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Abstract 

With global mobile phone penetration nearing 100%, 

cellular Call Data Records (CDRs) have recently been used in 

studying different aspects of human mobility .CDRS provide a 

large-scale and ubiquitous, but also sparse and skewed 

snapshot of human mobility. While CDRs provide a means of 

sampling user locations at large population scales, they may 

not sample all locations proportionate to the visitation 

frequency of a user, owing to sparsity in time and space of 

voice-calls. In order to compute the correlations between the 

impacts of socio-economic parameters on the use of mobile 

phones at larger scales, the approximate residential location of 

the anonymized users is required. In this paper, we propose to 

use an attribute based hierarchical clustering algorithm to 

analyze the traffic density at a particular residential location 

by inputting date, time and location of anonymized cell phone 

users based on their calling behavior, assuming that we have a 

small set of users for whom their approximate residential 

location is known (the subscribers with a contract). 

Experimental results showing the significance of the proposed 

method is presented in this paper which shows that we can 

predict the density of traffic at a particular location with high 

precision. 

Keywords: Traffic density analysis, Call Detail Record 

(CDR), Hierarchical Clustering Algorithm. 

1. INTRODUCTION 

It is significant to analysis traffic density and human 

mobility in rural or urban areas which replicates the 

relationship between the social and economic status of the area 

[1]. Such analysis is made promising and effective nowadays 

by the use of Call Detail Records (CDR) collected by the 

telecom department which contains detailed information about 

a telecom transaction, such as call start time, end time, 

duration in seconds, call parties, cell ID, requested websites, 

type of data if calling or internet [2]. CDRs are generated 

while a call begins and ended according to the events occurs in 

the call (call end, call join, etc.), then it is collected by 

different network elements [3]. Such raw CDRs are formatted 

into a predefined standard which common and compatible to 

others telecom system modules using a mediation system [4]. 

Mediation system collects all billable as well as non-billable 

events for checking system performance and other log purpose 

[5]. 

Most of the telecom groups use CDR statistics for fraud 

detection by way of clustering the user profiles, lowering 

client churn by means of usage activity, and targeting the 

worthwhile customers via the usage of RFM evaluation [6]. 

Moreover, CDR might also assist to enhance many existed 

strategies and offerings in regions along with enterprise 

intelligence, advertising, transportations and networking and 

so forth. [7]. CDR gives greater insights approximately the 

consumer’s desires while used with purchaser demographics 

[8]. Survey of CDR records may be efficiently applied in a 

wide range of fields, which includes checking the system, 

adjustment of provided administrations (e.g., clients' billing, 

community arranging), comprehension of the financial degree 

of a selected territory, performing financial studies situated to 

promoting and to assemble social community, but the quantity 

of published studies in this difficulty continues to be poor, 

mainly due to problems concerning limited access to such 

records and privacy problems [9] [10].  

In this paper, we use CDR data with the goal of analyzing 

the traffic density at a specific location by introducing 

attribute based multi-dimensional  hierarchical clustering 
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algorithm. The proposed algorithm customs the advantages of 

known information in CDR such as date, time and location of 

mobile users obtained from Aircel Company. With this end 

objective, the contribution of this research work is formulated 

as follows: 

 To study the impact of CDR on traffic density 

analysis as a Big data. 

 To develop an attribute based hierarchical 

clustering algorithm that utilizes CDR data as 

input to analyze the traffic density. 

 To analyze the performance of the system with 

and without utilizing the proposed algorithm. 

The remainder of this paper is organized as follows: 

Section 2 presents an overview of some of the recent works 

related to CDR followed by the proposed algorithm in section 

3. The simulation results are presented in section 4 and finally 

concluded in section 5. 

2. RELATED WORKS 

Due to the pervasiveness of cell phones in emerging 

economies, big data with millions of interactions and cell-

phone usage traces are currently generated, anonymized and 

stored in real time called CDR. Telecommunication 

companies as well as internet companies with mobile services 

have increasing access to CDR data. These rich datasets 

facilitate a large variety of cell phone use analyses in the areas 

of behavioral analysis, human mobility, social networks, and 

SMS or web-based m-services at a national scale. 

