s=0,
s = { IBi,s—lzi,s—l’ s> 0, (25)

where S, ; 1s a known amplification coefficient. To mitigate the negative impact of self-interference on
system performance, a cancellation term my _ is introduced as

0, s =0,
my, = [@ «2 (2.6)
- li’s_ltl.J m;g, §>0.

Remark 1. Due to self-interference, the signal actually received by the relay, Z; 5, includes not only the
transmitted signal z; ; from the sensor, but also the signal m; ; sent by the relay itself at time s — 1 (i.e.,
the self-interference term [B; s_1Z;s-1). Since the self-interference signal m; ; corresponds to a one-step
delay, its transmission probability is associated with the transmission power at time s— 1, namely, lgi)_l.
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Next, the signal Z; ; is amplified and forwarded to the remote filter. The signal actually received by
the remote filter is expressed as

~ 2),(3 2
%y = B JIO17, + 12, 2.7)

9y =

LS

where t( ) denotes the random channel parameter from the relay to the filter, satrsfylng E{t and

{(tl(.i) *3))2} 0'( , With 7 *3) > 0 and 0' >0 being known parameters. ,u ) is the transmission noise
over the relay -to- ﬁlter channel, which is unknown but bounded.

Remark 2. The signal transmission process mainly includes the following steps.  First, the
measurement signal y; s is transmitted by the sensor and converted into z;; through the sensor-to-
relay channel. Then, the full-duplex relay receives z;; together with the self-interference signal. To
eliminate the effect of self-interference, a compensation strategy is introduced in (2.5)—(2.6). Finally,
the processed signal is amplified and forwarded by the relay, and the remote filter finally receives Z; i,
as shown in (2.7).

Remark 3. Compared with the half-duplex amplify-and-forward relay, the full-duplex amplify-and-
forward relay can receive and forward the measurement signal simultaneously, rather than in two
separate transmission phases. This feature improves the transmission efficiency and is therefore
advantageous for remote filtering over long-distance communication channels. On the other hand,
simultaneous transmission and reception inevitably give rise to self-interference at the relay side.
Hence, the considered full-duplex relay model is equipped with a self-interference cancellation
mechanism to mitigate this adverse effect.

Assumption 1. The noises w; , Ui, u'V and ,ugi) satisfy

is’

wis € Wi = {wiy : W swis < 1},

Uis € By = {vs Uisﬁl},

0 e u 2 0 (,u(l)) UYL < 1), (2.8)
#(2> u(2> & (1@ O U@ < 1),

where W >0, V;; >0, (LII(]A) > 0, and (Lll(zs) > 0.

2.3. Filter design

Define

S S N [
n=l2, & - 4],
n=l 2 4],

o =[l, Wb o Wf]

v, = [, of, ]
(1)_[(/1(1))T ('u(l))T (1))T]
(2)‘[(#(2))T ('u(z))r ﬁl)r] ’
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A = diagN{Ai,s}’ B, = diagN{Bi,S}’
CS = diagN{Cl,Y}’ AS = diagN{/ll’sI},

Q, = diagy{B;. 1}, L = diagy{\[[)1},

L? =diagy{ 171}, T = diagy{t"'1},

T = diagy{t2'1), T = diagy{(t? - #)1).
Then, it follows that

X511 = (A + A®D)x; + Bywy,
2, = TONLOCoxg + TPQ LP 7,y + LOTMuy + 4V,
2, = QLVLPTOTONCox + Q QLD LOTOTVzZ,
+ QLOLAPTOTOu, + QLPTO UV + 12

Define %, = [x7 z7_,]" and w, = [0 o7 (") (u$)"]". The augmented system can be represented
as
Xey1 = As)_cs + Bs®swsa (29)
where
_ A+ AT 0 - B, 0 0O )
AS = Tgl)A‘Lgl)Cq T§2)Q‘Y_1L§2_)1:| s = [ 0 Lgl) I Ol 5 ®S = dlag{l, T‘§1)7 I’ I}-
Based on the augmented state X;, the signal Z, received by the filter can be rewritten as
Z, = F,@,C%; + DWwy, (2.10)
where
Fy= [Q LLY Q0,7 LY
O, = g{T(l)T(3)A T(3)T(2)}
C, = [ ] D=0 QL LY QL 1],
¥, = diag{l, T"T®, 7D, I},

