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In many cases, the topological structures of a complex network are unknown or uncertain, and it is of significance

to identify the exact topological structure. An optimization-based method of identifying the topological structure of a

complex network is proposed in this paper. Identification of the exact network topological structure is converted into a

minimal optimization problem by using the estimated network. Then, an improved quantum-behaved particle swarm

optimization algorithm is used to solve the optimization problem. Compared with the previous adaptive synchronization-

based method, the proposed method is simple and effective and is particularly valid to identify the topological structure

of synchronization complex networks. In some cases where the states of a complex network are only partially observable,

the exact topological structure of a network can also be identified by using the proposed method. Finally, numerical

simulations are provided to show the effectiveness of the proposed method.
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1. Introduction

There exist widely complex networks in the
real world. Typical examples are the power
grid network,[1] the World Wide Web,[2] metabolic
networks,[3] and so on.[4−6] Since the scale-free net-
works and “small-world” networks were found,[7,8]

complex networks have made significant progress in
many fields, such as network modeling, synchroniza-
tion, structure optimization and control.[9−12] How-
ever, sometimes the exact topology structure of a com-
plex network is unknown or uncertain in advance, and
the identification of the topological structure is of ben-
efit to study the properties of complex networks. For
instance, if faults or malfunctions occur in links of net-
works, it is significant to locate or detect quickly the
positions of faults. Thus identifying the topological
structure of unknown network becomes a new and hot
research field.[13−19]

Recently, researchers[13−19] have mainly investi-
gated the adaptive feedback control method based
on synchronization to identify topology of networks,
which has been extended to identify uncertain com-

plex networks and time-delay networks. However,
there are mainly two disadvantages of the adap-
tive synchronization-based method. Researchers in
Ref. [16] pointed out that the topological structure
of synchronization complex networks cannot be esti-
mated correctly by this method. This is the first dis-
advantage. Using the developed or revised adaptive
synchronization-based methods in Refs. [16] and [18]
to identify the topological structure on synchroniza-
tion networks is a difficult choice because the imple-
mentation of the presented schemes must change the
network coupling modes. The second disadvantage is
that all of the nodes of the network must be observ-
able. This condition is very rigorous in some com-
plex networks, such as neural networks and metabolic
networks.[3,6] In this paper, we propose a new scheme
for identifying the topological structure of networks,
in which the topology identification is converted into
a minimal optimization problem. On exploring the
topological structure parameters of the estimated net-
work, the objective error values between the states
of the driving network and the estimated (response)
network are minimized, and then the topology iden-

∗Project supported by the National Natural Science Foundation for Distinguished Young Scholars of China (Grant No. 50925727)

and the National Natural Science Foundation of China (Grant No. 60876022).
†Corresponding author. E-mail: tangsx@yahoo.cn

© 2011 Chinese Physical Society and IOP Publishing Ltd
http://www.iop.org/journals/cpb http://cpb.iphy.ac.cn

110502-1



Chin. Phys. B Vol. 20, No. 11 (2011) 110502

tification is implemented effectively. The scheme is
valid not only for the non-synchronization complex
networks, but also for the synchronization networks
and the networks with unobservable nodes.

Inspired by the particle swarm optimization
(PSO) algorithm and quantum mechanics theories,
the quantum-behaved PSO (QPSO) has been devel-
oped in recent years.[20,21] Similarly, QPSO is an ex-
tremely simple algorithm. However, QPSO is a global
optimization algorithm due to the uncertainty princi-
ple of quantum behaviors.[22] In the present work, we
present an improved QPSO for efficiently exploring
the parameter values of complex network.

The remainder of this article is organized as fol-
lows. The topological structure identification of com-
plex networks is converted into a minimal optimiza-
tion problem in Section 2. In Section 3 the simple and
efficient QPSO-based algorithm to solve the minimal
optimization problem is presented. In Section 4 nu-
merical simulations and exciting results are described.
Finally, in Section 5 some conclusions are drawn from
the present study.

