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Abstract— Now a day’s data stream clustering is more 

active research area, used to discover useful information 

from continuously generated huge amounts of data. There 

are various clustering algorithms related to data stream have 

been developed and proposed to make clustering on data 

stream. Clustering is the method of arranging the objects in 

one set, such that objects in the single group are more 

related to each other than those in other clusters (groups). 

The clustering of data stream imposes various challenges 

that need to be solved; some of them are dealing with 

dynamic data, capable of performing processing on fast 

incoming objects, also capable to perform processing of 

incremental data objects, and ability to address time, 

memory and cost limitations. The proposed STRAP 

clustering algorithm extends the Affinity Propagation (AP) 

to handle evolving data stream. It combines the statistical 

change point detection test with Affinity Propagation. It 

ingredients a group of labeled data objects with group of 

exemplars for detecting a changes in the generative process 

underlying the dream data. Experimental results with state-

of-the-art data stream clustering methods demonstrate the 

effectiveness and efficiency of the proposed method. The 

proposed semi-supervised STRAP algorithm increases the 

accuracy and decreases the percentage of outliers compare 

to existing system. 
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I. INTRODUCTION 

THE clustering is a widely studied research problem in the 

data mining. Clustering is the assignment of data objects in 

one set such that the objects that are more related to each 

other are in one group whereas unrelated objects are in other 

groups. Data in cluster is an ordered list having similarity 

and dissimilarity. Cluster analysis can be done by finding 

the data similarities and putting similar data objects into one 

cluster and dissimilar data objects into reservoir or other 

clusters. However, the difficulty is to prepare data stream 

clustering algorithms having arbitrary shapes because of 

data set has only one pass constraints. In various conditions, 

data is more easily and better characterized by a measure of 

pair wise similarities instead of negative squared Euclidean 

distance. The aim of clustering is to achieve a better 

clustering behavior, specifically having a low computational 

complexity or cost with low distortion. 

The task of exemplar-based clustering algorithm is 

to identify data point subsets as exemplars and assign every 

next data point to one of those identified exemplars. This 

focuses on learning or understanding a data stream 

generative model, having some important features: 

 The generative model is represented through the actual 

data items (i.e. set of exemplars). 

 It is available and used at any time-step, for monitoring 

application. 

 Statistical hypothesis testing is used to detect changes in 

the underlying distribution [12]. 

The affinity propagation algorithm is simple to 

define and customize; it is also computationally effective 

and efficient, scales linearly or quadratically in the number 

of similarities. Because of the huge size and evolving 

property of data streams, a good stream clustering algorithm 

should meet the following specific requirements: 

 Single scan of data.  

 Ability to filter out noise in continuously evolving 

streams. 

 The system should be able to process very large or 

infinite streams in main memory of limited size. 

Data streaming is a data that gathers through 

telephone records, webcams, and online transactions. This 

kind of data is continuous, so to maintain that data the need 

is to select best representatives from clusters of streaming 

data. 

II. LITERATURE SURVEY 

The X. Zhang et. al. proposed the STRAP algorithm which 

proceeds by incrementally updating the current model if the 

current data item _ts the model; otherwise put it in a 

reservoir. A Change Point Detection (CPD) test, detects the 

changes of distribution by monitoring the data items sent to 

reservoir. When CPD test triggered, the new model is rebuilt 

from the current model and data items in the reservoir [8], 

[9], [12], [14], 

The BIRCH method is suitable for very large 

databases and used data streaming. BIRCH makes use of all 

available memory for generating finest possible sub-clusters 

or clusters. In this method the concept of Clustering Feature 

(CF) tree is used to generate the clusters, where CF is a 

height balanced tree [1], [13]. 

L. O Callaghan et. al. proposed the method called 

STREAM. In the first step, the objects are together grouped 

and medians are gathered and calculated for each group and 

depending on the number of data objects in the clusters 

weights are assigned to it. In second step the medians are 

used to cluster until top tree [2], [7], [13]. C. Aggarwal et. 

al. implemented the method called CluStream. The 

CluStream method tries to cluster the whole data stream at 

single time-step instead of viewing the stream when process 

changed. The idea of this technique is to split the clustering 

into online components which stores detailed summary 

statistics periodically and an offline component uses this 

summary statistics [3], [5], [7], [13]. 

Clustering On Demand Framework was suggested 

by B.R. Dai et. al. and was used to dynamically cluster 

multiple data streams. The Clustering On Demand (COD) 

framework mainly has two advantages one is an online 

statistic collection has one data scan and another is to 

compact multi resolution approximation which are designed 

and developed respectively for time and space constraint in 
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data stream environments. The COD framework mainly 

divided into two phases, one is the online maintenance 

phase and the second is offline clustering phase [4]. 

