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Abstract1

The selection of centers and widths has a strong in-
fluence on the performance of radial basis function 
neural network classifier. In this paper, a novel ap-
proach of clustering based on Fuzzy C- means clus-
tering is proposed, which is called cooperative clus-
tering, and use it for selection of centers of radial ba-
sis function neural network. Experimental results 
show that the performance of classification using our 
approach is better than radial basis function neural 
network. 
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1. Introduction 

 
The Radial Basis Function (RBF) neural network is a 

kind of powerful kernel methods, which has been ap-
plied to many areas with success [1], such as time series 
analysis, image processing and bioinformatics [2-4]. In 
recent years, some improved learning algorithms for 
RBF neural network have been proposed by several pre-
sent papers [5-8]. 

A successful construction of an RBF neural network 
needs three steps: the selection of the kernel (basis) 
function, the determination of proper kernel centers, and 
the learning of the weights connecting the hidden nodes 
to the output nodes. The key problem is particularly the 
selection of basis function centers [9], [10]. The most 
frequently used basis function is the Gaussian kernel 
function. In the existing literature one often used 
C-Means or Fuzzy C-Means clustering algorithm [11] to 
select the centers in the input space. 

There are two strategies to determine the basis func-
tion centers. The first strategy simply places one center 
at each sample [7].On the other hand, the second strategy 
attempts to reduce the number of basis function centers, 
which can increase the classification efficiency. In the 
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typical procedure, a clustering analysis is employed on 
the training samples and then allocates one basis func-
tion center for each cluster of samples. As pointed by 
Oyang [6], the distributions of training samples near the 
boundaries between different classes carry more crucial 
information than the distributions of samples in the inner 
parts of the classes. The RBF neural networks con-
structed with a conventional cluster-based learning algo-
rithm generally are not able to deliver the same level of 
accuracy as those data classification algorithms that ex-
ploit the distributions of samples near boundaries be-
tween different classes. Several approaches have been 
proposed to solve the problem, such as the Orthogonal 
Least Square (OLS) algorithm, Support Vector Machine 
(SVM)-based selection [9], class reparability measure 
based selection, feature subset based selection, data 
structure preserving selection [12], [13]. 

After the kernel functions and centers have been de-
termined, the network can be viewed as an equivalent 
single-layer network with linear output units. Then, the 
Least Mean Square Error (LMSE) method and regulari-
zation theory can be used to determine the weights asso-
ciated with the links between the hidden layer and the 
output layer [14-17]. 

In this paper, we proposed an efficient data clustering 
method which is called cooperative clustering, and use it 
for selection of centers of radial basis function neural 
network. The experimental results show that the ap-
proach could not only effectively improve the training 
speed, but also keep classification accuracies.  

The remainder of this paper is organized as follows. In 
the next section, we briefly review the theory of RBF 
neural network. In Section 3, the cooperative clustering 
algorithm is described. In Section 4, we address the 
problem of how to construct the RBF neural network 
with cooperative clustering. The experimental results 
using our algorithm are shown in Section 5. Finally, 
conclusion and discussion are presented in Section 6. 

 
2. RBF Neural Network 

 
RBF neural network is a type of feed forward network 

and able to solve non-linear problem by using a special 
class of functions.  Fig.1 illustrates a standard structure 
of RBF neural network. 
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As revealed in Fig. 1, the structure of a normal RBF 
neural network consists of three different layers, namely 
the input layer, the hidden layer, and the output layer. 
The input layer is made up of source nodes (sensory 
units) whose number is equal to the dimension of the 
input vector; the second layer is hidden layer (Gaussian 
transfer functions typically used) which is composed of 
nonlinear units that are connected directly to all of the 
nodes in the input layer. The transformation from the 
input space to the hidden unit space is nonlinear, usually, 
the cluster algorithm associates a cluster center to each 
RBF node in the hidden layer, and the transformation 
from hidden unit space to output space is linear. 
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Building a Gaussian RBF neural network for a given 
learning task mainly involves: 
 a) Choice of Activation Functions 
 b) Selection of Centers. 
 c) Selection of Widths. 
 d) Solving for the weight coefficients and bias. 

 
In this paper, we mainly studied on how to selection 

of proper centers for Gaussian RBF neural network. 
 

