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Abstract— Nowadays streaming data is delivered by more 

and more applications, due to this crucial method for data 

and knowledge engineering is considered to be clustering 

data streams. It is a two step process. A normal approach is 

to summarize the data stream in real-time with an online 

process into so called micro-clusters. Local density 

estimates are represented by micro-clusters by assembling 

the information of many data points which is defined in an 

area. A traditional clustering algorithm is used in a second 

offline step, in which larger final clusters are formed by 

reclustering the micro-clusters. For reclustering, the pseudo 

points which are used are actually coordinator of the micro-

clusters with the weights which are density estimates. 

However, in the online process, information about density in 

the area between micro-clusters is not preserved and 

reclustering is based on possibly inaccurate assumptions 

about the distribution of data within and between micro-

clusters (e.g., uniform or Gaussian). This paper depicts 

DBSTREAM, the first micro-cluster-based online clustering 

component that explicitly captures the density between 

micro-clusters via a shared density graph. The density 

information in this graph is then exploited for reclustering 

based on actual density between modified micro-clusters. 

We discuss the space and time complexity of maintaining 

the shared density graph. Experiments on a wide range of 

artificial and real data sets highlight that using shared 

density improves clustering quality over other popular data 

stream clustering methods which require the creation of a 

larger number of smaller microclusters to achieve 

comparable results. 
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I. INTRODUCTION 

Data mining is the exploration of extracting useful 

information from large sets of data. A commonly utilized 

data mining strategy is clustering, the classification of 

objects into different groups by partitioning sets of data into 

a series of subsets (clusters). An illustration of clustering is 

the tracking of network data utilized to study (identify) 

changes in traffic patterns and to detect possible intrusions. 

In this case, additionally, data must be processed as it is 

produced. A data stream having the ordered and unbounded 

sequence of data points. Such data streams are generated for 

many applications and like GPS data from smart phones, 

web click-stream data, computer network monitoring data, 

telecommunication connection data, readings from sensor 

nets, stock quotes, etc. The reclustering approaches 

completely ignore the data density in the area between the 

micro-clusters thus might join micro-clusters which are 

close together but at the same time separated by a small area 

of low density. To solve this problem, Tu and Chen 

introduced an extension to the grid-based D-Stream 

algorithm based on the concept of attraction between 

adjacent grids cells and showed its effectiveness.In this 

paper, to develop and evaluate a new algorithms to solve 

this problem for micro- cluster-based algorithms. to 

introduce the concept of a shared density graph which 

explicitly captures the density of the original data between 

micro-clusters during clustering and then show how the 

graph can be used for reclustering micro-clusters. it 

estimates the density in the shared region between micro-

clusters directly from the data. To the best of our 

knowledge, this paper is the first to propose and investigate 

using a shared-density-based reclustering approach for data 

stream clustering.  

II. BACKGROUND 

Density-based clustering is a well-researched area and we 

can only give a very brief overview here. DBSCAN and 

several of its improvements can be seen as the prototypical 

density-based clustering approach. DBSCAN estimates 

theDensity around each data point by counting the number 

of points in a user-specified neighbourhood and applies 

user-specified thresholds to identify core, border and noise 

points. In a second step, core points are joined into a 

III. LITERATURE REVIEW 

Sr. 

No. 

Paper Name, Author 

Name 
Technique Advantage 

From This Paper We 

Refer To: 

[1] 

“Clustering Techniques 

for Streaming Data –A 

Survey” 

Yogita, DurgaToshniwal 

In this paper we have provide 

a one place package for 

understanding the features of 

streaming data, challenges of 

streaming data clustering, 

applications and tools of data 

stream clustering, and current 

scenario of literature on 

clustering of streaming data. 

 

The paper we will focus on 

the challenges and necessary 

features of data stream 

clustering techniques, review 

1. This paper provides base 

and motivation tohandle the 

streaming data challenge. 

1. Streaming Data 

2.Data Stream Mining; 

3. Clustering. 
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and compare the literature for 

data stream clustering by 

example and variable, 

describe some real world 

applications of data stream 

clustering, and tools for data 

stream clustering. 

[2] 

“Social Network 

Analysis of Mobile 

Streaming Networks”, 

ShaziaTabassum 

Propose to analyze call 

networks as a spatio-temporal 

evolutionary stream 

 

Also discussed sampling at a 

precise level of socio-centric 

and ego-centric network 

 

Also discussed some 

prospective aspects of 

influence analysis such as 

family influence. 