The remote filter is constructed as
o1 = KXy + G2, (2.11)

where X, denotes the estimate of the state x;, and K; and Gy are the filter gains to be designed.
Furthermore, define the filtering error as e, = X; — X;.
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2.4. Design objective

Assumption 2. The initial state x, and the initial estimate X, are assumed to satisfy
E{(Xo — £0)" Q' (%o — £0)} < 1 - p, (2.12)

where Qg > 0 is a known matrix and p (0 < p < 1) is a prescribed probability level.
The design objective of this paper is to, for a given sequence of positive definite matrices {Q;}ej0.77
design the filter (2.11) such that

P{(x, — ) Q' (%, — %,) < 1} > p. (2.13)
3. Main results

Prior to presenting theorems, we outline the following lemma to facilitate our derivations.
Lemma 1. [46] Given a matrix M > 0 and a vector €, we define an ellipsoid N as:

N2 {plp - O'M(p - ) < 1}.
Here, ¢ € R™ is a random variable. If the following inequality:
E{(p - O)'Mp -0y <1-p
holds, we have
P{p € 8} > p.

Next, we will derive the sufficient conditions for inequality (2.13) for all s € [0, 7].
Theorem 1. Given the filter parameters K; and G, for the prescribed sequence of positive definite

matrices {B )09 and the sequence of positive scalars {Ty s}sejo1 (m = 1,2,---,8), if there exists
a sequence of nonnegative scalars {w,, s}seo7-11 (m = 1,2,---,5) such that the following recursive
inequality holds:

N

[Ni x3] <0, 3.1)
where

5
1 : T i (1 (2
N! = diag{—1 + § @5~ @1 In,, —(@2 W + @3,V + @y U + @5 UP)),
1=1

83 = diag{_%s+1’ _(1 + Tl,s + T2,s + T3,s + T4,X)_1§B‘Y+la _(1 + Tl_’ls + Ty4,s + TS,S)_lg‘Bs+l ’
— (I + 1o+ Ty + 7o) Bt —(1 + 75, + Ty + 7o) Bt}
Hs = [(As - Gst(i)sCs - Ks)fcs (As - Gst(i)sCs)Es Bsés - GstlPs] 5

N2 =17 I

oz, ), 1 = e D[As AE 0],
I, =|-G.F,®,Ci%, -GF®,CE, 0,
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I, =[0 0 B, I, =[0 0 -G,D,¥,],

2>

VAZO + A - Ap@pLe, 0
@) 2
0 *70Q,L?,
0, = diag{I, TV, I, I}, ®, = diag{T"TPA,,0}, ¥, = diag{l, T"T, T, I},

s =

TOALVC, o’

A+ AT 0] .

0, = diag(0, y2i",0,0}, By =L ® Py, ) =ZPED + ZTD)? + =0T,

0
I b

d, = diagf \/ OUA, + (TP VPAM - Ay, \ED + (TPPED), T =

= diag{0, \/z(1>2(3) +SOTO2 £ 53T 5O o),
W = diag(W:',0,0,0}, ¥V, = diag(0,V;",0,0}, U = diag{0,0, (L), 0},
T = diag(i)1}, U = diagl0,0,0,(UP)™"}, TP = diag(i>'1),
O = g1, 50 = dinglo1), 5P = diaglo®1), 50 = diaglo1)

then the following inequality holds:

E{()_CH] - )ACs+l)TgB;J11()_Cs+1 - )?s+l)} < 1. (3-2)

Proof. The proof is carried out by mathematical induction. First, let By = (1 — p)Qy.
From Assumption 2, it follows that

E{(%o — £0)" By (%o — &)} < 1. (3.3)

Next, assume that E{(x, — )%‘Y)T‘B;l()‘cs —X,)} < 1. If (3.1) is satisfied, then (3.2) follows. There exists
a vector ry € RV satisfying E{r! r;} < 1 such that

e, = &1y, (3.4)
where Z; satisfies P, = Z,=7.

