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ABSTRACT
The aim of this study is to develop and analytically compare Quotients Regression based empirical
models with artificial neural network (ANN) based models for path loss prediction. The terrains
considered as case study include i) the rural terrain between Jos and Abuja ii) the Urban terrain
(Abuja), and iii) the semi-urban terrain (Maiduguri). The empirical models considered include the
Okumura, Hata-Okumura, COST 231 Hata and the COST 231Walfisch-lkegami, while the two
types of ANN include the Multilayer Perceptron Neural Network (MLP-NN) and the Generalised
Radial Basis Function Neural Network (GRBF-NN). A Quotients Regression Technique (QRT) for
empirical model adaptation was developed and used to selectively adapt these empirical models to
the terrains, based on path loss measurements obtained from Base Transceiver Stations (BTS)
situated within the terrains. The adaptation accuracy of the QRT was determined through
comparisons with two existing adaptation techniques: i) The Okumura Garea (Gain due to type of
environment) correction factor, and ii) The Root Mean Squared Error (RMSE) Adaptation
Technigue (RAT). The comparative analysis of the QRT adapted empirical models with ANN-
based models was based on three distinct approaches: i) Splitting path loss data into 60% Training,
10% Validation and 30% Testing, ii) Splitting path loss data into 50% Training Set and 50%
Testing Set. iii) Random training with path loss data from one BTS and testing with data from
another. The following results were obtained: i) The QRT has the highest adaptation accuracy,
based on combined RMSE (Root Mean Squared Error) value of 2.1dB across the three terrains, the
RAT technique has 5.66dB across the three terrains, while the Okumura Garea has 8.95dB across
the rural terrain alone, ii) The ANN-based models have the highest path loss prediction accuracy,
based on an RMSE value of 3.98dB, followed by the QRT adapted empirical models with 4.49dB.
The RAT adapted empirical models have 5.83dB, while the empirical models are the least accurate
with 7.07dB. By implication, the ANN-based models only slightly outperform the QRT adapted
empirical models by 0.51dB. However, the QRT adapted empirical models have the highest R?
(coefficient of determination) value of 0.81, and by implication, the best fit resulting from the best
correlation with the measured path loss data. On the other hand, the QRT adapted empirical models
offer an improvement of about 1.34dB over the RAT adapted empirical models, as well as an
improvement of 2.58dB over existing Empirical Models. The proximity in performance of the QRT

adapted empirical models to the ANN-based models can be attributed to the efficiency of the QRT.

XXiv



CHAPTER ONE

INTRODUCTION
1.1 Background
Since the introduction of cellular systems for mobile communications decades ago, they have
undergone tremendous growth and evolution. Over the decades the number of mobile
subscribers around the globe has also undergone tremendous growth and will continue to grow.
Hence, the availability of high capacity mobile networks with quality delivery of service has
become very important especially in recent times. As a result, the creation of a mobile network
with good network coverage demands proper planning. One of the greatest challenges faced by
radio systems engineers is the accurate determination of the radio propagation characteristics of
a particular terrain, with a view to designing a well engineered radio path.

When planning a cellular communications network, it is necessary to define the optimum
number of base stations within a coverage area and to also resolve other network related
problems. Hence, it is necessary to determine the characteristics of radio signals within the
limits of the service area. Since various terrains create specific conditions for propagation of
the radio waves within a service area, detailed knowledge of channels propagation
characteristics of radio signals is a necessary precondition for the development of effective
communication systems operating in any environment. This stems from the fact that as radio
signals propagate from the base station to the mobile station, some power is lost, and this power loss
is known as path loss. Path loss is dependent on the carrier frequency, antenna height and distance
between mobile station and base station (Ashis, 2012). There is a variety of models used by
researchers and radio engineers to predict path loss across a particular terrain. A model that suits

a given terrain (or environment) may not necessarily be suitable to another terrain. Hence, radio



engineers and researchers have been evolving new techniques for accurate prediction of path
loss.

Researchers for many years have made attempts to either develop new propagation
models or modify existing ones. Empirical models are some of the most widely used radio
propagation models. However, it is pertinent to note that these empirical models are simple to
implement but not universally applicable due to terrain clutter differences across the globe. As
such, researchers over the years have developed various techniques for adapting empirical
models to suite terrains. The most popular technique used by researchers in recent times have
had to do with the use of computed correction factors to achieve adaptation as demonstrated by
Nadir et al (2010), Ubom et al (2011), Ogbulezie et al (2013), etc. However, in certain scenarios,
this technique may not provide the best possible fit to the empirical model if the slope
component of the empirical model significantly differs from that of the function of the best fit
curve through measured path loss points. Hence, it necessary to create a technique that does not
only guarantee the best possible fit for the empirical model, but also ensures the adapted model
IS robust when tested using new data.

Structural impairments along radio propagation paths demand that non-linear
approximation functions are used for path loss prediction. Empirical models are linear
approximation based functions; hence they not very accurate in predicting path loss along
terrains with well diversified structural impairments, demanding the implementation of non-
linear functions that can lead to greater prediction accuracy. As described in (Faria et al., 2009),
neural networks can learn to approximate any function to a given accuracy and behave like
associative memories by using just example data that is representative of the desired task,

operating then as model free estimators. This gives them a key advantage over traditional



approaches to function estimation such as the statistical methods. Hence, computational
intelligence techniques have been applied recently to predict path loss with greater accuracy as
demonstrated by Ostlin (2010), Ignacio et al. (2012), Abraham et al. (2014), Joseph et al.

(2014), Callistus et al. (2015) etc.

1.1.1 The Cellular Network Concept

The cellular network has become the most common platform for wireless communications. With
a mobile phone, one can make calls and access data from almost any location across the globe. A
cellular network is a communications system whose service area is divided into operating zones
called cells, inside which communication between mobile and base stations is carried out by a
radio channel. Switching equipment is used to interconnect different parts of a mobile network
and to also allow access to the fixed Public Switched Telephone Network (PSTN) (Tarun et al,
2013).

The introduction of the cellular concept played a great role in resolving the spectral
congestion and user’s capacity problems (Ashis, 2012). The cellular concept splits a given service
area into cells, each served by a Base Station (BS), thereby enabling the frequency reuse concept.

The high network capacity of modern cellular networks stems from the frequency reuse
concept as frequency spectrum allocation to cellular networks is very limited (Rakibul et al.,
2011). As such, the coverage area is divided into cells, each of which is served by a BS. Each BS
(or cell) is assigned a group of frequency bands or channels. These are assigned to subscribers on
demand. In or to avoid radio co-channel interference, the group of channels assigned to
neighbouring cells must be different. However, distant cells with insignificant co-channel

interference between them can be assigned the same group of channels. Typically, seven



neighbouring cells are grouped together to form a cluster. Cells are group in sevens to form a
cluster, and hence and the total available channels are divided into seven groups, each of which
is assigned to a cell. As shown in Figure 1.1, cells marked with the same identifier have the same
group of channels assigned to them. Furthermore, the cells marked with different identifiers must

be assigned different groups of channels.

Frequency 4

Frequency 3

Frequency 2

Frequency 3
Frequency |
Figure 1.1: A Cellular Network Structure showing Frequency Reuse (Lei et al., 2004)

Jingyuan and lvan (2005) further explain that during communication a Mobile Station (MS)
registers with the nearest BS while the corresponding Mobile Services Switching Center (MSC)
stores the information about that MS and its position. This information is used to direct incoming
calls to the MS. The concept behind mobile communication is based on the hand-over process.
Hand-over occurs during mobile communication when the MS moves from its serving cell to a
neighboring cell, thereby forcing a change of frequency since neighboring cells use different
channels. The BS constantly monitors any decrease in signal power as the MS approaches the
edge of a cell, and compares the signal strength with the signals coming from adjacent cells,
after which the call is handed over to the cell with the strongest signal. During the switch, the
line is lost for about 400ms. When the MS moves to a different location, it registers itself at the
new MSC, and the information on the MS is constantly is updated, such that the MS can be used

outside of its original location.



1.1.2 GSM Network Architecture

The GSM (Global System for Mobile Communications) is a typical cellular network. Introduced
in the 1990's the GSM is currently the most popular mobile phone across the globe especially the
third world countries. The GSM network architecture shown in figure 1.2, as described by Sneha

et al. (2014) includes the following components:

:- - :

PSTN
ISDN, PSPDN
CSPDN

MSC

: :

Base Station Subsystem Network Subsystem

Mobile
Station

SIM Subscriber 1dentity Module BSC Base Station Controller MSC Mobile services Switching Center
ME Mobile Equipment HLR Home Location Register EIR Equipment ldentity Register
BTS Base Transceiver Station VLR Visitor Location Register AuC Authentication Center

Figure 1.2: GSM (3G) Architecture (Sneha et al., 2014)

) The Mobile Station (MS) is basically a mobile phone that contains the Subscriber
Identity Module (SIM), which contains relevant user information.
i) The Base Station Subsystem (BSS) provides the interface between the MS and the
NSS. It handles transmission and reception. The BSS comprises of the following:
1. Base Transceiver Station (BTS) or Base Station: the BTS is found in the
centre of a cell and it is mapped to transceivers and antennas used in given

cell within the network. Its transmitting power defines the size of a cell.



2. The Base Station Controller (BSC): It is responsible for controlling a group
of BTSs and also managing their radio resources. A BSC handles handoffs,
frequency hopping, exchange functions and power control over each managed
BTSs.

1)) The Network and Switching Subsystem (NSS): The NSS manages communications
between a set of mobile users and other mobile users, Integrated Systems Digital
Network (ISDN) users, fixed telephony users, etc. It also contains a database for
storing information about subscribers and mobility management. Details on the

components that make up the NSS can be obtained from Sneha et al., (2014).

The GSM network as shown in figure 1.2 comprises three interfaces: the Um, the A-bis and the
A. The Um is the Radio interface between MS and BTS. The A-bis is the interface between
BTS and BSC. Its primary functions include traffic channel transmission, terrestrial channel
management, and radio channel management. The interface between the BSS and the NSS is

called the A interface.

1.1.3 Evolution of Cellular Technology
With technological advancement, the cellular technology has evolved through generations,
namely 1G, 2G, 2.5G, 3G and 4G. The fifth generation (5G) is the next wireless communication
standard.

a) First Generation (1G)
The First Generation (1G) of cellular technology was essentially an analogue wireless

telecommunication system used for voice calls using cell phones (Mudit and Anand, (2010). The



1G standards used included the NMT (Nordic Mobile Telephone), used in Nordic countries,
Eastern Europe and Russia. Others include AMPS (Advanced Mobile Phone System) used in the
United States, TACS (Total Access Communications System) in the United Kingdom, C-Netz in

West Germany, Radiocom 2000 in France, and RTMI in Italy.

b) Second Generation (2G)
As described in Mudit and Anand, (2010), the second generation (2G) was digital and made use
of the Time Division Multiple Access (TDMA) and Code Division Multiple Access (CDMA)
concepts to increase the network capacity. The 2G network had improved security features and
accommodated voice coding and encryption. Popular 2G standards included the GPRS (General
Packet Radio Service) classified as 2.5G and EDGE (Enhanced Data rates for GSM Evolution)
known as 2.75G. EDGE is an upgrade over GPRS and can function on any network with GPRS
deployed on it, provided the carrier implements the necessary upgrades. EDGE technology
carries packet switch data and circuit switch data and at a faster rate than GSM. GPRS could
provide data rates ranging from 56 kbit/s to 115 kbit/s. 2G provided services such as Wireless
Application Protocol (WAP) access, Multimedia Messaging Service (MMS), and for Internet

communication services such as email and World Wide Web access.

c) Second and Half Generation (2.5G)
The Second and Half Generation as the name implies came into existence between the second
generation (2G) and third generation (3G). As described in Mudit and Anand (2010), the term
2.5G refers to 2G-systems that combine a packet switched domain a circuit switched domain.

The term "2.5G" is an informal term, invented solely for marketing purposes, unlike "2G" or



"3G" which are officially defined standards based on those defined by the International
Telecommunication Union (ITU). The standard used on 2.5G was the GPRS, which provided
data rates from 56 kbit/s to 115 kbit/s. It provided services such as Wireless Application Protocol
(WAP) access, Multimedia Messaging Service (MMS), and for Internet communication services
such as email and World Wide Web access. 2.5G networks also provided services such as WAP,

MMS, SMS mobile games, and search and directory.

d) Third Generation (3G)
As described in Mudit and Anand (2010), the third generation (3G) was aimed at providing high-
speed packet-switching data transmission in addition to circuit-switching voice transmission
across the Internet. Common 3G network services include wireless voice telephony, video calls/
teleconferencing, broadband wireless data, GPS (global positioning system), mobile television
etc. The standard implemented is the High-Speed Packet Access (HSPA) capable of providing
data transmissions speeds up to 14.4Mbit/s on the downlink and 5.8Mbit/s on the uplink. 3G
technologies make use of TDMA and CDMA. 3G Technology was developed for fast data
transfer rates. High-Speed Downlink Packet Access (HSDPA) is a 3.5G is a packet-based
Wireless CDMA (W-CDMA) downlink data service with data transmission up to 8-10 Mbit/s
and 20 Mbit/s for Multiple-Input Multiple-Output (MIMO) systems over at 5MHz. HSDPA is
implemented as Adaptive Modulation and Coding (AMC), MIMO, Hybrid Automatic Request
(HARQ), fast cell search, and advanced receiver design. Another standard is the 3.75G High-

Speed Uplink Packet Access (HSUPA) capable of higher transfer rates.



e) Fourth Generation 4G

4G refers to the fourth generation of cellular wireless standards. It is basically the extension of
the 3G technology with more bandwidth and services and offers high quality audio/video
streaming over end to end Internet Protocol (Mudit and Anand, 2010). According to Shin et al.
(2013), the fourth generation long-term evolution Advanced (4G LTE Advanced) is the latest
standard in the development of 4G mobile networks and has been designed to offer users of 4G
mobile devices much faster data speeds than those on offer from existing 4G LTE networks,
making it a true 4G standard.

According to Arun et al., (2013), 4G networks are essentially based on packet switching
technology. The fourth generation mobile systems use orthogonal frequency division
multiplexing (OFDM), MIMO, software defined radio (SDR) technologies (Patil et al, 2012).
The modulation techniques implemented enhance efficiency by dividing 5, 10 or 20 MHz wide
channels into smaller sub channels or subcarriers each 15 kHz wide. Each is modulated with part
of the data. The modulation techniques used are QPSK (Quadrature Phase Shift Keying) or
16QAM (Quadrature amplitude modulation). With the aid of MIMO operation that uses several
transmitter-receiver-antennas, the data stream is divided amongst the antennas to boost speed
and to make the link more reliable. With the help of OFDM and MIMO, LTE can deliver data
rates up to 100 Mb/s downstream and 50 Mb/s upstream under the best conditions. In 4G the
theoretical upper data rate is 1Gb/s.

In contrast to the GSM network architecture, the LTE- Advanced Architecture comprises
of essentially two layers: the access network known as the Evolved Universal Terrestrial Radio
Access Network (E-UTRAN) and the core network known as the Evolved Packet Core (EPC)

network as shown in Figure 1.3 (Alcatel, 2013). As described in (Alcatel, 2013), the term “LTE”



encompasses the evolution of the Universal Mobile Telecommunications System (UMTS) radio
access through the E-UTRAN, and it is accompanied by an evolution of the non-radio aspects

under the term “System Architecture Evolution” (SAE), which includes the EPC network.

E - U T RA N IP Transport Network
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Figure 1.3: LTE-Advanced E-UTRAN network architecture (Ghassan et al., 2012)
Together LTE and SAE comprise the Evolved Packet System (EPS). EPS uses the concept of
EPS bearers to route IP traffic from a gateway in the PDN to the UE (User Equipment). A bearer
is an IP packet flow with a defined quality of service (QoS) between the gateway and the UE.

The E-UTRAN and EPC together set up and release bearers as required by applications. Details

on the LTE-Advanced Architecture can be obtained from Alcatel (2013).

f) Fifth Generation (5G)
As described in Ekram et al., (2014), the evolving fifth generation (5G) cellular wireless
networks are targeted towards providing higher data rates, excellent end-to-end performance and

better user-coverage in hot-spots and crowded areas with lower latency, lower energy
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consumption and cost per information transfer, compared with existing cellular networks. In
order to address these challenges, 5G systems will be based on a multi-tier architecture
consisting of macrocells, different types of licensed small cells, relays, and device-to-device
(D2D) networks to serve users with different quality-of-service (QoS) requirements in a
spectrum and energy-efficient manner. The features of 5G will include wireless networks
network tiers of different sizes, transmit powers, backhaul connections, different radio access
technologies that are accessed by an unprecedented number of smart and heterogeneous wireless
devices. The 5G architectural upgrade along with the advanced physical communications
technology such as high-order spatial multiplexing multiple-input multiple-output (MIMO)
communications will provide higher network capacity for more simultaneous users, or higher
level spectral efficiency, when compared to the 4G networks. Radio resource and interference
management will be a key research challenge in multi-tier and heterogeneous 5G cellular
networks. Details on the prospects and challenges of 5G cellular networks are presented in

Ekram et al., (2014).

1.2 Aim and Objectives
The aim of this study is to develop the Quotients Regression Technique (QRT) for adapting
empirical models, analytically compare the QRT with existing adaptation techniques, and to also
perform a path loss prediction comparison of the QRT adapted empirical models with artificial
neural network (ANN) based models.
The objectives of the study are as follows:

)} Determination of reliabilities of empirical models for path loss prediction across the

terrains under investigation.
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i) Development of the QRT for empirical model adaptation.

iii) Determination the accuracy of the QRT relative to existing techniques.

iv) Determination of path loss prediction accuracy of QRT adapted empirical models
relative to empirical models adapted by other techniques.

V) Creation of the ANN-based prediction models.

vi) Determination of path loss prediction accuracy of QRT adapted empirical models
relative to ANN-based prediction models.

vii)  Determination of the most suitable path loss prediction models for the terrains under

investigation.

1.3 Statement of Problem

Adequate knowledge of radio propagation characteristics across a specific terrain is an essential
requirement in the planning of a wireless telecommunications network. Since path loss serves as
the dominant factor for the characterization of a radio link, there is need for accurate path loss
prediction so that the radio path can be optimally engineered. Path loss varies from one
environment to the other according to the physical nature, dimensions and geometries of the
various obstacles that perturb radio propagation. Hence, it is of high necessity to create
prediction models that are not only very accurate, but also computationally efficient.

Although empirical models are quite simple to implement, they are not universally
applicable due to terrain diversity across the globe, in spite of the availability of correction
factors. The most popular technique for adapting empirical models has to do with introducing
computed errors as correction factors into empirical model expressions. However, these

correction factors in most cases only modify the constant within an expression, disregarding the
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slope coefficient, which is a dominant factor in determining how well an empirical model fits (or
is adapted to a given terrain). By implication, if the slope of the best fit curve through measured
path loss points significantly differs from that of the empirical model expression, such a
technique will be highly inaccurate. As a result, these techniques are limited in terms of ability to
accurately adapt empirical models to terrains due to terrain diversities. Hence, it is necessary to
develop a technique that does not only provide the best possible fit for the empirical model, but
also ensures that the adapted empirical model is robust when tested with new data.

In this study, a novel technique for adapting empirical models, termed the Quotients
Regression Technique (QRT) is proposed. The QRT provides the best possible fit for an
empirical model by directly fitting the empirical model onto the best fit curve for measured path
loss points, thereby ensuring greater correlation with the measured data.

Existing literature have revealed that computational intelligence techniques are the recent
alternative approaches used to predict the path loss at a particular location in an investigated area
(Ostlin, 2010). Such techniques include Artificial Neural Networks (ANNs). ANNs have the
ability to handle non-linear function approximation with greater accuracy than those techniques
which are based on linear regression.

Hence, further in this study, QRT adapted empirical models are analytically compared
for path loss prediction accuracy with ANN-based models, as well as with empirical models
adapted by existing techniques. As case study, at an operating frequency of 900MHz, three
Nigerian terrains are considered: the rural area between Jos and Abuja, the urban terrain (Abuja),

and the semi-urban terrain (Maiduguri).
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1.4 Methodology

The methodology adopted consists of the following series of activity.

i)

Vi)

vii)

Received power measurement and path loss Computation.

Determination of reliabilities of empirical models for path loss prediction within the
terrains under investigation.

Development of the Quotients Regression Technique (QRT) for empirical model
adaptation.

Adaptation accuracy comparison of the QRT with the Okumura Garea (Gain due to
type of environment) Technique and the RMSE (Root Mean Squared Error)
Adaptation Technique (RAT). The Okumura Garea technique involves adapting the
Okumura model to a given rural terrain using a Garea Value obtained from the
Okumura Curves, as correction factor. On the other hand, the RAT has to with either
subtracting a computed RMSE from the model expression if path loss is
overestimated, or vice versa.

Performance Comparison of the QRT adapted empirical models with the Okumura
Garea and RAT adapted empirical models.

Creating the artificial neural network predictors. The two types of Feed-forward
ANNSs considered are the Multilayer Perceptron Neural Network (MLP-NN) and the
Radial Basis Function Neural Network (RBF-NN).

