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Abstract— In the recent past, telecommunication industry has
gone through tremendous growth. It has resulted in huge
production of data on daily basis for the telecom companies.
Now it is a challenge for the telecom operators to manage huge
amount of data and then use this data for decision and policy
making processes. The data generated in telecom industry is in
the form of data stream as it is continuously being generated. So
we need such a clustering algorithm which can perform well with
streams or continuous data. At the same time we also need to
detect outliers and erroneous data. Clusters are not necessarily
of globular shape as we don’t have prior knowledge of number
of clusters and their shape. To address all the above mentioned
problems we have used D-Stream clustering algorithm in our
implementation to get desired results. This paper, discusses the
algorithm and implementation of D-Stream algorithm along with
its
experimental
results
on
synthetically
generated
telecommunication data.
Keywords- Data Streams; Clustering Telecom data; evolving
clusters

I. INTRODUCTION
Due to the tremendous growth of telecom sector, a potential
for decision support systems has been generated. We need
to develop such kind of decision support systems which can
handle large amount of real time data. Data clustering is an
important technique of data mining and is used to find
hidden patterns in large amount of data. Traditional data
clustering techniques work well with static data but they are
not much efficient while working with data streams. We
define the stream as a sequence of records stamped and
ordered by time [1]. In data stream we don’t have large
chunks of data rather data is being continuously generated
with time. So we need an algorithm which can handle large
amount of continuous data along with its time stamp and
can perform real time analysis on it. It should also be able
to detect outliers and noisy data [1] [6]. It should perform
clustering of evolving data streams in a single scan of data.
The clustering and analysis of telecom data streams can be
used for many useful applications like customer profiling,
detecting customer churn rate, planning marketing

strategies, association group mining etc. [5] [11]. In all of
the above applications, data is in the form of data streams
and many studies are going on for handling such a large
amount of data in a single scan.
Density based clustering algorithm is thought to be efficient
in handling all of these potential problems of data stream
and it is one of the best choices for handling the telecom
data. D-Stream algorithm can detect outliers, can handle
large amount of data in a single scan and it can generate
clusters of arbitrary shapes [1]. It attaches a decay factor to
each incoming record and thus it gives more importance to
new records and removes the outdated records which are
not required in the present context. It is space efficient as it
keeps on removing the outdated sporadic grids. So we have
used this algorithm for our implementation for the data of
telecommunication sector.
II. PREVIOUS WORK
In the previous data clustering algorithms such as in singlephase model based clustering the data streams were
considered as the continuous big chunks of static data[9].
These algorithms use divide and conquer concept and their
basic ideas to generate the clusters were based on the Kmeans clustering in the finite space [1]. These algorithms
contain some serious limitations. One of the serious
limitations of this approach is that they put equal weights to
the recent and the outdated data which is actually not
suitable for the identification of changing characteristics in
the data streams which is the basic essence of the real-time
based data streams analysis. The concept of moving
window partially solves this problem.
One of the recent techniques used for the clustering of data
streams is proposed by Aggarwal et al. This approach is
usually termed as two phase clustering scheme. According
to this approach we have two main components which help
us to generate the final clusters [1] [9]. The working of the

online component includes the processing of the raw data
coming from the real-time data streams and the generation
of summary statistics from this data. Similarly the working
of the offline component includes the usage of this
generated summary data and the generation of clusters. The
basic essence of this approach is yet again is based on Kmeans clustering approach which has some limitations
when dealing with the real-time data streams.
One of the modifications of this two-phased scheme is
called as Clustream-clustering approach which is now being
recently used for many clustering based applications. The
basic concept of Clustream approach is based on the twophased clustering approach with an improved offline
component using the mechanism of incomplete-partitioning
strategy [8]. Extensive work has been done using this
approach including clustering multiple data streams,
parallel data streams and distributed data streams. A
number of limitations occur in this Clustream and other corelated approaches. The problem actually lies with the
usage of the K-means approach in their offline component.
K-means itself contains some serious drawbacks when
dealing with the real-time data streams. One of the
fundamental problems with K-means is its incapability to
generate clusters of arbitrary shapes because K-means
always tends to generate the clusters of spherical shape [1]
[7].However in some applications modified versions of kmeans have been used which are able to detect interwoven
and non convex clusters but yet they are not fully capable to
generate the clusters of any possible shape. Another
problem with K-means approach is that it requires multiple
scans of the data which is practically not possible in the
case of real-time data streams. K-means is also not able to
detect noise and outliers efficiently which actually
decreases the quality and accuracy of the clustering process.
III. DESCRIPTION OF DATA
We have used the data attributes taken from a telecom
company to generate data for our experiments. There were
23 attributes whose values were generated. These attributes
and their format are explained in Table 1 (Appendix-I): In
order to discritize the continuous attributes, we have made
ranges of those attributes which we have considered for
dicritization.
These
attributes
are
duration,
CallInitiatedDateTime,
CallConnectedDateTime,
CallDisconnectedDateTime, and AutoSwitchTime. The
ranges for duration and Datetime fields are provided in
Table 2 (Appendix-I).

