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Abstract: The proficient knowledge revolution with the concept 

class detection is a significant challenge for the incremental 
learning classification, here the batch of data is flowing 
unremittingly. The algorithm recommended in this research 
learns continual raw data, transform preceding knowledge to the 
present data without stating to the longstanding data and able to 
proficiently allow new concept class noticed by the classification. 
A major aim was knowledge transformation and the accumulation 
of the same with concept class detection in the incremental data 
flow. After the analysis of non-incremental ML approaches for 
classification and incremental learning algorithms in the 
literature, this research introduces new incremental learning 
algorithm, which uses twosome classifiers, in which knowledge 
transformation and new class detection have been done efficiently. 
The performance of the system is validated using simulation 
results on available datasets. The class wise and batch wise 
accuracy is calculated. The projected technique is also used to 
detect concept class detection. 
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I. INTRODUCTION 

Incremental learning has recently involved rising courtesy 

in academia as well as in industry. There are basically four 
important properties of incremental learning namely 1. 
Learning innovative information from fresh data 2. Not 
requiring admittance to the previous data 3. Not suffering 
from disastrous disremembering 4. Detecting concept class 
announced in the fresh data. The overall notion is that, when 
the fresh data familiarizes to the system, it is not required to 
train the system from beginning, the system will modernize 
itself, without overlooking the formerly acquired 
information, without mentioning to the earlier learned data 
and it should learn new information from the fresh data. 

A applied way for learning from the fresh data is nothing 
but, neglecting the old leaning model and rebuilding the new 
learning model, for complete data perceived thus far. This 
methodology has the difficulty of cataclysmic overlooking. It 
is not a appropriate methodology as retraining is complicated, 
which is commercially expensive, and requires more time. In 
the supervised machine learning approach, the system is built 
using predefined input and the knowledge generated from 

 
 
Manuscript published on January 30, 2020.  
* Correspondence Author 

Dr. Roshani Raut*, Department of Computer Engineering, 
Vishwakarma Institute of Information Technology, SPPU, Pune, India. 
E-mail: rosh513@gmail.com 
 
     © The Authors. Published by Blue Eyes Intelligence Engineering and 
Sciences Publication (BEIESP). This is an open access article under the 
CC-BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/) 
 

 

this will be used to predict the unseen data.The Machine 
Learning (ML) approach using batch incremental learning 
yields predictive models with satisfactory performance. 

The adaptive classification has been done using twosome 
classifiers which uses base classifiers namely CART and 
SVM. It uses the classifiers MLP, SVM and C4.5 for weight 
distribution. It is adaptive in the sense that successive base 
learner are pinched in favor of those instances misclassified 
by previous classifiers. The proposed framework attains 
every property of incremental learning efficiently for any 
kind of classification.  

This paper is organized as follows, section 2 explains 
background of this research which includes incremental 
learning algorithms and its strategies in the literature, 
incremental learning using ensemble of classifiers and the 
concept class in incremental learning system. Section 3 
expounds the proposed algorithm for incremental learning, 
section 4 gives the experimentations and outcomes of the 
proposed algorithm for real world data. Finally section 
5concludes the work and gives its forthcoming enhancement. 

II. BACKGROUND 

In this research, incremental learning using supervised 
learning methods has been considered. 

A. Incremental Learning 

Incremental learning approaches in the literature can be 
divided in to three types, first is example centered 
incremental learning, second is ensembling of example based 
algorithms and third is batch based incremental learning 
[1]-[5]. In instance based learning also called as online 
learning [6]-[7], where the algorithm update itself instance 
wise. There will be simply one instance in the remembrance 
as algorithm handles the data example wise [8]. In the further 
method, number of instance based algorithms can be 
combined to reach to the final conclusion [9]. In this there are 
basically three methods to use base classifier in the 
framework, according to the size of the dataset. (a) At each 
iteration, some random samples are selected from the original 
dataset and the same classifier can be used for each chunk of 
data and then the voting can be applied. This approach is used 
when the data set is minor. (b) The data set is separated into 
equal number of batches and base classifier will be applied to 
the all the batches and the output will be combining using 
voting algorithms. This approach is used when data set is 
huge. (c) For each batch of data, different features are used in 
each chunk, then the base classifiers will be used to classify 
this data and then the voting will be applied. In the group 
based incremental learning, the dataset is separated into 
separate bunches, some n classifiers are trained for every 
bunch, 
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 hypothesis of a bunch is given to the next set in the view of  
information revolution and finally the amalgamated 
hypothesis is considered to acquire the final 
hypothesis[5]-[10]. In the proposed approach, batch based 
incremental learning has been used. 