Comparative analysis of QRT adapted empirical models with ANN based predictors.
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1.5 Significance of the Study

As wireless telecommunication becomes ever increasingly popular and indispensable, it is of
paramount importance to ensure quality delivery of service to subscribers within a service area.
This is achievable through proper network planning and optimization. Radio propagation models
are widely used in coverage determination during network planning. A model that satisfies a
given terrain may not be suitable to a different terrain due to clutter differences across the globe.
Hence, it is necessary to come up with efficient and effective techniques for formulating terrain -
specific radio propagation models that can accurately predict path loss within a given area. This

is what this study aims to achieve.

1.6 Thesis Outline

This thesis consists of five chapters. The introductory part comprising of the background, aim
and objectives, Statement of Problem, methodology, as well as the thesis outline are presented in
chapter one. The review of fundamental concepts and review of similar works are contained in
chapter two. Chapter three comprises of the materials and methods which describe the
measurements procedure, path loss computation, development of the proposed Quotients
Regression Technique (QRT), empirical model adaptation, neural network models creation and
the comparative analysis of QRT adapted empirical models with neural network based models
for path loss prediction. Results and discussions of empirical model adaptation, comparison of
adaptation techniques, as well as the comparison of QRT adapted empirical with neural network
based models, are presented in Chapter four. Chapter 5 contains summary, significant

contributions, conclusions, recommendations for further works, as well as limitations.

15



CHAPTER TWO
LITERATURE REVIEW

2.1 Introduction

Extensive studies have been carried out on the modelling of radio propagation characteristics
across various terrains. For this purpose, a wide range of radio propagation models have been
used globally. Some of the most widely used propagation models are the empirical models.
Unfortunately, existing empirical models though easier to implement, are less sensitive to the
environment's physical and geometrical structures and not so accurate, while the deterministic
models on the other hand, though more accurate, are computationally inefficient and require
more detailed site-specific information which is often difficult to come by (Abhayawardhana et
al. 2005).

In recent times, computational intelligent techniques have been used to model radio
propagation such as in Ostlin (2010) and Abaraham (2013). This can be attributed to their ability
to handle complex non-linear function approximation with a greater accuracy than those
techniques which are based on linear regression. As model free estimators, Neural Networks
have the capability to handle complex problems based on the availability of training data. For
instance, one of the key benefits of Neural Networks is their ability to approximate functions
with greater accuracy than statistical methods. Hence, radio propagation models created on the
bases of non-linear function approximation have been proven to predict path loss with greater
accuracy than those that are based on linear regression. This can be attributed to the
heterogeneity of terrain clutters resulting from varying obstacles that perturb radio propagation.

Belonging to the category of models that perform non-linear function approximation are feed-
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forward neural network, the most commonly used being the Multilayer Perceptron Neural

Network (MLP-NN) and the Generalised Radial Basis Function Neural Network (GRBF-NN).

2.2 Review of Fundamental Concepts
The fundamental concepts that form the bases of the study have to do with Radio propagation
concepts, empirical propagation models, the techniques for adapting empirical models to suit

various terrains, as well as artificial neural networks.

2.2.1 Radio Propagation Mechanisms

Radio propagation mechanisms are quite complicated and diverse. This is as a result of the
various sizes, shapes and composition of obstacles situated between the receiver and the
transmitter. As the waves travel from transmitter to receiver, attenuation (reduction or loss) of
the signal strength occurs. There is free space attenuation and the excess attenuation due to
obstacles such as gas, rain, vegetation, wall, dust, etc. In addition, the signal propagates in

different manners, known as diffraction, scattering, reflection, transmission, and refraction.

2.2.1.1 Free Space Attenuation

When a signal is transmitted from an antenna, its strength reduces as it travels through free
space. This is called attenuation. Free Space attenuation occurs in direct line- of-sight (LOS)
situations. The power received at any given point in space is inversely proportional to the square
of the distance covered by the signal. As power is isotropically radiated from an antenna, it can
be assumed that a ‘sphere’ of power is formed (Mishra, 2004). The Free space Loss expression is

obtained as follows (Mishra, 2004):
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The surface area of this power sphere is:

A = 4n R? (2.1)
The power density S at any point at a distance R from the antenna can be expressed as:

S =P*G/A (2.2)
Where P is the power transmitted by the antenna, and G is the antenna gain. Thus, the received
power P, at a distance R is:

P, = P*G*G, (M4n R)® (2.3)
Where G; is the transmitting antenna gain and G, is the receiving antenna gain. On converting
this to decibels we have:

Pr(dB) = P(dB) + G(dB) + G(dB) + 20log (A/4r) — 20log d (2.4)
Last two terms in equation (2.4) are together called the path loss in free space, or the free space
loss. The first two terms (P and G;) combined are called the effective isotropic radiated power
(EIRP).
Thus:

Free-space loss (dB) = EIRP + G,(dB) — P,(dB) (2.5)
The free-space loss can then be given as:

L=92.5 + 20log f + 20log d (2.6)
Where f is the frequency in GHz and d is the distance between transmitter and receiver in
kilometres.
For radio applications, f is measured in MHz. Therefore, the equation becomes:

L=32.45 + 20log f + 20log d (2.7)
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2.2.1.2 Diffraction (or Shadowing)

Diffraction refers to the change in direction of propagation of a radio wave when it strikes a
surface that cannot absorb it. It occurs when direct line-of-sight (LOS) propagation between the
transmitter and the receiver is obstructed by an opaque obstacle (usually with a sharp edge)
whose dimensions are considerably smaller than the signal wavelength (Tapan et al, 2003). The
diffraction occurs at the obstacle edges where the radio waves are scattered and, as a result, they
are additionally attenuated. The diffraction mechanism often allows the reception of weakened
radio signals when the LOS conditions are not satisfied (NLOS case), whether in urban or rural

environments.

Figure 2.1: Radio Wave Diffraction (Li Qing, 2005).
The loss due to diffraction depends upon the kind of obstruction in the path. In practice, the
mobile antenna is at a much lower height than the base station antenna, and there may be high
buildings or hills in the area as shown in Figure 2.1. Thus, the signal undergoes diffraction in
reaching the mobile antenna. In other words, in NLOS situations, waves travel from transmitter
to receiver through diffraction. This phenomenon is also known as ‘shadowing’ because the

mobile receiver is in the shadow of these structures.

a) Knife-Edge Diffraction Geometry
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The Knife-Edge Diffraction Geometry as described in (Abhijit, 2009), is as follows:
Taking into consideration an impenetrable obstruction of height h, at a distance d; from the
transmitter, and d, from the receiver as shown in Figure 2.2. The path difference between direct

path and the diffracted path is given by (Abhijit, 2009)

/sl N\R
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Figure 2.2: Diffraction through a sharp edge (Abhijit, 2009)
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§=d?+h2+d2+h?—(d,+d,)

= h*(d; +dy)/(2d,d;) (2.8)
Thus the phase difference equals (Abhijit, 2009)

21 2

Q=== 2mh*(d; + d,)/A2d+d, (2.9)
With the considerations that « = g + y and a = tana

atana = tanf + tany = dil + d% = h(dy + d,)/d+1d, (2.10)
In order to normalize this, the Fresnel-Kirchoff diffraction parameter

v is used, which is expressed as (Abhijit, 2009)

v = hy2(dy +d3)/Addy +/2d1d,/A(dy + dy) (2.12)
Therefore, the phase difference becomes

@ =mv?/2 (2.12)

20



From this, it can be observed that (Abhijit, 2009):
Q) Phase difference is a function of the height of the obstruction, and also,
(i) Phase difference is a function of the position of the obstruction from transmitter and

receiver.

b) Diffraction Losses
As described in Popescu (2003), the estimation of signal attenuation caused by radio wave
diffraction of radio over hills and buildings is key to predicting the field strength in a given
service area. Generally, it is impossible to make very precise estimates of the diffraction losses,
and in practice prediction is based on approximations using empirical corrections. The
calculation of diffraction losses over complex and irregular terrains is quite a difficult task.
However, expressions for diffraction losses for many simple cases have been derived.

Consider an opaque screen positioned between receiver and transmitter. It will have little
effect when the top of the screen is well below the line-of-sight (LOS). The field at the receiver
will then be equivalent to the free space value Eq. As the height of the screen is increased,
blocking more of the Fresnel zones below the LOS path, this field strength will begin to
oscillate, with the amplitude of the oscillations increasing until the obstruction edge is just in line
with Transmitter and Receiver at which point the field strength is exactly half the unobstructed
value i.e. the loss is 6 dB. As the height is increased above this value the oscillations cease and
the field strength decrease steadily. In order to express this in a quantitative way, any obstruction

between transmitter and receiver is replaced by an absorbing plane placed at the same position
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and the classical diffraction theory is used. The plane is normal to the direct path and extends to

infinity in all directions except vertically where it stops at the height of the original obstruction.
Considering a receiver point R, located in the shadow region (also called the diffraction

zone) the field strength at receiver is determined as the sum of all secondary Huygens sources in

the plane above the obstruction and can be expressed as (Popescu, 2003),

L =Fw) =22 ["exp (—jth) dt (2.13)

Eg
where F(v) is known as the complex Fresnel integral with v being the value given by equation
(2.11) for the height of the obstruction under consideration. If the obstruction lies below the LOS
then h and v are negative. If the path is actually obstructed then h and v are positive.

In practice, the Fresnel integral is commonly evaluated using tables or graphs for given
values of v. The diffraction gain due to the presence of a knife-edge as compared to the free
space Ey, is given by (Popescu, 2003),

G4[dB] = 20log |F(v)] (2.14)
In practice, graphical and numerical solutions are relied upon to compute diffraction gain. The

approximate solution is expressed as follows (Popescu, 2003),:

L(v)=0 v<-1 (2.15)
L(v) =20l0g(0.5-0.62v) -1<v<0 (2.16)
L(v) = 20log(0.5exp(- 0.95 v)) 0<v<l (2.17)
L(v) = 20l0g(0.4 - ¥(0.1184 - (0.38-0.1 v)) 2 1<v<24 (2.18)
L(v)= 20log( 0.225/v) v>24 (2.19)
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2.2.1.3 Scattering

Scattering occurs when the medium through which the wave travels consists of objects whose
dimensions are smaller than the wavelength of the waves (Tapan et al, 2003). Scattering is
similar to diffraction, except that the radio waves are scattered in a greater number of directions
compared with diffraction. Scattered waves are produced by small objects or by other
irregularities in the environment. In practice, street signs, street-lamps and even trees can cause
scattering. Of all the mentioned effects, scattering is the most difficult to predict. An illustration

of scattering is indicated in Figure 2.3.
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Figure 2.3: Multipath propagation (Wireless and Cable, 2014)

2.2.1.4 Reflection
Reflection occurs when a radio wave strikes an object whose dimensions are big compared with
the wavelength of the wave (Li Qing, 2005). Reflection can decrease the signal strength if part

of it is absorbed by the reflecting surface. The signal level that reaches the receiving antenna is
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the sum of all the components of the signal transmitted by the transmitting antenna. At locations
where many reflected waves exist, the received signal level tends to fluctuate. This phenomenon
is commonly referred to as multipath fading. An illustration of reflection is indicated in Figure

2.3.

2.2.1.5 Transmission

Transmission occurs when the radio wave encounters an obstacle that is to some extent
transparent to the radio waves, like a glass window is to visible light (Li Qing, 2005). This
mechanism allows the reception of radio signals inside buildings in cases in which the actual
transmitter locations are either outdoors or indoors. An illustration of transmission is indicated in

Figure 2.3.

2.2.1.6 Refraction

Refraction refers to the change in direction (i.e. deviation from original path) of a wave as it
moves between atmospheres of different densities. It is very important in a macro-cell (which
usually consists of many smaller cells) radio system design. Due to an inconstant refractive
index of the atmosphere, radio waves do not propagate along a straight line, but rather along a
curved one. Therefore, the coverage area of an actual transmitter is usually larger than that

predicted by LOS.

2.2.1.7 Multipath Propagation and Fading
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Multipath propagation is a propagation phenomenon by which radio signals arrive at the
receiving antenna by two or more paths (Abhijit, 2009). The radio waves arrive at the mobile
receiver from different directions with different amplitudes, phases and time delays (Tapan et al,
2003). As illustrated in Figure 2.3, causes of multipath propagation include reflections,
refractions, scattering, diffraction, atmospheric ducting, reflections from water bodies and
terrestrial objects such as mountains and buildings (Abhijit, 2009). The effects of multipath
include constructive and destructive interference, and phase shifting of the signal. Destructive
interference causes fading. In addition, multipath fading can cause periodic fluctuations in signal
strength. Because of wireless challenges such as multipath fading, wireless receivers must be
tested through a combination of channel emulation and drive testing in the final environment.

As described in (Abhijit, 2009), a mobile radio channel may be modeled as a linear filter with
time varying impulse response in continuous time. The channel impulse response can be
expressed as h(d,t). Let x(t) represent the transmitted signal, then the received signal y(d,t) at

position d can be expressed as (Abhijit, 2009)
y(d)=x Q@ hdt)= [~ x(t)h(d, t — ©)dr (2.20)
where & is the tensor product.

For a causal system (Abhijit, 2009)

y@dd = [ _x(x)h(d, t — ) dr (2.21)

Since the receiver moves along the ground at a constant velocity v, the position of the receiver is

d = vt, i.e., the position of the receiver can be expressed as d = vt.

That gives (Abhijit, 2009),
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yivtt) = [£_x(t) h(d,t — ) dt (2.22)
Since v is a constant, y(vt, t) is just a function of t. Therefore the above equation can be

expressed as (Abhijit, 2009),

y(t) = f_too x(t) h(d, t — 1) dt= x(t)*h(vt, t) = x(t)*h(d, t) (2.23)

In general, the channel impulse response can be expressed
i) t:time variation due to motion
i) 7 :channel multipath delay for a fixed value of t.
It is useful to discretize the multipath delay axis t of the impulse response into equal time delay
segments called excess delay bins, each bin having a time delay width equal to (Abhijit, 2009),
(Typq —7;) = At fori €{0,1,2,...,N — 1} (2.24)
where N represents the total number of possible equally-spaced multipath components, including
the first arriving component. The useful frequency span of the model is 2/Az. The model may be
used to analyze transmitted RF signals having bandwidth less than 2 /Ar.
If there are N multi-paths, maximum excess delay is given by NAt (Abhijit, 2009), .
{y () =x()*h(t, 7;)|i=0, 1, ..., N-1} (2.25)
Bandpass channel impulse response model is (Abhijit, 2009),
x(t) = h(t, 1) = Re{h,(t,1)e/“t} - y(t) = Re{r(t)e/®<t} (2.26)
Baseband equivalent channel impulse response model is given by (Abhijit, 2009),
c(t) » 1/2h,(t,T) » r(t) = c(t) *1/2hy(t, T) (2.27)
Average power is (Abhijit, 2009),
x(6)2 = 1/2(lc()|*) (2.28)

The baseband impulse response of a multipath channel can be expressed as (Abhijit, 2009),
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hy(t,7) = %i5 ai(t, Dexp [J(2rf1;(6) + ¢i(t, 1))]8(x — 7:(1)) (2.29)
where a;(t,7) and t;(t) are the real amplitudes and excess delays, respectively, of the i-th
multipath component at time t. The phase term 2nf.t;(t) + @;(t,7)in the above equation
represents the phase shift due to free space propagation of the i-th multipath component, plus
any additional phase shifts which are encountered in the channel.

If the channel impulse response is wide sense stationary over a small-scale time or distance
interval, then (Abhijit, 2009)

hy () = YN -taexp [j6;16(t — 1;) (2.30)
For measuring hy, (7), we use a probing pulse to approximate &(t) i.e., (Abhijit, 2009),

p(t) = 6(t—1) (2.31)
Power delay profile is taken by spatial average of |h,(t,7)|?0over a local area. The received
power delay profile in a local area is given by (Abhijit, 2009)

p(t) = klh,(t;7)|? (2.32)

a) Fading
As described in Abhijit (2009), the term fading, or, small-scale fading, means rapid fluctuations
of the amplitudes, phases, or multipath delays of a radio signal over a short period or short travel

distance. This might be so severe that large scale radio propagation loss effects might be ignored.

b) Multipath Fading Effects

In principle, the following are the main multipath effects (Abhijit, 2009):

i) Rapid changes in signal strength over a small travel distance or time interval.
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i) Random frequency modulation due to varying Doppler shifts on different multipath
signals.

iii) Time dispersion or echoes caused by multipath propagation delays.

c) Types of Small-Scale Fading
As described in Abhijit (2009), the type of fading experienced by the signal through a mobile
channel depends on the relation between the signal parameters (bandwidth, symbol period) and
the channel parameters (rms delay spread and Doppler spread). There are two types of fading

due to the time dispersive nature of the channel.

d) Fading Effects due to Multipath Time Delay Spread
The types of fading Effects due to Multipath Time Delay Spread include flat fading and
frequency selective fading (Abhijit, 2009):.
Flat Fading: this occurs when the signal bandwidth (Bs) of the transmitted signal is much less
than the coherence bandwidth (B.) of the channel, i.e., Bs < B, . Likewise, flat fading occurs if
the symbol period of the signal (Ts) is much more than the rms delay spread of the channel (a;),
i.e., Ts > a,. When flat fading occurs, the mobile channel has a constant gain and linear phase
response over its bandwidth.
Frequency selective fading: This occurs when Bg » B, and Ts «< o;. In such situations
multiple copies of the transmitted signal arrive at the receiver, all attenuated and delayed in time,

thereby causing the channel to introduce inter symbol interference.

e) Fading Effects due to Doppler Spread
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The types of fading Effects due to Doppler Spread include fast fading and slow fading (Abhijit,
2009):

Fast Fading: In a fast fading channel, the channel impulse response changes rapidly within the
symbol duration of the signal. Due to Doppler spreading, the signal undergoes frequency
dispersion leading to distortion. Therefore a signal undergoes fast fading if Ts > T, where T¢ is
the coherence time and Bs > Bj, where Bp is the Doppler spread. Transmissions involving very
low data rates suffer from fast fading.

Slow Fading: In such a channel, the rate of the change of the channel impulse response is much
less than the transmitted signal. A channel can be considered slow faded if the channel impulse
response is almost constant over at least one symbol duration. Hence Tg << T, and Bs > Bp.
Thus, the velocity of the user plays an important role in deciding whether the signal experiences

fast or slow fading.

2.2.1.8 Absorption

Absorption occurs when radio waves are transmitted from one medium to another, with a resultant
loss of energy (Subcourse Number SS0130, 2005). For example, if a radio signal is propagated
through trees the foliage will absorb some of the energy of the signal. A receiving antenna should be
placed in the best position possible in order to ensure greater absorption of incoming electromagnetic

energy.

2.2.2 Radio Propagation Models
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In cellular communication systems radio waves are used to convey information between
transmitting and receiving antennas. However, it is a well known fact that as radio signals travel
from transmitter to receiver, they undergo attenuation. As a result, one of the greatest challenges
in establishing a cellular network is the determination of radio propagation characteristics of the
terrain. For this purpose, radio propagation models are used. A radio propagation model, also
known as the Radio Wave Propagation Model or the Radio Frequency Propagation Model, is a
mathematical formulation for the characterization of radio wave propagation as a function of
frequency, distance and other conditions (Alim et al., 2010). Radio propagation models do not
point out the exact behaviour of a link, rather, they predict the most likely behaviour the link
may exhibit under the specified conditions. Propagation models can be empirical, deterministic

or stochastic.

2.2.2.1 Deterministic Models

The deterministic models (Sumit and Vishal, 2012) make use of the laws governing
electromagnetic wave propagation to determine the received signal power at a particular
location. The field strength is calculated using the Geometrical Theory of Diffraction (GTD) as a
component comprising of direct, reflected and diffracted rays at the required position.
Deterministic models often require a complete 3-D map of the propagation environment. An
example of a deterministic model is ray tracing model (Govind and Sonika, 2014). Semi-
deterministic models are half-way between deterministic and empirical models (Piacentini and
Rinaldi, 2010). Deterministic ones, on the other hand, are more accurate but require detailed
information about the environment and more computational effort.

2.2.2.2 Stochastic Models
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Stochastic models are used for modelling an environment as a series of random variables.
Although these models are the least accurate, they require the least information about the
environment and use much less processing power to generate predictions (Abhayawardhana,

2005).

