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Networks under Round-Robin Communication
Protocol: Handling Packet Disorders
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Abstract—This paper investigates the recursive state estimation simply because of their engineering significance, see e.g. [1]-
problem for a class of discrete-time stochastic complex networks [4], [8], [9], [43] for some representative results. In engineer-
with packet disorders under Round-Robin (RR) communication ing practice, an inevitable phenomenon that the CNs would
protocols. The phenomenon of packet disorders results from ffer f is th lled stochastic disturb hich. i
the random transmission delays during the signal propagation sufier irom 1s the §o—c§ ed stochastic distur a_nce whic ’ n
process due to the unpredictable fluctuations of the network load, turn, would have direct influence on the dynamical behaviors
and such random delays are modeled by a set of random variables of the CNs themselves. As such, it is of great importance
satisfying certain known probability distributions. For the sake o take the stochastic disturbance into consideration when
of lessening the communication burden and abating the data 5n5)y7ing the dynamics of the CN and, along this direction,
collisions, the RR protocol is introduced to govern the order of h h has b d in 1201 291 [35] [40]. E
the nodes for data transmission. Under the scheduling of the muc researc as been olne ,'n [20], [29], [35], [40]. qr
RR protocoL 0n|y one node is allowed to gain the access t0|nstance, the global Synchr0n|zat|0n problem haS been Stud|ed
the network at each time instant. Then, a recursive estimator in [35] for the CNs in the presence of randomly occurred
is devised to guarantee an upper bound for the estimation nonlinearities, mixed time-delays and stochastic noises. Fur-
error covariance, and then the optalned upper bound is locally thermore, in [29], a newH., synchronization problem has
minimized by adequately choosing the estimator parameters. b di df | f di te ti . tochasti
Furthermore, the boundedness of estimation error is analyzed een aiscussed for a class o |sc_re.e |m§-varylng stochastc
in the sense of mean square with the help of stochastic analysiscomplex networks (SCNs) over a finite horizon.
techniques. At last, a simulation example is presented to show In the practical applications, the network states of CNs
the applicability of the proposed estimator design scheme. are vitally important as they represent physical quantities

Index Terms—Recursive state estimation, complex networks, that need to be closely monitored and accurately measured.
packet disorders, Round-Robin protocol, mean-square bounded- Unfortunately, exact knowledge of the network states is often
ness. unavailable because of inherent resource limits in the context

of large scales of the nodes and complicated topology of
|. INTRODUCTION the networks. Therefore, it becomes an imperative task to

A complex network (CN) is comprised of a mass of nodeastimate the network states qf the C_Ns through attainable
twork measurements that might be incomplete, sparse and

that are distributed and connected according to certain topoﬂ?—

iPQisy- To date, considerable effort has been dedicated to the
te estimation (SE) problem and numerous results have been

behavior. CNs are well known to be an abstraction of ma . )
ported in the literature, see e.g. [10], [11], [16], [47]. In

practical networks including social networks, biological nef: dcular. th Ve SE | has b : iaated |
works and electrical power grids, and have therefore attrac grticular, the recursive ISSue has been investigated in

an ever-increasing research interest in the past few decal for the_SCNs with missing mez?\surements, v_vher_e the
estimator gain can be obtained recursively at each time instant
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would lead to the performance degradation of the designedTo deal with the above difficulties, the primary contributions
estimator. Unfortunately, comparing to other network-inducexf this article are highlighted as follows: 1) the recursive SE
phenomena (e.g. packet dropout and signal quantization), tbgue is, for the first time, investigated for SCNs subject to
PPD has received far less research attention due probabl\péaket disorders and RR protocol; 2) the considered RSDs
the difficulty in characterizing the random nature of the packegsulting in PPD are described by a sequence of random
arrivals. variables following a known probability distribution; 3) a new

So far, in the literature of networked control systems (NGneasurement model is proposed to account for the RSDs
Ss), there have been a few initial research results concernargl RR protocols and then a novel recursive estimator is
the phenomenon of packet disorders, see e.g. [6], [14], [18kveloped by using an integer-valued function; and 4) a
[19], [33], [41], [42], [48], where the PPD has been assumeslifficient condition is derived to guarantee that the estimation
to take place in the communication channel from the sensamror is exponentially bounded in the mean-square sense.
to controller/filter. Nevertheless, the PPD could also occur Notation: The notation used here is fairly standard. For a
during the sensing process where the measurement outpogtrix Z, Z7, Z~! and tr{Z} represent, respectively, the
experience random transmission delays before their arrivalgrainspose, the inverse and the trace of maffixcol...}
the ultimate receivers, see [34] and the references therein.denotes a column vector composed of elements and digg
our knowledge, the PPD issue with respect to random sensepresents a block-diagonal matrix. The notatjor| denotes
delays (RSDs) has not gained much research interest yet, #rmel Euclidean (spectral) norm of real vectors (matricE$)}
the first motivation of this paper is therefore to address tiséands for the expectation operator. The Kronecker product of
recursive SE problem for SCNs with RSD-induced packetr x s matrix M and at x h matrix N is defined by at x sh
disorders. matrix M ® N as follows:

