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ABSTRACT 

A data stream is a continuously arriving series of data 

streams, and conventional clustering requires more 

considerations. A stream is theoretically unbounded, 

data points arrive online and can only be analyzed 

once for every data point. It places limitations on the 

memory and processing time available. In addition, 

streams can be noisy and the number and statistical 

properties of clusters in the data can change over 

time. This paper presents an online, bio-inspired 

approach to clustering dynamic data streams. The 

proposed ant colony stream clustering (ACSC) 

algorithm is a density-based clustering algorithm, 

whereby clusters are identified as high-density areas 

of the feature space separated by low-density areas. 

ACSC identifies clusters as groups of micro-clusters. 

The tumbling window model is used to read a stream 

and rough clusters are incrementally formed during a 

single pass of a window. A stochastic method is 

employed to find these rough clusters, this is shown 

to significantly speeding up the algorithm with only a 

minor cost to performance, as compared to a 

deterministic approach. The rough clusters are then 

refined using a method inspired by the observed 

sorting behavior of ants. Ants pick-up and drop items 

based on the similarity with the surrounding items. 

Artificial ants sort clusters by probabilistically 

picking and dropping microclusters based on local 

density and local similarity. Using their constituent 

micro-clusters, clusters are summarized and those 

summary statistics are stored offline. Experimental 

results show that ACSC's clustering efficiency is 

scalable, resilient to noise, and favorable for leading 

ant clustering algorithms and stream-clustering. It 

also requires fewer parameters and less time to 

calculate. 

 

I.INTRODUCTION 

 MINING data streams face additional 

challenges for conventional data mining. A data 

stream is a theoretically unbounded sequence of data 

and the properties of this data can change in 

unforeseen ways in dynamic environments over time. 

As a stream progresses, the performance of 

traditional classifiers and predictive models can 

degrade as the characteristics of the target objects 

change. This change can be gradual, known as 

concept-drift, sudden as concept-shift, or in the form 

of concept-evolution when entirely new classes 

appear in the stream. Detecting this change is a 

challenge, as is reacting and adapting to the change. 

This challenge is compounded by the scarcity-of-

labels problem, whereby  in a streaming environment, 

newly arriving data is both expensive and time-

consuming to label. Unsupervised learning 

techniques, such as clustering, can potentially be used 

to mitigate this labeling problem and also as a change 

detection mechanism alongside traditional classifiers 

and predictive models. 

 

Clustering in a data stream requires additional 

considerations to traditional clustering. When dealing 

with a continuous sequence of information, it is only 

possible to examine the data once. Clustering needs 

to be performed quickly to prevent bottlenecks and 

potential loss of data. A stream can be potentially 

infinite but only a limited amount of memory is 

available, necessitating the summarization of 

identified clusters in a meaningful way. The nature of 

an evolving stream implies that clusters can drift, 

new clusters can appear, or clusters can disappear and 

reappear cyclically. Therefore, it is difficult to know 

a priori how many clusters are present in the stream. 
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Although traditional partitioning clustering 

techniques, such as k-means and its variants, have 

been successfully applied to data streaming, they 

have the drawback of requiring k to be specified a 

priori. Density-based clustering, a form of 

hierarchical clustering, overcomes this limitation.  

 

Density-based clustering defines clusters as high-

density areas of the feature space separated by areas 

of low density. It can identify arbitrarily shaped 

clusters, is robust to outliers and, crucially, does not 

require the number of clusters to be known a priori. 

In our proposed algorithm, dense areas are described 

using micro-clusters: n-dimensional spheres with 

center c and radius r. Micro-clusters have a 

maximum radius _ where r ≤ _. A data point is 

assigned to a micro-cluster if the point falls within its 

radius. The set of micro-clusters that are connected 

form the macro-cluster. Generally, there are more 

micro-clusters than there are actual clusters but 

significantly fewer micro-clusters than there are data 

points. This serves a dual purpose both as the 

clustering mechanism and as a summarization 

technique because a number of local data points can 

be represented by a single micro-cluster. Clusters 

identified by the algorithm are summarized by their 

constituent microclusters and these summaries are 

stored offline for evaluation 

by the user. This has two advantages. 

 

1) Information about clusters can be stored in a 

fraction of the space. 

2) Representative micro-clusters are potentially easier 

to evaluate than the entire set of individual data 

points assigned to a cluster. 