2.2.2.3 Empirical Models

Empirical models are those models that are formulated based on observations and measurements
alone (Akpado et al, 2013). They are mathematical formulations used to predict radio
propagation behaviour across a terrain. Although empirical models are easier to implement and
usually require less computational effort, they are less sensitive to the environment. Empirical
models can be split into two subcategories namely, time dispersive and non-time dispersive
(Abhayawardhana, 2005). Time dispersive models provide information on the time dispersive
characteristics of a channel, such as the channel’s delay spread during multipath propagation. An
example of this type is the Stanford University Interim (SUI) (Sami, 2013). Examples of non-
time dispersive empirical models are ITU-R (Sami, 2013), Hata Model (Yuvraj, 2012) and the
COST-231 Hata model (Chhaya Dalela, 2013). All these models predict mean path loss as a

depending of various parameters such as distance, antenna heights etc.

a) The Okumura Model
The Okumura model (Yuvraj, 2012; Obot et al., 2011) was formulated based on measurements
obtained from the city of Tokyo, Japan. It is one of the most widely used models for path loss
prediction across various terrain types, classified as urban, suburban, quasi-open area and open

areas. This model is applicable for frequencies in the range 150 MHz to 1920 MHz (although it
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is typically extrapolated up to 3000 MHz) and distances of 1 km to 100 km. The Okumura model
path loss equation is given by (Yuvraj, 2012):
L = Lgs;, — Amu — Hug — Hpe — Garea (2.33)
where,
L - Median path loss in Decibels (dB)
Lrs.- Free Space Loss in Decibels (dB)
Awmu- Median attenuation in Decibels (dB)

Hgs- Base Station antenna height gain factor given by 20log(hp/200) for
30m<h,<100m

Hwme- Mobile Station antenna height gain factor given by 10log(hm/3) for hy,<3m

Garea- Gain due to type of environment

b) The Hata-Okumura Model

The Hata-Okumura Model (Yuvraj, 2012; Isabona and Konyeha, 2013) incorporates the
graphical information from the Okumura Model. The Hata Model for Urban Areas is a widely
used propagation model for predicting path loss in urban areas, and also has formulations for
predicting path loss in Suburban and Open Areas. The Hata Model for Urban Areas is valid for
the following parameters:

Frequency Range: 150 MHz to 1500 MHz

Transmitter Height: 30 m to 200 m

Link distance: 1 km to 20 km

Mobile Station (MS) height: 1 mto 10 m

Hata Model for Urban Areas is formulated as (Neskovic, 2002)
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Ly = 69.55 + 26.16logf — 13.82loghy — Cy + (44.9 — 6.55loghg)logd (2.34)
For small or medium sized cities (where the mobile antenna height is not more than 10 meters),
Cy = 0.8+ (1.1logf — 0.7)hy, — 1.56logf and for large cities,

{ 8.29(log(1.54hy))? — 1.1, for 150MHz < f < 200MHz
H13.2(log (11.75hy )2 — 497, for 200MHz < f < 1500MHz

where,
Ly - Path loss in Urban Areas
hg - Height of base station antenna in meters (m)
hm - Height of mobile station antenna in meters (m)
f - Frequency of Transmission in megahertz (MHz).
Cy - Antenna height correction factor
D - Distance between the base and mobile stations in kilometres (km).

The Hata Model for Suburban Areas is given by (Neskovic, 2002)
Lsy = Ly —2(log )2 — 5.4 (2.35)
Hata model for open areas is formulated as (Neskovic, 2002)

Ly = Ly — 4.78(logf )? + 18.33logf — 40.94 (2.36)

c) The Cost 231 Hata Model
The COST 231 Hata (Purnima, 2010; Mardeni, 2010) Model is an extension of the Hata Model,
which is also an extension of the Okumura Model. It was formulated to suit the European
environments taking into consideration a wide range of frequencies (150MHz to 2000MHz). The

COST 231 Hata Model is one of the most widely used radio propagation models because of
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suitability for urban, semi-urban, suburban and rural areas. The COST 231 Hata Model is given
by (Purnima, 2010)
L =46.3+33.9logf —13.82loghg — a(hg) + (44.9 — 6.55loghg)logd + C (2.37)
where,

L - Median path loss in Decibels (dB)

C is 0dB for medium cities and suburban areas

C is 3dB for metropolitan areas

f - Frequency of Transmission in Megahertz (MHz)(150MHz to 2000MHz)

hg - Base Station Antenna effective height in Meters (30m to 100m)

d - Link distance in Kilometers (km) (up to 20kilometers)

hr - Mobile Station Antenna effective height in Meters (m) (1 to 10metres)

a(hr) - Mobile station Antenna height correction factor as described in the Hata Model for
Urban Areas.

For urban areas, a(hg) = 3.20(log10(11.75hr))2-4.97, for f >400 MHz

For sub-urban and rural areas, a(hgr) = (1.1log(f) - 0.7)hg - 1.56log(f) -0.8

d) The Cost 231 Walfisch-lkegami Model
As described in Chhaya Dalela (2013), this empirical propagation model was created on the
bases of the models from J. Walfisch and F. Ikegami (Walfisch and Bertoni, 1988) and further
developed by the COST 231 project. Now referred to as the Empirical COST-Walfisch-lkegami
Model, it was developed and used in Europe. The model has high prediction accuracy in urban

environments because it considers multiple diffraction losses over rooftops of buildings in the
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vertical plane between the Base and Mobile Stations. However, the model does not take into
account path loss due to multiple reflections. The Model is valid for the following parameters:
Frequency Range: 800 MHz to 2000 MHz
Transmitter Height (hp): 4m to 50 m
Link distance: 0.02km to 5km
Mobile Station (MS) height (hy): 1m to 3m
Mean height of buildings (hreof)
Mean Street Width (w)
Mean building separation (b)
The Line of Sight (LOS) path loss equation is given by (Mardeni and Kwan, 2010):
PL = 42.64 + 20logf + 26logd (2.38)
However, when there is No Line of Sight (NLOS) the equation is (Mardeni and Kwan, 2010)
PL = Lgg + Lgrs + Lysp (2.39)
Where,
Lrsis free-space path loss and is expressed as:
Lgs = 32.45 + 20logf + 20logd (2.40)
Lrrs is path loss due to rooftop to street diffraction and is expressed as:
Lrrs = —16.9 — 10logw + 10logf + 20 log(h, — hy,) + Loy (2.41)
Lori in (2.41) is path loss due to orientation angle ¢ (in degrees), between incident wave and
street. It is expressed as:

—10 4+ 0.354¢for 0< ¢ <35
Lyri =<2.540.075(¢ —35)for 35<¢ <55 (2.42)
4 —0.114(p — 55)for 55 < @ <90

Lmsp is path loss due to multi-screen diffraction, and is expressed as:
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Where,

kr

Lysp = Lgsy + kq + kglogd + kelogf —9log b

Lo [-18 10g(1 + Ry = Rroor) fOThy > hygor
BSH0 forhy < Rpoor

54 fOThb > hTOOf
54 — 0.8(hy — hroor)ford = 0.5km and hy, < hyor
0.8(hy, —
4280
0.5

K { 18 forhb > hTOOf
4 18 — 15(hy — Rroor ) fOThy < Ryoos

ky =

h
roof) ford < 0.5km and hy, < hy.o0f

f

-4+ 0.7 (— — 1) for medium size city and suburban area

925
f

—4+1.5 (— — 1) for metropolitan area (i.e.large city)

925

2.2.3 Soft Computing

(2.43)

As described in Jang et al., (1997), Soft Computing was defined by Lofti Zadeh as an emerging

approach to computing which parallels the remarkable ability of the human mind to reason and

learn in an environment of uncertainty and imprecision. Soft Computing is a term that

encompasses a collection of computing techniques (Santosh, 2014). Zadeh described Soft

Computing as a multidisciplinary system that represents a fusion of the fields of Neural

Networks, Fuzzy Logic, Probabilistic Computing, Evolutionary and Genetic Computing. Soft

Computing is an integration of techniques that were designed to model solutions to real world

problems, which have never been modeled or too difficult to model mathematically. Soft

Computing is a fusion of techniques that works with great synergy, providing flexible

information processing capability for handling real-life ambiguous situations. Its aim is to
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exploit the tolerance for imprecision, uncertainty, approximate reasoning and partial truth in
order to achieve tractability, robustness and low-cost solutions (Santosh et al, 2014). The basic
concept on which soft computing is based, has to do with creating synergic computation
techniques that lead to an acceptable solution to a problem. Soft computing differs from
conventional (hard) computing in that, unlike hard computing, it can accommodate imprecision,
uncertainty, partial truth and approximation. In a nut shell, Soft Computing is basically a
collection of optimization techniques which can be used to find solutions to complex problems.

Soft computing techniques have been applied to many real-world problems in attempts to
find acceptable solutions. These techniques have been implemented in signal processing, pattern
recognition, quality assurance and industrial inspection, business forecasting, speech processing,
credit rating, adaptive process control, robotics control, natural language understanding, etc.
Possible new application areas are programming languages, user-friendly application interfaces,
automaticized programming, computer networks, database management, fault diagnostics and
information security (Santosh et al, 2014).

Hybrid systems have been created by combining different soft computing techniques in
order to explore the properties of the different techniques. A typical example is the Adaptive
Neuro-Fuzzy Inference System (ANFIS).

ANFIS was first proposed by Jang (1993) to combine the learning ability of NNs
with the ability of fuzzy systems to interpret imprecise information, and it was based on the first-
order Takagi—Sugeno—Kang (TSK) model. An ANFIS is a combination of ANN and FIS (Fuzzy
Inference System) to form an intelligent adaptive system capable of solving complex non-linear
problems. ANNs are quite useful in modelling systems where there is no mathematical

relationship between input and output patterns. This stems from the fact that, as systems that
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mimic the human brain, ANNSs can be trained using input patterns and target output, and then
used to predict a result given new set of inputs. Based on the concepts of fuzzy set theory, fuzzy
if-then rules, and fuzzy reasoning, FIS is a computational network capable of modelling human

knowledge and reasoning.

2.2.3.1 Artificial Neural Networks
An Artificial Neural Network (ANN) is a mathematical model that tries to simulate the structure
and functionalities of biological neural networks (Andrej et al, 2011). The human brain is
considered a highly complex, nonlinear, and parallel computer (information processing system)
(George and Michael, 2006). The Artificial neural network is basically a system of
interconnected artificial neurons that mimic the human brain to form a complex programming
structure for neural processing (organization and learning). Each neuron has thousands of
connections with other neurons, constantly receiving incoming signals to reach the cell body.
Each neuron is created in such a way that, if the resulting sum of the signals surpasses a certain
threshold, a response is sent through the axon. ANNs have become a popular technique for the
application in most of the data mining fields including classification, forecasting, functional
approximation, rule extraction, pattern recognition and medical applications (Janmenjoy et al,
2015). Neural networks, with their remarkable ability to derive meaning from complicated or
imprecise data, can be used to extract patterns and detect trends that are too complex to be
noticed by either humans or other computer techniques.

As described in Faria et al (2009), neural networks can learn to approximate any function
to a given accuracy and behave like associative memories by using just example data that is

representative of the desired task. ANNs are model-free estimators capable of solving complex
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problems based on the presentation of a large numbers of training data. As such, They have a
key advantage over traditional approaches to function estimation such as the statistical methods.
Neural networks have the ability to estimate a function in the absence of any mathematical
formulation of how the outputs are derived from inputs. Hence, a key distinguishing feature of

ANN:Ss is their ability to adapt and provide acceptable solutions to problems.

2.2.3.2 The Fundamental Unit of Neural Networks
The neuron is the information processing unit of any ANN. The neuron model in Figure 2.4
shows that the neuron has the following three basic elements:

(i) Inputs (i.e. synapses or connecting links). Each input has an associated weight.

(it) An adder (or linear combiner) for summing up weighed inputs.

(i) An activation (or transfer) function that limits the amplitude of the output signal.

Mathematically, the neuron can be defined by the following equation (Andrej et al, 2011):

Y =%l X;W; +b (2.44)
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Figure 2.4: The Neuron Architecture
The inputs X; and weights W; are vectors while the bias b, is a scalar quantity. Biases are values

that are added to the sums calculated at each node (except input nodes) during the feed-forward
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phase. That is, the bias associated with a particular node is added to the weighted sum, prior to
the use of the activation function at that same node. Therefore, the neuron can be described as a
processing element that receives a number of inputs, obtains the weighted sum of the inputs
together with an additional scalar bias parameter, and then uses the result as argument for a

single valued function (svf) called the activation function, f(s) (Abraham et al., 2013).

2.2.3.3 Activation Functions

The term activation function is used to refer to the function, f that converts the net input value
(net) to the node’s output value (Nordstrom and Svensson, 1998). In other words, an activation
function is a function that determines the output of an artificial neuron given a set of inputs. The
activation functions commonly used in neural networks include the unit step (or threshold),

sigmoid and Gaussian (Fadzilah et al, 2012).

a) Unit step (threshold)
This activation function sets the output at one of two levels, depending on the magnitude of the
total input compared to some threshold value. As shown in Figure 2.5, the output is 1 if a given
threshold is attained, else 0. It is often used in the last layer of neural networks. It is also used in

Perceptrons, to create neurons that make classification decisions.

L fth

Figure 2.5: Unit step (threshold) function

b) Sigmoid
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The sigmoid as in Figure 2.6 is used in processes that progress from initial minimal values to a
climax with time. A typical example of such a process is the learning process of a neuron. The
sigmoid function is a non-linear activation function used in back-propagation multi-layer
networks. The Sigmoid activation function is of two types: logistic and tangential. The logistic

has a range 0 and 1 and the tangential has values ranging -1 to +1.

Figure 2.6: Sigmoid function
c) Gaussian

The Gaussian function is a continuous bell-shaped curve as shown in Figure 2.7. The node
output (high/low) is interpreted in terms of class membership (1/0), depending on how close the
net input is to a chosen value of average. Such functions are used in Radial Basis Function

Networks.

Figure 2.7: Gaussian function
2.2.3.4 Learning
The ability to learn is associated with intelligence. Just like the human brain can be trained to
perform a certain function, ANNs can be trained to solve a problem. As described in (Neha,
2013), a learning can be described as a process of updating network architecture and connection

weights so that a network can efficiently perform a specific task. The network usually learns the
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connection weights from available training patterns. As connection weights are updated
repeatedly, network performance is improved over time. A key advantage of neural networks
over traditional expert systems is that ANNs have the ability to learn underlying rules from
available data instead of following a set of rules created by individuals. A learning algorithm is a
procedure that determines how weights are continuously adjusted as dictated by the set of rules.
Learning algorithms are aimed at obtaining optimal set of weights for a given problem. The task
of obtaining optimal weights is dependent on any of the following:

1. Number of iterations (or computation time).

2. Network error minimization.

3. Generalization ability of the network.
For every learning rule there is a variety of learning algorithms. Most algorithms can only be
used with a single learning rule. Therefore, training can take on many different forms, using a
combination of learning paradigms, learning rules, and learning algorithms. After the training
phase, an ANN goes into the production phase. An ANN is considered static if it has distinct
learning and production phases, whereas ANNSs that continue learning during the production
phase are deemed dynamic.

As described in (Neha, 2013), the three major learning paradigms, each corresponding to

a particular abstract learning task include supervised learning, unsupervised learning and
reinforcement learning. In supervised learning the network is provided with the desired output
for every input pattern. Weights are adjusted to enable the network produce outputs that are
close enough to the desired outputs. A supervised learning process is shown in Figure 2.8.
Unlike supervised learning, unsupervised learning does not require desired output to any

corresponding input pattern available in the training data set. Rather, it explores the underlying

42



structure in the data, or correlations between the input patterns in the data, and then organizes

these patterns into categories from thee correlations.

Training Data
[npnt Desired ontypnt
target
M etworls P
111 ot
W ight Ohyective
chatgzes i o1l

Traiming algorithm h
[optimization method)

Figure 2.8: Supervised learning model
(http://www.yukool.com/nn/fundamental.htm# Toc499362382, May, 2014)

Hybrid learning incorporates supervised and unsupervised learning paradigms. Parts of the
weights are usually determined through supervised learning, while the others are obtained
through unsupervised learning. Reinforcement learning is a type of supervised learning in which
the network is provided with only a critique on the desired outputs, not the desired output itself.
The BFGS quasi-Newton method (trainbfg), the conjugate gradient back propagation (traincgb)
with Powell-Beale restarts and the Levenberg-Marquardt back propagation algorithm are typical
examples of supervised learning methods.
2.2.3.5 Training Algorithms
As described in (Neha, 2013), the neurons in feed forward ANNSs are organized in layers, hence
they send their signals “forward”, while errors are propagated backwards. The back propagation
algorithm is used in such layered feed-forward ANNSs. These networks receive inputs through

input layer neurons, process the inputs using one or more intermediate hidden layers, and then
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give out output through output layer neurons. The back propagation algorithm is the most
common training algorithm for adjusting weights during the training phase on ANNs. Weights
can be adjusted using the gradient descent method after computing the error between the
network output and desired output. For practical reasons, ANNs that implement the back-
propagation algorithm do not have too many layers, since the time for training the networks
grows exponentially.

The initial structure of a neural network is such that it is not likely to produce the desired
output. The errors generated for all input patterns are propagated backwards, from the output
layer towards the input layer. The weights are adjusted in order to minimize the errors between
actual and desired outputs.

According to Menaka (2014), the implementation of the back propagation algorithm is

described in each training iteration as follows:

1. A particular case of training data is fed through the network in a forward direction,
producing results at the output layer.

2. Error is calculated at the output nodes based on known target information, and the
necessary changes to the weights that lead into the output layer are determined based
upon this error calculation, in order to minimize the error

3. The changes to the weights that lead to the preceding network layers are determined as a
function of the properties of the neurons to which they directly connect until all

necessary weight changes are calculated for the entire network.

2.2.3.6 Artificial Neural Network Architectures
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The architecture of an ANN plays an important role in attaining desired performance. Depending
on pattern of connections, ANNSs are usually classified into two major groups: feed-forward
networks and recurrent (or feed-back) networks. As described by Padmapriya (2015), a feed-
forward network is a non-recurrent network which contains an input layer, one or more hidden
layers, and an output layer. In such networks, signals can only travel in the forward direction
while errors propagate in the opposite direction. As input data moves from one layer to the other,
each processing unit performs computation based on a weighted sum of its inputs, and the new
values then serve as input to the next layer, until an output is produced at the output layer. A
threshold transfer function is sometimes used to quantify the output of a neuron in the output
layer. Feed-forward networks include Single-layer Perceptron or simply perceptron, the Multi-

Layer Perceptron Neural Network (MLP-NN) and the Radial Basis Function networks (RBFN).

a) The Multi-Layer Perceptron Neural Network
Gaurang et al (2011) describe the MLP-NN as a supervised feed forward neural network trained
with the standard back propagation algorithm. Their ability to learn how to transform input data
into a desired output makes them suitable for pattern classification. With one or two hidden
layers, they can approximate virtually any input-output map. They have been shown to
approximate the performance of optimal statistical classifiers in difficult problems.

Multilayer feed forward neural networks are used for nonlinear function approximation.
As the name implies, a MLP-NN is a network that comprises of an input layer, one or more
hidden layers and an output layer. However, according to Ostlin (2004), a neural network with
only one hidden layer can approximate any function with finitely many discontinuities to an

arbitrary precision, provided the activation functions of the hidden units are non-linear. Problems
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that require two or more hidden layers are rarely encountered in practice. Even for problems
requiring more than one hidden layer theoretically, most of the time, using one hidden layer
performs much better than using two hidden layers in practice (Syed, 2010). Some reasons why
multiple hidden layers are not recommended are as follows:

1) Training becomes slow.

i) Gradient becomes unstable as errors are propagated across layers, since the training
algorithms for the MLP-NN are gradient based.

i) As the number of hidden layers increases, the number of local minima also increases,
thereby introducing a possibility of optimization algorithm missing the global
minima.

However, there are certain situations that demand the implementation of multiple hidden layers.
A typical example is a function with infinite discontinuities.

When designing a MLP-NN, major consideration is the number of neurons in the hidden layer.
As described in (Syed, 2010), depending on the level of complication of the data set, too few
neurons can lead to an occurrence called under-fitting, while too many neurons can lead to over-
fitting. The optimal number of hidden neurons depends on many factors which include the
following: the numbers of input and output units, the number of training cases, the amount of
noise in the targets, the complexity of the error function, the network architecture, as well as the
training algorithm. In most situations, the best approach to find the optimal number of hidden
units is trial and error since there is no easy way to determine the optimal number of hidden units
without training using different numbers of hidden units and estimating the generalization error

of each.
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A neural network is said to be fully connected if every node in each layer of the network
is connected to every other node in the adjacent forward layer. If, however, some of the
communication links (synaptic connections) are missing from the network, we say that the
network is partially connected. Figure 2.9 shows the configuration of a fully connected MLP-NN

with one hidden layer and one output layer.

Xo

Xy

Xn-l
Input Hidden Output
Layer Layer Layer

Figure 2.9: Multilayer Perceptron Neural Network with one hidden layer (Popescu et

al, 2001)

Figure 2.9 shows that each neuron of the input layer is connected to each neuron of the hidden
layer, and in turn, each neuron of the hidden layer is connected to the single neuron of the output
layer. As a result, signal transmission across the entire network can only be in the forward
direction, i.e, from the input layer, through the hidden layer and eventually to the output layer.
Signals arriving at the inputs propagate forward from neuron to neuron, until they finally arrive
at the output neuron and emerge as output signals. Error signals propagate in the opposite
direction from the output neuron across the network. The output of the MLP-NN is describe by

the following expression: (Popescu et al, 2001)

y = F (Z?fl:o Woj (Fh(zliv=o VVjiXij))) (2.45)
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where:
W, represents the synaptic weights from neuron j in the hidden layer to the single output neuron
X; represents the i element of the input vector,

Fr and Fo are the activation function of the neurons from the hidden layer and output layer,
respectively,

wj; are the connection weights between the neurons of the hidden layer and the inputs.

During the training phase, the MLP-NN iteratively updates the weights of the system based on
the mean squared error E, described by equation (2.46) (Popescu et al, 2001), between the

generated output and the desired output,

E=1
2

Yy —dy)? (2.46)

where, y; is the output value calculated by the network and d; represents the desired output.