Despite the steady revolution of the wireless communication miy N -+ misN
technology, the limited bandwidth remains as a main concern Mo N —
that would lead to data collisions when multiple data packets : :
are transmitted simultaneously through a shared network [5], meN- - meg N
[22], [27], [39], [44]. A popular way of better utilizing The Kronecker delta functiod(a) is defined byd(a) = 1
the limited network resource is to adopt the communicatigh ¢ = (0 and §(a) = 0 otherwise.mod(p,q) denotes the
protocols as so to administer the transmission order of netw@dmainder of the integey divided by the positive integey.
nodes, and some frequently deployed protocols include tiige floor function|b| equals the largest integer no larger than
Round-Robin (RR) protocol [17], [23], [24], [26], [37], [38], b with b being an arbitrary real number.
[46], the stochastic communication protocol [7], [15], [31],
[45] and the Try-Once-Discard (TOD) protocol [30], [32]. [I. PROBLEM FORMULATION
Among others, the RR protocol stands out for its simple Consider a class of discrete-time SCNs consisting\bf
periodicity and easy implementation, under which only oneoupled nodes:
node has privilege to enter the network at each time instant M
according to a fixed circle order. Over the past few years, zi(r +1) = A; (N (r) + f(2i(r)) +Zwijf5€j(7")
although some preliminary results have appeared under RR =

protocols, the design of RR-regulated recursive estimator has + By(r)w(r) (1a)
not aroused adequate research attention yet, let alone the case _ ’

where the PPD is also involved. To this end, the second §i(r) = Ci(r)zs (r = 7i(r)) + Di(r)o(r), (1b)
motivation of this paper is to examine the impact from th@&here z;(r) € R™ and ¢;(r) € R™ are the system state
RR protocol on the corresponding estimation performance.and the measurement output of theh (i = 1,2,..., M)

In this article, we endeavor to address the recursive $lode, respectivelyf(-) is a known nonlinear function which
problem for a class of SCNs with packet disorders. A RR continuously differentiablej(r) € R* and v(r) € R?
protocol is utilized to equally allocate the network resourcege, respectively, zero-mean white sequences distributed in
to the nodes by only allowing one node to gain the accessidounded domains with covarianc€§r) > 0 and R(r) > 0;
the network at each time instant in a circular order, thereby;(r), B;(r),C;(r) and D;(r) are known matricesI’ =
mitigating the data congestion. In the presence of both packdg{~i,~2,...,7x.} > 0 is an inner-coupling matrix, where
disorders and RR protocols, an upper bound of estimatign £ 0 stands for the linking withj-th state variable;
error covariance is derived and subsequently minimized W = [w;;]axas IS the coupled configuration matrix with
appropriate design of estimator gain. By resorting to the &;; > 0 if node i can receive the information from node
tochastic analysis techniques, we also analyze the mean-sqeaierwisew,; = 0, which satisfies¥ = W7 and
boundedness of the error dynamics of the state estimation. In M M
doing so, we are facing the following substantial d|ﬁ|cult|e§: Zwij _ iji -0
1) how to describe the RSDs properly; 2) how to characterize = =
the updating rule of the RR protocols; 3) how to design an
appropriate estimator that mitigates the effect of the RSDs afl
also reflects the influence of the RR protocols; and 4) how 3
guarantee the boundedness of estimation errors. Prob{n—(r) = s} =ps, s=0,1,...,q,

r) denotes the RSD at the time instanthat obeys the
owing statistical distribution law:
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wheregq is a known positive integep; (s = 0,1,...,q) are To avert excessive data collisions and improve the utilization
known constants satisfying< p, <1 and) ! ,p, =1. We efficiency of the communication resource, the RR protocol is
assume that:;(r) = ¢i(r) (r = —¢,—q + 1,...,0) where used to regulate the transmission order of the measurement
©i(r) is the initial condition. signal, where the corresponding schematic sketch is shown

Remark 1:As shown in (1b), the model of measuremenin Fig. 1. Under the scheduling of the RR protocol, only one
output ;(r) contains the term;(r — 7;(r)) that is related node is permitted to send its data at each time instant according
to RSDs occurring in the sensing process, and such RS@sa circular order. Ley(r) = col{y1(r), y2(r),...,ynm(r)}
would result in packet dropouts. In most existing literaturelenote the actual measurement received by the estimator.
it has been assumed that the random delays follow a Mark&ecording to the RR protocol, it follows that
chain satisfying a precisely known transition probability matrix

() = {y]i(r), if mod (r —1,M) =0,

yi(r — 1), otherwise.

[18]. Recognizing the difficulty of identifying such a transition

probability matrix, in this paper, we use a set of random
variables (with known probability distribution) to characterize i
the random delays [21]. On the other hand, as opposed to thosEC" the sake of convenience, we assume Hiaj = 0 for
occurring in the sensor-to-filter channel in the literature, tHe < Y apd defined®; = d'ag{é(’._ DL, 6(i = 2)1,...,0(i —
random delays in this paper take place in the sensing procé@l} (1=1,2,...,M). Then, it can be inferred that

®3)

and appear in the measurement outputs, which are more likely M1
to induce the packet disorders and bring in more difficulties y(r) = Z Do (rpyP(r — 1), (4)
in the subsequent analysis. =
where
| | Node 1 O'(T) o ]\47 r=0,
i 2 i o mod(r —1, M)+ 1, otherwise
[ 5
i Q;;D }H Node2 — % | & - represents the selected node having the privilege to transmit its
= : 3 measurement signal at time instanMoreover, we setr (1) =
- . r+M andg(r) = ¢(0) forr = —-M +1,—M+2,...,0 with
| 1@—’ #(0) being the initial measurement.

Remark 2The RR protocol is utilized in this paper to sched-
ule the data transmission so as to mitigate the communication
burden. Traditionally, the updating rule of the RR protocol is
given by (3) as in [46]. In this paper, such a rule has been
equivalently presented as (4), with which the system state

Fig. 1. Diagrammatic sketch of estimation system with a RRqua.

