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Abstract 

The most significant phases for the mobile operator are the performance of cellular 

networks and the evaluation of quality of service (QoS). Hence, Long-Term Evolution 

(LTE) network monitoring and measuring are necessary in determining mobile 

network statistics to optimize the performance of the network in a particular area. 

Measuring networks is an effective way to qualify and quantify how networks are being 

used and how they are behaving, and it helps to find voids or uncovered areas that are 

coverage holes in the LTE network. 

A coverage hole is defined as a client's being unable to receive a wireless network 

signal. Traditionally, it is detected through drive tests, but it costs resources and time. 

In order to identify coverage holes in the LTE network, this study proposed a random 

forest classifier Machine Learning (ML) approach. 

The data was gathered from the User Equipment (UE) via minimization drive test 

(MDT) functionality with low cost, which measures Reference Signal Receive Power 

(RSRP), Reference Signal Received Quality (RSRQ), and Signal to Interference and 

Noise Ratio (SINR). The RSRP and RSRQ measure the strength and quality of the 

reference signal received at the device's antenna, whereas SINR is a metric that assesses 

the relationship between the targeted signal strength and the total power of all 

interfering signals and noise.  

The results obtained show that the employed model's accuracy was 96.3%. However, 

we could use the hyperparameter optimization (HPO) technique to enhance the model's 

performance, namely random and grid search cross validation (CV), which increased 

the model's accuracy to 97.7% and 99.2%, respectively. 

Keywords: Coverage hole, Random forest classifier, Hyper parameter optimization, minimization drive 

test, RSRP, RSRQ, SINR 
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  Chapter 1 

1. Introduction 

This chapter provides the background of this research and describes the statement of 

the problem and the objective of the thesis. In addition, it briefly describes the reviewed 

literature that are related to the study, the methodology used, as well as the 

contribution, scope, and limitations of the research. 

1.1. Background 

Nowadays, cellular communication is expanding quickly and has made great 

advancements in both voice communication and data streaming. Because of this, 

technology advanced from the 1st Generation (1G) to the 4th Generation (4G). The 

demand for high-speed voice and data is crucial. The necessity for users to access high-

speed data and voice with low latency is supported by 4G technology [1]. LTE mobile 

networks are being developed by the 3rd Generation Partnership Project (3GPP) 

because of the growth in mobile data usage caused by the rise in mobile subscribers and 

the emergence of new applications like mobile television and online gaming that 

require the highest level of service. Due to this network's promising quality of service, 

service providers are migrating to this network to assist them in meeting the growing 

end-user demand for more bandwidth, high security, and faster connectivity [2]. 

Estimating coverage and assessing capacity are both part of the planning for the LTE 

radio network. The basic goal of network planning is to achieve maximum capacity 

without sacrificing service quality. Future growth and expansion should be considered 

when making plans. Users will benefit financially from wise spectrum reuse and 

strategic site placement. The network planning process is done step by step while 

meeting the requirements. Planning for parameters, coverage, and capacity [1]. 
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The primary considerations that must be addressed during the radio-planning phase 

are where to install base stations and how to set up base stations (antenna type, height, 

sector orientation, tilt, maximum power, device capacity, etc.). The signal strength in 

the service area is guaranteed by coverage planning, which is the percentage of the area 

covered by cellular service where mobile phone service is provided. Determining where 

to place base stations, specific antenna designs, and constraints on signal strength in the 

area. Whereas capacity planning determines which radio resources can be utilized by 

each cell, as well as the number of calls that can be handled in a specific area within a 

particular period and the likelihood that users will be blocked access to a system due to 

a lack of radio channels [3]. 

Although providing coverage to customers during a rollout is the highest priority, it is 

equally important to increase the network's capacity when it is in operation. As a result, 

both coverage and capacity are taken into account in the use case and enabled by the 

self-organized network (SON) function. The coverage and capacity optimization (CCO) 

SON function should be configured through appropriate objectives and targets in order 

to fulfil the operator's requirements for coverage, capacity, and ordered between them 

[4]. The need for services in the telecommunications industry, as well as the success and 

quick growth of this industry globally, have prompted mobile phone providers to 

compete to offer the finest services to customers. Mobile phones are among these 

communication tools. Simply put, a mobile phone is an electronic device that primarily 

supports unwired telecommunications through a cellular network of unique base 

stations known as cell sites [5]. Each cell in a mobile network is supplied by at least one 

fixed-location transceiver, also known as a base station. Cells are land-based geographic 

regions where the radio network is dispersed. To prevent interference in a cellular 

network, each cell makes sure that it receives a unique set of frequencies from its 

neighbors [6]. 
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There are numerous challenges or issues in the realm of communications, and the 

relevant companies and organizations should find answers to these challenges. The 

existence of a coverage hole in cellular networks is one of the problems facing mobile 

operators. A coverage hole is an area where the pilot signal strength is below a 

threshold, which is required by a UE to access the network, or the SINRs of both serving 

and neighbor cells are below the level needed to maintain the basic service. It is usually 

caused by physical obstructions such as new buildings, hills, unsuitable antenna 

parameters, or just inadequate radio frequency (RF) planning. UE within the coverage 

hole will suffer from call drop and radio link failure. A typical phenomenon of coverage 

hole is either handover failure, which happens frequently and cannot be optimized by 

handover parameter optimization, or call drop, which happens frequently and cannot 

be rescued by Radio Resource Control (RRC) re-establishment [7]. 

 While network performance data collection in telecommunications systems is getting 

more sophisticated, field performance data must still be gathered in order to fully 

understand the end-user experience. Utilizing cutting-edge equipment that covers 

several technologies, bands, and vendors, this data is gathered under the on-site 

supervision of a qualified RF engineer. The service of information gathering includes 

measurements of pedestrians in indoor environments, such as the walk test, in addition 

to outside measurements, such as the drive test. Detecting coverage holes helps find 

voids or uncovered areas in the LTE network. More nodes are planned for deployment 

in uncovered areas in order to ensure reliability by addressing the holes. Hole detection 

ensures service quality by minimizing data loss. The motivation for this thesis is that 

the traditional drive-test approaches for identifying coverage holes are costly with 

respect to resources and time. Hence, the proposed approach reduces the company's 

expenditure while enhancing performance.  

1.2. Statement of the Problem 



 
 

4 

 

There are various challenges in telecommunications; one of the problems that 

researchers are working hard to solve is the coverage hole. RF transmissions from 

outdoor macrocarrier towers can have difficulty providing indoor coverage, which is 

one of the drawbacks of radio-based cellular systems. Concrete, glass, steel, and other 

building materials may block the signals. In the modern digital world, weak coverage 

is a challenge, particularly for large establishments and businesses like airports, transit 

hubs, stadiums, hospitals, retail, office buildings, and manufacturing sites. In order to 

improve network performance, ethio telecom planned indoor and outdoor network 

coverage using the urban propagation model; however, there are still call drops and 

handover failures due to coverage outages. This shows that there is an undetectable 

coverage hole in the planning tool. Data accuracy declines because transmission links 

are disconnected due to a coverage hole in the network, and effectively enhancing 

network service quality requires the prompt discovery of coverage outages. When users 

enter a coverage hole, they will experience call loss and handover failure. A call drop 

occurs when a connection is suddenly disconnected before the user's desired service is 

finished. The bad thing that could happen for the user is that they completely lose their 

connection, leading to customer displeasure. As a result, users complain endlessly 

about call drop, handover failure, and poor performance in locations with LTE coverage 

holes.  

Currently, coverage holes have been detected through drive tests in the case of ethio 

telecom. However, it has two significant drawbacks. First, manual drive testing 

involves a lot of resources, including time, specialized tools, and the engagement of 

highly skilled engineers; this results in high operating expenses (OPEX). Second, given 

that the majority of UE-generated traffic from indoor areas and since manual drive 

testing tends to be limited to on-road testing, it is challenging  to adequately evaluate 

coverage across all regions. This makes drive testing an expensive task with practical 

limitations due to cost and accessibility issues. 
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So far, many research has been done on the detection of network coverage holes using 

approaches like decision trees, density-based anomaly detection, and data mining. One 

of the research was to develop a decision tree for detecting coverage holes, but the 

problem is that we can’t generalize the model, which leads to overfitting. 

Therefore, the proposed approach develop a coverage hole detection technique based 

on the random forest classifier algorithm using Measurement Report (MR) data via 

MDT functionality. In order to minimize overfitting, random forest create numerous 

trees and train each tree (model) separately using a variety of data sets. The outcome is 

then predicted by each model, and the final prediction will be decided by the majority 

vote and the model offers a high degree of accuracy. 

1.3. Objective 

1.3.1. General objective 

The main objective of this thesis is to investigate a coverage hole detection technique in 

LTE networks based on the random forest classifier ML algorithm, and the proposed 

technique uses MR data such as RSRP, RSRQ, and SINR as input, which are collected 

from UE using mentor tool. 

1.3.2. Specific objectives 

 Review related literature on coverage hole detection and study different 

techniques. 

 Select area and collect the required parameters from the mentor tool. 

 Data preprocessing. 

 Classify the collected parameters using the selected algorithms as per their pre-

defined classes. 

 Building the model, splitting it into training and testing models. 
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 Evaluating the performance of the random forest classifier algorithm. 

 Visualize the detected area of coverage hole on a Google Earth Pro. 

 Discuss the results and give recommendations based on the findings. 

1.4. Scope and Limitation 

The scope of the thesis is to investigate the coverage hole detection technique based on 

the random forest classifier algorithm in the ethio telecom LTE network through MDT 

MR data from UE. In the Addis Ababa area, cluster 20, which includes 324 eNodeBs 

and 1208 cells, are selected. The thesis is limited to only detecting coverage holes and 

does not address the root cause of the problem or optimization. Fortunately, the idea 

behind coverage hole detection is similar across all mobile technologies, but the thesis 

work is limited to only LTE networks. 

1.5. Contribution of the thesis 

This work provides a non-drive-test detection method for coverage holes that can 

increase the effectiveness of RF coverage planning. Enabling ethio telecom resources to 

be used effectively in terms of time and cost might help the company provide swift 

customer service and improve its performance. Additionally, it categorizes according 

to signal levels and can offer signal status information for network planners and 

optimization teams. Moreover, the detection method takes into consideration indoor 

environments where drive testing cannot be addressed. 

1.6. Literature review 

Many studies have been done on applying ML algorithms in the domain of 

telecommunications and detecting network coverage holes. Within this section, related 

studies that highlight coverage detection and optimization application cases are 

mentioned. 



 
 

7 

 

A. Gomez-Andrades, R. Barco, and I. Serrano [8] conducted a method of assessment of 

the LTE network coverage hole. A method for identifying cells with coverage holes and 

determining their type and severity is suggested. Furthermore, the authors propose a 

technique that can simultaneously evaluate the effects of each coverage hole on 

consumers in both LTE and the underlying RAT. The strength of the study was 

demonstrating its ability to detect and diagnose coverage holes. The limitation of this 

work is since only the heterogeneous deployment situation has been considered, the 

homogeneous deployment option cannot be addressed. 

[9] Abdissa G. conducted coverage hole detection using decision tree classifier-

supervised ML algorithms on the Universal Mobile Telecommunications System 

(UMTS). The author used important performance indicators to identify the coverage 

hole in the 3G network. The data collection was done by using the Nastar tool from UEs 

that measures received signal code power (RSCP) and energy per chip to total received 

power density (Ec/No). The approach follows four coverage categories based on good 

and bad coverage conditions: good coverage and good quality, good coverage and poor 

quality, poor coverage and good quality, and poor coverage and poor quality. The 

study's limitation is that the model overfits, which is a frequent problem that must be 

addressed while training a decision tree model.  

Chethan K. Anjinappa and Ismail G. Uvenc [10] proposed an unsupervised learning 

approach to detect coverage holes for mmWave networks. They offer a unique method 

for unsupervised coverage hole identification utilizing uniform manifold 

approximation and projection. The main goal is to maintain the local connectivity 

structure present in the unlabeled channel samples that were gathered so that the 

coverage holes in the service region can be identified. Their findings on the deep MIMO 

dataset scenario show that the suggested method is capable of learning the structure 

inside the data samples and providing visual holes in the low-dimensional embedding 

while maintaining the coverage hole boundaries.  
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Bisrat A. [11] and Bekele S. [12] developed a technique for cell outage detection (COD). 

Both studies used handover information and applied density-based anomaly detection 

methods, namely, Local Outlier Factor (LOF) algorithms. In addition to this, they 

applied other anomaly detection techniques, such as K-Nearest Neighbour (K-NN) and 

Fast Anomaly Detection with Duplication (FADD), respectively. The study [11] utilized 

traffic data, which originated from base stations and terminated at mobile devices, as 

well as incoming handover data to capture the typical network status and automatically 

detect the outage of the target cell in a pre-set time period in the UMTS network 

environment. The AUC of the K-NN model is greater (0.99) than the LOF model (0.53). 

According to his findings, the K-NN anomaly detection performed better than the LOF. 