From (2.9)—(2.11), one has

esi1 = (A, — G, F,@,Cy — K)Z, + (A, — G, F,®@,Cy)e, + (B,O, — G,D,¥ )W,

+ Asxs + Ases - GSFS(DsCsxv G F CD C es + Bs®sws - Gsl_)sqlxwm (35)
where
~ 0 0
TaOA - TPRYL C, TP LY,
diag{0, 7" — 7™, 0,0},
di ag{ T(I)T(3)A T(I)T(g)A T(3)T(2)}
diag(0, TOT® — TOT® 76 _ 7O (),

oy

O,
<i)

Define ¢, = [1 7 w”]". Then, (3.5) can be rewritten as

€11 = Hs¢s + ﬁl,s¢s + ﬁ2,s¢s + ﬁ3,3¢s + 1:[4,s¢s’ (36)
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where

According to (3.6), we have

E{esTJrlsB;leHl}
= B{g! (I, + Iy, + Ty + s 5 + T )" B (L, + Iy + T + T3 + 11 )60}
= E{dnf‘l‘;llﬂsfﬁs + ¢sTﬁ1T,s§‘B;+11ﬁl,S¢s + ¢?ﬁgs$s_llﬁ25¢s + ¢sTﬁ3Ts<‘Bs_l1ﬁ3S¢s
+ T B gy + 20010 B T o6, + 2001 04 T 06, + 20510 B T4 06,
+ 2010 B4 T o, + 207115 B0 T s + 26710 B T i)
<E{ITL B IL s} + (1 + 71 + Toy + T35 + T4 Bl 1] B 111,05}
+ (1 + 77 + Tay + 75 )BT B T ,05) + (1 + 155 + 74 + 76,0 Bl 11 B, 5 505}
+ (1 + 73, + 75, + 75 JEIgL 1] BT T 651, 3.7)
where 7, (m = 1,2,---,8) are given positive scalars. )

Based on the statistical properties of the random variable 2, it can be derived that

E{¢Zﬁ1T’s§‘B;l1ﬁl,s¢s} < ¢Zﬁi5§3;}.1ﬁl,s¢s- (38)

Considering measurement missing and random channel parameters, from the definitions of @, ®,,
and ¥, one obtains

E{g; 113,81 [ 08,) = 67113 0L 4,
Eigp] 115 .1 15,6} = 6] 115 B 115,46,
E{fﬁfﬁfs%:ﬁm%} = ¢sTﬁ£s;B;+llﬁ4S¢S (3.9)
Combining (3.7) and (3.9), it follows that
Efel, Bl ies} < o7 Yo, (3.10)
where

Ton-1 ST G-l 19 -1 -1 T =1 19
Ty =T P I+ +1s+70 + T35+ 7-4,S)H1,S‘J3S+1H1,S +(1+ Tyt Tast 7-6,3)1'[2,‘;‘13”11'[2,3

-1 -1 17 -1 15 -1 -1 -INT7T -1 15
+ (1 + TZ,S + T4’ + T6,S)H3’5335+1H3,S + (1 + T3,S + TS,S + T6,S)H4,SEBS+1H4’S'

N

Note that
E{r{r) <1, 3.11)
Wl Wilw, <1, (3.12)
vl Vil <1, (3.13)
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(u(l)) ((ua)) 1“513 < (3.14)
(H(2)) ((u(z)) 1#52; <1 (3.15)

Furthermore, (3.12)—(3.15) can be written as

E{¢! diag{—1, Iy, 0}¢,} < 0,

¢! diag{—1,0, W}, <0,

¢! diag{—1,0, V)¢, < 0

¢"diag{~1,0,U"}p, < 0
¢Tdiag{—1,0,U?}p, < 0. (3.16)

If there exist constants @, ; (m = 1,2,3,4,5) such that

Y, — diag(1,0, 0} — @, (diag{—1, Iy,,, 0} — @, diag{—1,0, W}
— w3 diag{—1,0,V,} - @y diag{-1,0, U} - @5 diag{—1,0, U>} < 0, (3.17)

then (3.2) holds. Moreover, (3.17) holds if and only if (3.1) holds. The proof is now complete. O

Remark 4. Although Theorem 1 is formulated in a set-membership form, it plays a key role in the

analysis of the chance-constrained objective. In particular, according to Lemma 1, the probabilistic

ellipsoidal constraint can be analyzed once condition (3.2) is ensured. Therefore, Theorem 1 is

introduced to derive sufficient conditions for establishing (3.2), thereby providing the bridge between

the set-membership characterization and the subsequent chance-constrained performance analysis.
Now, we are ready to present the design method of the desired filter.