IV. DESCRIPTION OF D-STREAM ALGORITHM
For the complete understanding and learning of the DStream Algorithm we are using the research paper “Density
Based Clustering Approach for Real-Time Stream Data” by
Yixin Chen and Li Tu [1]. We completely acknowledge the
work done in this paper and we are using the knowledge
from this paper about the D-Stream Algorithm. The DStream model consists of an online component and an
offline component.
In the online component of this algorithm, each record has
been read one by one from the incoming data stream. Here
the time stamp is the set of integers which are: 0, 1, 2, ……
,n…… . At each time stamp the online component reads
one data record and places this record in multidimensional
data into the corresponding density grid in the
multidimensional space and updates the characteristic
vector. Remember in our case data will be
multidimensional which will be in the form of real-time
data streams.
In the working of the offline component the offline
component will adjust the clusters at every gap time step,
where the value of gap time will be in integers. After the
first gap time, the algorithm will generate the initial
clusters. Algorithm will also periodically remove sporadic
grids and it will also regulate the clusters.
Figure 1 is providing you a very brief overview of the
overall “D-Stream approach” which says that in the “Online
component” grids will be generated and data records will be
mapped on these density grids In the offline component
grids densities along with the generation of “Dense”,
“Sparse”, and “Transitional” grids will take place which
will in the end will return clusters of arbitrary shape and
size.

Figure 1: Basic Functionality of D-Stream Algorithm

V. IMPLEMENTATION OF ALGORITHM
In this section we will be discussing about implementation
of the D-Stream algorithm. The complete algorithm of Dstream clustering is given [1]. In our implementation of this
algorithm, first of all we initialize a hash table. Key of this
hash table is generated by the concatenation of different
attribute values. Knowledge engineer chooses those
attributes from data stream which are needed to be
considered in clustering. We then generate a key for hash
table by concatenation of those selected attributes. We are
also maintaining a characteristic vector which consists of tg,
tm, D and label. tg, is the last time when a grid is updated, tc is
the last time when grid is removed and D is the density of
the grid at the last update and label is the label of the grid
which can be “dense” or “sparse”.For example in a specific
case, knowledge engineer chooses Country Code,
Conn_type, Duration, DisconnectCauseCode and CallType
for data clustering. So in this case the key for record 1 will
be 92, 306, 2486, 15, 4. The selection of attribute by the
knowledge engineer will be based on the requirement and
the need and the selection will be made after a thorough
analysis.
Record#1:
192306524022124861/1/20105:34:21AM1/1/20105:34:55
AM1/1/20105:35:00AM15107.75.194.199169.97.210.2821
49130194/30/20019:33:05AM101210
A. Initial Clustering
This key is then mapped on the hash table. So we read each
record one by one and map it accordingly. When one record
maps on the hash table, tc is incremented by 1. So tc is
incremented with each record. When tc reaches to the time
interval gap for first time, initial clustering function is
called. Next time whenever tc reaches the multiple of time
interval gap, adjust clustering is called.
When initial clustering is called, first densities of all grids
are updated as they are changed due to the effect of decay
factor. At the same time, their labels are also updated. To
start clustering, we label all dense grids in distinct clusters.
We store these clusters in a 2D list. We then traverse the
cluster’s grids, and for each grid when we traverse it, we
find its neighboring grids. Then for each grid g of cluster c,
we will traverse all of its neighboring grids. If a
neighboring grid g belongs to any other cluster, we then
take the length of cluster and then decide the label of that
grid. If the neighboring grid is a transitional grid, we label it
as “dense” or “transitional” other-wise it will be updated as

a “sparse grid”. After each time interval we are
continuously maintaining the characteristic vector which is
used to calculate the densities of the updated grids as well
assigning the label to the newly or previously updated
grids.
B. Adjust Clustering
Adjust clustering is called when tc is a multiple of time
interval gap. In this process we first update the densities of
all the grids. We then consider only those grids for further
analysis, whose status is changed since last time clustering
was called. We then check the grids and assign them new
clusters, break previous clusters and change the labels of
grids.
The dimensions we have used for the implementation
purpose are as follows: Country code, Conn_type,
Area_Code,
Duration,
CallInitiatedDateTime,
CallConnectedDateTime,
DisconnectCauseCode,
OriginationTrunkID,
CallType,
IncomingLine,
IncomingChannel, OutgoingLine, and OutgoingChannel.
For the purpose of implementation we have used Microsoft
Visual Studio dot net 2010 and we have used C# language
for the purpose of programming. We have also used
Microsoft SQL Server 2008 for the generation and the
maintenance of the database.
C. Experimentation and Results
For the experimentation purposes to check the efficiency of
D-Stream algorithm, we used a PC with Core duo 2.0 GHZ
with a RAM of 2GB running on Windows XP.
We have set the parameters (Cm, Cl, h and B) [1] to ensure
the complete efficiency of our algorithm. The parameters
are: Cm= 2, Cl=0.5 h=0.998 and B=0.3. First we have
generated a data of 80k with 12 dimensions and we set the
speed of data stream to be 1000 points per unit time, so the
data stream will end in 80 time units. We choose 10, 30, 50,
60 and 80 as the times at which we measure the cluster
quality and number of generated clusters. Cluster purity is
basically the average percentage of dominant class label in
each cluster. The average percentage of the dominant class
label is directly proportional to the purity of the cluster.
Usually more number of clusters provides higher cluster
purity. The results of this experiment are shown in Figure 2.
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Figure 2: D-Stream Cluster Purity

