Chapter One
Introduction
1.1 Background to the Study

Nations must remain committed to investing in their telecommunications systems in order to
keep up with the increasing demands of their customers i.e. they must meet the cgwing
demands of their customers through technological advancements, data traffic l@ﬁ, mobile
connectivity, global competiveness and the quality of life. However, thei éﬁﬂ networks
are unable to expand at the desired rate, leading to a decline in \@mptity and quality of
calls users are receiving. This phenomenon is referred to a&c’g}ﬂ drop" and is typically
caused by a call terminating due to technical difﬁcuft@efore the subscriber is able to
complete their conversation or upon one of th@minating the call. Traffic Channels
(TCHs) created and allocated by incoming-ai Qtyoing calls that have not yet been blocked
or terminated by a service provider are'@guently the subject of prior termination complaints
from users!. Telecommunicatig\sse;&% providers experience network outages on a regular
basis, which can have a ne 'VQ\impact on their reputation in addition to other problems such

as call drops or p @’Quality. As a result, mobile phone subscribers are increasingly

concerned abou%q,image and reputation of telecommunications service providers.

A cal c@ s an unexpected interruption of a user's conversation that results in the
connection abruptly breaking off. This can significantly affect the functioning of the service
and the user experience in urban and rural settings. The quality and quantity of a call can be
affected by the digital divide, as it can be difficult to transfer a call to a neighbour on-time.
The call drop procedure, in which calls are disconnected while subscribers are speaking,
could result in calls being dropped immediately. Call losses can be caused by a variety of

factors, such as signal reception, propagation, or user behaviour. As neighbouring and



immediate calls exist, it is necessary to transfer a call between two devices if the call fails.
This can result in a decrease in service quality and a degradation of the telecommunications
network. One of the primary causes of call losses is the QoS index, which is used to monitor
mobile network performance. Telecommunications service providers use various
optimization techniques to reduce call losses on a range of services, such as increasing
network usage and service coverage areas, increasing the likelihood of con.gested and
interference and attempting to use traffic balancing across multiple frequencies3é'ql\ drop is
a phenomenon that can be attributed to a variety of factors, such e nterference
between adjacent calls, inadequate radio reception, antenna pro‘?le n.g:twork performance
problems, wireless network overcapacity, excessive cell dema@\iauthorized repeaters and
transmission media. The frequency of dropped calls can’@%ﬁpending on the mobile device.
This can have a negative impact on subscribers,%%'%ﬂy when QoS is weak. In order to
achieve their objectives, telecom operators @ycus on reducing the rate of drop calls and
also consider the success rate. Telec erators should aim to reduce the number of
dropped calls rather than eli 'na@m due to cost, as this will help address customer
dissatisfaction®. As the foc isﬂon quality of calls, it is important for network providers to
find ways to reduc c@rate. To ensure reliable voice call service, it is essential for
operators to conﬁere services to provide high-quality calls®. Telecommunication service
providers ﬁ%ﬁ invest a significant amount of time, money, and effort to improve and
optit@eir operational services on a daily basis. Telecommunication service providers
must invest a considerable amount of time, resources, and expertise to optimize and enhance
their operational services daily. As a result of the vast amount of network traffic, security
issues must be addressed. Apart from the statistical techniques used to anticipate the calls in

mobile communications, the utilization of machine learning techniques may be one of the



potential methods to enhance the quality of calls, reduce congestion, and improve the
customer experience®.

Telecommunications companies have begun to invest in and evaluate machine learning
algorithms for both operational and commercial networks®. Machine learning technologies
are utilized to analyse and classify subscribers’ call detail records and to identify unusual
traffic patterns. Furthermore, machine learning techniques are necessary for the pfediction of
suspicious calls by subscribers and the detection of cluster issues by telecom c@}iies. By
collecting a variety of data sources, including subscriber-specific in ation, customer
profile data, caller behaviour data, democratic data Pnd*m{work data from
telecommunications sectors, it has been possible to gain insig@b a subscriber's decision-
making process when it comes to continuing to use th@ervices or switching to another
service provider’-8. This approach implies that the‘@'%entation of machine learning-based
applications by telecommunications netvii?%iders will have a direct impact on the

performance of their customer calls. hetmore, call drop poses a significant challenge to
mobile communication sewic@%ereases the demand on the network, resulting in a

decrease in operators' reve and an increase in network congestion’. When capacity

ue'\
augmentation is de@@%an lead to a serious network issue, as network congestion can
lead to call drop(?&{ian poor Quality of Service (QoS) due to the fact that it can occur from
any location: ™. To reduce network congestion, many researchers have employed call drop
met@%obile communication networks have become more efficient over time, resulting
in fewer subscribers having to share the network resources with a larger number of users'2.
Other factors that can contribute to network congestion include call dropout and unsuccessful
handover, as well as network failure, which occurs when the exchange of hardware system

resources is not sufficient to meet the needs of the network users!®. Predicting this network

congestion is essential for improving the network security and network speed'“.



This study outlines a range of machine learning algorithms used for data analysis. It is
anticipated that predictive analysis of cellular network congestions will be a key element in
the next generation of mobile networks. By anticipating user needs, the system can allocate
resources effectively. It is difficult to predict cellular network data flow accurately for
enhanced network management.

1.2 Statement of the Problem . (b
Lagos has the most Mobile infrastructure and services, such as cell sites, data Q%;i}es, etc.,
of any Nigerian metropolis and has the most mobile customers of .Ng@ian capital.
Numerous calls are dropped and the call setup success rate is fll§0\‘ 0Qr. Although the call
setup rate is generally low, there are moments when you wa@\allli 1617 Among these
services, cellular mobile service is where customers ’r@%'r)equently complain about the
quality of the provided services. Despite the co@% outstanding success in creating a

cutting-edge information and communica&;@%nology network architecture, users have
1

been criticizing the poor quality of mdhile™service. The accessibility of Mobile services in
Lagos is of paramount imp%@%articularly during the rainy season when traffic
congestion is prevalent. Lages %tate has a large population of mobile users, which may be
subject to the limite @% of errors permitted by mobile providers. If a successful call is
not possible due ?%:ongestion, then the call will be terminated. Mobile service is one of the
services clients ost frequently complain about'®.

A s@o evaluate the performance of multi-layered perception neural networks (MNNs)
was conducted!. The results of the study revealed that a MNN model with 15 layers of
hidden neurons, a training algorithm with the Adam optimizer, and an activation function
with Relu resulted in a mean absolute error (MAE) of 0.272. On the other hand, a model
consisting of 10 layers of discrete neurons with identical activation functions and training

algorithm yielded an average MAE (0.345). Machine learning model is aimed in enhancing



the call quality prediction of telecom service providers?°. To address the issue of call drop, a
neural network model was employed to improve call performance and efficacy. A machine
learning algorithm, the Random Forest Classifier, was used in the study, which was
conducted with Python software. The call parameters that were used in the study were Call
Data, Call Rating, Subscriber Count, and Call Drop Category. The primary objective of the
study was to create a model that could accurately predict call parameters in .the(gesent
moment and provide an average call rank when a call was completed. The studyé;a\lon was
limited to three months. The results of the study revealed a variety of p 0. indicators,
including 90% accuracy, 93% precision, 89% recall, 92% recall., 98}%3.@0& and 88% call
quality. The report recommends that telecommunications co&@es use machine learning
techniques to reduce call drops and repair them, thus 1@smg the quality of subscribers'
calls in the future and facilitating continuous dlﬁléo The report suggests that telecom
service providers should construct their n@@gnd enhance security to reduce call drops
within their network.

It is our understanding that no res@: has been conducted to improve call quality for call
drop minimization during h, %Ver based on some telecommunications network data using
Long Short Term TM), Convolutional Neural Network (CNN) and Ensemble

Models to mlmm e call drop and solve them in order to improve the quality of subscriber

calls for co@us communication in the future.
1.3 J@tion of the Study

The main technical challenges associated with the increase in network traffic relate to the use
of network assets, the use of resources, and the expenses associated with the installation of
equipment. This thesis is based on extensive research on how to optimise the performance
and efficiency of network resources while maintaining QoS. Network expansion is an

approach that can be implemented cost-effectively. Network operators typically increase



capacity when the subscriber base increases significantly. The thesis is used as a reference for
the development of a queueing call methodology and the utilization of machine learning

techniques to reduce call drop.
1.4 Aim and Objectives of the Study

The aim of this project is to improve call quality for call drop during handover in mobile

communications. The specific objectives of this study are to: .{\

1. preprocess the real and simulated datasets ‘%\

ii. develop an ensemble model (LSTM and CNN)

iil. evaluate the model’s performance using some stand@nchmarks

1.5 Research Questions @

1. What machine learning techniques are besb@ed for predicting network congestion and
queuing of call drop during handover i Qﬂé communications?

2. What accuracy can the neural net@ predict using the provided dataset?

'\
predicting network co@ for queuing of call drop during handover in mobile

COl’nleIllC&thIlS

1.6 Slgnlﬁ% the Study

ng queuing models for communication, subscribers frequently experience poor

3. Which attributes are m%}@}ul for identifying and classifying the model used for
i

quality of service in call drop; this can be annoying when users can't communicate well. Most
people find it difficult to think effectively while on the phone and when there is an echo. The
caller is even more irate because they invested their money, time, effort, and energy without
receiving anything in return. Voice messages that are not correctly heard, relayed, or

understood may irritate people. Given the requirement for call quality, it doesn't matter



whether there is poor communication. This study aims to decrease the likelihood of low calls
and raise service quality. A unified communication system that enables users to communicate
with one another, such as through phones, laptops or tablets can help to reduce
communication costs and improve signal clarity. This thesis aims to identify the optimal
metrics for queueing of call drops during handover within mobile communications by
predicting the network congestion. . (b

1.7 Scope of the Study Q}i\

The scope of this study will be Lagos State, Nigeria because it is the 1. i ommercial
capital and has the most mobile users of any Nigerian city. This Eh%{ w'ykl compile simulated
data over a month period. The study utilizes a dataset with a t@f 3000 data points across
30 cell towers and the period is between the 1% to 10@%{11% 2023 and with each cell
running for five (5) minutes. This research mad%&ensemble algorithms to reduce the

congestion of call drops in wireless networ:’. @erforming Long Short Term Memory and
e

Convolutional Neural Network model selected and their predictions were combined
using a weighted average en@%pproach. Performance evaluation of the model is

evaluated and compared agt%e result of the Ensemble model was compared with the

conventional LST @Y

1.8 Limitati @ Study

The proc® f obtaining datasets from all network providers in Nigeria proved to be
chal&g. The time and resources required to extract, pre-process, analyze, and evaluate
the datasets necessitated the simulation of the dataset. As a result, the analysis of the dataset
is limited to a period of one month, utilizing three classification algorithms. Despite the
impressive results of the system, the research revealed several limitations and areas for

improvement:



1. Long-Term Temporal Dependency: The LSTM model has demonstrated a difficulty
in accurately predicting long-term dependencies. To improve the accuracy of long-
term predictions, more advanced LSTM designs may be implemented, such as the

LSTM - Attention model.

2. Generalization to Out-of-Distribution Data: The capacity of the LSTM to
generalize out-of-discipline data must be improved in order to effectivel nage
¢

unknown events and network configurations. To address this issue rﬁéém such as

domain adaptation or transfer learning may be explored. ‘%\

[ ﬂ
3. Data Imbalance: The dataset had some class imbalan \ﬁb a higher number of
non-congested instances compared to congested i &ces. Employing techniques

such as oversampling, undersampling, or @SS weights during training could

help mitigate this imbalance. )ﬁ

4. Model Explainability: While& ployed visualization techniques for model
interpretability, further rese@cb'lnto advanced explainable Al methods could lead to

better insights into t@s' decision-making processes.

'}
5. Real-Time Q})@%ﬂtation: Deploying the prediction system in real-time network
monit; ri%wquires optimization for low-latency performance and considerations for

handling data streams.

Addresg g these limitations and exploring potential improvements could lead to even more
robust and accurate Prediction of Network Congestion for queuing of call drop in mobile
communication, empowering network operators to proactively manage network performance

and enhance user experiences.



1.9 Operational Definition of Terms

e Call Drop: A call drop is a phenomenon in which the signal from a mobile device is
lost, resulting in the inability to make or receive incoming calls.

¢ Queuing in Mobile Communication: Queuing theory is a mathematical approach to
the study of queues. The purpose of a queue model is to predict the length of queues
and the length of the waiting period.

e Mobile Communication: This is the utilization of technology that“enables us to
interact with others in remote locations without the need for a physical connection
(e.g. wires or cables).

e Network Congestion: Network congestion is a decrease in the quality of service due
to a node or connection sending more data than the network is able to cope with.
Common reasons for congestion include queued delays, packet losses, and blocked
new connections. When congestion occurs, an incremental increment in available load
will either result in a slight increase or decrease in network throughput.

e Quality of Service: This is more focused on traffic prioritization and resource
booking than service quality, which is the ability to provide different priorities to
different applications, users, or data flows, or to guarantee a certain level of
performance across a data flow.

e Mobile Stations: This is the term used to used to refer to a device that is connected to
a worldwide mobile network, typically a mobile telephone or a mobile computer via a
mobile broadband adapter.

e Base Stations: It is defined as the primary mode of communication for one or more

mobile client devices that utilise this type of fixed transceiver.



e Machine Learning Algorithms: These are the methods that Artificial Intelligence
systems use to accomplish its objective, which typically involves anticipating the

outcomes from the input data.
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Chapter Two
Literature Review

2.1 Introduction

Wireless communication has a wide range of applications that significantly enhance
consumer welfare, thus its importance and value cannot be overstated. This is due to the
features, amenities, adaptability, and mobility it provides. The mathematical 'cl& is of
queuing in mobile communications is known as queuing. By constructing a f queuing,
it is possible to forecast the number of queued lines and the length of th‘e% times. Queuing
systems are responsible for the efficient allocation of resources %\'}elecommunicaﬁons
networks and remain a highly sought-after subject of Q}&;%ch. Different modulation
algorithms are already being used, which makes th L@iant on the base station's signal
strength. Queueing, also known as queues, is 2§re“ nt occurrence in our lives. The main

characteristic of a queuing is a group of th&

queueing according to a set of rules @nduct before certain services are rendered one by

dividuals (people or objects) queuing or

one or for each individual in the\quel€!. Queuing is a common occurrence wherever there is a

high level of competitior;@ﬁ’nited resources. To effectively manage incoming calls and
manage call transfers Qe fficiently in the context of the increasing demand for wireless
communicati @‘Works, a promise of service (QoS) must be implemented?. As the demand
for wirelgss,communications systems continues to grow, the promise of QoS must be met in a
satis&ry way in order to effectively manage incoming new calls as well as handover calls.
Handover calls are a critical factor in wireless and cellular communications systems due to
the mobile nature of devices, and thus have a direct impact on service quality®. This is the

mechanism by which an ongoing call is transferred from one mobile device to another as the

user progresses through the cellular system's coverage area. As cellular systems are limited in
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capacity, it is essential to utilize handover calls in the most effective manner. Different CAC

models have been analyzed in the past to identify performance issues* > 6.
2.2 Retrial Queues

The retrial queue has been the subject of research for a variety of computer and
communications networks, including wireless cellular networks. This particular kind of
queueing mechanism is responsible for retry, which is the practice of retryin:&&ming
requests that are found to be "full" or "occupied" in a cell after a set perio '0&%%,) in either a
random order or in a first in-first out (FIFO) order” ® % 1011 Retrial quéue models can be
applied to a variety of real-world scenarios, such as retail shop;%&;‘ l?ere a customer who
encounters a lengthy queue may opt to do something else&&er to return to the store later
with the expectation that the queue will have disg@&l\reality, the notion that customers
who abandon the system due to a lack ,o&s%nnel resources are lost is only a first
approximation of the reality. Usually uc@ustomer returns to the system after a random
time interval and tries to get seré) 713, Retrial queues have been shown to improve
customer satisfaction and netwmuality”’ 15,16, 17 Requests are either denied or suspended,
thus consuming networ@@ :es. As a result, requests cannot be met. The retrial queue is
designed to reduc@\igh) wastage by allowing requests that are at risk of being denied access
to the reso«%%am to retry the request without exiting the network. The retries could be
perfi r an indefinite period of time or randomly. The study has only considered the
initial retries. Subsequent retries may result in the withdrawal of the request if it is not

serviced, as more retries will, if allowed, lead to an increase in network congestion, as the

same limited network resources are reused to process new requests's.
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2.2.1 Standard Retrial Queue Models

Requests are rejected or blocked, resulting in a waste of valuable network resources.
Consequently, these standards cannot be met!® 20, A retrial queue allows requests that are at
risk of being denied access back into the resource stream without leaving the network to
reduce such waste. Retrials may occur on a regular basis or for an indefinite period of time.
The study only looked at the first round of retries, following which the requeKt(Bﬁy be
withdrawn if it is not fulfilled. If retries are permitted, network congestion wilkincrease as,
after the initial retry, new requests are processed using the same limited‘m%(ceszh 2,

The Retrial queue model has been used in a range of researclﬁ\&‘lakfi’igms, as well as an
alternative priority method for the handover call (i.e. an a@ﬁo al queue). The Handover
Retrial Method and a Guard Channel Design were @Jssedﬂ. Recursive Analysis was
employed to assess the intricate cell structure of g‘[em. The Analytical Model developed
using the Recursive Method was used to %N\e ystem performance metrics. Two models
addresses the Call Retry Problem ilzbdblobile Communication System?’. The first model
focuses on Base Stations with aﬁ{n%d client base and Retrievers. The second model focuses
on the application of the channel concept to the prioritization of handover requests, the
implementation of @u sive methods and the application of the Markov chain to the
calculation o tl@\ite probability?* 2°. The impact of client retries was then considered while
evaluatin@he network's QoS. To evaluate the network's QoS in relation to client retries, a
novel roach was developed in the form of known as Modelling, Specification and
Evaluation Language (MOSEL). MOSEL was used to study the cellular network's
functionality and to roughly address the issue of retry queues?. Models were developed and
system performance indicators were calculated using MOSEL. In addition, a rough
methodology was used to assess the performance of an asynchronous retrial queue (M/M/2)

in which both servers experienced both active and inactive failures. Algorithmic and
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approximate approaches have been demonstrated to be effective in resolving complex
analytical problems?’.

The desired QoS measurements for an isolated cell subjected to multivariate CAC within a
mobile wireless network, a primitive approach and a cutoff approach have been employed?®.
A mathematical approach for constructing simple approximative Continuous-Time Markov
chain (CMTC) models, with state spaces that expand linearly with the concurrent call count
within a cell, has been proposed?®. This method has been employed to st}ate the
probability of a call being blocked by considering customer retrials t . result of a
blocked new call or a failed handover. However, retrial queue a:nal@.'\s a challenging and
often inflexible process, and the computational strategy prroximation analytical
technique are both used in the literature®® 3! 32, Neithet @{oach has been found to provide
the required level of precision and numerical cons for such systems.

2.2.2 Integrated Computational and Ana %ﬂpproach

This method was developed to fac1h%' creation and analysis of real world systems,
while also minimizing system a al@ omplexity. The analytical methodology was based on
a 2D Markov process and a %a%e Merging technique, while the computational methodology
was based on the ulink block-orientated simulation environment. The 2D CTMC
is an effective d efficient tool for the description and study of a random process
characteriz‘e% state transitions. For retrial queueing schemes, it is challenging to derive
stea@te probabilities due to the transition between or within layers of the 2D CTMC. To
accurately describe the system, model complexity must be examined. Establishing the best
design criteria is critical in order to enhance network service standards and minimize system
complexity. The following performance metrics are required to be considered: Blocking
Probability with Retrial (PBR), Blocking Probability without Retrial (PBT), Handover Call

Drop Probability (PH), Retrial Queue Length (K), Retrial Rate (o), etc.
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Figure 2.1 A Comprehensive Model of the Retrial Queue for Wireless Cellular Networks??

2.3 Handover Calls

The growth of cellular communication has stimulated a surge in cellular system research and
development. The primary driver of this growth is the concept of a mobile terminal, and the
notion that mobile communication systems"“efable maximum freedom of movement through

the use of mobile phones.

Handover is a method of switchihg/a mobile station's network connection access point (MS)
without erasing data or igferrupting existing connections. To ensure a successful handover,
two base stations must be reached simultaneously, both from the handover destination and the
current bage station, however, this is not always necessary. The transmission of a call
between & mobile device in one cellular area and a mobile device in another is referred to as
handovér. Handover is a critical component of a cellular mobile network, as it guarantees that
a call will continue to be received. Efficient handover approaches are required because radio
resources are used for handovers and changeover processes have an effect on system
interference, user satisfaction, and capacity. As the system’s handover rate increases, there’s
an increased chance of a call being dropped because there’s no free channel. In a non-priority
scheme®, a new stalling call and a handover failure are the same thing. To increase the
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likelihood of new call blocking and reduce the likelihood of handover dropping handover
priority techniques, reduce the total permitted traffic. The principle behind the above
handover priority techniques is to reserve a small number of channels called guard channels

for handovers?’.
There are two reasons for performing a handover:

e Handover as a Result of Measurement: happens when a specific B&aﬁon
controller (BSC)-specified metric is not fulfilled for the radio % quality or
intensity. The continuous signal measurements made by both c:)?ction and handed
off to a cell with a stronger signal allow for the detectioné@gnal deterioration.

e Handover Due to Traffic Reasons: occurs when a&gﬂs bandwidth has reached or is
about to reach its maximum. The mobllﬂﬁs on the cell's boundaries can be
subsequently transferred to cells nearby@ reduced traffic loads in this case.

e Except for traffic-related hand VeQJne BSC that currently provides service to the
subscriber makes the decm@% make a handover call. In the latter case, the Mobile
Station Controller ( akes the decision. However, from a user’s perspective,
dropping an &all is not as desirable as blocking a new call attempted.

Fractiona gé)channels (FGC) scheme which allocates a non-inclusive number of

aﬂ%&lels to handover calls by receiving new calls with a certain probability that

@ds on current channel occupancy?®.

However, from the point of view of the user, dropping an on-going call is not as desirable as
blocking a call attempt. FGC, on the other hand, allows a non-consistent number of guard
channels to be used for handover calls, accepting new calls with a probability that depends on

current channel occupancy™’.
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Cellular systems distribute smaller cells to meet the demands of higher system capacity due
to the limited spectrum available. Each handover requires the network management to
redirect the call to a new base station, thus increasing the number of expected handovers.
Mobile devices remain within the range of a single base station (BS) throughout
communication. The received signal strength (RSS) of Mobile stations is determined by the
distance between the Mobile station and the base station. When the received sigr.lal strength
drops below a threshold, the handover process commences. The decision to han%sfg\s based
on the received signal strengths of current and neighbouring base .'\§. he Mobile
Station (MS) that is relaying signals from a Base Station to.a i egent Base Station is
illustrated in Figure 2.2. The signal is expected to be averaged @ﬁme, thus eliminating any
rapid fluctuations caused by the multipath of the rad’i@wronment. The average signal
strength of the Mobile Station decreases as it mOyes \away from the Base Station, and the

average signal strength increases as it ap o@}the Base Station. The Mobile Station is
able to measure the signal strengths'%f'ié surrounding Base Stations, as well as the
interference levels of all channels. l@avers can be initiated when the signal strength of one
or more serving base statiogisﬁbelow a certain threshold. If the received signal strength of
the current base stati r@s not exceed the receiver threshold level before the mobile is
assigned a chann‘ékto the target cell, the call is dropped. As the frequency of handovers

increases, th p probability also increases. Various handover methods have been proposed

and @%n various cellular networks*% 4!,
2.3.1 Handover Calls: Types

In cellular network systems, there are two distinct types of handovers:

a. Hard handover

b. Soft handover
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2.3.1.1 Hard Handover

The implementation of hard handover involves the release of a communication channel first
and the subsequent acquisition of a new channel from the adjacent cell for real-time users.
This results in a brief interruption of communication, resulting in a decrease in service quality.
This is the method employed by systems that utilize TDMA (Time Division Multiple Access)

and FDMA (Frequency Division Multiple Access) including GSM and GPRS.  * ®
These are some of the main causes for establishing various types of @hey are as

follows:
. ‘6'»

¢ Intra- Cell Base Transceiver Station: In the context uency change, transfer of
a transceiver station is commonly referred to @n‘[ra-cell transfer or intra-base
transfer. Although the two terms are ofte@ interchangeably, they differ slightly.
The concept of intra-cell transfer di .e;%ﬁ%n intra-base transfer in that the frequency
of a call is shifted when the qu@ of the communication link is decreasing and the
measurement of adj ace%@)’s more precise than that of the current cell.

e Intra — BS Controller:«Intra-Base Station Controller Handover (IBC) refers to the
transmissior@%%sc to the Base Transceiver Station (BTS) but not to the Base
Statio %ﬁnputer (BSC). The MSC is informed of the intra-Base Station (BSC)
tum‘(%but the transfer is solely controlled by the BSC. If the target cell is in a

@ferem region, the MSC must carry out the location update procedure after the call.
Interim handover is possible either asynchronously or asynchronously.

e Intra- Mobile Switching Station Handover: When the BSC determines that an
intra-MSC handover is necessary, but the cell is in the custody of another BSC, it
requires the action of the MSC associated with it. The cell in then is assigned to

different BSCs that are connected by the same MSC. During the intra-MSSC
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handover, the MSC contacts the BSC in question to request the allocation of resources
and informs the BSC when the process is completed. Upon successful resource
allocation, the call is relocated to the new BSC, prompting the MSC to connect to the
new channel.

