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Structure identification of an uncertain network coupled with
complex-variable chaotic systems via adaptive impulsive control*
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In this paper, structure identification of an uncertain network coupled with complex-variable chaotic systems is in-
vestigated. Both the topological structure and the system parameters can be unknown and need to be identified. Based
on impulsive stability theory and the Lyapunov function method, an impulsive control scheme combined with an adaptive
strategy is adopted to design effective and universal network estimators. The restriction on the impulsive interval is relaxed
by adopting an adaptive strategy. Further, the proposed method can monitor the online switching topology effectively.
Several numerical simulations are provided to illustrate the effectiveness of the theoretical results.
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1. Introduction

Dynamical networks are ubiquitous and have been widely
used to model the large-scale physical and social systems
consisting of interactive individuals or agents, such as neu-
ronal networks, power grids, social relationship networks, and
multi-agent systems.!!*! The node dynamics in a network de-
note the dynamical behavior of the individuals, which are de-
scribed by dynamical systems. Due to the complexity of phys-
ical and social systems, the node dynamics can be identical or
nonidentical, which shows the node-dynamic complexity."!
The edges in a network denote the interactions between any
pair of nodes and can be directed or weighted, which shows
the structural complexity.! As is well known, the system pa-
rameters of node dynamics and the topological structure play
key roles in the dynamical evolution of a network. For com-
plex dynamical networks with exact system parameters and a
topological structure, lots of interesting and important results
have been obtained.!®'¥l Duan e al. investigated the syn-
chronization of weighted networks and complex synchronized
regions. 16] Tn Refs. [7]9], authors studied the pinning control
of dynamical networks and provided some optimal pinning
control strategies with respect to their topological structure.
Clearly, all the above discussion is based on the assumption
that the system parameters of node dynamics and the topolog-
ical structure are known in advance.

However, in some cases, the system parameters and topo-
logical structure of a network cannot be known or exactly cer-
tain. Therefore, for better studying the dynamical properties
of a network, the identification of the unknown system param-
eters and topological structure are necessary and important.
Up to now, many methods based on synchronization are de-
veloped to design proper and effective network estimators for
achieving this goal.[">23 Yu et al. estimated the topology of a
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network based on the dynamical evolution for the first time. !
Liu et al. investigated structure identification of dynamical
networks with both topological structure and node dynamics
via adaptive feedback control.!'8] Xu ef al. studied topology
identification and adaptive synchronization of uncertain com-
plex networks with adaptive double scaling functions./?!]

On the other hand, impulsive control, as a typical discon-
tinuous control scheme, has been widely used to design proper
controllers for achieving synchronization of coupled dynami-
cal systems.[1224-31
is an effective, robust, and low-cost form of the view of con-
trol. Chen et al. studied the adaptive impulsive synchroniza-
tion of uncertain real-variable chaotic systems, in which an
adaptive strategy was adopted to relax the restrictions on the
impulsive interval.[?*! To the best of our knowledge, the struc-
ture identification of dynamical networks based on impulsive
synchronization has seldom been investigated, which deserves
to be studied.

Recently, many complex-variable chaotic systems are
introduced to model physical systems involving complex
variables, such as complex-variable Lorenz, Chen, and dy-
namo systems. *>-* Further, complex networks coupled with
complex-variable chaotic systems are introduced and studied
as well.[33361 Motivated by the above discussion, this paper
investigates the structure identification of a network coupled
with a complex-variable chaotic system. Based on impulsive
stability theory and the Lyapunov function method, an impul-
sive control scheme combined with an adaptive strategy are
adopted to design effective and universal network estimators.
Section 2 introduces the model of a network coupled with
complex-variable chaotic systems and gives some useful pre-
liminaries. Section 3 investigates the structure identification
of a complex-variable network and designs proper network es-

1Tt has been shown that impulsive control

*Project supported by the Tianyuan Special Funds of the National Natural Science Foundation of China (Grant No. 11226242) and the Natural Science Founda-

tion of Jiangxi Province of China (Grant No. 20122BAB211006).
fCorresponding author. E-mail: zhywu7981@ gmail.com
© 2014 Chinese Physical Society and IOP Publishing Ltd

http://iopscience.iop.org/cpb http://cpb.iphy.ac.cn

040504-1


http://dx.doi.org/10.1088/1674-1056/23/4/040504
mailto:zhywu7981@gmail.com
http://iopscience.iop.org/cpb
http://cpb.iphy.ac.cn

Chin. Phys. B  Vol. 23, No. 4 (2014) 040504

timators via adaptive impulsive control. Section 4 provides
several numerical examples to verify the theoretical results.
Section 5 concludes this paper.