Whereas [12] the model detects a cell outage without taking alarms or performance 

measurements from the impacted nodes into account. An important component of the 

adopted model is utilizing incoming handover statistical data to detect sleeping cells 

and cell outages. As a result, the author contrasts the two techniques and gets the 

original LOF's 75% detection rate and FADD's 89%. The strength of both studies was 

the ability to compare two algorithms and choose the best one. Whereas, the weakness 

was that they did not take into consideration other performance measurement 

parameters for further grading of the cell status. 

 1.7. Methodology 

The methodology of this research encompasses the analysis of the problems and focuses 

mainly on the improvement and assessment of the proposed approach. The following 

methodologies will be employed to accomplish the objectives of this research: 

The research work started with a literature review to better understand the purpose of 

coverage hole detection techniques, the network performance parameters, and the ML 

algorithm. The next step is to collect the necessary MR data from the UE via the mentor 

tool and identify a targeted deployment working area based on the high data traffic 

generated on Ethio Telecom. In addition, for data preprocessing, Microsoft Excel and 
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Python tools are used. After that, target classes were developed based on current Ethio 

Telecom thresholds for signal quality and strength of the LTE network, and 

classification of the collected data was done using the random forest algorithm. The 

simulation results are analyzed, and the system's performance is evaluated using 

metrics like accuracy, precision, recall, f1 score, and area under the curve (AUC). 

Finally, the results have been discussed using Google Earth Pro visualization and plots, 

and the data have been presented in a comprehensive manner. Figure 1.1 illustrates an 

overview of the general methodological steps for the thesis work. 

 

Figure 1. 1  Methodology of the research 

                                   

1.8. Thesis organization 

There are six chapters in the thesis's organization. Chapter 2 presents a brief overview 

of LTE, network architecture, and LTE frame structure. This section also includes LTE 

network performance data collection, coverage problems, scenarios, and the effects of 

coverage holes. Chapter 3 introduced ML. It also contains an overview of random 

forest, algorithm learning, HPO, and the evaluation of the random forest algorithm. The 

experimentation, which includes area selection, coverage class definition, and a system 

model, is presented in Chapter 4. The results and discussion of the proposed scheme’s 

analysis, evaluation, and comparison between the original random forest classifier and 

HPO are discussed in Chapter 5. Finally, in Chapter 6, the key points of the thesis work 

are summarized, and further work is recommended. 
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  Chapter 2 

2. LTE Coverage Hole Detection 

 

2.1. LTE Overview 

The actual LTE (4G) is based on 3GPP Release 11. It is one of the most attractive radio 

technologies available today and in the years to come. By providing high data speeds 

with minimal latency, enhancing services, reducing costs, and enabling spectrum 

refarming thanks to its flexibility in frequency and bandwidth. In 2G and 3G networks, 

voice is circuit switched; however, Voice over Internet Protocol (VoIP), also known as 

IP telephony, is used on LTE networks. Three significant technologies that have 

contributed to the development of the LTE radio interface are multicarrier technology, 

multiple-antenna technology, and the integration of packet switching. The channel 

bandwidths that the LTE air interface offers range from 1.4 MHz to 20 MHz. Multiple-

access solutions provide orthogonality between the users, reducing interference and 

improving network capacity [13]. LTE downlink (DL) and uplink (UL) use orthogonal 

frequency division multiple access (OFDMA) and single carrier frequency division 

multiple access (SC-FDMA) multiple-access techniques, respectively [14]. The 

frequency dimension in the packet scheduling is one reason for the high LTE capacity. 

This chapter will describe the 3GPP system architecture of the LTE network and its 

basic elements. LTE frame structure, LTE network performance data collection, and 

LTE network coverage problems are also introduced, and the final point of this chapter 

is discussed about LTE network scenarios and the effects of coverage holes. 

 

2.2. LTE Network Architecture  
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The Evolved Packet System (EPS) is made up of the UE, the Evolved UMTS Terrestrial 

Radio Access Network (e UTRAN), and the Evolved Packet Core (EPC). This layer's 

main function is to enable IP-based connectivity; all services will be provided over IP 

[14]. Figure 2.1 shows that the LTE network structure is organized into four high-level 

domains: UE, E-UTRAN, EPC, and the Services domain. 

                

Figure 2. 1 LTE network architecture  [15] 

 

2.2.1. User Equipment 

UE is a tool or device used for communication in a data-oriented (voice) service. A 

mobile device, tablet, or laptop with a USB dongle is referred to as a UE in the LTE 

specification. Mobile equipment (ME) is the UE for LTE's internal architecture. The ME 

is made up of the following significant modules: Mobile Termination (MT), the first 

module, deals with all communication-related tasks; Terminal Equipment (TE) also 

terminates the data streams; and the next module is the Universal Integrated Circuit 

Card (UICC), also known as the Subscriber Identity Module (SIM) card. The MT and 

TE are basically the antennas. In LTE, the SIM card can either run the application known 

as the Universal Subscriber Identity Module (USIM) or store user-specific data to keep 

information about the user's mobile phone number, home network identification, and 

a security code [16].  
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2.2.2. Evolved-UTRAN 

Evolved Node B (eNodeB), also known as the base station, it is the most sophisticated 

node in the LTE network and is made up of two main components. The first component 

is the remote radio unit (RRU), also known as remote radio heads, which is made up of 

antennas and is the most visible part of the mobile network. All signals transmitted or 

received on the air interface must be modulated and demodulated by RRU. The second 

component is the Base Band Unit (BBU), which is made up of a digital module that 

processes all signals transmitted and received from the air interface and acts as the 

interface to the core network of High Speed Backhaul Connected (HSBC). The eNodeB's 

primary duties are radio resource management (RRM), which includes radio bearer 

control, radio admission control, connection mobility control, and scheduling, i.e., 

dynamic resource allocation to UEs in both UL and DL. Additionally, it is in charge of 

IP headers encrypting and compressing the user data stream's selection of an Mobility 

Management Entity (MME) at the UE attachment when no routing to an MME can be 

determined from the information provided by the UE, routing of user plane data 

towards the serving gateway, scheduling transmission of paging messages (originated 

from the MME), and scheduling and transmission of broadcast information [16]. 

2.2.3. Evolved Packet Core 

EPC is essential for end-to-end IP services and enhances network performance by 

separating control and data planes and utilizing a flattened IP architecture that 

minimizes the hierarchy between mobile data elements. It is carried out by four 

components: MME, Serving Gateway (SGW), Packet Data Network Gateway (PGW), 

and Policy and Charging Rules Function (PCRF) [17]. 
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o  Mobility Management Entity 

MME provides mobility session management for the LTE networ. Whenever the UE is 

communicating with the LTE core network by means of signaling, in reality it is directly 

communicating with the MME. When the UE is in the off state and then back in the on 

state, it registers itself with the LTE network (MME). Moreover, as a part of this 

registration procedure, the MME needs to authenticate and make sure that this UE is 

connected to the MME. So MME manages and runs authentication procedures using 

the security keys that it gets from the Home Subscriber Server (HSS). Once a UE has 

registered with the MME, the MME assigns temporarily identified and default bearers 

to the UE and manages and establishes them using the MME. As a part of the 

establishment of default bearers, the MME selects the SGW and the PGW through 

which default bearers are passed. The other function of MME is mobility management; 

a UE is either idle or connected. When a UE is in an idle state, its location is known to 

the network (MME), which is registered at the level of the tracking area (TA). TA is 

simply a group of cells. While UE is connected to the network (connected state) during 

the call, in that case, the location of UE is known to the network at the cell level. If UE 

is in one cell and moves to another cell, it needs to update the cell location with the 

network (MME). Another important function of MME is selection for inter-MME 

handover. The UE is in the coverage area of one eNodeB, and it moves to another 

eNodeB, which is connected to another MME, to perform handover. But this eNodeB is 

connected to a different MME, and this MME needs to be selected during this handover 

procedure. So this selection of MME is done by the old MME for inter-MME handover 

[14] [16]. 

o  Home Subscriber Server 

HSS performs the role of the Home Location Register/Authentication Centre 

(HLR/AuC). It is the home network for the user and contains the central database, 

which is going to have the subscriber profile for every user in the network. Then it sends 
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relevant information to MME, and based on that information, MME authenticates the 

end user. The HSS engages with the MME in all UE-related monitoring activities that 

are administered by the EPC [17]. 

 

o Serving Gateway 

SGW is an element of the user plane and plays a significant part in inter-frequency 

handover. During session establishment, the MME exchanges signaling with the 

eNodeB and the SGW to establish the tunnel to directly pass user-plane data between 

each other. So that user data will move directly between the eNodeB and the SGW 

without passing through the MME. Therefore, the SGW is the first point in the EPC that 

receives user-plane data from an eNodeB; in turn, the SGW serves as the mobility 

anchor point for user data while the UE is moving between different eNodeBs [16]. 

o  Public Data Network Gateway 

PGW is connects between EPC and the Public Data Network (PDN), which is the 

external network that connects the UE to the internet or any other network. The control 

traffic is used to pass signaling messages between each other, and the signaling 

messages will be passed from the UE to eNodeB, which provides the UE's radio 

interface. User data is transferred and received between the UE and PDN using data 

traffic [17]. 

o Policy and Charging Rules Function 

The PCRF sends control information to the PGW based on its predefined policies and 

QoS-related rules. It is transferred between the PCRF and the PGW when a new bearer 

is set up, such as when a new UE activates a new PDP on the network or when a new 

UE needs a data plane bearer with a different QoS policy [17]. 
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 2.2.4. LTE Network Interfaces 

The LTE Uu interface, also referred to as the LTE radio interface, is used to transfer data 

between the ENodeB and the UEs. It manages all of the data traffic between the UE and 

the S-GW as well as all of the signalling messages between the eNodeB and the MME. 

In addition to the air interface, the X2 and S1 interfaces are very important from the 

radio point of view. Since a direct site-to-site link is not required, the X2 interface 

provides a logical interface between eNodeBs. It can also be routed through the main 

network. It is used for inter-eNodeB handovers to forward data between the source and 

target eNodeB without involving the core network. In order to facilitate interference 

management, it is also involved in RRM operations, such as the exchange of load 

information between nearby eNodeBs. While there are two interfaces in the S1 interface, 

between the eNodeB and the S-GW, there is a user-plane interface called the S1-U 

interface. The S1-MME interface serves as the control plane interface between the 

eNodeB and the MME for the exchange of Non-Access Stratum (NAS) messages 

between the MME and UE (such as paging, tracking area updates, and authentication) 

[13]. 

2.3. LTE Frame Structure 

 

In LTE, OFDM symbols serve as the key transmission method for both UL and DL 

transmission directions. In the DL access mode, the time domain is constructed by 

frames, sub-frames, and slots from the eNodeB to the UEs. Each frame has a 10 ms 

duration and is broken down into ten similar-sized sub-frames. Each sub-frame has a 1 

ms duration. Additionally, each sub-frame is split into two identically sized time slots, 

each of which is 0.5 ms [18]. Furthermore, OFDM divides the carrier frequency 

bandwidth into several small subcarriers in the frequency domain spaced at 15 kHz and 

modulates each individual subcarrier using the digital modulation formats Quadrature 
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Phase Shift Keying (QPSK), 16-Quadrature Amplitude Modulation (QAM), or 64-QAM. 

Each user is given the necessary bandwidth through OFDMA for their transmission. In 

LTE, a Physical Resource Block (PRB) is the smallest radio resource that can be assigned 

to a user for data transmission during packet scheduling. The Resource Block (RB) pairs 

(in time domain) are allotted to a UE for data transmission in a Transmission Time 

Interval (TTI) of 1 ms. The smallest time-frequency resource unit is called a resource 

element. It is referred to as a single subcarrier in an OFDM symbol and has a frequency 

of 15 kHz. Radio resources are defined in the time-frequency domain (Figure 2.2), and 

a RB is a time-frequency radio resource that spans over one time slot of 0.5 ms in the 

time domain and one sub-channel (180 KHz) of 12 subcarriers in the frequency domain 

[19] [20].     

 

Figure 2. 2 LTE network structure  [20]  

 

2.4. LTE Network Performance Data Collection 

The most significant phases for the mobile operator are the performance of cellular 

networks and the evaluation of QoS, because they are connected to revenue and 

subscriber satisfaction. Thus, the QoS for the cellular network is an essential factor in 

the competition for subscribers, and it may be achieved when the network is correctly 

optimized to meet the minimum services required of the users. However, because of 

the continuously increasing number of customers, it is challenging to optimize the 

cellular network and requires evaluation of network performance. Hence, LTE network 
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monitoring and scanning are necessary in determining mobile network statistics to 

optimize LTE networks’ performance in a particular area [21].  

Measuring networks is an effective way to qualify and quantify how networks are being 

used and how they are behaving. For identifying network problems and performance 

issues, it is essential to understand network behavior. Additionally, the behavior 

provides helpful information for creating future network services and applications [22]. 

To determine the performance of the network, different measurements are used. Key 

performance indicator (KPI), mobile crowdsourcing (MCS), radio-planning tools (RPT) 

(coverage map simulation tools), user satisfaction surveys, drive tests, and MDT are the 

most common tools used to measure the data.  

