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a  b  s  t  r  a  c  t

Image  fusion  based  on  regional  feature  is  a challenging  task,  which  has  difficulty  in  obtaining  optimal
weight  of  every  image  source.  In  this  paper,  Information  Granulation-based  Fuzzy  Radial  Basis  Function
Neural  Networks  (IG-FRBFNN)  is  utilized  to obtain  weight  of  each  source  image  dynamically.  In  the pro-
posed  network,  the  fuzzy  C-means  (FCM)  clustering  is exploited  to form  the  premise  part  of  the  rules.
Additionally,  weighted  least  square  (WLS)  learning  is  adopted  to estimate  the coefficients  of polynomials,
which  have  four  types  to form  the  consequent  part  of the  model.  Since  the  performance  of  IG-FRBFNN
is  directly  affected  by  some  key  parameters  of  the networks,  inspired  by the  chaos  theory,  chaotic  brain
storm  optimization  (CBSO)  is  proposed  in  this  paper,  carrying  out  the structural  and  parametric  opti-
mization  of  the  network  respectively.  A  series  of  experimental  results  demonstrate  that  the  proposed
approach  performs  better  compared  with  the  other  state-of-the-art  approaches.

© 2015  Elsevier  GmbH.  All  rights  reserved.

1. Introduction

Image fusion can be simply defined as the process of integrat-
ing complementary information collected from multiple sensors,
generating a new composite high-quality image to improve the
utilization of the image information, and advance the spatial resolu-
tion as well as the spectral resolution of the original image. In recent
years, with the development of sensors, image fusion is a research
focus in the field of image processing and analysis all along, which
has successfully applied to numerous fields such as remote sensing
[1], surveillance [2], target detection [3], and medical diagnosis [4].

Approximately, according to the stages in the fusion operation,
current image fusion schemes can be usually divided into three lev-
els: pixel-level, feature-level and decision-level, a comparison of
these three fusion process is shown in Fig. 1. In pixel-level fusion,
the image fusion process works directly on the pixels obtained from
the multi-sensor’s outputs. Compared to other methods, pixel-level
fusion retains more original information, and it is the basis of the
image fusion on other levels. However, the method of calculat-
ing the average pixel-by-pixel of source image would reduce the
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contrast of image. Feature level fusion, which based on image
feature extracted from the source image, faces difficulty in get-
ting optimal weight of each image source. The regional feature of
the image includes regional variance, regional energy, etc. In this
paper, the regional variance is exploited to perform image fusion. In
decision level fusion, there are some subjective requirements and
principles such as Bayesian, Dempster–Shafter evidence theory. In
this paper, we will concentrate on the feature-level image fusion,
which is usually robust to noise and misregistration [5].

The conventional regional feature fusion method is first char-
acterized by measuring the activeness of the each pixel of the
source image, with the method of calculating a certain regional
feature of the image’s rectangle region, which is centered on the
pixel measured. During the last decades, various methods based
on regional feature for the purpose of image fusion have been
proposed. Recently, by utilizing intelligence technology for image
fusion problems, researches get satisfactory experimental results.
Li [6] presented a new region-based image fusion scheme using
pulse-coupled neural network. Yu [7] proposed a bio-inspired
method based on the regional feature to solve the image fusion
problem. In our study, Information Granulation-based Fuzzy Radial
Basis Function Neural Networks (IG-FRBFNN) is exploited to obtain
weight of each source image dynamically for image fusion prob-
lems.

The salient features of IG-FRBFNN are as follows. (1) The fuzzy
C-means (FCM) clustering is exploited to form the premise part
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Fig. 1. Comparison of three fusion process.

of the rules. (2) The consequent of the proposed model has four
types such as constant (zero-order), linear (first-order), quadratic
(second-order), and modified quadratic (modified second-order).
(3) The ordinary least square (OLS) or weighted least square (WLS)
learning is adopted to estimate the coefficients of polynomials to
form consequent part of the model. (4) The optimization algorithm
is utilized to carry out the structural and parametric optimization
of the IG-FRBNN respectively [8,9].

Recently, swarm intelligence (SI) optimization algorithm such
as particle swarm optimization (PSO) [10], ant colony optimization
(ACO) [11], and genetic algorithm (GA) [12] have been successfully
implemented in numerous fields. These methods have been proven
feasible and effective, especially when the objective functions are
not deterministic. In this paper, we utilized brain storm optimiza-
tion (BSO), which is a novel optimization algorithm proposed by Shi
[13,14], to optimize IG-FRBFNN for image fusion problem. Unlike
other SI, BSO is based on the collective behavior of human being,
namely, the brainstorming process [13]. BSO has already proven
itself a worthy competitor to its better known rivals. BSO algorithm
has been tested on several benchmark functions, and a series of
results are presented to verify that BSO algorithm performed rea-
sonably well. However, it is evident that the original BSO runs into
local optima easily at whiles and cannot make full use of global
information to update ideas. Thus, inspired by chaos theory [15],
a novel variant of BSO algorithm, named chaotic brain storm opti-
mization (CBSO), is proposed in this paper. Moreover, the process
of updating individuals is modified to improve the performance of
the algorithm.

