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ABSTRACT - Data Stream Classification is an 

inevitable task in almost digitized sectors. However, 

data stream classification task confronts many issues by 

which the efficacy of the classification task is getting 

flawed. This research work expounds a novel Hybrid 

Data Stream Classifier (HDSC) which combines the 

features of Support Vector Machine, fuzzy logic and 

Lagrangian interpolation method. Support Vector 

Machine (SVM) is a prominent classifier for 

performing supervised classification on static data.  Its 

accuracy in handling linear as well as non-linear data 

attracts many researchers in probing whether, and if so, 

to what extent, the SVM algorithm acts upon the 

dynamic data stream classification process, if 

optimized.  

The proposed research work investigates if 

and how the ensemble of fuzzy logic, SVM and 

Lagrangian interpolation method, which formulates 

HDSC, contributes in enriching the data stream 

classification process. The proposed classifier approach 

is deployed in a real time video server providing video 

services through the web and there by its efficacy is 

accentuated over various classifier evaluation metrics in 

a data stream classification process.  

Key words: Fuzzy Logic, Hybrid Data Stream Ensemble 

Classifier, K-Means Classifier, Data Stream Classifier 

 

I. INTRODUCTION 

SVM is highly resistant to noisy data and 

has the most powerful generalization capability on 

yet to-be seen linear and nonlinear data. However, 

it becomes flabby when it is directly applied for 

data stream classification due to its intrinsic 

nature. In a bid to devoid  this issue, this research 

work is intended to develop and investigate a 

novel SVM based HDSC which makes a series of 

optimization on SVM by synergizing it with 

Lagrangian interpolation and fuzzy logic to pep 

up the data stream classification process amid of 

all the upcoming issues arises on it.  

In precise, the proposed Data Stream 

Classifier is expounded with the fusion of fuzzy 

logic, SVM and Lagrangian interpolation method 

which is chosen and synergized scrupulously by 

analyzing the coherence among them in achieving 

the data stream classification task 

 

 

Nevertheless, the SVM is well known for its 

accuracy and robustness, it is not widely used for 

online data stream classification due to the 

following reasons: 

➢ It needs more memory space to store all 

possible support vectors, where support 

vectors are the points that are closest to the 

boundary between the instances of the 

target classes.  

➢ It consumes more processing time in 

deciding maximum margin and hyper 

planes between the instances of different 

classes.   

In light of addressing the above said deficits 

of SVM, this research work is meant to equip 

SVM to contend against the incidence of concept 

drifts and novel classes in the online data stream 

classification.  

This paper is organized into seven segments. 

Following the introductory part, the state of the art 

of data stream classification and related work of 

the proposed system are explored in segment two 

and three respectively. The contributions of the 

proposed system in data stream classification are 

spotted in segment four. System requirements and 

performance evaluation are illustrated in the fifth 

and sixth segment respectively, after a deliberate 

experimental research on video data stream 

classification. This paper is concluded in the 

seventh segment by enlightening the directions for 

future enhancements of the proposed system.   

 

II.  STATE OF THE ART  

The SVM has rarely been used for mining 

data streams because of the challenges coupled 

with incrementally updating the SVM 

classification model with the increasing number of 

instances. Some SVM based methods such as 

SVMLight and SVMPerf have been proposed to 



 

International Journal of Advanced Information in Engineering Technology (IJAIET) 

 Vol.5, No.2, Feb 2018                                                                                  ISSN: 2454-6933 

 
 

18 

 

lifting up SVM classification for data stream 

classification. Nonetheless, these classification 

methods are not developed for the real time 

streaming model.   

Knowing the high generalization feature of SVM 

classifiers, it is intuitively assumed that its 

contribution will achieve greatness in real time 

data streams. Moreover, SVM based methods use 

a quadratic programming formulation with much 

constraint. This incurs high computational 

complexity in solving data streaming problems.  