Inter- Mobile Switching Center Handover calls: The inter-MSC handover occurs
when two cells from different MSCs exist simultaneously in the system._ Tpﬁttarget

cell is connected to an MSC other than the one currently transmitting the@‘}mSC.

2.4 Handover Performance Evaluations ‘%

. "
The following elements are used as numerical representations of@over performance. :

Number of Handovers: This number quanti.f ?&he number of handovers that
occurred during the mobile terminal's tr@n between a series of parallel Base
Stations. .‘\&%

Ping-Pong Handovers: The P%’- ong handovers consist of multiple overlapping
Base Station coverage%@) which consume radio and network signaling power
without being requir N

Number of@@%r Attempts: This is the maximum number of times a mobile
device a ew base station have tried to make contact before a stable connection is

established.

ocking Probability (Pb): The cause of the refusal is the lack of available channels.

Consequently, the refusal of the request leads to the blocking and its likelihood,
known as blocking probability.
Handover Probability (Ph): A successful handover refers to a mobile's connection

being successfully transferred from one base station to another base station. The term
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"handover probability" is used to refer to the likelihood that a mobile's connection
will be successfully transferred from a base station to a different base station.

* Dropping Probability (Pd): If no successful handover can be accomplished in the
route, the network will be forced to terminate the call. The term “dropping

probability” is used to denote the probability that the call will be terminated.

In order to evaluate network performance, it is necessary to take into account‘ﬂ@verall
sequence of daily activities, as well as to evaluate congestion conditjo rforrnance
metrics include traffic, call setup success rate, handover succ%% stand-alone
dedicated control channel blocking rate, and transport channe'l 1& rate. The traffic is
chosen in such a way that it can be used to quantify th %ase in service and channel
demand. It is an estimate of the resulting co L@@all setup and handover success
rates are selected to gain insight into the i of congestion on subscribers' service
levels during the two most critical call atte %peratlons Due to the fact that the relevant
channels are the most affected 1®0ngested environment, the Standalone Dedicated
Control Channel (SDCC) a ffic Channel (TCH). Blocking Rates are selected in
order to identify wher: cfly congestion occurs from the perspective of logical channel.
These two chan@ls@ the primary resources that the system relies on to satisfy the user's
requirem e likelihood of traffic blocking is a key parameter used to assess
hand@r rformance. If the user is forced to terminate a handover call, it is preferable to

p t a new call. There are three different channel assignment schemes to consider

when assessing this parameter: no priority, with priority and with buffer.
The analysis of a network comprises two distinct types of traffic:

e Cell Traffic

e Handover traffic




Fig 2.2 Channel Assignment Scheme?*?

The probability of traffic being blocked was examined in the context of Ma hain
analysis. Each state in Markov chain is represented by the number of chanqgi)ccupied‘”’
4 All traffic is assumed to follow the Poisson arrival with an average velocity of AC /
AH.They exhibit an exponential time-to-service ratio with ah &%g.% rate of 1/p. In the

case of a priority-less channel assignment scheme, @eady-state probabilities are

P(j)= “CJ*:J”)‘ p(0), f@c 4 2.1
_ C+ A\ 1].146

P(0)= 1 {gj@“ )-,-!] 22

where Ac , Au is the “Iintensity of cell and handover traffic, p is the traffic service

calculated as in*> 4.

intensity. Then @k ng probabilities of the cell and the handover traffic are given by:

‘§Q Pb. = Pby = P(c) % 2.3

In t@se when priority scheme of the channel assignment is used, the steady- state

probabilities are calculated by:

()\C+ )\H)J

P(j)= .p(0), If 0< j < Ccu*

(AC+ AH)“. AHj - cc
i

. p(0)4 2.4
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where

_ (AC+ AH)I (AC+ AH)“.AHj-cc 1.
p(0)= [ =0( i ) oo n i ] e 23
The expression for the calculation of the blocking probability of the cell traffic is
Pb.= _ ()% 2.6

The blocking probability of handover traffic can calculate using equation: Q’&\

Pby = P (c) = &< AH;L?H] — P (0)4 % . 2.7

.\

N
When the buffer scheme of channel assignment is used, th @y — state probabilities are
-
S
—~ o
>
] c46

found as follows:

AC\ ;1 .
()P, 1‘fb~< <
P(j) = W.P(O) C.<j<C, 28
__ Q |
AC)". Hj—Q
—\j%.pm)
@CH(C-M i)
Q i=1
where
_ AC\ ;1 (AC)". AHj—cc c+Q (AC)". AHj-cc
pO=[1+ (V)iz+ _ Bty 2 LOHE 2.9

The expression of the blocking probability of cell traffic calculation is:
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Pbe= = ()% 2.10

The blocking probability of handover traffic can be calculated using following equation:
Pou= * () .P(T>Tp)* 2.11

The results of the calculation demonstrate that, for handover, channel assignment schemes
with buffers are preferable. Conversely, for cell traffic, channel assignment wit @ers is
preferable when the handover traffic concentration is low. On the other hand,@ handover
concentrations are high, it is probable that the cell traffic congestion will be lower for non-
priority channel assignment schemes as compared to buffer chanh@g}ment schemes. The
3GPP examined a range of technologies with the aim of; ex@ﬁg cellular network capacity,
including MM-Wave Communication (MM-Wa%Qg\Nets (Heterogeneous Networks),
Multiple inputs, Multiple outputs (MIMOs), 4G§1mnced (4G Advanced and Beyond), and
more. The emergence of heterogeneous @Nﬁks, composed of multiple small cells with
varying capacities, has been widely @é%ted as a key technology to provide services to a
wide range of users, alongsidewtechnologies. Examples of such heterogeneous networks
include RHA (Remote R %@ad) and PICO eNB. Low power micro cells offer enhanced
user coverage whil@easing the load on macro cells. Adoption of heterogeneous networks
could, howpv% to further disruption of mobility. Two alternative approaches to address
this is e@e

network” nodes (eNBs) communicate with each other and process signals together.

oordinated Multipoint and Dual Connection. In these clusters, the electronic

Furthermore, a number of Unified Environments (UEs) can process their signals
independently or in combination, while simultaneously receiving them from one or multiple
transmission points. To minimize signaling overheads and feedback delays, we provide a
dynamic coordinator-based CoMP control architecture. Additionally, they investigate CoMP

techniques, implementation architectures, and the advantages and disadvantages of each. As
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mentioned earlier, Dual connection allows Unified Environments to establish simultancous
control and data plane connections with two or more electronic network nodes.

The performance of a non-prioritised and reserved channel allocation strategy in a WiMAX
network. The results of the study measured the failure rate for handover, forced terminal,
incomplete, and blocked calls was conducted*’. To improve radio spectrum utilisation, the
network was equipped with cognitive radio technologies. Based on the simulation.regublts, the
performance attributes of CRBCS (Cognitive Radio Based Channel Scheme) %@hstrated
some average values. The guard channels served as a buffer, with in .'Qﬁd outbound
handover calls being queued and a guard channel being addec.i to e.guard channel pool
when new calls became available. Additionally, a control adm&@call was used to allocate
adaptive bandwidth for the wireless mobile systerﬁ@%v)ork. The proposed strategy

significantly reduced the number of handovers a@%ediate call times compared to the

no-prioritized bandwidth-adaptive appro h\@ge also blocking more new calls than
rejecting them. 'Q'Q

2.4.1 Soft — Handover Q:b‘

Soft handover refers to the ;§e'§s of creating multiple connections with neighboring cells, as
opposed to the har @er method. This is a common practice in the multiple access
system of the CD)%Q)Ode Division, where cells have the same frequency band, but different
code words%nployed. Every Member State has an active set of cells, which are added BS
whe@mote signature service provider surpasses a threshold, and removed BS when the
threshold drops below a predetermined threshold for a specified period. The active set of cells
is subject to soft handover regardless of whether or not a BS is present. Examples of soft

handover schemes are:

= Handover of Macro Diversity (MDHO)

= Fast Base Station Switching (FBSS)
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2.4.1.1 Handover of Macro Diversity (MDHO)

A set of BSs taking part in the handover process is contained in the diversity set. The MS and
BS are responsible for maintaining the diversity set, and MAC (Medium Access Control)

management messages are used to update it.

Each mobile station in the network is associated with a diversity set. The MS chooses one of
the Anchor Base Stations (AB Stations) as one of the base Stations included im@/lacro

Diversity Handover packages. The MS has an interaction with the diver "t%rovided by

.6*\

2.4.1.2 Fast Base Station Switching (FBSS) &%’\
4@

the AB Station, the active base Stations and user traffic.

A diversity set is maintained to guarantee a smoot ra@ion between mobile stations using
this method. Neighboring BSSs that may be in¢lu in this diversity set are kept at the
forefront of the serving BSS as well as th@§§o initiate the switchover, the MS selects one
base station from the diversity set(@tt as the anchor. The MS receives information
regarding the BSSs current posfﬁ%lﬁnd forwards this to the BSS Controller, who is then able
to make a handover decisiof=For each necessary handover, the BSS Controller notifies the

MS through hando@graﬁon transmissions, depending on the implementation. There are

two main t@étwork congestion:
o :E%Call Congestion.
o orizontal Handover Congestion

Congestion management strategies have been compared and analyzed to determine which
ones may be applicable to the current situation. Horizontal handover congestion, for example,
is mainly caused by handover communications, while new call congestion, on the other hand,
is primarily caused by incoming calls. The following congestion management schemes have

been taken into consideration: Call Admission Control, Auxiliary Station, Guard Channel,
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Handover Queuing Priorities Schemes, and Priority Schemes. The following systems have
taken steps to mitigate the risk of congestion-induced handover failure rate when they were
identified®!. The terms "call admission control," "guard channel prioritization," and
"handover queue prioritization" were used to describe the three schemes. Additionally, they
referred to a methodology known as the Load-Balancing and Cell-Overlapping scheme,
which could be used to achieve efficient handovers in areas of congestion. The.preventive
and reactive control techniques were employed to manage congested areasSZ@nd that
reactive control could be used to manage congestion while using feed . ﬁgﬂu reduce its
severity. They further noted that network monitoring tools could. be ed,\to provide raw data
as well as graphical representation of network status, allowi@' the tracking of what is
happening and the identification of areas where adjusth]@ are necessary. The tools could
also help to address important issues such Q%ate estimation and performance
parameters>. N ‘ﬁ
\

The congestion can be alleviated by utilizingNetwork Resource Allocation (NRAs) and Call
Admission Control (CACs). Ne wo@source Allocation would determine the rate at which
incoming connection reque%a;}e accepted, while Call Admission Control would adjust the
rate at which new ¢ s@ccepted or rejected based on the available network resources™.
Network resourc g) minimize congestion, guard channels and buffers should be combined
with enha@os standards for incoming and outgoing calls as well as dedicated guard
chan\@@ Network congestion management based on traffic class priorityizing was
evaluated. Each type of traffic would be classified into one of several classes on the GSM
network, each with a distinct level of priority. Higher priority classes would receive service
prior to lower priority classes®. The algorithm was simulated and the simulation's
performance was evaluated using OPNET Modeller 17.5, a simulation software. A

mathematical model that would be based on a priority queueing system, however, call
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admission management has been extensively discussed in the literature as a method of
congestion reduction®’. The survey was also used to collect qualitative data regarding service
performance metrics (e.g., signal strength, call dropping probability, etc.), clarifying the need
for call admission control in order to collect these metrics®® *°. The design criteria that were
used to classify the call admission control approach were: centralisation; information scope;
service dimension; optimisation; decision time; data type; granularity of data; and con51dered
links; and the two different call admission control systems (centralized and dlsté;t}d) were
grouped under the centralised design criterion. The call admission contr: ?tgaategorles 0.
is defined, according to their information scale design crit?ria h%ch include global,
semiautonomous, and local systems for call admission con@hey also acknowledged
single service class, multi-service class, and proactive @reactive system call admission
control types according to their decision time desiga chit€ria. Furthermore, according to their

information type design criteria, these sy@%ﬁ classified as cell occupancy, mobility,

and single cell-based’!. Finally, accor% their considered link requirement, the systems
were classified as user-based. Q:b‘

2.5 Vertical Handover

In heterogeneous wirel %tworks handover is known technically as a vertical handover.
There are two catégories of handover algorithms based on the handover criteria:

o Thg%dard Handover Algorithms: They take into account parameters such as

@nal strength, distance, speed, power consumption, etc.

e Intelligent Handover Algorithms:
Algorithms for handover are based on artificial intelligence (Al) techniques, including pattern

recognition, fuzzy logic, neural networks and prediction®?. The criteria for making handover
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decisions and the techniques for processing them can be divided into different categories. To
illustrate the differences between handover algorithms we compared them, we firstly looked
at the Mobile Velocity - Distance algorithm, the Cost Function Algorithm, and finally the
Receiving Signal Strength Algorithm3: 64,

1) Receiving Signal Strength based Vertical Handover Algorithms

The vertical handover algorithm based on RSS is the primary factor to consider wl.len making
a handover decision. It is essential to compare the strength of the receiving@ of the
current point of connection to another point of connection in order .3%11 informed
decision® %6 7 The following is an overview of the vertical Qand%e;\algorithms that are
based on RSS. &%’\

ii. Bandwidth based Vertical Handover Algorithm ° \QQ

The realization of a high system is made possib\%'tgthe help of this method. For delay-

sensitive applications, throughput and lofg‘i@%over delay. The main vertical handover
e

decision-making criteria is considered ailable bandwidth®: 70,

iii. Cost Function based Vertia&lgaﬁover Algorithms

These algorithms combine ra‘\meters like bandwidth, financial cost, power consumption,
and security into O@C ion, and then compare the results of this function for the
candidate ne‘[worQ to determine which network should take over during a handover’> 73,

The Verticalf%dover of heterogeneous network selections aims to select the network that is
mos@ropriate for the user. However, this can result in partial networks having an
excessive number of users connected to the network, leading to congestion and a decline in
customer service’*. To address this issue, the optimization algorithm is used to create a
network allocation matrix which meets user requirements. This approach, as described in the
Network Load-Balancing approach transforms the problem of network-balancing into a

problem of optimization”. In order to achieve a balanced network utilization, the
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optimization algorithm is employed to identify the most optimal allocation strategy. This
optimization technique is also employed to balance several networks in order to meet the QoS
requirements of various services’®. The modelling results demonstrate the effectiveness of the
algorithm proposed for implementation in public wireless network. To improve the overall
performance of the network, a comparison method was evaluated. This comparison method
compares two variables: cell boundary crossings (crossing the cell boundaries) an.d handover
execution (handover execution)’’. The signal strength assessment serves aség\primary
criterion for determining whether or not to transfer to the target cell. : ic model to
enhance the handover method in heterogeneous networksm.. T mgodiﬁcations of the
Transmission Weighting Parameter (TWP) in the Heterogenq&@%twork handover”™. The
first modified algorithm employs entropy to evaluate f@ansmission metric, whereas the
second modified algorithm employs standard deviations”weighting to evaluate the relevance
of a transmission metric. Both modified al ’r@re employed to rank items based on their
similarity to technique for order priori gﬁ.milarity to ideal solution Technique for Order
Preference by Similarity to Ide%%olution (TOPSIS). Base stations are viewed as
transmission control optiongq\heterogeneous network. Simulation findings shows that the
proposed solutions e efficient than current methods by reducing transmission
frequency and r%% ailures and increasing average user throughput compared to traditional
methods?®°. ance management (PM) data is now extracted from network constituents
and @mtted to NMS, the business intelligence tool focused on monitoring and monitoring
network performance. Performance management data contain named counters and other
metrics needed to measure network performance. In addition to the fundamental limitations
on the amount, type, and velocity of performance management data collected, scaling is also

a common feature of modern NMS systems. The big data framework on the basis of an

analysis of software design elements, data transit elements, processing elements, reporting
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elements, and deployment elements in a real dataset derived from four different data
sources®!. The results of the component test as well as the reports are presented.
Telecommunication firms can use these guidelines to set up a comprehensive data reference
system to manage current and future calls on their new cellular networks. A novel concept for
a fog-based computing system to facilitate device communication for improved QoS and QoE.
The recommended task is the one with the least latency, power usage, and signaling cost. The

potential benefits and major challenges associated with the implementation @} and its
objectives, as well as the drawbacks, future deployment plans, an c. rogress in
standardization®’. Machine learning can be utilised to optimise .and hasnce the functioning
of 5G networks. As user traffic is rapidly increasing and mg@a\ietworks are undergoing
changes in their nature and architecture, it has become’ g@rent that the capacities of these
systems need to be continually and significantly i@%, as they have already reached the
channel bandwidth limits®. This necessita 's{sg%provement of radio resource assignment
management techniques and the spatia"%'oi'ﬁiactiﬁcation of radio interface technologies. In
order to enhance network perfo m@‘the utilization of heterogeneous networks containing
cells of different sizes is ﬁ:%mmended“. This is due to the numerous technological

challenges associat network design, avoidance of inter-system disruption, the
organization of trKQs;port networks, the management of networks and their own organization,
the control obility, and other similar issues. Additionally, the strategic objectives of
clonologies and Software-Defined Network Functions Virtualization (SDN / NFV) are
also taken into account, as SDN/NFV seeks to capitalize on a range of potential client risks,
resulting in increased network efficiency and service flexibility3¢ 87- 88,

The results of the study demonstrate that the current approaches to optimizing mobile

networks are not equipped with the necessary technology to manage heterogeneous networks

in a flexible, scalable, flexible, cost-effective, and user-friendly manner®. To address this
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issue, an algorithm was proposed based on a light correspondence framework to account for a
variety of features, including dynamic network parameters, as well as actual traffic preference,
despite a decrease in handover. This method utilizes measures for technical progress and a
useful simulation model. The handover issues were given less attention due to the presence of
numerous target networks during vertical handover, however, the algorithm necessitated that
the network transmission rate be taken into account®. An handover algorithm was o timized
with the combined fuzzy logic theory and the multidimensional decision maki%%ch was
used to select the optimal network®!. However, this algorithm did no ¥ e Network
Attribute  Signal-To-Interference-Plus-Noise Ratio®?. The h.and ey calls necessitated
additional efforts. In addition to RSS, additional input para@s should be included to
overcome the shortcomings of the current horizonfq@andover algorithm. RSS-based
judgments are not suitable for two-tiered netw&%%d present a high level of running
complexity®® 4. New challenges arise du ‘t@%‘igh density of heterogeneous electronic
network nodes (eNBs) in a restricted \gaée area as well as the fact that the eNB has a
higher transmitting power co ar@% the HeNB (sufficient for greater coverage)®. The
HeNB has a lower transm@g\power. Based on these findings, a novel method, Mobile
Velocity - Distance @vas developed which periodically surveys the distance between
UE positions whi}&taglg into account UE velocities and directions®.

2.6 Horizon andover Algorithm

Hori@ghandover method based on adaptive hysteresis was proposed for the GSM
network®’. The hysteresis value can be predicted using a model that takes into account two
factors: the distance between the mobile station and the serving base station and the coverage
radius of the base station. The handover process begins when the RSS of any nearby base

station surpasses the RSS of a serving base station. The separation distance is used to adjust

the handover margin, while the RSS is primarily taken into consideration. The methodology
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was found to be more effective than the traditional handover strategy, however, it did not take
into account the traffic at the nearby base station during the base station transition, which
could lead to call drops and handover delays®®. Additionally, the paper outlines a method for
automatically disconnecting handover margin optimization for GSM and GPRS networks.
The variability of the handover margin, which is not adjusted for actual traffic, is based on
the difference in the likelihood of a base station being blocked relative to its surro.unding BS.
A positive outcome of the analysis is that the call loss rate is reduced and traff@dling is
improved despite a decrease in call quality. To improve call quali . \;1 f the key
performance criteria should be included in the optimization process. T'o manage congestion in
heterogeneous networks, load balancing was employed as w {%@ an adaptive hystereresis
margin®. A mobile network's significant challenges in téﬁ@)@load balancing and Hysteresis
margins was employed”. To modify the handox@ nique, the author employed quality
indicators in signal to noise ratio (SNR).Q@ balancing decision for mobile networks
was based on the CIO (Cell Individua@ t) value and traffic loads on both serving base
stations and new base stations. Th&ome of the research revealed that the schemes were
effective in improving the cc%ss rate of handovers and operated efficiently, however, the
3

methods necessitated-a %

soft computing Jﬁqihodology that combined fuzzy logic and neural networks for mobile

erable amount of mathematics. It was proposed to employ a

device load cing for communication, which was first introduced!?’. On the basis of three
deri@arameters (Virtual Load of the serving Business Systems, Number of Disaffected
Users in the Serving Business Systems, and General Load Condition of the Target Business
Systems), an Adaptive Handover Hysteresis Margin was calculated with Artificial
Intelligence. Although some calculations were not required, the simulation results appear to
have been successful'®!. It is suggested that the number of Disaffected Users on the entire

Network should be replaced by a performance metric, such as SNR, or even Base Station
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throughput and the handover choice for the cellular mobile system was made by integrating
Load Sharing, Direct Retry, and Neural Networks and a Congestion Control Method based on
a Traffic Class Priority Algorithm was developed in'%% 193 194 The method prioritised the real
network traffic based on its importance. It was determined that a combination of Priority
Queuing (PQ), Weighted Fair Queuing (WCFQ) whereas WCFQ should be implemented.
The performance of each class was assessed by examining the traffic served. .Tra(%: was
efficiently categorised according to the algorithms, with the higher priority g‘ﬁ% to that
traffic. The priority algorithm ensures that the lower priority traffic is . Q@tead of the
less important traffic, thus avoiding any impact on congesti?n &U\)l performance. To
improve congestion control performance it is recommended j@t\plement a hybrid system
combining the proven algorithm with a load balancirfg‘i\i&%)over mechanism!®. It is also
suggested to implement a distributed load baléﬂ@'gsystem for mobile communication
networks, which would involve the im @%on of a separate handover control for
balancing the load. The algorithm sim&i’gk into account the available channel within a
base station. On the basis of q ant@%nd temporal statistics, a round queuing method was

used for calls waiting for channel assignment.

9
The call blocking r @,sed as a benchmark for performance evaluation. It was found to
be significantly n@ efficient than a standard system without load balancing. This approach
was adopted'regardless of any quality of service requirements, such as RSS, SNR and others.

In @Qo balance load, a fuzzy logic multi-paraquet handover mechanism was
implemented!. The handover decision was generated by a fuzzy inference system, which
took into account the RSS, traffic load, SNR, and path loss of the base station, resulting in a
handover decision based on the values of the four input parameters. However, this method

could not be used to assess the suitability of target base stations, as the requesting Mobile

Station did not possess the SNR or PL measurements that the algorithm required. These
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parameters could only be measured by the Member State using the serving Base Station's
Bandwidth. Contrary to our advice, the fuzzy controller should not take into account these
two parameters. A fuzzy logic multi-parahedron handover method based on the RSS data,
the traffic load, the SNR data and the Path Loss data of the supplying BS balanced load was
developed!®. The fuzzy inference system produces a handover decision by taking into
account the values of these four input parameters. However, this method is not §uitable for
assessing the suitability of target base stations, as the requesting MS does not p@'&;\sﬁ access
to the measurements of SNR and PL required by the algorithm. O : from the
supplying base station is able to measure these metrics. Ther?for it.‘is recommended to
remove these two parameters from the fuzzy controller input. &%’\

2.7 Device to Device-Aware Handover Solution ¢ QQ)

This approach minimizes the amount of signali@%ead required to reduce delay. As

illustrated in Figure 2.3(a), when two :é@%are stable, there is a typical level of

communication between them. Howev%' n UEI switches between two stations that are
served by different base stations, th%s% a large amount of overhead that needs to be avoided.
This is not possible due to e%cﬁtional waiting time. To significantly reduce latency, an
algorithm for a gr @)wr should be implemented. The condition where the RSRP
target- RSRP soKQe> offset is considered an A3 occurrence should be addressed. The
intention wa: one base station to control both devices; however, they offered to postpone

the Ver process for each device until this requirement is met. The specific steps required

to accomplish this activity are outlined in the Figure
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2.3(b).