2.4.1. LTE KPI 

KPIs are the best tool for assessing the effectiveness of the LTE network. In order to 

deliver high QoS and improve resource utilization, mobile network performance must 

be monitored and optimized  with the help of KPIs [21]. In all countries, the regulatory 

bodies set minimum KPI values that wireless network operators must meet in order to 

maintain compliance with the standards. These indicators are standardized by the 

3GPP and can often be divided into the following subcategories: accessibility, 

retainability, mobility, availability, utilization, latency, and integrity. As shown in 

Figure 2.3, some of these indicators are measured at the network level, while others are 

measured at the cluster level of the cell groups [23] and are described below [15] [23]. 
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Figure 2. 3 LTE KPI categorization [21] 

                                               

o Accessibility 

 
Accessibility is used to assess whether users can receive the services they have 

requested under a given condition and is also related to the degree to which services 

are readily available to users when needed. For instance, the user requests to access the 

voice or data call. The network operators must look at ways of improving accessibility 

if the accessibility measurements don't seem OK. It is crucial to analyze E-UTRAN 

metrics like RRC, E-UTRAN Radio Access Bearer (ERAB), and Call Setup Success Rate 

(CSSR) for accessibility. 

The RRC CSSR measures the call success rate in a cell or cluster.  

𝑅𝑅𝐶 𝐶𝑆𝑆𝑅 =
𝑅𝑅𝐶𝐶𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑆𝑢𝑐𝑐𝑒𝑠𝑠

𝑅𝑅𝐶𝐶𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝐴𝑡𝑡𝑒𝑚𝑝𝑡
∗ 100%                                          (2.1) 

 The ERAB setup success rate is calculated using the setup success rate for each service 

in the cell or group of cells. 

𝐸𝑅𝐴𝐵 𝑆𝑆𝑅 =
𝐸𝑅𝐴𝐵𝑆𝑒𝑡𝑢𝑝𝑆𝑢𝑐𝑐𝑒𝑠𝑠

𝐸𝑅𝐴𝐵𝑆𝑒𝑡𝑢𝑝𝐴𝑡𝑡𝑒𝑚𝑝𝑡
∗ 100%                                              (2.2) 

CSSR is used to assess the call success rate at the cell or cluster level.  

𝐶𝑆𝑆𝑅 = 𝑅𝑅𝐶 𝐶𝑆𝑆𝑅 ∗ 𝐸𝑅𝐴𝐵 𝑆𝑆𝑅 ∗ 100%                                          (2.3) 
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o Retainability 

Retainability is a term used to describe how well a network is able to hold on to the 

user’s data or the ability to maintain uninterrupted services. Metrics like call drop rate 

(CDR) are used to evaluate the retainability of E-UTRAN. 

The CDR is determined by monitoring the VoIP ERAB abnormal release rate. ERAB 

radio bearer abnormal releases could be the cause of the call drop rate. 

𝐶𝐷𝑅 =   
𝐸𝑅𝐴𝐵𝑎𝐴𝑏𝑛𝑜𝑟𝑚𝑎𝑙𝑅𝑒𝑙𝑒𝑎𝑠𝑒

𝐸𝑅𝐴𝐵𝑅𝑒𝑙𝑒𝑎𝑠𝑒
∗ 100%                                               (2.4) 

o Mobility 

Mobility is utilized to evaluate how well a network performs while a user is moving 

around and maintaining service for the user. It is essential to evaluating E-UTRAN 

parameters such as intra-frequency handover out success rate, inter-frequency 

handover out success rate, and inter-RAT handover out success rate [23] [24]. 

The intra-frequency handover success rate represents the percentage of successful intra-

frequency handovers between the local cell or radio network and its intra-frequency 

neighboring cell or radio network. 

𝐼𝑛𝑡𝑟𝑎𝐹𝑟𝑒𝑞𝐻𝑂𝑂𝑢𝑡_𝑆𝑅 =   
𝐸𝑛𝑡𝑟𝑎𝐹𝑟𝑒𝑞𝐻𝑂𝑂𝑢𝑡𝑆𝑢𝑐𝑐𝑒𝑠𝑠

𝐼𝑛𝑡𝑟𝑎𝐹𝑟𝑒𝑞𝐻𝑂𝑂𝑢𝑡𝐴𝑡𝑡𝑒𝑚𝑝𝑡
∗ 100%                      (2.5) 

The inter-frequency handover success rate shows the inter-frequency handover success 

rate of the local cell or radio network to the inter-frequency (different frequency) 

neighboring cell or radio network.  

𝐼𝑛𝑡𝑒𝑟𝐹𝑟𝑒𝑞𝐻𝑂𝑂𝑢𝑡_𝑆𝑅 =   
𝐸𝑛𝑡𝑒𝑟𝐹𝑟𝑒𝑞𝐻𝑂𝑂𝑢𝑡𝑆𝑢𝑐𝑐𝑒𝑠𝑠

𝐼𝑛𝑡𝑒𝑟𝐹𝑟𝑒𝑞𝐻𝑂𝑂𝑢𝑡𝐴𝑡𝑡𝑒𝑚𝑝𝑡
∗ 100%                       (2.6) 

The inter-RAT handover out success rate indicated that the success rate KPI handover 

from the LTE cell or radio network to a WCDMA cell.                       
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𝐼𝑅𝐴𝑇𝐻𝑂_𝐿2𝑊_𝑆𝑅 =   
𝐼𝑅𝐴𝑇𝐻𝑂_𝐿2𝑊_𝑆𝑢𝑐𝑐𝑒𝑠𝑠

𝐼𝑅𝐴𝑇𝐻𝑂_𝐿2𝑊_𝐴𝑡𝑡𝑒𝑚𝑝𝑡
∗ 100%                                  (2.7) 

o Availability 

The availability KPIs measure the percentage of time the network cells have been 

unavailable. In terms of 3GPP, a cell is considered available when an eNodeB can 

provide  E-RAB services in a particular cell [24]. 

The E-UTRAN cell availability measures the percentage of time in order to assess the 

degradation of service and network performance at the cluster level. 

𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =   
𝑀𝑒𝑎𝑠−∑𝑅𝑅𝑈𝐶𝑒𝑙𝑙𝑈𝑛𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒𝑇

𝑀𝑒𝑎𝑠_𝑝𝑒𝑟𝑖𝑜𝑑
∗ 100%                                   (2.8) 

o Utilization 

In order to evaluate the effectiveness of the EPC network's utilization, this KPI 

measures the ratio between the average number of active dedicated EPS bearers and 

the maximum number of active dedicated EPS bearers provided by the EPC network 

[25]. 

    𝑈𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 =   
𝑆𝑀.𝑀𝑒𝑎𝑛𝑁𝑏𝑟𝐴𝑐𝑡𝐷𝑒𝑑𝑖𝑐𝑎𝑡𝑒𝑑𝐵𝑒𝑎𝑟𝑒𝑟

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦
∗ 100%                           (2.9) 

o Latency 

Latency is used to achieve a delay measurement that is unaffected by the size of an IP 

data block; only the first packet broadcast to Uu is measured. The IP throughput 

measure and the IP latency measure can both be used to compute the delay for a specific 

packet size (after the first block on the Uu, the remaining time of the packet can be 

calculated using the IP throughput measure) [23]. 

                    𝐼𝑃 𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 𝐷𝐿 =   
𝑇ℎ𝑝𝑉𝑜𝑙𝐷𝑙

𝑇ℎ𝑝𝑇𝑖𝑚𝑒𝐷𝑙
                                                                  (2.10)              
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ThpVolDl is the volume at the IP level, and ThpTimeDl is the amount of time that has 

passed on Uu for the transmission of the volume included in ThpVolDl. 

                    𝐿𝑎𝑡𝑒𝑛𝑐𝑦_𝐷𝐿 =   
∑𝑇_𝐿𝑎𝑡_𝐷𝐿(𝑠)

#𝑠𝑎𝑚𝑝𝑙𝑒𝑠
                                                                             (2.11)          

T_Lat is the interval between the time an IP packet is received and the moment the 

eNodeB transmits the first block to Uu 

o Integrity 

The integrity KPI parameters indicate how E-UTRAN has an impact on service quality. 

It is used to measure the character or honesty of a network towards its users and relies 

on factors like throughput and latency. The following parameters are computed at the 

level of cells or clusters: Cell DL maximum throughput, cell UL maximum throughput, 

and latency [24]. 

Cell DL maximum throughput is used to determine the maximum bitrate in the DL, 

which is measured every second. 

𝐶𝑒𝑙𝑙𝐷𝐿𝑀𝑎𝑥𝑇ℎ𝑝 =   
𝐶𝑒𝑙𝑙𝐷𝐿𝑀𝑎𝑥𝑇𝑟𝑎𝑓𝑓𝑉𝑜𝑙𝑓𝑜𝑟𝐸𝑎𝑐ℎ1𝑠(𝑏𝑖𝑡)

1000(𝑚𝑠)
∗ 100%                        (2.12) 

Cell UL maximum throughput is used to determine the maximum bitrate in the UL, 

which is measured every second. 

𝐶𝑒𝑙𝑙𝑈𝐿𝑀𝑎𝑥𝑇ℎ𝑝 =   
𝐶𝑒𝑙𝑙𝑈𝐿𝑀𝑎𝑥𝑇𝑟𝑎𝑓𝑓𝑉𝑜𝑙𝑓𝑜𝑟𝐸𝑎𝑐ℎ1𝑠(𝑏𝑖𝑡)

1000(𝑚𝑠)
∗ 100%                           (2.13) 

 2.4.2. Mobile Crowdsourcing 

MCS in mobile networks comprises gathering information from user terminals or 

specialised collection equipment during the quality of experience assessment phase. It 

collects data from a group of people who willingly gather and exchange data using 

easily accessible mobile devices, usually with the aid of an app. The apps used in 

various mobility test modes, such as walk or drive tests, may be offered by a mobile 
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operator or research group. This data is processed and made available to third parties 

who are interested in integrating it via a data-sharing infrastructure. A cheap way for 

operators or academics to address large areas is by MCS using user terminals. This 

method may also help to enhance how resources are allocated for a particular service 

and/or how some network segments are provisioned [26].  

 2.4.3. Radio Planning Tools 

The primary objective of LTE coverage planning and optimization is to make sure the 

network and its services are reachable. Likewise, the capacity planning process 

determines the number of resources needed to provide users in an area with the traffic 

needed to let them send the maximum amount of data in the shortest possible period 

with a small degree of blockage. The tool used for radio network planning is known as 

a RPT. These are specialized tools often used for the initial planning of radio 

parameters. The planning process typically entails assigning radio frequencies, 

choosing sites and site locations, planning traffic, analyzing interference, and planning 

configuration parameters in order to provide a radio network with sufficient coverage 

and capacity. In addition to these RPTs, they make use of geographic data (such as 

terrain data, type of land use, building data, and road data), site and antenna 

(equipment) information, and other information. This data has to be entered into the 

tools [27]. In order to meet the coverage needs of white areas, it is also utilized to 

perform simulations of national and population coverage. LTE radio network planning 

used a planning tool to analyze the collected data. The input parameters to the planning 

tool are related to quality, coverage, and capacity. For each stage, the network planners 

require a specific tool in order to have a thorough understanding of the network. An 

Atoll planning tool is employed in [28], and it is an open, scalable, and versatile multi-

technology (dedicated project templates and propagation models for all supported 

technologies) and optimization platform that spans the entire network lifespan, from 

densification through optimization. 
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 2.4.4. User Satisfaction Survey 

A customer satisfaction survey is designed to gather user feedback and sentiment 

regarding the company's goods or services, brand, and user experience (including 

customer service, technical assistance, and feature usage). One of the most crucial tools 

for facilitating the interaction between a business and a client is a customer satisfaction 

survey [29]. Telecom operators who provide excellent customer service have an 

advantage over competitors because their clients are less interested in them. Companies 

can get helpful insights into problems and patterns that result in customer success by 

using customer satisfaction surveys.                                                                                              

 

Figure 2. 4 Factors of customer satisfaction [29] 

                                             

 2.4.5. Drive Test 

A driving test is a method for recording data on LTE cellular networks. The big data 

measurements provide insights that can be used to build and improve wireless 

networks. The operators conduct drive testing when installing new base stations, 

creating new roads, railroads, and tall buildings, as well as when customers complain 

about poor coverage, poor voice quality, or poor data quality [30]. It needs to be carried 

out manually using site engineers, and manual tests can be very time-consuming and 

expensive. In addition, these measures only cover a small portion of the network's time 

and space due to the fact that on-road testing. Drive test is often divided into three 
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categories: single site verification (SSV), or single cell function test (SCFT), multiple site 

verification (MSV), or cluster drive test, and operator benchmarking drive test (market 

level drive test) [21]. 

 
 

Figure 2. 5 Types of drive testing (SSV, MSV, and benchmarking) [21] 

                                        

2.4.6. Minimization of Drive Tests 

Due to the fact that only spot measurements can be made during driving tests and that 

human effort is required to collect measurement data, automated methods have been 

developed that incorporate UEs from the end user. This strategy should offer 

measurement data for fault detection and optimization at every potential network site. 