The results of the experiments showing the number of
clusters at time intervals 10, 30, 50, 60 and 80 are shown in
Figure 3.
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Figure 3: D-Stream Number of Clusters

For the time comparison we have used a data of 10k with
12 dimensions and noted the computational time which
comes out to be around 45 seconds. This result shows that
if we increase the dimensions of the data the computational
time will also increase. The results of this experiment
showing the increase in the computational time with the
increase in the number of dimensions are shown in Figure
4.
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Figure 4: D-Stream Time Performance

VI. CONCLUSION
The paper thoroughly discussed the implementation of “DStream Approach” for the real time data streams. We find
that the D-Stream clustering algorithm provides very good

results while working with streams. D-Stream algorithm
consists of an online and an offline component which
computes the density of each grid and generates clusters
based on D-Stream algorithm. We have also found that by
using density decaying factor we can efficiently detect and
remove outliers. Unlike previous clustering algorithms DStream algorithm can detect clusters of arbitrary shape and
it can also detect the outliers of arbitrary shape. Moreover
the experimentation results on the telecommunication data
validate the required results in terms of computation time,
accuracy and efficiency. This approach can be used for the
huge
amount
of
stream
data
generated
by
telecommunication companies and it can be used for the
applications like detecting network intrusion from the
streams, immediately detecting the unusual behavior of
customers (Fraud-detection), analyzing the usage of the
telecommunication network by the customers and providing
immediate, targeted and customers oriented packages and
schemes and detection of association groups of the
customers can also be found out. So in short we have a lot
of telecom based applications for “D-Stream Approach”
and we propose this scheme due its accuracy and efficiency
for the telecom sector streams data.
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Appendix-I
Seque
nce
Numb
er

Attribute Name

Data Format/
Range

Explanation

1

CallSequenceNo

0- 4,294,967,295

2
3
4
5
6

Country Code
Conn_type
Area Code
CalledNo
Duration

001-0092
0300-0346
021-0543
1000-9999
0-3600

7
8

yyyymmddhhmmss
yyyymmddhhmmss

10

CallInitiatedDateTime
CallConnectedDateTi
me
CallDisconnectedDate
Time
DisconnectCauseCode

It is the unique identification number which is assigned to every
new call. When it ranges a certain thresh hold, it again starts from
0.
It is the country code of dialed number.
It is the code for telecom company of the dialed number.
It is the city code of dialed number.
It is the unique identification of dialed number.
It is the duration of call. If call is not connected then this duration
is 0.
It is the time and date when the call was initiated.
It is the time at which call was connected to the dialed number and
communication started.
It the call end time.

11
12
13

LocalIPAddress
RemoteIPAddress
OriginationTrunkID

xxx.xxx.xxx.xxx.
xxx.xxx.xxx.xxx.
0-9

14
15

CallType
CallNumberType

1-4
1 or 9

16
17
18
19
20

IncomingLine
IncomingChannel
OutgoingLine
OutgoingChannel
AutoSwitchTime

1 or 2
0-31
1 or 2
0-31
yyyymmddhhmmss

21
22

AutoSwitchDuration
BadQualityIPEvents

01-99
1-9

23

AutoSwitchFlag

0-1

9

yyyymmddhhmmss
0-20

If call is not connected, it is the code for cause of disconnection.
This field will be 0 if call was connected.
This the IP address of local server.
This is IP address of remote side server.
This field tells the code for Origination Trunk which initiated the
call. This code is usually configured with an account code.
This is the code for type of call e.g. voice call, fax etc.
It is the code for called number numbering plan e.g. private or
public
This is the field which identifies the line of incoming call.
This is the field which identifies the channel of incoming call.
This is the field which identifies the line of outgoing call.
This is the field which identifies the channel of outgoing call.
This is the time when auto switch occurred.
These are the seconds taken in auto switching.
This is number of bad quality events if they occurred. This number
overall gives the quality of call.
This field identifies whether call was terminated to auto switch
agent.

TABLE 2: DATA DESCRIPTION

Duration Ranges

Datetime Ranges

<60
61-300
301-1800
1800-3600
3601-4000

12 AM to 7AM
7 AM to 12 PM
12 PM to 3PM
3PM to 7PM
7 PM to 12 PM

TABLE 2: RANGE DISTRIBUTION