 
Figure 1. A structure of RBF network with multiple outputs 

 
3. Cooperative Clustering 

 
In this section, the method of cooperative clustering 

based on Fuzzy C-Means (FCM) algorithm [13] is de-
scribed, the idea of which is derived from Cooperative 
Evolution and SVM.  

 
3.1 Fuzzy C-Means  

The FCM algorithm is an unsupervised classification 
and utilized in a wide variety of applications.    FCM 
partitions a given dataset, X = {x1,…,xn}⊂Rd, into c 
fuzzy subsets by minimizing the following objective 
function. 

          (1) 
 

Where c is the number of clusters, n the number of 
data points, uik the grade of membership of data point xk 
in class i, m  (1<m<∞) is the quantity controlling 
clustering fuzziness, V the set of cluster centers (vi ∈Rd). 

The matrix U with the ikth entry uik is constrained to the 
condition. 

                   (2) ∑∑
= = 

The FCM algorithm consists of the following steps: 
  (1)Set c, m, and initialize the cluster centers vi , 
i=1,…, c. 

(2)Compute the degree of membership of all feature 
vectors in the entire cluster, as follow 

 

 
 
 Where . 22 |||| ikikD vx −=

 
 If the set Ik = {i|1≤ i ≤ c; Dik = 0} is not empty, we 

have 
uik=0, ∀i∈{1,…,c}-Ik, and ∑i∈Ik uik =1.  (4) 

(3) Update the cluster centers vi, i = 1,…, c, as follows 
             

(5) 
 

(4) Return the matrix U if no cluster center is changed in 
Step (3), otherwise go to Step (2).  
 
3.2 Cooperative Clustering   

In the approach of cooperative clustering, we itera-
tively compute the cluster centers of two classes simul-
taneously and draw them towards the boundary of the 
two classes. Then these cluster centers near the boundary 
can be used to replace basis function center approxi-
mately. 

Suppose that there are two-class datasets X+ and X-, 
and each class has c subsets. Let  be 

the set of cluster centers in class +,  
be the set of cluster centers in class -, and A be the dis-
tance matrix between two sets v+ and v-. The ij-th entry 
a

},,{ 1
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ij of matrix A can be computed as 
      (6) 

We take out each pair  of cluster centers 
with smallest distance from sets v

),( −+

+ and v- iteratively ac-
cording to matrix A. The two cluster centers in  

should move towards another. Let  be the average 

radius of cluster p in class + and  be the average ra-
dius of cluster q in class -. They are defined by equation 
(7) and (8) 
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Then each pair  is updated as follows ),( −+
qp vv

          (9) 
 

 
           (10)   

 
Where λ∈(0, 1) is the quantity controlling the distance 
between . - and qp vv +

 The whole procedure of the cooperative clustering 
is as follows. 
(1) Initialize the cluster centers , i = 1,…, c. - and ii vv+

(2) Compute the matrix U+ and U- for classes + and – 
with equations (3) and (4) respectively. 

(3) Partition the datasets X+ and X- into clus-
ters , i = 1,...,c, respectively. −+

ii XX  and 

(4) Compute the cluster centers , i = 1,…,c, for 
classes + and – with equation (5) respectively. 

- and ii vv+

(5) Computer the distance matrix A with equation (6) 
and find out the set Vs of cluster center pairs by 
searching through matrix A. 

(6) Update the cluster center pairs in set Vs with equa-
tions (9) and (10). 

(7) Return the set Vs if it is not changed compared with 
last iteration, otherwise go to Step (2). 

 
The step (5) can be realized as follows. 

1) Compute the matrix A={aij}1≤i,j≤c, with equation (6). 
2) Find a smallest element apq in A. 
3) Add  into the set V- and qp vv + s. 
4) Delete the row p and the column q from matrix A. 
5) Return the set Vs if no element in A otherwise go to 

step (2). 
With the above procedure, we can find c pairs of clus-

ter centers. Each pair crosses the boundary of two classes. 
Let the number of total cluster centers be p=2c, the time 
complexity of the procedure is (#iterations) × O(np). 
 