Utilizing every device that is active on the network is a novel idea for collecting data 

remotely; this approach is known as MDT. This means that measurements should be 

made using standard mobile phones in order to give operators data. The primary 

distinction between drive tests and MDT is that MDT uses low-cost cell phones, while 

drive tests use highly advanced measurement tools [30]. The LTE Release 10 MDT 

functionality supports two operation modes: Immediate MDT and Logged MDT [31], 

[32]. 

The immediate MDT measurement mode is used for gathering MDT data from UEs that 

are in an eNodeB or RRC-connected state. It is based on the current RRC measuring 

technique with an extension to include available location information in the MR, such 

as latitude and longitude collected from Global Navigation Satellite System (GNSS) 
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receivers. Because of this, MDT enables configuring RRC measurements so that RSRP 

and RSRQ measurements are reported periodically from the serving cell and 

neighboring cells (including intra-frequency, inter-frequency, and iRAT) with the 

available location information [32]. 

 

Figure 2. 6 Immediate MDT [30] 

When the configured triggers meet the requirements or the reporting configuration 

matches, the UE immediately reports the measurement data. As seen in Figure 2.6 

above, these results are gathered at the RNC node, which alerts the Trace Collection 

Entity (TCE), which collects all MDT measurements. After the notification, the TCE uses 

a file transfer protocol for downloading the MDT log [30]. 

Whereas logged MDT measurement mode is used for gathering MDT data from UEs 

that are in an eNodeB or RRC idle state. When a UE in idle mode arrives at a region 

with coverage holes, it tries to set up the RRC connection but is unsuccessful (the RRC 

Connection Establishment Failure (RCEF) report is logged). It is also possible to 

configure recurring triggers using MDT logs. The UE retains the measured data if these 

triggers are satisfied [31]. Additionally, it provides the possibility of storing failures if 

the network is not reachable. Furthermore, battery usage and network signaling load 

are decreased by the decoupling of measurements and reporting. 
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Figure 2. 7 Logged MDT  [30] 

Figure 2.7 illustrates how the UE keeps the measurements locally, but after a defined 

trigger, they are transferred to the radio access network (RAN) node and to the TCE 

[30]. 

In general, we have seen several kinds of data measurement tools with different 

parameters. These tools are used to evaluate the LTE network's performance. Mobile 

network performance needs to be monitored and improved using those parameters in 

order to provide high QoS and increase resource utilization.  

In ethio telecom, the tool used for the MDT functionality is Mentor to access UE MR 

LTE data. The MDT parameters are RSRP, RSRQ, SINR, Received Signal Strength 

Indicator (RSSI), Channel Quality Indicator (CQI), and Physical Cell Identity (PCI). We 

could only measure RSRP, RSRQ, RINR, and CQI with the tool. For current LTE 

networks, RSRP and RSRQ are important indicators of signal strength and quality. 

When a mobile device moves between cells and performs cell selection, reselection, and 

handover, it must assess the signal quality and strength of the neighboring cells. In an 

LTE network, a UE measures two parameters on the reference signal RSRP and RSRQ. 

For this study, we used these two parameters including SINR for assessing channel 

quality [33]. The following is a brief overview of the LTE UE-related measurements of 

RSRP and RSRQ, as defined in 3GPP specifications, including SINR [34]. 
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 RSRP: It is the LTE signal power received by the UE at a specific frequency. 

Measurements of RSRP should guarantee that clients are always connected to 

the cell with the greatest received power [35].  

 
Figure 2. 8 Illustration of RSRP measurement [36] 

 

The greater the distance between the site and the user, the smaller the RSRP 

received by the user. The reference signal, or RSRP, at each point of the range of 

coverage, and if the user is out of range, then it will not get LTE service [36]. The 

measurement of signal strength in LTE cells helps to re-rank the different cells 

as an input, which is used for handover and cell reselection algorithms. 

 RSRQ: It is defined as the ratio of N×RSRP/ (E-UTRA carrier RSSI), where N 

denotes the number of RBs in the E-UTRA carrier RSSI measurement bandwidth. 

The same set of RBs must be used for both the numerator and denominator 

measurements [34]. It is a measure of the reference signal's quality. When RSRP 

is insufficient to make a reliable handover or cell reselection decision, the RSRQ 

measurement offers additional information. High cell utilization is could be a 

factor in low RSRQ because, as cell utilization rises, RSSI rises as well. In certain 

areas where interference leads to service quality reduction for the user (which 

RSRP measurement is not able to detect), there could be situations where a 

quality-based measurement may enable better system performance. The main 

purpose of the RSRQ measurement would be to enable proper initiation of inter-

frequency or iRAT handovers to maintain received quality [35]. 
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 SINR: It is typically employed as a network quality indicator and equates to the 

quality of the desired signal being low due to high interference. Thus, 

interference is a key element that affects the functioning of cellular networks, 

along with capacity, coverage, and more frequent dropped calls [37]. 

However, it should be emphasized that the 3GPP does not specify SINR, and as 

a result, UEs do not report SINR to networks. However, the majority of UEs 

measure and record SINR internally for use by test tools. It is a straightforward 

way to describe the relationship between radio conditions and throughput 

because signals near interference and noise levels are subject to data corruption, 

which requires retransmissions between the transmitter and receiver. The 

retransmitted signals will consume more airtime in the wireless environment, 

which will reduce wireless throughput and latency. 

2.5. LTE Network Coverage Problems 

In order to monitor and identify network coverage issues, the MDT data from the UEs 

and RAN may be used. Here are a few use cases [31] for monitoring and finding 

coverage issues: 

2.5.1. Weak Coverage 

It occurs when the signal level SNR (or SINR) of the serving cell is below the level 

needed to maintain a planned performance requirement. SINR, which is required to 

identify RSRP or RSRQ, is the signal strength divided by the signal strength of any 

interference [31]. When the SINR signal level is low, it usually implies that interference 

levels are high, which means that RSRP and RSRQ are poor. Weak coverage happens 

when the mobile device is far from the base station or is restricted by numerous 

constraints (physical barriers), and it often has trouble receiving a strong enough signal. 
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2.5.2. Pilot Pollution 

Pilot pollution implies a situation in which an excessive number of pilots (or reference 

signals, in the case of LTE) are received in one area. As a result, there is no dominant 

pilot signal at all [38]. In areas where the coverage of different cells overlaps a lot, 

interference levels are high, power levels are high, energy consumption is high, and cell 

performance may be low. This phenomenon has been called pilot pollution, and the 

problem can be addressed by reducing the coverage of cells. Typically, in this situation, 

UEs may experience high SNR to more than one cell and high interference levels. As 

shown in Figure 2.9, the pilot pollution interference (PPI) situation is due to the 

existence of the serving base station and the other three paging cells at the same time. 

 

Figure 2. 9 Pilot pollution interference [39] 

As a result, the serving base station boosts its power level to reach the mobile station at 

the overlap fringe area (soft handoff region). This causes the different pilot signals in 

the overlapping fringe area to become non-orthogonal, and consequently, the mobile 

receiver suffers from the occurrence of the PPI effect [39]. 

2.5.3. Overshoot coverage 

An overshooting situation occurs when coverage of a cell reaches far beyond what is 

planned. It can occur as an 'island' of coverage in the interior of another cell [38]. A 
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mobile station is overshooting when its SINR from the neighboring base station is larger 

than the SINR of its serving base station [40]. Reasons for overshoot may be reflections 

in buildings or across open water, lakes, etc. In addition, antenna parameter settings 

that are not optimal are the primary source of this issue. UEs in this area may suffer call 

drops or high interference (bad quality of experience). Possible actions to improve the 

situation include changing the coverage of certain cells and blacklisting certain cells for 

mobility. 

 
Figure 2. 10 Overshoot coverage [40] 

 

2.5.4.  Mismatched DL and UL channel coverage 

Poor UL coverage may have an influence on the user's experience in terms of failed call 

setup, dropped calls, and poor UL voice quality. Therefore, coverage should be 

balanced across UL and DL connections. Possible UL coverage optimization includes 

adjusting cellular coverage by altering the site configuration (antennas), but it also 

involves adjusting UL-related parameters in a way that allows for the most effective 

use of UL powers in different environments [31].  

Furthermore, one of the issues with LTE network coverage and the focus of this work 

is the coverage hole. Hence, it is described in the section below. 

2.6. LTE Network Coverage Hole 
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A coverage hole is defined as a client's being unable to receive a wireless network 

signal. Which is the pilot/reference signal power (RSRP, RSRQ, and SINR) falls below a 

predetermined level. It can be caused by physical barriers like recently constructed 

buildings, hills, improperly specified antennas, or even insufficient RF planning [31].  

 
Figure 2. 11 Coverage holes [41] 

                                                  

When the mobile phone enters a coverage hole, which causes it to stop making calls 

until it finds another tower with a better signal, which enables the mobile phone to 

receive a signal to keep trying to connect [41]. 

UE in coverage holes will suffer from call drop, handover, and radio link failure. When 

a connection is suddenly dropped before the service requested by the user can be 

finished, this is referred to as a call drop. As a result, the call drops while the service is 

running, and the user's packets are not scheduled, either due to a lack of available 

resources or because the connection quality in terms of SINR falls below a certain level. 

This is the worst-case scenario for the user because they completely lose their 

connection, resulting in customer discontent [8]. 

2.6.1 Scenarios of Coverage Hole 

Let us see some scenarios for coverage holes [33]. The first scenario is that coverage 

holes happen in E-UTRAN without any other radio coverage. Inappropriate planning 

or invalid parameter selection will result in coverage holes in some areas during the 

initial deployment stage of E-UTRAN, resulting in plenty of calls being dropped. 
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The second case is explained as E-UTRAN coverage holes that happen between 

multiple bandwidths (inter-frequency case) [8] [33]. In this case, mobile communication 

takes place between two distinct cells operating at different LTE frequencies (2G/3G 

coverage). In this scenario, the legacy systems, e.g., 2G/3G, that provide radio coverage 

together with E-UTRAN and that are experiencing poor quality are transferred to a 

neighboring legacy system through the inter-RAT handover (iRAT) procedure. 

 

Figure 2. 12 LTE coverage hole and inter-RAT handover from LTE to 3G system [8] 
                     

With iRAT handovers, the legacy systems maintain the services needed to prevent 

unplanned user disconnections. However, this has a negative effect on the user 

experience. Because of the decreased service performance (speed reduction or increased 

latency). Cells are affected by coverage holes with too many IRAT handovers, and as a 

consequence, customers frequently complain about call drops, service gaps, and 

decreased performance in areas with LTE coverage holes [8]. 

The iRAT measurements may be used to detect coverage holes in the LTE network. 

Measurements (such as RSRP, RSRQ, cell ID, location, and time stamp at the time of 

iRAT handover) can be recorded by the network and used by the CCO function to 

identify coverage holes in the LTE network [33]. 

The other scenario is E-UTRAN with isolated island cell coverage [33], where the actual 

coverage area of an isolated island cell is less than the planned isolated island cell area. 
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The uncovered planned cell area is the coverage hole that needs to be detected and 

optimized through coverage and capacity optimization. 

 
 

Figure 2. 13 Coverage holes with isolated island cell coverage [33] 
                                      

The last scenario is E-UTRAN cells with too large coverage; in this case, the operator 

gradually improves the network by utilizing LTE cells in areas where more capacity is 

required. In this particular scenario, the real LTE coverage exceeds the planned LTE 

coverage. The problem with too wide coverage is that the planned capacity may not be 

reached. As such, it is important to keep the coverage within the planned area [33]. 

2.6.2 Effects of LTE Coverage Hole 

o Handover Failure 
 

Handover failure happens when the UE moves through the radio environment's cells, 

measures DL signal strength and/or quality, and sends measurement reports to 

eNodeB. In the case where the serving cell's signal strength gets lower and the 

neighboring cell's signal strength may be strong enough, based on the measurement 

results, the eNodeB makes a decision and performs a handover with the user and 

engaged eNodeB [42]. RSRP is used for measuring signal strength in a particular cell, 

and it helps as a consideration in handover selections by ranking cells based on their 

signal strength. A resource element is the smallest unit of a resource, and RSRP is the 

average power contribution, expressed in Watts, of all resource elements carrying cell-

specific reference signals within the given frequency bandwidth [34]. In order to 
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guarantee low latency and reliable transition across various types of networks, 

handover is one of the essential RRM operations. Strong handover may ensure users 

travel freely within the networks while still being connected and provided with high-

quality services. The LTE handover procedure can be considered a series of precise 

flows of events; the handover failure can happen at any of those processes, and the 

majority of failures probably happen before the handover command has been 

successfully transmitted due to the poor radio conditions and patchy coverage caused 

by shadow fading and path loss [42].  

In order to boost overall network performance and minimize detrimental impacts (call 

dropping, handover failures, ping-pong handover), [33] shows the use of handover 

parameter adjustment approaches. The purpose of the handover parameter 

optimization function is to decrease the frequency of handover failures as well as the 

wasteful use of network resources caused by undesired handovers. In certain cases, the 

general setting of the handover parameters is incorrect. If the serving eNodeB does not 

start the handover at the appropriate moment, it will start too early or too late and send 

the handover to the wrong cell, which will lead to more radio link failure (RLF) [33] 

[43]. Furthermore, the radio link needs to be re-established with the serving eNodeB, 

which requires restarting the handover process. 