Notations: Throughout this paper, for any complex num-
ber (or complex vector) x, X denotes the conjugate of x, x" and
x' denote its real and imaginary parts, ||x|| = xTX. For any sym-
metric matrix P, Ay (P) and Ay (P) denote the smallest and
largest eigenvalues of the matrix.

2. Model and preliminaries

Consider a network consisting of N nonidentical nodes
with linear coupling, which is described by

N
(1) = flee(1),0) + € Y aulx (1), k=1,2,....N, (1)
=1

where x;(t) = (xx1(t),x2(2),..., % (¢))T € C* is an n-
dimensional complex vector with xy(t) = x%,(t) + jxi, () and
i=v—1,0=(64,6k2,...,6, )" € CPkis a py-dimensional
system parameter vector of the k-th node, f; : C" x CPk —
C" is an n-dimensional complex-valued vector function de-
noting the node dynamics, € > 0 is the coupling strength,
I' = diag(y1,..., %) € R™" is the inner coupling matrix, A =
(arg) € RV*N ig the zero-row-sum outer coupling matrix de-
termining the topology and coupling strength of the network,
which is defined as: if node k is affected by node [ (I # k),
then ay; # 0; otherwise, ay; = 0.

In what follows, the node dynamics f;(x;(¢)) is always
assumed to be linear with respect to the system parameters,
i.e., it can be written in the following form

X (1) = gr(x(t)) + F (i (1)) O, k=1,2,...,N,

where g; : C" — C" is an n-dimensional complex-valued vec-
tor function, Fy : C" — C"*Pk is an n X py matrix function.
Then, the network (1) can be rewritten as

X (1) = gr(x(t)) + Fi(x (7)) O

N
+ €& alexl(t), k=1,2,...,N. 2)
=1

Assumption 1 Suppose that there exists a positive con-
stant L such that the complex-valued vector function f} (xx, ©)
satisfies

Sk Or) — fi(xx, O))

(
+ (% —xk)T(fk()’k, Ox) — fi(x, 6%))

< Ly —x) (o —x0),

for all xi,y, € C", k=1,2,...,N.

Remark 1 It is easy to verify that some typical complex-
variable chaotic systems, such as complex-variable Lorenz,
Chen, and dynamos systems, all satisfy Assumption 1.

Assumption 2 Denote

Fe(u(1)) = (B (a(1)) -, F (1))

(ke —xx)"

with F{ (x(¢)) € C" for [ = 1,..., py. Suppose that

{{F Cor(0)) 7 Do) 1y

are linearly independent of the orbits {x;(£)}}_;.
Lemma 1! For any two complex numbers «, 8, and
any real constant p > 0, the following inequality holds

aB+ap < poaa+p ' BB.
Lemma 2P Let P € R be a symmetric matrix, then
A (P)xT)? <xTPx< lM(P)xTX,

hold for any x € C".

3. Structure identification of uncertain networks

In this section, structure identification of an uncertain net-
work (2) coupled with complex-variable chaotic systems is
studied in two cases via adaptive impulsive control.