B. Ensemble of Classifiers 

In ensembling, the numerous hypothesis, which chains the 
ultimate resolution, are coupled for ultimate decision. The 
precision of the system can be model can be enhanced using 
ensemble learning scheme and a strong model can be 
constructed,  using ensemble learning conception instead 
single hypothesis model. The experimentations in the 
ensemble learning is intensifying rapidly, with many inspired 
philosophies, the work includes the combined classifier 
systems [11]-[13], experts mixture [14], stacked 
generalization approach, combining of multiple classifiers 
and capacity of voting . The concept behind the ensemble 
learning is nothing but, the process of consulting several 
authorities, before reaching to the final decision.  In this 
research, operating the training dataset construction strategy 
has been used for forming an ensemble. In which, multiple 
datasets are created by resampling the original data according 
to some sampling distribution.  

C. Concept Class in Incremental Learning 

Incremental learning algorithm has the ability to learn from 
newly arriving data. It constructs series of hypothesis for the 
training samples coming in sequences, in which the 
hypothesis represents the knowledge represented by the data 
seen thus far and it continuously hinge on previous 
hypothesis and the fresh training data [15]-[16]. Incremental 
learning algorithm learns the novel information and it 
upholds the earlier learnt information without retrieving the 
previously perceived data.  The concept class detection is an 
significant features of incremental learning. All those 
concepts have been used in the proposed algorithm. 

III. METHODS 

The suggested incremental learning algorithm uses the pair 
of classifiers concept, in which primary classifier was used as 
a base classifier and the another classifier was used for 
weight distribution function, which was used to transform the 
knowledge from previous data chunk to the existing data 
chunk, without discussing to the original data and also detects 
concept class efficiently. 

Algorithm: 

Input:        , contains n instances,        ,        . 
   – Instances in n dimensionalfeaturespace. 
   –           
       

    
      

   ,         
 

Classification: 
Step 1: Use base classifier (CART or SVM) with weight 
distribution   , which generates the hypothesis    

 
Step 2: Weights are restructured (called as DF’t) using 
additional classifier in the couple (MLP or SVM or C4.5)  
which proceeds the participation as    and    , when the 
model is steadied, updated weight will be reused as a weight 
distribution for     with    

 weight distribution function. 

 

Step 3: The inaccuracy will be computed by applying     on 
     with    

 weight distribution function 

Step 4:   = ԑt / (1- ԑt),               ,    has been 
attained to retain the trace the classes used to train the 
particular classifier    
Step 5: Calculate confidence of the classifier        
             
 

  
 

Step 6: 

       

     
 

 

Step 7: Step 8: The instance distribution weights are updated 
using 
 

           
                    

          
  

Where,    – Class labels on which    have been trained. 
      – Reliance of classifiers qualified on class    for 

selecting class    for 
example  .Normalize weight dissemination. Misplaced 
instances weight will be unchanged. 
Recap the step3 to Step7 for each data portion 
Step 8: Get the concluding hypothesis using weighted 
majority voting rule. 

                              
 
   , 

Where,    is a weight coefficient for hypothesis 

  :    , and        
    

In this, data  ,  , ...,    ,   are nothing but the data 
coming at time   ,   ,     and   respectively.    ,    ,…, 

     and     are nothing but the weight distribution 
function associated with it,   ,   ,…,     ,    are nothing 
but the hypothesis generated from these respective datasets. 
All the hypothesis are collected by using majority voting rule. 
Initially, all the data have equal weights, which has a 
meaning that nothing has been learned yet. The algorithm has 
a probability distribution. called as weight distribution over 
the training set. The algorithm run for a number of iterations 
where in each iteration, a subset of a training set was drawn 
without replacement according to weight distribution 
function. The classifiers MLP or SVM or C4.5 was used as a 
weight dissemination function. The classifiers, CART or 
SVM was used as a primary classifier as it performs well, 
when used as a primary classifier, as compared to other 
classifiers [1]-[5]. 

IV. EXPERIMENTS AND RESULTS 

In the proposed algorithm, CART and SVM have been used 

as a primary classifier and MLP, SVM, C4.5 were used as a 

weight dissemination function. The following versions of the 

algorithms have been formed to evaluate the proposed 

structure.  