For notation simplicity, we let

z(r) £ col{ay (r), z2(r),...,xm(r)}, and estimator input do not need to be augmented, thereby
g(r) & col{ 1 (r), o (r), . ... G (1)}, facilitating the subsequent mathematical derivation.
A Based on the scheduled measurement (4), a recursive esti-
Alr) N diag{ A1 (r), A2(r), .., Au (1)}, mator is constructed as follows:
B(T):Col{Bl(r),BQ(r),...,BM(T }, A A A
F(a(r)) £ cof(ar (1)), f(aa(r)).... faoas (1)}, B+ 1ir) = [A) + (W @ D]atrir) + f(&(rir)),
Ci(r) 2 diag{ O xm. - - -, 0, Ci(7), Oy - - -, e} (5a)
— ——
. i—1 M—i 50(7“+1|7°—|—1):i(r+1|r)+G(r+1){y(T+1)
D(r) :CO|{D1(T‘),D2(T),...,DM(T‘)}. Mol M
By utilizing the Kronecker product, we rewrite the SCNs - Z Zq)a(rflJrl)Ci(T —1+1)
(1a)-(1b) as: 1=0 i=1

2(r+1) = [A(r) + (W @ D)]a(r) + f(2(r) + B@r)w(r), xi(r =14 1=dr—1-d)].  (5b)
(2a) where Z(r|r) € R™ represents the estimate ofr) with

v z(0/0) = z(0); #(r + 1|r) € R™ stands for the one-step

I ~ o prediction ofz(r+1) at time instant; G(r+1) is the estimator
ylr) = ; Ci(r)a(r = 7i(r)) + D(r)e(r) (2b) parameteri is an integer which satisfies
with thg mean and covariance matrix of the initial condition g |7], if 7|7 < %, 5
x(0) beingz(0) and P(0), respectively. “ )17 +1, otherwise (6)

In this paper, the measurement outputs sent by the sensors
are transmitted to a remote estimator through a constrained _ . a ,
communication network, and this might give rise to data coW'th T E{Ti(r - 1)} - s;o sps (1 =1,2,..., M) and
lisions when multiple nodes transmit signals simultaneouslyz | representing the biggest integer no bigger than
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. . . . M-1 M
The main purpose of this paper is to find an upper bound B

matrix ©(r + 1|r + 1) for the estimation error covariance =e(r+1lr) = Gr+1) ; 21 Potr-i+1)

]E{ [2(r +1) = &(r+ 1r+ D] [a(r +1) = &(r + Lr + 1)]T} xCi(r =1+ 1z(r =1+ 1-7(r=1+1))
M

on the basis of the proposed estimator (5a_)-_(5[_3). Furthermore, + Z By D(r — 1+ Do(r —1+1)

the upper boun®(r + 1|~ + 1) would be minimized at each e

time instant by properly choosing the estimator parameter. M—-1 M

~Remark 3:In the proposed estimator (5a)-(5b), there are - Z Z@U(T_Hl)a—(r—u 1)

tight couplings between the nodes, the RR protocols, as well =0 i—1

as the packet disorders. To be specific, the innovation structure

Xz(r—Il+1—=dr—1-d)|. 9)

M—-1 M

y(r+1)= > > 0oy Ci(r—14+1)a(r—1+1—d|r—1—d)
=0 =1

M
Adding the zero ternG(r + 1) Ci(r + 1)e(r + 1|r) —
reflects, to some extent, the influence from the RR protocols 9 (r )1;1 (r Jelr Ir)
and the packet disorders. The integemwhich appears in the M : :
. . . G 1 C; 1 1|r) to th ht-hand side of (9),
innovation structure, is closely related to the random delay(H_ ); (r+1)e(r+ 1|r) to the right-hand side of (9)
7:(r). Generally speaking, a reasonable estimator should N have
involve any random variables (exg(r)) for its implementabil- e(r+1lr+1)
ity. For this reason, the mathematical expectationf 7;(r) Iy
is taken here. It should be mentioned thatnight not be an - -
integer, which means thatis unsuitable for representing the <I —Gr+1) ; Cilr + 1)) e(r+1Jr)
time instant in the discrete-time setting, and tkus rounded =
to d. As such, the estimator proposed in this paper is capable LG+ 1)

Ci(r+1)e(r+1
of resisting the impacts from the packet disorders. ; (r+ Der +1ir)

Tng

=
=~

—1

M
[1l. M AIN RESULTS —G(r+1) > Voo Cilr —1+1)
In this section, an upper bound is first derived for the =0 i=1
estimation error covariance, and is then locally minimized by xa(r—1+1-7(r—1+1))
properly selecting the estimator parameter. M
First of all, the one-step prediction error denoted by - G(r+1) Z Qor_ip)yD(r =1+ 1v(r —1+1)
=0
e(r+1lr) £ x(r +1) = 2(r + 1|r), M-1 M
is calculated from (2a) and (5a) as +G(r+1) Z Z Co(r14)Ci(r =1+ 1)
=0 i=1
e(r+1r) = [A(r) + (W @T)]e(rlr) + f(x(r)) X #(r—14+1—dr—1-d). (10)
= f@(rir)) + B(rjw(r). (7) Before proceeding, we introduce the following lemma.
Expanding f(x(r)) in a Taylor series around(r|r), we  Lemma 1{36] Let F,U, S andT be matrices with5S” <
obtain that I. For any symmetric matrix’> > 0 and scalara > 0, if
. a~'I - TPTT > 0 is satisfied, then we have
f(a(r)) = f(&(rlr)) + F(r)e(rlr) + U(r)S(r)T(r)e(r|r),
where (F+UST)P(F +UST)T

F(r) 2 ag(:z:) o1 <F(P'—aT™T)'FT + o 'UUT. (11)
) L Lemma 2:The one-step prediction error covariance

and the ternlJ (r)S(r)T (r)e(r|r) stands for the linearization

error with U(r) and T(r) being the known matrices, and P(r+1|r) £ E{e(r + 1|r)e" (r + 1|r)}

S(r) being an unknown matrix that satisfi€gr)S? (r) < I.