In contrast, in the case of kernel based SVM 

methods, the size of the kernel matrix scales up 

with the square of the number of data points. In 

data streams, the number of instances constantly 

increases with respect to time. Hence, it is evident 

that such methods cannot be used directly in the 

data streaming context. 

The research work concerned on equipping 

SVM for data stream classification can be 

conducted out in three different proportions, either 

individually or in combination (Aggarwal et al., 

2009): 

1. Tune up SVM as incremental so that the 

classification model can be adjusted 

efficiently as new instances come in without 

having to learn from scratch.  

2. Combine incremental SVM with the learning 

on a window of instances. In this approach, 

the window size should be adapted according 

to the varying intensity of concept drifts in 

data stream classification which is a quite 

challenging job in the data streaming 

scenario.  

3. Equip SVM by combining with other suitable 

algorithms to achieve optimality in 

classifying the data streams.  

 

The scantiness of the related works and other 

comparative algorithms in addressing concept 

drifts and concept evolution during the data 

stream classification is discussed in the 

subsequent sections of this paper. The limitations 

observed in the existing approaches prompt the 

proposed HDSC classifier on resolving and to 

further advancing the data stream classification 

task.  

 

III  RELATED WORK 

 

SVM is a supervised classifier which is 

widely adopted to perform off-line batch analysis 

and binary classification on static data. In 

contrast, it is rarely used for real time data stream 

classification due to its incompatible intrinsic 

nature with incremental data. Since data in data 

streams evolve over time, SVM struggles to 

perform classification on this evolving nature of 

data streams, as it is incepted to perform 

classification on static data.   

The extensive survey explored on data 

stream classification reveals that a large number 

of research works have been focused on equipping 

SVM to fit for data stream classification. Buc et 

al, 2005, presented an SVM based incremental 

learning algorithm that employs the locality of 

Radial Basis Function (RBF) that re-learns only 

the weights of training instances lying in the 

vicinity of the new incremental data. However, 

this approach didn’t regard the incidence of 

concept drift and has been deployed in a concept 

drift free data streams.   

Inspired by these research works, the 

proposed research work is intended to equip SVM 

with a series of synergization with fuzzy logic, 

Lagrangian interpolation method and parallel 

genetic algorithm. 

However a plenty of methods have been 

attended in finding solutions for confronting the 

issues in data stream classification process, the 

most contemporary methods such as, Accuracy 

Weighted Ensemble (AWE), Accuracy Updated 

Ensemble (AUE), E-TREE and Classification and 

Regression Tree (CART) are taken up for 

comparison. 

A. Accuracy Weighted Ensemble (AUE) 

Accuracy Weighted Ensemble (AUE) is an 

incremental online ensemble approach that deals 

with concept drifts by incrementally selecting and 

updating the component classifiers in the 

ensemble. This model selects the component 

classifiers by weighing its accuracy so as to 

remove the inaccurate classifiers and to keep 

accurate classifiers. The drawback of this 

approach is that the classification model struggles 

to retain diversity among the component 

classifiers during the longer distribution stability, 

(Brzezinski et al., 2014).  

B. E-TREE 

An Ensemble Tree, E-TREE, is a height 

balanced tree which has an efficient indexing 

structure and treats the ensemble model as a 
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spatial database. It arranges all the base classifiers 

of the ensemble in the nodes of  E-TREE which 

helps to  achieve sub linear prediction time. In 

addition, it also has two more components, R-tree 

and a table structure which facilitates to classify 

each incoming data stream, to insert new base 

classifiers and delete the outdated ones 

respectively from the E-Tree. However, this 

method confronts the high complexity in 

constructing E-TREE when applied to real time 

data stream classification task (Zhang et al., 

2011). 

C. Accuracy Weighted Ensemble (AWE) 

Accuracy Weighted Ensemble (AWE) 

combines the response of base classifiers by using 

a weighted-majority voting approach. The weight 

of the base classifiers depends on the accuracy 

obtained by them when classifying the instances 

from the current training data chunk. Upon the 

arrival of a new data chunk, it includes a newly 

trained classifier into the ensemble and removes 

the least performing classifier from the ensemble 

membership. The inference made on AWE is that 

its efficiency depends on both the size of the data 

chunk and the intensity of the concept drift. That 

is, it adapts to gradual changes, but it entails 

trouble in adapting to abrupt concept drifts.  

