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Abstract— Takagi-Sugeno-type fuzzy classification model is improved by proposing a new incremental 

learning approach. Margin selective gradient descent learning and incremental support vector machine helps 

the proposed fuzzy model to learn with high generalization ability. Training samples are provided 

incrementally one after another instead of in a single batch. This improved fuzzy model is obtained from an 

empty set and clustering algorithm is used for finding initial fuzzy sets and number of rules in the antecedent 

part. The generalization ability of the fuzzy model can be improved by proposing an online incremental linear 

support vector machine to tune the rule consequent parameters. Online training problem can be solved by 

incremental support vector machine, where only one new training sample is provided at a time. Margin 

selective gradient descent algorithm is used to learn antecedent parameter and avoids overtraining. 

 

Keywords— Batch support vector machine, high generalization ability, new incremental learning approach, 

one-pass clustering algorithm, online training samples 

I. INTRODUCTION 

A model is designed by data-driven machine learning approaches using training samples. Two different 

modes of learning scenario are batch mode and incremental mode. In a batch learning mode, memory is not 

sufficient for handling all training data at a time because all training data are collected in advance and trained in 

a batch. In an incremental learning mode, training data are segmented and learning can done in an online fashion 

sequentially. Unlike batch mode, an incremental mode processes single training sample or a chunk of training 

samples at a time. Memory consumption is reduced for training data storage by this learning approach and is 

efficient for the applications where data are provided one-by-one. Fuzzy classifiers are learned to minimize the 

training errors. 

II. PREVIOUS WORK 

An incremental support vector machine is classified into two categories such as online incremental support 

vector machine[1]-[7] and chunk incremental support vector machine[8]-[12]. In online ISVMs, only one 

training sample is trained at a time and its solution is constructed recursively. In chunk ISVMs, one subset of 

training data are used to train support vector machine and its solution is found with the help of traditional batch 

SVMs. Therefore, learning efficiency is improved using chunk ISVMs by removing some new training samples 

based on their locations with respect to its classification hyperplane. One main disadvantage in chunk ISVMs is 

its unsuitableness for the new arrival of training sample. SVMs have number of support vector leads to a large 

support vector machine model irrespective of its learning approaches. 
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III. PROPOSED WORK 

In the proposed system generalization ability is improved by designing the fuzzy classification model with 

the help of support vector machine. One common approach is support vectors are considered as fuzzy rules and 

both are equal in a batch SVM. Fuzzy classifiers may degenerate the performance by removing the irrelevant 

fuzzy rule from the original rule sets. However, clustering algorithm may helps to provide a small rule set where 

the rules are equal to number of clusters[13]-[16]. Antecedent parameters are not tuned by chunk ISVM and 

batch SVM-trained FC. To avoid these problems, online incremental SVM and margin selective gradient 

descent algorithm are proposed for tuning consequent and antecedent parameters. Online incremental SVM 

obtains high generalization ability and optimal consequent parameters. It is also used to tune samples one at a 

time to avoid huge data access. Antecedent parameter of a fuzzy classifier is tuned by margin selective gradient 

descent algorithm. This type of tuning may be done from two support vector located hyperplane using only 

training samples. The slack variable values are minimized by performing the operation of moving the mapped 

training samples in the consequent space to proper region. 

IV. IMPLEMENTATION 

A. SYSTEM DESIGN 

The above discussed fuzzy model is represented as a diagram given below in the Fig.1.  

 

 
 

Fig.1. Fuzzy model architecture 

 

Here input is given from the dataset and fuzzy classification rules are initialized for that given input. The data 

set taken for this type of fuzzy model has limited input values only. After rule initialization both parameter 
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learning can be done with the help of their respective learning approach algorithms. Finally, the performance of 

this fuzzy model can be calculated by measuring the accuracy and error rate. 

B. SYSTEM MODULES 

1). Fuzzy Classification Rules: The fuzzy model consists of first order Takagi-Sugeno-type fuzzy IF-THEN 

rules. These rules are in the following form: 

  Rule i: If x1 is Ai1 and ... and xn is Ain 

 Then                                                               (1) 

where x1,...,xn are inputs, Aij is denoted as a fuzzy set and aij is represented as a real number. The following 

Gaussian membership function is applied for the fuzzy model as: 

   Mij(xj)=exp{-(xj-mij)
2
/2σ

2
ij}                                                                      (2) 

here  mij and σij are center and width of the fuzzy set. σij in different fuzzy sets are useful for the improvement  

of classification performance. The rule firing length is determined by 

 = ij(xj)=exp{- (xj-mij)
2
/2σ

2
ij]}                                  (3) 

where =[x1,...,xn]. If there are r rules the output calculation can be done by adding simple weight sum 

operations and is shown as: 

                           (4) 

The following can be added to the original T-S-type fuzzy model by the addition of the bias term b as: 

  Rule i+1 : IF x1 is Ar+1n and ... and xn is Ar+1n 

  Then     

where Mr+11(x1)=...= Mr+1n(xn)≡1 and ar+11=...=ar+1n=0. 