Furthermore, the prediction error can be further rewritten a@nd the estimator error covariance

e(r+ 1) = [A(r) + (W @T) + F(r) + U(r)S(r)T(r)] P(r+1lr+1) £E{e(r + 1|r + 1)e" (r + 1|r + 1)}
x e(r|r) + B(r)w(r). (8) are, respectively, computed as
Denoting the estimation error as P(r+1|r) = [A(T) + p(rﬂp(rm [A(,,) + F(r)]T
e(r+1r+1) £ a(r+1) = &(r + 1r + 1), + B(r)Q(r)B™ (r) (12)
we subtract (5b) from (2a) to have and

e(r+1jr+1) P(r+1r+1)
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= (I— Gr+1)) Ci(r+ 1))P(r—|— 1|r)

><:cT(T—h—i-l—Tj(r—h—l—1))C'J-T(7’—h+1)

q)f(T_hH)}GT(r +1)+G(r+1)
M—-1M-1

X > Y B{®s( 11D

=0 h=0
x o' (r—h+1)D"(r—h+1)®%, ., }G"(r+1)
M—-1 M M—-1 M

Gr+1) 2 D 2 2 Potrtsn

=0 i=1 h=0 j=1
xCi(r—l+1) (r—=Il+1—djr—1-4d)
x &' (r—h+1—dlr—h—d)C](r—h+1)
X O,y GT(r+1)

(r=Il+lov(r—-101+1)

+E{T T, + LT -7 - BT -7’
~ LT AT + BT =TT - Ty
~ LT = TTh + BT + BT - TT
- -l -7} (13)
where
A(r) 2 A(r)+ (W aT),
F(r) £ F(r) + U(r)S(r)T(r),
M
T = <I —G(r+1) 201(7" + 1))6(7’ +1|r),
=1
M
T2 2 G(r+1) ZC’Z-(T + De(r + 1|r),
=1
M-1 M B
2Gr+1) Y P Cilr —1+1)
=0 =1
xz(r—1+1-7(r—1+1)),
M
T2 Gr+1)) ®ororinyD(r — 1+ Do(r =1+ 1),
=0
M-1 M B
SGr+1) Y > Oy Ci(r —1+1)
=0 =1

X &(r—1+1—dlr—1-4d).

Proof: According to (8) and (10), the equalities (12) an
(13) can be readily obtained, and the proof of this lemma Is
thus omitted. [ |

On the basis of the above preliminaries, we are now ready
to present our main results in the following theorem.

Theorem liLete; (i =0,1,...,10) and a(r) be positive
scalars. Under the initial conditio®(0|0) = P(0/0) > 0,
assume that the following two recursive matrix equations

O(r +1|r) = (1 +e0)A(r)O(r|r)A(r)T + (1 + e h)
x <F(r) (O (rr) — a(r)TT (r)T(r)] "
x FT(r) + al(r)U(T)UT(T))
+ B(r)Q(r)B” (r) (14)
and
O(r+1jr+1)

=

:el(l G(r+1) :

3

Ci(r + 1))@(7“ +1|r)

1

S

x (1_ Gor+1)S Ci(r + 1)>T

1

-
Il

Ci(r+1)0(r + 1|r)

M=

+eMG(r+1)

Il
A

X C’iT(r+1)GT(l + )

+ e M2G(r +1) Z
=0 i=1s

— 1+
1)

M
+eaMG(r+1)Y Oy D(r—1+1)
l_

q
Zp o(r—I+1)

—5)CT(r—1+1)

x Ci(r —1+1)X(r
X(I)cr(r l+1)G (T

X R(r—1+1)D"(r =1+ 1)@, G"(r+1)
M—-1 M B

+65M2G(7’+1 Z Z(I)a(r—l+1)ci(r_l+1)
1=0 i=1

XZ(r—1l+1—=djr—1-4d)

xi'(r—1+1—dr—1-d)CFr—1+1)

X (I)Z(T—H—l)GT(T_" 1), (15)
where
€12 1461 +e2+e3+eq,
€22 1+e7! +e5+e6+er,
32 1+eyt +e5t +es,
e 2 1+e3' +e5' +eo,
es21+e 4+ +egl+eyt,
A

X(r—I4+41-8)20+¢e10)00r —1+1—slr—1—ys)
+(A+e)E(r—1+1—slr—1—2s)

x &l (r—14+1—slr—1-s),

have solution®(r + 1|r) > 0 and©(r|r) > 0 subject to the

constralnt

Y I =T (r)O(rlr)T" (r) > 0.
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Then,O(r + 1|r 4+ 1) is an upper bound oP(r + 1|r + 1),
ie.,

Pir+1jr+1)<O(r+1r+1).

Proof: This theorem is proved by mathematical induction.

First, it follows from the initial condition thatP(0]|0) <
©(0]0). Assuming P(r|r) < ©O(r|r),
P(r+1r+1) <O(r+1fr+1).
To begin with, we rewritten (12) as follows:
A(r)P(r[r) AT (r) + F(r)P(r|r)F" (r)
(T)P(TIT)FT( ) + F(r)P(r|r) AT (r)
B(r)Q(r)B" (r).

