
 

 
 
 
 
 
 
 

Fuzzy Swarm Net (FSN) for Classification in Data Mining 
 
 

Bijan Bihari Misra1     Satchidananda Dehuri2    Ganapati Panda3    Pradipta Kishore Dash4 

 
 

1Department of Computer Science, College of Engineering Bhubaneswar, Bhubaneswar-751024, India 
2Department of Information and Communication Technology, Fakir Mohan University, Vyasa Vihar, 

Balasore-756019, India  
3Department of Electronics and Telecommunications, National Institute of Technology, Rourkela, India 

4Department of Electrical Engineering, College of Engineering Bhubaneswar, Bhubaneswar-751024, India 
 

Abstract 
 
In this paper, we have used a fuzzy net trained by the particle swarm optimization (PSO) technique for classification task of data mining. 
Fuzzy net uses a single layer neural network to reduce the complexities associated with multi-layer perceptron (MLP). In addition, we trained 
the network by using PSO to obtain optimal weight vectors, which reduces the problem of being trapped into a local minimum. From the 
simulation study, it is observed that the fuzzy swarm net (FSN) gives a promising result. Further, we compared the result obtained from FSN 
with multi-layer perceptron (MLP) radial basis function (RBF). The results obtained from FSN draws a clear edge between FSN and RBF 
and a competitive result with MLP. 
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1. Introduction 
 
The classification task of data mining and knowledge 
discovery in databases [1, 2] from a huge amount of data in 
real world databases has received much attention in recent 
years and is growing very fast. In addition to classification 
task [3], there are many important tasks are exist like 
association rule mining [4], clustering [5], dependency 
modelling etc. in the area of data mining. However 
classification is a fundamental activity in pattern recognition 
[3, 6, 7], data mining and so forth. Given predetermined 
disjoint target classes {C1,C2, ..., Cn}, a set of input features 
{F1, F2, .., Fm} and a set of training data T with each instance 
taking the form <a1, a2, ..., am>, where ai  <i=1, 2, ..., m>  is 
in the domain of attribute Fi, i=1, 2, …, m and associated 
with a unique target class label the task is to build a model 
that can be used to predict the target category for new unseen 
data given its input attributes values. 

 

There are many classifiers like Bayesian [8, 9, 10], linear 
discriminant [11], k-nearest neighbour [12, 13], kernel, 
multi-layer perceptron [14] and its variant, decision tree [15, 
16], and many more exist in the literature. But linear 
classifiers are of special interest, due to their simplicity and 
easy expansibility to non-linear classifiers. One of the most 
powerful classical methods of linear classifiers is the least 
mean squared error procedure with the Ho and Kashyap 
modification [17]. Two main disadvantages of this approach 
are: (i) the use of the quadratic loss function, which leads to a 
non-robust method, (ii) the impossibility of minimizing the 
Vapnik-Chervonenkis (VC) [18, 19] dimension of the 
designed classifier. 

The most important feature of the classifier is its 
generalization ability, which refers to producing a reasonable 
decision for data previously unseen during the process of 
classifier design (training). The easiest way to measure the 
generalization ability is to use a test set that contains data 
that do not belong to the training set. From statistical 
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learning theory, we know that in order to achieve good 
generalization capability, we should select a classifier with 
the smallest VC dimension (complexity) and the smallest 
misclassification error on the training set. This principle is 
called the principle of Structural Risk Minimization     
(SRM) [19]. 

In real life, noise and outliers may corrupt samples 
nominated for the training set.  Hence the design of the 
classifier methods needs to be robust. According to Huber 
[20], a robust method should have the following properties: 
(i) reasonably good accuracy at the assumed model, (ii) small 
deviations from the model assumptions should impair the 
performance only by a small amount, (iii) larger deviations 
from the model assumptions should not cause a catastrophe. 
There are many robust loss functions are discussed in [20]. In 
this work, due to its simplicity, the absolute error loss 
function is taken. 