1. To understand and 

extrapolatethe behaviours of 

users. 

 

2. How the temporaland 

spatial nature of mobility 

networks will be helpful 

indetecting the real-time 

events and activities. 

 

1.Mobile Streaming 

Networks, 

2.Mobile phones 

[3] 

“Density Based Self 

Organizing Incremental 

Neural 

Network For Data 

Stream Clustering 

”, 

BaileXu, FuraoShen 

Propose an unsupervised 

learning neural network 

named Density Based Self 

Organizing Incremental 

Neural  network (DenSOINN) 

for data stream clustering 

tasks. 

 

DenSOINN is a self 

organizing competitive 

network that grows 

incrementally to learn suitable 

nodes to fit the distribution of 

learning data,  Combining on- 

line unsupervised learning 

and topology learning by 

means of competitive 

Hebbian learning rule 

 

1. To Findingunderlying 

clusters in data when the data 

is organized inthe form of a 

stream. 

 

2.To adopt a self-adaptive 

distance metric to 

approximatethe effect of data 

normalization, making the 

algorithm works on raw data 

as well as on normalized 

data. 

 

3.The network structure of 

DenSOINN is automatically 

built during learning 

procedure by means of 

CompetitiveHebbian 

Learning 

1.NeuralNetwork 

Density Based Self 

Organizing Incremental 

Neural 

Network(DenSOINN) 

 

[4] 

“Ensemble of Distributed 

Learners for Online 

Classification of 

Dynamic Data Streams”, 

Luca Canzian, Yu 

Zhang, and Mihaela van 

der Schaa 

Present a distributed online 

learning scheme to classify 

data captured from distributed 

and dynamic data sources. 

 

Propose a novel online 

ensemble learning algorithm 

to update the aggregation rule 

in order to adapt to the 

underlying data dynamics 

 

Each learner uses a local 

classifier to make a local 

prediction. The local 

predictions are then collected 

by each learner and combined 

using a weighted majority rule 

to output the final prediction 

1.To classify data captured 

from distributed and dynamic 

data sources 

 

1.Big data, 

classification, 

 

2.concept drift, 

 

3.distributed 

learning, 

 

4.dynamic streams 

 

[5] 

“MahalanobisDistance 

Metric Learning 

Algorithm 

for Instance-based Data 

Stream Classification 

”, 

Present a new algorithm that 

learns a Mahalanobis metric 

using similarity and 

dissimilarity constraints in an 

online manner. 

 

1.Instance-based data stream 

algorithms generally employ 

 

1.Mahalanobis Distance 

2.Online-KISS-Stream 
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Jorge Luis Rivero Perez This approach hybridizes a 

Mahalanobis distance metric 

learning algorithm and a k-

NN data stream classification 

algorithm with concept drift  

Detection. 

 

Finally, our algorithm is 

evaluated on different datasets 

by comparing 

its results with one of the best 

instance-based data stream 

classification algorithm of the 

state of the art. 

[6] 

“Clustering Performance 

on Evolving Data 

Streams: 

Assessing Algorithms 

and Evaluation Measures 

within MOA 

”, 

Philipp Kranen, Timm 

Jansen 

Present a novel experimental 

framework for both tasks. 

 

It offers the means for 

extensive evaluation and 

visualization and is an 

extension of the Massive 

Online Analysis (MOA) 

software environment 

released under the GNU GPL 

License 

1.To build an experimental 

framework for clustering data 

streams similar to the WEKA 

framework, so that it will be 

easy for researchers to run  

experimental data stream 

clustering benchmarks 

 

1.Data streams, 

Clustering, 

 

2.Evaluation measures 

[7] 

“Incremental Ensemble 

Classifier Addressing 

Non-Stationary Fast Data 

Streams 

”, 

Brandon S. Parker, 

Latifur Khan 

Describe a new approach to 

using ensembles for 

stream classification. 

 

While the core method is 

straightforward, it is 

specifically designed to adapt 

quickly with very little 

overhead to the dynamic and 

evolving nature of data 

streams generated from non-

stationary function 

1. It shows particularly 

strong gain over the baseline 

method when ground truth is 

of 

limited availability to the 

classifiers 

 

1.Massive Online 

Analysis(MOA) 

framework 

, 

 

[8] 

“Real-Time Anomaly-

Based 

Distributed Intrusion 

Detection 

Systems 

for Advanced 

Metering 

Infrastructure 

Utilizing Stream 

Data Mining 

”, 

Fadwa 

Abdul 

Aziz Alseiari 

and ZeyarAung 

 

This paper proposes a real-

time distributed intrusion 

detection system (DIDS) for 

the AMI infrastructure that 

utilizes stream data mmmg 

techniques and a multi-layer 

implementation approach. 