2. Optimization formulation of

identification

Consider the following weighted complex network
consisting of N nodes, with each node being a differ-
ent dynamical system, called the driving network and
described by[16]

Ẋi = Fi(Xi) +
N∑

j=1

H(Xj), i = 1, 2, . . . , N, (1)

where Xi = (xi1, xi2, . . . , xin)T is the state vector of
the i-th node dynamical system Fi, and H(·) is the
inner coupling function. In addition, cij is the un-
known weighted topology connection from node i to
node j. The coupling matrix C = (cij)N×N , where
ci,i =

∑N
j=1,i 6=j , does not need to be symmetric and

irreducible.
In order to identify the unknown coupling con-

figuration matrix C, the node dynamical systems Fi

and inner coupling function H(·) are assumed to be
known in advance, and thus the estimated (response)
network can be described as

Ẏi = Fi(Yi) +
N∑

j=1

H(Yj), i = 1, 2, . . . , N, (2)

where ĉij is the estimated parameter of cij .
Therefore, the problem of identifying topology

matrix C can be converted into a minimal optimiza-
tion problem

min J(ĉij) =
M∑

k=1

|X(k) − Y (k)|2
ĉij∈Γ

, (3)

where J(ĉij) is the objective evaluation function; Γ

is the predefined searching spaces; X(k) = (XT
1 (k),

XT
2 (k), . . ., XT

N (k))T, Y (k) = (Y T
1 (k), Y T

2 (k), . . .,
Y T

N (k))T are state vectors of the driving and the es-
timated networks at discrete time k, respectively; M

denotes the length of data used for topology param-
eters estimation; Y (k) is obtained by simulating the
response network with initial value Y (0) = X(0) and
the estimated configuration matrix ĈN×N .

To identify the synchronization networks, the
state vector X(k) used for evaluating the objective
function J(ĉij) is selected from the state vectors of
driving network in non-synchronization. The non-
synchronization state vectors of synchronization net-
work in this paper can be obtained by setting the
non-synchronization initial value X(0). To identify
the networks with unobservable states of nodes or un-
reachable nodes, state vector X(k) is composed only
of observable states variables, which will be explained
in detail by two examples in Subsection 4.3.

3. QPSO-based identifying algo-

rithm

PSO is a swarm intelligent optimization algo-
rithm, in which the trajectory of a particle is deter-
mined by its position vector xi and velocity vector
vi.[20] The particle moves along a determined trajec-
tory in Newtonian mechanics. According to the uncer-
tainty principle, the term trajectory in the quantum
setting is meaningless because xi and vi cannot be
determined simultaneously. Therefore, if individual
particles in a PSO system have quantum behaviour,
the particle can search for the optimal goal in the
whole space,[20] and as a result the population with
a probability of one converges at the globally optimal
position.[22]

In order to improve the convergent performance
of QPSO algorithm in this work, the position xi of the
i-th particle moves according to the following iterative
equation:
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xi(t + 1) = p − α · |Mbesti − xi(t)| · ln(1/u), if u < 0.5,
(4)

where i = 1, 2, . . . , N indicates the number of the par-
ticles of population (swarm); t = 1, 2, . . . , tmax repre-
sents the iteration number; xi = (xi,1, xi,2, . . . , xi,d)T

denotes the position of the i-th particle of popula-
tion; u is the value generated according to a uniform
probability distribution in the range [0 1]; p is the lo-
cal attractor of the i-th particle; Mbesti is the global
point called Mainstream Thought or Mean Best of the
population; α is the contraction–expansion coefficient.
Mbesti and α are explained and calculated in the fol-
lowing.

The local attractor p of the i-th particle of pop-
ulation is defined as a stochastic position that lies in
a hyper-rectangle with pi(t) and pg(t) being two ends
of its diagonal and calculated as

p = (c1pi(t) + c2pg(t))/(c1 + c2), (5)

where pi(t) (pest) indicates the personal best position
of the i particle and pg(t) (gbest ) the global best posi-
tion of population, and c1, c2 are two random numbers
in [0 1].

The global point Mbesti of the population is de-
fined as the randomized weighted mean of the pest-
and the gbest-positions of all particles and is given by

Mbesti =
1
N

N∑
i=1

βpi + (1 − β)pg, (6)

where N is the size of the population, and β is a ran-
dom number in [0 1].

The contraction–expansion coefficient α is adap-
tively adjusted according to the gathering h and con-
vergent speed s of the particles and given by

α = α0 + αss − αhh, (7)

where α0, αs, αh are constants and the gathering h

and convergent speed s in minimal optimization prob-
lem are defined as

h = J(gbest(t − 1))/J(gbest(t)),

s = J(gbest(t))/ 1
N

N∑
i=1

J(xi(t)).
(8)

To assure converging at a globally optimal posi-
tion with a probability of one, the maximum αmax of
coefficient α must be less than 1.781.[23] The pbest po-
sition of each particle and the gbest position of pop-
ulation are updated in the same way as that in the

PSO system. The procedure for identifying topologi-
cal structure of network, based on the QPSO in this
work, is given by the following steps.