A late handover is performed if the UE mobility is more aggressive than what the 

handover parameter settings allow for. So due to its rapid mobility and an inadequate 

configuration of the handover parameters, the UE departs the source cell coverage 

(losing the signal from the serving cell) before the handover is activated. On a separate 

cell from the serving cell, the connection might be re-established. This situation is 

typical in places with large levels of user movement, such as by roads, rail lines, etc. 

[33]. While handover occurs, it is too early if the handover process is already finished 

when the target cell's signal quality declines for communication needs [43]. As noted in 

[33], when the UE enters an unanticipated island of coverage of the target cell within 
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the serving cell's authorized coverage region, handover might be triggered, but the UE 

can no longer acquire the target cell when it leaves the target cell's island of coverage, 

and the handover fails, possibly resulting in a failed radio link. In the case of handover 

happening to the wrong cell, UE moves from cell A to cell C, but because the handover 

parameter was not optimized and cell A sent the incorrect handover command, a 

handover to cell B was performed, which led to an RLF. Then the UE makes contact 

with cell C again. The three handover failure conditions are illustrated in Figure 2.14. 

 

a) Too late handover triggering 

 

b) Too early handover triggering 

 

c) Handover to a wrong cell scenarios 

Figure 2. 14 the three handover failure scenarios [33] 

o Radio Link Failure 

                                                                                                           

A RLF occurs when the UE cannot communicate with the serving cell. E-UTRAN makes 

use of the RCRM and transmits the measurement configuration applicable to a UE in 

the RRC connected using dedicated signaling. The UE then reports measurement 

information. Radio data supplied by UE, such as RSRP, RSRQ, and CQI, can be used to 
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predict RLF [44]. As shown above in Figure 2.14, the three handover failure scenarios 

lead to RLF. In addition, congestion, a weak signal, or interference are possible causes 

of RLF. Let us take a quick look at interferences. There are two types of interference: 

intra-cell interference is caused by an interfering mobile device in the same cell. It 

results from spillover transmission between adjacent channels within a cell. The other 

is inter-cell interference (ICI), which is interference from mobile devices in adjacent 

(neighboring cells). It is caused by the same frequency channel being utilized by nearby 

cells [45]. 

Collisions between RBs that are used simultaneously by several cells result in ICI. It 

occurs in OFDMA systems because adjacent cell UEs reuse PRBs. The received SINR 

decreases as a user moves away from a serving eNodeB and gets nearer to its 

neighboring eNodeB because the intended received signal power drops and the ICI 

increases [19]. 

                                                                      

 
 

a) Intra-cell interference [19] 

 

 
 

b) Inter-cell interference [46] 

Figure 2. 15 types of interference 

o Call Drop 
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A call drop occurs when a call is being made but neither party (the caller nor the 

recipient) disconnects the call at any point in time. This happens because the phone's 

signal quality is typically poor (handover failure, congestion, weak signal transmit 

power, etc.), with various parameters that can interfere with voice services [47]. 

 

Figure. 2.16 Call drop due to coverage holes [8] 

When there is a coverage hole, the received LTE signals from the serving cell and the 

nearby LTE cells are not strong enough to sustain good customer service. As a result, 

those areas with poor coverage are characterized by having a lot of users with bad RF 

scenarios [8]. 

o Packet Loss 

Data is transmitted and received across the network in small pieces called packets. This 

holds true for all online activities, including phone calls, surfing, email, streaming, 

video chat, and downloading files and photographs. Packet loss happens when one or 

more of these packets get lost while travelling. The number of packets that are sent via 

a network but fail to get to their intended recipient is known as packet loss. Coverage 

holes, multi-path fading, channel congestion, in-transit rejection of damaged packets, 

and problematic hardware, drivers, or routing routines can all be factors in packet loss 

[48]. 
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 Chapter 3 

3. Machine Learning Algorithm 

ML is a broad field with applications in information technology, statistics, probability, 

artificial intelligence, and many others. It enables machines to pick up new skills 

without having to be explicitly programmed to do so. Learning happens when data and 

mathematical models are combined, for instance, by determining optimal values for the 

model's unobserved variables. The three ML types that are used to train the model are 

supervised, unsupervised, and reinforcement learning [49]. This thesis is focused on 

using supervised learning for UEs to classify MR data in order to gain insights about 

cellular network coverage. 

3.1. Supervised Learning 

A ML technique known as supervised learning uses a set of paired input-output 

training samples to learn the input-output relationship information of a system. An 

input-output training sample is also known as labelled training data or supervised data 

since the output is thought of as the label of the input data or the supervision. The aim 

of supervised learning is to develop an artificial system that can learn the relationship 

between input and output and predict the system's output given new inputs. We can 

divide supervised learning into two categories: classification (labels are defined) and 

regression (labels are not defined). The learned mapping results in the regression of the 

input results from the output taking continuous values. Whereas the learned approach 

for the classification of the input data if the output takes a finite set of discrete values 

that represent the class labels of the input [50]. It is the issue of determining whether an 

object belongs to a specific category based on a previously acquired model in ML or 

statistics. This model is learned statistically based on a set of training data whose 

categorization is predefined [51]. In this work, the random forest is applied for 
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classification purposes. It is a very well-liked supervised ML technique that uses many 

decision trees together. Let's first take a look at a single decision tree before going into 

further detail regarding the random forest approach. 

3.2. Decision Tree 

Decision trees are a supervised classification method [52]. The structure of the tree is 

easy to understand, where terminal nodes show the results of decisions and non-

terminal nodes represent tests on one or more attributes. Typical trees include a single 

root, branches, nodes (locations where branches are separated), and leaves. The 

branches stand for segments connecting the nodes. It is usually drawn from left to right 

or beginning from the root downwards, so it is easier to draw. The first node is a root, 

and the end of the chain, the "root branch node" is called the "leaf". From each internal 

node (i.e., not a leaf) may grow two or more branches. Each node corresponds to a 

certain characteristic, and the branches correspond to a range of values. These ranges 

of values must give a partition of the set of values for the given characteristic [52]. It 

makes predictions by asking a sequence of questions for each example and making a 

prediction based on the responses. This makes decision trees intuitive. One of the 

benefits is that we can clearly see the path of questions and answers we took to get to 

the final prediction. 

3.2.1. Decision Tree Structure 

The decision tree's nodes are organized into root, internal, and leaf nodes [53]. 

 Root Node: The root node is the beginning of the tree; when there are no 

incoming edges but at least one outgoing edge, the outgoing edges lead to either 

an internal node or a leaf node. The root node is usually an attribute of the 

decision tree model. 
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 Internal Node: A node that comes after an internal node or a root node and is 

followed by either an internal node or a leaf node. It has at least two outgoing 

edges and only one incoming edge. Internal nodes are always attributes of the 

decision tree model. 

 Leaf Node: These are the bottommost elements of the tree and typically 

represent classes of the decision tree model. Each leaf node can only contain one 

class label or, occasionally, a class distribution. It has one incoming edge and no 

outgoing edges. 

 Depth: The longest distance between a root node and a leaf node along a path. 

 

 

Figure 3. 1 Decision tree structure nodes [53] 

 

The drawback of this algorithm is that it is highly sensitive to the training dataset, which 

could result in high variance, so our model might fail to generalize; even minor 

modifications to the training set might result in radically different tree architectures. 

Here comes the random forest algorithm. Random forest takes advantage of this by 

enabling different independent trees to randomly select from the dataset with 
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replacement; the process is called bagging and was proposed by Leo Breiman (1996) 

[54]. 

 3.3. Random Forest Algorithm 

Random forest is a powerful supervised ML algorithm that consists of many individual 

decision trees to form a "forest" [54]. It can be used for both classification and regression 

problems. As a classification model, it uses multiple random tree classifications to vote 

on an overall classification for the given set of inputs. Each individual machine learner's 

vote is given equal weight. The process we just followed creates new data sets and 

ensures they are different, called bootstrapped datasets. Now we have to combine all 

the predictions, and we will take the majority vote; hence, the prediction from our 

random forest is (majority value). This process of combining results from multiple 

models is called aggregating, so in the random forest, we first perform bootstrapping, 

then aggregating, which is called bagging [55] [56]. That was how we built the random 

forest. 

Random forest has used two randomness processes: bootstrapping and feature 

selection. Bootstrapping ensures that we are not using the same data for every tree, so 

in a way, it helps our model be less sensitive to the original training data. This decreases 

the variance and makes the random forest less likely to overfit. Added to this, random 

feature selection also helps to reduce the correlation between the trees. If you use every 

feature, then most of the trees will have the same decision nodes and will act very 

similarly, which will increase the variance. This is another benefit of random feature 

selection. Some of the trees will be trained on less important features, so they will give 

bad predictions, but there will also be some trees that give good predictions in the 

opposite direction, so they will balance out [49] [57]. 

When using a single tree as a classifier, the output of the processing is going to suffer 

due to the high chance of noise and outliers. Because the random forest classifier has a 
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randomness characteristic, it is extremely robust against outliers and capable of 

handling missing values [58]. 

 

Figure 3. 2 Random forest tree [54]. 

As shown in Figure 3.2, for this particular example, the number of decision trees to 

create this forest are four, which are tree 1, tree 2, tree 3, and tree 4. And each tree is 

created by applying the bootstrapping process. The trees have their own data sets that 

are extracted from the original training datasets. Then, the trees are trained 

independently and predict their predictions, and the majority vote will be selected, and 

that will be the final prediction value.                                                            

3.3.1. Random Forest Hyperparameters  

The random forest algorithm has a number of user-adjustable hyperparameters that can 

be used to enhance the model's performance. 

Some of these are n_estimators, max depth, min samples split, min samples leaf, max 

features, and max leaf nodes [59] [60]. 
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 number of trees: It refers to the number of decision trees in the forest. As we add 

more trees, our model might become more comprehensive at the expense of 

training time. 

 Max depth: It is the most important hyperparameter in a random forest 

technique for preventing overfitting. As the tree's depth increases, the model 

learns every detail of information during the training phase, and we can't 

generalize in the testing model. 

 Min samples split: The minimal number of samples required to divide an 

internal node is specified by the min sample split parameter, which is 

determined by the trade-off between overfitting and underfitting. We can reduce 

overfitting by using a large number of samples; however, using too many 

samples can result in underfitting. 

 Min sample leaf: This is the minimum number of samples needed to form a leaf 

node (without any more splits). 

 Max Features: This indicates the total number of features to take into 

consideration when determining the best split. For each split, the maximum 

number of features can be specified, or a fraction can be used to indicate the 

percentage of features that will be taken into consideration. We also have options 

such as sqrt, log2, none, and auto. 

 Criterion: There are certain essential splitting parameters on decision nodes, 

namely Shannon entropy and the Gini index that are used to calculate 

information gain. Gini looks at Gini impurity, which measures the frequency 

with which a randomly chosen element would be labelled incorrectly. Whereas 

entropy looks at information gain, which gauges the purity (impurity) of a node 

or the disorder of a grouping [60] [61]. The lower the entropy, the higher the 

information gain, and thus a node has the same group (pure node). In addition, 

entropy and gini can be calculated as shown below in Eqs. 3.1 and 3.2, 

respectively. 
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                           𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝐺𝑎𝑖𝑛 =  1 − 𝐸𝑛𝑡𝑟𝑜𝑝𝑦 

𝐸 =  − ∑ 𝑃𝑖 ∗ 𝑙𝑜𝑔2 (𝑝𝑖)
𝑘

𝑖=1
                                                         (3.1) 

Where pi is the probability of randomly selecting an example in class i. 

                          𝐺𝑖𝑛𝑖 𝐼𝑚𝑝𝑢𝑟𝑖𝑡𝑦 =  1 − 𝐺𝑖𝑛𝑖 

  𝐺=  − ∑ 𝑝𝑖2𝑘

𝑖=1
                                                                                      (3.2) 

Where k represents the number of classes in the target variable and Pi represents 

the ratio of the number of observations in the node. 

3.3.2. Random Forest Hyperparameters Optimization  

In the ML model, there are two types of parameters:hyperparameters and model 

parameters. Hyperparameters are parameters whose values control the learning 

process and arbitrary settings made by the users even before the model is trained. These 

are adjustable parameters used to obtain the optimal model. While the model 

parameters are learned during training. 

HPO is a technique that involves searching for the best hyperparameter values to 

achieve the best performance on a given dataset. These design parameters could 

directly influence the training outcome, which is a significant challenge when dealing 

with ML problems. Determining the optimal hyperparameters requires a lot of time, 

particularly when the objective functions are difficult to compute or there are many 

parameters that need to be tuned. Grid and random search CV techniques are two of 

the best approaches for fine-tuning the hyperparameters in random forest methods. 