 

Using unsupervised online 

clustering techniques, the 

anomaly-based DIDS 

monitors the data flow in the 

AMI and distinguish if there 

are anomalous traffics. 

1. Identifying distributed 

security solutions to maintain 

theConfidentiality 

1. Distributed 

intrusion detection 

system, 

 

2.Online 

clustering, 

 

3.Mini-batch 

k-means 

 

[9] 

“Mining of Data Stream 

Using “DDenStream” 

Clustering Algorithm”, 

Manoj Kumar, Ashish 

Sharma 

In this paper we studied a 

simple existing data stream 

clustering algorithm 

DenStream based on DBScan. 

Based on DenStream a novel 

data stream clustering 

approach “DDenStream” is 

proposed. 

 

1.Find out arbitrary 

specs and good quality of 

clusters with noise. 

 

1.Data Mining; 

 

2.Denstream; 

 

3.DBScan; 

 

4.Data Stream 

 



Significance of Shared Density Graph using DBSTREAM Algorithm 

 (IJSRD/Vol. 5/Issue 05/2017/262) 

 

 All rights reserved by www.ijsrd.com 1101 

DDenStream is a modified 

data stream clustering 

algorithm of DenStream. 

[10] 

“Self-Adaptive Anytime 

Stream 

Clustering”,Philipp 

Kranen, CorinnaBaldauf 

Propose a parameter free 

algorithm that automatically 

adapts to the speed of the data 

stream. 

 

It makes best use of the time 

available under the current 

constraints to provide a 

clustering of the objects seen 

up to that point. 

 

Our approach incorporates the 

age of the objects to reflect 

the greater importance of 

more recent data. 

1.ClusTree can maintain the 

same amount of micro 

clusters at stream speeds that 

are faster by orders of 

magnitude and that for equal 

stream speeds our granularity 

is exponential w.r.t. 

competing approaches 

 

1.Stream 

clustering 

 

2.Anytime 

algorithms 

 

3.Self-adaptive 

algorithms 

 

IV. SYSTEM ARCHITECTURE 

Cluster ensembles combine multiple clustering of a set of 

objects into a single consolidated clustering, often referred 

to as the consensus solution. Consensus clustering can be 

used to generate more robust and stable clustering results 

compared to a single clustering approach, perform 

distributed computing under privacy or sharing constraints, 

or reuse existing knowledge. This proposed system to 

address the cluster ensemble, organizing them in conceptual 

categories that bring out the common threads and lessons 

learnt while simultaneously highlighting unique features of 

individual approaches. Cluster ensembles algorithms to 

achieve comparable results. 

 
Fig. 1: System Architecture 

V. METHODOLOGY OVERVIEW 

A. Algorithm 1: Update DBSTREAM Clustering 

Require: Clustering data structures initially empty or 0  

MC - set of MCs 

mc𝝐MC has elements mc = ( c, 𝝎, t) - center, weight, last 

update time 

S - weighted adjacency list for shared density graph 

𝑺𝒊𝒋𝝐𝑺 has an additional field t - time of last update 

t -current time step 

Require: User-specified parameters 

R - clustering threshold 

𝝀 -fading factor 

𝒕𝒈𝒂𝒑 - cleanup interval 

𝝎𝒎𝒊𝒏 - minimum weight 

𝜶 - intersection factor 

1: function UPDATE(x) 

2:N ←findFixedRadiusNN (x, MC, r ) 

3:if | N |  < 𝟏 then    - 

create new MC 

4: add( c=x, t=t, 𝝎 =1) to MC 

5:else      - 

update existing MCs 

6: for each  i𝝐N do 

7:  𝒎𝒄𝒊[𝝎 ] ← 𝒎𝒄𝒊 [𝝎 ] 𝟐−𝝀(𝒕−𝒎𝒄𝒊[𝒕]) +1 

8:  𝒎𝒄𝒊 [𝒄] ← 𝒎𝒄𝒊 [c ] + h(x, 𝒎𝒄𝒊 [c ]) (x- 

𝒎𝒄𝒊 [c ]) 