When the error between generated output and the desired output is minimized to a tolerable
value, the learning process is terminated and the network can be used in a testing phase with test
vectors. At this stage, the neural network said to be in a state that ensures it produces output with

tolerable errors.

b) Generalised Radial Basis Function Neural Network

Radial basis functions (Powell, 1997) are used to approximate multivariable functions or data

which are only known at a finite number of points or too difficult to evaluate otherwise. A radial

basis function is a function whose value depends either on the distance from the origin or a given
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central point c. If the value of the function depends only on the distance from the origin X, then

function is given by

e(x) = o(llxI) (2.47)
On the other hand, if the function value is dependent only on the distance from a point c, called

the centre, then the value is given by

o(x,¢c) = (lx—cl) (2.48)

Summation of Radial basis functions can be used in function approximation, expressed as
fGo) = ZiLawi o(llx = ill) (2.49)
Where,f (x) is the sum of N radial basis functions, each based on different centres ¢;, with an

associated weight w;. In artificial neural networks, the summation of radial basis Functionsf (x),

is considered a single layer radial basis function neural network, with the radial basis functions
serving as activation functions.

The Generalized Radial Basis Function Neural Network (GRBF-NN) can be used to
solve problems that demand the implementation of any function approximation. During the
training phase, the GRBF-NN attempts to find an interpolation surface that provides a best fit to
the training, within the multidimensional space (Popescu et al, 2002). Hence, ability of the
network to generalization is determined through the use of this multi-dimensional surface to
interpolate test data.

As described in Anwesha et al. (2012), GRBF networks have three layers: input layer,
hidden layer and output layer. One neuron in the input layer corresponds to each predictor

variable. Hidden layer has a variable number of neurons. Each neuron consists of a radial basis
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function centred on a point with the same dimensions as the predictor variables. The output layer

has a weighted sum of outputs from the hidden layer to form the network outputs.

Hidden layer Output layer

Input layer

Figure 2.10: The Generalized Radial Basis Function Neural Network (Popescu et al.,
2002)

Unlike the MLP, the output of hidden-nodes are not calculated using the weighted-sum
activation function; rather the output of each hidden-node, @ is obtained by the closeness of

input X to an M-dimensional parameter vector i associated with the k™ hidden node (Popescu et

al., 2002).

As shown in Figure 2.10, the GRBF-NN consists of three layers as follows:
i.  The input layer
ii.  The hidden layer, where input data undergoes nonlinear transformation

iii.  The linear output layer, where the outputs are produced

The output of a Radial Basis Function Neural Network is given by (John, 2004)
Y;(X) = X5, wiepr(X) (2.50)

where,
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Xis the input vector
Wiy Is the connection weight in the second layer (from hidden to output layer)
k is the number of hidden nodes

i denotes the i-th hidden node
@ is the radial basis activation function.

As described in Tsung-Ying et al. (2014), the radial basis function is a multi-dimensional
function that describes the distance between a given input vector and a pre-defined centre vector.
The Gaussian function is a type of radial basis function given by

2

HX - |

207 (2.51)

Where,
Mk denotes the centre vector
ok denotes the spread (width) of the function
The training of a RBFNN is in two stages:
1. Determination of radial basis function parameters, i.e., Gaussian centre and spread width

2. Determination of output weight by supervised learning.

2.2.3.7 Artificial Neural Network Parameters
The generalization performance of an ANN depends on the following parameters (Lahiri et al,

2009):
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i) Number of neurons in the hidden layers
The number of nodes in hidden layer has a profound effect on ANN performance.
Too few nodes could not learn the relationship in data properly and too large
number of nodes increases the network complexity and execution time. The
optimal number of nodes in a hidden layer is normally calculated by the trial and
error method. Such an approach, apart from consuming enormous time, may not
really obtain the best possible performance.

ii) Learning Rate

This controls the size of weights and bias changes during learning.

Iii) Momentum
Momentum simply adds a fraction m of the previous weight update to the current
one. The momentum parameter is used to prevent the system from converging to
a local minimum or saddle point. A high momentum parameter can also help to
increase the speed of convergence of the system. However, setting the momentum
parameter too high can create a risk of overshooting the minimum, which can
cause the system to become unstable. A momentum coefficient that is too low
cannot reliably avoid local minima, and can also slow down the training of the
system.

Iv) Training type
0 = train by epoch, 1 = train by minimum error

v) Epoch

This is the number of iterations. Training stops when this number is exceeded.
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vi) Minimum Error
This refers to the minimum mean square error of the epoch. It is the square root of
the sum of squared differences between the network targets and actual outputs

divided by number of patterns (only for training by minimum error).

2.2.4 Discrete Least Squares Approximation
As described in Okonuga (2004), the concept on which least square approximation is based
involves fitting a polynomial function P(x) to a set of data points (X, yi) having a theoretical
solution

y =f(x) (2.52)
The aim is to minimize the squares of the errors, and in so doing, consider that a set of data
satisfying the theoretical solution to equation (2.52) are (X1, Y1), (X2, ¥2), . . ., (Xn, Yn). Let the
polynomial to be fitted to these set of data points be denoted by P(x) or Pn(x) to denote a
polynomial of degree n. The curve or line represented by P(x) is considered the best fit to f(x), if
the difference between P(x;) and f(x;) ,i=1, 2, ..., nis least. That is, the sum of the differences
ei = f(x;) = P(xi), i=1, 2,...,nshould be the minimum.

The sum of the differences e; may add up to zero, thereby given the wrong error for the
approximating polynomial. As such, the square of these differences are preferable. In other
words, the sum of the squares of the deviations to get the best fitted curve is considered. Thus
the required equation for the sum of squares error that requires minimization is then written as

S =X lf () = P(x]? (2.53)
where

P(x) =ag+ ajx + azx? + -+ ax™® (2.54)
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In order to derive the discrete function that best fits the given data points, equations (2.52) and
(2.54) are substituted in equation (2.53) to give

S=Y"[yi - (ao +arx; + ax;® + -+ akxl-k)]2 (2.55)
To minimize S, equation (2.55) is differentiated with respect to a; and equated to zero. Therefore,

differentiating equation (2.55) partially with respect to ag, a1,..., Ak, and equating each to zero,

gives:

as _ n 2 _

m——22i=1[yi—(a0+a1xi+a2xi +~--+akxl-k)] =0 \

ds n

da;=2Zimalyi-(ao+arxi+azx;? +-+apxi)] xj=o

ds n > 2.56
day="2 iz vi-(ao+arxtazx? +-+apxK)] x2 =o (2:56)
as n

W=_2 Zi=1[yi—(ao+a1xi+a2xi2 +---+akxik)] xik=0)

The system can be rewritten as follows:

Xyi=napgtai X xjtaz Zx%+ ...+ak2x{-( \
Yxiyi=apXxj+aq le-2+a2 Zx?+ ...+ak2x{-‘+1
kvz (2.57)

X
le.zyizao lez+a1 le$+a2 fo+ ...+ak2 l

Zx{-‘yi=ao Zx{-‘+a1 Zx{-‘+1+a2 Zx{-‘+2+ ...+ak2x§kj

Solving equation (2.57) to determine &g, ai,...,ak, and substituting into equation (2.54) gives

the best fitted curve to equation (2.52). The set of equations (2.57) are called the Normal
Equations of the Least Squares Method. Equation (2.57) can only be used by creating a table of
values corresponding to each sum and the sum is found for each column.

2.2.5 Types of Prediction Area

According to Sylvain Ranvier (2004), three types of prediction areas include:
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1) Open Area: open space, no tall trees or building in path

i) Suburban Area: Village Highway scattered with trees and houses and some obstacles
near the mobile station but not very congested

iii) Urban Area: Built up city or large town with large buildings and houses, or a village
with close houses and tall trees. The term “Large City” (or metropolitan Area) used by
Hata is an urban area with buildings above 15meters, while “Small City” refers to an

urban area with buildings below 15 meters.

2.2.6 Performance Evaluation Statistics
Some of the most widely used statistical indices for performance evaluation include the Absolute
Mean Error (p), Standard Deviation (c), Root Mean Squared Error (RMSE) and the coefficient

of determination (R?).

2.2.6.1 Absolute Mean Error

As stated in Wackley et al., (2008), the absolute mean error is a measure that determines the
closeness of predicted values to observed values or a desired outcome. The smaller the absolute
mean error is, the closer the prediction. The absolute mean error is given by (Popescu et al,

2001)
1
p=—Nis E; (2.58)

where
- Nis the total number of measured samples.

- 1 represents the index of the measured sample.
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- F i 1s the absolute error between the target output and predicted output computed using

the formula  E; = |PLpyegictea — PLtarget|

2.2.6.2 Standard Deviation

Standard deviation is a quantity that determines the variation of a value from the desired value or
mean value (Olasunkanmi et al., 2014). The smaller the standard deviation, the closer the set of
values is to the desired value or mean. Popescu et al., (2001) obtained the standard deviation

from the absolute error and the mean absolute error as:

o= \/ﬁ (XN, E? — Nu?) (2.59)

2.2.6.3 Root Mean Squared Error (RMSE)

Root Mean Square Error (RMSE) gives a measure of the differences between values predicted
by a model and values actually observed (Olasunkanmi et al., 2014). The smaller the RMSE, the
more accurate the prediction is. The RMSE has been used as a standard statistical metric to
measure model performance in meteorology, air quality, and climate research studies (Chail and
Draxler, 2014). The RMSE of a model prediction with respect to the predicted variable Xqoger IS

defined as the square root of the mean squared error.

n
Zizl(xobs,i - Xmodel,i)2

n

RMSE =

(2.60)

where Xqps is observed values and Xoqel is the modelled values at time/place i.

Popescu et al (2001) define the root mean square error as
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RMSE = \/u®* + o2 (2.61)

2.2.6.4 Coefficient of Determination (Goodness of Fit)
As described in Abraham (2013), R-square (R?) measures how successful the fit is in explaining
the variation of the data- the goodness of fit. It is also called the square of the multiple

correlation coefficients or the coefficient of multiple determinations and given by

R2 =1-— Z:Iiv=1(yi_57i)2

— 2.62
>N i-¥i)? (262

where y; is the measured path loss, ¥; is the predicted path loss and y; is the mean of the
measured path loss. R? can take on any value between 0 and 1, but can be negative for models
without a constant, which indicates that the model is not appropriate for the data. A value closer

to 1 indicates that a greater proportion of variance is accounted for by the model.

2.3 Review of Similar Works
The following are critically reviewed similar research works on the modification of existing
empirical models for terrain-specific path loss prediction suitability, and also on the application

of computational intelligence techniques for path loss prediction:

Wolfle and Landstorfer, (1998) developed a model for field strength prediction in indoor
environments with neural networks. The predictor was an ANN based model for the prediction
of electric field strength for mobile communication networks in indoor environment. In contrast
to other neural prediction models a good generalization is achieved, so the prediction results are

also very accurate in buildings not used for the training of the neural network. However, the
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study does not take into account factors that greatly influence radio propagation in indoor
environments. These include concrete penetration losses, reflection and transmission coefficients

of such materials.

Popescu et al., (2001) conducted a study on field strength prediction in indoor environment with
a neural model. The proposed model consists of a multilayer perceptron neural network model
trained with field strength measurements conducted in the 1890 MHz frequency band. Although
results of the prediction show a good agreement with the measurements, greater accuracy would
have been attained if the study had taken into account the impact of angle of incidence, as well

as the impact of frequency on penetration losses.

Turkan et al., (2010) adopted a Fuzzy adaptive neural network approach to path loss prediction
in urban areas at GSM-900 band in which a new algorithm based ANFIS for tuning the path loss
model is introduced. The performance of the path loss model which was obtained from proposed
algorithm was compared to the Bertoni-Walfisch model, which is one of the best studied for
propagation analysis involving buildings. This comparison was based on the mean square error
between predicted and measured values. According to the indicated error criterion, the errors
related to the predictions that were obtained from the algorithm were less than the errors that
were obtained from the Bertoni-Walfisch Model. The propagation measurements were carried
out in the 900 MHz band in the city of Istanbul, Turkey. However, the efficiency of the proposed

algorithm remains to be tested at higher frequencies.
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Nadir, (2011) carried out a seasonal pathloss modeling at 900MHz for suburban Oman by
investigating the variation in pathloss for the months of summer and winter, between the
measured and predicted values, according to the Okumura-Hata propagation model for different
cells. The Okumura-Hata model was modified according to the results obtained in the
investigation, hence obtaining two modified Okumura-Hata equations. The root mean square
error (RMSE) was calculated between measured path loss values and those predicated on basis
of Okumura-Hata model for this area. The RMSE was found to be up to 6dB. The obtained
experimental data is compared and analyzed further using different cells and from the months of
January, the low rain season and August, which is a high rainy season and a difference of
approximately 9dB, is observed between two seasons. Although the study demonstrates the
impact of humidity on radio propagation, it clearly demonstrates the shortcoming of

modification by computed RMSE resulting from the high prediction errors.

Obot et al., (2011) carried out a comparative analysis of path loss prediction models for urban
macrocellular environments. Specifically, three path loss prediction models namely free space,
Hata and Egli were used to predict path losses. The calculated path loss values were compared
with practical measured data obtained from a Visafone base station located in Uyo, Nigeria. The
comparative analysis reveals that the RMSE for free space, Hata and Egli were 16.24dB, 2.37dB
and 8.40dB respectively. The results showed that Hata's model is the most accurate and reliable
path loss prediction model for macrocellular urban propagation environments, since its RMSE
value of 2.37dB is smaller than the acceptable minimum RMSE value of 6dB for good signal

propagation. However, the conclusion that the Hata model is suitable for path loss prediction
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across Nigerian urban areas is unacceptable. This is as a result of terrain diversities resulting

from differences in clutter, vegetation, atmospheric conditions, etc.

Shoewu and Edeko, (2011) performed an analysis of radio wave propagation in Lagos environs.
Field measurements were carried out at different locations within Epe town and its environs
from live radio base stations transmitting at 900MHz and 1800MHz. The respective path loss
values were estimated and compared with the Okumura-Hata model for rural, suburban and
urban areas. The result indicated an appreciable consistency with the empirical models except
for rural areas. For rural areas, there is an appreciable deviation from the measured results. This
is because the rural area in this study differs from that of Okumura. However, the conclusion that
the research shows that the Okumura-Hata model for radio wave propagation is very effective
for radio wave propagation pathloss prediction in sub-urban and urban areas in Western part of
Nigeria, is unacceptable. This also stems from terrain diversities resulting from differences in

clutter across Western Nigeria.

Ubom et al., (2011) performed a path loss characterization of Wireless Propagation for South —
South region of Nigeria. Statistical path loss models derived from experimental data collected in
Port Harcourt in South-South region of Nigeria from 10 existing microcells operating at 876
MHz. Variations in pathloss between the measured and the predicted values from the Okumura-
Hata model were calculated by finding the root mean square errors (RMSE) to be 10.7dB and
13.4dB for the urban and suburban terrains respectively. These variations (errors) were used to
modify the Okumura-Hata models for the two terrain categories. Comparing the modified Hata

model with the measured values for the two categories showed a better result. However, the
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developed models cannot be acceptable for path loss prediction across the entire South-South

region without tests for generalization across the entire region.

Ignacio et al., (2012) demonstrated the influence of training set selection in Artificial Neural
Network-Based Propagation Path Loss Prediction. The study analyzes the use of artificial neural
networks (ANNS) for predicting the received power/path loss in both outdoor and indoor links.
The approach followed has been a combined use of ANNs and ray-tracing, the latter allowing
the identification and parameterization of the so-called dominant path. A complete description of
the process for creating and training an ANN-based model is presented with special emphasis on
the training process. From experimental analyses, results show that the error parameters, mean,
root mean square, and standard deviation were always below 7 dB. However, in order to further
demonstrate the impact of training set selection, the prediction pattern of the ANN-based model
on each route should have been analysed separately through randomization of the traininig-

testing or appropriate classification of traininig-testing of measured data.

Abraham, (2013) applied artificial intelligence techniques to Macro-cell path loss prediction. In
that study, the adaptive neuro-fuzzy inference systems (ANFISs), multiple layer perceptron
neural network (MLP-NN) and radial basis function neural network (RBF-NN) were trained
using actual signal strength measurement taken at certain suburban areas of Bauchi metropolis,
Nigeria. The trained networks were then used to predict propagation losses at the stated areas
under differing conditions. The predictions were compared with the prediction accuracy of the
popular Hata model. The two comparative approaches adopted were as follows: (i) splitting path

loss data into 60% training and 40% testing, (ii) a generalization test involving training with data
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from one base station and testing with data from another. It was observed that ANFIS model
gave a better fit in all cases having higher R? values in each case and on average is more robust
than MLP and RBF models as it generalizes better to a different data. This study, however, does
not take into account the need for neural network validation. Part of the data should have been

set aside for validation in order to further refine neural network construction.

Akingbade and Olorunnibi, (2013) conducted a study on a path loss prediction model for UHF
radio waves propagation in Akure metropolis. In the study, the Friis and Okumura-Hata models
were evaluated for path loss prediction accuracy through comparisons with measured path loss
values obtained from three routes within the Akure metropolis. It was discovered that on each
route the Okumura-Hata model gave a better prediction than the Friis. Using the prediction
errors, the Okumura-Hata model was modified to suit the routes. However, the modified
Okumura-Hata models were not tested for suitability for path loss prediction along other routes

within the Akure metropolis, which implies that were excluded zones within the metropolis.

Likewise, Famoriji and Olasoji, (2013) conducted a study UHF Radio Frequency Propagation
Model for Akure Metropolis. The study involved using the Friis and Okumura-Hata and to
predict television broadcast signal strength in Akure Metropolis through comparisons with
measured data obtained from three different routes within the metropolis. On the average, the
Okumura-Hata model gave a better prediction with mean error of 21.97dB, which was used to
modify the model. However, as acknowledged by the researchers, the height of 325meters used
in the calculations was beyond the limit specified by Hata. Therefore, a slightly erroneous model

based the analysis of three routes within an entire semi-urban area is insufficient for total
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acceptability. The modified models should have been tested for greater capacity to generalize

using data not encountered.

Ogbulezie et al., (2013) conducted a study on site specific measurements and propagation
models for GSM in three cities in Northern Nigeria. From the measurements and analysis carried
out in this work, it is shown that the classical models for path loss determination over estimate
the path loss in all the cities. The standard deviations varied from 6.9dB to 45.87dB for the
Okumura Hata model at 900MHz whereas for the COST231 Hata model it was from 6.51dB to
44.79dB at that same frequency. At 1800MHz the standard deviation for COST 231 ranged from
9.42dB to 24.37dB.Similarly, the mean square errors (pe) ranged from 2.18dB to 14.52dB for
Okumura Hata at 900MHz. For COST 231 Hata at this frequency, it was from 2.06dB to
14.18dB. The mean square error at 1800MHz varied from 2.98dB to 14.18dB. However, the
COST 231 Walfisch-lkegami model should have been considered in the metropolitan areas.
Apart from that, choosing sites assumed to represent the most common propagation

characteristics of an area under study may not necessarily yield accurate results.

Joseph et al., (2014) applied artificial neural network for path loss prediction in urban macro-
cellular environment. The model consists of a multilayer perceptron trained with measured data
using Scaled Conjugate Gradient algorithm. A mean squared error comparison between the
ANN-based model and the free space, Hata and Egli models shows that the ANN model has the
least prediction error of the order of 1.68dB result. The free space, Hata and Egli models have
mean squared errors of 16.24dB, 2.37dB and 8.4dB respectively. However, it was stated the

ANN model generated different results each time it was trained as a result of different initial
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weight and bias values, and different divisions of measured data into training, validation and test
sets. In order to avoid such indiscriminate randomizations, an initial random seed should have
been set using the rand( ) function. Furthermore, the Walfisch-lkegami should have been

considered due to its suitability for path loss prediction in urban environments.

Olasunkanmi et al., (2014) carried out a comparative analysis of received signal strength (RSS)
Prediction Models for Radio Network Planning of GSM 900 MHz in llorin, Nigeria. The
suitability of Okumura-Hata model, COST 231-Hata model and Standard Propagation Model for
radio coverage prediction on terrains of llorin City, Nigeria was investigated. The predictions of
Standard Propagation Model gave the minimum Root Mean Square Error (RMSE) of 5.52 dB,
12.73 dB and 18.4 dB on BS2501, BS2502 and BS2503 respectively. The deviation of the mean
RSS predicted by Okumura-Hata was found to be the highest when compared with that of the
actual data collected. However, with a mean RMSE value of about 12 dB across the three
terrains the use of Standard Propagation Model in radio network planning at 900 MHz may not
deliver a better Quality of Service (QoS). Modifying the models for greater prediction accuracy

should have been considered.

Callistus et al., (2015) carried out a performance evaluation of a generalized regression neural
network (GRNN) for path loss prediction model in macrocellular environment. Compared with
some conventional path loss prediction models like the Free Space, Hata and Egli models, the
proposed model shows superior prediction results. The GRNN model gives accurate prediction
even in environments different from where the training samples were obtained. However, instead

of the aforementioned empirical models, the study should have considered models that have
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been proven to have high prediction accuracy in urban environments, such as the COST 231

Wisfisch-lkegami model, for appropriate comparison.

Akinyemi et al., (2015) conducted a study on the determination of the most suitable propagation
model for mobile Communications in South-South Nigeria urban-terrain. Two Global Systems
for Mobile Communications (GSM) base stations operating at 900MHz and 1800MHz bands
were used for the experiment in a typical urban area. The field measurement results were
compared with SUI model, Ericsson model, Friis model and Walficsh-Bertoni model for urban
area. The results obtained indicate the least variation with Walficsh-Bertoni model for urban
area. However, the study does not take into account the fact that it is statistically unacceptable to
consider the result of path loss analysis of one Base Station within a city, as applicable to an

entire state.