4. Training RBF Neural Network for Classifica-

tion 
 We consider the binary classification problems. The 

general mathematical form of the outputs in an RBF 
neural network is described as follows: 
 

(11) 
 

Where p=2c, φ(x) is basis function of RBF neural 
network, the Gaussian kernel function is selected as ba-
sis function of RBF neural network.  

 
(12) 

 

where vl is the center of cluster l, σl is the bandwidth 
of its kernel function, Moody and Darken[18 ] proposed 
a method which determines the bandwidth of each kernel 
function, it is as follows: 
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where β is a constant, rl is the radius of cluster l. 

Given a training data set of n points (xi,yi), i = 1,…,n, 
where xi∈Rd, and yi∈{-1,1}, the solution is to solve a 
optimization problem. With the least mean square 
method and regularization theory, the objective function 
is as follows: 

 
             (13)  

 
 

where λ is the regularization parameter. 
To find the optimal w that minimizes L, we set the gra-

dient of L to be zero: 
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We have 
 

     (15) 
 

 
The weight vector w can be found with the following 

equation: 
 

 
 

(16) 
 
 
 

 
 
The problem becomes to solve an inverse matrix, the 

size of which is p × p. The algorithm is efficient. 
Next we consider the multiclass classification prob-

lems. Given a training dataset of n points (xi,yi), i = 
1,…,n, where xi∈Rd, and yi∈{1, 2,…, m}, the m-class 
classification problem is to find a decision function F: Rd 
→ {1, 2,…, m} mapping an input x to a class label y. 

The procedure for determining hidden layer centers is 
divided into two steps. In the first step, the FCM algo-
rithm is used to partition every class into c clusters. In 
the second step, cluster centers are moved towards the 
classification boundaries with cooperative clustering it-
eratively. In each iteration, two closest cluster centers in 
two classes are selected and moved towards each other. 
Let the set of cluster centers be V = {v11, …, v1c, …, 
vm1, …, vmc}, where vij is the jth cluster center of class i. 
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The selected pair of cluster centers (vip, vjq) in class i and 
j should satisfy the condition: 

                (17) || - ||  jtis vv
  , jtv
 

Then the pair (vip, vjq) is updated as follows 

      (18) 
 
 

     (19) 
 

where λ∈(0,1) is the quantity controlling the distance 
between vip, and vjq , and rip is the average radius of the 
pth cluster of class i. 

It is noticed that only the cluster centers in adjacent 
classes can be moved. To judge if two cluster centers vip, 
and vjq are in adjacent classes, we search a cluster center 
vhs which is the closest to the middle of vip, and vjq. If h=i 
or h=j, the two cluster centers vip and vjq are in adjacent 
classes. The cluster center vhs can be determined by 

 
          (20)  

         
 

Where d(g, t, i, p, j, q) is the distance of the cluster 
center vgt and the middle of vip, and vjq. 
 To make the cluster centers be the members of the 
dataset, vip and vjq should be replaced by the nearest data 
point of the same cluster respectively. Let Xij be the sub-
set of the jth cluster in class i, i = 1,...,m, j = 1,...,c,  the 
new pair (xr, xt) should be chosen according to 

(21) 
and 

(22) 
 

The procedure of the cooperative clustering is as fol-
lows. 
(1) Initialize sets Vi = {}, i=1, …, m. 
(2) Initialize the cluster center set V = {v11, …, v1c, …, 

vm1, …, vmc}. 
(3) Do classical clustering procedures for all classes 

with FCM algorithm. 
(4) Partition the dataset into clusters Xij, i = 1,...,m, j = 

1,...,c. 
(5) Initialize sets Ni = {}, i=1, …, m. 
(6)  For i = 1 to m, do 
(7) For j = i+1 to m, do 
(8) Find a pair of cluster centers (vip, vjq), (i, p)∉Nj and 

(j, q)∉Ni, with equation (17). 
(9) Find vhs for the pair of cluster centers (vip, vjq) with 

equation (20). 
(10) If h=i or h=j, then 

(11) Delete vip and vjq from V and update them with 
equations (18)-(19) and (21)-(22). 

