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 The incidence of concept drifts and novel classes in data streams leads to the 
performance flaw in data stream classification task. However a large number of 

researches are focused on data stream mining, an acute panacea has not yet been 

devised to confront these issues. Concept drift occurs when there is a drift in the 
features of a dataset or in the context behind the target concept.  Novel class may 

emerge either due to the concept evolution or feature evolution. In a bid to cope up with 

these issues and to address the scantiness of the existing approaches, this research work 
devises a novel Hybrid Data Stream Classifier that investigates if and how the ensemble 

of fuzzy logic, support vector machine and Lagrangian’s interpolation method can be 

synergized together so as to deploy the complementary strength of each method 
effectively to accelerate the data stream classification task. The proposed system is 

deployed in a real time server providing video services through internet and its efficacy 

is accentuated by comparing its parameters with various contemporary algorithms in 
data stream classification.  
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INTRODUCTION 

 

 The prevalence of infinite data streams in 

digitized organizations makes the conventional data 

mining algorithms flabby, if applied directly in 

analyzing data streams. This research work 

investigates how to make conventional classification 

algorithms more suitable for data stream mining in 

on line environment. Data stream classification is the 

most prominent task in data stream mining which is 

often being obstructed by the issues of concept drift 

and novel class (Jayanthi et al, 2014, 2015, Masud et 

al, 2013, Bifet et al, 2009).  Concept drift occurs 

when there is a drift in the features of a dataset or in 

the context behind the target concept. Novel class 

may emerge either due to the concept evolution or 

feature evolution. In data streams, it is very common 

that at any time additional features or contexts may 

emerge which may eventually leads to the generation 

of novel classes (Farid et al, 2013). Hence the data 

stream classifier must revive its classification rules 

regularly so as to confront at each incidence of 

concept drift and novel class during the classification 

of such transient data streams.  

 The proposed data stream classifier is deployed 

in the scenario of classifying videos in 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 on 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 on viewing the videos online is chaotic 

and transient over time. For instance, the user who is 

interested on viewing the industry related videos may 

not be on 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 Hybrid 

Data Stream Classifier is expounded with the fusion 

of fuzzy logic, support vector machine and 

lagrangians interpolation method which are chosen 

and synergized scrupulously by analyzing its 

inherent features that constitute an efficient data 

stream classifier, if combined together.  

 However support vector machine 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 

instances of the target classes.  
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 It consumes more processing time in deciding 

maximum margin and hyper planes between the 

instances of different classes.   

 In light of combating the above issues, this 

research work is intended to equip support vector 

machine to contend against the incidence of concept 

drift and novel class in online data stream 

classification.  

 This research paper is organized into six 

segments. Following the introduction part, state of 

the art of data stream classification and related work 

of the proposed system is explored in segment two. 

Contributions of the proposed system in data stream 

classification are spotted in segment three. 

Performance evaluation is illustrated in fourth 

segment after a deliberate experimental research on 

video data stream classification. Results and 

discussions are corroborated in fifth segment. The 

paper is concluded in sixth segment by enlightening 

the directions for future enhancements of the 

proposed system.   

 

Related Work: 

 The revolution in computing and communication 

technology has led to the explosion of data streams.   

Hence, Data stream mining, the study of analysing 

these data streams occupies a prominent role and 

concern in research. Data stream classification 

algorithms can be broadly classified into three 

categories, namely, incremental classification, 

ensemble classification and block based 

classification method (Farid et al, 2013, Zang et al, 

2014). Incremental classification model 

incrementally updates the classification model so as 

to confront concept drifts. Block based classification 

model performs classification by dividing the infinite 

length of data streams into fixed length data chunks 

to effectively confront the infinite feature of data 

streams. The third category, ensemble classification 

is widely accepted as more reliable, wherein more 

than one algorithm participates in the classification 

task. However a large number of research works 

have been reviewed in the literature, four 

contemporary algorithms are taken as the 

comparative algorithms, namely, Aggregate 

Weighted Ensemble (AWE), Accuracy Updated 

Algorithm (AUE), Efficient Indexing Structure for 

Ensemble Models on Data Streams (ETREE) and 

Classification and Regression Tree (CART).  