Rainer Kujala et al. [16] addressed the trouble of analyzing 

human mobility using CDR facts changed into that the 

location of a cell phone user isn't recorded continuously 

however typically handiest whilst a call was initiated or a text 

message was despatched, and expand a method for estimating 

travel times between cities primarily based on CDRs that is 

predicated no longer on person trajectories of humans, but 

their collective statistical homes. Zhang et al. [17] added the 

essential components in big data analysis and computing 

techniques, consisting of data set statistics, records evaluation 

strategies, and two case studies 

 

2.1 Call Detail Record (CDR) 

CDRs are collected by telecommunication companies 

for billing purposes. Every time a phone call is made or 

received, a set of variables are saved including the 

anonymized cell phone numbers, date and time as well as 

information regarding the latitude and longitude of the cellular 

tower that handled the service [21]. Mobile communication 

network base station data mainly includes the base station 

area, location area, Mobile Switching Center (MSC) area, 

geographical position and network properties Etc. According 

to the research needs, the Cell ID, Location Area Code (LAC), 

latitude and longitude, base station type are selected as the 

basic characteristics of the base station. The necessary data for 

traffic density analysis is extracted and an example of CDR 

with some sample fields are shown in table 1. 

Table 1: Example of Call Detail Record 

FIELDS SAMPLE DATA 
Record type mocallrecord 

Served IMSI {number:40xxxxxxxxx0953} 

Served IMEI {number:35594xxxxxxx10F} 

Served MSISDN {npi:1;nai:1;ext:1;number:91xxxxxxxxx58} 

Calling Number {npi:1;nai:1;ext:1;number:91xxxxxxxxx58} 

Called Number {npi:1;nai:0;ext:1;number:121} 

Global Area ID 0x04 95 08 75 31 32 DA 

Call Duration 120seconds 

The CDR used in this paper contains only 66 records 

of Aircel customers which holds a memory space of 16GB. 

 

A. Duration Parameter  

The call duration and its descriptive data are crucial 

factors for any type of analysis involving traffic 

characterization. A call may be seen a couple of instances in 

the data set because of multiple samples of call records over 

the length of a call. For instance, selecting a 24-hour period 

sample for cluster analysis and having the information logged 

each 5 minutes will reason any call longer than five minutes to 

seem in several records [22]. 

B. Extracted Data Parameters 

  Every five minutes, CDR records are saved to a file 

device and the irregular periods of the network calls. This 

parameter is simply one of several wished for traffic 

characterization. The other parameters wanted for the 

statistical analysis are extracted without delay from the CDRs. 

The extracted parameters consist of some of the traffic 

parameters (PCR, SCR and MBS) the class of provider, and 

the total range of cells received and transmitted throughout the 

call [22]. 

C. Utilization Parameter 

 Understanding the utilizations of a set of calls can help 

determine the traffic depth or bandwidth utilization of a given 

hyperlink at a given time. This parameter is decided with the 

aid of dividing the whole variety of cells transferred in a call 

through the duration, or retaining time, of the call [22]. 

2.2 Hierarchical Clustering Algorithm 
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Hierarchical clustering is a widely-used data analysis 

tool. The idea is to build a binary tree of the data that 

successively merges similar groups of points. It only requires 

a measure of similarity between groups of data points. There 

are two types of clustering, Divisive and Agglomerative [23]. 

A. Divisive Hierarchical Clustering 

In this clustering, all the observations are assigned to 

a single cluster and then partition the cluster to two least 

similar clusters. Finally, proceed recursively on each cluster 

until there is one cluster for each observation. 

B. Agglomerative Hierarchical Clustering 

In this clustering, each observation is assigned to its 

own cluster. Then, the similarity (e.g., distance) between each 

of the clusters are computed and then group the two most 

similar clusters. Finally, proceed recursively on each cluster 

until there is one cluster for each observation.  Before 

any clustering is performed, it is required to determine the 

proximity matrix containing the distance between each point 

using a distance function. Then, the matrix is updated to 

display the distance between each cluster. The following three 

methods differ in how the distance between each cluster is 

measured. 

 

(i) Single Linkage 

In single linkage, hierarchical clustering, the distance 

between two clusters is defined as the shortest distance 

between two points in each cluster. The linkage distance 

between clusters r and s which is given by [23]: 

),(min),( sjri xxDsrL    (1) 

Where ),( sjri xxD is the distance between two 

objects rix and sjx located in cluster r and s respectively. 

(ii) Complete Linkage 

In complete linkage, hierarchical clustering, the 

distance between two clusters is defined as 

the longest distance between two points in each cluster. The 

linkage distance between clusters r and s which is given by 

[23]: 

),(max),( sjri xxDsrL    (2) 

Where ),( sjri xxD is the distance between two 

objects rix and sjx located in cluster r and s respectively. 