Firstly, assume that only the outer coupling matrix A of
network (2) is unknown and to be identified. For identifying
the unknown topological structure, the network estimator with
impulsive controllers and adaptive laws is designed as follows:

N
V() = filk(1),00) + €Y du()Tyi(t), t # 1o,
i=1

Ayi(ts) = )’k(t;) —W(tg ) = Bro (to)yk(ts), t =15,
di(t) = =8 (v ()T (e (1) — x(1))
+ k(1) =3 (1) Ty (1)), 3)

where k,[ =1,2,....N,o=1,2,3,...,

Ye(t) = vt (£) a2 (), -y (£)) T € C"

is an n-dimensional complex vector, dy; is the estimated value
of ay;, and & > 0 is the adaptive gain. Byg(t) € R"*" is the
impulsive gain matrix, defined as: if t = t, then Bys(t) #
0; otherwise Bs () = 0. Discrete instant set {fs} satis-
fiesO0=f <t << - <tg<-,Ig—0o0as O —> oo,
i(tg) = lim, .+ yi(t), yi(ts) = lim, ,,_ yx(t). Any solutions
of Eq. (3) are assumed to be left continuous at each #5, i.e.,
Yi(ts) = yi(ts))-

Denote A and PBs(¢) as the largest eigenvalues of ma-
trices €(A+AT) @I and (I + By (1)) (I + Bys(t)) for k =
1,2,...,N, then, one has Bs() = 1 when t # t5. Let e (r) =
yi(t) — x () be the synchronization error, then one has the fol-
lowing error system:

+eY aulet), t #1o,
=1

Aey(ts) = ex(ty) —exl(te ) = Bio(to)ex(ts),
t=ts,0=12,...,
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—8u(y] () er(r) + e (1) Ty (1)),
ki=1,2,....N. “4)

du(t) =

Theorem 1 Suppose that Assumptions 1 and 2 hold.
Then, the unknown coupling matrix A of the uncertain dy-
namical network (1) can be identified by the estimated matrix

= (dy) of the network estimator (3), if there exists a con-
stant @ > 0, such that

InBs(ts) + ¢+ Lits)(tc —t6-1) <0, 6=1,2,..., (5
where

N
t)=n ; ef (1)eil?),

and 1 > 0 is a positive constant.
Proof Consider the following Lyapunov function

fort € (to—1,t5)-
When ¢ € (t5—1,%5), the function V (¢) can be written as

€

N

V(i) =Y ) +222 (du(t) — an)*
k=1 k=11=1
| 2
+E(L(f)—L—7L) ;

and its derivative with respect to ¢ along the trajectories of
Eq. (4) can be calculated as

(e + L (&)

M=

V(t) =

~
1|

(dua (1) — ag)di (1) + — (L(£) = L= A)L(1)

Jr
M=
M=

>9”‘ ™

S =

l

~
Il
-

l

N
= Y (filw(1),00)

1

— felx(t),0k)) Tei(t)

which gives
V() < V(t;ll)ei(fa)(t—fcfl). (6)

When ¢t = t4, one has

4 ul T, + T Y & efs(is) + 2
Vig) = Y e td)ets)+ Y ), b5, (lle) —aw)
k=1 k=11=1 kl
+ (;S;U)(ﬁ(t;)Ll)z
N
= kzef( )+ Bis(ts))” (I+ Bio(15))]ex(ts)
=1
N N
+ ZZEB Y )(dkl(fz;)*akz)z
e 20
+ "2(1;“)(2(; )—L—2)
< Bo(te)V(ts)- @)

For o = 1, from inequalities (6) and (7), one has

V() < BV () <V(tg)Bi(n)e

Similarly, for kK = 2, one has

L(n)(r1—10)

V(ty) < (tr)e ta—11)
< V(g )Bi(e )e )(t1=10) g L(t2) (2 —11)
V() < B()V(s)
< V()i (1) Ba 1) M) (1710) g L) (2=11)

According to the mathematical induction, one can obtain
the following inequality

[

Vitg) < Vi) Hﬁl (h)eutl)(’l*’tfl)’

1=1

oc=1,2,....