The paper by Bellman et al. [21] was the starting point in 
the application of fuzzy set theory to pattern classification. 
Since then, researchers have found several ways to apply this 
theory to generalize the existing pattern classification 
methods, as well as to develop new algorithms. There are 
two main categories of fuzzy classifiers: fuzzy if-then rule-
based and non if-then rule fuzzy classifiers. The second 
group may be divided into fuzzy k-nearest neighbours and 
generalized nearest prototype classifiers (GNPC). Several 
approaches have been proposed for automatically generating 
fuzzy if-then rules and tuning parameters of membership 
functions for numerical data. These methods fall into three 
categories: neural-network-based methods with high learning 
abilities, genetic (evolution)-based methods with the 
Michigan and Pittsburg approaches, and clustering-based 
methods. There are several methods that combine the above 
enumerated categories that have proved effective in 
improving classification performance [22].  Recently, a new 
direction in the fuzzy classifier design field has emerged: a 
combination of multiple classifiers using fuzzy sets [25], 
which may be included into the non if-then fuzzy classifier 
category. In general, there are two types of the combination: 
classifier selection and classifier fusion. In the first approach 
each classifier is an expert in some local area of the feature 
space. In the second approach all classifiers are trained over 
the whole feature space. Thus, in this case, we have 
competition, rather than complementing, among the fuzzy 
classifiers. Various methods have been proposed for fuzzy 
classifier design; however, in contrast to statistical and neural 
pattern classifiers, both theoretical and experimental studies 
concerning fuzzy classifiers do not deal with the analysis of 
the influence of the classifier complexity on the 
generalization error. 

In this paper, we have combined the best attributes of 
fuzzy theory [22] and particle swarm optimization [23, 24] 
techniques to obtain an optimal fuzzy swarm net. The fuzzy 
swarm net contains a single layer perceptron. The input data 
is converted to the fuzzy membership functions. These 
membership functions are multiplied with the weights and 
fed to the perceptron. A set of such nets is considered as a 
swarm and the mean square error (MSE) of each net is 
considered for training the nets using PSO. 

The rest of the paper is organized as follows. In Section 2 
the fuzzy net architecture is briefly discussed. Section 3 
discusses the basics of particle swarm optimization. Section 
4 describes the fuzzy swarm net (FSN) classifier design. 

Section 5 covers the results obtained during experimental 
studies. We have concluded the paper in Section 6. 
 

2. Fuzzy Net Architecture 
 
The fuzzy net is basically a flat net and the need of the 
hidden layer is removed and hence, the learning algorithm 
used in this network becomes very simple. The architecture 
of this artificial neural network model uses a single 
perceptron. The input vector is expanded into three different 
membership functions. The expansion input vectors 
effectively increases the dimensionality of the input vector 
and hence the hyper planes generated by the fuzzy net 
provides greater discrimination capability in the input pattern 
space. Figure 1 shows an example of configuration of the 
fuzzy net [26].  

Each unit in the input layer has a triangular Gaussian 
membership function as its inner function, given by 
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where ix is the ith input feature, ism  is the low value of the 

ith input feature, ibg is the high value of the ith input feature, 

ime is the medium value of the ith input feature and ith is 

taken  as   3ii smbg  . 

Each input data is the input of these membership 
functions (low, medium, high) and the outputs of the units Oij 
(i = 1, - n, j = 1,2,3) are the grades of the membership 
functions. The inputs of the unit in the output layer are wijOij. 
The output unit has a sigmoid function f given by 
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where s is the sum of the inputs of the output unit i.e.  
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o is the output of this network. The connection weights 

wij are modified by the  rule. 
 

3. Particle Swarm Optimization 
 
The particle swarm algorithm is an optimization technique 
inspired by the metaphor of social interaction observed 
among insects or animals. The kind of social interaction 
modeled within a PSO is used to guide a population of 
individuals (called particles) moving towards the most 
promising area of the search space. In a PSO algorithm, each 
particle is a candidate solution equivalent to a point in a       
d-dimensional space, so the ith particle can be represented as 
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xi = (xi1, xi2 . . . xid). Each particle “flies” through the search 
space, depending on two important factors, pi = (pi1, pi2 . . . 
pid), the best position found so far by the current particle has 
and pg = (pg1, pg2 . . . pgd), the global best position identified 
from the entire population (or within a neighborhood). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Figure 1. A simple model of fuzzy net 
 
The rate of position change of the ith particle is given by 

its velocity vi = (vi1, vi2 . . . vid). Equation (6) updates the 
velocity for each particle in the next iteration step, whereas 
equation (7) updates each particle’s position in the search 
space [23] 
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 is referred to as the constriction coefficient. 
Two common approaches of choosing pg are known as 

gbest and lbest methods. In the gbest approach, the position 
of each particle in the search space is influenced by the best-
fit particle in the entire population; whereas the lbest 
approach only allows each particle to be influenced by a 
fitter particle chosen from its neighborhood. Kennedy and 
Mendes studied PSOs with various population topologies [8], 
and have shown that certain population structures could    
give superior performance over certain optimization 
functions. 