P(r+1jr) =

Applying Lemma 1 to the second term on the right-hand

side of above equality, one has

F(r)P(rr)ET (r) < F(r) [P~ (rlr) — a(r)T" (r)T(r)]
x FT(r) + a Y (U UT (7).

< caal +

—1

Utilizing the elementary inequalitgb” + ba™

e~ 1ov™ (wherea, b are arbitrary vectors, andis an arbitrary

positive scalar) and the assumption Bfr|r)
derive that

< O(r|r), we

P(r+1]r) < (14 0) A0 AT + (1 +e51)

: <F<r> [0 (rlr) = a(r)TT (T ()]~

x FT(r) + al(r)U(r)UT(r)>

+ B(T)Q(T)BT (r). (16)

Next, applying the elementary inequality to the last term of

the right-hand side of (13), we have

M M
E{TT{} =G(r+1) Z Z]E{Cy(r + 1e(r +1|r)

e (r+1r)Cf (r+1)}GT(r+1)

M
< MG(r+ 1)2@(7” +1)P(r+1[r)
i=1

x CT(r+1)GT(r+1), (17)

M—-1 M M-1 M

E{TT} =Gr+1) Y D 3 Y E{®opriiy)

1=0 i=1 h=0 j=1
xCi(r =1+ Da(r—1+1—7(r—1+1))
xz' (r—h+1-1j(r—h+1))
x CT(r—h + 1)¢§(T,h+1)}GT(r +1)

M—-1 M q

SMG(r+1) Y > > pd

1=0 i=1 s=0
><C’Z—(r—l—i-l)E{x(r—l—l—l—Ti(r—l—I—l))

o(r—I141)

xxT(r—l—i-l—Ti(r—l—i-l))}

x CF(r—1+1)07, 1, )G"(r+1), (18)

we need to prove

M—-1M-1
Grr+1) > Y E{®sii1)D
=0 h=0
xv(r =1+ 1)l (r—h+1)DT(r —h+1)
X (I)Z(rchrl)}GT(T +1)
M—1
SMG(r+1) Y CpporpyD(r—1+1)
=0
x R(r—1+1)DT(r —141)

E{TaT{} = (r—1+1)

x®L, G (r+1), (19)
M—-1 M M-1 M
E{TTy=Glr+1) Y > > > oy
1=0 i=1 h=0 j=1
x Ci(r =1+ 1)a(r—1+1—djr—1-d)
X:ET(r—h+1—d|r—h d)
M—-1 M
< MPG(r+1) Z Z(I)U(T—H-l)
=0 =1
x Ci(r =1+ 1)a(r—1+1—djr—1-d)
x 2T (r—14+1—djr—1-d)
x Cl(r =14+ 1)00 ., 1 \G" (r+1). (20)

Combiningz(r) = e(r+1|r)+&(r+1|r) and the elementary
inequality yields

E{CB(T—Z+1—Ti(T—l"l‘l))iCT(’I“—l'i‘l—Ti(T—l"‘l))}
q
< (l—i—slo)ZpsP(r—l—i—l—sh“—l—S)
s=0
q

+(1+6f01)2p5:%(r—l+1—s|7’—l—5)
5=0
x il (r—14+1—slr—1—s).

Consequently, (18) can be handled by

E{T:75"}
M-1 M q B
SMGr+1) YD pe®o(rrinCilr =1+ 1)
1=0 i=1s=0
q
X ((1+510)2psP(r—l+1—s|r—l—s)
s=0
a
+(1+ed)y psd(r—1+1—sr—1—s)

s=0
x:ET(r—l+1—s|T—l—s))
X Cl(r—1+1)0L, , \G" (r+1).
From (16)-(20), one has
P(r+1jr+1)

M
§61<I Gr—l—lz r+1> (r+1Jr)

<(r-arr vy acen)
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M M T
+eMG(r+1) ZC_'Z'(T +1)P(r+1|r) =e0(r +1jr) —E0(r + 1|r) (Z i(r+1) )
=1 i=1
x CT(r+1)GT(r + 1) B
v w1<r+1>(Zci<r+1>)@<r+1|r>.
+ esM2G(r + 1) 3> pe®oiii) i=1
1=0 i=1 s=0 Proof: The upper bound derived in Theorem 1 can be
x Cilr =1+ DX(r—1+1—5s) rewritten as the following form:
x Cl(r—1+1)07, , )G"(r+1) O(r+1jr+1)
M—1 M B
+eaMG(r+1) Y CppyD(r—1+1) = {G(r +1) —aO@r+ 1)) Clr+ 1)U (r+ 1)]
=0 1=1
x R(r—1+1)D"(r =14+ 1)@, \GT(r+1) Mo
et (r=th) ¥ W(r 4 1)[G(r+ 1)~ 00 +1r) > CF(r+1)
+esM?G(r +1) Z Z Qo(roit1) - =t
- =0 =1 x U 4 1)] +aO(r+ 1|r)
X Ci(r=1+1D&(r—14+1-dr—1-4d)
ST 7 M T
X:{T(T P C;'T l dT) —e10(r +1|r) (ZC r+1)) U (r+1)

According to (14)-(16) and (21), we conclude <Z Colr 4+ 1) > 1.
7" T
Pir+1jr+1) <O +1r+1)

which ends the proof. ] It is easy to see that the minimization of the upper bound
In Theorem 1, an upper bound of estimation error cd15) can be obtained when the estimator parameter is selected
variance is presented. Now, we are going to determine tA& (22), and the proof is complete. [ |
estimator gain by locally minimize the obtained upper bound.
Theorem 2:Design the estimator parameter as follows: IV. BOUNDEDNESSANALYSIS