From condition (5), one has f3; (tl)em‘)(“”l*l) <e @
and V(rf) < V(1§ )e °%, which implies that V(z5) — 0 as
O — oo,

Then, for t € (t5,5.+1), one has

V() <V(ib)e L(tg11)(t—t5)

and V() — 0 as t — oo, i.e., the error system (4) is glob-
ally exponentially stable about zero. Moreover, y(f) =
0T @),y5(2),...,y5())" converges to the following largest in-
variant set

N
{ del —ay)Ty(t) = (),/<:1,2,...,N}7
=1

ast — oo,
From Assumption 2, one has dy(t) — ay as t — oo, i.e.,
the unknown coupling matrix A is identified by the estimated

matrix D = (dy;). This completes the proof.
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Secondly, assume that the coupling matrix A and system
parameter vectors @, are unknown and need to be identified.
Choose the network estimator with impulsive controllers and
updating law as

Ye(t) = gk(ye(t)) + Fie(ye(t)) E(2)
N
+e) du(t)lyi(1), t #to,
=1
A)’k(tc) = J’k(t;_) *)’k(tg) :BkG([O')yk(tG)7 t=1s,
E(t) = —peF (e(t)) "ex (1), -
dy(t) = =8yl (1)Tex(t) +ef (1T (1)), )]
where k,l = 1,2,....N, o = 1,2,...,dy, and E(t) =
(&1 (1), &a(t), .., Exp, (1)) T are the estimated values of ay; and

O, O > 0 and py > 0 are the adaptive gains.
Then, the error system can be written as

er(t) = fik(t),0k) — fi(x(t),0)

+ Fe(yi (1)) (Ex(t) — O)
N

+eY (du(t) —a)Tyi(1)
i=1
N

+£Zak11"e,(t), t #tg,

Aey(ts) = ek(ﬁ) —ex(ts) = Bio(ts)ex(ts),

ki=1,2,...,N. )

Theorem 2 Suppose that Assumptions 1 and 2 hold.
Then, the unknown coupling matrix A and system parameters
Oy, of the uncertain dynamical network (1) can be identified by
D = (dy) and E}, of the network estimator (8), if there exists a
constant o > 0, such that

InBs(ts) + o+ Lits)(ts —ts-1) <0, 6 =1,2,..., (10)
where

N
=1 ; ei (1)ei(r)

and 1 > 0 is a positive constant.
Proof Consider the following Lyapunov function

7Ne NM

fort € (to_1,t5]-
When ¢ € (t5—1,%s), the function V (¢) can be written as

Zek ek Z (& (

1Pk )" (Ex(1) — )

2 L. 2
+ Zzz&d di(t) — aw) +%(L(f)—L—/l) ;

and its derivative with respect to ¢ along the trajectories of
Eq. (9) can be calculated as

V(t) =

~
I

_|_
M=

T
I

(du(t) — ap)dy ()

~
Il
—
-
Il
—

_|_
™M=
M= 2|~
2| o

—L—2)L(t)

IA A
S) S) +
= 3=
~— 0
= = S
s =
- ~
o N‘

—~

~

—

which gives
V(t) <V(iF_,)ellte)li—ton), (11)

When ¢ = ¢4, one has

Zek

ZBO’ ts) (Ex( )_
k=1

Y & efolls)
X ) s

k=11=1
L PBolte) 5
o (o 5)—
< Bolto)V(is)- 12)

Similar to the proof of Theorem 1, one can show that the
error system (9) is globally exponentially stable about zero
and y(t) = (y] (t),y3(t),...,y%(2))T converges to the follow-
ing largest invariant set

ek ta

O) " (Zk(ta) — )

(du(ts) —an)*

L—2)?

gz{yo Felou(1)) (Ex(1) — @)
N
+

dkl _akl F)’l() Oak:172:"'7N}7
l

1
ast — oo,

From Assumption 2, one has =y (1) — O and dy, (t) — ay
as t — oo, i.e., the unknown system parameters & and cou-
pling matrix A are identified by Z;(¢) and D = (dy;). This
completes the proof.