D. Classification and Regression Trees (CART) 

Classification and Regression Tree (CART) 

is a decision tree based machine learning 

algorithm which is applied as an umbrella term for 

performing both classification and prediction. The 

accuracy of this algorithm turns down at the 

incidence of unlabeled instances (Leo Breiman et 

al, 1984). 

The proposed data stream classifier is 

deployed in the scenario of classifying videos in 

an online environment where the incidence of 

concept drift and novel class is indispensable. 

That is, the proposed classification model is 

applied in analyzing and predicting the users’ 

interest in viewing the videos in a video player so 

as to confront the drift in their interest of viewing 

different category of videos at different time. It is 

a highly challenging task, since the interest in 

viewing the videos online is chaotic and transient 

over time.  

For instance, the user who is interested in 

viewing the industry related videos may not be in 

the same category of videos during his/her spare 

time. In addition, due to the ever growing 

technology, new category of videos may emerge 

at any instant. Consequently the users also might 

be captivated on viewing the latest trendy 

category of videos.  To confront this scenario, a 

novel HDSC has been proposed. 

 

IV  PROPOSED SYSTEM 
 

This section highlights the strength of the 

proposed system HDSC which is acquired by 

synergizing the complementary strength of fuzzy 

logic, SVM and Lagrangian interpolation method.  

In the proposed approach, Fuzzy logic, which 

is good in generalization and fault tolerance, is 

applied with SVM to accelerate the speed of the 

classification task. Since the proposed system is 

intended for analyzing transient data streams, 

Lagrange’s interpolation method has been chosen 

as an additional constituent algorithm due to its 

inherent nature of efficiency in handling transient 

data.  

As the interpolation method is primarily 

concerned about minimizing the misclassification 

of data while finding the maximum margin 

between the separating hyper planes, it is 

deployed to handle the situations when the 

features of a data set fall outside the decision 

boundary of support vector machine. Herein, 

Multiclass SVM which combines the output of the 

multiple SVM is used to classify the various 

categories of videos.  
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Figure.1 System Architecture of HDSC 

 

Procedure Accuracy   Precision   Recall               

F1-

Measures 

 

Memory  

 

Average 

Response 

Time  

Average 

Processing 

Time 

AWE 83.13 83.09 83.20 83.17 5984820  884  1439 

AUE 83.43 83.29 83.00 83.17 5989444  884  1442 

E-TREE 85.26 85.22 85.33 85.30 6347870  956  
1523 

CART 86.86 86.82 86.93 86.90 6332472  946  1512 

HDSC 87.96 88.02 88.03 88.05 6271020  916  1486 

Table.1 Average performance report of HDSC 

 

The proposed method HDSC is applied for 

drift detection on analyzing the request generated 

for video streaming. Before classifying the request 

on videos, the classification model inspects for 

concept drift and if no concept drift is detected, 

the classification model can be used for 

classifying the classes without any intact. If any 

drift is detected, it might also lead to novel class 

occurrence.  To ensure the incidence of novel 

class, consequently upon the incidence of concept 

drift, the results are again inspected using 

Lagrangian interpolation method.  

 

The processing steps of HDSC are given below: 

1. Initially, the data streams are split into fixed 

sized data chunks. 

2. They are buffered and scanned for fixing 

errors and noise in data chunks by adopting 

fixed sized sliding window approach. 

3. Fuzzy logic and SVM which are the 

components of HDSC are applied to perform 

data stream classification in both the normal 

and concept drifting scenario. 

4. If any novel class is found, then the steps 5 

to 9 are executed. 

5. In HDSC, Lagrange’s Interpolation method 

is enabled in case of novel class incidence. 

6. If similarity between the instances of the data 

streams is found high, then the instances will 

be declared as novel classes. 

