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ABSTRACT: The increasing utilization of mobiles, encompassing 4G and 5G
technologies, generates a substantial accumulation of data within the cellular network.
Proper management of resources is vital to provide service without any interruption to
customers with cost effectiveness. In this regard, one of the major challenges is the
detection of the cellular traffic caused due to various mobile phone activities like in-out
calls, in-out Short Message Service (SMS), internet activity etc. In the proposed work,
mobile traffic clusters are detected using Within Cluster Sum of Squares optimization
method. Firstly, unprocessed Call Detail Record (CDR) is to be converted into a
structured format. Next, Within Cluster Sum of Squares (WCSS) optimization method
identifies both high-volume and low-volume traffic clusters in the mobile network.

Finally, the work is verified using arm method subsequent the formation of the clusters.

1. INTRODUCTION

The increased usage of mobile phones has created huge accumulation of data traffic in mobile network. The effective detection
and analysis of the data traffic is required for proper management of resource. The transaction details of all the mobile activities
are recorded as Call Detail Record (CDR) by the service providers. The events are in-out calls, SMS and internet transactions.
Every activity’s start and end lapses are mentioned in the CDR.

The key goal of mobile network is to provide uninterrupted phonic and internet activities with larger range and cost
effectiveness. The objective is not about detection of any radio source. However, it is possible to find active radio sources using
CDR [1]. To analyze the CDR precisely good amount of data from the network are required with geographical information [2].
The CDR records every mobile uset’s activity and analysis of the same helps to provide good service [3]. The challenging part
for network providers is to move and store the huge data in the designated centers [4]. Prior to any analysis the unstructured
data must be converted into machine understandable structured data [5]. This important step is called pre-processing which
includes quality analysis of 4Vs. They are volume, velocity, variety and value [6].

Before any analysis is done, the unstructured data is converted to structured data. Detection of mobile traffic and fault in
network, spam in SMS is crucial analysis to be conducted. It helps with improving the performance of the mobile network in
terms of many aspects like reliability and capacity. The end results of analysis help in reducing delays and errors in the mobile
network [7].

Machine learning tools would be a possible solution to analyze the big, structured CDR data with less human intervention.
Before applying, it is necessary to widely understand machine learning tools and suitable approaches. As per the intended result,
right tool can be selected. Hence, it is better to understand machine learning in detail and its suitability in the mobile network.

Machine learning approach can replace conventional methods by understanding the required features to develop an algorithm.
The machine learning tool must be selected suitably for the intended data analysis. The different types of learning are supervised,
unsupervised and reinforcement learning. If the input data points are mapped to output data points while training an algorithm,

then it is known as supervised learning. Naive Bayes, Random Forest, Logistic Regression and Support Vector Machine (SVM)
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are few examples. If an algorithm is trained by mapping unknown data points of input to output, then it is unsupervised learning.
Principal Component Analysis (PCA), Independent Component Analysis (ICA) and K-means clustering are familiar examples.

Reinforcement learning is a compromised learning which gives an option to retrain the algorithm for better analysis.

In the view of understanding and analysing, mobile network traffic it is suitable to incorporate unsupervised learning integrated
with the verification method. Within Cluster Sum of Squares (WCSS) is the metric that can be used by K-means clustering to
detect traffic clusters in the mobile network. This method detects both low-volume and high-volume traffic clusters and can
be verified with the graph of arm shape. The sections in the paper are arranged in following fashion. Related works in section
2, followed by formatting of the CDR in section 3. Identification of traffic clusters using WCSS optimal method is detailed in
section 4. Results and conclusion are detailed in sections 5 and 6 respectively.

2. RELATED WORKS

The structured data obtained after pre-processing includes details of calls and SMS with digital record of time and details of
each grid [9]. The removal of irrelevant features is very important in the structured data to avoid unnecessary overhead in CDR
analysis and make machine understandable [10]. The structured data can be obtained using sandbox Horton functions. Not
applicable fields are taken as zero, and the CDR activities are treated as one single activity with a record of 60 minutes. This
increases efficiency and handles memory overhead as mentioned in the work [11]. The preparedness of CDR data to be analyzed

also involves exclusion of unusualness, misleading datapoints or formats and disturbing samples as discussed in the paper [12].