Theorem 2. For the prescribed scalar p, the sequence of positive definite matrices {Q}ej0.9) and the

sequence of positive scalars {Tys}sejoy (m = 1,2,---,8), if there exist a sequence of nonnegative
scalars {@y, s}seo7-11 (m = 1,2,---,5) and matrices {K, G} (0717 such that the following recursive
inequality holds:

Ni *

[Né gg] <0, (3.18)
where

8? = diag{—(1 = P)Qur1, —(1 + 71 + o5 + T35 + 709 (1 = P) Qs
— A+ 75+ Tay + 7507 (1= P)Qysr,
(I +1, + n:i +76,) " (1 = P)Qys1,
—(l+ 7155 + 755 + 7o) A = P)Qu),

then the design objective (2.13) is satisfied.

Proof. Letting P, = (1 — p)Q,, by means of Lemma 1, (3.18) follows directly from (3.1). The proof is
complete. O
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Algorithm 1 Computational Algorithm for K and Gj.

1: Set s = 0 and the maximum computation step 7. Set parameters {Q;, P}sco7j- Then, utilize
B, = (1 — p)Q, and appropriately factorize {¥,} to derive the sequence of matrices {Z,}. Choose the
initial values of X, and X, such that they satisfy (2.12).

2: Solve (3.19) for K, and G;,.

3: Determine ey, using (3.5).

4: Assign s = s+ 1. If s > 7, exit. Otherwise, go to 2.

It should be emphasized that the main objective of this paper is to establish recursive sufficient
conditions under which the chance-constrained ellipsoidal filtering requirement in (2.13) can be
guaranteed. Specifically, Theorems 1 and 2 provide the analytical foundation of the filter design by
deriving the corresponding recursive matrix inequalities, while Algorithm 1 is used as a computational
procedure for recursively solving these conditions and obtaining the filtering gains.

Two optimization problems (OPs) will be presented. The first seeks to get locally optimal filtering
performance by minimizing Q; (in the sense of matrix trace). The second aims to maximize p at each
time step, ensuring a local threshold probability that represents the minimum probability for confining
errors within the desired ellipsoid.

Define

C&s = {Ksa Gs’ wm,s}-

OP1: For a given probability p, minimize the cost function S; = tr(Qy).
Corollary 1. Given the probability p, based on Theorem 2, if the following optimization problem is
feasible:

min S,
8S5DS+1

s.t. (3.18), (3.19)

then a sequence of minimizing matrices S; (in the sense of matrix trace) can be guaranteed.

Next, consider a time-varying probability, denoted by p; at time s. The following optimization
problem is proposed.

OP2: For a given {Q} 0.7, maximize p;.
Corollary 2. Based on Theorem 2, if there exists {Q}sei0. Such that the following optimization
problem is feasible:

min — pP; (3.20)
O<ps<l,
s.t [Nl * ] 0 (3.21)
S I
NN T

where

N3 = diag{—(1 = py)Qqe1, —(1 + Tyg + Tog + T35 + Tas) (1 = POQyits
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- (1 + TI’IS + T4,s + TS,S)_I(l - ps)QsH s
—(1+ 75, + 758 + T6) " (1 = p)Qus1,

— (1 + 75, + 75y + Ty (1= PYQuat},

then the probability level p; can be maximized.
Remark 5. Compared with existing studies on set-membership filtering for networked systems, the
main contributions of this paper can be summarized from the following aspects.

(1) A unified modeling framework is established to simultaneously incorporate missing
measurements, unknown-but-bounded noises, and full-duplex relay-induced self-interference, which
has rarely been addressed in an integrated manner in the existing literature.

(2) A novel augmented system representation is constructed to capture the dynamic coupling
between relay transmission and network evolution, enabling the derivation of recursive filtering
conditions in a tractable form.

(3) A chance-constrained set-membership filtering scheme is developed, which relaxes the
traditional deterministic boundedness requirement by introducing probabilistic guarantees, thereby
reducing conservatism while preserving robustness.

(4) Recursive LMI-based conditions are derived to ensure the probabilistic boundedness of the
filtering error, and two optimization-based design schemes are further proposed to improve filtering
performance.