(12) Add pair (j, q) to Ni and add pair (i, p) to Nj. min ||||
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(17) If the greatest change of the cluster center pairs is 
less than a given threshold, go to step (19). 
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+= λ (18) Rebuild cluster center set V and matrix U for all 

classes with equations (3)-(5). Go to step (4). 
(19) For i = 1 to m, do 
(20) Add vij , 1 ≤ j ≤ c, to Vi. Add vjq , (j, q) ∈ Ni, to Vi. 
(21) End For 
(22) End 

 
With the above procedure, we obtain the cluster center 

set Vi for class i, i=1, …, m. The data set Vi includes all 
cluster centers in class i and cluster centers of other 
classes, each of which constructs a pair with a cluster 
center of class i. The time complexity of the procedure is 
(#iterations) × (O(nmc) + O(m3c3)).  

||
2

||min
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We adopt one-against-rest strategy to solve multiclass 
classification problems. For one-against-rest approach, m 
binary classifiers are needed and the training data for 
each binary classifier include all data in m classes. When 
an example is classified, m times binary tests are re-
quired to make final decision with majority voting. To 
obtain the ith RBF classifier fi, the set Vi is used to con-
struct the hidden layer and all examples are used to train 
the RBF neural network. If the m binary classifiers are 
combined to a whole RBF neural network, the size of the 
hidden layer is mc. 

 
5. Experiments 

 
In this section, to verify the performance of our algo-

rithm proposed, the experiments were performed on 
several synthetic and real-world data sets. 

In the experiments, we compare two types of RBF 
neural networks: 

(1) The hidden layer is constructed by cluster centers 
produced with traditional fuzzy c-means. The network is 
denoted by traditional RBF neural network. 

(2) The hidden layer is constructed by cluster centers 
produced with cooperative clustering. 

 
A. Synthetic Data Results 

 The synthetic data included two data sets. The first 
data set has 200 samples in two classes and 2 dimension 
vector data. We choose RBF kernel 
K(x,x’)=exp[-||x-x’||2/σ2] in RBF network and λ=0.6 in 
cooperative clustering procedure.  
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The cooperative clustering results are shown in Fig.2. 
Tri-angle denotes the sample of synthetic data. 6 pairs of 
clustering centers are chosen by cooperative clustering, 
which denoted by large circles. As shown in the Fig.2, 
the cluster centers selected by cooperative clustering are 
closely near the boundary of the two classes. 

The second data set contains four classes, each of 
which has 50 points, and 2 dimension vector data. In Fig. 
3, the performance of the proposed RBF neural network 
classifier is compared with the conditional RBF neural 
network on the data set. It is clear that centers of our 
method is more near the boundaries between different 
classes and carry more crucial information as pointed by 
Oyang. 

 
Figure 2. Result of the cooperative clustering 

 
 (a) Result of traditional RBF neutral network 

 
     (b) Result of our method 

Figure 3 Result of the traditional RBF neutral network 
and our method  

                   
B. Real Data Results  

All these datasets are from the UCI repository [19].Six 
benchmark data sets are used in the experiments, these 
data sets include 2 two–class sets and 4 multi-class sets. 
The features of these datasets are shown in Table 1. For 
all problems, we linearly scale all training data set to be 
in [-1, 1] for features with plus and minus values and in 
[0, 1] for features with only plus values. Then testing 
data are scaled accordingly. The parametersλ, σ and β are 
optimized for best accuracy.  

 
Table 1. Benchmark data sets used for testing 

 

Classification Accuracy (%) 
Data Set traditional RBF 

network Our method

iris 
glass 
wine 
Pima 

Vehicle 
Segment 

97.5 
69.16 

96.0 
74.7 

78.25 
94.98 

98 
 73.4 
 96.7 
 79.6 
 79.5 

97 

It has been found that our method outperformed the 
traditional RBF neural network in the Table 2.  
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Table 2 Comparison of classification accuracy on 
six data sets 

 
6. Conclusions 

 
In this paper, we have proposed an efficient algorithm 

of clustering which called cooperative clustering; it is 
used to efficiently select the centers in RBF neural net-
work. The cluster centers near the boundary of two 
classes can be found with the cooperative clustering. 
Due to the data points near the class boundary, they can 
carry more classification information; this method takes 
advantage to the center selection strategy with the tradi-
tional clustering method. The experimental results have 
been done to validate this idea.  

In the future, we will apply the approach proposed in 
this paper to solve function approximation problems and 
more practical problems. 
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