- To further analyze the boundedness of the estimation error, a
G(r+1)=ea0(r+1[r) Z CI(r+1)¥ ' (r+1), (22) definition concerning the boundedness of a stochastic process

i=1 and some reasonable assumptions are introduced.
where Definition 1: [28] The stochastic process(r) is said
U(r+1) to be exponentially mean-square bounded, if there exist real
o " . numberse > 0, 5 > 0 and0 < k < 1 such that
2o (S atr+n)or+ 13 ¢+ 1) E{IC0)I} < allCO)2 + 8
= = holds for allr > 0.
+€2MZ@(T+ 1O + 1r)CT (r + 1) Assumption 1:_There exist some positive real scalars
P a,b,b,¢c,¢,d, f,u,t,%,1,X,0,0,9,q and 7 such that the fol-
M-1 M gq lowing conditions
M2 S a’ r— - l 1 T =
raM® ) ) plorriyCilr — 1+ 1) 4@ <7 b<|B@] <b. D@ <
% X(r—l+1—s)OT(r—l+ D@L, IFMI<F, U@ <z, [T <t
M-1 Werl<y, | (r+1|r)|\<b X(r) <XI,
+eM Y O Dr—1+1) A1 < Ci(r)CT(r) <21, R(r) <7I,
=0 — _
01 <O(r+1|r) <61, Ig r) <ql,
X R(r— 1+ 1)DT(r = 1+ 1)@T, ) (r+ 1ir) el <Qlr) <7
@+7)?2 <1
M-1 M
+eM? Y > Doy Ci(r —1+1) hold fori = 1,2,..., M.
1=0 i=1 For simplicity, some notations are presented as follows:
Xz(r—I1+1—dlr—1-4d) e
_a bcC
x 2T (r—14+1—djr—1-d) 9= g2
~T T —_
xCi(r—1+4 1)‘I’a(r71+1)- 0= b2§ + o,
Then, the upper bound matriR(r + 1|r + 1) is minimized by dEaT+7+ f+ut,
O(r+1r+1) X2 (1+e10)0+ (1+e70)7,
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72 (14 6)XFPmMO + (1 + &)vrd g2M? X Oy p1)Ci(r —h+Da(r —h+ 1—Tj(r—h+1))}
+A+g 551>z262§2M4 Mo1M-1
. 5 +(1+&) Y Y ELT -1+ 1)DT(r—1+1)
=(1+n)|1- 1+b ; 1=0 h=0
= b X OL, G+ DG+ 1) @0 py)
yé%+(1+n—1)§7 x D(r—h+1)v(r—h+1)}
~ ++E+&
wherep, &1, &, n,w are positive scalars. Me1 M M—1 M

Theorem 3:Consider the discrete-time complex network Z Z Z Z:ET(T —l4+1—dlr—1—4d
described in (2a)-(2b) with the designed estimator (5a)-(5b). 1=0 im1 h=0 j—1
Then, under Assumption 1, the estimation error is exponen- _ =t T T
L ’ Ci(r—141)0 G NG 1
tially mean-square bounded. XL =14+ D)@ (r+ DG+ 1)

Proof: Substituting (8) to (9) yields X Oy ny1)Cj(r — b+ 1)@" (r—h+1—d|r—h—d)
. ~ -1 q
e(r+1r +1) = [A(r) + F(r)]e(r|r) +w(r) + 2(r), (23) (1+&)M? Z Z > ptr{X(r—1+1-5)
where 1=0 i=1 s=0

x CT(r — 1+ 1)<1>§T G r+1)G(r +1)

w(r) éB(T)w(T)’ X ®gr_141) Ci(r —14+1) }—l— (14+&)M

M-1 M
2 _Gr+1) Dy Cilr —1+1 —
#r) lz; Z} 1) ) x Y tr{R(r—1+1)D"(r -1+ 1)@, .4
xz(r—1l+1—7(r—141)) iy
v x GT(r+1)G(r+ 1)@y 141y D(r — 1+ 1)}
—1 —1 2
—Gr+1)Y oy D(r— 1+ o(r —1+1) +(1+& +& )M
1=0 M—-1 M
M—-1 M B xZZtr{iT(r—H—l—dV—l—d)
Gr+1) Y @i Cilr —1+1) =0 i=1
) 1=0 i=1 x CT(r — 1+ 1)@Z(Pl+1)GT(r +1)G(r+1)
x@(r—l+1=dr—1-d). X o111y Ci(r =1+ 1)d(r —1+1—dr —1—d)}
From (21), it follows immediately that < (14 &)XEF@PmM® + (1 + 52)1)73252]\42
IG(r+ 1| +A+& "+ TEg M

M =7z. (26)
aO(r+1|r )ZC’;‘F(T + 1)+ 1)H

1

Now, let us consider the following iterative matrix equation
with respect ta(r):

3

M M
< |e®+1r) Y CFr+1) [61 (Z (7 + 1) Qr + 1) = [A(r) + F(r)]Q(r)AT (r) + B(r)Q(r) BT (r)
i=1 11 + ol, (27)
o(r + 1|r)( - Ci(r + 1)) T} where the initial value i£2(0) = B(0)Q(0)BT(0) + oI.
i=1 It follows from (27) that
e

<52=7 (24) [€r + 1)l
[ ~ -
By re_s;rting to Assumption 1 and the properties of the trace < 14 + FOIFII -+ IBOIFIQE)] + e
1 2
< (IAM + W @ Tl + | F ()| + 1T (r)S(r)T(r)]])

Q)| + [|B(r)|]? Q)| + ||el
E{w" (r)w(r)} = Eqw” (r)B~ (r)B(r)w(r ) _ 9

= tr{E{w(r)wT(r)}BT r)B(r)} = @2||Q(r)| + ¢

—2
< wagb 25
= (25) and therefore
and

E{z7 (r)3(r)} 12(r)[ < > 1200 + <p2¢> '
M—-1 M M-1 M

<+ 3% Z]E{xT(r—l—H—n(r—l—i—l)) It can be seen from? < 1 that

1=0 i=1 h=0 j=1
_ Q < Q 21
x Cl(r—1+1)00, 1, )G"(r+ D)G(r+1) OIS H+<p2¢
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= 120011 + ¢2

On the other hand, it is easy to see that

Q(r) > ol. (29)
According to (28)-(29), there exists a scatar> 0 such

that oI < Q(r) <wl.