 

A density-based approach to stream clustering can 

address the problem of a shifting number of 

nonstationary clusters and provides a method to 

summarize these clusters, and we propose a sampling 

method to address the speed requirement of data 

stream clustering. A point’s similarity with a cluster 

is evaluated using a sample taken from the cluster. 

The stochastic 

sampling method replaces the traditional, exhaustive 

search for each point’s appropriate micro-cluster, and 

subsequently the nearest neighbor of each micro-

cluster. Rough clusters are incrementally created in a 

single pass of the data. The first point seeds the first 

cluster, subsequent points are assigned to an existing 

cluster or, if too dissimilar, seed a new cluster. Only 

after every point has been assigned to its respective 

cluster are micro-clusters created. Each point is 

converted to a microcluster and these micro-clusters 

attempt to merge with others in the same cluster only. 

The merging operation is expensive, and attempting 

to merge at this stage reduces the number of failed 

merging attempts. 

II.LITERATURE SURVEY: 

This discusses a framework for clustering evolving 

data streams. The clustering problem is a difficult 

problem for the data stream domain. This is because 

the large volumes of data arriving in a stream render 

most traditional algorithms too inefficient. In recent 

years, a few one-pass clustering algorithms have been 

developed for the data stream problem. Although 

such methods address the scalability issues of the 

clustering problem, they are generally blind to the 

evolution of the data and do not address the following 

issues: (1) the quality of the clusters is poor when the 

data evolves considerably over time. (2) A data 

stream clustering algorithm requires much greater 

functionality in discovering and exploring clusters 

over different portions of the stream. The widely used 

practice of viewing data stream clustering algorithms 

as a class of one-pass clustering algorithms is not 

very useful from an application point of view. The 

chapter discusses a fundamentally different 

philosophy for data stream clustering which is guided 

by application-centered requirements. It divides the 

clustering process into an online component, which 

periodically stores detailed summary statistics and an 

offline component, which uses only this summary 

statistics. The problems of efficient choice, storage, 

and use of this statistical data for a fast data stream 

turns out to be quite tricky. The concepts of a 

pyramidal time frame in conjunction with a micro-

clustering approach are used.  

III.EXISTING SYSTEM 

 

 The work by Aggarwal et al. [1] was the first 

attempt to address one of the fundamental 

problems in dealing with streams, the 

problem of being unable to revisit evolving 

data. The authors suggested that a stream 

clustering algorithm should consist of two 

components: 1) an online component and 2) 

an offline component. Data arriving online 
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should be  summarized and the offline 

component should perform clustering on the 

summarized data. Their algorithm, 

CluStream, introduced the concept of micro-

clusters as a method to summarize data. 

Micro-clusters are a temporal extension of 

the cluster-feature-vector proposed in [45]. 

In CluStream, only a certain number of 

micro-clusters can be stored in memory at 

any one time so when a new micro-cluster is 

formed, two existing micro-clusters must be 

merged or one deleted. The offline 

clustering of the micro-clusters is based on 

the k-means algorithm [20]. 

 

 Partitional clustering algorithms have been 

extended for single-pass and stream 

clustering. In [33], a general approach is 

proposed to enable traditional soft 

partitional clustering algorithms to deal with 

streaming data. The data stream is split into 

chunks and each chunk is partitioned into a 

set of cluster centroids. The centroids are 

weighted with the amount of samples they 

represent and in order to maintain the 

history of the stream, previously identified 

centroids are added to the newly arriving 

chunk of data to be clustered. In [17], a 

constantfactor approximation algorithm for a 

K-median approach to data streaming is 

described. These algorithms offer a fast, 

accurate single pass clustering of data but 

could be sensitive to changes in the 

underlying distribution or a shifting number 

of natural clusters. 

 

Disadvantages 

o In the existing work, the system is 

very less accuracy in formation of 

data clustering due to absent of Ant 

Colony techniques. 

o There is no accurate result while 

searching data. 