In view of the limitations observed from the reviewed literature, a different approach to
empirical model adaptation will be adopted in this study. This stems from the fact that the use of
correction factors to modify an empirical model to suit a given terrain may not provide the best
possible fit for the empirical model, resulting from the fact that such correction factors only
influence the constant in an empirical model expression. By implication, if the slope of the best
fit curve through measured path loss points significantly differs from that of the empirical model
expression, such a technique will be highly inaccurate. The Quotients Regression Technique
(QRT) developed in this study provides the best possible fit for the empirical model by directly
fitting it onto the best fit curve for measured path loss points. With regards to the ANN-based

models, the need for neural network validation will be taken into account. This is to ensure that
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the neural network construction is further refined before testing. In addition to that, each Base
Station will be analysed separately through randomization of the training-validation-testing of
measured data. Moreover, in order to prevent the ANN-based models from generating different
results each time they are trained as a result of different initial weight and bias values, an initial
random seed would be set using the rand( ) function. Finally, where applicable, terrain-suitable

propagation models will be considered for appropriate comparisons.

CHAPTER THREE

MATERIALS AND METHODS
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3.1 Introduction

The development of the proposed Quotients Regression Technique (QRT) and the performance
comparison of QRT adapted empirical models with empirical models adapted using the
Okumura Garea and RMSE techniques, as well as with ANN based models are hereby

presented.

3.2 Received Power Measurement and Path Loss Computation
From each of the terrains under investigation, received power measurements were obtained from
multiple Base Stations of the mobile network service provider, Mobile Telecommunications
Network (MTN), Nigeria. The instrument used was a hand-held Cellular Mobile Network
Analyser (SAGEM OT 290) capable of measuring signal strength in decibel milliwatts (dBm). A
description of the device is presented in Appendix C, while the measurement set-up is shown in
Figure 3.1. For operator network identification, the instrument was equipped with an MTN
Subscriber Identification Module (SIM) card. In the process of taking readings, the instrument
was held at a height of 1.5meters above the ground. Using the Broadcast Control Channel
feature, the instrument was fixed to a given frequency in order to avoid hopping.

For each of the terrains, received power (Pg) readings were obtained at specific intervals

away from the Base Station, starting from the reference distance do, within the radiating far field

(propagation region). The Fraunhofer far field radius (Rss) is given by Ry > 2%2, where D is
the transmitting antenna length in meters and A is the wavelength of the transmitted signal
derived from A = Jé where c is the velocity of light and f, the propagation frequency. For the
rural terrain, Rqr at 900MHz was found to be greater than 54 meters for an antenna length (D) of

3meters, given by the service provider (MTN). Hence, the reference distance of 100meters was
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adopted since it falls within the radiating far field of the transmitting antenna. Readings were
then taken at intervals of 300 meters away from the Base Station. For the urban terrains, Ry was
found to be greater than 6m based on antenna length of 1 meter (obtained from MTN), with the
reference distance adopted being 50 meters, after which measurements were taken at intervals of

100 meters away from the Base Station.

BTS Intervals (km)

Figure 3.1: Measurement Set-up
For the Rural Terrain between Jos and Abuja, readings were obtained from Base Stations
situated within the rural areas between Jos, Riyom, Gidan Waya, and Keffi. For Abuja, the
Urban terrain, readings were obtained from Garki, Maitama, and Wuse. For Maiduguri, the

semi-urban terrain, readings were obtained from various parts of the city.

Path loss was computed using equation (3.1) as follows:
Lp=EIRP - Pg (3.1)
where,

EIRP is the Effective Isotropic Radiated Power, determined from the expression
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EIRP=Pr-Le+Gr 42
Where,
Pt - Transmitted power
Lr - Feeder Loss

Gt — Transmitter gain

Table I of Appendix A contains the rural area measured received power values taken at intervals
of 0.3km away from the Base Station after a reference distance of 0.1km, corresponding path
loss values (Lp), as well as mobile network parameters obtained from the Service Provider. Table
Il and Table Il of Appendix A contain similar data for the urban and semi-urban terrains
respectively. However, readings were taken at intervals of 0.1km away from the Base Station

after a reference distance of 0.05km, as stated earlier.

3.3 Determination of Reliabilities of Empirical Models for Path Loss Prediction

For each of the terrains, the reliability of each of the considered empirical models was
determined by computing the RMSE (equation (2.60)) between the empirical model prediction
and the geometric mean of measured path loss values presented in Tables I to 111 of Appendix A,
described in section 3.2. The criterion for acceptability as stated in (Wu and Yuan, 1998; Obot et
al., 2011) is computed RMSE not greater than 6dB, which is adopted in this study. Based on
that, any empirical model deemed not reliable is adapted to the given terrain using the following
techniques:

)} The Okumura Gareq as correction factor (Rural Terrain only).

i) The Root Mean Squared Error Adaptation Technique (RAT)
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1)) The proposed Quotients Regression Technique (QRT) discussed in section 3.4.

3.4 Development of the Proposed Quotients Regression Technique

In this study, a novel technique, termed the Quotients Regression Technique is proposed (QRT).
The QRT, which is based on the least squares approximation technique described in section
2.2.4, employs the use of a quotients function as a multiplication factor, to adapt an empirical
model to a given terrain. The technique has to do with multiplying the empirical model
expression with a quotients function that is dependent on transmitter — receiver separation. This
distance dependent function represents the best fit least squares curve through quotient points,
obtained by dividing the best fit Least Squares expression for measured path loss points, by the
empirical model expression at various transmitter-receiver separations. The algorithm is as

follows:

Stepl: Obtain the best fit Least Squares quadratic function for computed path loss points by
solving the system of equations (3.4), derived from the system of equations (2.57), while
replacing y; with measured path loss L;, and X; with transmitter- receiver separation (in

kilometres) d;, where N is the number of path loss values.

N N d:2
Zl 1Li=Nag+aq Y=, di+az Y=, d;

ZN dL aoZl 14i +alzl 1d +aZZN d3 (3.4)
zN di? Li=ao XN  di®+a1 2N d; +aZZN d;*

Solving the system of equations, we obtain the coefficients ag, a;, and a, to formulate the best

fit function (3.5).
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L(d)= a,+a;d+a,d’ (3.5)
Step2: Using equation (3.6), obtain the quotients Qi, Q, ...,.Qn at intervals di, dy, ..., dy

respectively, by dividing L(d;) with the empirical model expression.

Measured Path Loss best fit curve Expressionatd; __ L(d;)

Q(dy) = (3.6)

Empirical Model Predicted Path Loss Expression at d; o Lp(d;)
Step3: Obtain the optimal Least Squares function Q(d) through the points Qi, Qz, ..., Qn
depending on the following scenarios:

i) The empirical model may require linear adaptation. In such a case, the system of equations to

be used to obtain the linear coefficients a, and a;for the linear equation Q (d) =ay+ta;d is

equation (3.7).

YN, Qi=Nag+a, X, d;
SN d;iQ=aosl, di+a SN a2 (3.7)

i1) The empirical model may require quadratic adaptation, hence the system of equations to be
used to obtain the coefficients ao, a;and a, for the quadratic equation Q (d) =ap+a.d+azd” is
the system of equations (3.8)
N N N 2
2i=1QiLli=Nag+aq Y=, dita Y-, d;
N _ N N 2 N 3 ,
Zizldl’Qi— ag Zi=1di+a12i=1di +as Zi:ldi (3 8)
N 2 5. _ N 2 N 3 N 4
Zi=1 di Qi_ ag Zl'=1 di +aq Zi=1 di +ay Zi=1 di
In any case, Q(d) is the Quotients Function for adaptation.
Step4: Finally, multiply the empirical model expression by the Quotients Function Q(d) to

obtain the adapted expression.
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The solutions to equations (3.4), (3.7) and (3.8) are implemented in the MATLAB code
in Appendix B, by creating a table of values corresponding to each sum, and then finding the

sum for each column as earlier described in section 2.2.4.

3.5 Adaptation Accuracy Comparison of the Quotients Regression Technique with other
Adaptation Techniques
The efficiency of the novel QRT relative to existing techniques is evaluated using geometric
mean of computed path loss figures presented in Tables I to 11 of appendix A. The two existing
techniques considered as earlier stated are as follows:

) Okumura Adaptation using Garea Obtained from the Okumura curves

i) RMSE Adaptation Technique (RAT)

3.5.1 The Okumura Adaption Technique using Garea

The Okumura adaption technique using Garea(Gain due to type of area) has to do with
subtracting the Garea Value obtained from the Okumura Correction Factor curves (Obot et al.,
2011), from the Okumura Model expression (2.8).

3.5.2 The Root Mean Squared Error Adaption Technique (RAT)

A widely used technique for adapting an empirical propagation model to a given terrain involves
the use of a computed Root Mean Squared Error (RMSE) to compensate for differences between
measurements and the empirical propagation model expression. Such a technique has been put to
use by Nadir et al (2010), Ubom et al (2011), Ogbulezie et al (2013), etc. As stated in (Nadir et

al, 2010), the RMSE error is given by
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N (M-P)?

RMSE = |¥I,——

(3.3)

where,
M — Measured Path Loss
P — Predicted Path Loss
N- Number of paired values
Adaptation is achieved by subtracting the RMSE from the model expression if the model

overestimates the path loss, else it is added to the model expression if the reverse is the case.

3.6 Creating the Artificial Neural Network Predictors

The two types of ANN considered in this study are the Multi-Layer Perceptron neural network
(MLP-NN) and the Generalised Radial Basis Function Neural Network (GRBF-NN). The
creation of the ANN-based prediction models is usually aimed at ensuring minimized errors for
the training data set and also ensuring that the network generalises well when fed with sets of
data not used when training the network. Selection of training data set is the key to ensuring
good generalization of ANNs (Steve et al., 1997). Generalization property here refers to the
ability of an ANN to perform well given encountered data. ANNs learn by iteratively adjusting
the weights until the desired output is obtained (Kandilli, 2007). These form the bases for the

formulation of the ANN based models in this study.

3.6.1 Creating the MLP-NN Based Model
The MLP-NN architecture is defined by establishing the number of hidden layers to be used, the

number of neurons contained in each layer, the activation function type, etc. In this study, a
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MLP-NN with 1 hidden layer and 1 output layer is adopted. The number of neurons in the input
layer is dependent on path loss vector size created from terrain data. The number of neurons in
the hidden layer and other parameters such as the number of training iterations and the desired
error goals are all determined by trial and error. The adjustable weights are based on the Mean
Square Error (MSE). The supervised learning algorithms considered is the Levenberg-Marquardt
(trainlm) algorithm, which has been proven to perform better than other algorithms in function
approximation. Other parameters are based on MATLAB default settings. The MLP-NN is
created using the MATLAB Neural Network ToolBox function newff, and simulated using the
function sim.

In this study, the MLP-NN model parameters adopted as follows:

i) Number of neurons in input layer is variable, depending input vector size

i) Number of neurons in hidden layer

iii) 1 linearly activated output layer

iv) Training Algorithm: Levenberg-Marquardt

v) Number of iterations

vi) Error goal

vii) Stopping condition: dependent on error goal or number of iterations
3.6.2 Creating the GRBN-NN Based Model
In this study, the well-known design consisting of one input layer, a hidden layer of variable
number of neurons and an output layer is adopted. As described in MATLAB (Neural Network
Toolbox™), GRBN-NN can require more neurons than standard feed-forward back-propagation
networks, but often they can be designed in a fraction of the time it takes to train standard feed-

forward networks. They work best when many training vectors are available. The Radial Basis
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network was created using the function newrb. The function newrb iteratively creates a radial
basis network one neuron at a time. Neurons are added to the network until the sum-squared
error falls beneath an error goal or a maximum number of neurons has been reached. The
network is simulated using the function sim. The key elements in the creation of a GRBF-NN are
basically the following arguments:

i) The spread constant

i) Sum-squared error goal
As described in (Abraham et al, 2013), the GRBF-NN training parameter spread controls the
smoothness and generalization of the approximation. The larger the spread is, the smoother the
function approximation will be. Too large a spread means a lot of neurons will be required to fit
a fast changing function. Too small a spread means many neurons will be required to fit a

smooth function, and the network may not generalize well.

3.7 Comparison of Quotients Regression adapted Empirical Models with Artificial
Neural Network Predictors

The adapted empirical models and the neural network models were compared based on the
absolute mean error (n), standard deviation (c), root mean squared error (RMSE) and the
coefficient of determination (R?) using three techniques as follows:

a) Splitting Base Station Data into 60% Training, 10% Validation and 30% Testing
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b)

This basically involves separately analyzing each base station data by splitting path loss
data obtained from it into 60% training, 10% validation and 30% testing. This is to
ensure that the neural networks are trained for optimum performance. It is pertinent to
note the split is specified in the MATLAB application. This technique simultaneously
carries out a performance comparison of the ANN-based models with the QRT adapted
empirical models on each base station.

Splitting entire data into 50% training and 50% testing

This is basically a test for generalization. Generalization refers to the capacity of neural
network predictors to produce reasonable outputs for inputs not encountered during
training (learning). Neural network learning is considered successful only if the system
can perform well on test data on which the system has not been trained (Lahiri and
Ghanta, 2011). The aim of this technique is to determine how well the neural networks
can generalize. The generalization property of a neural network model determines how
robust and hence how suitable the model is for path loss prediction.

This technique involves splitting measured path loss data obtained from Base
Stations within a given terrain into two sets: 50% training and 50% testing as presented
in Appendix A. The geometric mean of all path loss values at each receiver-transmitter
separation is obtained from the training set using equation (3.9), and then used to train
the neural network models, and to also adapt the empirical models using the QRT. From
the testing set, each Base station set of data is statistically compared with the trained

neural network models and the QRT adapted empirical models.

GM=71/X;.X,. X5 ..., X, (3.9)
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In performance evaluation, the geometric mean is preferred to the arithmetic mean
because it is less sensitive to extreme values (Nicholas, 2002).

c) Training with one Base Station data set and testing with a set from another
This is another test for generalization. The technique involves randomly training with a
data set obtained from one Base Station and testing with a data set from another Base
Station (Abraham et al. 2013). Simultaneously, the testing set is used to test the QRT
adapted empirical models. By implication, a given data set can both be used for training

and testing.

CHAPTER FOUR
RESULTS AND DISCUSSIONS

4. 1 Introduction
The results generated by the MATLAB code in Appendix B are hereby presented. Each of the

aforementioned terrains is analysed separately.

77



For built-up terrains, the COST 231 Hata and COST 231 Walfisch-lkegami are

considered. The Hata-Okumura model is suitable for mega-cells, hence it is applied along with
the COST 231 Hata, to the Rural Area. In all cases, model predictions presented here are based
on the mobile network configurations of the base stations for appropriate comparison.
For the rural terrain, the selected empirical models are tested for acceptability, and then adapted
to the terrain using the three techniques described in section 3.4. For the urban and semi-urban
terrains, the adaptation techniques applied are the RAT and the QRT. Sequel to comparison for
adaptation accuracy of the adaptation techniques, the adapted empirical models are tested for
capacity to generalise. Finally, the QRT adapted empirical models are statistically compared for
path loss prediction accuracy with the ANN-based models.

As stated in section 3.7, the first comparative technique adopted involves randomly
splitting path loss data obtained from each Base Station into 60% training, 10% validation and
30% testing. This is in contrast to the technique adopted by Abraham (2013), where the split is
60% training and 40% testing, disregarding the need for validation. The importance of validation
is highlighted by Brian et al.(2013), who describe the training-validating-testing approach as the
first, and often the only, option system developers consider for the assessment of a neural
network. The assessment is accomplished by the repeated application of neural network training
data, followed by an application of neural network testing data to determine whether the neural
network is acceptable. The training set is used as the primary set of data that is applied to the
neural network for learning and adaptation. The validation set is used to further refine the neural
network construction. The testing set is then used to determine the performance of the neural

network by computation of an error metric.
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A major observation made in the Abraham (2013) approach is that the 40% of the data
supposedly set aside for testing was actually used for validation and not testing. Furthermore, the
same set was actually used in simulating the neural networks after training. By implication, no

data was actually used for testing.

Table 4.1: RMSE Comparison of Abraham’s (2013) Approach with this Study

Base Approach Models
Stations MLP-NN RBF-NN ANFIS Hata
BST1 Abraham 4.264 4.529 3.444 10.663
This study 3.4989 2.0097 3.0682 9.773
BST2 Abraham 3.915 3.807 3.762 8.442
This study 4.9924 3.6817 2.6817 20.9574
BST3 Abraham 5.828 5.043 4.967 11.458
This study 6.9077 6.566 6.9164 11.9227
BST4 Abraham 9.789 5.759 5.373 13.341
This study 5.8018 4.0906 4.0345 13.0011
AVERAGE | Abraham 5.949 4.785 4.387 10.976
This study 5.3002 4.087 4.175 13.91

A Root Mean Square Error comparison of the approach adopted in this study with that of
Abraham (2013), based on the Abraham (2013) data obtained at 900MHz, is presented in Table
4.1, which shows that the improvements in prediction accuracy offered by the approach adopted
in this study over that of Abraham (2013) are as follows:

1) 10.91% on the MLP-NN

i) 14.59% on the RBF-NN

i) 4.83% on the ANFIS.
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Based on the technique adopted in this study, it can be observed from Table 4.1 that the RBF-

NN slightly outperforms the ANFIS model, justifying the adoption of the RBF-NN model.

4.2 Comparison of Adaptation Techniques Using the Okumura Model

This comparative analysis is aimed at ascertaining the performance of the proposed QRT relative
to the use of established Okumura terrain specific correction factors, and also the use of RMSE
for adaptation. The choice of the Okumura model for comparative analysis is based on the fact
that apart from its suitability for path loss prediction in urban areas, it has correction factors for
open, quasi-open and sub-urban areas. In this comparative analysis the rural area between Jos
and Abuja is considered. This terrain matches Hata’s description of a suburban area. Therefore,
the mobile network parameters and the path loss values in Table | of the appendix A are

considered.

4.2.1 Adapting the Okumura Model using Curve Correction Factors
From the Okumura Median Attenuation curves (Obot et al 2011), the median attenuation
Awu(f,d) for this terrain within the range 1 to 4.3km at 900MHz is 20dB. Likewise, the correction
factor Gagrea for suburban areas at 900MHz is 9dB according to the Okumura G area Correction
Factor curves. Therefore, from equation (2.33), the Garea adapted Okumura model path loss
equation for this terrain is given by:

Lokm = Lgsy + 20 — Hyg — Hpg — 9

= Lgg;, + 11 — Hyg — Hpg 4.2)
where,

- Lgs=32.45+20logf+20logd
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- HBGZIOIog(hm/3)

- Hus=20log(hb/200)

4.2.2 Adapting the Okumura Model using the RMSE Adaptation Technique (RAT)
For this terrain, the Okumura model prediction error based on RMSE, computed by the
MATLAB code based on the path loss geometric mean in Table | of appendix A, was found to
be 8.95dB. Therefore, the RAT adapted Okumura model expression from (4.1) is given by:

LraT adaptea = Lrs, + 11 — Hyg — Hgg + 8.95

= LFSL + 1995 - HMG - HBG (42)

4.2.3 Adapting the Okumura Model using the Quotients Regression Technique (QRT)
Following the steps described in section 3.4, the Okumura model is adapted to the terrain as
follows:
Stepl: The coefficients of the best fit Least Squares function through geometric mean of the
computed path loss points in Table | of Appendix A, were obtained by solving the system of
equations (3.4),
where:

N is the number of samples

di represents the intervals

Li represents the path loss values.
The coefficients obtained are a;=94.33, a;=23.13, a,=-2.55, and hence the best fit
least squares equation for computed path loss is

Lis= 94.33+23.13d-2.55d° (4.3)
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Step2: Quotients computed at various intervals using equation (4.4) are shown in Table 4.2.

Lps(di)
Qi =-"—+

4.4
Lokm (4.4)

Table 4.2: Quotients for Okumura Model Adaptation (Jos-Abuja Rural Area)

Intervals | 0.1 [ 04 [ 07 [ 1.0 [ 1.3 [16] 19 [ 22 | 25 [ 28 [ 31 [ 34 [37[40][ 43
(km)

Quotients | 0.96 | 0.98 | 093 | 095|098 | 1 |1.02|1.04|1.06|108|109|1.09|11|11]|11

Step3: Equation (3.7) was used to determine the coefficients of the best fit Least Squares

function O (d) =ap+a;d through quotient points, where Q; represents quotients obtained at

intervals d;.
Coefficients obtained for best fit curve through quotients are a,=0.9238 and a;=0.0475.
Therefore, the adaptation function is given by:

Q(d)=0.9238+0.0475d (4.5)

Step 4: The QRT Adapted Okumura Model for this terrain is obtained by multiplying the
Okumura model expression by the adaptation function Q(d) as follows:

Lorr = (0.9238 + 0.0475d) . Lok (4.6)
4.2.4 Comparison of the Adaption Techniques as applied to the Okumura Model
Figure 4.1 generated by the MATLAB code in Appendix B1 presents a comparison of the three
adaptation techniques as applied to the Okumura model. The Garea adapted Okumura plot is
based on equation (4.1). Figure 4.1 shows that the Garea adapted Okumura model
underestimates the path loss, while Table 4.3 shows that the model does so by a RMSE value of
8.95dB. Likewise, the RAT adapted Okumura model is based on equation (4.2). It can be

observed from Figure 4.1 that the RAT adapted Okumura model overestimates the path loss,
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while Table 4.3 shows that the model does so by an RMSE value of 9.41dB. Finally, the QRT
adapted Okumura model is based on equation (4.6). It can be observed from figure 4.1 that there
is a close convergence of the QRT adapted model plot with the path loss data. This is an
indication of the effectiveness of the technique. Results in Table 4.3 buttress this fact, with the
QRT adapted model having the lowest prediction errors and the best fit. The QRT-adapted
model outperforms the Garea adapted model and RAT-adapted model by RMSE values of
6.78dB and 7.23dB respectively. It can also be observed from Table 4.3 that the Garea adapted
Okumura model outperforms the RAT-adapted counterpart by an RMSE value of about 0.45dB.
This is a typical scenario where the slope component of an empirical model expression
significantly differs from that of the best fit curve through measured path loss point, in which the

inefficiencies of the Garea and RAT adaptation techniques are exposed.