(iii) Average Linkage 

In average linkage, hierarchical clustering, the distance 

between two clusters is defined as the average distance 

between each point in one cluster to every point in the other 

cluster. The linkage distance between clusters r and s which is 

given by [23]: 
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Where ),( sjri xxD is the distance between two 

objects rix and sjx located in cluster r and s respectively and n 

is the number of clusters. 

3. PROPOSED METHODOLOGY FOR TRAFFIC 
DENSITY ANALYSIS 

This section deals in detail about traffic density analysis 

using CDR as a big data and the implementation strategy of 

the proposed methodology. The CDR datas generated by 

telecom industry is very large which may exclude a Terabyte 

memory even for one month. To handle such huge data, we 

propose to use an attribute base hierarchical clustering 

algorithm. We promise that the outcomes of this work help us 

to know, what are operation performed on CDR data, how 

CDR helps to telecom industry to perform various operation 

such as churn prediction, fraud detection, subscriber pricing 

and bundling scheme and to find out behavior of networks 

traffic.   

4.1 Preliminaries 

Let the input dataset }{},...,{ 21 iN ddddD 

where Ni ,...2,1 is formed by an array of N number of 

CDR datas.  

 

Here we assume N=66 and each id  contains a total 

of m attributes of n mobile users as a total of nm  matrix. 

We try to reduce the number of attributes based on the usage 

of attributes. Thus, reduces the complexity that arise while 

computing as well as the processing time which can be done 

in the data preparation (data pre-processing) stage.  

4.2 Data Preparation 

Call Detail Records (CDRs) are generated whenever 

a cell phone connected to the network makes or receives a 

phone call or uses a service. Such CDR datas in the real world 

is dirty and incomplete lacking attribute values, lacking certain 

attributes of interest or containing only aggregate data. It is 
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noisy contains errors or outliers and it is inconsistent. 

Improving the data quality by removing the noise and 

unwanted information from the data and then transforming the 

data into a proper format is the primary objective of data pre-

processing stage. It also includes some secondary objectives 

such as data cleaning, data integration and data discretization.  

In addition to the basic functions of data 

preprocessing, in this work we aim to reduce the m attributes 

into l attributes in CDR file by the process of selective mining 

.

 

 

The mining process reduces the CDR data with l  

attributes which are considered as the top most usable 

attributes available in the CDR file and the whole process is 

carried out in the JAVA platform. To mine the most important 

attributes based on the history, the evaluation measure is set 

as: 

DddJ i :    (4) 

The maximum usage of attributes are refined based on: 
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By selectively mining the attributes from the input 

CDR data, the volume of input data get compressed thus also 

reduces the computational complexity. The pre-processed 

CDR data ][ nmCDRP  can be represented as: 

nlnm CDRCDRP  ][     (6) 

For simple of study the overall algorithmic steps 

involved in data preparation process are explained below. 

 

 

 

Algorithm 1: Data preparation 

Input: CDR files with m attributes 

Output: Cleaned noise removed CDR files with l attributes 

Begin 

Input raw data in .dat or .cdr file format. 

 

Remove the missing important phone positioning 

data and can't be matching with the base station data.  

Remove the duplicate data from the same one phone.  

Data with different representations are put together 

and conflicts within the data are resolved. 

Remove frequent switching data of base station.  

Mine the attributes which are usable.  

Convert the time string into standard time, and to 

standard date/time.  

The Formatted data contain attributes such as 

location, call start date and time, call duration.   

 

End. 

 

4.3 Attribute based hierarchical Clustering for 

density calculation 

To calculate the density of the vehicle in a location 

we should first obtain the count of total cell phones traveled or 

appeared in that location on that day or time. The count is 

divided with the geolocation area of that location to find the 

density. For each user we have a location estimation 

measurement Dli  each time his device connects to the 

cellular network. Each location measurement Dli  is 

characterized by a position diP expressed in latitude diLA and 

longitude diLO and a time stamp diTS . The locations 

measurements of each user are then connected into a sequence 

according to their timestamp. The data frame used here is the 

same CDR of a specified date. Though in this work we aim to 

display the vehicle density between every 2 minutes’ gap and 

which is done by hierarchical clustering. 

In hierarchical clustering, clusters are either merged 

into larger clusters or splitted into small clusters. In the 

proposed work the similar data in each closest CDR are 

clustered and splitted into smaller cluster by scanning similar 

datas in the cluster. Initially all the available CDR datas are 

scanned and clustered based on the different locations in 

which a mobile user is situated. The resulted clusters are again 

splitted into number of clusters based on the date at which the 

mobile number/user used. Finally, the splitted clusters are 

again clustered based on the time at which the mobile number 

is used. This forms a hierarchy of clustering process which is 

shown in figure 2. 
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Figure 2: Process of Hierarchical Clustering 

 

 

 

Algorithm 2: Hierarchical Clustering 

Input: A set of CDRs }{},...,{ 21 iN ddddD   

Output: Mobile count at a given location. 