9:  𝒎𝒄𝒊 [𝒕 ] ← t   - 

update shared density 

10:  for each j 𝝐N where j >I do 

11:   𝑺𝒊𝒋 ←  𝑺𝒊𝒋𝟐−𝝀(𝒕−𝑺𝒊𝒋[𝒕]) +1 

12:   𝑺𝒊𝒋 [t] ← t 

13:  end for 

14: end for    - prevent 

collapsing clusters 

15: for each (i, j)  𝝐NxN and j> i do 

16:  if dist(𝒎𝒄𝒊 [𝒄], 𝒎𝒄𝒋 [𝒄]) <r then 

17:   revert 𝒎𝒄𝒊 [𝒄], 𝒎𝒄𝒋 [𝒄]  to 

previous positions 

18:  end if 

19: end for 

20:end if 

21: t ← t+1 

22: end function 

B. Algorithm 2: Cleanup Process to Remove Inactive 

Micro- Clusters and Shared Density Entries from Memory. 

Require: 𝝀, 𝜶 , 𝒕𝒈𝒂𝒑  , t, MC and S from the clustering. 

1: functionCLEANUP( ) 

2:  𝝎𝒘𝒆𝒂𝒌  =  𝟐−𝝀𝒕𝒈𝒂𝒑 

3: for each mc  𝝐 MC do 

4:   if mc[𝝎] 𝟐−𝝀(𝒕−𝒎𝒄[𝒕])<𝝎𝒘𝒆𝒂𝒌then 

5:   remove weak mc from MC 

6:  end if 

7:  for each 𝑺𝒊𝒋𝝐 S do 
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8:   if  𝑺𝒊𝒋𝟐
−𝝀(𝒕−𝑺𝒊𝒋[𝒕])<𝜶𝝎𝒘𝒆𝒂𝒌then 

9:    remove weak shared 

density 𝑺𝒊𝒋from S 

10:   end if 

11:  end for 

12: end for 

13: end function 

VI. EXPERIMENTAL SET UP 

We create mixture of Gaussians data sets with three clusters 

in d-dimensional space, where d is ranging from 2 to 50. 

Since we are interested in the average number of edges of 

the shared density graph and noise would introduce many 

MCs without any edge, we add no noise to the data for the 

following experiment. We always use 10,000 data points for 

clustering, repeat the experiment for each value of d 10 

times and report the average. To make the results better 

comparable, we tune the clustering algorithm by choosing r 

to produce about 100-150 MCs. Therefore we expect the 

maximum for the average edges per MC in the shared 

density to be between 100 and 150 for high-dimensional 

data. Fig. 9 shows that the average number of edges in the 

shared density graph grows with the dimensionality of the 

data. However, it is interesting to note that the number is 

significantly less than expected given the worst case number 

obtained via Newton’s number or k0. After a dimensionality 

of 25 the increase in the number of edges starts to flatten out 

at a very low level. This can be explained by the fact 

thatonly the MCs representing a cluster in the data are 

packed together and the MCs on the surface of each cluster 

have significantly less neighbors (only towards the inside of 

the cluster). Therefore, clusters with larger surface area 

reduce the average number of edges in the shared density 

graph. 

 
Fig. 1: Average number of edges in the shared density graph 

 
Dimensionality d 

2 3 

5 7 

10 15 

25 18 

50 19 

Table 1: of Dimensionality d 

VII. CONCLUSION 

In this paper, density is recorded explicitly through the data 

stream clustering algorithm developed by us in the area 

shared by micro-clusters and this data is used for 

reclustering. The shared density graph is introduced together 

with the algorithms needed to maintain the graph in the 

online component of a data stream mining algorithm. 

Although, with data dimensionality, complexity analysis and 

experiments we showed that the shared density graph’s 

worst-case memory requirements grow extremely fast. This 

reveals that the procedure can be effectively applied to data 

sets of moderate dimensionality. Experiments also show that 

when the online data stream clustering component is set to 

produce a small number of large MCs, the shared-density 

reclustering performs extremely well. Compared to the 

results produced by shared density reclustering, other 

popular reclustering strategies can only slightly improve 

over those results and need significantly more MCs to 

achieve comparable results. Since it implies that we can tune 

the online component to produce less micro-clusters for 

shared-density reclustering, this is most important 

advantage. This improves performance and the saves 

memory for the shared density graph. 
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