Remark 2 As is well known, different node dynamics
may derive different constants L in Assumption 1. From the
proofs of Theorems 1 and 2, by virtue of the adaptive strat-
egy, the constant L and the largest eigenvalue A of matrix
e(A+AT)® T do not need to be known beforehand. There-
fore, the proposed methods are universal for different dynami-
cal networks to some extent. Moreover, the proposed methods
can monitor the online evolution of topological structure.
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Remark 3 In most of the existing results about impul-
sive control, the largest impulsive interval is estimated on cer-
tain conditions, e.g., the constant L and impulsive gain matri-
ces By need to be known. Due to the fact that the estimated
value of constant L is usually much larger than its actual value,
the largest impulsive interval is much smaller than the value
needed, which means that the control cost can be reduced. In
other words, the constant L has a restriction on the largest im-
pulsive interval. By combining the adaptive strategy and im-
pulsive control, the proposed method can relax the restriction
to a certain extent. For example, one can choose the impulsive
gain matrices By (t6) = bo (t6 ) I, i-€., Bo(ts) = (1 +bg(ts))?.
Then, one can choose

7eXp |:(1H4(to')7:(7:| 71+8
2
i
< bolts) < exp [—W] “l-g, (13

such that the conditions (5) and (10) hold, where T = t5 —
ts—1 and € is a small positive constant. That is to say, the im-
pulsive intervals 75 can be chosen properly, regardless of the
constant L, and the impulsive gain matrix can adjust itself to
achieve the goals.

4. Numerical simulations

In this section, several numerical examples are illustrated
to verify the effectiveness of the proposed method. For sim-
plicity, in the following examples, choose the inner coupling
matrix as I = diag{1,1,1}.

Firstly, verify Theorem 1 and choose the node dynam-
ics of network (1) as the following complex-variable Lorenz

systems!2°!
Kk = — Ok (X1 —Xk2), (14)
X = —Xp1 X3 + Oaxp1 — Orzxpa, (15)
X3 = —Oraxis + (XX + Xa1%i2) /2, (16)

where k = 1,2,...,6, x;; and x, are complex variables, xz3 is
the real variable,

Ok = (Ok1, 612,613, O1a)

are the system parameter vectors. They exhibit chaotic be-
havior when the system parameter vectors are chosen as @ =
(1.740.1k,60 +0.02j,1 — 0.06j,0.8)T with j = /—1. Then,
there exist three positive constants My, M>, and M3 such that
X1 < My, xpo < M>, and x33 < M3. According to Lemma 1,
one has

=30 (e 0 Ok) — e (2 80)) + (ke — 0 (o O) — fil, O%))

T

exl k1 (ex2 — ex1)
= | er Ok2ek1 — Or3ers — Vi1 i + Xk1 X3
€3 —6Orsers + (Very2 + Y Vi — X1 Xi2 — Xk1Xk2) /2
Oc1 (ex2 — ex1) T en
+ Okzex1 — Ok3err — Vi1 Vi3 + Xk1Xi3 €2
—Okae3 + (Viryre + ya1Vi2 — XX — Xk1%i2) /2 €3

= — (61 + 61 )ex1rr — (Ox3 + B3 )ennia — 26reis + (O + O — xi3 )er1@ia

+ (6k1 + B2 — xi3)er1ex2 + exiXr2ers + e Xi2er3

IN

(P16k1 Bkt + 26426z + P3M5 + paM — O — Ot ) ex @kt

+(py 6101 + P B2 B2 + p3 ' M3 — O3 — O3 ) exaeia + (0 ' M5 — 2644 ) e,

where py, p2, p3, and p4 are positive constants. Then, one can choose

L= max{p16y1 01 + p26126k2 + p3M3 + paM3 — Ot — Okt Py B Okt + Py 02Bh2 + P35 M3 — 013 — Bi3, py M3 — 2644}

with proper p1, P2, p3, and p4 such that Assumption 1 holds.
Suppose that the unknown coupling matrix A of net-
work (1) is chosen as

0 -1 2 1 0 -2
2 20 -1 0 1
A_]0 22 1 -1 0
1 20 -1 2 0
0 0 2 1 -3 0
10 0 2 -1 -2

In the numerical simulations, choose the coupled strength
€ = 0.01, the initial values of Z(¢) and dy(¢) as L(0) = 2 and
dy(0) = 0.5, the adaptive gains 11 = 0.02 and &y = 2, the
impulsive interval 7 = 0.2, o = 0.4, bs(ts) = exp(—(a +
L(ts)15)/2) —1—¢€,0 =1,2,...,and &€ = 0.001 according to
Remark 3. Moreover, choose the initial values of the state vari-
ables randomly. Figure 1 shows the structure identification of
a network with fixed topology and Fig. 2 shows the impulsive
gain b versus O.
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Fig. 1. (color online) Structure identification of a network with fixed
topology.