D2D control e
D2D communications € >

UE1
<%
H“-'"-ﬁ_q_,______,..:
BS1 N
@) .. ﬁc_!q!t'tppaj_l delay and overhead due to
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Fig.@gand (b) A Standard Cellular Handover Execution for two-way Communication
and Control (D2D)'°

2.8 Device to Device-Triggered Handover Solution (D2D)

Figures 2.3 (a) and 2.3 (b) illustrate a signalling flow chart illustrating a handover procedure
initiated by D2D, in which a target cell coordinates the transfer of a new user to a group

communication. The purpose of this type of solution is to minimize the network signalling
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overhead generated by inter- BS, such as the communication of radio resource information
between D2D groups by aggregating all members of the group into a limited number of BS or
cells!!!,

2.9 Handover Management

This method facilitates the transfer of a mobile device from one network attachment point to
another while maintaining a continuous transmission. Additionally, network access control is
included in the handover process when a new network attachment point necessi%;\(oaming
into a different network with a different provider. : \

The handover procedure can be broken down into three distinct p.has N

1. Handover Initiation: At this stage, the necessary evider@collected to evaluate the
need for a handover. It is possible to provide inforrnatioh@% network, the network-related
components, the mobile device, the access point, a‘ﬁ&\ﬁ'f%er’s preferences.

2. Handover Decision: This stage dete the time and point at which to execute the
handover by choosing the relevant acc%rgvork (based on predetermined parameters) and
guiding the execution phase. Q:b‘

3. Handover Execution: The execution phase is the part of the handover process where the
actual handover tak QDuring this stage, the channels in confirm are updated to reflect

the data resolved during the decision phase.

Once the i@tion necessary for the handover has been collected, network binding updates

initi@Q during the execution
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phase.
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Depending on the conditions, there are a Varie.%\o methods of achieving D2D

Fig.2.4 D2D in 5G Communication Netwo

communication. To ensure efficient transmissiony, _the optimal operating mode will be
determined based on the available devices,~ )\\

Scenario 1: When two devices come@ contact with each other, they can communicate
with each other, such as sharing dat is enhances the data rate, decreases the device power
consumption, and reduces oyerall load on the base station. The base station will then
control the commur@t)@&

Scenario 2: l@\he cellular network is idle or signal reception is inadequate, devices that
support D2D“¢nable the creation of a 5G communication interface between a node and its
surr(@vgs, which are connected mobile base stations. This allows a node that lacks
cellular coverage to stay connected to the mobile network.

Scenario 3: It is possible for a single device to connect to a device that is connected to an
active base station and to extend the network by connecting to other devices. All devices in
this mini mobile cloud receive the same data in the form of advertising or communication

from the source.

39



Scenario 4: In this example, multiple devices are interconnected via the Wi-Fi network for
communication. The base station is responsible for sending control signals to these devices.
Offloading via Wi-Fi provides substantially higher data rates, lower power consumption and
avoids base station congestion.

2.10 The Advantages of D2D Communication

Network efficiency offers a range of benefits which includes reduced power consu.mlz()tibon and
extended battery life, efficient traffic load management, the capacity to establis%}iections
even when no Network is present, the ability to extend the networ .%?@the use of
complex hardware, D2D communications, public safety and se¢ .§ervices, vehicle to
vehicle communication, autonomous driving applications, c&@r offloading to wireless
local area networks for faster data transfer, gaming ﬁ@cal social networking, content
distribution, local advertising, location-aware serviegs, ‘anid local area emergency broadcast.
2.11 Classification of D2D Communicati ;‘\&%

There are two distinct forms of device-%i'e ice communication: In-band communication and
Out-band communication. The rin@aistinction between the two modes of communication
is the frequency range in whi&h;}\le communication is transmitted.

2.11.1. In-Band DZCunication

D2D Cellular U%{g in the 5G: The network infrastructure is responsible for controlling the
use of licer@sllular spectrum for in-band communication. This includes the identification
of p@a devices, the allocation of radio resources based on channel status, the control of
power based on predetermined threshold levels, and the coordination of interference between
mobile and device users.

In-band D2D communication can be divided into two distinct categories:

® Underlay

® Overlay
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1) Underlay In-Band
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@Communicaﬁon (D2D)!13

Underlay In-Band: The eNB simultaneo y&tes the same radio spectrum as it does to

device to device users reuse mode. %Embedded Network Bridge (eNB) leverages the

device’s uplink (or downstreax@urce blocks for communication between the eNB and

the cellular users based one%aqge of performance parameters, including the distance from

the device to the @l)%‘ sers, transmit power level, interference limitation area, etc.

Another na f@b‘is type of implementation is Non-orthogonal Resource Sharing, which is

depicted in _figure 2.6.

o\
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The reuse mode has a higher spectrum efficiency than

overlay.
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%.V
Fig. 2.6 A Cell made w&f&(‘g using Different Modes of Communication!'.

However, since both user using the same physical resources at the same time, this leads
to a significant inte@ roblem between device-to-device and device-to-cell phone users.
Since mobil é\‘nake up the majority of the users in the spectrum band, enabling device
to mobil@ unication on this frequency band means that the level of service for mobile
commuwication and the level of reliability for both communications needs to be addressed.
There is a lot of literature on this topic that focuses on finding innovative solutions to all the
problems mentioned above.

2) Overlay In-Band

The electronic network band (eNB) facilitates fixed orthogonal communication between

devices in D2D mode (also known as Dedicated Mode) by providing fixed bandwidth from
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mobile band. As each communication mode occupies a particular block of physical space,
there is no longer interference between mobile and devices in DM. However, as a number of
D2D links are able to utilise the same RBI for their transmissions, some degree of cellular to
device-user interference between DM users is still present, resulting in a reduction in network
capacity. In comparison to DM, the in-band overlay has the major disadvantage of not
utilizing radio resources optimally. This is because the allocated resources are lefE incg)timal
condition while no DM session is present, resulting in an inefficient spectrum uf(%gt\on. The
spectral efficiency of underlay devices to devices is higher than th 0. %ay devices,
which has led to their increasing adoption in industry and acaden.lia e.\For example, in the
single cell scenario illustrated in Figure 2.7 below, the cellular@are distributed randomly
and the D2D user is distributed randomly. Some of the 'd@e to device pairs reuse the CU's

(Centralized Unit's), Uplinks resources for D2D @caﬁon, while other couples utilize

non-obligatory (: ,@ Uplinks
\

( Underlay Overlay

Cellular Spectrum: Cellular Spectrum:
MNon-orthogonal Resources Orthogonal Resources

Inband
L | |

A

( |
S K

; | !

< Py P

Cellular Spectrum ISM Spectrum

resources.

Fig. 2.7a Frequency Band Occupancy of D2D in Cellular Networks!'!®
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2.11.2 Out-Band D2D Communication

The Unlicensed ISM Frequency Spectrum is utilized for the operation of Out-of-Band Device
to Device Communication which is analogous to the Wireless Local Area Network (WLAN)
and Bluetooth Operational Band (BHB) !'7. In Outband Device to Device Communication,
the End-to-End Network (eNB), also known as Network-Controlled, or the Devic.e to Device
User (D2DU), also known as Autonomous, is able to coordinate and manage t@nection
between devices. The primary advantage of this form of Device to Devi . nication is
that it addresses the issue of Interference between cellular and .De i e 4o Device networks.
The Scheduler (eNB) is free to allocate resource blocks to bot&%&ce to Device (D2D) and
Cell User (C2C) users, the allocation of resources becoh@ore straightforward. The use of
these two radio interfaces allows users to maintai@% and device-to-device connections
at the same time. However, as other com ﬁ%@%@n entities operate in the unlicensed band
(Wi-Fi and Bluetooth), the primary disadvantage of sharing unlicensed spectrum is its
uncontrolled inter-system inter re@%hich could lead to congestion, a suboptimal Quality
of Service (QoS) experience,%lg\a decrease in overall network throughput.

2.11.3 Device to Deyi @gered Handover Operation

The signaling ﬂ&%c art presented in Figure 2.7b illustrates a handover operation from a
device to a group communication. In this method, a target cell is responsible for the transfer
of a@D user to the group communication. By aggregating all members of a D2D group
into a few Base Station (BS) or Cell, this approach sought to minimize the network signaling

overhead associated with inter-base station communications, such as the exchange of D2D
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Fig 2.7b Signaling flow chart of a Device to ice- trlggered Handover Process'!

2.12 Global System for Mobile Commu 1ca

The Global System is a second-genev@& digital cellular network composed of cells, which
are the fundamental components, of the global mobile communication infrastructure. This
region, which is equippe «A)bgse station transmitters, is referred to as a cellular (BST) area.
In order to provide@lces to the greatest extent possible in a given location, the cells are
utilized to se @3 greatest number of customers in a given area. The Global System utilizes
thre%c@wc spectra to maximize the frequency channels available to it. These spectra are
always mixed, with FDMA and TDMA being the most common. The NCC's quarterly audit
of global system network performances reveals that operators often fail to meet their stated
standards due to congestion in the network'!”. As hardware issues and interference are not
taken into account, the congestion is usually due to access of network elements!'® that do not

have enough radio channel capacity to transmit data. Cellular communication networks are

divided into smaller areas known as cells, each of which contains a MSS and a few Mobile
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Hosts!!?. While cable links are typically used to communicate between MSs, wireless links
are used to connect MHs and MSs. A MS can communicate with other MSSs through the
MSS in its cell only. When this occurs, it is referred to as a BS Handover Congestion. An

example of a Mobile Communications Network Handover is shown in the accompanying

Handoff
image.

Q >
Fig 2.8 Handover of a Mobile T‘ej&gm unication Network!?°
Early studies have demonstrated that egvformance of the GSM network components is
largely dependent on the accessééﬁ of the network, particularly at the Bandwidth

Transmitting System (BTS)%NH example, a traffic model based on the Markov chain to

calculate the probab:'li@

queueing for a n% andover call was evaluated'?'. The traffic data was collected in the

1 blocking and call handover failures when there is no call

office to sf%le the effect of user mobility on mobile network performance!??. Location
updz@e also evaluated to determine the probability of a call drop when a handover call
is required. Seventy eight traffic channels were analyzed to demonstrate that a single
dedicated GSM/ GPRS channel is sufficient for good quality of service!?>. GSM/Reservation
of more channels brings handover failure and dropped call probability to very small values

but lack of ordinary channels produces a larger new calls blocking probability'?*.
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The performance metrics used were Traffic, Call Setup Success Rate, Handover Success
Rate, Standby Dedicated Control Channel, and Traffic Channel Congestion. The analysis
revealed that the system was not able to cope with the exceptionally high demand without

additional resources'®

. A model was constructed which included simulations for Page
Signaling and Traffic channels in order to assess the appropriate dimensions of a single
physical resource distributed across multiple logical channels with different trflfﬁc types.
Daily measurement data was used in the study to assess the performance of @}ifferen‘[
vendors' GSM1900 um-interfaces over a week'?°, The performance indi . ?S@d are: peak
hour traffic (CSSR), Handover Failure (CSSR + Handover Fail.ure legestion on Control
Channels (SDCCh Blocking Rate), Congestion On Traffic C@s (TCH Blocking Rate),
Drop On Traffic Channels, Drop On Control Channel'&éb%)s with TCH Congestion Rate
Exceeding 2% and TCH Average Holding Time aﬂi@%fﬁc data from an Ecomm Trunked
Radio Network in the UK using the OP del'?. The results indicated that typical
Voice Traffic Erlang models may not %ﬁ ftable for evaluating the performance of trunked
Radio Networks!*’, A Dynarmic @fmel Allocation Model using the Markov Chain
Technique was developed!?4This model was used to reduce Handover Failure and make it
easier to adhere to 1 QSerVice (QoS) standards for continuous conversations. However,
the disadvantage K{shls solution was that new calls were being prohibited more frequently as
fewer con@nal channels were available. The solution should have an improved
resoﬁ%@or maintaining the Network's QoS'> 132,

2.13 Call Stages

1. Call Blocking

When initiating a call on a mobile device, if all channels of communication are congested,
mobile will attempt to resume the call. After a series of unsuccessful attempts, a "Busy Tone"

will be returned.
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2. Call termination

The user has concluded the call, and the Mobile Telephone Switching office (MTSO) has
been notified. Additionally, the traffic channels at two BS points have been released.

3. Call drop

The Base Station was unable to maintain the desired signal strength, resulting in the loss of
the Traffic Channel and the notification of the MTSO.

4. Call to/from and Remote Mobile Subscribers . Q’(\
Mobile Telephone Switching offices (MTSOs) are equipped with the ca@r% connect to
Public switched telephone networks (PSTN), allowing for the cop mof mobile users and
fixed subscribers. Additionally, MTSOs can be connected to r@% MTSOs via the PSTN or
through dedicated lines. Furthermore, MTSOs are able.tb\%nnect mobile users in their area

and remote mobile users. Q

5. Mobile Station (MS): This concept is %to the mobile phones.

6. Base Station (BS) ‘b.ﬁ

The cellular network is divide@lstmct areas referred to as cells, by which the covered

area is divided into smaller)areas. Each cell is connected to a BS which simultaneously

communicates witw alg s mobile devices and transmits traffic to a mobile switching

center. The s %\ahone is connected to the base station via a radio interface.

Fig 2.9 Base Station!
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6. Mobile Switching Centre (MSC): This encompasses the management of multiple
cells (or clusters), the organization of base stations and mobile channels, and the
management of connections.

7. National Carrier Exchange: This is the access point to the National Fixed Public
switched Telephone (PSTN). It manages interconnections on behalf of the National
Communication Systems and is typically interconnected with the Multi-State
Communication Q}i\ System

N2

Y

Mational
Eschange 2 | Grrror
Exchare

..

MR

Fxcrngn |

l,
.

e

Puksic:
Sawilchad
T eapluarng
Mialwork MEC-Rabib: Switahing Jantrm

L &

(MSC). Mational  Inlematansl

‘@2. 10 Public Switched Telephone Network (PSTN) 134,

2.14@‘9el Allocation

Two basic approaches to channel allocation are as follows:

1. Centralized approach: This is the interface to the PSTN, which is responsible for
interconnecting National Communication Systems, and is usually connected to the MSC.
2. Distributed approach: Distributed channel allocation algorithms do not involve the

involvement of a central controller such as an MSC. Rather, the allocation of channels is a
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shared responsibility of the MSSs. Each MSS makes its own decisions based on its local data.
To ensure that the set of available channels is determined in such a way that the use of them
does not result in any co-channel interference, MSSs share information when necessary.
Generally, one of the two primary approaches—either the on demand/reactive approach or
the proactive approach—is employed when implementing a distributed channel acquisition
methodology. . ‘b.

a. On Demand/Reactive Approach: When a cell requires access to a channel Q’iﬁ}’llitate a
call, the first step is to determine if any of the available channels are 1.% the cell. If
available, the cell will select one of the available channels to faci.litagle\ call. In other cases,
the cell will communicate with adjacent interference sources @lain information on their

channel usage. The cell will then compute the set of avéi@%channels using the information

from the responses. ®
b. Proactive Approach: When a cell obi:@rants access to a channel, it informs its

interfering neighbors of the associated ghanf€l usage data. Consequently, each cell is aware
of the available channels. To up;@a' communication, the cell simply selects one of the
channels using the channel ﬁleg;[ion mechanism, after verifying that none of its neighboring
cells are using it. %&mand / reactive algorithms require that a cell wishing to borrow

a channel, referr&kto as the borrower, must first obtain a response from each interfering

neighbor ‘% before utilizing a
chad@Q

sl ~
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Fig 2.11 Underlying Channel Selection Strategy!'3’
This approach implies that, even if a branch of the neighbouring cell has failed, the channel
cannot be loaned out, thus not being fault tolerant. One of the primary benefits is the
proposed algorithm for the allocation of channels that is distributed and fault tolerant and that
reuses channels

effectively!3.
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2.15 Utilization of t pectrum in Cellular Networks

1. Frequen Q-use

The@g of concurrent calls that can be made in any radio network is largely determined
by the frequency spectrum available and the available bandwidth for channels. In a traditional
radio system, groups or areas are assigned specific radio frequencies. To guarantee that these
channels remain free from interference from other users, adequate separation between

transmitters should be taken into account when allocating frequencies. In a cellular network,

frequency reuse '*is accomplished by assigning a portion of the total channels available to
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individual base stations and regulating the transmitters' power output. This increases the
capacity of the network, as adjacent cells cannot operate on the same frequency as the base
stations, as this would cause interference between them. It is evident from the foregoing
statement that the multiplication of cells within the covered area, i.e., the reduction in cell
size, would lead to an increase in capacity. However, this approach raises a number of issues.

2. Interference: Reducing the number of cells, particularly when the repeat fa(.:tor is low,
increases the likelihood of interference between cells utilizing the same frequencq}(\

3. Handovers: Reducing the size of the cell will lead to an incre .'\.61@ number of
handovers, as a mobile device that is constantly on the move w.ill bﬁ}g{hanging cells more
frequently. As the MSC requires a certain amount of time to q@g\he switch (in the case of

handovers), an increase in the handovers will result in afi @ase in that time delay.

2.16 Microcellular Systems @

Microcellular systems are composed of a ﬁ@f cells, each with a zone site and a base
e;'ﬁ

station of its own'?’. It is essential to r%' er that each microcell within a cell utilises the

and a method of providing li

same frequency, and if there is g)@g er of information regarding the mobile unit's location
i;$ power to the unit, the channel capacity will be increased

without any problen the microcells. The signal used to find the mobile unit in the
f

cell zone selectotof the base station is utilized to select the zone with the highest signal

strength as‘t%bgne suitable for the operation of the mobile unit.

2.198tation Signals

When a call is received, the system is already cognizant of the mobile device's location. The
base station, on the other hand, is aware of the area in which mobile devices are located. As
soon as it receives the signal, the base station transmits it to the designated zone site. The

zone site then amplifies the cellular signal, reducing the amount of co-channel interference
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between zones and increasing system capacity by reducing the amount of power transmitted

to the device.

2.16.2 The Benefits of Microcellular Systems
1. Interference minimized (as opposed to reducing the cell size).

2. Handovers: The size of the cell is reduced due to the microcells operating at t‘% same
frequency within the cell; there is no transfer of data between the mobile @nd the
microcells. ,%.\QO

3. Size of the Zone Apparatus: Zone site equipment are typicellly\ a.§ma11 size, allowing
them to be installed on the sides of a building on poles. &%'\

4. Increased System Capacity. The microcell is a smefr@%?hat recognizes the location of
the mobile unit within a specific area of the cell f@'%sfers the power to that area. As the

signal power is decreased, the microcells i;&% be closer to the mobile unit, resulting in
e

an increase in capacity. Microcellular s%' necessitate the accurate transmission of power
to mobile phones within the m%@‘ystem, which can be detrimental if the power is too
strong or weak, as it can disg% "%he communication between other microcells. If the power is
not sufficient, the sj Q’%not be received by the phone. This is a drawback of microcell

Qe transmission power to be adjusted as the environment changes, for

systems, as it re &Q

example, w new building is constructed within the microcell.

2.17@1Qple Access Systems

Multiple access systems are utilized in digital cellular networks to enable multiple users to
access the same channel within the same cell. Two of the most popular methods of multiple
access are Time Division Multiple Access (Time Division Multiple Access) and Frequency
Division Multiple Access (FDMA). In Time Division Multiple Access, the bandwidth

allocated to the channel is split into time slots, with the number of slots varying depending on
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the system used. Each user is assigned a slot, thus multiple users are able to share the same
frequency at different times. Frequency Division Multiple Access, on the other hand, divides
the channel into frequency bands and assigns each user a frequency band.

2.18 Handover Process

Following the installation of network equipment, there are usually some unexpected issues
that arise. The process by which a user can move between cell areas while mairztaining the
availability of the network begins to become evident. This process is refer%& as the
"handover process". As a customer progresses through the cell area .Ql‘@ar wireless
network, a handover process occurs in which an active call is tr::tn‘s{%ed\ or transferred from
one area to another. To handle a handover, the new base stati@\tem must be chosen that
has a free channel for accepting new handover caﬂ;@%’ the handover call must be
cancelled'* 14!, The MSC may, instead of temin@% call to the current MS, transfer or
transfer the call to another easily accessi e@nore efficient base station system or, in

some cases, to a different mobile switc@ ter.

>

The following figure 2.13 ilfwges the Call to/From and Remote mobile subscriber

handover @'\

S
>
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Fig 2.13 Call to/from and Remote Mobile Subscriber!#?

GSM technology offers a higher rate of call retention, thus improving Quality of Service. The
handover process is therefore of paramount importance, as a malfunctioning handover
process could result in call drops. An effective communications infrastructure is essential for

the growth and development of any economy, and is essential for daily activities and in times
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of national emergencies or natural disasters. Additionally, it reduces the risk and
inconvenience associated with travel. As the majority of economies lack reliable
communication networks, it is beneficial for any nation to have access to efficient
telecommunications infrastructure, which is one of the most interesting features of the
modern telecommunications sector. The emergence of new generations of cellular networks
has enabled the provision of a wide range of services, including voice, data and Vic.ieo. Mobile
networks with the latest level of connectivity (5G) offer voice, number c%}hd data
connections to the client. The use of mobile devices is becoming increasi : 6@ntial in our
lives, as they enable us to carry out everyday tasks and foster tecl.m‘o\‘ icql progress. This has
resulted in an increase in the number of mobile users, which i&@has caused a decrease in
bandwidth. In recent times, a range of data links have B@%sically connected via mobile
devices, leading to a hand-over process. As a @%perators must now increase their
network's capacity to provide effective s {%s meet the increasing demand. Wireless
networks must adhere to service qual%'girements in order to operate more effectively.
QoS, decreased power require ent@r‘lsistent mobile coverage, and other factors are just a
few of the considerations tha us%rs make when selecting a mobile operator. When customers,
also known as cons %klng for services, enter a facility and are unable to be quickly
supplied, a queue&%ned. A mobile network is composed of interconnected nodes that are
able to conn each other without the need for a fixed network infrastructure. Each node
in ae network can act as a router, sending packet to other nodes. This allows the router
to make decisions that can lead to unexpected and dynamic changes in the network topologies,
as the node can also serve as an end point for the user. This fundamental issue of mobile
network performance must be addressed by service providers and telecom regulators in order

to meet the needs of their subscribers. The assessment of congestion on the network is based

on key performance indicators, such as busy hour traffic pattern. Network congestion has a
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detrimental effect on the network's quality of service (QoS), particularly during peak hours'#.