Step 1 Identify the dimension d of independent
variable according to the topology properties of com-
plex network and unknown parameters cij , and then
initialize a population of particles with random posi-
tions xi in the d-dimensional space using a uniform
probability distribution function. Set s(0) = 0, and
h(0) = 0.

Step 2 Simulate the estimated complex network
(2) for each particle with initial value Y (0) = X(0)
and obtain the state vectors Y (k) at the same time
points of network (1).

Step 3 Evaluate the objective function value of
each particle according to Eq. (3), and set the pbest
to be equal to the objective function value and set
the pbest location to be equal to the personal loca-
tion. Find the globally best objective function value
of the population and set the gbest to be equal to the
globally best objective function value and set the gbest
location to be equal to the globally best position.

Step 4 Calculate α, Mbesti, and p using Eqs. (7),
(6), and (5), respectively, and update the position of
each particle according to Eq. (4).

Step 5 Simulate the estimated complex network
(2) for each particle at the current generation with
initial value Y (0) = X(0) and obtain the state vectors
Y (k) at the same time points of network (1), and then
evaluate the objective function value of each particle.

Step 6 Compare each particle objective function
value with the present particle pbest. If the current
value is better than the previous pbest, then set the
value pbest to be equal to the current value and set
the pbest location to be equal to the current location.

Step 7 Compare the objective function value
with the population overall previous pbest. If the cur-
rent value is better than the gbest, then reset gbest to
be the current particle objective function value and
position.

Step 8 Calculate gathering h and convergent
speed s according to Eq. (8).

Step 9 Go to Step 4 until a user-predefined stop
criterion is satisfied, which is usually a sufficiently
good fitness or a maximum number of iterations (gen-
erations).
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4. Numerical simulation and re-

sult

To show the effectiveness of the proposed method,
five illustrative examples are shown and compared
with the cases of the adaptive synchronization-based
method. Lorenz chaotic attractor is taken as the node
of networks, and the dynamical system of the i-th
node is described as Ẋi = F (Xi) = [(a(xi,2 − xi,1);
bxi,1 − xi,1xi,3 − xi,2; xi,1xi,2 − cxi,3] with attractor
parameters a = 10, b = 28, and c = 8/3.

In the numerical simulations successive M(= 100)
vector states of both the original network and the es-
timated network are used to calculate the objective
function value J . In QPSO, the parameters are set
as α0 = 1, αmax ≤ 1, αs = 0.25, αh = 0.25. The
searching space Γ is [–10 10].

4.1. Example 1

Firstly, consider a non-symmetric and non-
synchronization dynamical diffusive network consist-
ing of three identical nodes with topology matrix C,
whose elements are c1,2 = 3, c2,1 = 4, c2,3 = 2,
c3,2 = −1 the other elements ci,j = 0 (i 6= j),
and ci,i =

∑N
j=1,i 6=j ci,j . The inner coupling H(·) is

an identical matrix I3 and the initial states X(0) =
[−5, 2, 8;−13, 2,−3; 5,−2, 3]. Obviously, the topology
matrix C is not symmetric, and there are only 6 in-
dependent variables, therefore the searching space di-
mension of particles is 6. The simulation interval is
set to be 0 s–0.4 s. The population size is set to be
120, and the maximum generation number used as the
stop criterion is set to be 1000.

Fig. 1. Evolutions of identification processes of non-synchronization network, showing (a) the objective function

value J and (b) the topology matrix C versus generation t.

Figure 1 shows that the value of the objective
function value J decreases with the increase of gener-
ation t, which indicates that PSO converges to a glob-
ally optimal value, and the topology matrix C con-
verges to the true values rapidly. From Fig. 1, the
matrix C has been identified correctly.

4.2. Example 2

In this illustrative example, consider a symmet-
ric synchronization complex network[16] with topol-
ogy parameters c1,2 = c2,1 = 4, c1,3 = c3,1 = 7,
c1,4 = c4,1 = 3, c2,3 = c3,2 = 5, c3,4 = c4,3 = 2, the
others ci,j = 0 (i 6= j) and ci,i =

∑N
j=1,i 6=j ci,j . Simu-

lation parameters are given as the maxim generation is
5000, the population size is 240, and the initial states
are the same as those in Example 1. The network
arrives at synchronization at 1.8 second, therefore the

states in interval [0 0.2] are selected for computing the
objective function value J . Figure 2 shows the evolv-
ing process of the objective function value J and the
searching progress of topology matrix C. From Fig. 2
the topological structure of synchronization network
is identified correctly.