The one-pass clustering algorithm helps to generate this fuzzy model from an empty rule set. The basic concept 

of using clustering algorithm is to consider the clusters as a fuzzy rule for rule generation. The rule firing length 

 is used for generating rule as online and for each datum; the cluster I with maximum firing strength is 

obtained as: 

 I=arg                                                                            (5) 

If µI< µth, then a new cluster will be generated, that is r←r+1. If µI> µth, then no new cluster will be generated. 

A new Gaussian fuzzy set Arj is generated in each variable xj before the rule generation caused by input datum 

 and the following equation is: 

 mrj =xj(t), σrj=σc,     j=1,...,n                                                                       (6) 

where σc is denoted as a pre-defined constant as 0.5 and a smaller number of rules are generated by the larger σc 

values. 

 

2). Online Linear Incremental Support Vector Machine for Consequent Parameter Learning: In this online 

linear incremental support vector machine parameter learning, all training data and their labels are assumed to 

be given by a set , where  and . The 

following softly constrained optimization problem can be solved by the batch SVM learning approach with the 

help of finding separate function  as: 

   

  Subject to                                   (7) 

where  is the cost function called soft margin,  is denoted as user-defined positive 

parameter,  is a slack variable, and  is denoted as an upper bound on number of training errors. This 

optimization problem has its solution is in [1] as: 

                                                                                       (8) 

here  is a Lagrange multiplier and the separating function is: 

   

                                                                         (9) 

The necessary conditions from Karush-Kuhn-Tucker (KKT) are: 

  

                                                              (10)  

Based on this above condition from (10),  is divided into three categories as: for ( ), the set S 

is represented as unbounded SVs. For ( ), the set E is represented as bounded SVs. Finally for ( ), 
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the set O represents the non-SVs. In an online incremental SVM, one training sample is trained at a time and the 

existing optimal solution helps to build a new solution. When a new training sample  is available, 

the old solution will be updated and assume that the samples in  never migrate across sets S, O, and E. 

The fuzzy model using this online linear ISVM tune the free antecedent parameter aij in the consequent part. The 

output in (4) is as follows: 

  y' = T  + b                                                                                              (11) 

where 

                                                (12)    

and   

                        (13)     

The online linear incremental SVM evaluates only the consequent parameter vector   instead of changing the 

structure of T-S-type fuzzy model[18]-[20]. From (13), the input datum k = [xk0,…, xkn ] in online linear ISVM-

trained T-S-type fuzzy model is converted to the feature vector k, where 

                                             k=[µ1xk0…µ1xkn……µrxkn]
T
  R

r(n+1)×1                                                                              
(14) 

The feature space has training data pairs which are represented as follows: 

                                             (15) 

The optimal linear separating function in the feature space from (9) is 

   k>+b                                                      (16) 

The parameters aij are solved accordingly and the solution is given as follows:                            

                                                            (17) 

The new consequent parameters aij
(N +1)

 may be obtained by the substitution of new coefficient αi
(N +1) 

 
 
as follows:                      

  

                                                                                    (18) 

The parameter  aij gets updated using aij
(N +1)

  in the recursive form , and the update equation is as follows:                                                                                                                                                                                                                 

                                               (19) 

The new bias value b
(N +1)

 is updated. Minimization of the soft margin helps to reduce the bound on the 

generalization error in the feature space and helps to improve the fuzzy model generalization ability. The 

recursive update makes it feasible to train the fuzzy model with one sample at a time to minimize the soft 

margin.   

            
3). Margin Selective Gradient Descent Algorithm for Antecedent Parameter Learning: From the equation (6), 

mij and σij are determined. The generalization performance reduction and overtraining are caused by minimizing 

output error in all training samples with the help of gradient descent algorithm in neural fuzzy classifiers. 

MGDA is mainly used to avoid overtraining and also for increasing the separation margin width through 

learning training samples in the margin-selective region. The slack variable ξk after online ISVM is: 

                                                                                (20) 

The main objective of MGDA is to minimize ξk in the feature space using the following function as: 

                                                       (21) 

The MGDA is not applied to the samples in classified region and the misclassified samples in MS region. 

Therefore, MGDA is mainly applied to the training samples which are located in the margin-selective region by 

satisfying the condition as -1-β≤ . The parameters mij and σij for an input sample  are updated as 

follows: 

   ,    i=1,…,r,   j=1,…,n                     (22) 

where   

                                                            (23) 

and 

                              ,     i=1,…,r,    j=1,…, n                      (24) 
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where 

                                (25) 

For an offline dataset, the linear online ISVM and MGDA are incrementally applied to the consequent and 

antecedent parameter learning for the whole dataset, because all training samples are available in advance. For 

an online training dataset, the linear online ISVM and MGDA parameter learning are applied to only one 

training sample at a time, because online training samples deals one sample at a time without any repeated 

training procedures. 

V. CONCLUSIONS 

An improved fuzzy model is proposed for the classification problems in T-S-type fuzzy model. To achieve a 

small model clusters are used for determining the rule number in instead of using support vectors.  

Generalization ability of this fuzzy model is improved with the ISVM for parameter tuning and also helps to 

reduce a soft margin. In addition, online classification problems are also handled by online ISVM. Batch 

training algorithm causes problems such as preload of the large amount of training data and this can be avoided 

by using online ISVM. Antecedent parameter learning by margin selective gradient descent algorithm performs 

an operation of moving the selected mapped training samples in the consequent space to a proper location.  
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