Further, the role of the inertia weight  , in Equation (8), 

is considered critical for the PSO’s convergence behaviour. 
Improved performance can be achieved through the 
application of an inertia weight applied to the previous 
velocity 

)))1(())1(()1()( 21  txptxptvtv idgdidididid  .         (9)  

 
The inertia weight is employed to control the impact of 

the previous history of velocities on the current one. 
Accordingly, the parameter   regulates the trade-off 

between the global (wide-ranging) and local (nearby) 
exploration abilities of the swarm. A large inertia weight 
facilitates global exploration (searching new areas), while a 
small one tends to facilitate local exploration, i.e., fine-tuning 
the current search area. A suitable value for the inertia 
weight   usually provides balance between global and local 

exploration abilities and consequently results in a reduction 
of the number of iterations required to locate the optimum 
solution. Initially, the inertia weight was constant. However, 
experimental results indicated that it is better to initially set 
the inertia to a large value, in order to promote global 
exploration of the search space, and gradually decrease it to 
get more refined solutions. Thus, an initial value around 1.2 
and a gradual decline towards 0 can be considered as a good 
choice for  . 
 

4. Fuzzy Swarm Net Classifier 
 
To implement the fuzzy net with swarm intelligence, initially 
we take a set of fuzzy nets. Each net is treated as a particle 
and the set of fuzzy nets are treated as swarm.  Each net 
shares the same memory in a distributed environment. At any 
instance of time all the nets are supplied with one input 
record and the respective target. All the nets in the 
distributed environment are initialized to random weights wij 
in the range [0,1]. 

Let us take that the input–output data are given as 
   iniiiii yxxxyX ,,......,,, 21 , 

where i = 1, 2, 3, ….., N 
The input–output relationship of the above data can be 

described in the following manner: 
 Ni xxxfy ,......,, 2 . 

The estimated output O  produced by the nets in the 
distributed environment can be represented as 
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The error is estimated as  2OYerr   

Fuzzy Swarm Net architecture has been shown in     
Figure 2.  

We calculate the error for all the nets in the distributed 
environment after each iteration. The net giving minimum 
error is treated as the leader or gbest among all the nets. The 
nets also preserve the best value achieved by the respective 
nets during all the iterations in their local memory, which is 
treated as the personal best or pbest of it. Each nets uses both 
gbest and pbest values to update its weights for the next 
iteration as follows. 
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where k is the swarm size, d=i*j, wij obtains its value       
from xkd. 
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The stopping criterion may be allowing the nets to iterate 
till they converge to a single decision. However in this 
process, the nets get over trained leading to poor 
performance of the classifier. From different simulations of a 
dataset, a suitable range of iteration can be fixed for it. 
Different dataset require different range of iterations, one 
range may not be suitable for all the datasets. The following 
high-level pseudocode gives more insight view of the 
proposed model.  

 
Pseudocode  

1) Determine system’s input variables 
2) Form training and testing data 
3) Initialise the weights to the nets in the swarm 
4) Calculate the output of the nets and determine their 

error. 
5) Update gbest and pbest if required. 
6) If stopping criterion not met go to step 4. 

 

5. Simulations and Result 
 
In this Section the performance of the FSN model is 
evaluated using the real world benchmark classification 
databases. The most frequently used in the area of neural 
networks and of neuro-fuzzy systems are Wisconsin Breast 
Cancer (WBC), PIMA, WINE and BUPA Liver Disorders. 
All these databases are taken from the UCI machine 
repository [27]. 
 

5.1. Description of the Datasets 

 
Let us briefly discuss the datasets, which we have taken for 
our experimental setup. 

Wisconsin Breast Cancer Dataset: The dataset consists of 
d=9 features made on each of the 699 clinical cases of class 
c=2. The two distinct categories correspond to two different 
classes such as   Benign, and Malignant. The problem is to 
classify each test point to its correct cases based on the nine 
tests.  

PIMA Indians Diabetes Database: This dataset consists of 
n = 8 numerical medical attributes and c=2 classes (tested 
positive or negative for diabetes). There are n=768 instances. 
Further, data set related to the diagnosis of diabetes in an 
Indian population that lives near the city of Phoenix, 
Arizona. 

BUPA Liver Disorders: This data set related to the 
diagnosis of liver disorders and created by BUPA Medical 
Research, Ltd. The dataset consists of d=5 attributes and c=2 
number of classes. There are n=345 number of instances. 