Table 4.3: Adaptation Accuracy Comparison (Jos-Abuja Rural Area)

PERFORMANCE STATISTICS G pne RAT ORT
n(dB) 7.5037 7.6857 2.0712

(dB) 5.0557 5.6143 1.2599

RMSE(dB) 8.9533 9.4069 2.1773

R? 0.6948 0.6631 0.9719
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Figure 4.1: Comparison of Adaptation Techniques (Jos-Abuja Rural Area)

4.2.5 Generalization Test for Adapted Okumura Models

Each of the three adapted models is tested for prediction accuracy using data from the
generalization set (Base Stations 6 to 10) of Table I. Figures 4.2 a) to 4.2 e) graphically show the
performance of each of the three adapted models on each of the Base Stations. It can be observed
that the QRT adapted model exhibits the closest prediction on each of the Base Stations. Results
in Table 4.4 clearly show that the QRT adapted Okumura model gives the most accurate
predictions across all the Base Stations with the least prediction errors. On the average, the trend
continues with the QRT Adapted Okumura model outperforming its counterparts with an
acceptable RMSE value of 4.53dB. By implication, the QRT adapted model offers an
improvement of about 3.63dB over the Okumura Garea adapted model, and also an

improvement of 4.91dB over the RAT-adapted model.
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Figure 4.2: Generalisation Comparison of Adapted Okumura Models
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Table 4.4: Path Loss Prediction Accuracies of Adapted Okumura Models

MODEL STATS. | BST6 | BST7 | BST8 | BST9 | BST10 | GEOM. MEAN
Garea Adapted Okumura K(dB) 649 |6.13 |733 |7.13 |7.36 6.87
o(dB) 364 |420 |441 |577 |4.72 450
RMSE(dB) | 7.39 |7.36 |848 |9.05 |8.65 8.16
R? 076 |0.75 |[0.71 |0.64 |0.68 0.71
RAT Adapted Okumura u(dB) 8.67 |837 |726 |6.16 |7.03 7.44
o(dB) 6.06 |6.94 |6.02 |531 |572 5.99
RMSE(dB) | 10.47 | 10.74 | 9.30 | 8.02 | 8.94 9.44
R? 051 | 047 | 065 |0.72 |0.66 0.59
QRT Adapted Okumura H(dB) 301 |562 |259 |429 |32 3.60
o(dB) 278 |306 |191 |284 |3.89 2.82
RMSE(dB) | 404 |6.36 |3.18 |5.10 |4.58 4,53
R? 093 |082 |09 |0.89 |0.91 0.90

4.3 Comparison of Quotients Regression Adapted Empirical Models with Artificial Neural

Network Predictors

In this section the QRT adapted empirical models are compared for path loss prediction accuracy

with the ANN-based models, as well as with the RAT-adapted empirical models. Each of the

three terrains is analysed separately using the three techniques described in section 3.7.

4.3.1 The Rural Area between Jos and Abuja

The terrain under investigation is situated between Jos and Abuja. This terrain matches the
description of Hata’s suburban area as presented in section 2.2.5. Received power values
obtained from Base Stations across the terrain and the corresponding computed path loss values

are presented in Table I of Appendix A. The empirical models considered are the COST 231

Hata and the Hata-Okumura models due to availability of correction factors for rural areas.

The MLP-NN parameters determined suitable for this terrain are as follows:

)} Number of neurons in hidden layer (with sigmoid type tang. activation) is 3.

i) 1 linearly activated output layer.
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i) Training Algorithm: Levenberg-Marquardt back-propagation.
iv) Number of iteration = 105

V) Error goal: 0.1

For the GRBF-NN, the parameters are as follows:

1) Spread constant is 0.5

i) Error goal: 0.1

4.3.1.1 Testing the COST 231 Hata and the Hata-Okumura models for acceptability
Figure 4.3, generated by the MATLAB code in Appendix B2 shows a graphical comparison of
the geometric mean of computed path loss values presented in Table | of appendix A, with the

COST 231 Hata and the Hata-Okumura models.
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The COST 231 Hata plot was derived from equation (2.37) while the Hata-Okumura from
equation (2.35). It is obvious that neither of the two empirical models is quite reliable: the COST
231 Hata model overestimates the path loss, while the Hata-Okumura model does the opposite.
Results in Table 4.5, generated by the MATLAB code in Appendix B2 show that the COST 231
Hata model slightly overestimates the path loss by a RMSE of 6.13dB, while the Hata-Okumura
model underestimates the path loss by a RMSE of 7.13dB. According to Obot et al. ( 2011), any
model that overestimates or underestimates path loss by a RMSE value not greater than 6dB is
acceptable.

Table 4.5: Performance Evaluation of Empirical Models (Jos - Abuja Rural Area)

PERFORMANCE STATISTICS COST 231 Hata Hata-Okumura
u(dB) 5.56 6.09
o(dB) 4.00 3.53
RMSE(dB) 6.24 7.71
R 0.83 0.44

4.3.1.2 Adapting the COST 231 Hata and the Hata-Okumura Models
In adapting the two empirical models to the geometric mean of computed path loss, a
comparative analysis is made between the two techniques described in Chapter 3, i.e., the RAT
and the QRT.
i) Adapting the COST 231 Hata Model using the RAT
For this terrain, the COST 231 Hata model RMSE computed by the MATLAB code Appendix
B2, based on the path loss geometric mean was found to be 6.23dB. Therefore, the modified
COST 231 Hata model expression based on this technique is given by
Lrar adpta = 46.3 + 33.9logf — 13.82loghg — a(hg) + (44.9 — 6.55loghg)logd — 6.24

=40.07 + 33.9logf — 13.82loghy — a(hg) + (44.9 — 6.55loghg)logd 4.7

i) Adapting the COST 231 Hata Model using the Quotients Regression Technique
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The COST 231 Hata model was adapted to the terrain using the steps described in section

3.4.1.2.

Stepl: The best fit Least Squares function through geometric mean of the computed path loss
points in Table | of Appendix A, is equation (4.3).

Step2: Quotients computed at various intervals using equation (4.8) are shown in Table 4.6.

L;s(d;
Ql LS( )

= (4.8)
46.3+33.9logf—13.82loghg—a(hgr)+(44.9-6.55loghpg)logd;

Table 4.6: Quotients for COST 231 Hata Adaptation (Jos - Abuja Rural Area)

Intervals [ 0.1 [ 04 [07[10] 13 [ 16 [ 1.9 [ 22 [ 25 [ 28 [ 31 [ 34 | 37 | 40 | 43
(km)

Quotient | 1.05 | 091 |09 | 09| 092 | 093 | 094 | 0.96 | 0.97 | 0.98 | 0.99 | 0.98 | 0.99 | 0.98 | 0.98

Step3: Equation (3.7) was used to determine the coefficients of the best fit Least Squares

function O (d) =ap+a;d through quotient points. Coefficients obtained for best fit curve

through quotients are a,=0.93 and a;=0.0126. Therefore, the adaptation function is given by:
Q(d)=0.93+0.0126d (4.9

Step 4: The QRT adapted COST 231 Hata Model for this terrain was obtained by multiplying
the COST 231 Hata expression by the adaptation function Q(d) as follows:

CHorr = (0.93 + 0.0126d) (46.3 + 33.9logf — 13.82loghy — a(hg)

+ (44.9 — 6.55loghg)logd)
= 43.06 + 0.58d + (31.53 + 0.43d)logf — (12.85 + 0.174d)loghg — (0.93a +
0.0126d)(hg) + (41.76 — 6.09loghg)logd + (0.566 — 0.083loghg)dlogd (4.10)

iii) Adapting the Hata Okumura Model using the RAT
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The Hata-Okumura computed RMSE was found to be 7.71dB. Therefore, the RAT-adapted
Hata-Okumura model expression is given by
HOpar = Ly — 2(logf)? — 5.4+ 7.71
= Ly — 2(logf)* + 2.31 (4.11)
iv) Adapting the Hata Okumura Model using the Quotients Regression Technique
The Hata-Okumura Quotients Function obtained is Q(d)=1+0.0156d. Therefore, the QRT
adapted Suburban Area Hata-Okumura model for this terrain is given by
HOprr=Q(d) x Lsu=(1+0.0156d) x (L, — 2(logf)? — 5.4)

=(1+40.0156d)Ly — (2 + 0.0312d) (logf)? — (5.4 + 0.08424d) (4.12)

4.3.1.3 Comparison of Adaptation Techniques

Figure 4.4 generated by the MATLAB code in Appendix B2 shows a graphical comparison of
the two adaptation techniques relative to the geometric mean of measurements, as applied to the
COST 231 Hata Model. The RAT-adapted COST 231 Hata model and the QRT adapted COST
231 Hata model plots were derived from equations (4.7) and (4.10) respectively. Figure 4.4
shows which of the two techniques gives a closer adaptation to the geometric mean. The
differences between the two techniques can be clearly observed at distances beyond 2 kilometres
away from the Base Station. It is obvious that the QRT gives a closer adaptation to the mean
computed path loss than its counterpart. This fact is buttressed by the performance statistics
presented in Table 4.7, generated by the MATLAB code in Appendix B2, which shows that the
QRT is more accurate than the RAT technique by an RMSE value of 1.2dB. The apparent
convergence of the QRT adapted COST 231 Hata with the computed path loss is highlighted by

the high coefficient of determination of 0.97.
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Figure 4.4: Compa{rison of Adaptation Techniques for the COST 231 Hata Model

(Jos and Abuja Rural)
Table 4.7: Performance Comparison of Adaptation Techniques (Jos-Abuja Rural)
PERFORMANCE Adapted COST 231 Hata Adapted Hata-Okumura
STATISTICS RAT QRT RAT QRT
Adaptation Adaptation Adaptation Adaptation
p(dB) 3.02 1.98 2.85 1.58
o(dB) 2.34 1.70 1.63 1.21
RMSE(dB) 3.77 2.57 3.25 1.96
R 0.95 0.97 0.88 0.95

Likewise, Figure 4.5 shows that the QRT adapted Hata plot based on equation (4.12) is closer to
the geometric mean of computed path loss than the RAT-adapted counterpart derived from

equation (4.11). Results in Table 4.7 indicate that the QRT is more accurate by about 1.29dB.
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Figure 4.5: Conhwparison of Adaptation Techniques for the Hata-Okumura Model (Jos-
Abuja Rural)
4.3.1.4 Generalisation test for RAT Adapted and QRT Adapted Empirical Models
Figure 4.6 generated by the MATLAB code in Appendix B2 shows a graphical interpolation
comparison of the RAT-Adapted and QRT Adapted COST 231 models relative to Base Station 6
data. The distinction between the two adapted models can be observed at distances farther away
from the base station, with the QRT adapted counterpart showing a slightly better interpolation.
Likewise, Figure 4.7 shows a graphical interpolation comparison of the RAT-adapted and
QRT adapted Hata-Okumura models relative to Base Station 6 data. However, the distinction
between the two adapted models in this case is quite evident, with the QRT adapted counterpart
exhibiting much better interpolation. Table 4.8 presents the performance of each of the adapted
models relative to Base Stations 6 to 10. Results in Table 4.8 indicate that on the average, the
QRT adapted COST 231 Hata and QRT adapted Hata-Okumura models outperform the RAT-

adapted counterparts by 0.23dB and 0.42dB respectively.
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Table 4.8: Performance Comparison of RAT and QRT adapted Empirical Models
(Jos-Abuja Rural)

MODEL STATS. | BST6 | BST7 | BST8 | BST9 | BST10 | MEAN
p(dB) 3.80 | 469 | 3.28 | 3.99 | 3.82 3.89

RAT-Adapted

COST 231 Hata odB) | 317 | 2.67 | 2.44 | 335 | 2.82 | 2.87
RMSE(dB) | 4.88 | 5.35 | 4.04 | 513 | 469 | 4.80
R 0.89 | 0.87 | 0.93 | 0.88 | 091 | 0.90

u@dB) | 355 | 518 | 2.49 | 393 | 342 | 361

QRT Adapted COST

231 Hata odB) | 323 | 273 | 239 | 294 | 284 | 281
RMSE(dB) | 472 | 581 | 3.40 | 485 | 439 | 457
R? 0.90 | 0.85 | 0.95 | 0.90 | 0.92 | 0.90

udB) | 501 | 570 | 2.35 | 369 | 342 | 385
RAT-Adapted Hata- | 4y | 392 | 3.09 | 1.78 | 305 | 241 | 275
Okumura
RMSE(dB) | 6.26 | 6.42 | 290 | 471 | 413 | 469
R 059 | 032 | 0.87 | 0.69 | 0.73 | 061
udB) | 3.08 | 470 | 2.00 | 404 | 351 | 3.33
QRT Adapted Hata- | ;gpy | 275 | 298 | 1.79 | 351 | 3.08 | 276
Okumura
RMSE(dB) | 4.05 | 549 | 264 | 525 | 459 | 427

R 0.83 | 050 | 0.90 | 0.61 | 0.66 0.69
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(Jos-Abuja Rural)

4.3.1.5 Comparison of ANN-based and QRT Adapted Empirical Models using the
Training-Validation-Testing Technique (Technique A) (Jos-Abuja Rural)

As stated earlier, this technique involves analysing each base station data separately by randomly
splitting the data into 60% training, 10% validation and 30% testing. The split is specified in
MATLAB code by the function dividerand(pn,0.6,0.1,0.3), where pn is the path loss input
vector. Figure 4.8 shows a sample MATLAB code (Appendix B3) generated graphical
comparison of the trained neural network models, the adapted empirical models and the standard
empirical models, based on Base Station 1 data. The plots were derived from the following:

Q) The neural network model plots are based on training with 60%, validating with 10%

and testing with 30% of computed path loss in Table | of appendix A.

(i)  The COST 231 Hata plot derived from equation (2.37)

(ili)  The Hata-Okumura plot derived from equation (2.35)

(iv)  The Quotients Function Adapted COST 231 Hata plot derived from equation (4.10)

(V) The Quotients Function Adapted Hata-Okumura plot derived from equation (4.12)
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Table 4.9: Performance Evaluation using Training-Validation-Testing Technique
(Jos — Abuja Rural)

BST | BST | BST | BST | BST | BST | BST | BST BST BST | GEOM.

MODEL STAT. 1 2 3 4 5 6 7 8 9 10 MEAN

MLP-NN | HM(dB) | 2.86 | 522 | 158 | 5.64 | 3.90 | 2.86 | 470 | 1.78 | 3.62 | 403 | 3.36

o(dB) 190 | 194 | 151 | 431 | 186 | 282 | 488 | 1.41 | 3.22 | 1.94 2.36

RMSE(B) | 3.33 | 550 | 2.08 | 6.83 | 424 | 3.81 | 641 | 218 | 4.63 | 4.39 4.05

R 0.84 | 080 | 0.89 | 0.69 | 0.69 | 0.85 | 0.21 | 0.89 | 057 | 0.75 0.67

GRBF- WdB) | 427 | 493 | 353 | 490 | 407 | 3.73 | 486 | 335 | 507 | 3.14 | 413

NN
o(dB) 220 | 296 | 286 | 434 | 288 | 1.45 | 381 | 149 | 263 | 2.20 2.54

RMSE(B) | 4.70 | 5.60 | 436 | 6.25 | 482 | 3.95| 593 | 3.61 | 559 | 3.70 4.77

R’ 068 |0.79 | 052 | 0.74 | 0.60 | 0.83 | 0.33 | 0.71 | 0.37 | 0.82 0.61

QRT p(dB) 357 | 511 | 410 | 345| 295 | 355 | 518 | 249 | 3.93 | 342 3.69

Adapted o(dB) 243 | 274 | 283 | 251 | 196 | 323 | 273 | 239 | 294 | 284 2.64

COST  |"RMSE(dB) | 4.28 | 5.76 | 493 | 422 | 351 | 472 | 581 | 3.40 | 485 | 439 | 452

231 Hata 5
R 094 | 0.88 | 0.90 | 094 | 0.96 | 0.90 | 0.85 0.95 0.90 0.92 0.91

QRT p(dB) 439|448 | 431|297 | 262 | 3.08| 470 | 2.00 4.04| 3.51 3.49

Adapted o(dB) 288|286 | 353|229 | 1.79| 275 | 298| 179 3.51| 3.08 2.68

Hata-  "RMSE(dB) | 5.19 | 5.25 | 548 | 3.69 | 3.13 | 405| 549 | 2.64 | 525| 459 | 435

Okm
R? 0.61|080| 038|090| 0.86|083| 050| 090| 061| 0.66| 068
WdB) | 3.10 | 863 | 283 | 643 | 6.19 | 7.76 | 8.10 | 549 | 472 | 546 | 555
23?10:;{71 odB) | 3.08 | 565 | 2.70 | 522 | 416 | 4.43 | 4.84 | 368 | 294 | 358 | 3.92
RMSE(dB) | 4.36 | 1021 | 3.85 | 8.17 | 7.38 | 8.86 | 9.35 | 654 | 551 | 6.47 | 6.76
R? 093 | 061 | 0.94 | 0.76 | 0.80 | 0.65 | 0.60 | 083 | 0.87 | 082 | 0.77
WdB) | 9.85 | 498 | 9.76 | 6.00 | 593 | 444 | 3.95 | 643 | 743 | 6.76 | 6.29
'git; odB) | 2.96 | 432 | 267 | 412 | 327 | 315 | 3.90 | 2.72 | 491 | 420 | 355

RMSE(dB) | 10.25 | 6.47 | 1009 | 7.18 | 6.70 | 5.37 | 544 | 6.94 | 8.79 | 7.87 7.34

R -0.52 | 069 |-112 062 | 035 | 0.70 | 0.51 | 0.27 | -0.10 | 0.01 0.10

It can be observed that the MLP-NN model and the COST 231 Hata are the closest to the test
output. Table 4.9 also shows that the MLP-NN model has the best fit (0.89) the least RMSE

(3.33dB) on Base Station 1.
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The performance indicators across all the Base Stations based on this comparative
technique are presented in Table 4.9. Results indicate that the MLP-NN predictor performs better
than the two QRT adapted empirical models, which in turn outperform the GRBF-NN. On the
average, the ANN-based models are slightly more accurate by an RMSE value of 0.25dB.

However, the QRT adapted empirical models have better fit.

4.3.1.6 Comparison of ANN-based with Quotients Regression Adapted Empirical Models
using the 50% Training and 50% Testing Technique

As stated in section 3.7, this technique is aimed at determining the generalization capacities of
the prediction models. A model that generalises well is considered more robust and effective in
path loss prediction. Computed path loss values in Table | of appendix A are classified as

follows: Base stations 1 to 5 - training set, while Base Stations 6 to 10 - testing set.
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The geometric mean of the training set at each receiver-transmitter separation is obtained using
equation (3.9), and then used to train the neural networks predictors.

Figure 4.9 shows a sample MATLAB code (Appendix B4) generated graphical
comparison of the trained neural network models, the adapted empirical models and the standard
empirical models, with the test data from Base Station 6. The plots were based on the following:

(vi)  The neural network model plots are based on training with the training set geometric
mean in Table | of appendix A, and testing with testing set.

(vii)  The COST 231 Hata plot derived from equation (2.37)

(viii) The Hata-Okumura plot derived from equation (2.35)

(ix)  The QRT Adapted COST 231 Hata plot derived from equation (4.10)

) The QRT Adapted Hata-Okumura plot derived from equation (4.12)
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Table 4.10: Performance Evaluation using the 50% Training and 50% Testing
Technique (Jos- Abuja Rural Area)

GM/ | GM/ | GM/ | GM/ | GM/ | GEOM.