KPIs (Key Performance Indicators) are defined for a variety of GSM / GPRS network
interface and network components. RF optimization teams use these indicators to generate
QoS reports to ensure that there is minimal congestion across all interface and network
elements thus preventing QoS degradation by maintaining the KPIs below predetermined
thresholds!'#+ 45 146 These indicators are employed to create multiple KPIs, which are then
used to evaluate network performance using different formulations. In real-woﬂ%;}cations,
network performance may be monitored at various nodes. In this work, . Q@erformance
is evaluated at the cell level, taking into account resource a:llo '0;\ and consumption.
Previous studies on GSM network components were mainly fo@ on the access area of the
network, particularly at BTS level. Service providers m'n%)ntinually monitor and optimize
their network in order to achieve optimal perform@%d meet regulatory target metrics for
Key Performance Indicators (KPI). Traffic @sd to model the effect of user mobility on
mobile networks and the mobile netw ffic model is based on Markov chain, which
quantifies the call blocking pro ab@&nd handover failure probability when no queuing or
handover calls are made'*” 8. Location updates were also evaluated to assess the probability
of a call dropping 4 @Q'Vent of a handover. The seventy eight traffic channels were
examined, and a ?@g)dedicated channel was found to be sufficient for acceptable Quality of
Service (Q‘(%”. A set of dedicated GPRS channels were also used, with some quiet
inte@)%ween voice calls, to test the GSM / GPRS system's performance. Reservations of
more channels reduced the handover failure and drop call probability to very low values, but
the lack of ordinary channels resulted in a larger new call blocking probability!>°. The three
primary criteria for evaluating the quality of service (QoS) of an operator in a
telecommunications (voice) context are accessibility, retention and connectivity. In this

example, the hosts, switches and routers are the nodes, whereas the links are the actual
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physical connections between the nodes. As long as the nodes have linkages, information can

be exchanged between them as data packets.
2.19 Call Drop in Cellular Networks

Call drop is a technical issue that occurs when a conversation breaks off before the two
parties have finished their conversations, leading to one of them having to hang up.
Connected calls may also be disconnected due to a technical issue, without prior:ﬁb%ssion
from the participating parties, leaving them in a hung up state. To addr '\ rn cellular
network problems, most research has focused on the issue of call drop in mobile networks'>'.
This research has focused on abstract representations of the @ﬁ, in which only Call
Admission Control, QoS, Call Block and Drop solutions Qg}en into account. This paper
was inspired by the development of mathematicg@ches to solve the problem of call

admission control. The paper was developed wsing Markov decision processes, fuzzy logic

and neural networks, as well as genetic lgiﬁxms, and was trained through a certain learning

process to automatically maintain mption rate between previously allocated resources
and a new call request'>% 133, \)
'}

2.19.1 Concept of @ﬂng for Reducing Call Drop Rate
a. Load Balanc%\gnd Sharing
When a serving cell's network signal strength surpasses the threshold value, it must be
com@ to the signal strength of its neighborhood cell, which is greater than the threshold
value. If the signal strength cannot be maintained above the threshold value, a handover
process must be initiated in cellular cell space i.e;

RSStrength; >= RSStrengthMin;;

PESignal;; = RSStrength; - RSStrenth; >= HThreshol;
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where RSStrength; and RSStrenth; are the average received signal strength from neighbour
cell and serving cell , PESignal — is the paging expenditure of neighbour cell w.r.t. to
serving cell ,  SStrength — is the Handover signal strength constraint and
HThresholdi— is the handoff limit the adjacency.

b. Fuzzy Logic Based New Call Admission Policy

Fuzzy logic control has been proposed as it is affected by a diffusion-based load b(gncing
and sharing approach'>*. The objective is to reduce the CBR ratio in the desi@kﬂ. This
implementation involves in between handoff limits for each pair of nei >na ells, where
the rise in CBR is calculated by taking into account the differe?c)e\i‘%w?en the CBR of the

neighbouring cells and the current handoff margin value.By de@n, the CBR is defined as:

= Q@ (2.12)
where 1s the number of block@&;@@%d overall number of offered

calls in particular cell network respecti@. e rise in the handover limit indicates the same
magnitude, but its sign indicates thigi‘rection of the signal strength of both neighbouring
cells with balance stability.%e,\handoff limit is limited to a variable time frame to prevent
network fluctuatio @,by too many parameter changes. The difference in the call
blocking rate be@n the two neighbouring cells is fed into the FLC. To maintain a balance
between twonadjacent cells, the handoff threshold limit must be continuously changed. To
adju@ call blocking rate imbalance between any two adjacent cells, a continuously
changing handoff limit must be achieved. This is completely different from previous cases,
where minor changes would result in a larger negative effect due to the involvement of too
many parametrical changes. Therefore, one additional FLC input in the current handover
limit will help to reduce the magnitude and the slide change in the threshold limit will convert

it to a negative value.
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¢. Neuro-Fuzzy Reinforce Learning
The reinforcement learning process is an intelligent model of learning based on trial and
reward (gain or loss)!>*. The fundamental concept of reinforcement learning is that a learning
system can be developed to solve complex problems through repeated interactive processes
with environmental interactions, as illustrated in Figure 2.14. The reinforcement learning
process involves the learning of Q values (s) in a state action set, the value of which would be
the maximum-min discounted reward-penalties that can be achieved by the initial”step of
states, performing action a, and adhering to some optimal policies. This stat&.dction set is
composed of discrete elements and has a separate value for (€ach action. Here, the
reinforcement learning implementation via neural network weuld ‘be able to solve the call
drop problem in a cellular

network.

Neuro-fuzzy Learner

Inference Engine m

Transfer
Function

Rule base

Network

Fig. 2.14 Fuzzy Logic Control Based Design!*
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A Fuzzy Logic Control Reinforcement Learning technique that develops a sequence of
actions among selected rules to maximize its adoption learning process for subsequent new
steps. Participants have different approaches for a given rule to apply based on prior
experiences and certain situations that they have no choice but to respond to with a

corresponding rule. In such a case, the consequences are evenly distributed in an output

interval.
\ Cdm
COR,
/ [mamdani)
XX .E'.Ctil:ll-l

HCabd

Fig. 2.15 Fuzzy Inference Systém!*¢

2.20 Overview of Mobile Network Congestion

57 Ttis a

Congestion is a widespread issue that)is being addressed by GSM service providers
condition in which there is an excessive amount of traffic, as a result of too many items or
people attempting to-ac¢e€sswa resource that is not available. This congestion can be defined as
the unavailability*Qf the network to the subscriber when making a call, or when the network
is blocked andthere is no free path for an offered call'>®. Network congestion is a state in
which,a network element, such as a switch, concentrator, cross-connect, or transmission link,
is unable to meet the agreed network performance objectives for existing connections or new
connection requests. It is also a condition in which performance is degraded due to the
overuse of network resources, including communication links, processors, and memory

buffers!>® 190, When the number of calls originating or terminating from a network exceeds

the capacity available at a given time, it can lead to a queueing of call signals on the
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transmission channel, resulting in a decrease in the rate of voice signal transfer, distortion of
signals received, or both!¢!. In the current situation in Nigeria, there is a heightened focus on
quality of service rather than coverage, leading to a proliferation of complaints about dropped
calls and congestion'®?,

The term "congestion" is used to describe a situation in which an offered call is blocked and
there is no free path for the subscriber to connect to the desired subscriber!®2. T?is (& when
the subscriber is unable to make a connection to the desired subscriber in a tim%‘ip}nnerl“.

The optimal telephone system is one in which all subscribers can co%%?[ﬂ)airs at the

e.
same time!64, N

The four components of congestion are Traffic Channels C@ion (TCHC), Dedicated
Control Channel Congestion (DCHC), Common Contrdl@nnel Congestion (CCCHC), and
Pulse Code Modulation Congestion (PCMC) ', QQ

Congestion can be caused by a variety o ’f@% such as inadequate radio channels and
infrastructure, the inability to accomm(%'etiee large number of subscribers on a network, the

redialling of subscribers in the Ve@blocking, the presence of too many users, marketing

strategies and pricing scheg %nd the use of existing equipment facilities rather than new

ones. Q’Q

The Global Systb%qgr mobile communication (GSM), particularly as customer numbers
increase, is‘%g a number of issues that necessitate ongoing research to enhance network
perfce. One of these issues is network congestion, which is a major challenge for GSM
providers as subscribers grow and new services become available!®. All proposed techniques
for congestion control are based on two principles: either rejecting excessive traffic to avoid
over-consumption of network resources, or redirecting excess load in the event of overload.
However, these techniques do not provide an explanation for how network resources can be

used to absorb refused or diverted traffic, thus preventing revenue loss during congested
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periods and thus not effectively addressing congestion during busy hours!®’. Congestion
control is the set of measures taken by a network to reduce the amount, intensity, propagation,
and duration of congested traffic. It is this aspect of a network protocol that determines how
the network responds to congestion!®® 19 The following optimization models have been
proposed to address the issue of congestion on GSM networks in Nigeria:

Government and corporate organizations in collaboration with GSM opera.ltogsb using
Dynamic Half Rate Decoder, National Roaming Agreement, Regionaliza@nd the
Emerging GSM Networks. ,%.\QO

The call classification system divides calls into distinct categE)r{eK)%as\ed on the type and
scope of the services provided. These categories include Sp@ oice, Handover Voice,
Retrial Voice and New Voice. ¢ QQ)

A Combined Model for the management of co@% in GSM networks based on call

priority, handover call buffer and frequentl ’@call concepts!’!. This Combined Model is
used to evaluate the performance of G g‘&/orks in a comprehensive manner, utilizing the
key performance indicators suc%@cb‘set-up success rate (CSSR), call drop rate (CDR), call
completion success rate (C R)\, and traffic channel congestion rate (TCHCR) to compare
the performance o @1 ined Model with the current system based on the Mobile
Cellular Network e implementation of this model has been found to have a positive
impact on‘%Quality of Service (QoS) of the Nigerian telecommunications sector.
Subs%uq , the NCC was established as a regulatory body, and since then, the NCC has
been in charge of issuing telecommunications licenses to private telephone operators,
allowing them to provide telephone services. However, congestion is a major issue for most
GSM network providers, as it has a negative impact on the service level agreement due to the

inability to make or receive calls in areas with no or weak network signals!’?. The strength of

a receiver signal or transmitted signal from a mast or antenna is determined by Coulomb's
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law. Coulomb's law states that the force between two points is equal to the product of their
charges and is inversely related to the distance between them. This implies that the power of
a receiver signal (P,) is equal to the reciprocal of the distance squared from the nearest
antenna!’3,

Network congestion is a condition in which the network is transmitting or carrying more data
than is able to be accommodated by the system's capacity. For instance, when the. number of
outgoing or incoming calls from a specific network exceeds the capacity of the@%&ork at a
given point in time. In a region without a network, it may be challengin . and receive
calls if there is a network but it is not well connected. Conversel.y@csall connectivity can
be attributed to a number of variables that influence network qxﬁ& including congestion!”4,
In a BS, congestion occurs when there is insufficient §p{§ in the queues to accommodate
new arriving packets, resulting in the loss of th% packets. This causes the packets
already queued to wait longest in the que ore being transmitted, thus introducing
unacceptable packet delays. Performan g%ators used include Traffic, Call Setup Success
Rate, Handover Success Rate, Sta@ed Dedicated Control Channel and Traffic Channel
Congestion. The analysis d&%ﬁted the system's capacity to accommodate high offered
traffic without additi Q«%urcesm. The Paging, Signaling and Traffic Channel Model is a
model that comb\%s simulations of paging, signalling and traffic channels to explore the

most efﬁci‘e%fmensioning of a single physical resource distributed across multiple logical

chan@Q and multiple traffic

. -
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Fig 2.16  Architecture of a Base Station!”®
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2.21 The Tor Network

As the demand for online privacy continues to grow, Tor has become an indispensable tool
for applications that necessitate anonymity on the internet. Tor is a network overlay that
utilizes the routing principle to achieve anonymity by tunneling user data through a network,
known as a circuit, over a sequence of relays'”’. Onion routing guarantees that ea.ch(hbop ina
relay only knows the immediate predecessor and successor, meaning that destir®'}r cannot
determine the origin of the communication streams they receive. Typi .%‘[s select a
sequence of three randomly selected relays to construct a circu.it. unteers contribute the

necessary resources (such as service and bandwidth) and z@' regulated by a central

authority. ¢ $
2.22 Causes of Network Congestion @

Network congestion is a condition in whic ’@ork is unable to cope with the volume of

traffic passing through it. Generally,@ rk congestion is a temporary condition in a

network and not a permanent co@n. However, there are instances where a network

remains congested, indicating, that’a more serious underlying problem is present. This section

will outline three t@Q’ost frequent reasons for network congestion, including over-
subscription, poo)‘{{gtwork design/configuration, over-utilized devices, and more.

e Over-Subscription: Have you ever noticed that certain web browsing times are

@nsistenﬂy faster than others? For example, browsing during the day is significantly

more enjoyable than browsing at night. This is due to the fact that more users are on

the network during peak time (peak time) compared to off-peak period (peak time).

This is analogous to riding the train when commuting to work rather than during rush

hour. This phenomenon is commonly referred to as over-subscription. Over-

subscription occurs when a system (such as a network) is able to handle more traffic
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at one time than it was intended to. It is important to note that this is often done
intentionally to save money.

Poor Network Design/Mis-Configuration: Network congestion is more likely to
occur due to poor design or device mis-configuration. For example, a broadcast storm
is a situation in which a large amount of broadcast or multicast traffic is observed on a
network in a short amount of time, resulting in significant performance degradation.
Broadcast storms are caused by the retention of broadcasts within subne@e larger
the subnet size, the more significant the impact of the broadcas nsequently,
a network with large subnets and insufficient consideratioK broadcast storms can
lead to network congestion. &%’\

Over-Utilized Devices: The primary objective’q@%ﬁewall, switch, or router is to
manage a specified amount of network t@ is is the theoretical capacity; in a
production environment, the capa@)ﬁ\ﬁyly to be significantly lower. Bottlenecks
are another issue associated Nl over-used devices that may lead to network
congestion. It is essential t(%ycg‘:re that the higher level device is able to manage all
traffic originating fr ﬂge lower level devices, as in other hierarchical architectures
where multi feed into the higher level device; failure to do so may result in
the hi h%@vel device becoming a bottleneck and potentially leading to network

congestion.

2.23’@91@ Network

The Multi Queued, Multi-Server/Channel Queue Network is the queueing system that will be

utilized to implement the Priority Queue discipline. This network will consist of seven

distinct queues, each of which will have its own priority level. The priority level of each

queue will be represented by an associated probability value, which indicates the likelihood

of a channel being allocated to a call initiated from that particular priority queue.
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2.24 Network Congestion Prediction

Network congestion prediction is a pressing topic that has recently captivated the computer

network community. Network traffic forecasting is a widespread problem that is essential for

network monitoring, security, congestion prevention, and improved network performance.

Various techniques are employed by researchers to predict network traffic!’®. These

techniques can be categorised into four broad categories: Linear Time Seﬁ'q{@dodel,
N\

Nonlinear Time Series Model, Hybrid Model, and Decomposition Model. Qg)

2.25 KPIs Benchmark by Nigeria Communication Commission (NCC) for MNOs
. \ %

In Nigeria, the Nigerian Communication Act (NCC) is the pri&%}fegulatory framework for
the telecommunications sector. The NCC is r.egg sible for the licensing of
telecommunications operators, the regulation @upervision of their operations, the
protection and satisfaction of mobile use "néds. The NCC has formulated regulations on
quality of service and Nigerian compunications regulations for all telecommunications
providers to adhere to in order¢o s%% mobile network users' requirements. The following
key performance indicator;{K.QIs) and minimum standards for data communication are
included in the Nig @municaﬁon Act: call setup time, call drop rate, call setup failure
rate, call setup&gcess rate, call completion success rate, data rate, latency, and data
throughput. es 2.1 and 2.2 shows Nigeria communication commission regulations on

Qos@;s to telecommunications service providers and minimum industrial standard for

data communication.
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Table 2.1: KPIs parameters considered by Nigeria Communication Commission Benchmark

for Mobile Services.

S/N KPIs STANDARDS
1 CST <6s for local/international call
2 CSSR >98% of attempted calls

3 CSFR <10% of the attempted callsz')(\
4 CDR <1% of the attempt;@o

5 CCSR >97% of the at{;@tg\d calls

Source!’® &%\d ‘

Table 2.2: Industrial Standard for Data Communication® QQ)
PEIN .\

Y
S/N KPIs Q\ STANDARDS

1 Data Rate . ,@500-5000kbps3G, 1-50Mbit/s 5G

2 Latency %

3 Data @'ughput 3.1mbps 3G, 10-300 mbps 5G
)

100-500ms 4G, <100ms 5G

Source!”® Y
-

2.25.1 Quality of S @@M Networks

The definition o gl)ty of service may differ from one situation to another and from one
individual to.affother. Generally, Quality refers to the level of quality of a service when
co% other similar services. Quality of Service is the description or assessment of the
total performance of a service (e.g. telephony, computer network or cloud computing service)
particularly the performance observed by the network users'®. Several related aspects of a
network service are often used to measure quality of service quantitatively'®!. The definition
of Quality of Service (QoS) varies, but in general it is a measure of whether the perceived

service delivered meets, exceeds, or fails to meet the expectations of the subscriber. It is
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essentially the level of guarantee of service to the user. In contrast, the definition of QoS from
the user's perspective is the difference between the Mobile User's expectations and the service
provided, or the extent to which the service meets or exceeds the opportunity'®?. QoS is
therefore the difference between the expectations of the Subscriber and the service provided
by a service provider. Fundamental elements of QoS include absence of interference or tones
on the circuit; good quality speech; proper loudness point; high signal strength; mi.nimum call
blocking; minimum call dropping; maximum handoff; and good data rates ir@&h-media
applications!®3. However, all of these elements have not been fully, c. 'b?@ within the
Telecommunication system, making a successful call uninterru;lted%.giream of all mobile

subscribers'®*. However, this was not possible due to the poor@ty of service experienced

by the mobile users. . \QQ)

Qualified Service Operations (QoS) for &?@%Obile services can be divided into four

2.25.2 Quality of Service Estimation Perspectiv

distinct sub-sectors. These sub-sectors'@? e planned QoS, the desired QoS, the Service
Provider's QoS, and the perceived (@;Q‘f the Mobile Users'®.

2.25.3 Quality of Service P n%iy the Mobile Service Providers

The mobile service @[ypically defines the Quality of Service (QoS) that it intends or
intends to provi%&{g mobile users, but it is communicated through QoS assessments that are
attributed t‘o%icular QoS parameters'®,

2.25@9ﬁy of Service Required by the Mobile Users

This indicates the Quality of Service (QoS) levels that mobile users anticipate or require from
a mobile service provider. The requirements or expectations can be expressed in technical
terms through descriptive terms that the service provider must convert into QoS parameters

that are appropriate for the service!s¢.
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2.25.5 Quality of Service Achieved by Service Providers

This is achieved through the implementation of certain key performance indicators (KPIs)
evaluated and collected from the network. These KPIs are related to the level or stage of
quality achieved and delivered to Mobile Users. This is demonstrated through the rates
attributed to certain specific aspects of Quality of Service (QoS)'?’.

2.25.6 Quality of Service Perceived by the Mobile Users . (b

The Quality of Service (QoS) of a mobile user is an indication of the quality @ service
they have received or experienced. This is typically expressed in . e level of
approval, rather than in technical terms. Consequently, the QoS. ofﬁm&gbile user should be
interpreted as Quality of Service factors to fit other perspective,‘i@y Performance Indicators
(KPI) used to evaluate and estimate the Quality of Sewiq@glmed by a mobile user for their
mobile service provider should be taken into acco(@l has a significant impact on the user
experience and expectations'®’. N ‘\&%

2.26 Measurement of Quality of Serv%g

Qualified Operational Suppo (Q@c}is the assessment and monitoring of the Mobile
Network to determine whether t%le desired value specified by the Telecom Regulatory Entity
(TEA) and Wireles @etwork Planned (WMP) is achieved and delivered to mobile
users. Additional ﬁof the factors that are taken into account in the evaluation and
monitoringﬁ Networks' performance are subject to regular adjustment as the coverage
and 9}1 requirements increase. These three are Network Accessibility (NA), Network
Retain-ability (NR) and Connection quality (QC) and the fourth factor is Network
Coverage!®®,

In order to measure and evaluate the performance of certain factors, a test or assessment is

conducted on matrices known as key performance indicators. These metrics include, but are

not limited to, call set-up time (CST), call set-up success rates (CSSR), call completion
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success rates (CCSR), call drop rate (CDR), Call set-up failure rate (CSFR), and handover
failure rate (HFR)!86.

2.26.1 Call Setup Time

Call setup time is a key performance indicator (KPI) that measures the length of time it takes
for a call to be established between users. It is defined as the time taken for a user to lift their
handset to initiate a telephone call, followed by the time it takes for the call to be ‘Eransmitted.
For example, if a user spends 8 seconds before being connected, the quality of @%;}rvice is
likely to be poor. The longer a subscriber spends accessing the networ e. king a call,
the poorer the service, and the shorter the time the subscriber s.pegac\cessing the service,

the more satisfactory the service. %’\
&

CST= - (2.13)

where 1 is a point of time where the subscriber@'%the send button on Mobile Station
(MS) and : is a point of time where conniij\‘&%stablished.

The causes of a low or inadequate cal\settip time during the call making process can be
attributed to a variety of fa ors@;ch includes inadequate coverage, low bandwidth
transmission power, low siglsgrength for downlinks or uplinks, a lack of a top-notch server,
antenna issues, fau @re units, bad dimensioning, radio interface congestion, and the
effects of interfe%@e and fading'®.

2.26.2 Call Setup Success Rate

Call@ success rate (CSSR) is a key performance indicator (KPI) that measures the degree
of ease with which a call is connected by a mobile user. CSSR is determined by the number
of calls made to a given dialled number, with a lower value indicating a more difficult
connection, while a higher value indicates an easier connection for mobile users. For instance,
a CSSR of 85% indicates that only 85 out of 100 call attempts made by a mobile user are

successful, with the remaining 15 being unsuccessful and blocked or dropped. According to
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the Telecom regulatory organ (NCC), NCC has established a satisfactory value of more than
98% (> 98%) of all attempted calls for both local and national GSM operators. CSSR is

calculated using the expression:

umber of unblocked Call attempts
umber of attempted calls

CSSR = x 100 (2.14)

CSSR = (1- blocking probability) X 100 (2.15)
The causes of a low or inadequate call setup success rate in a cellular network incltide poor
coverage, faulty hardware units, poor dimensioning, radio interface conge_sti@%l&erference

O

and fading, high antenna position, increasing traffic demand, congesti(%!he network and

low handover activity'®. . @'\

2.26.3 Call Setup Failure Rate é%

This Key Performance Indicator (KPI) quantifies the fr;:@gncy at which mobile service users

unexpectedly fail to connect calls during the pre- Qt process. The greater the CSFR value,
>

the more challenging it is for the user to‘su&

value of 15% indicates that out of 1(%%-@1 attempts made by a mobile user, 85 attempts are

successful, while the remainingﬁi%émpts are unsuccessful.
It is expressed as: %'\

umber of failed Call attempts

< p

\ umber of attempted calls

setup failure in a mobile network cell include poor coverage, inadequate

lly connect a call. For instance, a CSFR

x 100 (2.16)

The cause
dimensi @g, low signal strength, faulty hardware units, radio interface congestion, CM
sew&ections and TCH failure assignments'®’.

2.26.4 Call Drop Rate

Call drop rate (CDR) is a key performance indicator (KPI) that measures the network's
inability to maintain an ongoing call when it is connected by a GSM Subscriber. It is the
proportion of calls that are terminated before the speaking parties have completed their
conversational tone or before one of them hangs up. For example, a CDR of 7% indicates that
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for every 100 connected calls, seven (7) calls will be terminated before the calling party
(Subscribers) terminates the call. The National Communications Commission (NCC) has
established a satisfactory value of less than 1% (< 1% of attempted calls) for local and

national GSM operators. The indicator (CDR) can be calculated using the expression:

umber of dropped Calls

CDR = Total number of attempted calls x 100 (2'17)
= (1- Call Complete probability)X 100 (2.18) {b
The occurrence of call drop in mobile networks can be attributed to a yari f factors,

including a low BTS power output, a lack of a top-of-the-line s@,\a poor quality
connection or uplink, antenna issues, a malfunctioning mobile @ﬁbaﬁery, a too high

timing advance, congestion in adjacent cells, an unsucces%&xtgoing handover, and an
®

9

unsuccessful incoming handover!®. Q’Q\Q

2.26.5 Call Completion Success Rate

The call completion success rate (CCSR) @&erfomance indicator (KPI) that measures
the rate at which both users of a mObiJ%_ work initiate, get connected and complete a call. It
is the ratio between the numbe%%ﬂs successfully completed and the total number of calls
attempted. This ratio is us &xpressed as a percentage or decimal fraction. CCSR is a KPI
parameter that is ta@ ccount when assessing Network Retainability, as it is a measure
of Customer Sa tion. For example, a CCSR of 95% indicates that only 95 of the 100 call

>

attempts 8

National/Communications Commission (NCC) has set a standard of more than or equal to

y the mobile user are successful, with the remaining 5 unsuccessful. The

95% for local and national calls as a satisfactory value for all GSM operators. The KPI can be

calculated using the expression:

umber of completed Calls
Total number of attempted calls

CCSR = x 100 (2.19)
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2.26.6 Data Rate

Data rate is defined as the rate at which bits per second are transmitted over a channel. It is
the rate at which information is transmitted within a computer system or between a computer
and a peripheral device, expressed as bytes per second (Mbps). According to'*® of the Federal
Communications Commission (FCC), data rate is affected by a variety of factors, such as the
data transfer technology used, other users, and poor coverage. . ‘b.
2.26.7 Latency Q‘)i\
Latency is the rate at which data is transmitted from a source to . Q@on. It is a
measurement of the delay it takes for the data to reach its d?sti ioq across a network.