IV.PROPOSED SYSTEM 

 

 In other density-based streaming algorithms 

that use microclusters, e.g., DenStream [7] 

and its variants, micro-clusters are defined 

by two parameters; the maximum radius  

and minPoints which determines the 

minimum number of data points within _ for 

the micro-cluster to be considered dense. In 

ant colony stream clustering (ACSC), each 

point is initially treated as its own micro-

cluster and so the minPoint parameter is 

effectively 1 and therefore not required. This 

removes the complication of defining micro-

clusters as either core, potential or outlier as 

each micro-cluster is treated equally. To 

further simplify we merge the concepts of 

densityreachable, directly density-

reachable, and density-connected into one 

concept density-reachable, which 

determines if two micro-clusters are 

connected and should be considered part of 

the same cluster.  

 

 ACSC assigns points to a cluster before 

creating and merging micro-clusters so 

when a new microcluster is directly density-

reachable to any in the cluster, it is density-

reachable and density-connected to all in the 

cluster.  This simpliies the algorithm, 

reduces the overall complexity and allows 

for effective sampling. The main features of 

ACSC can be summarized as follows. 

 

 The two phases of summarization and 

clustering are combined into a single online 

phase. 

 Micro-clusters are defined using a single 

parameter and ACSC requires just three 

parameters overall. 

 Clusters are formed using a single concept of 

density and outliers are identified as clusters 

containing a single point. 

 Sorting operations are performed locally, 

through sampling from each cluster. This 

reduces the computational time and scales 

linearly to larger dimensionality and 

increasing numbers of clusters. 

Advantages 

 

 

 The system has more speed for data 

clustering due to Ant Colony Optimization. 

 The calculates an exact search result and its 

matched data details. 
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V.ARCHITECTURE DIAGRAM 

 
 

 

View All Events identified in the dataset 

 

 

 
5.1 Modules 

 

Server 

In this module, server has to login with valid 

username and password. After login successful he 

can do some operations such as  Users and Authorize, 

View All User Data ,View All Search Transactions 

,View All Data Search Stream, View All Top 

Keyword,View Data By Ant Colony Stream 

Clustering, View Top Keyword Search Results,View 

Data Rank Results 

  

User 

In this module, there are n numbers of users are 

present. User should register before doing some.  

After registration successful he can login by using 

valid  user name and password. Login successful he 

will do some operations View My Profile ,Add Data, 

View All Your Uploaded Data, Search Data, View 

All Your Search Transactions. 

Search Data Sets 

In this module user can search the data sets type and 

click on search then he will show all details of a 

particular data set.  

 

VI.CONCLUSIONS 

 We've proposed an ACSC algorithm in this 

paper for clustering dynamic data streams. ACSC 

uses the model of the tumbling window, and the 

results show that it scales linearly to larger window 

sizes and greater dimensionality, while being robust 

to noise. Clusters are generated using a stochastic 

sampling method in a single pass of the data. The 

sampling method replaces an exhaustive search and is 

shown to require considerably fewer calculations. 

The deterministic method (corresponding to nComp = 

1.0) yields the highest performance, at the cost of the 

longest run time. With a suitable choice of the 

parameter nComp, the proposed algorithm achieves a 

significant speed up at only little performance loss. 

The initial clusters discovered are further refined 

using a method inspired by the sorting behavior of 

ants. This sorting method is based on the classic pick-

and-drop ant clustering algorithm. The probabilistic 

functions for picking and dropping are biased toward 

the dissolution of smaller clusters and incorporating 

their contents into similar, larger clusters. This 

improves the precision and recall scores and creates 

clusters closer to the “true” structure of the data. Our 

implementation addresses a short-coming of the 

original pick-and-drop model; speed. Rough clusters 

are identified quickly in a single pass and then sorted. 

Furthermore, in the traditional algorithm, data points 

are moved individually which can take a long time. 

By grouping similar points into 

micro-clusters, a number of points can be moved in a 

single operation, further speeding up the algorithm. 

 

 

ACSC was shown to outperform other ant-based 

clustering algorithms in the literature and was 

compared with three popular stream clustering 

algorithms across real and synthetic datasets. 

Experimental results show that ACSC performs 

favorably while requiring fewer parameters. Of the 
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required parameters, the parameter was shown to be 

very sensitive and greatly affects the performance of 

ACSC. It is data-dependent and requires manual 

tuning. Furthermore, it is global and so restricts the 

algorithm to finding clusters of similar density, a 

common problem for density-based clustering 

algorithms. Further research will investigate an 

adaptive, local parameter. This could potentially 

allow the discovery of clusters with varying densities 

in the data. 
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