—0.2}

—0.4r

bo(ts)

—0.6

—0.8+

0 10 20 30
t(T

—-1.0

Fig. 2. (color online) The impulsive gain b versus o.

Secondly, consider the structure identification of net-
work (1) with a switching topology, i.e., the outer coupling
matrix switches from A to the following A’ at time ¢ = 50,

0 -1 3 0 1 -3
2 20 -1 0 1
g_|0 22 1 -1 0
1 =20 -1 2 0
0 0 2 1 -3 0
1 0 0 -1 -2

In the numerical simulations, choose the coupled strength
€ = 0.01, the initial values of L(r) and dj(¢) as L(0) =2
and dy;(0) = 0.5, the adaptive gains 1 = 2 and Oy = 2, the
impulsive interval 7z = 0.1, a = 4, bs(ts) = exp(—(ox +
L(ts)t5)/2) —1—€, 6 =1,2,..., and £ = 0.001 according
to Remark 3. Moreover, choose the initial values of the state
variables randomly. Figure 3 shows the structure identification
of a network with switching topology.

Thirdly, verify Theorem 2 and choose the node dynam-
ics of network (2) as the following complex-variable Chen

systems!?7]

X1 = Okt (Xk2 — X1, (17)

X2 = (B2 — Ok1)Xk1 — X1 X3 + OkaXpa,s (18)

X3 = (T2 + X1 X%2) /2 — Opsxes, (19)

where O = (61, 612, 6k3)T are the system parameter vectors.
According to Ref. [35], the complex-variable Chen system sat-

isfies Assumption 1.

0 20 40 60 80 100
t

Fig. 3. (color online) Structure identification of a network with switch-
ing topology.

Suppose that the unknown coupling matrix is chosen the
same as that in the first example and the unknown system pa-

rameter vectors are chosen as
O = (61,012, 003) " = (27,22.24+ 0.2k, 1)T

fork=1,2,...,6.

In the numerical simulations, choose the coupled strength
€ = 0.01, the initial values of L(¢), dj; (), and Z(¢) as L(0) =
10, d;(0) = 0.5, and

Z1(0) = (&1, &2, &) " = (25,20,0.5)7,

the adaptive gain n = 1, §; = 8, and p; = 1, the impulsive in-
terval 75 = 0.05, o = 80, b (t5) = exp(—(a +L(t5)75)/2) —
1—¢,06=1,2,..., and € = 0.001 according to Remark 3.
Moreover, choose the initial values of the state variables ran-
domly. Figures 4 and 5 show the identification of the unknown

topological structure and system parameters respectively.

20

175 180

0 40 80 120 160

—20
t

Fig. 4. (color online) Identification of the unknown topological struc-
ture.
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30

i |
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10 }KM\ ?75 180\'
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0 60 120 180
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28
27
23.4
26 23.2
23.0
22.8
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iy

24 J} 175 180

22

| . , . \
21O 60 120 180

Fig. 5. (color online) Identification of unknown system parameters.

20 1L 2

dii(t)

0 20 40 60 80

t
Fig. 6. (color online) (a) A network generated by the NW small-world
network with N =20, K =2, p =0.2. If there is an edge between nodes
k and [, then ay; = 1; otherwise, ay; = 0. At time ¢ = 55, the black
dash line switches to the red dash line. (b) Identification of switching
topological structure.