Generally, it is measured as a "round trip delay". According @eless World, a network's

latency can be calculated mathematically. ¢ $
Network Latency = Propagation de@ialization delay (220)

Propagation delay = 1‘\% (2.21)
7 O 2.22)

Serialization delay = S )

2.26.8 Data Throughput \)

'\
Throughput is a measurt e actual performance of a system, when delay is taken into

account, or the rateQ;),\ccessful delivery of messages across a communication channel. The

term "thro is often used to refer to the quantity of products or services a company is
able @ce and provide to a customer in a given time frame.

The primary reasons for low throughput are inadequate coverage, availability issues, uplink
interference, downlink interference, problematic users equipment, transmission instability

and bottleneck, accessibility issues, high radio errors and link adaptation.
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2.27 Factors Affecting Quality of Service

The service provided by the mobile network providers involves generation, transmission and
reception at different points and therefore not free from hitches. There are many factors that
affect the QoS provided by the service Providers in Nigeria. Some of these factors are:

2.27.1 Bandwidth Allocation

The Quality of Service (QoS) of wireless mobile communication is heavily influenced by the
utilization of bandwidth, which is defined as the maximum rate at whichdata”can be
transmitted across a given route!!. Bandwidth can be divided into threg_categoties: Network
bandwidth, Data bandwidth and Digital bandwidth. An example of“‘a bandwidth allocation
problem is when a telecommunications operator experiences an‘excessive number of Mobile
subscribers, resulting in a lack of channels to route calls,thegugh. This can lead to call setup
failures or congestion and queueing in the network, thus impacting the Quality of Service
provided by wireless telecommunications prdyiders!®?.

2.27.2 Handover Failure in Mobile Comniunication

In wireless mobile communication$y a*handover is the automatic switch of a call from a cell
to another within the same base Station, or from a base station to a different base station,
without interrupting,er ¢iding the active connection. During a call, handover is the process of
changing the chaniel associated with the current connection. It typically begins with either a
cell boundary,_Ctossing or a decrease in signal quality in the current channel. On the other
hand\in Wireless mobile communication, handover failure occurs when the mobile station is
moving and does not transfer an active call from the same cell to another base station or to
another base station, resulting in an interruption of an ongoing connection.

2.27.3 Call Setup Failure

Call Setup Failure (CFF) is a phenomenon that can occur in telecommunication systems

when a mobile user connects to a call, and access is granted, but the call cannot be
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established successfully, thus impacting the Quality of Service (QoS). In theory, when a
mobile call is set up, the communication call is assigned from a separate dedicated channel to
a Traffic Channel (TCH). However, if the TCH chosen is affected by cross talk, the mission
will resolve to fail, and the Assignment Failure Communication will be transmitted to the
MSC. After this, the task will be re-established. CFF is a key performance indicator (KPI)
used to assess Network performance to identify network accessibility, and is therefore one of
the primary factors that influence the Quality of Service in Telecommunication %'%’ 193,
2.27.4 Call Retention QO

The phenomenon of call retention in telecommunication s.yst S .;s when a call is
automatically held by a Mobile Service Provider after being @ed and established while
the conversation is still taking place. This simply indic’aé\s&he length of time a mobile user
holds on a mobile network following the connec@ call. However, if the conversation

terminates while the call is still in progress,.i rred to as a drop call. A dropped call is a
g;)\ p pPp

situation in which a call that has be nected is unexpectedly terminated while the
conversation is taking place. This @eommon occurrence in Nigeria's telecommunication
system, as conversations ar termlnated unexpectedly while they are still taking place. Call
retention, or the cap q)@ old calls, is one of the key performance indicators (KPI) that are

taken into accou en assessing Network Retainability in the wireless telecommunication

sector, and%efore one of the main KPI factors that influence Quality of Service (QoS) in
he \@‘Qnunications system!%4,

2.28 Wave Propagation Effects and Parameters

A wireless mobile network signal is emitted or transmitted by a Base Station (BS) or a
transmitting antenna in the form of Electromagnetic Wave or Field (EMF). These signals are
exposed to a wide range of natural environments and are designed to traverse a variety of

terrains. It appears that the transmission environments of these signals are affected in one
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way or another, resulting in a range of variations in the mobile signal level transmitted and
the unstable signal coverage received, as well as the quality of the network provided. These
parameters include Free Space Loss, Signal fading and Interference.

2.28.1 Free Space Loss

Free space loss is a condition or phenomenon in which a signal transmitted by a Base Station
undergoes degradation and diminution during transmission in a free space enviror.lment prior
to reaching the MS or the receiving antenna. Free space loss is the loss of si%&)wer of
electromagnetic waves resulting from a linear path through a free spac . 58@1%‘[, where

there are no obstructions in the vicinity that would %L@e reflection and

diffraction!®s. &C}

A )Y

N
Q‘$ Figure 2.17  An Isotropic Antenna Radiating EMF ¢
2.28. ding of the Signal
The signal strength of the transmitted signal decreases as it moves from the transmitting
antenna to the receiving antenna. This may be caused by a trend of path loss or by

interference in the transmission'?’.

2.28.3 Interference
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The phrase "interference with a signal" is commonly used to refer to the presence of
unwanted signals on a signal that should be of good quality. This can be caused by
obstructions in the signal, which can arise from the transmission of signals from the receiving
station over a distance, or from artificial materials'®®. This can lead to a decrease in the
quality of service offered by wireless telecommunication providers, as the quality of service
is affected by the presence of interference in either the broadcast or the received signals.

2.29 Maintaining Good QoS in Mobile Communication Q’&\
Despite the increasing number of wireless mobile customers in Nigeri .%e providers
must remain committed to providing their customers with suPer' cpslality services. The
quality products help to maintain customer satisfaction and lox&gb\as well as reduce the risk
and cost of replacing defective products. By accediﬁg‘\l&a recognised quality standard,
companies can build a reputation for excellenceﬂ%‘%ﬂy, Nigeria is home to four major
wireless mobile operators: Airtel, 9mobile, @ym, and MTN.

In the meantime, subscribers of mobil%@s typically lodge complaints through a variety
of channels, including telephongﬂ)@% customer call centers, visits to customer care units,

and visits

to {w
websites. (\ )QQ

searches on the Network providers'

{E:; Clireset sigrieal @ hilalies P iraticm @ Builcfing Peaoabration
@ Diftracticer '@ Iriterrforaroe
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Figure 2.18 Factors affecting Wave Propagation®®

Prior to making a call, Mobile Users may experience a variety of major issues, such as
difficulty making a call, inability to recharge, SMS transmission issues, balance issues, and
other related issues?’!.

2.30 Wireless Communication System

The mobile communication system consists of a transmitter, receiver, and ch.annel. The
transmitter consists of a burst builder, a modulator, an up-ampler, and a filter. @uilding
blocks accept the generated information bits as input and attach speci . N?ﬁ guard bits
to form a frame structure. Modulation blocks map bits to symbE)ls 'ng\ generated bursts as
input. To generate a continuous, limited band signal that cak%}ansmitted over a carrier
frequency band, the modulated signals are processed@ugh the up-ampler and pulse

shaping filter, and the channel should take into accﬁ&xiing effects.
- <A\
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Fi@ Block Diagram of a Typical Wireless Cellular System?*?

Figu hows a general block diagram for a wireless cellular system, which is a subset of

the GSM network. The design below is also based on this general published framework.
2.30.1 Analysis and Design for Queuing of Handover Calls (e.g GSM)

The objective is to facilitate communication in a smooth and congestion-free manner. The
benefits of the system include timely reporting of handover calls in congested network
environments to enable maintenance and problem-solving. Figure 2.20 illustrates a use case

diagram 1illustrating the parties involved in the system interaction and their respective
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roles.

User Case Diagram
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2.31 ine Learning

Machine learning is a major sub-field of Artificial Intelligence that is revolutionizing a

variety of industries due to its capacity to surpass the capabilities of human experts in

automating complex tasks. A machine learning approach, referred to as "deep reinforcement

learning" (DRL), is employed to teach computers to learn. DRL is a combination of RL and

DL204.
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In the general category of machine learning, supervised machine learning is the most popular
sub-track, followed by unsupervised machine learning, reinforcement learning, semi-
supervised learning, self-supervised learning and more. This sub-track is highly adaptable
and scalable, making it suitable for a variety of applications and sectors. The main advantage
of supervised learning is that a labeled data set is available, allowing the model to learn from

both the input and output. For example, a model may be trained to anticipate a future output

by sending a future input to &appmg

N

Supervised

Unsupervised

Machine Learning Types

Semi-Supervised

Reinforcement

N/
Figure 2.21 Ovewi@machine learning types?®.

The two main types of supeéiﬁg‘?eaming problems are those based on regression and

classification. In a regressi ased problem, the model predicts a continuous value, such as
the price of stocks@ in a classification-based problem, it predicts a specific discrete
value, categ%é\lass, such as whether the price of stocks will rise or decrease. Discrete
values ca@e any number, as long as the values of the number are known beforehand. For
example; a computer vision problem can have a million classes to distinguish, and it is
classified. In contrast, an anomaly detection problem is a classification problem, as the model
must predict whether a particular point or sequence is abnormal or not. Unsupervised learning
is a type of machine learning in which there is no prior knowledge of the output, making the
problem of unsupervised learning more difficult. On the other hand, in Natural Language

Processing (RL), there is no input or output, and the learning process is dependent on the
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agent's interactions with the environment and the feedback signals it receives from those
interactions??. Self-supervised, one-shot and several-shot learning models are based on the
use of both labeled and unlabeled data, with the model attempting to generalize the learning
experience using a limited amount of labeled data and augmenting it using unlabeled data. In
order to apply unsupervised and supervised machine learning models for anomaly detection,
models from both categories have been selected®”’. . (b

Anomaly detection problems are often posed by anomalies that are not labeled @malies,
which can be transformed into supervised classification problems a . Q@pplied to a
suitable model to yield good performance. However, this is oft.en &t&\e case, and in such
cases, domain experts may be required to label data and provid&@?lance and instructions for
the labeling process. While this may be a cost-effectiv‘e@%on, it can be time-consuming
and expensive to have domain experts labelling @%An alternative solution is to have
meta-data or additional information reg %%e data set, such as the percentage of
anomalies or contamination value. Wit@ mformation, confidence interval-based statistical
approaches can be used to fla the%ch‘ous anomalies based on model performance. This is

the methodology to be fol@e&l in our thesis, as the anomalies are not identified in our

éataset. C )QQ

Regression

Classification

Machine Learning Tasks

Data Reduction

Clustering

Anomaly Detection

Figure 2.22 Overview of Machine Learning Tasks?*®
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Machine learning techniques are applied in numerous areas to solve different kinds of tasks.
Five common tasks are explained as follows:

* Regression: Regression, also referred to as value estimation, is the process by which the
input features are associated with a numerical continuous variable. Machine learning
techniques are employed to minimize the error of the prediction by optimizing the
coefficients associated with each independent variable. The output variable can lge either an

integer or a float-point number. Q}(\

0

* Classification: Input features are associated with one of the individual output variables
. . . . Y .\ .

based on the classification. An output variable is used to represent{@ ass of the underlying

problem. For binary classification, an output variable ca&@')&ither one or zero, while an

output variable for multidimensional classification % more than one class.

* Clustering: Clustering is the process of;d@g data points into logical categories. The

pattern of similarity between data poi% es to unify the data. Clusters of similar points

are used to provide data scientists v&@ aluable insights.

* Data Reduction: Data ion operations can reduce the number of numbers due to the
presence of noisy c@l)nstances or repetitive data points, as well as the deletion of certain
rows (data i@. Additionally, features that are strongly related or are not of great
impo @m y be removed from the dataset in order to generate models more quickly.
Generally, data reduction work is employed as a complement to other machine learning

operations, such as regression and classification.

* Anomaly Detection: Unsupervised learning techniques are frequently employed to address

anomaly detection issues. Anomaly detection techniques are employed to organize the
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samples in a manner analogous to that of a clustered algorithm. These methods are employed

to identify any anomalies in the dataset.

2.31.1 Application of Machine Learning in Telecommunication Industry

The telecommunications sector generates and stores a vast amount of data, including call
detail data, network information, hardware and software component status, ang customer
information. This vast amount of data necessitates manual data analysis, makingé'u}ﬁcult or
even impossible to analyze manually?®. The telecommunications i .?\?ﬁs a major
determinant of a nation's economic and social development.on gkobal level, and its

development is essential for the overall development of all a@ of society, politics, and

economics. The telecommunications sector is highly® @mic and Machine Learning is

employed for a range of purposes?!?. @
2.32 Related Works N @

Many researches had been carried out'%c' tion models of handover call drops. These are

some of the reviewed research @%

The demonstration of an A 'f;or the optimal selection of call drops in a GSM network was
presented using RS 1.®tardware currently available to read the RSS was used to collect
and develop RSSXR%rameters over time. Data sets from four different MNOs were obtained
and used te%puts and targets for ANN training, testing, and prediction. Simulated
para@s were used to demonstrate high accuracy, with 0.99 being the most consistent
value. The output regression plots of the graph showed a linear distribution of the selected
RSS values compared to the real value results obtained. The developed method was
successful in selecting the network optimally-

A DNN model for the purpose of evaluating and predicting traffic activity levels derived

from telephone calls, SMS transmissions, and Internet usage was proposed?!2. The model was
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able to generate predictions of the traffic activity level and related probabilities that
corresponded to the anticipated traffic levels, with an overall accuracy of between 98.6% and
99.8%.

A call drop prediction model in real time cases, taking into account GSM parameters using an
Artificial Neural Network (ANN)?'3. The GSM quality of service parameters used in the
model are Received Quality (RQ), Bit Error Rate (BER), Received Signal Le.ve(lb(RSL),
Timing Advance (TA) and Frame Error Rate (FRR). This model will be usefu%'fo;\felecom
operators to conduct surveys and optimize their telecom network in ord t. 6@ the rate of
call drops. The use of ANN for the growth of the call drop st.ruc e Lan then be used to
predict and classify call drop events in a GSM network. The @l was found to be 87.5%
accurate in predicting call drop events. This suggests th@ drops are not only associated
with the strength of the signal or the unsuccessfu‘l@%er, but also with the parameters of
the telecom network that caused the calls t d;{&%

An optimization model to assess the ro ;iré)ss of a Self Optimizing Network in relation to
mobilit using an Annular Netw rki@%twork (ANN) is used to determine whether drops in
calls exist or not in a stable active mode?!'*. The ANN was used to predict call drop at
handover, with a p @%e accuracy of 95%. The study examined various parameters of
mobility that are‘iQs;ponsible for drops in calls during handover, including subscriber speed
(meter/second), signal strength (dBm), set of calls (seconds), base station distance (meters),
call @on (seconds), latitude and longitude, and the result of a call (1 and 0). The data was
collected with the aid of Network Signal Application.

The causes of call drops in telecommunications network networks and proposes potential
solutions to address them was examined?!®. Extensive data sets have been collected from
telecommunication network operators, including subscribers, network operations, network

applications, and real-time call processing. These large datasets offer valuable insights into
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business operations. The study employs an LR (Linear Regression) algorithm, which is based
on the principle of predictive analysis. Three main benefits of linear regression analysis are
the ability to measure the impact of forecasting, the strength of predictors, and the forecasting
of trends, with performance accuracy rates of 97.5% and 94%.

Machine Learning (ML) techniques can be employed to anticipate the drop of calls in a real-
time network. During the fifth generation of fifth-generation telecommunicatior.l n(egvorks,
operators are utilizing ML techniques to self-organize networks was examined”@% causes
of the drop in calls can range from a failed handover to capacity and ¢ : }?@sues. In the
current networks, these issues are addressed by analysing lfey&gﬂg)rmance indicators,
however, these parameters are often not specific to users or se&@ This study examines the
use of machine learning techniques, such as Logistic 'r@ssmn and Neural Networks, to
classify the state of links. It also examines the paﬁ%& s that indicate the connection status
of the link, such as the Block Error Rate (a]%b%eference Signal Received Power (RSRP),
and other relevant parameter. '6'

Machine learning can be used t pr@‘ network issues in the past, particularly to address call
drop issues in telecommt&a}}ions networks?!”.  Troubleshooting of telecommunication
networks is traditio@gg%nual task that requires professionals to monitor the network 24
hours a day. Th?s\gtu y proposes the development of Troubleshooting Trees, a machine
learning softwate tool that utilizes an unsupervised methodology to automate the detection of
perfce anomalies in telecommunications networks. This methodology combines several
machine learning algorithms, such as clustering and decision tree, to create a tool that
requires minimal information and is quickly trained. Experiments conducted on operational
cellular networks commercially have demonstrated that Troubleshooting Trees can accurately

identify and classify network anomalies.
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Chapter Three

Methodology
This chapter examines the research methodology employed in improving call quality for call
drops during handover in cellular communication. It outlines the techniques eznployed to
make these predictions. The initial step of the analysis is to employ a s%ﬁ&ed data
collection methodology to acquire the data used as an example in this % the aim of

training and testing the prediction models.

The Call Setup Success Ratio (CSSR), which is the ra’[i@%ﬁe unblocked number of calls
attempted to the total call attempt, is known as the@%etup Success Rate". The "Dropped
Call Rate" is the percentage of calls that are )éiyated prematurely, either by the caller or
the called party, and the "Standalone% ted Containment Rate" is the rate at which a
dedicated control channel can@%essed during call setup. Both CSSR and TCCH are
measures of the probability %ﬂgt being able to access a dedicated control channel for voice
and data transmissi @%en mobile devices and base stations. Communications in the
phone call servic&éggment are much more widely distributed than those in the internet data
service segment.

3.2.@9etup Success Ratio (CSSR)

The CSSR is a measure of the percentage of calls that are successfully connected to the
desired phone number, taking into account the fact that not all attempts to connect to the
desired number are successful due to various factors. It is calculated as the ratio between the

number of attempts that are not blocked and the total number of attempts!.

umber of unblocked Call attempts
umber of attempted calls

CSSR =

x 100 (3.1)
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CSSR = (1- blocking probability) x 100 (3.2)

3.2.2 Call Drop Rate (HCDR)
DCR stands for "Dropped Call Rate", which is the rate at which a call is terminated before it
is typically released by either the recipient or the caller. This rate is calculated as the ratio of
the number of calls that are dropped to the number of call attempts'.
coR- ey qﬁ%
= (1- Call Complete probability) x 100 ‘%\ (3.5)

3.2.3 The Standalone Dedicated Control Channel Congestlon-m\‘ N

5\

This is the likelihood of not being able to access the SD@ring the call setup process.

The purpose of the SDCCH is to provide a @16 link for signaling and SMS

communication.
B
H)

3.2.4 Traffic Channel Congestion Ra%

Traffic channel congestion (T ngey performance indicator that affects the performance
of a GSM network and cu satisfaction. It is the likelihood of not being able to access a

traffic channel whil@g p a call for voice and data transmission between a mobile phone

and the base éa@l
ch%% X100 (3.6)

108



3.3 Simulation Parameters

Table 3.1 shows the simulation parameters

Attribute

Description

total available channels Number of channels entered

Type of call
number of periods
calls accepted

calls dropped rate

total No of _calls

timePeriod

times \
~

si%l_strength

Qll_setup_success_rate

tech 1,tcch 2

by the user

To identify either the call is

‘ﬁ‘meric or String

new generated call ‘\%.\

Number of simulation &%’\

periods the user entere& %
Number of acce 69\
successfully ad(%
Number oﬁ@rejected

Nu\%‘p all calls admitted
a ped

'\)%)Hne taken for a simulation

}73 Call dropping probability

call dropping pro@
cell_tower_>C)Q

Cell Tower in the Network
Time Information
Simulated Signal Strengths
Rate of Call Setups

Traffic Channels in the Network

Numeric

Numeric

Numeric

String

Numeric
Numeric
String
Numeric
Numeric
Numeric

String

(Source: Researcher, John-Dewole T. 2023)

3.4 System Models for the Improvement of Call Quality for

Handover in Mobile Communication
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System models for the improvement of call quality for calls drop during handover in mobile
communication are:
1. First KPIs cells are collected.
2. Next the collected dataset is preprocessed. As a result, training and testing datasets are
generated.
3. Using the training set, the LSTM, CNN and Ensemble algorithms is trained.to develop
GSM identification model. Q')i\
4. Then using the testing dataset, the trained model is tested. : QO
5. Next the performance of the developed model is evaluated ugir@sgiﬁcation evaluation
metrics. \

N
6. If the model meets the required performance cri e;%\ﬁrg prediction model for mobile
Communication is produced. Unless, the algorit éoptimized by tuning hyperparameters

then passes through training, testing, @l ating steps until the model meets the

performance evaluation criteria. (b‘%.
The system model required to wthe prediction of network congestion for queuing of call

drops in mobile commun@ ?s shown in figure 3.1.

QQ

>

>
S
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LSTM, CNN,
Ensemble Algorithm

Cell KPIs

\w/

Data Preprocessing

No

Training
hyperparameter

«

-
-

Training
Training Testing
Model . Model
N A A~ I |
\ NS
% Evaluating
(b, Performanc

'\

Q

Accepted

?

Yes

GSM Prediction
Model

Fig@b System Flowchart (Source: Researcher, John-Dewole T. 2023)

3.5

arch Framework

This section outlines the process of constructing a call drop minimization model. Figure 3.2

outlines the research framework, beginning with the data collection step. The data is then

preprocessed by feature scaling, and the dataset is divided into two categories: training and

testing. The training dataset is used to construct the model, while the testing dataset is used to

validate it. In this study, 70% of the data is used for training the minimization model to make

up the ensemble and each model in the ensemble will be trained on the subset of the data and
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30% for testing the dataset i.e for evaluating the ensemble performance, which also serves as
a validation set to assess how well the models generalizes to new, unseen data.

The model is developed using the training dataset, with the number of layers, optimizers,
learning rate, and loss function being identified during the model development phase. This
phase is used to design the model structure and adjust the parameters. Finally, the calculated
data is scaled back to its original scale to determine the error. The validation_step is
conducted with the testing dataset, resulting in the optimal model. Finally, the prediction of

the time series is conducted using the optimal model.

Data Collection

Data
Preprocessing

-

A ( N
[ Training Data & | Data Splitting l:{ Testing Dataset ]
J - J =

Developing

time series

Bedicion Model validation

model

LSTM, CNN, Ensemble Models

[ Minimization Model ]

J
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Performance Criteria
Figure 3.2 The Research Framework (Source: Researcher, John-Dewole T. 2023)
3.6 Understanding of the Data

Understanding the data is a crucial step in any machine learning project. In this section, we

discuss the data collection, description, preparation, and formatting processes.
3.6.1 Data Collection . (b‘

The data used in this study was collected from various sources, includin rea\q%am the data

acquired from National Communication Commission) and simulated “glecommunication
. . . XN

service providers, network equipment logs, and user feedback %@ was from a random

generalization of synthetic data (secondary data) e.g sigrﬁ@gth, data usage, congestion

levels. The dataset comprised network performanc@and infrastructure information.

To create the minimization models, we co@si real-world data from NCC. The data
collection process involved accessing lgfép rate, call setup success rate, traffic control
congestion rate from telecommun@‘h service providers. We also obtained data on the

geographical locations of bakﬂgns and their corresponding coverage areas, and the steps
'\

involved are; : Q’Q

o Defi (@raphical Area: Determine the geographical areas one wants to simulate
e rbé

areas.