In order to correctly identify the topological struc-
ture of network by using the adaptive synchronization-
based approach, the necessary conditions for linear in-
dependence must be satisfied in Refs. [16] and [19]. In
fact, the independence conditions are very difficult to
verify. In Refs. [16] and [18] to avoid synchronization
of network being identified, the coupling strength η

or the inner-coupling mode H(·) is adjusted so that
the network is desynchronized. The limitations of
desynchronization method is that the behaviours of
networks are changed, and it is applicable only to the
adjustable or controllable networks. In the proposed
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optimization-based method, the topological structure
of synchronization network can be identified by select-
ing the non-synchronization information. If the net-
work has been in a synchronization state, any way of

destroying synchronization states, including changing
the coupling mode or directly changing the partial or
all states of nodes, is beneficial to the topology iden-
tification.

Fig. 2. Evolutions of identification processes of synchronization network, showing (a) objective function value

J and (b) topology matrix C versus generation t.

4.3. Example 3

In the third example, consider the non-
synchronization networks, in which only partial states
of networks are observable. There are two typical
cases, (i) only partial nodes are reachable or observ-
able, while the other nodes are not reachable; and (ii)
only partial states of dynamical systems of nodes are
observable, although all nodes are accessible. The net-
work structures and parameters are identical to those
in Subsection 4.1. In case (i), the vector states used
in the objective function are X(k) = (XT

1 (k), XT
2 (k)),

Y (k) = (Y T
1 (k), Y T

2 (k)), and in case (ii) X(k) =
(XT

1,1(k), XT
2,1(k), XT

3,1(k)), Y (k) = (Y T
1,1(k), Y T

2,1(k),
Y T

3,1(k)), both not the same as X(k) = (XT
1 (k),

XT
2 (k), XT

3 (k)), and Y (k) = (Y T
1 (k), Y T

2 (k), Y T
3 (k))

in Subsection 4.1. Figure 3 shows objective value J

and topology parameters evolution progress in case
(i). Figure 4 shows the evolution progresses in case
(ii). From Figs. 3 and 4, the topological structures
are identified with only partial states of networks.

Compared with the adaptive synchronization-
based method in Refs. [13], [15]–[17], and [19], the
optimization-based method proposed in this paper can
identify not only the topological structure of network,
where only partial states of dynamical system of node
are observable and the network topological structure
can be identified with the revised adaptive synchro-
nization method in Ref. [18], but also the topological
structure network where the nodes are partially reach-
able. Therefore, the proposed method is significant to
identify the topological structure of network with un-
reachable nodes and to detect the isolated nodes.

Fig. 3. Evolutions of identification processes of case (i), showing (a) objective function value J and (b) topology

matrix C versus generation t.
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Fig. 4. Evolutions of identification processes of case (ii), showing (a) objective function value J and (b) topology

matrix C versus generation t.

4.4. Example 4

Sometimes there are time-delays in the links of network, in which the identification method based on
adaptive synchronization is different from that of the networks without time-delay.[17,19] Here, consider an
invariant time-delay coupling network, where the inner coupling function is H(Xj(t − τ)) and τ is the time-
delay. Let τ = 0.01, and topological structure and other parameters are the same as those in Subsection 4.1.
The identification progresses of the objective function value and estimated structure values shown in Fig. 5
indicate again that the topological structure of the network is correctly identified.

Fig. 5. Evolutions of identification processes of network with time-delay, showing (a) objective function value

J and (b) topology matrix C versus generation t.

4.5. Example 5

Consider a “small-world” symmetric complex net-

work, consisting of N = 20 identical Loren oscillators,

whose topological structure and weighted link values

are shown in Fig. 6. Assume that the topological pa-

rameters c1,4, c1,6, c1,8, c1,10, c1,11, and c1,12 are un-

known. The identification progresses of the objective

function value and the estimated values in Fig. 7 show

that the topological structure of typical “small-world”

complex network is correctly identified by using the

proposed optimization method. Fig. 6. Topological structure and link values of “small-

world” network with 20 identical nodes.
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Fig. 7. Evolutions of identification processes of “small-world” network with 20 identical nodes, showing (a)

objective function value J and (b) topology matrix C versus generation t.

5. Conclusions

In this paper, an optimization-based method of
identifying the topological structure of a general com-
plex network is proposed. The topology identification
is converted into a minimal optimization problem in
a new perspective. An improved QPSO algorithm is
used to explore the globally optimal topological pa-
rameters. Compared with the synchronization-based
method, the proposed method can identify not only
the non-synchronization complex networks, but also
the synchronization complex networks, and needs less
node information, that is, only partial nodes or node
states observable. Numerical simulation results verify
the effectiveness of the proposed method, which sheds
light on the unknown complex network properties, be-
haviours, and so on.
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