 Dariusz Brzezinski et al, 2014, proposed an 

incremental online ensemble approach, Accuracy 

Updated Algorithm that deals with concept drift by 

incrementally selecting and updating the classifiers 

in the ensemble. However the ensemble consists of 

number of classifiers, this model selects the 

component classifiers in the ensemble for updation 

by weighing its accuracy on data stream 

classification, while removing the inaccurate 

classifiers. The drawback of this approach is that 

during the longer distribution stability, the 

classification model struggles to retain  diversity 

among the component classifiers. 

 Peng Zhang et al, 2014, proposed an Efficient 

Indexing Structure for Ensemble Models on Data 

Streams, a height balanced indexed tree structure that 

converts decision rules into rectangle, base classifiers 

into spatial objects and  entire ensemble into spatial 

databases. E-Tree employs two components, R-tree 

like structure and a table structure to achieve sub 

linear prediction time during data stream 

classification. The drawback of this method is that it 

leads to high computational complexity when the 

intensity of concept drift is high. Classification and 

Regression Tree, a decision tree based learning 

algorithm which can be used for both classification 

and prediction (Crawford, S. L. 1989). The accuracy 

of this algorithm turns down at the incidence of 

unlabeled instances. 

 Wang et al, 2003, devised the first ensemble 

based data stream classification technique, Aggregate 

Weighted Ensemble that continuously updates 

component classifiers in the ensemble. Upon the 

arrival of a new data chunk, it includes a new trained 

classifier into the ensemble while removing 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. 

 The above said research works have been carried 

out on synthetic data sets and not deployed in a real 

time online environment. In addition, it is perceived 

that there is an increasing need for video stream 

classification due to the inadequate classification 

approaches in online environment.  Hence this 

research work is intended towards devising and 

asserting the efficiency of the proposed system over 

other comparative algorithms by deploying them in a 

real time online environment for video classification. 

 

Proposed System: 

 This section highlights the strength of the 

proposed system Hybrid Data Stream Classifier 

which is acquired by synergizing the complementary 

strength of fuzzy logic, support vector machine and 

Lagrange’s interpolation method. Support vector 

machine is a supervised classification technique that 

is highly computationally effective and highly 

resistant to noisy data. It also has the most powerful 

generalization capability on yet to-be seen linear and 

nonlinear data. In converse, its sluggish performance 

and highest memory requirement, makes it unfit for 

online data stream classification.  Hence fuzzy logic 

which is good in generalization and fault tolerance is 

applied with support vector machine 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 
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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 data set falls outside 

the decision boundary of support vector machine. 

Herein, Multiclass support vector machine which 

combines the output of the multiple support vector 

machine is used to classify the various category of 

videos. 

 

Data stream classification Model: 

 The data stream classification model has been 

generated in two phases namely, training and testing 

phase. Video attributes collected from filmsodm, a 

video service provider is used to train the data stream 

classification model in off-line mode.  During 

training phase, the classification model is trained to 

analyze the dynamic interest of the users and to 

classify the category of videos.   

 In testing phase, the classification model is 

engaged in predicting and classifying the interest of 

viewers on videos amid of drift in their interest and 

the emergence of new category of videos.  The 

efficacy of the proposed model is also asserted in the 

testing phase by deploying it for classification in 

online environment. Data stream classification model 

is shown in figure.1. 

 

 
 

Fig. 1: Data Stream Classification Model. 

 

 The system architecture of the proposed system 

is illustrated in figure.2. In the proposed research 

work, the request for video streaming is collected in 

two ways; one is in the form of on-demand request 

and another way is through drift emulator.  As the 

video player, Internet Streaming Video Player for 

Infinite data stream (ISVPFin) is solely created for 

deploying the proposed system and also not widely 

used in real time on line environment, the size of the 

data set generated from on-demand request is not 

sufficient to assess the efficiency of the proposed 

system. Hence data streams holding drift in user 

interest and novel classes can also be generated by a 

drift emulator. ISVPFin video player is shown in 

figure. 3.  The drift emulator, DEMU is shown in 

figure.4. 

 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 Lagrange’s interpolation method. 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 in their video player. With the pre buffering 

of videos, the waiting time of the viewers, video 

latency and playout distortion is reduced 

considerably. The proposed system alerts the 

classification model when a drift is detected in the 

users’ interest on viewing the videos.   When a new 

category of video interest emerges, the classification 

model is trained to learn the novel class. 