Let V. (e(r|r)) £ €T (r[r)2= (r)e(r|r). From (23), it can

be deduced that
E{V,.s1(e(r + 1r + 1) ]e(rlr) b = (1+ Vi (e(rlr))
= E{[(A(r) + P(r))e(rlr) + () + 2(r)] "2 (r + 1)
x [(A(r) + F())e(rlr) + w(r) + ()]}
— (1 +me” (rlr) Q=" (r)e(rlr)
< (1 mE{eT () [(A(r) + F(r) T
X (A(r) + F(r) = Q7' (r)]e(rlr)}

+ 14+ HE{ZT(MQ  (r+ 1)2(r)}
+E{@"(r)

Yr+1)

inversion lemma, we obtain that

(A(r) + Fr)™ Q7 (r + D)(A(r) + F(r) - 27 (r)
= (A(r) + F(r)T [(A(r) + F(r))Qr)(A(r) + F(r))"
+ B(r)Q(r) B (r) + of ] (A(r) + F(r) = Q7' (r)
= —[Q(r) + Q@) (A(r) + v»WBuxxmBﬂw
+oI) " (A(r) + F(r))0(r)] "

—[I + (A(r) + F(r))T (B(r)Q(r) B (r) + oI )

x (A(r) + <>><ﬂ191m
< - (1 + ZZ—:) Q (r). (31)

Substituting (31) into (30) leads to
E{Vi.s1(e(r + 1r + 1)) \e(rm} — (L+0)V;(e(r]r))

—(1+n) <1 + f—;) . Vi, (e(r|r))

w‘EQ z
+ 22 L+
[ 0
= puV,(e(r|r)) + v

and it is easy to verify that € (0,1) for somen > 0.
Based on the above derivation, we have

E{He(r+ 1r + 1)]\2}
2] le(0/0)|[*}urtt 4 vy
=0
E{le(0l0)| fu " +va Y
=0

E{le(00)|* }+ + %

IN
> |

IA
& | El

Q' (r+ )ai(r)}. (30)

From the definition of2(r + 1) and utilizing the matrix

(28) and our proof is complete according the definition 1. ®|

Remark 41n this paper, a recursive SE problem is addressed
for a class of SCNs subject to packet disorders. The RR
protocol is introduced to alleviate the communication burden.
Based on the measurement model suffering from both random
delays and RR protocols, a recursive estimator is devised under
which an upper bound is first obtained on the estimation error
covariance in Theorem 1 and then minimized in Theorem 2. In
addition, a sufficient condition is given in Theorem 3 to ensure
the exponential mean-square boundedness of the estimation
error.

Remark 5:Compared to the existing literature concerning
SE issue, the main results acquired in this paper exhibit
the following distinctive features: 1) a comprehensive mea-
surement model is put forward by taking into account the
random delays and RR protocols; 2) a sequence of random
variables is used to characterize the time delays occurring in
the sensing process; 3) the influences of the coupling structure
between nodes, the packet disorders and the RR protocols
on the estimator performance are thoroughly investigated in
a quantitative way; and 4) matrix analysis techniques are
employed to derive the sufficient condition for mean-square
boundedness of estimation error.

V. NUMERICAL EXAMPLE

In this section, the validity of developed estimator for the
system (2a)-(2b) subject to RR protocols and packet disorders
is verified by a numerical example.

Consider a stochastic discrete-time four-node network (1a)-
(1b) with parameters:

~ [0.31 —0.31cos(r)
A = g58 0.19 }
~ [0.39  —0.39sin(r)
A2(r) = | 55 0.16 ]
~ [0.38 —0.51sin(r)
As(r) = | 55 0.15 ]
~[0.39  —0.71cos(r)
Adlr) = g 56 0.15 }
- 0.91 1091 cos(r)
Bu(r) = _—O.21+O.1sin(7’)}’ Ba(r) = [ —0.12 }
[ 0.92 ~[0.91sin(r)
Bs(r) = —O.21+O.lcos(r)] o Bl = [ —0.2 } ’
Ci(r) =103 —0.15+ 0.1sin(r)],
Ca(r) = [0.1+0.1cos(r) 0.6],
Cs(r) = [-0.2 0.6+ 0.1cos(r)],
Cyu(r) =[-0.2+0.1sin(r) 0.5],
Di(r) =03, Do(r) =0.2, Ds(r) =04, Dy(r)=0.1.

The nonlinear functiory (x;(r)) is described by

F@i(r) = 0.1sin(z; El) 52)

0.385 cos(z; (r)zz (r)) |’
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wherez;(r) = [z} (r) :cf(r)}T (i=1,2,3,4) is the system

state of theith node. The coupling configuration matrix is
assumed to b& = [w;;]axa (4,7 =1,2,3,4) with

—0.3, i=j, 1
wl] = . . naly Actual state z}(r) i
0'1’ v # J 04 Estimate of a}(r)
and the inner-coupling matrix is given by = 0.21,. The 0% 10 20 W% 20 50
covariances of zero-mean white noises @fe) = 0.005 and e ()

R(r) = 0.005.