WINE Database: This is a three-class problem. It has 178 
numbers of instances and 13 attributes. The instances are 
distributed into three classes. Class 1 contains 59, class 2 
contains 71 and class three contains 48 numbers of patterns. 

Table 1 presents a summary of the main features of each 
database that has been used in this study. 
 

5.2. Classification Performance 
 
For the case of the Wisconsin Breast Cancer, PIMA Indians 
Diabetes and BUPA Liver Disorders datasets, the total set of 
patterns was randomly divided into two equal parts 
(database1.dat and database2.dat). Each of these two sets was 
alternately used either as a training set or as a test set. As we 
use a stochastic method for data classification, result may 
vary from simulation to simulation. Each set has been 
simulated for 50 times. The results considered here is the 
average of 50 simulations. Table 2 summarizes the results 
obtained in the classification of these four data sets with the 
use of the FSN model. 

From Table 2 it has been observed that for the case of 
Wisconsin Breast Cancer dataset on an average the hit 
percentage in the training set is at par with the hit percentage 
in test set. In the case of PIMA and BUPA datasets, on an 
average, the hit percentage of training set is significantly 
better than the hit percentage of test set.  

 
Table 1. Descriptions of the datasets 

 
 
 
 
 
 
 
 
 
 
 

Further Table 3 shows the comparison of the proposed 
FSN with RBF and MLP. The comparative performance of 
FSN with RBF is superior, however it is competitive with 
MLP. Figure 3 shows the performance comparison of FSN 
with RBF by considering the hit percentage of training sets. 
The result obtained from FSN is dominating the results 
obtained from RBF. Similarly Figure 4 shows the 
performance comparisons of FSN with RBF by considering 
the hit percentage of test set and are very promising.  
However in the case of FSN with MLP Figure 5 and 6 shows 
a very close performance. In other words we can             
claim the obtained result form FSN is competitive             
with MLP. 

  
  

Figure 2. Architecture of fuzzy swarm net  
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Table 2. Results obtained from the FSN model  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

5.3. Dependability of the Classifier 

 
In addition to the classification accuracy obtained from a 
classifier, dependability of a model resides on the 
consistency of the results obtained. To verify the 
dependability of the model standard deviation of the results 
obtained in 50 simulations are taken and presented in     
Table 4. 
 

Table 3. Performance comparison of FSN, RBF and MLP 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

5.4. Efficiency of the Classifier 

 
Efficiency of the classifier may be evaluated in different 
ways. Here we present the error curves at Figure 7, 8, 9, and 
10 for uniform 500 iterations. The rate of convergence of the 
models clearly depicts the efficiency of the models. The 
Mean Square Error (MSE) values have been evaluated from 
the average of the squared error of 30 nets distributed in the 
search space. 

In this experiment, our objective is not to minimize the 
error, rather to select suitable weights for the net, which will 
yield competitive results. In addition to this we have to 
ensure that the net is not over trained. So the iterations 
suitable for breast cancer can be taken from the range        

[50-150] and in case of other thee dataset is in the range 
[100-200]. 

 

Table 4. Standard deviations obtained from 50 simulations 
with FS 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 3. Performance of FSN Vs RBF in training Set 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 4. Performance of FSN Vs RBF in test set 
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Figure 5. Hit percentage of training set performance 
comparison of  FSN with MLP 
 
 
 
 
 
 
 
 

 

 
 
 
 
 
 
 
 
 
 
Figure 6. Hit percentage of test set performance comparison 
of FSN with MLP 
 
 
 
 
 
 
 

 

 
 
 
 
 
 
 
 
 
 

Figure 7. Error obtained from WBCD during training set 

 
 
 
  

 

 

 

 
 
 
 
 
 

 

 
Figure 8. Error obtained from BUPA during training set 

 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 9. Error obtained from PIMA during training Set 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 10. Error obtained from WINE during training Set 
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6. Conclusions 
 

In this paper, we have evaluated the fuzzy swarm net (FSN) 
model for the task of classification in data mining. The FSN 
model expands the given set of inputs into three categories 
low, medium and high. These inputs are fed to the single 
layer feed forward artificial neural network. A set of such 
nets is being taken to spread in a distributed environment. 
Swarm intelligence technique is used to train these nets. The 
experimental studies demonstrated that the FSN model 
performs the pattern classification task quite well. The 
efficiency of the FSN models is competitive in terms of its 
rate of convergence. 
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