 

Experimental set up : 

Hardware and Software: 

 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 
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count, type, bit rate, resolution, repeat status, and 

audio quality. An excerpt of the data set is shown in 

the table 1. 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.  

 

 

 
 

Fig. 2: System Architecture of HDSC. 

 

 
Fig. 3: ISVPFin Video Player. 

 

 
Fig. 4: Drift Emulator. 
 
Table 1: Snapshot of data stream. 

Protocol IP Address 
Source Data 

Header 

Destination 

Data Header 

Service 

Count 
Type Login status Class 

FTP 230.124.207.249 7739 4410 120 MP4 Logged in Entertainment 

FTP 194.78.58.110 8717 3281 113 MPEG Logged in Do it yourself 

HTTP 174.46.139.131 4237 4627 89 MPEG Logged in Sport 

FTP 143.1.163.225 2879 4162 33 WMV Logged in Movie 

SFTP 144.94.37.237 3036 1487 67 DAT Logged in Funny 

IP 173.38.120.203 1977 3892 11 WMV Logged in Technology 

HTTP 158.4.234.31 5477 3892 15 MPEG Logged in 2D-Animation 

 

Performance Evolution: 

 The efficiency of the proposed system on 

ISVPFIN has been 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 

2.  The bar graphs are generated to assess its average 

performance in terms of varying parameters such as, 

accuracy, precision, recall, F1-measure, memory 

consumption and average response time and are 

shown in figure.5, figure.6, figure.7, figure.8, 

figure.9 and figure.10 respectively. 
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Fig. 5: Accuracy Comparison. 

 
 

Fig. 6: Precision Comparison. 

 

 
Fig. 7: Recall Comparison. 

 

 
Fig. 8: F1-Measure Comparison. 

 

 
 

Fig. 9: Memory Comparison. 
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Fig. 10: Average Response Time Comparison. 

 

RESULTS AND DISCUSSIONS 

 

 The proposed method HDSC achieves high 

accuracy and precision over other algorithms and the 

algorithm AWE results in less accuracy and precision 

over other algorithms.  In terms of recall and F1-

measure, the efficiency of HDSC is high, on 

contrary, AUE performance is less on it. However, 

the efficiency of HDSC is moderate in terms of 

memory and average response time; it is negligibly 

low and would be good if applied on other kind of 

datasets. From the average performance report of 

HDSC which is illustrated in the table 2, it is 

apparent that the efficiency of the proposed system 

HDSC is high over other algorithms.  

 
Table 2: Average performance report of HDSC. 

Procedure Accuracy  (%) Precision  (%) 
Recall              

(%) 
F1-Measures 

(%) 
Memory 
(Bytes) 

Average Response 
Time (mS) 

AWE 83.13 83.09 83.20 83.17 1437ns 884 

AUE 83.43 83.29 83.00 83.17 1437ns 884 

E-TREE 85.26 85.22 85.33 85.30 1531ns 956 

CART 86.86 86.82 86.93 86.90 1521ns 946 

HDSC 87.96 88.02 88.03 88.05 1491ns 916 

 

Conclusion and Future Enhancements: 

 Data stream classification is the most inevitable 

phenomenon due to the widespread availability of 

transient data streams in digitized organizations. The 

proposed research work is intended to contend 

against the incidence of concept drifts and novel 

classes in data streams.  The outcomes and 

contributions of this research work are noted down 

below. 

 This research work expounds a novel data 

stream classification model by modulating support 

vector machine with the fusion of fuzzy reasoning 

and Lagrangian’s interpolation method. 

 The experiments carried over online data 

streams assert the efficacy of the proposed system 

which achieves high degree of accuracy, precision, 

recall and F1-Measure in real time video 

classification amid of concept drifts and novel 

classes.  

 However, further research is recommended to 

strengthen the efficacy of the proposed system in 

terms of memory consumption and average response 

time. It is inferred that it might be due to the inherent 

feature of support vector machine.  

 It is planned to enhance the efficiency of the 

proposed model in all aspects by deploying the 

revised composition of the model in the second phase 

of this research work.  
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