The unsupervised methods for converting analog data points to digital points are implemented in cellular network. The
approach used to achieve the same is peak value scattering record of the data points [13]. To integrate seasonality in the detection
of the anomalies, a model called Seasonal Auto Regressive Integrated Moving Average (SARIMA) is proposed [14]. It is also
important to determine window size in the anomaly detection. This is based on experimental analysis using network data which
helps to build a convolutional model [15]. The CDR data gives essential information and the behaviour of mobile users.
Efficient analysis in terms of both space and time can be conducted. Thus, it is possible to detect cellular traffic and can be
grouped using suitable tools in machine learning which are experimented and mentioned in the paper [16]. Still there are many

real time constraints in the implementation of cellular traffic detection systems [17].

With the thorough study it is notable that meticulous research is been conducted in terms of human free network management.
It emphasizes on break free services including future generation. Initially it is important to convert the raw big CDR data into
structured form making it ready for intended analysis. The former works identifies only high-rate traffic clusters and low-rate
traffic clusters are not accounted. The identification and detection of low traffic data is also crucial for the management of
resources and network. In this regard, K-means clustering algorithm integrated with optimization method Within Cluster Sum
of Squares (WCSS) is proposed to detect both the types of traffic in the network which are accumulated due to various services

like calls in — out, SMS in — out and internet activity.
3. FORMATTING OF THE CDR

The mobile service providers account all the details of the customers in the form of Call Detail Record. It comprises of all the
users’ activities and events with the time stamp. The CDRs are usually very private and concealed raw data. However, for the
research purpose few CDRs are made available to analyse and solve the persistent and anticipated issues of mobile network
with present and future generations. In this work, the CDR used is from area of Italia, Milan, Trentino with grid areas 235-
meter squares of 1K and 6.575 K squares each [0]. It is a very huge data of about 300MB. In the initial stage of research, it is
better to implement sampling. The conversion of unstructured data to formatted data involves cleaning, integration and
transformation [18]. It is not necessary to trace all the steps, only required steps in suitable methods must be incorporated to

increase the performance metrics making the data suitable for the needed analysis [19].
4. IDENTIFICATION OF TRAFFIC CLUSTERS USING WCSS OPTIMAL METHOD

The basic intent of network management in the proposed research is to ensure uninterrupted service to the customers [20],
[21]. One among the tasks to achieve the same is the detection of mobile network with the investigation of formatted CDR.
There are many types of methodologies available, however machine learning in this problem gives an emerging practical solution
to the telecom network unlike ports and payloads methods [23]. This approach provides less/no human intervention with

better metrics of performance.
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Unsupervised method of K-means clustering detects the patterns of traffic in the network. Various methods are available for
grouping the similar data points. However, a suitable one must be chosen basis the purpose of the objective. K-means clustering
considers all data points with same preference. To minimize characteristic parameters, entropy approach is suggested as it
facilitates minimum computations [24]. The same can be conducted in a semi-supervised way if minimal sudden changes happen
in data points. This supports regularities in the clustering and reduces mathematical complexities which in turn saves time [25].
When there is ambiguity in the dataset points Within Cluster Sum of Squared optimization can be implemented. Itis a parameter
used in clustering to analyse compactness in the clusters. It helps to understand right number of clusters to be formed [26]. It

computes sum of squared errors value before clustering.

The proposed work uses WCSS method to analyse mobile traffic caused by the customers including both low-volume and high
-volume clusters. It is based on the dissemination of the data points in the CDR [27]. The metric chosen detects the optimal
number of clusters in the network without any external parameter features [28]. If WCSS is low, then data points are closer to
the centroid which helps in well integration of the clusters. As the number of clusters increases WCSS decreases which results
in smaller and specific clusters. Thus, WCSS in K-means clustering is very powerful and suitable method to identify number of
traffic clusters with correctness. Steps in the proposed algorithm is as follows:

1. The unformatted dataset CDR is converted into formatted structure.

2. The optimal number of traffic clusters is determined by WCSS.

3. The chosen optimal value is verified with subsequent formation of the clusters.
5. RESULTS AND DISCUSSION

The first step in detection of network traffic is to format the raw CDR dataset. It gives diffused and detailed events of the
customers. The structured format is machine understandable form. Figure 1 shows the distribution information of the total
SMS activities which conveys the number of SMS events recorded with activity score. It includes 100 events of both incoming
and outgoing SMS. Activity score gives the detailed information of every event with time stamp. Similarly, Figure 2 shows the
distribution information of the total calls’ activities, Figure 3 shows the distribution information of the internet activities and

Figure 4 shows the distribution information of the aggregated activities.
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Figure 1 Total SMS activity/day
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Figure 4 Aggregated activity/day

In addition to understanding of distribution of each activity, it is very important to find the number of traffic clusters in the
mobile network. Within Cluster Sum of Squares optimization method is used to find the number of expected clusters. The
method is verified by a plot of arm shape which represents the allowable inertia, if the number of clusters is assumed to be
exceedingly more from practical value, then inertia is distorted. So, it is ideal to stop the iteration of cluster number.

Previous works detect heightened events in terms of traffic. The originality of the proposal is to detect flattened events as well,
i.e., both high-volume and low-volume traffic events. The reasons for flattened or low-volume traffic could be like cell outages
or sleeping cells, but they must be accounted. Figures 5 to 8 show both high-volume and low-volume clusters of traffic. Figure
5 shows traffic clusters of total SMS activity. Larger clusters are formed at 39 area code comprising both the heightened and
flattened traffic data. Similatly, Figure 6-8 shows traffic clusters of total calls activity, internet activity and aggregated activity
respectively. Each activity has 4 traffic clusters including both high and low volumes. WCSS is calculated for every event and
is plotted against the number of clusters using the following equation.
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Figure 9 shows WCSS optimization method which verifies the clusters numbers. The shape of the graph like an arm prompts
the number of traffic clusters to be chosen.
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Figure 9 WCSS optimization method for clusters verification

The proposed WCSS optimization method is compared with the other methods as well, like, Hierarchical clustering with

Principal Component Analysis (PCA). Table 1 gives the details of the evaluation parameters used for traffic clusters analysis in

the mobile network in comparison with WCSS optimization method. It strongly clarifies that the proposed method is the best

possible way to meet the objective irrespective of any volume of traffic.

Table 1. Comparative analysis of WCSS with other combination of tools

parameter:

Evaluation

S

WCSS
method

optimization

Hierarchical
PCA

clustering  with

detection

Traffic volume

Detects high-volume and
low-volume traffic clusters

Detects  only  high-volume

traffic clusters

Individual

traffic analysis

Individual events detected.

No individual
detected but gives statistical

activities are

relation among the events

Cost

Complexity

&

Cost effective with less
complexity

Expensive with complexity

Natural Resources for Human Health (NRFHH)

https://nrfhh.com

1257



Natural Resources for
Human Health 9

elSSN: 2583-1194

The previous work of detecting network traffic clusters is executed using Hierarchical clustering with PCA. An analysis based
on various evaluation parameters is conducted to compare the former method along with the proposed optimization method.
Hierarchical clustering with PCA detects high-volume traffic without any individual event identification. The analysis is very
complex and not cost-effective. Whereas the WCSS optimization method detects both high-volume and low-volume traffic in
the network. Analysis is much suitable for larger CDR datasets and is budget friendly. The method is also verified with graph
of an arm shape obtained with the chosen number of clusters and inertia value.

6. CONCLUSION AND FUTURE WORK

The paper reveals about formatting the CDR dataset and detection of traffic in the network using WCSS optimization method.
The method is suitable for individual events like total SMS, total call, internet activity and for aggregated activity. It shows that
every event has 4 active clusters of traffic in the network which include both high and low-volume traffic. Along with the
detection of traffic clusters, it allows to verify the iteration value. This is so much important for the mobile network services to

ensure continuity of connection to the customers with minimal usage of resources.

Future work can be designed to understand the reason behind the cause of low-volume traffic in the network. It can also be

extended to classify the cause as either cell outages or sleeping cells or inactive users in the network.
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