The rest part of the paper is organized as follows. Firstly, the
architecture and learning of the IG-FRBFNN are presented in Section
2. Then, the BSO algorithm and its improved version are introduced
in Section 3, followed by Section 4, a series of experimental results
are obtained to show the feasibility and effectiveness of our pro-
posed approach. Finally, our concluding and remarks are contained
in Section 5.

2. Architecture and learning of the IG-FRBFNN

IG-FRBFNN is a kind of novel network, which is designed by
combining the basic principles of RBFNN and the Fuzzy C-Means
(FCM) algorithm [16] [17]. However, there is still room for improve-
ment, especially for the only use of zero-order polynomials treated
as local models to represent the input–output mappings exist-
ing in each sub-space, the resulting accuracy of the model might
get limited [9]. Therefore, IG-FRBFNN is proposed by Oh et al. [8]
to overcome the drawbacks of the conventional FRBFNN. Fig. 2

Fig. 2. Architecture of the IG-FRBFNN.

displays the architecture of the IG-FRBFNN. The IG-FRBFNN mainly
consists of the following parts:

(1) Clustering. Fuzzy C-Means (FCM) clustering is exploited to form
the premise part of the rules. In this model, the sample data set
X is composed by m vectors, that is, = {X1, X2, . . .,  Xm} , Xk = {Xk1,
Xk2, . . .,  Xkm} , 1 ≤ i ≤ m, 1 ≤ j ≤ l.

where m represents the number of input data, l is the num-
ber of input variables. After clustering, clusters described by the
prototypes vi, which determines information granules (the cen-
ters of individual clusters) and a partition matrix U representing
activation levels (degree of memberships) [9].

(2) Information granulation. The IG-FRBFNN can be represented as
“if-then” fuzzy rules. Besides, there are four types of polyno-
mials to be selected to represent the input–output mappings
existing in each sub-space. To simplify the problem, the second-
order polynomial (quadratic type) is selected in our study, and
the consequent polynomial is described as the following form:

fi(xk1, . . .,  xkl, vi) = ai0 + ai1(xk1 − vi1) + ai2(xk2 − vi2) + . . .

+ ail(xkl − vil) + ai(l+1)(xk1 − vi1)2 + ai(l+2)(xk2 − vi2)2 + . . .

+ ai(2l)(xkl − vil)
2 + ai(2l+1)(xk1 − vi1)(xk2 − vi2) + . . .

+ ai((l+1)(l+2)/2)(xk(l−1) − vi(l−1))(xkl − vil) (1)

We  consider the numeric output of the IG-FRBNN of the fol-
lowing form:

ŷk =
n∑

i=1

wikfi(xk1, ..., xkl, vi) (2)

where wik denotes the weight of the ith rule and kth data, and
vi are the prototypes of clusters carried out by the FCM [9].

(3) The learning of the model. In this study, the weighted least
square (WLS) learning method is adopted to estimate the
coefficients of polynomials. As presented in Yu’s model [7], the
ordinary least square (OLS) is used. However, the experimen-
tal condition is indeterminate, leading to the confidence level
of the data measured is different. Thus, the estimation accu-
racy of the OLS is generally not high because the data measured
are treated uniformly in the model. Compared with the OLS,
the weighting scheme is exploited to process the data with dif-
ferent confidence in the WLS, that is, confidence is high, the
weights get bigger; confidence low, takes the smaller weights.

In the WLS, the coefficients of the model are determined by
minimizing an overall squared error:

J(�̂) =
n∑

i=1

m∑
k=1

wik(yk − fi(xk, vi))
2 (3)

where wik denotes the weight of the ith rule and kth data, yk is
the output of the model.

3. Brain storm optimization and its improved version

3.1. The basic principle of BSO

BSO is a newly-developed and effective algorithm, inspired by
the process of the human being’s brain storming [13]. In BSO algo-
rithm, each position within the solution space is called an idea,
which is randomly initialized within the search space. Compared
with other algorithm, the K-means clustering is exploited in BSO,
imitating the methodology of group discussion. During each gener-
ation, all the ideas are first divided into k clusters, and the best idea
in each cluster is selected as the cluster center, while the quality of
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