7. Else they will be tracked for some time, to 

find similarity with the upcoming instances. 

8. If the similarity is found high, then they will 

be declared as a novel class, else will be 

discarded as outliers. 

9. Upon identifying the novel class, the HDSC 

model is updated to learn the newly arrived 

class. 

In case of concept drift and novel class 

incidence, the data stream classifier HDSC is 

updated to sustain its efficiency on classifying the 

upcoming dataset.  Upon knowing the interest of 

the users, their request can be classified for pre 

buffering of the interesting videos on their video 

player.  

 

V HARDWARE AND SOFTWARE 

REQUIREMENTS 

The proposed system has been implemented 

in an enterprise STD dedicated server having the 

configuration HP DL 160 G8 Series, 1 X Intel 

Hexa Core Xeon Processor, 15 M Cache.  This 

model is tested by generating video requests from 

personal computers having the configuration, Intel 

core I5 processor, Windows 8.1 (64 bit) operating 

system and Visual Studio 2013.  

Data stream classification model is trained 

with the dataset obtained from Filmsodm video 

service provider, and is tested in real time server 

which facilitates the data stream classification by 

analyzing the video browsing history of the users 

in terms of eighteen attributes such as, protocol, 

IP address, source and destination port, source and 

destination data header, service count, type, login 

status, number of failed logins, total data size, 

duration,  service count, type, bit rate, resolution, 

repeat status, and audio quality.  

 The classification model is trained to 

classify the twelve different categories of video 

classes, namely, do it yourself, drama, sport, 

movie, funny, technology, entertainment, vector, 

short film, 2D-Animation, 3D-Animation and 

tutorial. When a new kind of video category is 

found, it is classified as a novel video category.  
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VI  PERFORMANCE EVALUATION 

The efficiency of the proposed system on HDSC 

has been empirically tested and compared with 

four contemporary data stream classification 

techniques, such as, CART, ETREE, AWE, and 

AUE over various parameters. The average 

performance report of varying sizes of data 

chunks is illustrated in Table 1.1.   

 

VII  CONCLUSION 

The important aspects of this research 

work  are corroborated briefly in this section. 

➢ SVM is widely preferred to classify nonlinear 

data due to its high accuracy and 

generalization ability. However it entails 

sluggish performance and high memory 

requirement in case of data stream 

classification. 

➢ Hence, the proposed HDSC has been 

designed and investigated with the fusion of 

fuzzy reasoning and Lagrangian interpolation 

method so as to tune up SVM for data stream 

classification. 

➢ Here fuzzy logic, which is good in 

generalization and fault tolerance, is applied 

with SVM to accelerate the speed of the 

classification task.  

➢ Lagrange’s interpolation method is good in 

handling transient data and also it controls the 

tradeoff between the dual objectives of 

maximizing the margin of separation and 

minimizing the misclassification error where 

the SVM struggles to classify non linear data.   

➢ Hence, the Lagrange interpolation method 

has been chosen as an additional constituent 

algorithm due to its inherent nature of 

efficiency in handling transient data.  

➢ The exhaustive experiments carried out on 

the proposed system evince that that the 

proposed HDSC is the most accurate of all 

comparative methods.  

➢ It is ascertained with the results obtained not 

only by calculating accuracy, but also 

precision, recall, and F1-measure on all 

varying sizes of data chunks. 

➢ However, its performance negligibly drops 

down in terms of memory utilization, 

processing and response time with respect 

other comparative algorithms. This might be 

caused due to inherent feature of the SVM 

which is used as the base classifier in the 

HDSC. 

➢ It is also assumed that the deteriorated 

performance in processing and response time 

shall be caused by the attempt of making 

SVM classifier in multi label data stream 

classification. 

➢ It is planned to enhance the efficiency of the 

proposed model in all aspects by deploying 

the revised composition of the model which 

includes the parallel genetic algorithm to 

expedite the processing of data streams in the 

subsequent phase of this research work.  
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