These techniques have some advantages and disadvantages over others. Grid search 

has proven to be a useful method for fine-tuning hyperparameters, but it has certain 

limitations, including the tendency to try too many different combinations and 

performing poorly when tuning many variables together [62]. 
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Figure 3. 3 Hyperparameter tuning architecture [63] 

One better approach for increasing the accuracy of ML systems is parameter 

optimization [64]. In order to perform hyperparameter optimization, we have to first 

create a parameter space or parameter grid that contains a range of potential 

hyperparameter values that can be employed when building the model [59]. 

In this work, the random and grid search methods are employed for parameter tuning 

to improve the random forest classifier’s accuracy. Before addressing grid and random 

search approaches, it is essential to explain CV, which is regarded as a vital phase in 

the hyperparameter tuning process. A statistical technique called CV is used to gauge 

how accurate ML models are. We are unsure of how well the model will perform once 

it has been trained on data that has never been used before. A guarantee is required for 

the model's performance in terms of prediction accuracy. A ML model must be tested 

with some unobserved data in order to assess its performance. We can assess if a model 

is underfitting, overfitting, or well generalized based on how it performs on 

unobserved data.  
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When the data in hand is limited, CV seems to be a highly helpful strategy for 

evaluating how good a ML model is. A portion of the data should be set aside for testing 

and validating in CV; this fraction won't be used to train the model but will be kept for 

later use. One of the most popular CV approaches is the K-fold, and we used this 

method to validate our model. In k-fold CV, the available learning set is split into k 

separate subsets that are similar in size. Fold refers to the number of splitting groups. 

The parameter K in K-fold CV represents the number of folds or sections into which a 

given dataset is divided. This partitioning is carried out by randomly selecting instances 

from the training set without replacement [63]. 

 

Figure 3. 4 Cross-validation [63] 

The training set is made up of k-1 subsets, which in combination form the training set, 

and the model is applied to the remaining subset, known as the validation set, and the 

model accuracy will be evaluated. Repeat this process until all k subsets have served as 

validation sets [64]. For example, if k = 5, i.e., 5-fold CV means the model is trained 5 

times iteratively, in the first iteration our model will be fit from the first to the fourth 

folds, and the fifth folds will be treated as validation. In the next iteration, the fifth fold 

will become part of the training, the first fold will become validation, and so on; this 

process occurs repeatedly k times. 

o Grid search CV 

In the grid search approach, the user sets a grid of hyperparameters and places these 

hyperparameters in a matrix form. The model is trained to consider every possible 



 
 

47 

 

combination of hyperparameters in order to select the optimal parameter values, and 

the top-performing model is then chosen [62]. 

It is a technique used to find the best classifier parameters that will enable a model to 

correctly predict certain unlabeled data. CV, or training the model on many folds with 

various hyperparameter combinations to discover more accurate results, is a typical 

improvement to grid search [58]. Some hyperparameters that cannot be directly learned 

from the training phase are tuned using the grid search. Finding the best combination 

of the various hyperparameters in the classification model is challenging [58]. The main 

drawback of grid search is its high complexity when we have a huge amount of data or 

many hyperparameter combinations to tune. It is the best method when there are a few 

hyperparameters to be tuned [62]. In low-dimensional spaces, grid search is reliable, 

while in high-dimensional spaces, random search outperforms grid search [65]. 

o Random search CV 

Random search is a basic improvement on grid search. It denotes a randomized search 

over probable parameter values for hyperparameters from specific distributions. The 

search procedure is carried out indefinitely until the desired accuracy is achieved. This 

technique is the most straightforward stochastic optimization method, and it works 

well for issues like a small search space and quick simulation. In order to train the 

algorithm, it selects random combinations of hyper-parameter values [62]. In this 

technique, rather than performing an exhaustive search, it will select certain 

hyperparameter values at random and attempt to identify which parameters have high 

values from that group of parameters in order to evaluate the accuracy of all possible 

combinations of the values for the hyperparameters.           

3.3.3. Evaluation Random Forest Classifier 
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After training the model, the next step is to choose the right model evaluation metrics. 

The confusion matrix, accuracy, precision, recall, f1-score, and AUC are well-known 

evaluation metrics that help to measure the classifier's model performance [66]. 

 Confusion Matrix: In the confusion matrix for a binary classifier (Table 3.1), 

actual values are denoted as True (1) and False (0), while predicted values are 

Positive (1) and Negative (0). Estimates of classification model possibilities are 

obtained using the confusion matrix's expressions TP, TN, FP, and FN [66] [67]. 

 

Table 3. 1 Confusion matrix 

 

Actual class Predicted class 

Positive Class (1) Negative Class (0) 

True Class (1) TP FN  

False Class (0) FP  TN 

   

o True Positive (TP): The confusion matrix's data point is TP when a 

positive result is predicted and what actually happens is the same. 

o False Positive (FP): The data point in the confusion matrix is regarded as 

FP when a positive outcome is predicted and what happens is a negative 

outcome. 

o False Negative (FN): The confusion matrix’s data point is FN when a 

negative outcome is predicted and what happens is a positive outcome. 

o True Negative (TN): In the confusion matrix, a data point is designated 

as TN when a negative outcome is predicted and what happens is the 

same. 

For four-class classification, a confusion matrix is shown above in Figure 3.7 for 

the four-class classification problem of classifying instances into four classes [68].                      
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Figure 3. 5 Confusion matrix for the four-class classification [68] 

 Accuracy: The accuracy metric measures the proportion of correct predictions to 

the total number of evaluated cases. 

 

𝐴𝐶𝐶 =
TP+TN

TP+TN+FN+FP
                                                     (3.3)                           

 Precision: It is determined which positive patterns are correctly predicted from 

the total predicted patterns in a positive class.  

𝑃𝑅𝐸𝐶 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                                  (3.4) 

 Recall: It is determined as the ratio of correct positive predictions (TP) to all 

positive predictions (P), known as the true positive rate or sensitivity. 

 

𝑅𝐸𝐶 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                           (3.5) 

 

 F1-measure or F1-score: It is a measure of the accuracy of the test and the 

harmonic mean of precision and recall. 

 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =
2∗𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑟𝑒𝑐𝑎𝑙𝑙
                                             (3.6) 

 AUC: It shows how well the classifier can differentiate between positive and 

negative classifications. It accepts values in the range of 0 and 1. Performance is 

better when the AUC is larger. The AUC of a random model is 0.5, while the 

AUC of a perfect model is 1. An AUC of 0.0 indicates a model with 100% 

incorrect predictions. 
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 Chapter 4 

4. Experimentation 

To successfully carry out this task, it needed to define the study area, thresholds, 

coverage classes, and system models, as stated in the following sections. 

4.1 Area Selection 

The data collection was conducted on 324 eNodeBs with 1208 cells in the cluster 20 area, 

which includes 7 locations (from Mesekel Square, Wello Sefer, Airport Road, Edna Mall, 

Atlas, Golagol, and Urael) as illustrated in Figure 4.1 with geographic coordinate ranges 

of (38.72454E–38.86114E, 8.8668385N–9.0665395N) longitude and latitude, respectively. 

Table 4.1 shows that the selected LTE eNodeBs. Typically, it shows the distribution of 

all Addis Ababa LTE eNodeBs as well as the selected area's eNodeB count and 

distribution on a Google map. Information such as site ID, cell ID, and location 

information (latitude and longitude) are gathered based on the selected area. In this 

work, UEs MR parameters, including RSRP, RSEQ, and SINR, are also captured with 

the help of this geographic data. 

 

Figure 4. 1 The selected area 

 

Table 4. 1 Geographical coordinates of available sites and the selected LTE eNodeBs 
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 LTE eNodeBs sites in  

Addis Ababa 

Selected eNodeBs 

Longitude 38.76772-38.887913 38.72454-38.86114 

Latitude 8.81866-9.075676 8.8668385-9.0665395 

Total no of sites 1110 324 

Total no of cells 7268 1208 

                            

4.2. Threshold and Target Coverage Class Definition 

As mentioned before, in LTE networks, the RSRP, RSRQ, and SINR are important 

characteristics to assess signal coverage level. When a mobile device moves between 

cells and executes cell selection, reselection, or handover, a modem can use it to 

uniformly evaluate the state of the connection to a particular neighboring tower. The 

modem selects the tower with the highest RSRP out of all the neighboring towers RSRP 

values, but the modem bases its decision on RSRQ when the RSRP values of two towers 

are the same signal strength or the strength is weak to call. The signal level thresholds 

denote that, in order to provide a good service, the signal quality and strength must be 

greater than the specified thresholds. The RSRP parameter measures the desired signal 

strength and is typically stated in dBm, whereas the RSRQ and SINR parameters 

measure signal quality, and both are given in dB. SINR [69] is vendor-specific. In this 

study, the network coverage is divided into four classes depending on thresholds. It 

considers the combination of the RSRP, RSRQ, and SINR threshold values and classifies 

them as "excellent", ”good", "medium", and "weak," including the network coverage 

situation in between the thresholds. 

Table 4. 2 Target coverage class based on RSRP, RSRQ, and SINR levels 
 

Signal level RF Target 
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RSRP RSRQ SINR connectivity coverage class 

> = -80 > = -10 > = 20 Excellent 3 

-80 to - 90 -10 to -15 13 to 20  Good 2 

-90 to -100 -15 to -20 0 to 13 Medium 1 

< = -100 < = -20 < = 0 Weak 0 

 

4.3. System Model 

This section discusses the system model for this study. Data collection comes first, 

followed by data pre-processing (data cleaning and transformation), and then model 

building (split into training and testing models). We provide 80% of the data for the 

training model and 20% for the testing. Then grid and random search are used for HPO 

after the random forest algorithm learns from this training dataset. As a result, we 

obtain the predicted value, and then we verify our model using the prediction and the 

true test dataset. Finally, we visualize the predicted coverage classes on Google Earth 

Pro. 
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Figure 4. 2 System model of the thesis 
                                                                   

 Data collection: This study is focused on offering a solution that uses UE MR 

data via the MDT functionality. The UE MR is collected using the mentor tool in 

order to create an initial database. For the analysis, RSRP, RSRQ, and SINR 

parameters are collected, as well as serving cell IDs and event locations (latitude 

and longitude). The data used for this study was collected for one week because 

the menor tool could not store the data for more than one week. 

 Data preprocessing: The representation and quality of the instance data are 

primarily responsible for increasing the model's accuracy, decreasing the time 

and resources required to train the model, avoiding overfitting, and making it 

easier to understand. If there is a lot of redundant information present, then it 

will be difficult to acquire knowledge during the training phase. It is well 

understood that steps for preparing and filtering data take a considerable 

amount of time to process in ML problems. Data pre-processing includes data 

cleaning, normalization, transformation, feature extraction and selection, etc. For 
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the final training set, the result of data pre-processing is used [70]. However, for 

this task, only data cleaning and data transformation needed to be performed. 

o Data Cleaning: In order to prepare data for analysis, it must be cleaned up, 

meaning that any missing, inconsistent, duplicate, or noisy data must be 

removed or modified. Therefore, there is no null (missing) value in this 

procedure [70]. Additionally, we may look at the correlation heat map to see 

how input features are related. A correlation heat map is used to show the 

linear relationship between three independent variables, as shown below in 

Figure 4.3. 

 

Figure 4. 3 Correlation between the three inputs 

                  

Figure 4. 4 Outlier found on each independent 

As shown in Figure 4.4, an outlier is found in our dataset for each independent 

variable. Hence, we applied a well-known method, the interquartile range (IQR), 

to treat outliers, as can be seen in Figure 4.5 below. The IQR is the range between 

the first and third quartiles, namely Q1 and Q3. IQR = Q3 – Q1. Outliers are those 
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data values that are either below or above the Q1–1.5 IQR or Q3 + 1.5 IQR, 

respectively [71].  

 

Figure 4. 5 Outliers are cleared from the three features 

 

o Data Normalization: The process of normalization involves "scaling down" 

the features. Within a feature, there is often a large difference between the 

maximum and minimum values, e.g., 0.01 and 1000. The magnitudes of the 

values are scaled to noticeably low values after normalization [70]. The most 

common methods are z-score and min-max normalization, and in this study, 

we use the min-max normalization method. 

 

Table 4. 3 Input dataset sample 

 

Index Data Sector Long Lati RSRP RSRQ SINR 

1 1/6/2023       x x x -65.7 -9.35 14.3 

2 1/6/2023       x x x -64.3 -9.65 15.13 

3 1/6/2023       x x x -64.1 -10.35 15.93 

---- ---- ---- ---- ---- ---- ---- ---- 

7677 7/6/2023 x x x -67.65 -7.85 26.1 

7678 7/6/2023 x x x -63.4 -4.6 24.63 

 Model Building: Following the pre-processing stage, the random forest 

algorithm was applied to the data for classification. The dataset used for 
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classification has 7678 instances and 3 features. These datasets are divided into 

two parts: the training set covers 80% of the randomly chosen data samples, 

while the testing set contains the remaining 20%. 