Begin 

Calculate the similarity function using Eqn. (8) 

For  i=1,2,…N 

}{ ii ds   

End for 

},...,{ 21 nSSSS   

1 nl  

While 1. sizeS do 

SinSSSSSS jiji ,)min( ,2min,1min   

remove 2min,1min SandS from S  

 

add 2min,1min SandS to S  

1 ll  

End while 

End  

The CDR data will be updated between a specific time 

interval so that we assumed that the clustering process will be 

done iteratively. This can yield the variation of traffic density 

at a given location possibly with a minimum of 2 minutes’ 

gap.  

4. IMPLEMENTATION RESULTS & 
ANALYSIS 

This section comprises the simulation results 

obtained by the proposed algorithm and 

performance analysis of the proposed algorithm. In 

addition to that here we presented the complete 

description of the dataset used to validate the 

proposed algorithm. 

5.1 Dataset Description 

Our initial CDR Dataset contains 5 months of cell phone 

calls collected from 100,000 subscribers of Airtel Telecom 

Company in a city from an emerging economy. We exclude 

users that do not meet an average of at least two calls per day 

to eliminate subscribers that use cell phones sporadically and 

minimize systematic uncertainties due to calling behaviors 

based on very few calls. All subscribers have a cell phone 

contract with the same carrier, and both their zip code 

residential location and age are known. 

5.2 Implementation Results 

We aim to analyze the traffic density of 5 different 

locations of Thiruvananthapuram between every 2 minutes. To 

International Journal of Applied Engineering Research ISSN 0973-4562 Volume 13, Number 3 (2018) Spl. 
© Research India Publications.  http://www.ripublication.com

17



check that we have taken the time period from 12.00 P.M to 

1.00 P.M of a day and figure 3 to 7 shows the traffic density 

variation in 5 different locations respectively.

 

 

Figure 3: Traffic density variation in location 1 

From figure 3 we can see the variation of traffic 

density in location 1 ranges from 0 to 50 during the time 

interval from 12.00 P.M to 1.00 P.M. Also it displays the 

variation for every 2 minutes and it is observed that a 

maximum of 50 users are located in location 1. 

 

Figure 4: Traffic density variation in location 2 

From figure 4 we can see the variation of 

traffic density in location 2 ranges from 20 to 50 during the 

time interval from 12.00 P.M to 1.00 P.M. Also it displays the 

variation for every 2 minutes and it is observed that a 

maximum of 50 users are located in location 2.

 

Figure 5: Traffic density variation in location 3 

From figure 5 we can see the variation of traffic 

density in location 3 ranges from 0 to 45 during the time 

interval from 12.00 P.M to 1.00 P.M. Also it displays the 

variation for every 2 minutes and it is observed that a 

maximum of 45 users are located in location 3. 

Figure 6: Traffic density variation in location 4 

From figure 6 we can see the variation of traffic 

density in location 4 ranges from 0 to 50 during the time 

interval from 12.00 P.M to 1.00 P.M. Also it displays the 

variation for every 2 minutes and it is observed that a 

maximum of 50 users are located in location 4. 

 

Figure 7: Traffic density variation in location 5 

From figure 7 we can see the variation of traffic 

density in location 5 ranges from 0 to 40 during the time 

interval from 12.00 P.M to 1.00 P.M. Also it displays the 

variation for every 2 minutes and it is observed that a 

maximum of 40 users are located in location 5. 

Also in this section we like to present the traffic 

density variation estimated for every 1 hour in 5 different 
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locations. Due to limitation in page we have presented the 

results obtained for one day (Selected one day from Monday 

to Saturday) and the time interval between 7.00 A.M to 12.00 

P.M. The results obtained shows significant variations in all 

the five locations which is shown in table 2.