Finally, consider a small-world network consisting of

ten Lorenz systems (14) and ten Chen systems (17), whose
topological structure is generated by the NW small-world
network 38! with N = 20, K = 2, p = 0.2, and shown in
Fig. 6(a). Moreover, at time t = 55, the edge between nodes 1
and 6 switches to connect nodes 1 and 8, i.e., the black dashed
line in Fig. 6(a) switches to the red dashed line. The system pa-
rameter vectors are chosen as @, = (1.7+0.1k,60+0.02j, 1 —
0.06j,0.8)T for k = 1,2,...,10 and @ = (27,21 +0.1k,1)T
for k =11,12,...,20, and assumed to be known. In the nu-
merical simulations, choose the coupled strength € = 0.01, the
initial values of L(r) and dy,(t) as L(0) = 2 and d;(0) = 0.5,
the adaptive gains 11 = 0.01 and 8 = 1, the impulsive inter-
val 7o = 0.2, o« = 4, bs(ts) = exp(—(a + L(ts) 1) /2) — 1 —
g,0=1,2,...,and € = 0.001. Moreover, choose the initial
values of the state variables randomly. Figure 6(b) shows the
identification of a switching topological structure.

5. Conclusions

In this paper, the structure identification of an uncertain
network coupled with complex-variable chaotic systems has
been investigated. An impulsive control scheme is adopted to
design network estimators for identifying the system param-
eters and the topological structure of a network. Further, an
adaptive strategy is adopted to relax the restriction on the im-
pulsive intervals. Based on impulsive stability theory and the
Lyapunov function method, two network estimators are de-
signed and verified to be effective and universal by several nu-
merical examples. Moreover, the proposed methods can mon-
itor the online evolution of network topological structure and
be directly applied to the structure identification of networks
coupled with real-variable chaotic systems.

040504-7



Chin. Phys. B  Vol. 23, No. 4 (2014) 040504

References

(1]
(2]
(3]

[4]

(3]

[6]
(71
(8]
[9]
[10]
[11]

[12]
[13]

[14]
[15]
[16]
[17]
[18]

Albert R and Barabasi A L 2002 Rev. Mod. Phys. 74 47

Wang X F and Chen G R 2002 [EEE Trans. Circuits Syst. I 49 54
Boccaletti S, Latora V, Moreno Y, Chavez M and Hwang D U Phys.
Rep. 424 175

Arenas A, Diaz-Guilera A, Kurths J, Moreno Y and Zhou C S 2008
Phys. Rep. 469 93

Chen G R, Wang X F and Li X 2012 Introduction to Complex Net-
works: Models, Structures and Dynamics (Beijing: High Education
Press)

Duan Z S, Chen G R and Huang L 2008 Phys. Lett. A 372 3741

Wang X F and Chen G 2002 Physica A 310 521

Yu W W, Chen G R and Lii J H 2009 Automatica 45 429

Song Q and Cao J D 2010 IEEE Trans. Circuits Syst. I 57 672

LiKZ, He E, Zeng Z R and Tse C K 2013 Chin. Phys. B 22 070504
Wu Z Y and Fu X C 2012 Commun. Nonlinear Sci. Numer. Simul. 17
1628

Deng L P and Wu Z Y 2012 Commun. Theor. Phys. 58 525

Zheng S, Wang S G, Dong G G and Bi Q S 2012 Commun. Nonlinear
Sci. Numer. Simul. 17 284

Wang S G and Yao H X 2012 Chin. Phys. B 21 050508

Yu D C, Righero M and Kocarev L 2006 Phys. Rev. Lett. 97 188701
Wu X Q 2008 Physica A 387 997

Wang S G and Zheng S 2013 Chin. Phys. B 22 070503

LiuH, LuJ A, Lii J H and Hill D J 2009 Automatica 45 1799

[19]
[20]
[21]

[22]
[23]
[24]
[25]
[26]
[27]
(28]

[29]
[30]
(31]
[32]
(33]

[34]
[35]
[36]
[37]

[38]

040504-8

ZhaoJ C, Li Q, LuJ A and Jiang Z P 2010 Chaos 20 023119

Guo S J and Fu X C 2010 Commun. Theor. Phys. 54 181

Xu'Y H, Zhou W N, Fang J A and Sun W 2011 Commun. Nonlin. Sci.
Numer. Simul. 16 3337

Rao P C, Wu Z Y and Liu M 2012 Nonlinear Dyn. 67 1729

Wu Z'Y and Fu X C 2013 IET Control Theory Appl. 7 1269

Chen Y S, Hwang R R and Chang C C 2010 Phys. Lett. A 374 2254
Wan X J and Sun J T 2011 Math. Comput. Simul. 81 1609