                       

Figure 4. 6 Data splitting process 
               

Table 4. 4 Data sample after prediction 

 

Index Sector Long Lati RSRP RSRQ SINR Predicted 

Class 

1 x x x -77.85 -11.15 10.5 1 

2 x x x -91.3 -13 2.2 1 

2 x x x -80.6 -10.8 1.85 1 

--- x x x --- --- --- --- 

1535 x x x -67.45 -8.25 21.65 3 

1536 x x x -92.65 -10.75 9.55 1 

Random forest creates different independent decision trees; as illustrated below 

in Figure 4.7, the applied number of trees were three, and each tree has its own 

data set that is the same size as the initial training data set, which is 6142. The 

trees are extracted from the original training datasets by using the bootstrapping 

process. However, when using the bootstrap process, only 63% of this data is 

taken, and 37% of the dataset has been filled by replacement and duplication. In 

addition, the data that are not selected by bootstrapping process are OOB, which 
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is 37% of the training dataset that is not used for training the model but is used 

for model validation purposes. 

              

 

Figure 4. 7 Random forest classifier trees 

In a random forest, the depth of the tree is one of the key parameters to avoid 

overfitting. In this algorithm, we don't need to increase the growth of the tree. 

Because the more splits a tree has, the more information it collects about the data, 

and the model learns every detail, including the errors. As a result, overfitting 

happened, and the model failed to generalize to the new data. Hence, we should 

limit the maximum depth of the trees, and to do so, each tree becomes a weak 

learner in the training phase, but at the end, the trees are able to predict its value, 

and as a committee, we get an accurate prediction.  

 Hyperparameter optimization: The random search hyperparameter space is 

depicted in Figure 4.8a. Using this method we can select the number of iterations 

our model will go through. In our case, we fix n iterations 50 times and choose 

cv = 5 at random, producing 250 candidate models that are ready for fitting. The 

best model with the best hyperparameters will also be selected. In addition, the 
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random search CV approach is a highly useful technique when dealing with a 

big dataset. 

 

a) Random search 

 

b) Grid search  

Figure 4. 8 Hyperparameter optimization parameter space                                           

As we can see in Figure 4.8b, we have 324 combinations of candidate models in 

our grid space, and with a CV value of 5, we have a total of 1620 models that are 

ready for fitting. The best model with the best hyperparameter values will then 

be selected. If the dataset has become large and the grid contains many 

parameters, there are probably many different combinations, making it 

impossible to check the values of each of the hyperparameters because the 

training model is going to take a very long time. It may be computationally 

expensive, but when we have a smaller dataset, grid search is quite accurate. 
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   Chapter 5 

5. Results and Discussion 

This chapter of the thesis presents the predicted coverage class on Google Earth Pro, 

results from the examination of the random forest algorithm, random forest with grid 

and random search approaches, and the results of model evaluation. 

5.1. Qualitative and Quantitative Results 

This section displays the predicted coverage class on Google Earth Pro. The cells are 

denoted by different colors based on their signal strength at the time they served the 

specified area.  

 

Figure 5. 1 Distribution of coverage situations on Google Earth Pro 

                              

As illustrated in Figure 5.1, the target coverage classes, such as class 0, class 1, class 2, 

and class 3, are represented by the colors red, yellow, blue, and green, respectively. 

These colors show the signal level of various cells. What we have learned from this 

figure is that certain cells that are located far from the target area still have good cellular 
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coverage in terms of quality and/or strength. On the contrary, the particular cells that 

are located closest to the targeted area do not offer adequate cellular coverage. 

 

 

a) Class 0 
 

 

b) Class 1    

                  

Figure 5. 2 Distribution of coverage situations of class 0 and class 1 
                                

 Class zero: The red color in Figure 5.2a shows the areas where mobile terminals 

detect reference signals at the required RSRP and RSRQ levels. It is the area 

where RF RSRP, RSRQ, and SINR are below the threshold. It denotes that the 

respective RF values are less than -100 dBm, -20 dB, and 0 dB, respectively. This 
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indicated that there is a coverage hole problem in the area due to bad signal 

strength and quality (interference), including SINR. When the SINR signal level 

is low, it usually implies that interference levels are high, which means RSRP 

and RSRQ are poor. The other possible reason for getting a low RSRP value is 

that the user is far from the serving cell or there are obstructions in their path 

(between the user and eNodeB). From a quality point of view, many users using 

the same eNodeB (high eNodeB utilization) could be contributing to the low 

RSRQ value. This class is referred to as weak coverage, which implies that the 

signal strength and quality of areas have a serious problem with coverage. 

 Class one: Figure 5.2b shows the distribution of coverage situation on class 1, 

which is colored in yellow and shows the area where RF RSRP, RSRQ, and SINR 

are in the ranges between -90 to -100 dBm, -15 to -20 dB, and 0 to 13 dB, 

respectively. In this figure, the majority (65%) of the areas covered by medium 

(class 1) signal strength and quality. In comparison to class zero, this suggests 

that the area has strong signal quality and strength. As we have learned from 

Figures 5.6a and b, there are typically cells that are close to the target (selected) 

area but nevertheless provide weaker coverage in terms of quality and strength. 

In this case, the potential causes from the perspective of coverage strength are 

barriers, which might lead to a low RSRP, although cellular coverage is limited 

despite the large distance between users and cells.  

 Class two: Shows the distribution of coverage in class 2, which is colored blue. 

This class, known as strong coverage, designates the area where the RF RSRP, 

RSRQ, and SINR are between -80 and -90 dBm, -10 to -15 dB, and 13 to 20 dB, 

respectively. In comparison to class 1, it suggests that the locations have strong 

coverage in terms of signal strength and quality, as illustrated in Figure 5.3a 

below. 
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a) Class 2 

          

b) Class3 

Figure 5. 3 Distribution of coverage situations of class 2 and class 3 

 Class three: Figure 5.3b shows the distribution of coverage in class 3, which is 

colored green. That is also referred to as excellent coverage, and denotes the 

areas where the RF RSRP, RSRQ, and SINR are above or equal to the threshold 

values of -80 dBm, -10 dB, and 20 dB, respectively. It suggests that the region has 

very high signal strength, quality, and SINR values. In this figure, only 6% of the 

areas are covered by excellent signal strength and quality. As we have learned 

from Figures 5.3a and b, there are cells that travel far and serve the target area 
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with outstanding coverage strength and quality. In these circumstances, there 

may be no barriers between a user and the eNodeB or low cell utilization. 

Figure 5.4 shows that the target classes of coverage situations share a percentage 

of the testing dataset. In this figure, the majority of target classes are covered by 

medium RF signal conditions in terms of strength and quality, which is class 1 

and accounts for 65% of the testing data. While the area with good coverage 

(class 2) shared 15% of the whole area, the other two situations, class 0 for weak 

coverage and class 3 for excellent coverage, shared 11% and 5%, respectively. 

Additionally, 4% of the entire testing dataset was incorrectly classified. 

               

Figure 5. 4 Coverage situations share (%) testing dataset 

While using grid and random search, as shown below in Figures 5.5 and 5.6, the 

majority of the target class is also covered by class 1, which accounts for 65% of 

the testing data in both cases. Figure 5.5 shows that the area with good coverage 

(class 2) shared 15% of the whole area, and the other two situations, class 0 for 

weak coverage and class 3 for excellent coverage, shared 11% and 7%, 

respectively. Additionally, 2% of the entire testing dataset was incorrectly 

classified. As we have learned from this figure, the HPO with random search 

decreased the incorrect classification from 4% to 2%.  
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Figure 5. 5 Coverage situations share (%) testing dataset of  random search 

 

 

Figure 5. 6 Coverage situations share (%) testing dataset of  grid search 

Whereas Figure 5.6 illustrates that the area with good coverage (class 2) shared 

16% of the whole area, the other two situations, class 0 for weak coverage and 

class 3 for excellent coverage, shared 12% and 6%, respectively, and 1% of the 

entire testing dataset was incorrectly classified. This figure indicates that as we 

applied the HPO with grid search, the incorrect classification decreased from 4% 

to 1%. This indicates that our model will be an excellent classifier with great 

accuracy. 

Generally, Figures 5.4, 5.5, and 5.6 indicate that there are high shares of medium 

(class 1) coverage and quality, which are critically served by poor signal strength 

and quality throughout the test period. Although the percentages of incorrect 

classification for normal random forest classifier and random forest classifier 
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with random and grid searches are 4%, 2%, and 1%, respectively, this indicates 

that hyperparameter tuning is a very important method to minimize incorrect 

classification and increase the accuracy of the model. 

5.2. Evaluation of the Detection Algorithm 

Figure 5.7 displays the predicted class results against the true class in terms of the 

classification of the four coverage classes as a confusion matrix. The figure showed us 

that there are points not located on the diagonal line, and they stand in for instances 

that were improperly classified. The datasets are clearly identified as belonging to their 

respective classes by the points on the diagonal line. 

 

Figure 5. 7 Generated test result in confusion matrix form 

The accuracy performance measure is then determined using the corresponding 

formula shown in Eq. 3.3. The algorithm, according to the confusion matrix in the 

figure, incorrectly identified only 56 of the 1536 test instances. This results in a 96.3% 

accuracy rate, as seen in Figure 5.8, which needs to be improved. The above figure 

demonstrates that there are four different classes of coverage situations, including class 

0, class 1, class 2, and class 3. The diagonal line is denoted by TP0, TP1, TP2, and TP3, 

with values of 169, 1003, 232, and 76, respectively. 
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Figure 5. 8 Classification report of accuracy, precision, recall and f1-score 

Figure 5.8 shows that the performance measurements of the random forest classifier, 

which are precision, recall, and f1-score, are calculated as per the corresponding 

formulas presented in Eqs. (3.4), (3.5), and (3.6), respectively. Furthermore, the results, 

including the OOB score, suggested that the model needed optimization. 

The confusion matrix of random search in Figure 5.9 illustrates that out of 1536 test 

instances, the algorithm identified 34 incorrectly. This resulted in an accuracy of 97.7%, 

as illustrated in Figure 5.10, which is good given that accuracy improved from 96.3 to 

97.7% following the HPO random search. The diagonal line of the four classes of 

coverage situations is represented by TP0, TP1, TP2, and TP3, which are 172, 1002, 231, 

and 97, respectively. 

 

Figure 5. 9 Generated test result in confusion matrix form of random search 
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Figure 5. 10 Classification report of accuracy, precision, recall and f1-score of random  

Search 

Figure 5.10 shows the performance measurements of the random search, which are 

precision, recall, and f1-score, are calculated as per the corresponding formulas 

presented in Eqs. (3.4), (3.5), and (3.6), respectively. 

The confusion matrix of grid search in Figure 5.11 shows that, out of 1536 test instances, 

only 12 of them were misclassified and detected by the algorithm. As shown in Figure 

5.12, this resulted in an accuracy of 99.2%, which is a significant improvement from 96.6 

to 99.2% following the HPO grid search. The diagonal line is represented by TP0, TP1, 

TP2, and TP3 with values of 189, 1002, 246, and 87, respectively.  

 

 

Figure 5. 11 Generated test result in confusion matrix form of grid search 
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Figure 5. 12 Classification report of accuracy, precision, recall, and f1-score of grid 

search 

Figure 5.12 shows  the performance measurements of the grid search, which are 

precision, recall, and f1-score, are calculated as per the corresponding formulas 

presented in Eqs. (3.4), (3.5), and (3.6), respectively. 

 

                               Figure 5.13 AUC value of one-vs.-rest for grid search 

AUC used the one-vs.-rest technique for evaluating multiclass models by contrasting 

each class with all the others simultaneously. In this case, we choose one class and think 

of it as our positive class, while the others are thought of as our negative class. This 

converts the multiclass classification output into a binary classification output, allowing 

all of the established binary classification metrics to be used to assess the situation. For 

a dataset with four classes, we must repeat this for every class that is present, resulting 

in four distinct one-vs.-rest scores. To arrive at a final one-vs.-rest model score, we can 

finally average them. The range of the AUC values is 0 to 1. Performance is better when 

the AUC is larger. Figure 5.13 illustrates that the average value of the four AUC classes, 

with an AUC value of 0.99, is close to 1, which indicates that the detection model is an 

excellent classifier. 
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   Chapter 6 

6. Conclusion and Future Works 

 

6.1. Conclusion 

This thesis has presented the idea of network coverage hole detection and the 

challenges associated with using conventional coverage hole detection techniques. The 

UE MR data from the ethio telecom LTE network, which are RSRP, RSRQ, and SINR, 

have been considered for the investigation. These data were used to build a model that 

classifies different coverage situations, such as "weak coverage," "medium coverage," 

"good coverage," and "excellent coverage." 

MDT can be applicable to all technology networks, and it uses cost-effective mobile 

devices for measuring the data, which helps to minimize operational effort, enhance the 

quality and performance of the network while reducing operator maintenance 

expenses. Also, it has the capacity to record all coverage data, including UE-generated 

traffic from indoor areas, from every geographic region. 