1) CART.MLP2)  SVM.MLP          3)   CART.SVM 

4) SVM.SVM     5)  

CART.C4.56)   SVM.C4.5 
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A. Batch wise Accuracy 

For the model objective, the dataset [17] was separated 
into identical ten sets. Each set signifies the data approaching 
at time            and so on. One set out of ten subsets, 
was nominated for the testing sequentially and the rest nine 
sets were specified to the proposed algorithm shown in “Fig. 

1”. The same was repeated for all ten data chunks. For 

Learn++ and Learn++. NC, the 10 chunks are nothing but, the 
dataset initially divided into equal five chunks, and then from 
each chunk the samples were selected two times sequentially. 
In the He’s methods the distance based approach was used for 

the mapping of data [4]. “Fig. 1 (a)” and “Fig. 1 (b)” shows 

the batchwise accuracy of Waveform and OCR Dataset 
respectively 

B. Class wise Accuracy 

For this experiment, the dataset was divided into ten chunks, 
and the sampling with replacement strategy was used. For 
this any data chunk out of ten was selected for testing purpose 
and the rest nine were specified to proposed algorithm. The 
overall accuracy and the class wise precision of Waveform 
dataset is shown in Table I. Class wise, highest accuracies are 
highlighted, which shows the percentage of correctly 
classified samples of a particular class. The last column of 
Table I shows the overall accuracy, which shows that 
CART.MLP dominates the other methods 

 
 

Fig. 1 “(a)” Batch wise accuracy of Waveform Dataset 

 
Fig. 1 “(b)” Batch wise accuracy of OCR Dataset 

 
Table I:     Classwise accuracy of Waveform Concept Class Detection 

 
Methods Class-wise Prediction Accuracy 

  Class Class  Class           Overall         
1 2 3    Accuracy 

Learn++[2] 0.8132 0.8512 0.8429 0.8356 
Learn++.NC[1] 0.7937 0.856 0.8628 0.8372 

He[4] 0.526 0.9359 0.9444 0.8 
He[9] 0.5266 0.9359 0.9444 0.8002 

Proposed Algorithm 
CART.MLP 0.8398 0.8784 0.8804 0.866 
SVM.MLP 0.7843 0.8457 0.8508 0.8266 

CART.SVM 0.5266 0.9359 0.9444 0.8002 
SVM.SVM 0.7181 0.8258 0.8375 0.7932 
CART.C4.5 0.7317 0.8252 0.8205 0.792 
SVM.C4.5 0.7394 0.784 0.8 0.7742 

 

Identifying a different class which originates with fresh data 
is one of the feature of incremental learning. The system 
should able to identify the fresh class proficiently when the 
new chunk of data is having the samples having new class, 
called as concept class.  For the simulation of concept class 
identification the datasets are divided class wise. “Fig. 2” 

shows the concept class detection for both the dataset. In 
waveform dataset, the concept class has been detected with 
star mark, as the data of class three introduced in the chunk 
five. The single and multiple concept class has been detected 
in the OCR dataset in the “Fig. 2”, with big square and the 

star mark respectively. In the chunk number three, the 

samples of class three were detected and in the fifth chunk 
samples of multiple classes i.e. class 4 and class 5 were 
detected. It has been observed Dataset Concept Class 
Detection.  
Detecting a new class which derives with different data is 
individualproperty of incremental learning. The system 
should able to identify the different class efficiently when the 
new chunk of data is having the samples having new class, 
called as concept class.   
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For the simulation of concept class detection the datasets are 
divided class wise. “Fig. 2” shows the concept class detection 

for both the dataset. In waveform dataset, the concept class 
has been detected with star mark, as the data of class three 
introduced in the chunk five. The single and multiple concept 
class has been detected in the OCR dataset in the “Fig. 2”, 

with big square and the star mark respectively. In the chunk 
number three, the samples of class three were detected and in 
the fifth chunk samples of multiple classes i.e. class 4 and 
class 5 were detected. It has been observed that the proposed 
method requires only one classifier to detect the new concept 
class.  

 
Fig. 2. Single and multiple concept class detection 

V. CONCLUSION 

It has been also perceived that, the proposed algorithm 
provides flexibility of using any classifier as a primary 
classifier as well for weight dissemination function. The 
system was validated with the number of input datasets and 
the analysis of the same has been done efficiently. The 
comparative analysis of the same proves the efficiency of the 
proposed method, compared to the methods in the literature 
for learning new information from fresh data and finding of 
new classes, presents with the new data. 

Further research could also enhance focus on the concept 
drift. The imbalance data in incremental learning can also 
look as a challenging problem, and can be done with some 
improvements in the proposed algorithm 
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