F. Cao et. al. defined the Den-stream algorithm and 

it was implemented in an evolving data stream for 

discovering clusters. The dense micro cluster are also called 

as core micro cluster and used to summarize the clusters of 

arbitrary shape. Den-stream algorithm is partitioned into two 

phases one is micro cluster maintenance and other is 

generating final clusters [5], [15]. Y. Chen and L. Tu 

proposed the Dstream algorithm which is used for data 

stream clustering using density based approach. This 

algorithm used the online component for mapping each and 

every input data item into the grid and an offline component 

calculates the grid density and based on density clusters are 

made of grids [6], [13], [15]. 

The K-AP technique developed by X. Zhang et. al. 

and is used to generate given number optimal set of 

exemplars using affinity propagation. The K-AP technique 

offers the good guarantee of optimality and generates K 

number of clusters specified by user. They have defined the 

responsibilities, availabilities, and the new message 

confidence [10]. M. Shindler et. al. implemented the Fast 

and Accurate K-Means clustering algorithm. In this to 

improve the streaming approximation where k input is not 

known for Euclidean k-means and data point are 

sequentially read to form the clusters. This approach can 

provide better approximate cluster guarantee and it is 

efficient with complexity O(nk)[11]. 

Yang et al. implemented the Incremental and 

Decremental AP (ID-AP) algorithm for semi- supervised 

clustering in multispectral images. The clustering 

performance was improved by both the label based 

similarity matrix adjusting and incremental and decremental 

learning principles [16]. 

Chakrabarti et al. defined the evolutionary 

clustering as the problem of processing time-stamped data to 

produce a sequence of clustering results that is a clustering 

result for each time stamp. It should simultaneously 

optimize two criteria one is the clustering at any point in 

time should remain faithful to the current data as much as 

possible and second, the clustering should not shift 

dramatically from one time step to the next [17]. 

Frey and Dueck suggested the method called 

"affinity propagation", which takes as input measures of 

similarity between pairs of data points. Real-valued 

messages are exchanged between data points until a high-

quality set of exemplars and corresponding clusters 

gradually emerges [18]. L. Sun and C. Guo proposed the 

Incremental Affinity Propagation Clustering Algorithms 

based on message passing, which combines the affinity 

propagation with the k-medoids and nearest neighbor 

assignment. Two techniques are proposed. They are IAP 

clustering based on K-Medoids (IAPKM) and IAP 

clustering based on Nearest Neighbor Assignment (IAPNA) 

[19]. 

III. PROBLEM DEFINITION 

There are various problems of clustering of streaming data. 

Beside the limited memory and one-pass constraints, the 

nature of evolving data streams implies the following 

requirements for data stream clustering: arbitrary shape 

cluster discovery, no assumption on the number of clusters, 

and ability to handle outliers. There are mainly two 

challenges: first is how to cluster with best representative 

and second is related to dynamic distribution of streaming 

data that is handling evolving patterns. Data stream 

clustering involves two most important issues. The first one 

is the fast incoming data processing; because of its pace and 

amount, there is no way to analyze and to store the data 

offline. From its starting data streaming faces large number 

of issues and new algorithms are required to achieve such 

clustering. The second issue is to handle the changes and 

variation in the underlying data distribution [8], [14]. 

IV. PROPOSED SYSTEM 

The STRAP algorithm is the extended online version of 

Affinity Propagation (AP). AP is a message passing based 

algorithm used to solve the optimization problem. The 

proposed STRAP algorithm proceeds if the current data item 

fits the model then it incrementally updates the current 

model; otherwise put it into reservoir. A Change Point 

Detection (CPD) test, called as Page Hinkley test detects the 

changes of distribution by monitoring the data items sent to 

reservoir. When CPD test triggered, from the current model 

and data items in the reservoir, the new model is rebuilt. 

This algorithm investigates the real time adapted PH test. 

The adaptive threshold can achieve in better quality, cause 

less outlier and less computing time. STRAP extracts 

exemplars from streaming data for building summary 

model. STRAP uses the CPD test for catching drifting 

exemplars that significantly deviate away. The memory 

usage of STRAP is small and mainly depends on the number 

of outliers and exemplars, which may vary a little in the 

streaming process. The clustering algorithms for data 

streams should be up to date so that clusters can be obtained 

at any time, as soon as the new data item arrives in the 

system. Considering the challenges of data stream 

clustering, the designed techniques should satisfy the 

following requirements: 

 Providing a model, that compactly describes the data 

streams. 

 When data flows in the system the model must be 

incrementally updated. 

 The model is always available whenever it is required 

to be queried. 

 The changes detected of data distribution should catch 

the evolution of model. 

 It must be a real-time process. 

A. Algorithm 

1) STRAP Algorithm 

Input: Data Stream a1,a2,: : :,at, threshold value 

Begin 

AP(a1,: : :,aT ) -> Streaming model (STRAP); 

Reservoir=empty; 

For t >= T do 

compute xi=nearest exemplar to at 

if d(at ,xi) <= threshold value then 

Update Streaming model 

else 

Reservoir 

end if 

Rebuild model (i.e. Restart criterion) 
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If reservoir size exceeds 

Or 

Change detection test is triggered. 

End if 

End for 

The algorithm works as follows: 

1) The data flows into the system are used by AP to 

initialize the streaming model and to identify the first 

exemplar set. 