In this simulation, the upper bound of the random time delz
7:(r) is set asg = 3. The initial mean and covariance of the
estimate are given as

Actual state 23 (r) ||

——— Estimate of 2}(r)

}T

71(0) = [-0.34 045", 2,(0) = [-0.24 0.55]" A A A :

T 0 10 20 30 40 50
z3(0) = [-0.44 0.45]", 74(0) = [-0.34 0.35] ", Time (r)
Py(0) = P5(0) = P5(0) = P4(0) = 2.

}T

Fig. 2. The actual states}(r), z?(r) and their estimates:} (r), £%(r) of
The other parameters are chosemas 0.5,¢9 = 0.5,e; = nodel.
0.25,82 = 0.05,83 = 0.25,84 = 0.05,85 = &g — E7 = €8 =

€9 = €19 = 5, and the initial conditions are given by o4

Actua‘l state x5 (r)
X(—2) = X(—l) = X(O) 0.2} ——— Estimate of z3(r) [}
= (1+¢€10)P(0) + (1 + £75)z(0)z" (0), of \/
&(=2[=3) =2(-1| - 2) =2(0] - 1) = 2(0), 02
T
-2)=z(-1)=10 0 0 O 0O 0O O O _ . . . .
#(=2) = 2(=1) [ - ] ’ 045 10 20 30 40 50
y(0) = [-0.35 0.34 059 —0.27]" . Time ()
0.8 T T
For + = 1,2,3,4, the root mean square error
(RMSE) of each node is defined bJRMSE;(r) = o8t
N 1,5 1,5 2 2,j £2.] 2 )
VESY, (@) - &9 0n) + (@2 (r) — 82 (rlr)) o [ _\/
with N being the times of independent experiments. In th 0.2 E:‘:M::fﬁ(%) i
simulation, we setV = 100. o ‘ ‘ ‘ —
In terms of the above parameters and Theorems 1-2, 0 10 L () 0 %0

upper bound of the estimation error covariance and the es-

timator gain can b_e derived recgrswely. _Slmulatlon resul,t:-ig. 3. The actual states)(r)
s are shown in Figs. 2-9. Specifically, Figs. 2-5 plot theode2.

trajectories of actual states](r) and their estimates? (r)

(i=1,2,3,4;5 = 1,2), which illustrate that the estimator can ) L
estimate the actual state well. In other words. the design‘é@suamed communication resource and also reduce the data
estimator has a satisfactory tracking performance under {F4/ISions, wefha;]ve m;cjroQucedfthr? RR protli)col ;hat acts as
RR protocols and packet disorders. To quantify the accuraiey9overnor o the or enng o the netwo_r noaes gamning
of estimation, Figs. 6-9 depict the RMSE and the minimai€ right for data transmission. A recursive estimator has
upper bound for four nodes respectively, it is easy to Sggen dewse_zd with guaranteed upper bound for the estimation
that the RMSE of each node always stays below its minimai'©" 90";%6‘”03' and isugh an _uppﬁr bound has then been
upper bound. Overall, the above simulation results verify t{B!nNimized by adequately designing the estimator parameters.

feasibility and effectiveness of the developed estimator in tHI:éthhermore, we have d'scuss?d the boundedness of.est|mat|9n
paper. in the sense of mean square with the help of stochastic analysis

techniques. Finally, we have utilized a simulation example to

demonstrate the usefulness of the developed estimator design

scheme. The possible topics for the future research would
In this paper, the recursive state estimation problem hpg the extension of the main results in this paper to the

been tackled for a class of discrete-time stochastic complitering problems for more complex systems subject to various

networks with packet disorders under Round-Robin (RRbmmunication protocols.

communication protocols. We have considered the packet

disorder issue caused by the random transmission delays that

have been modelled by a set of random variables satisfying

certain known probability distributions. In order to save the

, z3(r) and their estimatesi](r), £3(r) of

VI. CONCLUSION



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication.
Citation information: DOI10.1109/TNSE.2021.3095217, IEEE Transactions on Network Science and Engineering

FINAL VERSION

0.5 ‘
Actual state z}(r)
——— Estimate of a}(r)
-05 . . . )
10 20 30 40 50
Time (r)
0.8
Actual state 23(r) |
Estimate of 23(r)
0 . . ; :
0 10 20 30 20 50

Time (r)

Fig. 4. The actual states}(r), z3(r) and their estimates:}(r), £3(r) of
node3.

0.5
ol
-0.5p Actual state z}(r) []
Estimate of a}(r)
1 . . h n
0 10 20 30 40 50
Time (r)
1
or Actual state 23(r) |
——— Estimate of a3(r)

05 L L L !
0 10 20 30 40 50

Time (r)

Fig. 5. The actual states(r), z3(r) and their estimates:}(r), 3(r) of
node4.

T
— — = RMSE of node 1
Upper bound of node 1

25F 1

Fig. 6. RMSE and its upper bound of node

11

T T
— — = RMSE of node 2
Upper bound of node 2

25F 1

Fig. 7. RMSE and its upper bound of node

T T
— — = RMSE of node 3
Upper bound of node 3

25 1

Time (r)

Fig. 8. RMSE and its upper bound of node

T T
— — = RMSE of node 4
Upper bound of node 4

1k ]
\
\
\
05F b
\
\
R R U -~
0 L h L L L
0 10 20 30 40 50

Time (r)
Fig. 9. RMSE and its upper bound of node
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