MODEL | STAT. | BsT6 | BST7 | BST8 | BST9 | BST10 | MEAN
MLP-NN p(dB) 3.12 | 411 | 224 | 3.87 | 3.43 3.28
o(dB) 195 | 421 | 253 | 249 | 2.82 2.71
RMSE(dB) | 3.64 | 579 | 3.31 | 455 | 4.38 4.26
R 094 | 085 | 0.96 | 0.91 | 0.92 0.91
GRBF-NN p(dB) 251 | 412 | 232 | 403 | 2.97 3.10
o(dB) 196 | 353 | 1.64 | 1.98 | 2.50 2.24
RMSE(dB) | 3.14 | 535 | 281 | 446 | 3.83 3.81

R’ 096 | 087 | 097 | 0.91 0.94 0.93

QRT Adapted | _H(dB) | 355 | 5.18 | 2.49 | 3.93 | 342 | 361

COST o(dB) | 3.23 | 273 | 239 | 2.94 | 2.84 | 281

231Hata | RMSE(dB) | 4.72 | 5.81 | 3.40 | 485 | 439 | 4.57

R? 0.90 | 0.85 | 095 | 0.90 | 0.92 | 0.90

H(dB) | 3.08 | 470 | 2.00 | 404 | 351 | 3.33

QRT Adapted ™= 15\ 1575 | 298 | 1.79 | 3.51 | 3.08 | 2.76
Hata-Okm

RMSE(dB) | 4.05 | 5.49 | 2.64 | 525 | 4.59 4.27
R® 0.83 | 0.50 | 0.90 | 0.61 | 0.66 0.69
cOST u(dB) 776 | 810 | 549 | 472 | 5.46 6.17
231 Hata o(dB) 443 | 484 | 368 | 2.94 | 358 3.84
RMSE(dB) | 8.86 | 9.35 | 6.54 | 551 | 6.47 7.20

R? 0.65 | 0.60 | 0.83 | 0.87 | 0.82 0.74
u(dB) 444 | 395 | 643 | 7.43 | 6.76 5.63
Hata-Okm o(dB) 315 | 390 | 272 | 491 | 4.20 3.70
RMSE(dB) | 5.37 | 5.44 | 694 | 879 | 7.87 6.75
R’ 0.70 | 0.51 | 0.27 | -0.10 | 0.0056 | 0.14

It can be observed that the QRT adapted empirical models are closer to the test data than the
standard empirical models. The neural network plots are zigzag in appearance, just like the test
data, as demanded by the terrain clutter. However, there is no clear indication of which of the
models is the closest to the test data. Nevertheless, results of comparison with Base 6 data as
indicate in Table 4.10, show that the ANN-based models are slightly more accurate. The

performance indicators across Base Stations 6 to 10 are presented in Table 4.10, generated by the
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MATLAB code Appendix B4. Table 4.9 results show that on the average, the ANN-based

models are slightly more accurate.

4.3.1.7 Comparison of Model Predictors by Random Training with one Base Station and
Testing with another

The sequence is as follows: in a random manner, each of the neural network models is trained

using data from one Base Station, and then tested using data obtained from a different Base

Station.
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Figure 4.10: Traininé with BST8 and Testing with BST4 (Jos-Abuja Rural)

Figure 4.10, produced by Appendix B4 code, shows a graphical comparison for generalization of
all the Model predictors, as a result of training the neural network models with Base Station 8
data and testing all models with Base Station 4 data. It is obvious that the existing empirical
models are further away from the test data plot than the other models. However, there is no clear
indication of the best predictor in terms of generalisation.

Table 4.11: Performance Comparison by Random Training with one Base Station and
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Testing with another (Jos-Abuja Rural Area)

BST8 | BST1 | BST6 BST3 | BST2 | BST8 | GEOM

MODEL STAT. /BST4 | /BST7 | /BST2 | /BST9 | /BST10 | /BST7 | MEAN
MLP-NN H(dB) 3.00 5.06 3.81 3.42 4.03 5.01 3.98
o(dB) 2.25 3.52 3.97 3.13 2.90 4.89 3.34
RMSE(dB) | 3.71 6.10 5.41 457 4.90 6.89 5.16
R 0.95 0.83 0.89 0.91 0.90 0.78 0.88
GRBE-NN u(dB) 3.63 3.78 2.76 3.43 4.15 4.65 3.69
o(dB) 3.32 2.62 2.26 2.20 3.02 2.73 2.66
RMSE(dB) | 4.84 4.55 3.52 4.04 5.07 5.34 452
R’ 0.92 0.91 0.95 0.93 0.89 0.87 0.91
QRT H(dB) 3.53 5.47 5.40 3.78 3.33 5.47 4.39
Adapted o(dB) 272 | 276 2.91 2.79 2.88 276 2.80
cOST RMSE(dB) | 4.40 6.08 6.09 4.64 4.34 6.08 5.21

231 Hata - - - - - - -

R? 0.93 0.83 0.86 0.90 0.92 0.83 0.88
QRT H(dB) 2.98 5.11 4.76 4.02 3.36 5.11 4.13
Adapted o(dB) 2.51 2.86 3.05 3.23 3.09 2.86 2.92
Hata-Okm RMSE(dB) | 3.82 5.80 5.58 5,07 4.47 5.80 5,04
R’ 0.89 0.45 0.77 0.63 0.68 0.45 0.62
H(dB) 6.43 8.10 8.63 4.72 5.46 8.10 6.74
g,?lsljata o(dB) 5.22 4.84 5.65 2.94 3.58 4.84 4.40
RMSE(dB) | 8.17 9.35 10.21 5.51 6.47 9.35 7.99
R? 0.76 0.60 0.61 0.87 0.82 0.60 0.70
H(dB) 6.00 3.95 4.98 7.43 6.76 3.95 5.35
Hata-Okm o(dB) 412 3.90 4.32 4,91 4.20 3.90 4.21
RMSE(B) | 7.18 5.44 6.47 8.79 7.87 5.44 6.75
R’ 0.62 0.51 0.69 -0.01 | 0.0056 | 0.51 0.20

Table4.11 performance indicators for training with Base Station 8 and testing with Base Station
4 data show that the QRT adapted models are more accurate. Table 4.11 results show that on the

average, the ANN-based models are slightly more accurate than the QRT technique by 0.25 dB.

4.3.1.8 Combined Performance Analysis based on Three Comparative Techniques
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Table 4.12 presents the overall combined performance indicators of all predictors across the
three techniques. Results show that the most accurate of all the predictors is the GRBF-NN
model with the following indicators: x=3.62dB, 6=2.47dB, RMSE=4.35dB and R*=0.80. In
contrast, the predictor with the worst performance is the COST 231 Hata with u=6.13dB,

0=4.05dB, RMSE=7.3dB and R*>=0.74.

Table 4.12: Overall Performance Statistics based on all techniques (Jos-Abuja Rural)

MODEL STATS. | Technique A | Technique B | Technique C | GEOM MEAN.
MLP-NN H(dB) 3.36 3.28 3.98 3.53
o(dB) 2.36 2.71 3.34 2.77
RMSE(dB) 4.05 4.26 5.16 4.47
R? 0.67 0.91 0.88 0.81
GRBF-NN H(dB) 4.13 3.10 3.69 3.62
o(dB) 2.54 2.24 2.66 2.47
RMSE(dB) 477 3.81 452 4.35
R 0.61 0.93 0.91 0.80
QRT Adapted | H(dB) 3.69 3.72 4.39 3.92
COST o(dB) 2.64 2.78 2.80 2.74
231 Hata RMSE(dB) 452 4.62 5.21 477
R 0.91 0.90 0.88 0.90
H(dB) 3.49 3.42 413 3.67
EZZ_QL’;M“ o(dB) 2.68 2.66 2.92 2.75
RMSE(dB) 4.35 4.29 5.04 455
R? 0.68 0.67 0.62 0.66
H(dB) 5.55 6.17 6.74 6.13
COST o(dB) 3.92 3.84 4.40 4.05
231 Hata RMSE(dB) 6.76 7.20 7.99 7.30
R? 0.77 0.74 0.70 0.74
H(dB) 6.29 5.63 5.35 5.74
o(dB) 3.55 3.70 4.21 3.81
Hata-Ok RMSE(dB) 7.34 6.75 6.75 6.94
R’ 0.10 0.14 0.20 0.14

On the average, the performance difference between the neural network predictors and the QRT

adapted empirical models is negligible: the neural network predictors outperform the QRT
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adapted empirical models by about 0.25dB. The closeness in performance is a testimony of the

accuracy of the QRT.

4.3.2 The Urban Terrain (Abuja)
This is a metropolitan environment that matches Hata’s description of an urban area as described
in section 2.2.5. As a result, the empirical models considered are the COST 231 Walfisch-
Ikegami, which has good prediction accuracy in urban areas, and the COST 231 Hata, which has
correction factors for urban areas. Mobile network parameters obtained from the service
provider, received power values obtained from Base Stations across the terrain and the
corresponding computed path loss values are presented in Table Il of appendix A.
The MLP-NN parameters determined suitable for this terrain are as follows:

) Number of hidden layer neurons (with sigmoid type tangential activation) is 3

i) 1 linearly activated output layer

iii) Training Algorithm: Levenberg-Marquardt back-propagation

iv) Number of iterations = 105

V) Error goal is 0.01
For the GRBF-NN, the parameters are as follows:

) Spread constant is 0.501.

i) if) Error goal is 0.1

4.3.2.1 Testing the COST 231 Walfisch-lkegami and the COST 231 Hata models for
acceptability

The COST 231 Walfisch-lkegami parameters considered for this terrain are as follows:
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1) Average road width = 30 meters
i) Average inter-building separation=2 x 30 = 60 meters
i) Average number of floors=7

1v) Average roof height=3 x number of floors + 3 = 24 meters
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Figure 4.11: Comparison of the Empirical Models with Mean Measurements (Abuja)

Figure 4.11, based on Code in Appendix B5 shows a graphical performance evaluation of the
COST 231 Walfisch-lkegami (equation 2.39) and the COST 231 Hata (equation 2.37) models
relative to the geometric mean of measurements. It is obvious that the two empirical models
underestimate the path loss. Results in Table 4.13 show that the COST 231 Walfisch-Ikegami

underestimates the path loss by a RMSE value of 8.64dB, while the COST 231 Hata does

likewise by 7.6dB.
Table 4.13: Performance Evaluation of Empirical Models (Abuja)
PERFORMANCE STATISTICS | COST 231 Walfisch-lkegami COST 231 Hata
p(dB) 8.08 6.95

103




o(dB) 1.89 2.47

RMSE(dB) 8.64 7.60
R? 0.72 0.78

4.3.2.2 Adapting the COST 231 Walfisch-lkegami and the COST 231 Hata Models

1) Adapting the COST 231 Walfisch-lkegami Model

The adapted COST 231 Walfisch-lkegami Model expression based on the RAT is given by
CWIrar=Lss — Lymsq + Lyts + 8.64 (4.13)

The least squares expression for the geometric mean is
L;5=93.11+78.68d-30.61d° (4.14)

The quotients function obtained is Q(d)=1.0805-0.0155d

Therefore, the Quotients Function Modified COST 231 Walfisch-lkegami Model expression is
CWIqrr=Q(d) X Ly=(1.0805-0.0157d) X(Lss — Lymsq + Lyts) (4.15)

i) Adapting the COST 231 Hata Model

The RAT-adapted COST 231 Hata Model expression is given by

CH rar=46.3 + 33.9logf — 13.82loghg — a(hg) + (44.9 — 6.55loghg)logd + 7.6

=53.9+33.9logf — 13.82loghg — a(hg) + (44.9 — 6.55loghg)logd (4.16)

The quotients function obtained is Q(d)=1.05+0.0097d=1.05 since 0.0097d is negligible.
Therefore, the QRT adapted COST 231 Hata Model expression is given by
CHorr=Q(d) x Lp

=1.05x (46.3 + 33.9logf — 13.82loghg — a(hg) + (44.9 — 6.55loghg)logd

=48.61 + 35.6logf — 14.51loghg — 1.05a(hg) + (47.15 — 6.88loghg)logd (4.17)
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4.3.2.3 Comparison of Adaptation Techniques
A performance comparison of the two Adaptation techniques based on code in Appendix B5, is
presented in Table 4.14. Results show that the QRT outperforms the RAT by 0.13dB in COST

231 Walfisch-lkegami Model Adaptation, and by 0.67dB in COST 231 Hata Model Adaptation.

Table 4.14: Comparison of Adaptation Techniques (Abuja)

PERFORMANCE | Adapted COST 231 Walfisch-Ikegami Adapted COST 231 Hata

STATISTICS RAT QRT Adaptation RAT Adaptation QRT
Adaptation Adaptation

u(dB) 1.52 1.55 1.93 1.45

o(dB) 1.05 0.85 1.51 1.11

RMSE(dB) 1.89 1.76 2.47 1.80

R’ 0.99 0.99 0.98 0.99

4.3.2.4 Performance Comparison of RAT-Adapted and QRT Adapted Empirical Models
Figure 4.12 shows a convergence of the RAT-adapted Walfisch-Ikegami (equation 4.13), the
QRT adapted Walfisch-lkegami (equation 4.15), the RAT-adapted COST 231 Hata (equation
4.16), and the QRT adapted COST 231 Hata (equation 4.17).

Table 4.15 presents the performance each of the adapted models relative to Base Stations
6 to 10. Results in Table 4.15 indicate that on the average, the QRT adapted COST 231
Walfisch-lkegami and the QRT adapted COST 231 Hata models outperform the RAT-adapted

counterparts by 0.17dB and 0.49dB respectively.
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Figure 4.12: Cofnparison of RAT and QRT Adapted Empirical models with BST 6 data
(Abuja)

Table 4.15: Performance Comparison of RAT and QRT adapted Empirical Models

(Abuja)
MODEL STATS BST6 | BST7 | BST8 | BST9 | BST10 | MEAN
RAT-Adapted u(dB) 504 | 381 | 456 | 390 | 496 | 4.43
COST231 5(dB) 313 | 269 | 391 | 267 | 3.02 | 3.05
Walf-Ikeg RMSE(B) | 5.88 | 462 | 592 | 468 | 576 | 5.34
R? 0.84 0.92 0.85 0.90 0.84 0.87
RAT-Adapted p(dB) 5.03 411 4,76 3.93 4,98 4.54
COST (dB) 312 | 307 | 389 | 273 | 293 | 312
231 Hata RMSE(dB) 5.87 5.07 6.07 4.73 5.72 5.47
R? 0.84 0.90 0.84 0.90 0.84 0.86
QRT Adapted H(dB) 480 | 352 | 423 | 362 | 480 | 4.16
COST 231 o(dB) 3.33 2.65 4.13 2.75 3.06 3.14
Walf-lkeg RMSE(B) | 577 | 435 | 582 | 449 | 563 | 5.17
R? 0.84 0.93 0.86 0.91 0.84 0.88
QRT Adapted u(dB) 4.80 3.39 4,12 3.68 4,70 4.10
COST o(dB) 2.98 245 3.77 2.56 2.83 2.88
231 Hata RMSE(dB) | 5.60 | 413 | 550 | 443 | 544 | 4.98
R? 0.85 0.94 0.87 0.91 0.85 0.88

4.3.2.5 Comparison of ANN-based models with QRT Adapted Empirical Models using the
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Training-Validation-Testing Technique

Figure 4.13, generated by the code in Appendix B6, presents a sample graphical analysis of the

Model predictors using Base Station 1 data. The results in Table 4.16 show that the MLP-NN

model is just slightly more accurate than the QRT adapted models. On the average, the ANN-

based models are more accurate than the QRT adapted models by an RMSE value of about

0.52dB.

Table 4.16: Performance Comparison using the Training-Validation-Testing Technique
(Jos-Abuja Rural)

MODEL sTaT | BSL[ BS2 [BS3[BS4 | BS5 | BS6 | BS7 | BSB | BSO | BSIO [ GEOM.

MEAN

MLP-NN ndB) | 317 | 6.06 | 420 | 220 | 2.13 | 543 | 2.05 | 494 | 367 | 3.76 | 351

o(dB) | 275| 5.15 | 3.30 | 1.93 | 0.67 | 3.05 | 0.86 | 2.85 | 255 | 3.74 | 231

RMSE(dB) | 4.01 | 7.62 | 5.14 | 2.80 | 2.21 | 6.08 | 2.19 | 556 | 432 | 5.03 | 4.16

R? 084 | 025 |0.58 | 0.64 | 0.83 | 042 | 0.95 | 048 | 0.70 | 0.28 | 055

GRBF-NN ndB) | 076 | 464 | 430|281 | 414 | 537 | 242 513|388 | 3.88 | 3.35

o(dB) | 0.49 | 230 | 270 | 1.76 | 257 | 455 | 1.36 | 2.82 | 252 | 2.68 | 2.09

RMSE(dB) | 0.88 | 5.08 | 493 | 3.23 | 474 | 6.74 | 2.71 | 572 | 448 | 456 | 3.85

R? 0.99 | 067 |0.61 | 051 | 024 | 0.29 | 0.92 | 045 | 0.68 | 0.41 | 053

QRT ndB) | 2.66 | 440 | 2.44 | 362 | 2.82 | 480 | 352 | 423 | 362 | 480 | 3.60

Adapted o(dB) | 259 | 417 | 167 | 2.48 | 282 | 3.33 | 2.65 | 413 | 275 | 3.06 | 2.88

COST RMSE(dB) | 3.66 | 5.97 | 2.93 | 435 | 3.92 | 577 | 435 | 5.82 | 449 | 563 | 457
231 ,

Walf-lkeg R 0.95 | 0.86 | 0.97 | 0.92 | 0.94 | 0.84 | 0.93 | 0.86 | 0.91 | 0.84 | 0.90

QRT ndB) | 248 | 421 | 258 | 3.74 | 3.08 | 480 | 3.39 | 412 | 368 | 470 | 359

Adapted o(dB) | 234 | 430 | 1.37 | 274 | 2.80 | 2.98 | 2.45 | 3.77 | 256 | 283 | 271

COST RMSE(dB) | 3.36 | 5.91 | 2.90 | 458 | 4.10 | 5.60 | 413 | 550 | 443 | 5.44 | 4.49

231 Hata R? 0.96 | 087 |0.97 | 0.91 | 093 |0.85 | 0.94 | 087 | 091 | 0.85 | 001

CoST ndB) | 7.50 | 8.87 | 7.23 | 8.90 | 10.36 | 5.38 | 4.90 | 5.04 | 5.65 | 453 | 657

231 o(dB) | 361 | 4.85 | 2.87 | 455 | 354 | 3.77 | 279 | 249 | 332 | 3.44 | 3.45

Walf-lkeg | RMSE(dB) | 8.27 | 10.03 | 7.74 | 9.92 | 10.91 | 6.50 | 5.59 | 559 | 6.50 | 5.62 | 7.43

R? 076 | 061 | 0.76 | 0.57 | 052 | 0.80 | 0.88 | 0.87 | 0.81 | 0.84 | 0.73

ndB) | 6.46 | 7.97 | 6.09 | 7.89 | 9.23 | 4.65 | 3.94 | 419 | 468 | 362 | 559

;,Olsljata o(dB) | 400 | 476 | 3.28 | 435 | 3.82 | 3.30 | 3.20 | 2.63 | 3.10 | 3.09 | 350

RMSE(dB) | 7.53 | 9.20 | 6.87 | 8.93 | 9.94 | 5.64 | 5.01 | 4.90 | 556 | 469 | 6.58

R? 0.80 | 0.67 | 0.81 | 0.66 | 0.60 | 0.85 | 0.91 | 0.90 | 0.86 | 0.89 | 0.79
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Figure 4.13: Graphical Comparison of Model Predictors on BST1using the Training-Validation-
Testing Technique (Abuja)

4.3.2.6 Comparison of ANN-based models with the QRT Adapted Empirical Models using

the 50%Training and 50% Testing Technique
Data from base stations 1 to 5 is classified as training set while base stations 6 to 10 data as
testing set. The geometric mean of the training set at each receiver-transmitter separation is
obtained using equation (3.9), and then used to train the neural networks predictors.

Figure 4.14, based on code in Appendix B7, is a sample graphical comparison of the
Model predictors with test data from Base Station 6. The plots show that the neural network
models are closer to the test data than the empirical models. A summary of the results obtained
based on this comparative technique is presented in Table 4.17. The table shows the statistical
performance of each of the Model Predictors relative to the test data from Base Stations 6 to 10.
Results indicate that the ANN-based models are more accurate than the QRT adapted empirical

models by more than 1.5dB.
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Table 4.17: Performance Comparison using the 50% Training and 50% Testing
Technique (Abuja)

GM GM/ GM/ GM/ GM/ | GEOM.
MODEL STAT. /BST6 BST7 BSTS BST9 | BST10 | MEAN

MLP-NN H(dB) 2.85 2.06 2.67 2.56 2.45 2.50

o(dB) 2.37 1.38 2.03 1.75 1.96 1.87

RMSE(dB) | 3.66 2.45 3.31 3.07 3.10 3.09

R’ 0.94 0.98 0.95 0.96 0.95 0.96

GRBF-NN H(dB) 3.07 1.90 3.50 2.20 2.84 2.64

o(dB) 3.23 1.46 2.50 1.38 2.61 2.12

RMSE(dB) | 4.37 2.37 4.26 2.57 3.80 3.36

R 0.91 0.98 0.92 0.97 0.93 0.94

QRT H(dB) 4.80 3.52 4.23 3.62 4.80 4.16

Adapted o(dB) 3.33 2.65 4.13 2.75 3.06 3.14

COST RMSE(B) | 5.77 4.35 5.82 4.49 5.63 5.17
231 Walf- ;

Ikeg. R 0.84 0.93 0.86 0.91 0.84 0.88

QRT H(dB) 4.80 3.39 4.12 3.68 4.70 4.10

Adapted o(dB) 2.98 2.45 3.77 2.56 2.83 2.88

COST RMSE(B) | 5.60 4.13 5.50 4.43 5.44 4,98
231 Hata R?