Qenerate Base Station Locations: Use random generalization within the defined
geographical area, i.e it identifies the coverage requirements of the base station.

e Signal Strength Assignment: Simulate signal strength variations within the coverage

arcas.
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e Data Format: Organize the generated data in a structured format, including fields for
base station location (longitude, latitude) coverage area details, signal strength and

network load.
3.6.2 Collected Data Description with the Performance Metrics

The data collected encompassed a broad array of characteristics, such as signal strength,
duration of calls, type of call, location, day of day and network performz&m@trics,
including throughput, latency, packet loss rates and more. Additionall ; '%amps were

%

included for each observation, enabling the analysis of temporal t%t dataset of 3000
the period from July 1%

data points covering 30 cell towers was compiled and used, spa@‘
to 10" July, 2023, with each cell running for 5 minutes, IQQ&’h&portant to note that this table
only represents a sample of the full dataset, whic@ts of 3000 data points spanning 30

cell towers. . ‘@

Table 3.2 Dataset Compilation (Sim tQD)ata)

>
,\)Q)
S
S

>
S
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Timestamp Cell TowerSignal_Stre Call Drop Data_Usag Longitude Latitude Call Type CongestionCSSR
01/07/2023 8:00 Tower_01°¢ -82  2.998088 207 33.81849 -86.6241 Voice Low 98.6643
01/07/2023 8:05 Tower_02¢ -78 1.820971 230 31.11428 -89.0754 Data Medium  92.75583
01/07/2023 8:10 Tower_02(C -80  2.78229 203 33.90724 -88.9105 Data High 93.94189
01/07/2023 8:15 Tower_014 -88  1.06543 436 32.83883 -88.8066 Data Low 99.73535
01/07/2023 8:20 Tower_007 -86 1.165722 381 32.13495  -89.878 Data Medium  93.60169
01/07/2023 8:25 Tower 011 -88 2.716815 352 30.71074 -89.6582 Data Medium 95.69196
01/07/2023 8:30 Tower_01C -83 1.972199 434 33.55252 -85.8764 Data Medium  92.05008
01/07/2023 8:35 Tower_002 -74  1.555191 288 30.8289 -89.8449 Voice Medium  93.43025
01/07/2023 8:40 Tower_022 -80 1.07888 267 32.8941 -89.08 Data Low 90.70681
01/07/2023 8:45 Tower_024 -87 1.828988 327 34.77104 -85.6043 Voice Low 97.5629
01/07/2023 8:50 Tower_01¢€ -80  2.30169 287 31.11163 -85.1446 Dafa Medium  93.22861
01/07/2023 8:55 Tower_021 -77 2.311691 347 31.00937 -87.24] \oice High 95.67683
01/07/2023 9:00 Tower_00% -83 1.373318 200 3259223 -88%330% Data High 96.23879
01/07/2023 9:05 Tower_004 -89 2.258759 205 34.01666 -88.4468 Data Low 92.87477
01/07/2023 9:10 Tower_027 -75 2.922858 477 32.84962¢ ™86.6266 Voice Medium  93.12852
01/07/2023 9:15 Tower_027 -76  1.66247 370 34.617Z1% -89.8465 Data High 94.81684
01/07/2023 9:20 Tower_023 -82 2.779704 373 3461962 -86.8712 Voice Medium  97.06754
01/07/2023 9:25 Tower_017 -76 2.362483 215,433,57608 -85.7716 Data Medium 93.7824
01/07/2023 9:30 Tower_01€ -82  1.91768 202\, 32.82164 -87.4706 Data Medium  95.86642
01/07/2023 9:35 Tower_01¢& -75 197571 263" 32.72983 -88.5067 Voice Medium 91.57103
01/07/2023 9:40 Tower_02° -85 2.792696 417 34.95438 -85.9755 Data High 92.39913
01/07/2023 9:45 Tower_021 -76 2.557228 415 31.14988 -87.6306 Data Medium  93.49368
01/07/2023 9:50 Tower_012 -75 1138691 448 32.18896 -86.956 Voice Medium  95.80605
01/07/2023 9:55 Tower_02( -79 _2(631538 448 30.0584 -87.2294 Voice High 96.1744
(Source: Researcher, John-Dewle ¥ 2023)

Time Cell_To_\Signal  Call Dr Data_ Long Lati Call Congesti CS TC

stam wer_IDN_Strengt op Rate Usage itude tud Typ on Level SR C

p h e e H

2023- Tower  0.635 2.315 0.207 0.611 0.39 Voic Low 9. 1.3

07-01 002 3 e 4

08:00

:00

2023- Tower  0.748 2.789 0.414 0.241 0.28 Data Medium 92. 2.0

07-01 017 1 1

08:05

:00

2023- Tower  0.519 2.592 0.736  0.302 0.74 Voic Low 95. 1.5

07-01 008 7 e 2

08:10
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:00

2023- Tower  0.440 1.585 0.243  0.858 0.54 Data High 87. 3.1
07-01 003 8 5
08:15

:00

2023- Tower  0.527 2.311 0.823 0.087 0.22 Voic Low 94. 1.9
07-01 021 3 e 8
08:20

:00

Sample of Dataset N\
&

(Source: Researcher, John-Dewole T. 2023) l%\QO
. yﬁ'\

3.7 Data Pre-Processing
Pre-processing the data prior to feeding it into a machine l@g model is necessary to
ensure that it is in a format that is suitable for the mo.d@his pre-processing includes the

processing of missing values, the detection of @rs, the scaling of features, and the

standardization of data. The data pre—proc&é@s included:

1. Handling Missing Values: @'identiﬁes and handles missing or values in the

dataset using methodsﬁt&l&ng imputation and removal based on the nature and

significance of mi@dﬁta.

2. Data Tr s@mtion: This transforms categorical variables (e.g., call type) into

nurr%@epresentations using one-hot encoding.

@ure Scaling: To ensure that all features contribute equally to model training, we

scaled numerical features to a common scale..

4. Data Normalization: For certain machine learning models, such as neural networks,
we normalized the data to have a mean of 0 and a standard deviation of 1, ensuring

faster convergence during training.
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5. OQOutlier Detection and Removal: This identifies outliers that could adversely affect

model training and removed or adjusted them accordingly.

Temporal and Spatial Aggregation: As the raw data was collected at different time
intervals and locations, we aggregated the data into larger time intervals (hourly) and

grouped data based on geographical regions (cities).

Feature Selection: To reduce computational complexity and focus @evant

features, we performed feature selection techniques including corrgiq@alysis and

recursive feature elimination. This trimmed our dataset of “grelevant features
. )\%'\

including personal data.

I 1

e\ je=========3 | Model :
s I I

ﬂ, Data Preprocessing ! Data Spitting : Development !
QO ! ! !
]

1 ‘ I 1

i | Handling Missing : i | LSTM/CNN i

I | Values - { Training Set combined with a :

! : : weighted average | |

! | i ensemble models | |

! l - I parameter :

| | Data Transformation : i

i E Validation Set | -

I ; I
Dataset l : ] :
(Simulated) , ! i 1ne :
I Feature Scaling I 1 I hyperparameters |

i 117 i ) and avoid :

: : : : overfitting :

! : I b I

I . I L | |



] |

Outlier Detection
and Removal Testing Set | mm) Model’s

l Evaluation

Feature Selection

P
O
S

Figure 3.3 Model Conceptual Design (Source: Researcher, John-Dewole T. 2023)
. "

3.8 Data Formatting

Q
In o@o effectively use data for deep learning purposes, it is necessary to format it into
suitable structures, such as sequences of time for convolutional neural networks (CNNs) and
geographical maps (Image-based models). To facilitate the analysis of network congestion in
mobile communication queuing, the data was pre-processed into time series sequences, with

the length and number of time steps determined by trial and error and the type of data.
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Table 3.4 Data Formatting Steps for Improved Call Quality for Call Drops Minimization
during handover in Mobile Communication

Data Processing Step Description
Temporal Aggregation Aggregating raw data over larger time intervals (e.g.,
hours)
Spatial Aggregation Grouping data based on geographical regions (e.g.,
cities) (b,
Feature Selection Retaining only relevant features. Q)call drop
minimization
Time Series Prep. Formatting data as time sefi@ilpences for sequential
models %}
(Source: Researcher, John-Dewole T. 2023) 4@
By implementing these data pre-treatment and fo ilg steps, the data was adequately

prepared to train machine learning models, reducifig the amount of noise and bias and

increasing the model’s capacity to extrapo@ej new data.

>

3.9 Machine Learning Model Q:b‘

Machine Learning is a subfield of artificial intelligence that focuses on developing algorithms
and statistical modﬁt) entable computers to learn from and make predictions or decisions
based on dat s@that they are able to make those predictions or decisions without explicit

programming.

In this study, we employ deep learning techniques for improved call quality for call drops

minimization during handover in mobile communication.

3.9.1 Neural Network Architecture
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Neural networks are a class of machine learning models inspired by the structure and
functioning of the human brain. They consist of interconnected layers of neurons (also known

as nodes or units) that process and transform input data to produce the desired output.
The architecture of the neural networks comprises the following layers:

Input Layer: The input layer receives the pre-processed and formatted data as its input. In

the input layer, input values, in our case cell feature values, are fed to the neu&&twork

algorithm. The number of neurons in the input layer corresponded to thé‘u@@ of features

.‘6'»

For example, data containing features like signal stren@all type, and network

in the data.

performance metrics, the input layer would have neu.ro@corresponding to each of these

features. QQ

Hidden Layers: The hidden layer is in @xo performing mathematical calculations on
the input layer's input values. The hi yers are the intermediate layers between the input
and output layers. Each hidden&xz;k consists of multiple neurons that apply transformations
to the input data using wei [connections and activation functions. The number of hidden
layers and the n@l}eg of neurons in each layer are usually determined through

experimen@ can be varied based on the complexity of the data and the task.

Acti unctions: Activation functions on weighted inputs are used to generate the
hidden layer's output. Activation functions introduce non-linearity into the neural network,
allowing it to approximate complex relationships between features and the target variable.
Commonly used activation functions include ReLU (Rectified Linear Unit), Sigmoid, and

Tanh.

120



The ReLU activation is often used in hidden layers for its simplicity and effectiveness in

preventing vanishing gradients.

Output Layer: The output layer produces the model's output, which is derived from the
hidden layer's output. The output layer produces the final prediction of a model based on the
processed data. The number of neurons in the output layer depends on the nature of the
prediction task. For binary classification tasks (e.g., predicting congested or not ch@L&:d), a
single output neuron with a sigmoid activation function is used, wherﬁ%&nulti-class

classification tasks required multiple output neurons with Softmax activﬁ%

[ ) ”
For example, where we we’re predicting congestion levels a%&‘ﬁedium, or high, the

output layer had three neurons with Softmax activation. , 4@

N

Dropout (Regularization): To prevent overﬁtt®ve introduced dropout layers in the
neural network. Dropout randomly deacti .t®fraction of neurons during each training

iteration, forcing the network to rely@ ifferent pathways for making predictions and

promoting better generalization\)Q:b‘

Dropout rates represent t c'éntage of neurons on the hidden layer that were deactivated
during training. Th@ dropout rate of 0.2 means that 20% of the neurons in each hidden

layer were r. @y deactivated during training.

For @Qproved call quality for call drop minimization during handover in mobile
communication task, we used deep neural network architectures due to their ability to capture

complex patterns in data.

3.10 Types of Artificial Neural Network
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We explored various types of artificial neural networks used in this study, each suited for
specific tasks within the improved call quality for call drop minimization during handover in

mobile communication.
3.10.1 Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) are primarily designed for image analysis tasks,

making them suitable for geographical analysis related to the network infrast&t and

°
coverage arcas. ; \%

Convolutional Neural Networks were primarily used for image qn@&weq—related tasks. They
leveraged specialized convolutional layers to automatically @t relevant features from
images. : \QQ

We experimented with using Convolutional Neu@tworks in improving call quality for

call drops minimization during handoverc.)@ge communication due to their ability to

capture special patterns in data. %

The following are the beneﬁw NN in predicting of network congestion in mobile
communications: @ﬁ

e Spacial an@poral Feature Extraction (Grid —Like Data): Mobile network

data @s the signal strength often have a spatial structure, especially in the

@ra hical contexts. CNN are adept at learning hierarchical spatial representations,

apturing patterns and features across different regions in the network.

e Robust to Spatial Variability: CNN are designed to translationally invariant,

meaning that they can recognize patterns regardless of their specific location as input.

This is beneficial for capturing congestion patterns and may shift geographically over

time.
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e Handling Multivariate Spatial Data: If the data involves multiple channels e.g
signal strength, CNN can handle multivariate spatial data effectively by processing
each channel independently.

e Adaptability to Different Network Layout: CNN can be adapted to different
network layouts, making them suitable for predicting congestion in diverse mobile
network configurations. . (b

3.10.2 Recurrent Neural Networks (RNNs) Q}(\

Recurrent Neural Networks are well-suited for sequential data analysi \%ng them a
natural choice for our improved call quality for call drop minizn@n\during handover in
mobile communication task using time series network perfon‘&%metrics. The architecture

of recurrent neural networks allowed for feedback cb@tions, enabling the network to

maintain internal memory and process sequences (@ effectively.

3.10.3 Long Short-Term Memory (LST@M\works

Long Short-Term Memory (LSTM}%’VVorks are a variant of RNNs that address the
vanishing gradient problem, allﬁsgig%)for the capture of long-term dependencies in sequential
data. Long Short-Term r? (LSTM) networks were employed for the improved call

quality for call dro@mization during handover in mobile communication due to their

ability to m‘@oral dependencies and patterns.
3.11 Models Creation and Performance Evaluation
In this section, the models were created for the improved call quality for call drops

minimization during handover in mobile communication and their respective performance

evaluations.
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Long Short-Term Memory Model for Improved Call Quality for Call Drop Minimization

during Handover in Mobile Communication.

O LSTM (Long Short-Term Memory) neural network, improved call quality for call
drops minimization during handover in mobile communication levels based on

sequential network performance metrics was developed.

U The LSTM model was chosen for its ability to handle tempora]@ential
dependencies and patterns in the sequential data, memory cell@s sequence
lengths and multivariate time series, gather historical netv&r?( ta such as signal

.\

strength, identify relevant features, split the data into traigﬁédn testing.

&
&

e Input Layer: The LSTM model's 4@ layer received sequential network

3.11.1 Model Architecture

performance metrics for each cell tower’

e LSTM Layers: Multiple L%M ;ayers to learn temporal patterns and dependencies

from the sequential datm employed.
.\

e Dropout L @opout layers were introduced between the LSTM layers for

regulariz%iqr} to prevent overfitting.

. Fw onnected Layers: The output of the LSTM layers was flattened and fed into

Qly connected layers for further processing.

e Output Layer: The output layer produced probability distributions over the classes
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Figure 3.4 The Strufh;@.STM Cell?

A typical structure of LSTM cell is sh@ in Fig. 3.3. The cell consists of four gates: Input
gate, input modulation gate, fm@e and output gate. Cell state is modified by the forget

gate placed below the cell ﬁ%@md also adjust by the input modulation gate.

3.11.1.2 Trainin%gj‘.gvaluation

. Daf%litting: The pre-processed data was split into 70% training allowing it to
@g patterns and relationship during the cell, 15% validation used to tune
hyperparameters and evaluate the model’s performance during training and also
prevent overfitting and 15% test sets reserved to assess the model’s performance after
training. It serves as a completely unseen dataset, giving an indication of how the

model generalizes to new, unseen data.
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e Loss Function: Categorical Cross-Entropy Loss was used as the loss function, as this

was a multi-class classification task.

e Optimizer: The Adam optimizer was chosen for its adaptive learning rates and

momentum.

o Learning Rate Schedule: Learning rate decay was employed to reduce the learning
rate during training. :@b‘

e Regularization: L2 regularization was applied to the LST @8@0 prevent

overfitting. %'\
>

e Evaluation Metrics: The model's performance V&éﬁ&%\ialua‘[ed using accuracy,

S

3.12 Model Fine-Tuning and Hyperparamet&() mization

precision, recall, and F1-score.

To achieve the best performance from eQS?"M and CNN models, we conducted extensive
model fine-tuning and hyperpara@ optimization. Fine-tuning involves adjusting the

model's architecture and pz@)s to optimize its performance on the specific prediction
'\

task. QQ’Q

For the LST 1, different numbers of LSTM layers were experimented with, hidden
units, and 6t tion functions. The dropout rates and the amount of L2 regularization applied
wer@d to prevent overfitting. The batch size and number of epochs were adjusted during
training, and learning rate schedules were fine-tuned to find the optimal learning rate decay

rate.

Similarly, for the CNN model, different numbers of convolutional layers were explored; filter
sizes, and activation functions. We also experimented with different pooling techniques, such

as average pooling, in addition to max-pooling, to identify the best approach for down-
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sampling the feature maps. The impact of batch size and the number of epochs during

training were also assessed.

Hyperparameter optimization was performed using techniques such as grid search and
random search to efficiently explore a wide range of hyperparameter combinations. The

goal was to find the hyperparameters that maximized the model's performance without

&

After fine-tuning the LSTM and CNN models, their performance were e‘@ted based on the

overfitting on the training data.

3.13 Model Evaluation and Analysis

test datasets. The evaluation involved computing various metrics % Zﬂysing the results to
gain insights into the models' behaviour and capabilities. é%

3.13.1 CNN Model for Geographical Analysis ,@

In addition to predicting congestion levels, a C onvolutional Neural Network) model

for real and simulated data was explorfd. @' onvolutional Neural Network aimed to

identify areas with potential netwo %\rerage issues based on geographical maps and

infrastructure data. \)Q)
'\

3.13.2 Model Architectu@

e Input Lz‘\r\ei he Convolutional Neural Network model's input layer received

ge@%@dl maps and infrastructure data as input.

Q)nvolutional Layers: We used multiple convolutional layers to extract relevant

features from the maps and infrastructure data.

e Max-Pooling Layers: Max-pooling layers were employed to downsample the feature

maps, reducing computational complexity.

e Fully Connected Layers: The output of the convolutional layers was flattened and
fed into fully connected layers for further processing.
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e Output Layer: The output layer produced binary predictions, indicating areas with

potential network coverage issues or not.

Fully
- Conrectesd
Cormaluticn
o PR = S
Input 555 Inl:"-'
y
F
Y .
Feature Extraction Classification

NS

Figure 3.5 CNN Architecture for Time Ser\'ﬁ"

2
3.13.3 Training and Evaluation of CNN for Time Ser.iesQé

o Data Splitting: The geographical data waﬁ@o 80% training i.e the model learns

from the dataset, adjusting its para§%;\é&{‘%a capture patterns and features in the input

data and 20% test sets is used

N

e Loss Function: Bﬁxry\ Cross-Entropy Loss was used, as this was a binary

classiﬁcatio@ tasQ 57

uate how well the model generalizes to new,

unseen data.

o Optimi The Adam optimizer was chosen for its effectiveness in training

Q@o utional Neural Networks.

o Evaluation Metrics: The model's performance was evaluated using accuracy,

precision, recall, and F1-score.

3.14 Model Interpretability and Explainability

Model interpretability and explainability were crucial aspects of our analysis, especially in

the context of real-world deployment and decision-making. Understanding how the models
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arrived at their predictions was essential for gaining trust and confidence from network

operators and stakeholders.

For the LSTM model, we employed techniques such as attention mechanisms and saliency
maps to visualize the importance of specific time steps and network performance metrics in
making predictions. Attention mechanisms allowed us to highlight which time steps had the
most significant influence on congestion predictions. Saliency maps provided ingi\ into

which performance metrics, such as call drop rates or signal strength, had the Q%‘ﬁ&lmpact on

congestion predictions for specific cell towers. ‘%

[ ﬂ
For the CNN model, we used techniques like Grad—CA]\@liem—weighted Class
Activation Mapping) to visualize which regions on the, g@ical maps contributed most
to the model's decision-making process. Grad—C@ved us to identify areas that the

model considered critical in predicting netwqug& erage issues.

These interpretability and explainabili‘r%e'c niques facilitated better understanding and trust
in the models, enabling network cgr-ators to make more informed decisions and take

appropriate actions based o 0461 predictions.

3.15 Ensemble M@ebg’Q
N

In pursuit %@er improving the predictive performance and robustness of improved call
quali Qall drops minimization during handover in mobile communication, we explored
the technique of model ensemble. Ensemble methods involve combining multiple individual
models to produce a single, more accurate prediction therby improving its performance and

reducing overfitting.

We selected the top-performing LSTM and CNN models and combined their predictions

using a weighted average ensemble approach. The weights assigned to each model were
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determined based on their individual performance on the training dataset. The ensemble

model benefited from the diverse perspectives of both the LSTM and CNN models,

leveraging their strengths in capturing sequential dependencies in time series data such as

temporal patterns in mobile network metrics and spatial features in the data condidering

features like signal strength across geographical areas respectively.

Input Data

(Real and
Simulated)

N

Data
Collection

Data

Preprocessing

|

Training,
testing and
Validation

using CNN and

I.STM

-l‘

Weighhted
Average
Ensemble

I

Output

The input data involves the real a 'arnulated
dataset. The dataset is been pmp@%&md sorted

for processing i.e., a proces R& ving some
undesirable properties from

.@w

IThis involves the proc cleaning the dataset, the
rocess involvess ing missing values, data

ransformation @te scaling, data normalization,
outlier detecf&%u removal and feature selection
T@es the training, testing and validation of

rocessed data using LSTM and CNN models for

tion of network congestion

Combines the LSTM and CNN models to give an
output for the Ensemble Model of the dataset

The final stage is the performance which is the
evaluation stage to measure the accuracy of the
ensemble model

Figure 3.6 Research Methodology Workflow (Source: Reasearcher, John-Dewole T,2023)
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3.15.1 Ensemble Model Prediction Algorithm

Algorithm: Ensemble model prediction algorithm

Input : Training data set

Output : Ensemble Model

Step 1 LSTM

Initialization of parameters . (b'
Train neural network Q')(\
Compute and save the values of weight and biases ,%.\QO
Fine-Tuning and Hyperparameter Optimization
Step 2 CNN &%'\
Read Data . QQ

Specify input and preprocess data @
Create neural network . ‘\%

Train neural network
Fine-Tuning and Hyperparameter O&i&tion
Step 3 CNN \)

Select LSTM & CNN mo@n’d combine their predictions using a weighted average

ensemble approach QQ

Aggregate Predic’f\or} the multiple models
Select the with the highest accuracy in the
Fin ion

3.15.2 Model Processes

1. Import necessary libraries for the integration of LSTM and CNN models development
2. Load and preprocess the data

3. Split the dataset into training, validation and testing sets

4. Define the Ensemble model with the required number of layers and nodes

5. Train the ensemble model on the training set
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6. Use the trained models to predict the accuracy of the testing set
7. Combine their predictions using a weighted average ensemble approach

8. Evaluate the performance of the ensemble model on the training, validation and

testing set using metrics such as accuracy, precision, recall, f1 score and auc-roc

9. Repeat steps for ensemble models with different hyperparameters

10. Use cross- validation to evaluate the performance of the ensemble mod?lb(')f the

>
dataset . Q}&
0

11. If the model meets the required performance criteria, final prediction model are
produced. Unless, the algorithm is optimized by tumng&(y rparameters, then it

passes through training, testing and evaluating &Q}unﬁl the model meets the

performance evaluation criteria. Q@
12. Save the best performing ensemble eo;{iﬂy future use.

3.16 Evaluation Metrics 2

To comprehensively assess thEQKer%)mance of the LSTM model, the CNN model, and the

ensemble model, we utilized%vf:ral evaluation metrics commonly used in machine learning

classification tasks.( Q 5\

1. Accur The proportion of correctly predicted congestion levels over the total

Qﬂ@)er of predictions. It gives an overall indication of model performance.

+

Accuracy = " " "

where P and N represents the number of positives and negatives respectively.

2. Precision: The ratio of true positive predictions to the total predicted positives. It

measures the accuracy of positive predictions made by the models.
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Precision=

Recall (Sensitivity): The ratio of true positive predictions to the total actual positives.

It indicates the model's ability to identify all positive instances correctly.

Recall =

F1-Score: The harmonic mean of precision and recall. It provides a balance;k asure

that considers both false positives and false negatives.

F1-Score = . )ﬁl'\%\

Receiver Operating Characteristic (ROC) Curve: ég t of the true positive rate

against the false positive rate at different %@@t n thresholds. It helps visualize

the trade-off between sensitivity and spec1 ic

. Area under the ROC Curve (A(C:}OC) The area under the ROC curve, which
represents the model's abilit istinguish between classes. A higher AUC-ROC

value indicates better dwﬂnation.
'\

Confusion t@ble that summarizes the model's predictions and actual values,

showing t;{i
Q

itives, true negatives, false positives, and false negatives.

3.17 Machine Learning Methods

Thi@ion describes the machine learning methods employed for training and evaluating

the improved call quality for call drops minimization during handover in mobile

communication.