 

Table 2: Average Traffic Density Variation in 5 Location for 1 Hour 

 
LOCATION 

AVERAGE TRAFFIC DENSITY FOR 1 HOUR  

7.00A.M-8.00 
A.M 

8.00A.M-
9.00A.M 

9.00A.M-
10.00A.M 

10.00A.M -
11.00A.M 

11.00A.M-
12.00P.M 

Location 1 2 76 59 50 12 

Location 2 40 79 76 63 27 

Location 3 1 31 33 26 13 

Location 4 0 48 33 47 24 

Location 5 33 79 20 31 10 

 

From table 2 it is observed that the traffic density in 

location 2 remains always maximum when compared to the 

traffic density in other locations. On the other hand it is also 

visible that the traffic density during the time interval at 7.00 

A.M to 8.00 A.M is very low and very high during the time 

interval at 8.00 A.M to 9.00 A.M.  

Table 3 shows average traffic density variation in 5 

different locations for 1 day. From the previous table 2 it is 

observed that the traffic density variation in week days are 

more similar so that in table 3 we compared the results of 

week days and weekends. 

 

 

Table 3: Average Traffic Density Variation in 5 

Location for 1 Day 

 
LOCATION 

AVERAGE TRAFFIC DENSITY FOR 1 
DAY 

Week days Week End 
Location 1 543 343 

Location 2 525 209 

Location 3 583 385 

Location 4 449 325 

Location 5 430 103 

In table 3 we have presented traffic density variation 

for 1 day. It is observed that the traffic density in all the five 

locations are higher at week days and slightly lower on 

weekends.  

 

Table 4: Average Traffic Density Variation in 5 Location for 1 Week 

 
LOCATION 

AVERAGE TRAFFIC DENSITY FOR 1 WEEK  
Total 

Sunday Monday Tuesday Wednesday Thursday Friday Saturday  
Location 1 378 400 387 322 339 289 311 2426 

Location 2 523 598 572 563 594 570 490 3910 

Location 3 486 520 580 567 573 543 488 3757 

Location 4 320 347 350 352 342 332 254 2297 

Location 5 416 437 512 498 421 454 390 3128 

From figure 7 we can see the variation of traffic 

density in location 5 ranges from 0 to 40 during the time 

interval from 12.00 P.M to 1.00 P.M. Also it displays the 

variation for every 2 minutes and it is observed that a 

maximum of 40 users are located in location 5 From figure 7 

we can see the variation of traffic density in location 5 ranges 

from 0 to 40 during the time interval from 12.00 P.M to 1.00 

P.M. Also it displays the variation for every 2 minutes and it is 

observed that a maximum of 40 users are located in location 5 

From figure 7 we can see the variation of traffic density in 

location 5 ranges from 0 to 40 during the time interval from 

12.00 P.M to 1.00 P.M. Also it displays the variation for every 

2 minutes and it is observed that a maximum of 40 users are 

located in location 5 

5.3 Performance Evaluation 

The performance of the proposed algorithm is evaluated 

using the metrics namely sensitivity, complexity and 

processing time as follows. 
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A. Sensitivity 

If the number of data in CDR increases, the number of 

clusters increases thus reduces the sensitivity of the proposed 

algorithm which is shown in figure 8. 

 

Figure 8: Sensitivity of the Proposed Algorithm 

From figure 8 it is visible that the average error 

occurs during both weekdays and weekends are increasing 

linearly when the data size increases. 

B. Complexity 

The complexity of the proposed algorithm is measured by 

the increase in number of clusters which is shown in figure 9. 

 

Figure 9: Complexity of the Proposed Algorithm 

 

From figure 9 it is visible that the average error 

occurs during both weekdays and weekends are increasing 

linearly when the data size increases. 

C. Processing Time 

As of main scanning the CDR data is necessary to 

evaluate the traffic density so that the overall processing time 

directly depends on the data size. 

 

Figure 10: Processing Time of the Proposed Algorithm 

Figure 10 shows the increase in processing time of the 

proposed algorithm with the increase in data size. 

From all the above figures and tables it is observed that 

the traffic density estimation by the proposed algorithm results 

high density during week days and an average density during 

weekends. The impact of increase in data size to the proposed 

algorithm is displayed by analyzing the performance in section 

5.3. Also it is observed that the accuracy of the proposed 

algorithm mainly depends on the data size. 

5. CONCLUSION 

This paper proposed a method to infer traffic density 

from CDR data by proposing a novel attribute based 

hierarchical clustering algorithm. For a given location, date 

and time the proposed algorithm determines the traffic 

density by calculating the mobile users in the location which 

can be done by scanning the CDR data and tracking the base 

station in which the mobile is located. Experiments of the 

method using a real mobility dataset are performed and also 

evaluated the performance to show the significance of the 

work. The method can be easily implemented and applied in 

real world for large populations, so could be adoptable and 

flexible than existing algorithms and can be used for 

estimating the traffic densities efficiently.  
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