Li C X, Shi J P and Sun J T 2011 Nonlinear Anal.: TMA 74 3099
Wang S G and Yao H X 2011 Chin. Phys. B 20 090513

LuJ Q,Ho D W C, Cao J D and Kurths J 2011 IEEE Trans. Neural
Netw. 22 329

Liu J G 2013 Chin. Phys. B 22 0605110

LiCL, Tong YN, Li HM and Su K L 2012 Phys. Scr. 86 055003
Chen Y S and Chang C C 2012 Nonlinear Dyn. 70 1795

Fowler A C, Gibbon J D and McGuinness M J 1982 Physica D 4 139
Mahmoud G M, Bountis T and Mahmoud E E 2007 Int. J. Bifur. Chaos
17 4295

Mahmoud G M, Aly S A and Farghaly A A 2007 Chaos, Solitons and
Fractals 33 178

Wu Z 'Y, Chen G R and Fu X C 2010 Chaos 22 023127

Wu ZY and Fu X C 2013 Int. J. Mod. Phys. C 24 1350007

Horn R A and Johnson C R 1990 Matrix Analysis (New York: Cam-
bridge University Press)

Newman M E J and Watts D J 1999 Phys. Lett. A 263 341


http://dx.doi.org/10.1103/RevModPhys.74.47
http://dx.doi.org/10.1016/j.physrep.2008.09.002
http://dx.doi.org/10.1016/j.physrep.2008.09.002
http://dx.doi.org/10.1016/j.physleta.2008.02.056
http://dx.doi.org/10.1016/S0378-4371(02)00772-0
http://dx.doi.org/10.1016/j.automatica.2008.07.016
http://dx.doi.org/10.1109/TCSI.2009.2024971
http://dx.doi.org/10.1088/1674-1056/22/7/070504
http://dx.doi.org/10.1016/j.cnsns.2011.09.012
http://dx.doi.org/10.1016/j.cnsns.2011.09.012
http://dx.doi.org/10.1088/0253-6102/58/4/14
http://dx.doi.org/10.1016/j.cnsns.2010.11.029
http://dx.doi.org/10.1016/j.cnsns.2010.11.029
http://dx.doi.org/10.1088/1674-1056/21/5/050508
http://dx.doi.org/10.1103/PhysRevLett.97.188701
http://dx.doi.org/10.1016/j.physa.2007.10.030
http://dx.doi.org/10.1088/1674-1056/22/7/070503
http://dx.doi.org/10.1016/j.automatica.2009.03.022
http://dx.doi.org/10.1063/1.3421947
http://dx.doi.org/10.1088/0253-6102/54/1/33
http://dx.doi.org/10.1016/j.cnsns.2010.11.003
http://dx.doi.org/10.1016/j.cnsns.2010.11.003
http://dx.doi.org/10.1007/s11071-011-0100-9
http://dx.doi.org/10.1049/iet-cta.2013.0201
http://dx.doi.org/10.1016/j.physleta.2010.03.046
http://dx.doi.org/10.1016/j.matcom.2010.11.012
http://dx.doi.org/10.1016/j.na.2011.01.026
http://dx.doi.org/10.1088/1674-1056/20/9/090513
http://dx.doi.org/10.1088/0031-8949/86/05/055003
http://dx.doi.org/10.1007/s11071-012-0574-0
http://dx.doi.org/10.1016/0167-2789(82)90057-4
http://dx.doi.org/10.1142/S0218127407019962
http://dx.doi.org/10.1142/S0218127407019962
http://dx.doi.org/10.1016/j.chaos.2006.01.036
http://dx.doi.org/10.1016/j.chaos.2006.01.036
http://dx.doi.org/10.1142/S0129183113500071
http://dx.doi.org/10.1016/S0375-9601(99)00757-4

	1. Introduction
	2. Model and preliminaries
	3. Structure identification of uncertain networks
	4. Numerical simulations
	5. Conclusions
	References