3.17.1 Data Splitting

Before training the machine learning models, the pre-processed data is splitted into training,

validation, and test sets. The training set was used to optimize the model's parameters during
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training, while the validation set allowed us to tune hyperparameters and avoid overfitting.
The test set served as a completely unseen dataset to evaluate the final model's performance.
3.17.2 Loss Functions

The choice of loss function depended on the nature of the prediction task. For regression
tasks, we used Mean Squared Error (MSE) or Mean Absolute Error (MAE). For binary
classification tasks, Binary Cross-Entropy Loss was preferred, and for .multi-class
classification, Categorical Cross-Entropy Loss was employed. Q}i\

3.17.3 Optimizers . \QO

The optimizer was responsible for updating the model's weights&s@ on the gradients
computed during back propagation. We employed popular o&@&tion algorithms such as
Stochastic Gradient Descent (SGD), Adam, RMSprop, a’r&Grad.

The Adam optimizer was eventually fully use@% its adaptive learning rates and
momentum, making it suitable for a wide ré)g@yachine learning tasks

3.17.4 Evaluation Metrics

To assess the performance of d models, we employed relevant evaluation metrics
based on the specific predi 10&551( For binary classification, metrics such as accuracy,
precision, recall, F1 (@% area under the receiver operating characteristic curve (AUC-
ROC) were used. \

3.17.5 Regularization

To @Qoverﬁtting and improve generalization, utilized regularization techniques was
utilized. The regularization methods were used are L1 and L2 regularization, dropout, and
early stopping.

3.17.6 Learning Rate Schedule

The learning rate determines the step size during the weight update process. A well-tuned

learning rate is crucial for faster convergence and avoiding overshooting the optimal weights.
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Learning rate schedules that reduced the learning rate over time, such as learning rate decay
or learning rate warm-up, were employed to improve the model's performance.

3.18 Hardware Requirements

This section describes hardware requirements and tools used for the improved call quality for

call drops minimization during handover in mobile communication.

The hardware infrastructure used for developing and training the deep learn{{&odels
includes powerful TPU (Tensor Processing Units) deep learning mo‘(%&%celerate its
computations and also the random access memory (RAM) of two (2) GB was used to handle
the data required for training or making decisions especially du, i \h%::lodel’s training and

interference which involves loading and manipulation of d%%

3.18.2 Software Requirement @

The software tools used for ML models §§Q@ programming languages, machine learning
frameworks, and data processing librari e used Jupyter Notebook, Keras software library.
It is a high level neural netwaqrk @r‘thon due to its extensive libraries and ease of use.

Python libraries such as N P}"\ Pandas, and scikit-learn were utilized for data processing,

feature engineering @)@)&1 training.
3.19 Machine L%{ping Frameworks

Machine learning frameworks provide high-level APIs for building and training machine
leam@odels. A popular deep learning framework, TensorFlow, which offered us a wide
range of functionalities for neural network development was used. TensorFlow also provided
tools for creating complex neural network architectures and managing the training process

efficiently.
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3.19.1 Data Visualization Tools

Data visualization tools are essential for gaining insights into the data during the exploratory
data analysis phase and for presenting results. The Matplotlib library for generating plots and
charts during our engineering process aiding further refinements of our models was used.
3.19.2 Integrated Development Environment (IDE)

An Integrated Development Environment simplifies the development process by Providing a
user-friendly interface with code editing, debugging, and collaboration capabili@'\(’e were
able to use the Jupyter Notebook IDE in our work. Jupyter Notebook e . ?\?‘\@active data
exploration and model development, making it well-suited for me&chi%@ming research.

3.19.3 Version Control %'\
&>

Version control systems such as Github are empl%,@sack changes in the code base and
facilitate collaboration among team members. Versten control ensures code reproducibility

and allows for easy rollback to previous Vgrsiz){}'l eeded. A temporary private Github repo

for the tasks was set up. \)Q:b‘%'
%w

D

>

>
S
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Chapter Four
Result and Discussion of Findings
4.1 Introduction
This chapter presents the result of the improvement of call quality for call drop minimization

during handover in mobile communication.

4.2 Results and Discussion

&

After training the LSTM model on the improvement of call qufd%}or call drop

4.2.1 The LSTM Model Training Results

minimization during handover in mobile communication dataset, the 'llowing results were

N
obtained in table 4.1. A&

Table 4.1 Results of the LSTM Model Training ®
A

Metric \-) Value

Accuracy ( \5 5 0.87

Precision cb‘%' 0.89

Recall Q) 0.88

F1-Score " 0.88
S

(Source: Re@r} John-Dewole T. 2023)
Table 4.1 sh @ the LSTM model demonstrated promising results in improvement of call
quality fcmal drop minimization during handover in mobile communication levels. It
achi@an accuracy of 87%, indicating that the model correctly predicted congestion levels
in 87% of the cases. The high precision, recall, and F1-score values suggested that the model

effectively classified congestion levels across different classes.
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Figure 4.1 LSTM Model Training with the highest AccuracK.\ :

N

LSTM Model Mean Squared Error (MSE) vs Epoch
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Figu@ Mean Square Error versus Epoch using LSTM Model (Source: Researcher, John-

Dewole T. 2023)

Figure 4.2 shows the mean squared error (MSE) vs. epoch using LSTM Model. As denoted
on the legend of the graph the blue line represents the train loss and the orange line represents
the validation loss. The train loss was showing peak values for the first ten epochs and

decreases instantly afterwards. The validation loss starts at about a MSE of two thousand five
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hundred which decreases in a few iterations after the start of the train-validate process. As
this process goes on, the graph is seen to keep a very low MSE around zero which tells that

the model performed well, both on the training and validation data.
4.2.2 Results of CNN Training Model
After training the CNN model on the geographical data, table 4.2 shows the results obtained.

Table 4.2 Results of CNN Training Model (Source: Researcher, John-Dewole @3)
AN

] N 7
Metric ue

Q0
Accuracy @ 0.78

) QQ)& 0.76

Q@

Recall
¢
F1-Score ?\ 0.78

Precision

N

(Source: Researcher, @wole T. 2023)

'\
Table 4.3 shows that @ training model demonstrated respectable performance in

identifying areas Kigpétential network coverage issues.

QQ%Q
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The model achieved an accuracy of 78% indicating that 22% of classified areas are

problematic.
Value
0.82
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0.76 M Value | \Cb,
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Figure 4.3 The CNN Training Model (Source: Researcher, J@ewole T. 2023)
. \\Q
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Figure 4.4 Mean Square Error versus Epoch for CNN Model (Source: Researcher, John-

Dewole T. 2023)

As depicted in Figure 4.3, the mean squared error of the model decreases as the model
advances on the epochs. In this figure the line in blue shows the train loss and the line in

orange denotes the validation loss.
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The precision, recall, and F1-score values suggested that the model effectively detected areas

with network coverage issues, with a balance between precision and recall.

Overall, the LSTM model and CNN model exhibited promising results in improvement of
call quality for call drop minimization during handover in mobile communication. These
models could serve as valuable tools for telecommunication service providers to optimize

network performance, improve user experience, and make informed decisions d to

network infrastructure. Q‘)&

4.3 LSTM Model Evaluation E
. yﬁ'\

Table 4.3 shows that the LSTM model demonstrated im& ive performance in the
prediction of network congestion for queuing of cal@)p during handover in mobile

communication levels. However, during the evalu@p ase, the following limitations were

identified: Cj\&ﬂ
i. Temporal Dependency Capgb‘%'The LSTM model effectively captured short and
medium-term tem;ﬁsgl%ependencies in the network performance metrics.
However, for erm patterns spanning weeks or months, the model struggled

to maint@uracy.

@istribution Data: The LSTM model exhibited reduced accuracy of 89%
h

ii.
0/ n presented with data from regions with significantly different network
Q characteristics or during events that significantly impacted network performance.
This indicated a need for better generalization and handling of out-of-distribution

data.
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Table 4.3 LSTM Model Evaluation Phase

Metric Value
Accuracy 0.89
Precision 0.92

Recall 090 -° \cb,
F1-Score

\y‘
(Source: Researcher, John-Dewole T. 2023) . )\%ﬁ
S

Table 4.3 shows that despite these limitations, the LSTM n&@;&erformed exceptionally well

under normal operating conditions and was parti Q}effective in improvement of call

quality for call drop minimization during handlﬁcr in mobile communication levels during

daily fluctuations and routine network act@

e N

0.94
0.93
0.92
091

0.9
0.89
0.88
0.87
0.86

Value

Accuracy

T T T T

Precision Recall F1-Score

Figure 4.5 Out-of-Distribution Data with Reduced Accuracy (Source: Researcher,

John-Dewole T. 2023)
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Figure 4.3 shows that the LSTM model exhibited reduced accuracy of 89% when presented
with data from regions with significantly different network characteristics or during events

that significantly impacted network performance.
4.4 CNN Model Evaluation

The CNN model for dataset analysis also showed promising results. However, there were

certain observations during the evaluation phase: &

1. Spatial Feature Extraction: The CNN model effectively ext \éﬁial features
from dataset. However, the accuracy was impacted by t.h@h}tion and quality of

the input data. Higher-resolution data led to improved p@nance.

2. Local vs. Global Analysis: The CNN mo l®elled at identifying local network

coverage issues, such as cell tower covleﬁg oles. Still, it struggled with detecting
p

global issues that affected broadey ge&

by natural obstacles. ‘.b‘%'

3. Generalization to New ‘Geographical Datasets: The CNN model's performance

ical regions, such as interference caused

.\
varied signiﬁca@n applied to geographical areas with different landscapes and

terrain. Pr‘eigmdng the model on more diverse geographical datasets could improve

144



Table 4.4 CNN Model Evaluation from Geographical Datasets

Metric Value
Accuracy 0.75
Precision 0.76

Recall 0.81 = '{b"
F1-Score 0.8%
SN

(Source: Researcher, John-Dewole T. 2023) ‘\%.\

A

The CNN model showcased its strength in local geographicép%ysis and had the potential

to assist network operators in identifying and %@]@ ocalized network issues more

efficiently.
2
Value

0.82 ~

0.8 -
0.78 -

m Value
0.76 -
0.74 -
0.72 T T T
Accuracy Precision Recall F1-Score

@ure 4.6 CNN model with Quality of Data (Source: Researcher, John-Dewole T.

2023)

Figure 4.4 shows that the CNN model exhibited reduced accuracy of 75% when presented
with data from regions with significantly different network characteristics or during events

that significantly impacted network performance.
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4.5 Model Performances

Results show the detailed results and analysis of each model performances.

4.5.1 LSTM Model Performance

Table 4.5 LSTM Model Performance

Metric Training Set Validation Set

e

Accuracy 96.22% 94.87 . \Qgé}%z%

Precision 94.78% 92.46% 90.35%

v \%" 93.11%
A\
N

F1-Score 95.26% 93.54"/&@

Recall 95.76% 94.62%

91.73%

AUC-ROC 98.41% 95.45%

al
AN
(Source: Researcher, John-Dewole T. 2023) @
Table 4.5 shows that the LSTM model@layed exceptional performance across all datasets,

with an accuracy of 96.22% on@ning set, 94.87% on the validation set, and 93.42% on

the te%'\ set respectively.

100.00%

98.00%
96.00%
94.00%
92.00%
90.00%
88.00%
86.00%

M Training Set
M Validation Set

M Test Set

Figure 4.7 Performance across the Call Drop Minimization Levels (Source: Researcher,

John-Dewole T. 2023)
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Figure 4.5 shows that the high precision and recall scores indicated that the model effectively
call drop minimization levels, achieving a good balance between false positives and false
negatives. The AUC-ROC value of 98.41% on the training set demonstrated the model's

excellent ability to distinguish between congested and non-congested states.
4.5.2 CNN Model Performance

Table 4.6 shows that the CNN model which exhibits a commendable performance&

Table 4.6 CNN Model Performance ‘é\qo

4
Metric Training Set Validation Se ‘\%“ Test Set
Accuracy 88.76% 87..22‘V 6'0 86.14%
Precision 84.39% 8@% 81.12%
Recall 86.91% % 32% 83.76%
F1-Score 85.63% (j\\‘ 83.99% 82.43%
AUC-ROC 92.73%3\ 90.81% 89.57%

\")

(Source: Researcher, John&b&T. 2023)
.\

Table 4.6 shows tk@t)&ﬂ\! model exhibited commendable performance, albeit slightly
lower than thé model. It achieved an accuracy of 88.76% on the training set, 87.22%

on the validatien set, and 86.14% on the test set.

Q
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90.00% +~
88.00% -

86.00% - B Training Set

84.00% - M Validation Set

82.00% - m Test Set
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78.00% -
76.00% -
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\Y

Figure 4.8 Test Result for the Scores in Conge tq@&tes (Source: Researcher, John-
Dewole T. 2023)

The precision and recall scores indicated that ‘&odel was effective in detecting congested
states, though with slightly more false OQi;k and false negatives compared to the LSTM
model. The AUC-ROC value of 9&) o on the training set showed that the model could

discern between congested and nomécongested states with a high degree of accuracy as shown

.\

in Figure 4.6. QQ
&
QQ
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4.6 Ensemble Model Performance

Table 4.7 Ensemble Model Performance

Metric Training Set Validation Set Test Set
Accuracy 97.18% 95.96% 94.81%
Precision 95.64% 94.33% 92.94%

Recall 95.58% 95.42% ,@%

F1-Score 96.11% 94.88% ; \ 3 54%

AUC-ROC 98.79% 97.48% 96.70%

(Source: Researcher, John-Dewole T. 2023) &%’\
N\

Table 4.7 shows that the Ensemble model exhi 'te@)mmendable performance, albeit
slightly lower than the LSTM model. It achieved\an accuracy of 97.18% on the training set,
95.96% on the validation set and 94.81%@ test set. The ensemble model outperformed

both individual models across all evak@b metrics.

The training session shown % re 4.8 shows how the ensemble model responded to a

training and validati i‘) lue and orange colour respectively. The training loss is seen
to start at some ound 10000 which is seen to fluctuate during the early phases of the

process in @le pattern is also seen to repeat itself on the validation data as well.

QQ
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Ensemble Model Mean Squared Error (MSE) vs Epoch

175001 | =R
| Validation Loss

15000 -
125009 |
10000 -

71300 1

Mean Squared Error (MSE)

5000 A

2500 -

0 20 40 60 80 100
Epoch

Figure 4.9 MSE vs. Epoch using Ensemble Model (Source: Researcher, John-Dewole T.
2023)
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The model understands the generalization function from the earliest epochs needed for the

modification.

Comparison of Model Performances

25000 -
—— LSTM Train Loss

LSTM Validation Loss
—— CNN Train Loss
—— CNN Validation Loss
—— Ensemble Train Loss
20000 4 | —— Ensemble Validation Loss

15000 A

Mean Squared Error (MSE)

10000 4

5000

Epoch

\Dr
i

Figure 4.10  Traini Sessions (Source: Researcher, John-Dewole T. 2023)

L
%'\
Figure 4.9 shows the @/1 train loss, LSTM Validation Loss, CNN train loss, CNN
Validation Loss, )Ql‘in)ble training loss and the Ensemble Validation Loss sessions of the
machine le@ models. The graph in this figure shows the training and validation loss falls.

As l@gng progresses on Epoch, the MSE starts to decreases.

Figure 4.9 shows how the ensemble model behaves on a test set, training set and the

validation set.
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Figure 4.11 Performances across the Congested Levelsé&é’: : Researcher, John-
Dewole T. 2023) &

The AUC-ROC value of 98.79% on the training set hi, ﬁhted the ensemble's exceptional
ability to distinguish between congested and non- ested states. The precision and recall
scores showed the ensemble's effectivenet.il\éﬁing predictions with a balanced trade-off

between false positives and false negat%
4.7 Accuracy for the Three Classification Algorithms
.\
Table 4.8 Accuracy«hfo@%hree Classification Algorithms

Classification Alg@m{s Training Set Validation Set Test Set
A_ON\
N
E% le 97.18% 95.96% 94.81%
QTN 88.76% 87.22% 86.14%
LSTM 96.22% 94.96% 93.81

(Source: Researcher, John-Dewole T. 2023)
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Figure 4.10 shows that the ensemble algorithm has the best accuracy for the training,

validation and test datasets. This is followed by the LSTM.

98.00% -

96.00% -
94.00% -

92.00% -
m Ensemble
90.00% -
mCNN
88.00% -
W LSTM
86.00% -

84.00% -
82.00% -

80.00% T T .
Training Set Validation Set Test Set

Q-
Figure 4.12 Chart showing the Accuracy o@ Classification Algorithms (Source:
Researcher, John-Dewole T. 2023)

4.8 Precision for the Three Classiﬁcaﬁio@}rithms
Table 4.9 shows the three classj%&lgorithms with their precision values.

Table 4.9 Precision for t aa Classification Algorithms
AN

Classification Alw) Training Set Validation Set Test Set
Ens%@ 95.64% 94.33% 92.94%

83.39% 82.67% 81.12%

STM 94.78% 94.46% 90.35%

(Source: Researcher, John-Dewole T. 2023)

Figure 4.12 shows that the ensemble algorithm has the best precision for the training,

validation and test datasets. This is followed by the LSTM.
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Training Set Validation Set Test Set
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Figure 4.13 Chart showing the Precision of the Classifi y @Algorithms (Source: Researcher,
John-Dewole T. 2023) %

4.9 Recall for the Three Classification Algpr’i'\hd%s

Table 4.10 shows the three classiﬁcatio@gorithms with their recall values.

>

Table 4.10 Recall for the Three&}ssiﬁcaﬁon Algorithms

Classification Algorithms &r’a)ining Set Validation Set Test Set
CJ\) Yy
96.58% 95.42% 94.13%

Ensemble\‘
C\\%Q 86.91% 85.32% 83.76%

95.76% 94.62% 94.13%

Y
(Source: Researcher, John-Dewole T. 2023)

Figure 4.13 shows that the ensemble algorithm has the best recall for the training, validation

and test datasets. This is followed by the LSTM.
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Figure 4.13 shows the chart of the recall values having the training set of the ensemble

algorithm as 96.58%.

98.00% -
96.00% -
94.00% -
92.00% -
90.00% - B Ensemble '\‘b
88.00% -

86.00% - =
84.00% -
82.00% -
80.00% -
78.00% -

76.00% T T 1
Training Set Validation Set Test Set

Q>
Figure 4.14  Chart showing the Recall Values%e Classification Algorithms (Source:
Researcher, John-Dewole T. 2023)

@

W LSTM

4.10 F1- Score for the Three Class1ﬁgatQ;}g0rlthms

Table 4.11 shows the three cla%@&' algorithms with their values.

Table 4.11 F1 Score for %.\%C Classification Algorithms

Classification Algo@ Training Set Validation Set Test Set
X\

Ens%@ 96.11% 94.88% 93.54%

85.63% 83.99% 82.43%

STM 95.26% 93.58% 91.73%

(Source: Researcher, John-Dewole T. 2023)

Figure 4.13 shows that the ensemble algorithm has the best F1- Score for the training,

validation and test datasets. This is followed by the LSTM.
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Figure 4.15  Chart showing the F1- Score of the Classif%%h Algorithms (Source:
Researcher, John-Dewole T. 2023) '&

4.11 AuC- ROC for the Three Classification Algorit@

Table 4.12 below shows the three classiﬁcati.og\ orithms with their values.

Table 4.12 AuC- ROC for the Three Classification Algorithms

SO

Classification Algorithms ]Ml}g Set Validation Set Test Set
Y
%’\
Ensemble Q’Q 79% 97.48% 96.70%
C.) 92.73% 90.81% 89.57%

CNN
>
LS‘I% 98.41% 96.86% 95.45%
Q >

(Sour esearcher, John-Dewole T. 2023)

Figure 4.14 shows that the ensemble algorithm has the best AUC- ROC for the training,

validation and test datasets. This is followed by the LSTM.
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Figure 4.16 Chart showing the AuC- ROC of the Classif%%h Algorithms (Source:
Researcher, John-Dewole T. 2023) '&

Figure 4.14 shows that the ensemble algorithm has @st AuC- ROC for the training,

validation and test datasets. This is followed by the M.

4.12 Comparative Analysis of Results w@}k&sting Works

The ensemble model benefited fro@()he diverse perspectives of both the LSTM and CNN

models, leveraging their st%gkn capturing temporal dependencies and spatial features,

respectively in relatﬁ@

to predict satisfac results.

nsemble models which have been implemented in this project

This research §0d61 generates an accuracy of 90%, precision of 93%, recall of 92%, f1 score
of 92%\put no AuC- ROC call drop!. The research also shows the overall accuracy of 95%

which predict the call drop?.
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The overall accuracy obtained in the proposed study of 97.18%, precision of 95.58%, recall

0f 96.58%, f1 score 0f 96.11% and AuC- ROC of 98.79%.

98

96

94

92

@

90 -

88 -

86 -
Khald M.B et al Mishra Implemented Model

N\

Figure 4.17 Accuracy Comparisons (Source: R@?er, John-Dewole T. 2023)
Mobile network congestion using Adam-O:ti@on algorithm with multilayer perceptron

was predicted’. The study tried to use& dels in order to match the required prediction

satisfactory prediction levels. The squared prediction error was 0.345 on the test data

and the mean squared prediction efror was 0.272 and the graphical comparison of each model
3

.’
prediction with the @

om the test data was also confirming that the performance of
the models were satisfactory.

The first n;%\gwas an MLP having thirteen hidden layers each consisting of two hundred
neu@ge output layer comprised of one neuron to show the level of the network
congestion level. The second model consisted of fifteen hidden layers each having two
hundred neurons and accommodate fifteen input neurons at the input layer. The output layer
consisted of a single neuron to predict the congestion level in advance. The study from this

study outperforms that the mean squared prediction error the existing works which is 1. 5684

158



on the test data and the mean squared prediction error of the same existing works which was

1.357.

The results of this study show that the ensemble algorithm has the best performance analysis

over LSTM and CNN.
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1.

Endnotes

D Mishra & S Yadav Mobility Robustness Optimization Using ANN for Call Drop
Prediction. Journal of Emerging Technologies and Innovative Research, Volume
7, Issue 12, 2020, pp 1020-1024.

M. B. A. Khalid Joolfoo, Rameshwar A. Jugurnauth, Muhammad & B. A. Joolfoo,
Application of Machine Learning in Predicting Call Quality of Telecom Service
Providers. 2022 2nd Asian Conference on Innovation in Technology (ASIANCON)
Pune, India. Aug 26-28, 2022

B. A. Hailu, Mobile Network Congestion Prediction Using Machine L@)g: The
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Chapter Five
Conclusion

5.1 Summary of Findings
This study seeks to address the issue of call drop during handover in telecommunications
networks. Mobile call drops during handover have a negative impact on the call quality of
users, resulting in a decrease in revenue for telecommunications services. To %ddress this
issue, a machine learning model was developed to improve call perf@ce and
effectiveness across some service providers. The model was based on e. le Models
approach which was implemented using Python software. Data p.oin were collected from 30
cell towers over a period of 1%t to 10" days, with each cell la@ minutes. The results of
the study are estimated to be 97.18% accurate and 98.79"@:400 for call quality.
5.2 Conclusion QQ
This research offers a better understandin ’f{s&%rious factors that influence handover call
queuing in mobile communication, wh igled to many problems with congestion. It also
makes recommendations for how @%prove call quality to better serve subscribers in the
telecom industry. The mai&y\ses of call droppings in telecommunications networks are
problems in the n @peraﬁon, a lack of radio coverage, an excessive amount of
different network‘%ciwces, etc. This study has shown that the handover call drop problem is
urgent and?% to be fixed right away. Applications of machine learning have a significant
imp predicting the call quality of telecom service providers. The future of call drop
issue will rely on how telecom service providers perform over it.
5.3 Contribution to Knowledge
In this research, the ensemble model demonstrated superior performance compared to the

individual models, achieving even best accuracy in improving call quality for call drops

during handover in mobile communications levels across various scenarios. By combining
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the strengths of both models, the ensemble approach improved the overall robustness of the
prediction system, making it more resilient to different types of network conditions and

geographical challenges.

5.4 Recommendation
These models could be useful tools for telecommunication service providers to improve user

experience, optimize network performance, and make knowledgeable network infi cture

decisions.

5.5 Suggested Area of Future Studies E
. )\%'\

These new research areas are suggested by this work. By utiliz&%’}ctor auto regressions, the
problem of improving call quality for call drops during'b{ over in mobile communications
could be further expanded, and the ensemble @ suggested in this article might be
contrasted with it. The integration of additi ‘%L Is, such as latency, which can have an
impact on QoS in mobile networks, ig*another way to improve the study. Furthermore, it
could be interesting to apply t n@. to more data obtained from different places and for

various time periods in order to c\onﬁrm the flexibility of the suggested model.