2) Each data item is compared with the exemplar, if it is 

near to the nearest exemplar, the model is updated 

otherwise it is put in the reservoir 

3) The change point detection test using statistical test, 

called the Page Hinkley is to use check the data 

distribution. 

4) When the change point detection test is triggered or if 

the number of outlier exceeds the size of reservoir, the 

streaming model is rebuilt depends on the items in 

reservoir and current model. 

 
Fig. 1: STRAP Diagram 

The model updating is performed by STRAP 

algorithm through i) Checking the fitness of data item 

against the streaming model as soon as it arrives in system; 

ii) if fitting the criteria, then simply update the 

corresponding cluster, otherwise put it into the reservoir as 

an outlier. 

The STRAP model is initialized to first bunch of 

data objects and reservoir is initialized to empty.  Affinity 

Propagation matches each data item on a exemplar item 

(representative item). A cluster is made by mapping each 

data item on the same exemplar. After comparing the 

incoming data item with the exemplar, if distance is 

minimum than the threshold value then the model is updated 

otherwise item is put into the reservoir as an outlier. For 

every data item which fits the criteria the model is updated. 

However, AP has the quadratic computational complexity 

caused by the clustering process. WAP combines the 

neighboring or nearest points together and keeps the spatial 

structure between those points and some other points. 

Weighted AP is used to deal with dense aggregations of 

items and multiply defined items. 

A main difficulty in data streaming is to detect a 

ratio of outliers that change in the generative process 

underlying the data stream, known as drift. The simplest 

method is based on number of data items or outliers in the 

reservoir; when the size of reservoir exceeds, the restart 

criterion is automatically triggered. Another method is based 

on Change Point Detection (CPD). The new model is rebuilt 

by using the current model data and data or outliers in the 

reservoir. The model is rebuilt when the change point 

detection (CPD) test is triggered or if reservoir size is full. 

 

V. IMPLEMENTATION DETAILS 

A. Mathematical Model 

The Deterministic finite automata consist of five tuples as 

follows: 

M = {Q,f,q0,∑,δ} 

Q={q0, q1, q2, q3, q4, q5, q6 } 

q0: Initial State 

f: Finite state (q6) 

∑:  { d, d0, dm, np, tt ,dmin, r} 

δ: Transition Function 

δ(q0; do)=q1 

δ(q1;dm)=q2 

δ(q1; dmin)=q3 

δ (q3; r)=q5 

δ (q2,np)=q4 

δ(q4; tt)=q5 

δ (q5; r)=q6 

where, 

q0 - Initialization 

q1 - Computation 

q2 – Outliers 

q3 - Update Model 

q4 - Change Detection 

q5 - Rebuild Model 

q6 - Cluster Result  

d - Input Dataset 

dm - Distance Maximum 

dmin - Distance minimum 

tt - Test Triggered 

np - New pattern 

r – Result 

 
Fig 2: Deterministic Finite Automata 

B. Experimental Setup 

The Intrusion Detection Benchmark KDD Cup 1999 dataset 

is used in experiment. The training dataset consist of 4, 

94,021 network connection records. TCP, UDP and ICMP 

protocols are considered in KDD dataset. The purpose is to 

cluster the connection of different types, arrive in the flow. 

Such that each and every cluster must includes the 

connection of the same type. The experiment is carried out 

on Windows 7 with Intel core i3 CPU 2.53Ghz with 4GB 

memory using java and tool Netbeans. 

C. Result Analysis 

The proposed system is compared with existing system in 

terms of time, accuracy, outliers and rand index. The 

comparison of existing and proposed system is shown in 

following graphs. This study shows that the proposed 

system performs the clustering with more accuracy and low 

percentage of outliers also the quality of clustering is 

measured by rand index which is more than existing system. 

mailto:M380@2.53Ghz
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Fig 3: Time comparison between proposed and existing 

system 

 
Fig. 4: Outliers and accuracy of existing system 

 
Fig. 5: Rand Index Comparison of Proposed and existing 

system 

 
Fig. 6: Outliers and accuracy graph of proposed system. 

VI. CONCLUSION 

Data streams are dynamic ordered, fast changing, massive, 

limitless and infinite sequence of data objects. Data streams 

clustering technique are highly helpful to handle those data 

and outlier detection is one of the challenging areas in data 

stream. The STRAP algorithm is to form a cluster of 

streaming data with the data distribution. STRAP confronts 

the arriving items to the current AP model, storing the 

outliers in a reservoir and monitoring the ratio of outliers 

using change detection. Upon triggering the change 

detection, the clustering model is rebuilt from the current 

one and the outliers. The performance of this algorithm is 

measured in terms of the quality and accuracy of the 

clusters. The computation time depends on the complexity 

of underlying data distribution. STRAP provides the 

streaming model at any time. Clustering data by identifying 

exemplar data points rather than parametric methods allows 

for rich domain-specific models that can achieve superior 

result. The experimental result shows that proposed system 

outperforms the existing system in terms of clustering 

accuracy and quality. 
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