4. Simulation
Consider the CN (2.1) with the following system parameters:

N=5 n =2 r:[1.35 0 ]’

0 135

0.8 02 03 01 02]
02 -08 03 0.1 02
A=|01 02 -08 02 03],
03 03 01 -08 0.
|02 02 02 02 -08
A _[03 0 0.3 +0.02cos(s) 0
710 02+0.01cos(s)| T 0 0.6]’
A |06 0 4 [0:6+001cos(s) 0
710 04+0.01cos(0.55)] T 0 03]’
4 |03 0 B - 0.3
> 710 0.5+0.01cos(0.55)| 7" 7 [0.3+0.01cos(s)|’
5 [|03+002cos(9)] , _ 0.4
7 0.4 737104 +0.01 cos(0.55) |
B - 0.3 + 0.01 cos(s) B - 0.4
w7 0.3 7 710.4 +0.01 cos(0.55) |’

C1, =[0.2+0.02sin(s) 0.2+0.02sin(s)|,
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Cps =[025+0.01cos(s) 0.2 +0.02c0s(0.55)|,
=[0.25 +0.01 cos(s) 0.25 +0.02sin(s)|,
=03 +0.01sin(s) 0.2 +0.02cos(0.55)],
=[0.3+0.01cos(s) 0.2 +0.02sin(s)|.

. . . . 1
The process noise w;;, measurement noise v;, sensor-to-relay transmission noise ug S), and relay-
.. . )
to-filter transmission noise ,Ltl(. s) are set as

wis = 0.15sin(25), wa, = 0.15sin(3s),
w3 =0.2c08(35), wsy=0.15c0s(3s),
ws,s = 0.15cos(s), vy, = 0.2sin(s),
vy = 0.25cos(s), vss = 0.2 cos(s),
vy = 0.251n(35), v5s = 0.2 cos(3s),
(1) = 0.1 sin(s), ,u = 0.25 cos(s),
<‘> = 0.1 sin(s), ,1“) 0.1 cos(2s),
“> = 0.15cos(s), p'? =0.15sin(2s),
,f;; 0.25cos(s), p5) =0.1sin(s),
1) = 0.1cos(2s), pf) =0.25sin(s).

Other parameters are chosen as W, = V;; = (LII(IA) = "LII(ZA) = 0.5, p = 0.75, and Qy = 100/;5. The
probability of missing measurements is set as 4; = 0.9. The amplification factor, transmission power,

and channel coeflicients in different communication links are set to 8;; = 1, lg’ls) = l?? = l@s) =1,
i,(',ls) = ifzs) = ﬁ) 0.95, 0'(1) = 0'(2) = 0'(3) 0.01. Moreover, the initial values x;, and %, are selected
as
[0.5030] . [ 1.1049 )
F10=10.7090|7 10 T |-0.5249"
_[0.5880] . [ 1.0809 ]
20 =10.7810[ 0 7 |-0.5009]"
[0.5855] . [ 1.1089)
B30 =10.7615)" 10 T |-0.4939]"
_[0.6470] . [ 1.1009 |
40 =10.7855)" 40 T |-0.5034]"
_[0.5750] . [ 1.1546 |
%50 =107720]" B0 T |-0.5122)

The simulation results are shown in Figures 2-7. Specifically, Figures 2—6 depict the states
xis (1=1,2,3,4,5) and their corresponding estimates, and Figure 7 presents the measurement-missing
situation of each node. It can be observed that the designed filter is capable of tracking the system
states, which demonstrates the effectiveness of the proposed filtering method.
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5. Conclusions

This paper has investigated the problem of chance-constrained set-membership filtering for
CNs operating over full-duplex relay networks and subject to missing measurements. A unified
probabilistic filtering framework has been developed by modeling missing measurements via Bernoulli
random variables and capturing long-distance transmission uncertainties through stochastic channel
parameters, while also accounting for relay-induced interference using a compensation mechanism.
Recursive linear matrix inequalities have been derived to ensure that the filtering error remains
probabilistically bounded within a specified ellipsoidal set. The corresponding filter gains can be
recursively computed from these conditions. Furthermore, two optimization-based design schemes
have been formulated to improve filtering performance under probabilistic constraints. Finally, a
numerical simulation has been provided to verify the applicability of the proposed filtering scheme.
Our future work will focus on extending the main results obtained in this article to nonlinear
systems with privacy-preserving protocols [47,48] and to nonlinear systems under half-duplex relay
protocols [49, 50].
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