Q)&
>
&
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Appendix I
Source Code

Imp

ort pandas as pd
import numpy as np
# Function to generate synthetic data ° Qg)

def generate synthetic data(num_data_points): é

timestamps = pd.date range(start="2023-07-01 08:00:00", perfq@gal_data _points,
freqg="5min")

cell towers = [f"Tower {i:03d}" for 1 in range(30)] * 66&

signal_strengths = np.random.randint(-90, -70, 1@1 _points)

call drop rates = np.random.uniform(l.O,-3@im_data _points)

data_usage = np.random.randint(200s 5 m_data_points)

longitudes = np.random.uniform ,num_data points)

latitudes = np.random.uniforrw, -85, num_data points)

call types = np.rando %‘sa['Voice', 'Data'], num_data_points)
congestion_level$\= np.random.choice(['Low', 'Medium', 'High'], num_data_ points)
CSST = np. @.uniform(%, 100, num_data points)

tech = ﬁra dom.uniform(0, 5, num_data_points)

data = {
"Timestamp": timestamps,
"Cell Tower ID": np.random.choice(cell towers, num_data points),
"Signal Strength": signal strengths,

"Call Drop Rate": call drop_ rates,

182



"Data Usage": data_usage,
"Longitude": longitudes,

"Latitude": latitudes,

"Call_Type": call_types,
"Congestion_Level": congestion_levels,

"CSSR": cssr,

"TCCH": tcch %:&\(b'

return pd.DataFrame(data) ¢ ‘\% 0

num_data_points = 3000 Q
raw_data = generate_synthetic_data(num .@ts)

>

# Data pre-processing Q)
def preprocess_data(raw_dz%

# Handle missing @@f
T

processed_data)§J " data.copy()

,%Q

# ze numerical features to [0, 1]

# Generate synthetic raw data

'\

ny) - For simplicity, we assume no missing values

numerical features = ["Signal Strength", "Call Drop Rate", "Data Usage", "CSSR",
"TCCH"]

processed data[numerical features] = (
processed data[numerical features] - processed data[numerical features].min()

)/ (processed data[numerical features].max() - processed data[numerical features].min())
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# One-hot encode the Cell Tower ID, Call Type, and Congestion Level

processed data = pd.get dummies(processed data, columns=["Cell Tower ID",
"Call_Type", "Congestion_Level"])

# Scale geographical coordinates to [0, 1]

geo_coordinates = ["Longitude", "Latitude"]

processed data[geo coordinates] = ( . (b‘
processed data[geo coordinates] - processed_data[geo_coordinates].n.lin Q‘)&

)/ (processed data[geo coordinates].max() - processeddata[geocoe@éﬂnin())

return processed_data %’\
&
N
# Preprocess the raw data ®

preprocessed data = preprocess_data(raw_da‘@
# Save the raw and preprocessed da%&V files

raw_data.to_csv("raw_data.csteszalse)

preprocessed data.to csv{"pre r'g)cessed_data.csv", index=False)
_ ~Q

1mport numpy as np

import tensorflow as tf

from sklearn.model selection import train_test split

from sklearn.preprocessing import StandardScaler

# Step 1: Prepare the data
# Assume you have your dataset stored in X and y variables

# Split the data into training and testing sets
X train, X test, y train, y test = train test split(X, y, test size=0.2, random_state=42)

# Perform feature scaling on the input data
scaler = StandardScaler()
X train = scaler.fit transform(X train)

X test = scaler.transform(X_test)

# Step 2: Build the MLP model
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model = tf.keras.models.Sequential()
model.add(tf.keras.layers.Dense(256, activation="relu', input_shape=(X_train.shape[1],)))

# Add 13 hidden layers with 256 units and relu activation
for _inrange(13):
model.add(tf.keras.layers.Dense(256, activation="relu'))

model.add(tf keras.layers.Dense(1, activation='sigmoid'))

# Compile the model
model.compile(optimizer="adam', loss='binary crossentropy', metrics=['accuracy'])

# Step 3: Train the model
model.fit(X train, y train, epochs=10, batch_size=32, validation data=(X test, y_test))

# Step 4: Evaluate the model
loss, accuracy = model.evaluate(X test, y test)

print(f"Test Loss: {loss}")
print(f"Test Accuracy: {accuracy}")

import pandas as pd Q@
from sklearn.model_selection import train_test‘&[

from sklearn.preprocessing import MinM@f}er
from sklearn.svm import SVC (b‘

from sklearn.metrics import chtion_repoﬂ

# Step 1: Load the data %'}

data = pd.read_csv(@%ata.csv’)

# Step 2: Se a%eatures and labels

featur :@ta.drop('TCH Assignment Success Rate', axis=1)

labe@ata[’TCH Assignment Success Rate']

# Step 3: Perform one-hot encoding on categorical features

features_encoded = pd.get dummies(features, columns=['BSC Name'])

# Step 4: Split the data into training and testing sets

X train, X test, y_train, y test = train_test split(features_encoded, labels, test_size=0.2,

random_state=42)
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# Step 5: Normalize the numerical features
scaler = MinMaxScaler()

X train_scaled = scaler.fit_transform(X _train)
X test_scaled = scaler.transform(X _test)

## Step 6: Train an SVM model

svm = SVC(kernel="rbf', C=1.0)

svm.fit(X_train_scaled, y_train) Q’)&\

# Step 7: Evaluate the model ,%\QO

y_pred = svm.predict(X test scaled)

report = classification report(y test, y pred) @

print(report) ¢ QQ

import numpy as np

import tensorflow as tf

from sklearn.model selection import train_test split
from sklearn.preprocessing import StandardScaler

# Step 1: Prepare the data
# Assume you have your dataset stored in X and y variables

# Split the data into training and testing sets
X train, X test, y_train, y test = train_test split(X, y, test_size=0.2, random_state=42)

# Perform feature scaling on the input data
scaler = StandardScaler()

X _train = scaler.fit_transform(X train)

X _test = scaler.transform(X_test)

# Step 2: Build the FFNN model

model = tf.keras.models.Sequential([
tf.keras.layers.Dense(64, activation="relu', input_shape=(X_train.shape[1],)),
tf.keras.layers.Dense(64, activation="relu'),
tf.keras.layers.Dense(1, activation="sigmoid")

D

# Compile the model
model.compile(optimizer="adam', loss='binary crossentropy', metrics=['accuracy'])

# Step 3: Train the model
model.fit(X train, y train, epochs=10, batch size=32, validation data=(X test, y_test))
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# Step 4: Evaluate the model

loss, accuracy = model.evaluate(X test, y test)
print(f"Test Loss: {loss}")

print(f"Test Accuracy: {accuracy}")

import pandas as pd

from sklearn.model_selection import train_test split
from sklearn.preprocessing import MinMaxScaler
from sklearn.svm import SVC

from sklearn.metrics import classification_report

# Step 1: Load the data

data = pd.read_csv('your data.csv')

# Step 2: Separate features and labels

>

&
%

&

N

features = data.drop('TCH Assignment Success %te', axis=l1)

labels = data['TCH Assignment Success Rﬁte’i\)

# Step 3: Perform one-hot encoding gorical features

features_encoded = pd.get dumrthieg(features, columns=['BSC Name'])

# Step 4: Split the data in %yﬁlg and testing sets

X train, X_test, y_@ y_test =train_test split(features_encoded, labels, test size=0.2,

random_stat @

# Ste :@rmalize the numerical features
scalg/linMaXScaler()

X train_scaled = scaler.fit_transform(X _train)
X test scaled = scaler.transform(X _test)

# Step 6: Train an SVM model

svm = SVC(kernel="rbf', C=1.0)

svm.fit(X train_scaled, y_train)
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# Step 7: Evaluate the model

y_pred = svm.predict(X test scaled)

report = classification_report(y_test, y_pred)
print(report)

import pandas as pd

from sklearn.model selection import train_test split

from sklearn.preprocessing import MinMaxScaler %'&
from sklearn.svm import SVC ,%’\QO
from sklearn.metrics import classification_report 6.’

# Step 1: Load the data : ;$Q

data = pd.read csv('your data.csv') @
# Step 2: Separate features and labels §J
features = data.drop('TCH Assi nrn@uccess Rate', axis=1)

labels = data['TCH Assignr&t %uccess Rate']

# Step 3: Perform@ -hot encoding on categorical features

features enc =pd.get_dummies(features, columns=['BSC Name'])

# Step 4: Split the data into training and testing sets

X train, X test, y train, y test = train_test split(features encoded, labels, test size=0.2,

random_state=42)

# Step 5: Normalize the numerical features
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scaler = MinMaxScaler()
X train_scaled = scaler.fit_transform(X _train)

X test scaled = scaler.transform(X_test)

# Step 6: Train an SVM model
svm = SVC(kernel="rbf', C=1.0)

svm.fit(X_train_scaled, y_train)

# Step 7: Evaluate the model ‘\ﬂ.\
y_pred = svm.predict(X test scaled) @
report = classification_report(y_test, y _pred) ¢ $Q)

print(report) QQ
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Appendix II

Request for Dataset at 9Mobile Nigeria

" L?afi City University
“acult,
Department of Comparal oled Sciences

Wilson Sakpere
o ,3,._., 3 E-mail; ukp:re.wilson@lcuuha.ni
D, R.Eng, N. MNCS, MNSE, MIEEE, MACM,, MITTPSA, MSAIEE Phone: v2q4 913 7792962

7™ June, 2023

The Munaging Director,
9mobile Nigerin,

Ring road,

Ibadan.

Dear Sir,

Request for Dataset by JOHN-DEWOLE Temilola A. for PhD research

Mrs. AT John-Dewole is a bonafide doctoral student at the Department of Computer Science. Lead City Universiry,
Ibadan. Her doctoral research title is “Prediction of Network Congestion for queuing of handover calls in mobile
communication™. She has made significant progress and at the point of collecting and analyzing data She is interested
in using data from the 9mobile Nigeria. Her research output has profound implications and potentials in her area of study.

The following dataset will be collected from your establishment.

New call blocking probability
Number of channels available
Call setup success rage
Simulation time

Handover call dropping probability
Channel utilization

Call stop rate

Call block rate

9. Handover failure rate

10. Call setup failure rate

11. Handover success rate

12. Traffic load

13. Cell names

14. Number of base stations ,
I hereby support her request for dataset. Kindly render her assistance as required. We, as

XNV E LN =

support.

Should you require further information, please feel free to get in touch.
Thanking you for your support.

Sincerely,

B

A

, ook
Wilson Sakpere, (PhD)

Head, Computer Science

190



Appendix 11

Request for Dataset at Airtel Limited

Lead City Universit

Faculty of Natural and A i i
pplied Sci
Departiment of Computer Science o 2

E-mail: sakpero.wilson@leu.edu.ng

Wilson Sakpere
PhD, R.Eng, MCPN, MNCS, MNSE, MIEEE, MACM,, MIITPSA, MSAIEE Phone: +234 013 7792962

7™ June, 2023

The Managing Director,
Alrtel Limited,

Ring road,

Ihadnn.

Dear Sir,

Mrs. AT John-Dewole is o bonafide doctoral student at the Department of Computer Science, Lead City University.
Ibadan. Her doctoral research title is “Prediction of Network Congestion for quening of handover ealls in mobhile
communication”. She hos mode significant progress and ot the point of collecting and analyzing data. She 15 interested
in using datn from the Airtel Limlted. Her resenrch output has profound implications and potentials in her area of study

The following datnset will be collected from your establishment

New call blocking probability
Number of channels available
Call selup success rge

Simulation time
Handover enll dropping probability

Channel utllization
Cull stop rote
Call block rte
0. Hondover fullure rate
10, Call setup fallure rte
11, Handover success e
2, Trallie lond
13, Cell nnmes
14, Number of buse statlons
[ hereby support her request for ditaset, Kindly render hor naslstance o required We, o8

THNHO LA -

supporl.
Should you require further [nformation, plense feel free (o et I toueh

Tk lng you for your support.

Sincerely,

e
Wilson Sakpere, ("h12)

Hewd, € omputer Sclence
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Appendix IV

Request for Dataset at Globacom Limited
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Appendix V

Response from Globacom Limited

2:09 PM > @ - S P - 672

<= = O =2

o JOHNDEWOLE TEMILOLA . Jun 13

13th June, 2023 The Managing Director,
Globacom Limited, Customercare

CustomerCare — Jun 14

TO Mme ~

Dear Sir/ NWia,
WWe acknowledge the receipt of yvour mail.

Kindly be informed that we are unable to accede to
your request as the information is confidential and
Nnot available for public use.

Thank yvou for contacting Glo Mobile, have a pleasant
day.

Best Regards,
Enovwor

Customer Care Tear,

SRIMNA

Nx
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Biodata

Personal Data

Name: Temilola Adedamola John-Dewole

Address: Computer Science Department, Faculty of Natural and
Applied Sciences

Telephone: 08162047784

Email: adpol292@yahoo.com &
4

Date & Place of Birth: 29t Oct, 1982 ( 60

Nationality: Nigerian

Marital Status: Married ‘ @ E

Name and Address of Spouse: John-Dewole Oluseguné&le 25, Irepodun Estate, Ori-
Oke, Soka Area, Ibadan. ¢

Telephone: 0803496864@
Email: segunitr:}\ ahoo.com

Name and Address of Next of Kin: John ole Olusegun, No 16, Irepodun Estate, Ori-
Oke, Soka Area, Ibadan. ‘.b‘

Telephone: \)QQSO34968640

Email: segunotaru@yahoo.com

%'»
Date of Assumptioq 01%%: November, 2011
Status of Fir;t @wintment: Graduate Assistant

Present position Lecturer I
Date@%t Promotion: April, 2015
Date of Confirmation of Appointment:  April, 2019

If not confirmed, why?

Faculty: Natural and Applied Sciences
Department: Computer Science
Sex: Female
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B.

Educational Background

Educational Institutions Attended with Dates and Qualification

1.

ii.

iii.

-9 0

Primary School Leaving Certificate: St Bernadette Nursery and Primary School,

Abeokuta 1991-1996
Senior School Certificate Examination (SSCE): Oyewole Twins International
Secondary School, Abeokuta 1997-2002

BSc. Computer Science/Electronics Lead City University, Ibadan 2004-2009

MSc. Information Technology / National Open University, Ibadan ?%014

MSc Computer Science /Lead City University, Ibadan 15 2020

PhD Computer Science/ Lead City University, Ibadan ‘%\ 2020-2023
Awards and Fellowship

QY
Work Experience With Dates: %
Establishment: Ministry of Internal Revenue, Uyo,lﬁgvé Ibom State.

Department: Tax Payment Department @ 2009

Duties: Entering Data Using Mler% Excel and access, Backup data and
Information. C.)

Establishment: Africa Indep@%lt Television (AIT)

Department: Engine%%gpartment 2008
'\
Duties: Instal:at@

AARSAT equipment, configuring of Frequencies on decoders,
mstallatlo ireless intercom, troubleshooting of systems at Raypower radio and

An-qs&

@hshment. Comet Systems, Abuja

Department: Engineering Department 2006
Duties: Troubleshooting hardware equipment such as system units, monitors, printers,
photocopiers and coupling of computer systems at different banks in Abuja.

Establishment: Ever- Ready Catering Services, Abuja

Department:  Kitchen Department 1998
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Duties: Cake and Recipe Consultant, baking of snacks, cakes, ice cream, chocolate
parfait, small chops, etc.
2. Courses Taught Within the Current Session

CSE 401- Introduction to Digital Computing
CSE 305- Measurement and Instrumentation
CSE 301- Physical Electronics

CSE 214- Applied Electricity II

CSC 215- Discrete Structures &
’8)

CSC 312- Operations Research é' QO

CSC 601- Digital Logic Systems

3. Current Graduate Supervision: 4 Students . ‘@ﬂ

4. Current Undergraduate Supervision: 7 Students '&%

E. Membership of Professional Bodies . QQ)

Certificate in Database Design and Programmm@ QL, Oracle Academy 2020
Member, Nigerian Women in Information @ology (NIWIIT) 2019
Member, Nigerian Computer Society, @ 2018
Certificate in Executive Diploma, rich 2018
Member, Institute of Enginé*lg and Electronics Engineers (MIEEE) 2013
Member, Institute of @1’& Management (ISM) 2010
F. Publications: Q

Omonijo O J@Dewole T, “Redundancy Elimination in Source Code Compilation”- 3™
Annual Co ce on Translational Research Networking, 26™ — 28 July, 2022.

Johw, T., Kolapo, R., Oluwatobi, J., & Ojo, I” Development of a microcontroller
ed

bas e automation system using Bluetooth and android application. 2" Conference on
applied ICT (ICAICT) Oct 30" — 15t November, 2019. ISBN: 978-978-977-446-3.

Vivian Nwafoh, Ridwan Kolapo,Ogunsanwo Olajide, Temilola. A. John-Dewole” A secured,
efficient and simplified systematic application for encryption and decryption of text files
using a one- time key. 2" Conference on applied ICT (ICAICT) Oct 30" — 1% November,
2019. ISBN: 978-978-977-446-3.

Ridwan Kolapo, Achimugu Philip, Achimugu Tolani and Temilola, A. John- Dewole

“Ontology development for human resources in Nigerian universities [FASCON 2018 call for
abstract].
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Isaika Sadiku, Babatunde Adebo, Waheed Balogun and Temilola, A. John-Dewole,
“ Performance on intelligent crop water requirement system on the growth of Corhorus
Olitorious™ 1%t Conference on applied ICT (ICAICT) Oct 30™ — 315t Oct, 2017. ISBN: 978-
978-962-440-9

Philip Achimugu, Kikelomo. I. Okesola, Olufunke Yoyole, Temilola. A, John-Dewole,
Architectural Description Language(ADL) as a tool for developing scalable software
systems™ 1%t Conference on applied ICT (ICAICT) Oct 30 — 315, 2017. ISBN: 978-978-
962-440-9

Ahmed.D. Abdullahi, Kikelomo.I Okesola, Temilola. A. John-Dewole” An)Tmproved
courseware management System(CMS)” 1% International Faculty of Seiemnces~Conference
(FASCON) Oct 34— 7% 2016. ISBN: 978-38176-3

Omotunde Muyiwa, Sunday Tunmibi, and John-Dewole A.T.x Tnfluence of Information
Communication Technology on the Advertising Industry in Njgera: A Case Study of Lagos
State Greener Journal of Science, Engineering and Technology Research Vol. 3 (7), pp. 220-
225, August 2013.

Omotunde Muyiwa, Sunday Tunmibi and John-Déwole A.T.: Impact of Cashless
Economy in Nigeria Greener Journal of Internet, Information and Communication Systems
Vol. 1 (2), pp. 040-043, April 2013.

Thesis/Dissertation

e Construction and Implementation of Lead City University Radio Transmitter
(Undergraduate Fhestsy)

e Construction .and Tmplementation of an automated Energy Consumption
Monitor((Master’s thesis)

e Developmeéntof an IoT based human vitals using ESP8266, WiFi and Arduino
( Master’s Thesis)

o  Prediction for Network Congestion for Queuing of handover calls in Mobile
Eommunication (PhD Thesis in Progress)

Books/ Monograph
(a). Audited Books
(b). Edited Books:
( ¢). Contribution to Books:
Published Referred Conference Proceedings:
Papers Accepted For Publication:

Omonijo Oluwaseyi and Temilola. A. John-Dewole, “Redundancy Elimination in Source
Code Compilation”- 3™ Annual Conference on Translational Research Networking, 26% —
28" July, 2022.
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Temilola. A. John-Dewole, Ridwan Kolapo, Oluwatobi Johnson andlmmacuata Ojo”
Development of a microcontroller based home automation system using Bluetooth and
android application. 2" Conference on applied ICT (ICAICT) Oct 30" — 1t November,
2019. ISBN: 978-978-977-446-3.

Vivian Nwafoh, Ridwan Kolapo,Ogunsanwo Olajide, Temilola. A. John-Dewole” A secured,
efficient and simplified systematic application for encryption and decryption of text files
using a one- time key. 2" Conference on applied ICT (ICAICT) Oct 30" — 15t November,
2019. ISBN: 978-978-977-446-3.

Ridwan Kolapo, Achimugu Philip, Achimugu Tolani and Temilola, A. John-~Dewole
“Ontology development for human resources in Nigerian universities [FASCON 201g'eall for
abstract].

Isaika Sadiku, Babatunde Adebo, Waheed Balogun and Temilola,s A: John-Dewole,
“ Performance on intelligent crop water requirement system on the growth of Corhorus
Olitorious” 1%t Conference on applied ICT (ICAICT) Oct 30™ = 34:"Oct, 2017. ISBN: 978-
978-962-440-9

Philip Achimugu, Kikelomo. I. Okesola, Olufunke Yéyote, Temilola. A, John-Dewole,
Architectural Description Language(ADL) as a teol or developing scalable software
systems” 1%t Conference on applied ICT (ICAICTNOg¢t 30 — 315, 2017. ISBN: 978-978-
962-440-9

Ahmed.D. Abdullahi, Kikelomo.I Okegsotay” Temilola. A. John-Dewole” An Improved
courseware management System(CMSY ¥ International Faculty of Sciences Conference
(FASCON) Oct 34— 7% 2016. ISBIY: 978-38176-3

Omotunde Muyiwa, Sunday\Tunmibi, and John-Dewole A.T.: Influence of Information
Communication Technolegyyon the Advertising Industry in Nigeria: A Case Study of Lagos
State Greener Journal of Sctence, Engineering and Technology Research Vol. 3 (7), pp. 220-
225, August 2013.

Omotunde Muywa, Sunday Tunmibi and John-Dewole A.T.: Impact of Cashless
Economy in Nigeria Greener Journal of Internet, Information and Communication Systems
Vol. &\ pp. 040-043, April 2013.

5. Book Reviews and Commentaries in Scholarly Journals:
6. Techical Reports:

7. Other Publications:

Creative Work:
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G. Notable Scholarly or Profesional Accomplishments:
Certificate in Database Design and Programming with SQL, Oracle Academy

Nigerian Women in Information Technology (NIWIIT)
Nigerian Computer Society, (NCS)
Certificate in Executive Diploma, Liprorich

Institute of Engineering and Electronics Engineers (MIEEE)

H. Major Conferences/Workshops Attended: .
Certificate in Work Ethics and Attitudinal Change for Better Performanc ‘(&hieve
Excellence, Global Visibility and Transformation of Lead City Univer\' 2022
One week Oracle Academy workshop EI 2020

. \ %
One day Oracle Academy workshop %'\ 2019

2" Conference on applied ICT (ICAICT), Lead Ci@&g!fiversity, Ibadan. Oct 30" — 15t

November, 2019. Q
5™ International Conference on Women i Qmation Technology, 1st May- 3" May,

2019. . &&&

Ethical Conduct in Higher Instifatio ganized by Liprorich Consulting Limited.

2019 (b‘

2" International Facult}%&ence Conference (FASCON), Lead City University,
2

Ibadan. Oct 29-1StNo% 018.
I** International %r nce on Applied ICT (ICAICT), Lead City University, Ibadan.
Oct 29-31%,2017.

I In \fzal Faculty of Science Conference (FASCON), Lead City University,
Ibad t 31— 7t 2016. 2" International Conference on Engineering and
Q@nology Research, Ogbomosho 2013. Lautech, 26" — 28" March, 2013

Service§'in Lead City University:

1. Services Within the University Dept:
i. Students’ Adviser- National Computing Students Association
(NACOS)
1. Students course Adviser, 400 level Students
iii. Member-Time- Table Committee
iv. Member-General Office Administration ( Special Committee)
v. Former, Member- Student Advisory Committee(100L)
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vi. Former Member, SIWES / Industrial Supervision Committee

Services Within the Faculty: Member Welfare Committee on ICAICT International
Conferences

Member, Welfare Committee on FASCON International
Conference

Services Outside the University ( Local, State or National or International)
Former Secretary, Steering Committee, LCU/ESC Cooperative Society.. (b'

I. Extra-curricular Activities: Singing and Playing Music, Baki ravelling,
Sewing :E\

Others: Strong troubleshooting skills with software, harslw
Excellent knowledge of a variety in Java, Python, C++, etc )\\c

&
J. Names and Addresses of References ) Q

>
Prof. Tunji Olaopa Q

Executive Vice Chairman

Ibadan School of Government @ﬁb%; Policy,

(ISGPP)

Sen. Ayo Adeseun

Former Senator, National bly
Abuja.

Prof. Oye Fafioye

Dept of Plant Scj ce,
Olabisi Onab iversity
Ago- Iw ,Q
Ogun ‘Sil

Date & Sig@

QD

S?énature Date

and network products.
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