Data has been collected and preprocessed, and tests have been carried out to evaluate 

the proposed detection algorithms. The experiments have shown that the original 

random forest classifier and the optimizing with grid and random search detection 

algorithms can be applied to coverage hole detection. As a result, both grid and random 

search significantly improve the original random forest classifier's performance, with 

grid search having the best results. In addition, the confusion matrix, accuracy, 

precision, recall, f1-score, and AUC were used in order to assess the performance of the 

detection methods. Finally, the applied approach is also expected to be used for other 

technologies to find coverage holes. 
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6.2. Future Works 

This thesis considered only the detection of LTE network coverage holes using the 

random forest algorithm. This research could be expanded in the future to include the 

mitigation of the coverage holes and the diagnosis of their root causes. In addition, it 

may be possible to explore how traffic dynamics affect coverage holes by taking into 

account both busy and off-peak traffic hours. 
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Abstract — The most significant phases for the mobile 

operator are the performance of cellular networks and 

the evaluation of quality of service (QoS). Hence, Long-

Term Evolution (LTE) network monitoring and 

measuring are necessary in determining mobile network 

statistics to optimize the performance of the network in a 

particular area. Measuring networks is an effective way 

to qualify and quantify how networks are being used and 

how they are behaving, and it helps to find voids or 

uncovered areas that are coverage holes in the LTE 

network. 

A coverage hole is defined as a client's being unable to 

receive a wireless network signal. Traditionally, it is 

detected through drive tests, but it costs resources and 

time. In order to identify coverage holes in the LTE 

network, this study proposed a random forest classifier 

Machine Learning (ML) approach. 

The data was gathered from the User Equipment (UE) 

via minimization drive test (MDT) functionality with low 

cost, which measures Reference Signal Receive Power 

(RSRP), Reference Signal Received Quality (RSRQ), and 

Signal to Interference and Noise Ratio (SINR). The 

RSRP and RSRQ measure the strength and quality of the 

reference signal received at the device's antenna, whereas 

SINR is a metric that assesses the relationship between 

the targeted signal strength and the total power of all 

interfering signals and noise.  

The results obtained show that the employed model's 

accuracy was 96.3%. However, we could use the 

hyperparameter optimization (HPO) technique to 

enhance the model's performance, namely random and 

grid search cross validation (CV), which increased the 

model's accuracy to 97.7% and 99.2%, respectively. 

Keywords: Coverage hole, Random forest classifier, Hyper 

parameter optimization, minimization drive test, RSRP, 

RSRQ, SINR 

I. INTRODUCTION 

Cellular communication has advanced significantly, 

with advancements in voice and data streaming. The 

4G technology supports high-speed voice and data 

access, while LTE networks are being developed by 

the 3GPP to meet growing mobile data usage and new 

applications. Network planning aims to achieve 

maximum capacity without compromising service 

quality, considering future growth and expansion [1]. 

Users benefit financially from wise spectrum reuse and 

strategic site placement. During the radio-planning 

phase, the primary considerations include installing 

base stations and setting up them, ensuring signal 

strength in the service area, and determining the radio 

resources available for each cell. Coverage planning 

ensures the percentage of the area covered by cellular 
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service, while capacity planning determines the 

number of calls handled in a specific area and the 

likelihood of users being blocked due to lack of radio 

channels. The self-organized network (SON) function 

is used to optimize both coverage and capacity. The 

telecommunications industry's rapid growth has 

prompted mobile phone providers to compete to 

provide the best services to customers [2]. 

Mobile operators face challenges in cellular networks, 

such as coverage holes, where pilot signal strength is 

below a threshold required for access. These holes are 

often caused by physical obstructions, unsuitable 

antenna parameters, or inadequate radio frequency 

planning. They can lead to call drop and radio link 

failure. To address these issues, cutting-edge 

equipment is used to gather field performance data, 

including measurements of pedestrians in indoor and 

outdoor environments. Detecting coverage holes helps 

identify voids or uncovered areas in the LTE network, 

ensuring reliability and minimizing data loss [3]. This 

approach reduces costs and enhances performance. 

 

II. STATEMENT OF THE PROBLEM 

There are various challenges in telecommunications; 

one of the problems that researchers are working hard 

to solve is the coverage hole. RF transmissions from 

outdoor macrocarrier towers can have difficulty 

providing indoor coverage, which is one of the 

drawbacks of radio-based cellular systems. Concrete, 

glass, steel, and other building materials may block the 

signals. In the modern digital world, weak coverage is 

a challenge, particularly for large establishments and 

businesses like airports, transit hubs, stadiums, 

hospitals, retail, office buildings, and manufacturing 

sites. In order to improve network performance, ethio 

telecom planned indoor and outdoor network coverage 

using the urban propagation model; however, there are 

still call drops and handover failures due to coverage 

outages. This shows that there is an undetectable 

coverage hole in the planning tool. Data accuracy 

declines because transmission links are disconnected 

due to a coverage hole in the network, and effectively 

enhancing network service quality requires the prompt 

discovery of coverage outages. When users enter a 

coverage hole, they will experience call loss and 

handover failure. A call drop occurs when a 

connection is suddenly disconnected before the user's 

desired service is finished. The bad thing that could 

happen for the user is that they completely lose their 

connection, leading to customer displeasure. As a 

result, users complain endlessly about call drop, 

handover failure, and poor performance in locations 

with LTE coverage holes.  

Currently, coverage holes have been detected through 

drive tests in the case of ethio telecom. However, it has 

two significant drawbacks. First, manual drive testing 

involves a lot of resources, including time, specialized 

tools, and the engagement of highly skilled engineers; 

this results in high operating expenses (OPEX). 

Second, given that the majority of UE-generated traffic 

from indoor areas and since manual drive testing tends 

to be limited to on-road testing, it is challenging  to 

adequately evaluate coverage across all regions. This 

makes drive testing an expensive task with practical 

limitations due to cost and accessibility issues. 

So far, many research has been done on the detection 

of network coverage holes using approaches like 

decision trees, density-based anomaly detection, and 

data mining. One of the research was to develop a 

decision tree for detecting coverage holes, but the 

problem is that we can’t generalize the model, which 

leads to overfitting. 

Therefore, the proposed approach develop a coverage 

hole detection technique based on the random forest 

classifier algorithm using Measurement Report (MR) 

data via MDT functionality. In order to minimize 

overfitting, random forest create numerous trees and 

train each tree (model) separately using a variety of 

data sets. The outcome is then predicted by each 

model, and the final prediction will be decided by the 
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majority vote and the model offers a high degree of 

accuracy. 

 

III. RELATED WORK   

Many studies have been done on applying ML 

algorithms in the domain of telecommunications and                                    

detecting network coverage holes. Within this section, 

related studies that highlight coverage detection and 

optimization application cases are mentioned. 

Gomez-Andrades, Barco, and Serrano [4] developed a 

method for assessing LTE network coverage holes, 

identifying cells with holes, determining their type and 

severity, and evaluating their effects on LTE and RAT 

consumers. However, the study only considered 

heterogeneous deployment situations. Abdissa G. [5] 

used decision tree classifier-supervised ML algorithms 

to detect coverage holes in the Universal Mobile 

Telecommunications System (UMTS). The approach 

uses Nastar tool to measure received signal code power 

and energy per chip. The study's limitation is model 

overfitting, a common issue in decision tree training. 

Chethan K. Anjinappa and Ismail G. Uvenc [6] have 

developed an unsupervised learning method for 

detecting coverage holes in mmWave networks using 

uniform manifold approximation and projection. Their 

method, tested on a deep MIMO dataset, successfully 

learns data structure and provides visual holes. Bisrat 

A. [7] and Bekele S. [8] developed a cell outage 

detection technique using handover information and 

density-based anomaly detection methods. They used 

traffic data and incoming handover data to detect 

outages in the UMTS network environment. 

IV. SYSTEM MODEL 

Data collection: This study aims to provide a solution 

using UE MR data via MDT functionality, using the 

mentor tool to create an initial database. Data was 

collected for one week due to Menor's storage 

limitations. 

Data preprocessing: The quality and representation 

of instance data significantly impact model accuracy, 

training time, and resource efficiency. Reducing 

redundant information during training can hinder 

knowledge acquisition. Data pre-processing, including 

cleaning, normalization, transformation, and feature 

extraction, takes time and is used in the final training 

set. 

Model Building: The random forest algorithm was 

applied to a classification dataset with 7678 instances 

and 3 features. The dataset was divided into a training 

and testing set. Three independent decision trees were 

created, each with a 6142-size data set. The 

bootstrapping process extracted 63% of the data, 

filling 37% with replacement and duplication. The 

depth of a random forest tree is crucial to prevent 

overfitting, as excessive splits can lead to overfitting. 

To prevent this, the maximum depth of trees should be 

limited, allowing each tree to become a weak learner 

in the training phase. 

 

Fig 1. Random forest classifier trees 

Hyperparameter optimization: Figure 2a illustrates 

the random search hyperparameter space, allowing for 

n iterations and cv = 5 random selection, producing 

250 model candidates with optimal hyperparameters, a 

useful technique for large datasets. Figure 2b shows 
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324 candidate models in a grid space, with 1620 ready 

for fitting. The best model with the best 

hyperparameter values is selected. Large datasets may 

have many combinations, making it difficult to check 

hyperparameter values. Grid search is accurate for 

smaller datasets. 

 

a) Random search 

 

b) Grid search 

Figure 2. Hyperparameter optimization parameter space 

                                    

V. RESULTS AND DISCUSSION 

The section displays predicted coverage classes on 

Google Earth Pro, with cells colored based on signal 

strength at the time they served the specified area. 

 

Figure 3. Distribution of coverage situations on Google Earth Pro 

Figure 3 shows target coverage classes, represented by 

colors red, yellow, blue, and green, indicating signal 

levels of cells. It reveals that cells far from the target 

area have good coverage, while those closest offer 

inadequate coverage. 

a) Class 0: The red color shows areas where 

mobile terminals detect reference signals 

below the required RSRP and RSRQ levels. 

These areas have low RF RSRP, RSRQ, and 

SINR, indicating a coverage hole problem 

due to poor signal strength and quality, 

including interference. Low SINR signals 

often indicate high interference levels, poor 

RSRP and RSRQ, and weak coverage, 

indicating serious issues with signal strength 

and quality. 

b) Class 1: The yellow color shows coverage 

situation in class 1, with 65% of areas 

covered by medium signal strength and 

quality. However, cells close to the target 

area provide weaker coverage due to potential 

barriers, leading to low RSRP and limited 

cellular coverage despite the large distance 

between users and cells. 

c) Class 2: The blue-colored shows strong 

coverage, with RF RSRP, RSRQ, and SINR 

values between -80 and -90 dBm, -10 to -15 

dB, and 13 to 20 dB, compared to class 1. 

d) Class 3: The green colored shows excellent 

coverage where RF RSRP, RSRQ, and SINR 

are above or equal to threshold values. Only 

6% of areas are covered by excellent signal 

strength and quality, suggesting no barriers 

between users and eNodeB or low cell 

utilization. 

Evaluation of the Detection Algorithm: 

Figure 4 shows a confusion matrix comparing 

predicted class results against the true class 

classification of four coverage classes, with 

points on the diagonal line indicating 

improper classifications. 
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Figure 4. Generated test result in confusion matrix form 

 

Figure 5. Classification report of accuracy, precision, recall and f1-

score 

Figure 4 shows that the algorithm, based on a 

confusion matrix, identified only 56 out of 1536 test 

instances, resulting in a 96.3% accuracy rate, 

indicating a need for improvement. The figure shows 

four coverage situations and diagonal lines. 

 
Figure 6. Generated test result in confusion matrix form of 

random search 

 
Figure 7. Classification report of accuracy, 

precision, recall and f1-score of random Search 

 

Figure 6 shows that the algorithm identified 34 

incorrect instances out of 1536 test instances, 

resulting in an accuracy of 97.7%. This 

improvement was observed after the HPO 

random search, indicating improved coverage 

situations. 

 

Figure 8. Generated test result in confusion 

matrix form of grid search 

 

Figure 9. Classification report of accuracy, precision, 

recall, and f1-score of grid search 

Figure 8 shows that the grid search algorithm 

successfully identified 12 out of 1536 test instances, 

resulting in an accuracy of 99.2%, a significant 

improvement from 96.6%, with diagonal lines 

representing TP0, TP1, TP2, and TP3. 

 

Figure 10. AUC value of one-vs.-rest for grid 

search 

The AUC technique evaluates multiclass models by 

contrasting each class with all others simultaneously. 

This converts the multiclass output into a binary 

classification output, allowing for the use of binary 

classification metrics. Figure 10 shows that four 

distinct one-vs.-rest scores are repeated for each class, 

and the AUC ranges from 0 to 1, with a larger AUC 

indicating better performance. 

VI. CONCLUSION 

This thesis explores network coverage hole detection 

using UE MR data from Ethiopia telecom LTE 

network, focusing on challenges and developing a 

model to classify coverage situations. 
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MDT utilizes cost-effective mobile devices to measure 

data, improving network quality and performance, and 

recording coverage data from all geographic regions. 

The study evaluated the performance of the original 

random forest classifier and grid and random search 

detection algorithms for coverage hole detection, 

showing significant improvements. Grid search 

demonstrated the best results, and the approach is 

expected to be used for other coverage hole detection 

technologies.  
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