0.85 0.94 0.87 0.91 0.85 0.88

COST H(dB) 5.38 4.90 5.04 5.65 453 5.08

231 o(dB) 3.77 2.79 2.49 3.32 3.44 3.13

Walf- RMSE(dB) | 6.50 5.59 5.59 6.50 5.62 5.94

Ikeg. R 0.80 0.88 0.87 0.81 0.84 0.84

H(dB) 4.65 3.94 4.19 4.68 3.62 4.20

COST o(dB) 3.30 3.20 2.63 3.10 3.09 3.05

231 Hata
RMSE(dB) | 5.64 5.01 4.90 5.56 4.69 5.15
R 0.85 0.91 0.90 0.86 0.89 0.88
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Figure 4.14: Graphical Comparison of Models with BST6 using the 50% Training and
50% Testing Technique (Abuja)

4.3.2.7 Comparison of ANN-based models with the QRT Adapted Empirical Models by

Random Training with one Base Station and Testing with another
Figure 4.15, based on code in Appendix B7, shows a graphical comparison for generalization of
all the Model predictors, as a result of training the neural network models with Base Station 5
data and testing with Base Station 10 data. It is obvious that the ANN-based models are closer to
the test output than the rest. A summary of the generalisation based performances of the
predictors compared with the target test patterns is presented in Table 4.18. On the average, the

neural network models generalise better than the QRT adapted empirical models.

Table 4.18: Performance Comparison by Random Training with one Base Station and
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Testing with another (Abuja)

BST7 BST5 BST8 BST2 BST3 | BST10 | GEOM
MODEL STAT. | /BsT1 | /BST10 | /BSTA | /BST6 | /BSTO | /BST6 | MEAN
MLP-NN
u(dB) 2.06 3.48 4.49 3.63 3.36 3.57 3.35
o(dB) 1.80 2.92 5.17 2.55 2.25 2.49 2.70
RMSE(B) | 2.69 4.48 6.72 4.39 4.00 4.30 4.28
R’ 0.97 0.90 0.80 0.91 0.93 0.91 0.90
GRBE-NN H(dB) 2.66 2.84 4.33 2.99 3.16 2.07 2.94
o(dB) 2.19 2.24 3.39 2.77 1.63 0.90 2.02
RMSE(dB) |  3.40 3.57 5.43 4.01 3.53 2.24 3.58
R’ 0.96 0.94 0.87 0.92 0.94 0.98 0.93
u(dB) 2.66 4.80 3.62 4.80 3.62 4.80 3.96
QRT Adapted o(dB) 2.59 3.06 2.48 3.33 2.75 3.33 2.90
COST 231 RMSE(dB) | 3.66 5.63 4.35 5.77 4.49 5.77 4.87
Walf-lkeg. )
R 0.95 0.84 0.92 0.84 0.91 0.84 0.88
QRT Adapted u(dB) 2.48 4.70 3.74 4.80 3.68 4.80 3.93
COST o(dB) 2.34 2.83 2.74 2.98 2.56 2.98 2.73
231 Hata RMSE(dB) | 3.36 5.44 4.58 5.60 4.43 5.60 4.76
R’ 0.96 0.85 0.91 0.85 0.91 0.85 0.89
COST u(dB) 7.50 453 8.90 5.38 5.65 5.65 6.11
231 o(dB) 3.61 3.44 455 3.77 3.32 3.32 3.65
Walf-lkeg RMSE(B) | 8.27 5.62 9.92 6.50 6.50 6.50 7.08
R’ 0.76 0.84 0.57 0.80 0.81 0.81 0.76
COST
231 Hata M(dB) 6.46 3.62 7.89 4.65 4.68 4.68 5.16
o(dB) 4.00 3.09 4.35 3.30 3.10 3.10 3.46
RMSE(dB) | 7.53 4.69 8.93 5.64 5.56 5.56 6.17
R’ 0.80 0.89 0.66 0.85 0.86 0.86 0.81
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Figure 4.15: Comparison by Training with BST5 and Testing with BST10 (Abuja)

4.3.2.8 Combined Performance Analysis across the three Techniques

The combined performance indicators of the Model Predictors across the three techniques are
presented in Table 4.19. Results indicate that MLP-NN predictor is more accurate than the QRT
adapted empirical models by about 0.45dB. On the average, the ANN-based models are more

accurate than QRT adapted empirical models by about 1.1dB.
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Table 4.19: Mean Performance based on three Techniques (Abuja)
MODEL STAT. TECHNIQUE A | TECHNIQUE B | TECHNIQUE C | GEOM MEAN

MLP-NN u(dB) 3.51 2.50 3.35 3.09

o(dB) 2.31 1.87 2.70 2.27

RMSE(dB) 4.16 3.09 4.28 3.80

R 0.55 0.96 0.90 0.78

GRBE-NN u(dB) 3.35 2.64 2.94 2.96

o(dB) 2.09 2.12 2.02 2.08

RMSE(dB) 3.85 3.36 3.58 3.59

R’ 0.53 0.94 0.93 0.77

QRT Adapted u(dB) 3.60 4.16 3.96 3.90

COST o(dB) 2.88 3.14 2.90 2.97

231 RMSE(dB) 4.57 5.17 4.87 4.86

Walf-lkeg R 0.90 0.88 0.88 0.89

QRT u(dB) 3.59 4.10 3.93 3.87

Adapted o(dB) 2.71 2.88 2.73 2.77

COST RMSE(dB) 4.49 4.98 4.76 4.74
231 Hata R?

0.91 0.88 0.89 0.89

COST u(dB) 6.57 5.08 6.11 5.89

231 o(dB) 3.45 3.13 3.65 3.40

Walf-lkeg RMSE(dB) 7.43 5.94 7.08 6.79

R? 0.73 0.84 0.76 0.78

COST u(dB) 5.59 4.20 5.16 4.95

231 Hata o(dB) 3.50 3.05 3.46 3.33

RMSE(dB) 6.58 5.15 6.17 5.94

R 0.79 0.88 0.81 0.83

4.3.3 The Semi-Urban Terrain (Maiduguri)

This terrain matches Hata’s description of “Small City” as described in section 2.2.5. As a result,
the empirical models considered are as follows: the COST 231 Walfisch-lkegami, which has
good prediction accuracy in urban areas, and the COST 231 Hata, which has correction factors

for semi-urban areas. Mobile network parameters obtained from the service provider, received
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power values obtained from Base Stations across the terrain and the corresponding computed
path loss values are presented in Table 111 of appendix A
The MLP-NN parameters determined suitable for this terrain are as follows:
1) Number of neurons in hidden layer (with sigmoid type tang. activation) is 3
i) 1 linearly activated output layer
1) Training Algorithm: Levenberg-Marquardt back-propagation
i) Number of iteration = 105
i) Error goal=0.001
For the GRBF-NN, the parameters are as follows:
1) Spread constant is 0.51

i) Error goal=0.01

4.3.3.1 Acceptability Test for the COST 231 Walfisch-lkegami and COST 231 Hata
The COST 231 Walfisch-lkegami parameters considered for this terrain are as follows:

) Average road width = 20 meters

i) Average inter-building separation=2 x 20 = 40 meters

i) Average number of floors= 3

iv) Average roof height=3 x number of floors + 3 = 12 meters
Figure 4.16, generated by the code in Appendix B8, presents a graphical comparison of the
above mentioned empirical models with the geometric mean of measurements in Table Il of
Appendix A. It can be clearly observed that, while there is a convergence of the COST 231 Hata
plot (equation 2.37) with that of the measured data at some points, the COST 231 Walfisch-

Ikegami (equation 2.39) is far off the mark. Results in Table 4.20 show that the COST 231
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Walfisch-lkegami model with a RMSE of 11.99dB is beyond the acceptable limit, while the

COST 231 Hata is acceptable with an RMSE value of 4.47dB and a good fit value, R? of 0.93.
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Figure 4.16: Comparison of Empirical Models with Mean Measurements (Maiduguri)

Table 4.20: Performance Test for reliability Empirical Models (Maiduguri)

PERFORMANCE STATISTICS COST Walfisch-lkegami COST 231 Hata
H(dB) 10.97 3.74
o(dB) 3.66 2.21
RMSE(dB) 11.99 4.47
R® 0.47 0.93

4.2.3.2 Adapting the COST 231 Walfisch-lkegami and the COST 231 Hata Models
The RAT adapted COST 231 Walfisch-lIkegami expression is given by

CWigar = Lps = Limsa + Ly +11.99 (4.18)
The COST 231 Walfisch-lkegami QRT adaptation factor obtained is Q(d)=1.1. Therefore, the
QRT adapted COST 231 Walfisch-lkegami model for this terrain is given by

CWIQRT:Q(d) xLp=1.1 X(Lfs — Lmsa + L)
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=1.1Lps — 1.1Lpeq + 1.1Lyg (4.19)
Although the COST 231 Hata is acceptable, its performance is further enhanced through
adaptation for the sake of adaptation comparisons. The RAT-adapted, expression is given by
CH_ rat=46.3 + 33.9logf — 13.82loghg — a(hg) + (44.9 — 6.55loghg)logd + 4.47
=50.77+33.9logf — 13.82loghg — a(hg) + (44.9 — 6.55loghg)logd (4.20)
The quotients function obtained is Q(d)= 0.9436+ 0.0336d. Therefore, the QRT adapted COST
231 Hata Model expression is given by
CHorr=Q(d) x Lp (4.21)

where,

Lp=46.3 + 33.9logf — 13.82loghg — a(hg) + (44.9 — 6.55loghg)logd

4.3.3.3 Comparison of Adaptation Techniques
A performance comparison of the two adaptation techniques is presented in Table 4.21. Results

show that the QRT outperforms the RAT by 0.13dB in COST 231 Walfisch-Ikegami adaptation,

and by 2.83 in COST 231 Hata.

Table 4.21: Comparison of Adaptation Techniques (Maiduguri)

PEREORMANCE Adapted COST 231 Walfisch-lkegami Adapted COST 231 Hata
STATISTICS RAT Adaptation QRT Adaptation RAT Adaptation | QRT Adaptation

p(dB) 3.16 3.01 3.6 1.85

o(dB) 1.91 1.92 3.56 1.11

RMSE(dB) 3.66 3.53 4.97 2.14

R? 0.95 0.95 0.9 0.98

4.3.3.4 Performance Comparison of RAT Adapted and QRT Adapted Empirical Models
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Figure 4.17, based on code in Appendix B8, shows the performance of all adapted empirical
models relative to Base Station 8 data. Table 4.22 presents the performance of each of the
adapted models relative to Base Stations 5 to 8. Results in Table 4.22 indicate that on the
average, the RAT-adapted COST 231 Walfisch-lkegami (equation 4.18) outperforms the QRT
adapted counterpart (equation 4.19) by 0.32dB, while QRT adapted COST 231 Hata outperforms

the RAT-adapted COST 231 Hata 1.45dB.
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Figure 4.17: Comparison of RAT and QRT Adapted Empirical models relative to BST 8 data
(Maiduguri)

Table 4.22: Performance Comparison of RAT and QRT adapted Empirical Models
(Maiduguri)

MODEL STATS \ BSTS ] BST6 \ BST7 \ BSTS ]MEAN]
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RAT-Adapted H(dB) 2.01 254 | 383 | 3.75 | 2.93
COST231 5(dB) 1.62 204 | 412 | 3.46 | 262
Walf-lkeg RMSE(dB) 2.54 321 | 551 | 501 | 3.87

R 0.97 096 | 0.89 | 0.90 | 0.93

RAT-Adapted H(dB) 4.35 3.30 | 457 | 473 | 4.20

COST o(dB) 1.81 354 | 528 | 437 | 3.49
231 Hata RMSE(dB) 4.69 474 | 6.83 | 6.33 | 5.57
R? 0.89 0.91 0.84 | 0.84 | 0.87

QRT Adapted u(dB) 2.59 2.68 | 362 | 376 | 3.12
COST 231 o(dB) 2.30 1.92 | 4.09 3.75 2.87
Walf-lkeg RMSE(dB) 3.40 3.25 534 | 520 | 4.19

R? 0.94 0.96 0.90 0.89 0.92

QRT Adapted u(dB) u(dB) 2.98 2.01 2.87 3.28

COST o(dB) o(dB) 1.71 | 191 | 3.26 | 2.61
231 Hata RMSE(dB) | RMSE(dB) | 3.41 | 2.72 | 4.25 | 4.12
R? R2 094 | 097 | 094 | 093

4.3.3.5Comparison of ANN-based models with the QRT Adapted Empirical Models using
the Training-Validation-Testing Technique

Figure 4.18, based on code in Appendix B9, is a sample graphical comparison of all model

predictors on Base Station 1. It is obvious that there is a convergence between the two neural

network predictors, which are also convergent with the test data at certain points. Figure 4.18

also shows a convergence of the QRT adapted COST 231 Walfisch-lkegami (equation 4.19) and

the COST 231 Hata model (equation 2.37). Results of Base Station 1 analysis presented in Table

4.23 indicate that the QRT adapted COST 231 Walfisch-lkegami is close in performance to the

MLP-NN based model. The GRBF-NN is the better of the two neural network models.

Table 4.23: Performance Comparison using the Training-Validation-Testing Technique

(Maiduguri)

MODEL STAT.

BST1

BST2

BST3 | BST4

BSTS

BST6

BST7

BST8

GEOM.
MEAN
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MLP-NN u(dB) 402 | 468 | 340 | 531 | 241 | 291 | 370 | 412 | 371

o(dB) 259 | 123 | 119 | 371 | 161 | 211 | 322 | 155 | 1.98

RMSE(B) | 460 | 480 | 355 | 620 | 2.78 | 3.44 | 463 | 433 | 4.8

R’ 063 | 062 | 081 | 006 | 071 | 069 | 031 | 0.43 | 0.43

GRBE-NN u(dB) 336 | 301 | 677 | 510 | 285 | 294 | 275 | 1.89 | 3.33

o(dB) 329 | 091 | 393 | 306 | 233 | 232 | 1.07 | 1.30 | 201

RMSE(B) | 441 | 311 | 758 | 574 | 350 | 356 | 291 | 220 | 3.84

R’ 066 | 084 | 014 | 020 | 054 | 067 | 073 | 0.85 | 0.49

QRT u(dB) 395 | 378 | 340 | 389 | 259 | 268 | 362 | 3.76 | 3.42

Adapted o(dB) 295 | 229 | 265 | 378 | 230 | 1.92 | 409 | 3.75 | 2.87

COST RMSE(dB) | 4.86 | 438 | 425 | 532 | 340 | 325 | 534 | 520 | 4.43
231

Walf-lkeg. R’ 091 | 092 | 094 | 088 | 094 | 096 | 090 | 0.89 | 0.92

COST u(dB) 10.08 | 10.24 | 12.08 | 11.06 | 11.93 | 11.08 | 11.31 | 11.55 | 11.15

231 o(dB) 500 | 416 | 461 | 447 | 264 | 320 | 569 | 520 | 4.25

Walf-lkeg RMSE(dB) | 11.17 | 10.99 | 12.87 | 11.86 | 12.20 | 11.50 | 12.57 | 12.58 | 11.95

R? 054 | 049 | 041 | 039 | 025 | 044 | 0.44 | 035 | 0.40

u(dB) 497 | 411 | 393 | 386 | 167 | 3.03 | 428 | 395 | 357

gflsljata o(dB) 306 | 254 | 333 | 378 | 1.92 | 233 | 442 | 362 | 3.02

RMSE(@B) | 578 | 478 | 507 | 530 | 249 | 377 | 6.03 | 526 | 4.65

R? 088 | 090 | 091 | 088 | 097 | 094 | 087 | 0.89 | 0.90

The performance indicators of the predictors across all the Base Stations based on this

comparative technique are presented in Table 4.23. The results show the difference in

performance between the QRT adapted COST 231 Walfisch-lkegami and the MLP-NN based

model is just about 0.25dB, with the QRT adapted COST 231 Walfisch-lkegami model having

the best fit of all. The GRBF-NN predictor is the best of all with an average RMSE value of

3.84dB and R? of 0.49.
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Figure 4.18: Comparison of Neural Network Models on BST1 Data using the
Training-Validation-Testing Technique (Maiduguri)

4.3.3.6 Comparison of ANN-based models with the QRT Adapted Empirical Models using
the 50% Training and 50% Testing Technique

Data from base stations 1 to 4 is classified as training set while base stations 5 to 8 data as
testing set. The geometric mean of the training set at each receiver-transmitter separation is
obtained using equation (3.9), and then used to train the neural network models. Figure 4.19,
generated by the code in Appendix B10, is a sample graphical comparison of the geometric
mean trained neural network models and the empirical models, with test data from Base station
5. It can be observed that the standard COST 231 Walfisch-lkegami model (equation 2.39) is
further away from the test data than the other models. The performance indicators in Table 4.24

show that the QRT adapted COST 231 Walfisch-lkegami model has the best performance on
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The mean performance across Base Stations 5 to 8 shows that the difference in performance
between the QRT adapted COST 231 Walfisch-lkegami and the MLP-NN based model is just

about 0.15dB.

Table 4.24: Performance Comparison using the 50% Training and 50% Testing
Technique (Maiduguri)

GM GM/ GM/ GM/ GEOM
MODEL STATS. /BST5 BST6 BST7 BST8 MEAN
MLP-NN H(dB) 4.29 3.11 2.68 2.94 3.20

odB) | 261 | 335 | 215 | 207 | 250
RMSE(B) | 4.96 | 447 | 338 | 3855 | 4.04
R 088 | 092 | 096 | 095 | 092
GRBENN ndB) | 341 | 221 | 241 | 267 | 264
odB) | 183 | 175 | 203 | 144 | 175
RMSE(B) | 3.84 | 278 | 810 | 3800 | 315

R 0.93 0.97 0.97 0.96 0.96

QRT Adapted u(dB) 2.59 2.68 3.62 3.76 3.12

COST o(dB) 2.30 1.92 4.09 3.75 2.87

231 RMSE(dB) | 3.40 3.25 5.34 5.20 4.19

Walf-lIkeg. R 0.94 0.96 0.90 0.89 0.92

COST u(dB) 1193 | 11.08 | 11.31 | 1155 | 11.46

231 o(dB) 2.64 3.20 5.69 5.20 3.98

Walf-lkeg RMSE(B) | 1220 | 1150 | 1257 | 12558 | 12.20

R 0.25 0.44 0.44 0.35 0.36

u(dB) 1.67 3.03 4.28 3.95 3.04

CosT o(dB) 1.92 2.33 4.42 3.62 2.91
231 Hata

RMSE(dB) | 2.49 3.77 6.03 5.26 4.15

R 0.97 0.94 0.87 0.89 0.92
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Figure 4.19: Graphical Comparison of Models with BST5 Measurements using the 50%
Training and 50% Testing Technique (Maiduguri)

4.3.3.7 Comparison of of ANN-based models with the QRT Adapted Empirical Models by
Random Training with one Base Station and Testing with another

Figure 4.20, generated by the code in Appendix B10, shows a scenario where the neural network

predictors are trained with data from Base Station 2 and tested with that of Base Station 7. The

QRT adapted COST 231 Walfisch-lkegami model appears to be the more convergent with the

test data. Results of Base Stations 2/7 pairing presented in Table 4.25 further shows that the

QRT adapted COST 231 Walfisch-lkegami model outperforms the MLP-NN based model by

0.24dB.

Table 4.25: Performance Comparison by Random Training with one Base Station and

122



Testing with another (Maiduguri)

BST2 BST6/ BST4 BST8/ BST1 BST7 GEOM

MODEL STAT. /IBST7 BST3 /BST6 BST?2 /BST8 /BST5 MEAN

MLP-NN L(dB) 4.56 2.46 1.72 2.74 5.30 444 | 3.28

o(dB) 3.36 2.13 1.08 1.67 6.03 373 | 257

RMSE(dB) | 5.58 3.20 2.01 3.17 7.86 571 | 4.15

R? 0.89 0.96 0.98 0.96 0.75 0.84 | 0.89

GRBENN u(dB) 3.02 2.59 3.82 3.12 2.94 330 | 311

o(dB) 2.72 2.27 3.53 2.14 2.09 330 | 262

RMSE(dB) | 4.00 3.38 5.11 3.73 3.56 458 | 4.02

R? 0.94 0.96 0.89 0.94 0.95 0.89 | 0.93

QRT Adapted | p(dB) 3.62 3.40 2.68 3.78 3.76 259 | 327

CosT o(dB) 4.09 2.65 1.92 2.29 3.75 230 | 273

231 RMSE(B) | 5.34 4.25 3.25 4.38 5.20 3.40 | 4.23
Walf-lkeg R?

0.90 0.94 0.96 0.92 0.89 094 | 092

cosT u(dB) 1131 | 1208 | 11.08 | 1024 | 1155 | 11.93 | 11.35

231 o(dB) 5.69 4.61 3.20 4.16 5.20 264 | 411

Walf-lkeg | RMSE(B) | 1257 | 12.87 | 1150 | 10.99 | 12.58 | 12.20 | 12.10

R’ 0.44 0.41 0.44 0.49 0.35 025 | 0.39

L(dB) 4.28 3.93 3.03 4.11 3.95 167 | 3.34

gs?lsgata o(dB) 4.42 3.33 2.33 2.54 3.62 192 | 291

RMSE(dB) | 6.03 5.07 3.77 4.78 5.26 249 | 439

R? 0.87 0.91 0.94 0.90 0.89 097 | 0091

Table 4.25 presents the performance indicators of all the models based on this comparative

technique. The results show that the difference in performance between the QRT adapted COST

231 Walfisch-lkegami and the MLP-NN based model is a negligible 0.08dB. However, the best

in terms of generalisation is the GRBF-NN model with a mean RMSE value of 4.02dB and

R?=0.93.
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Figure 4.20: Generalisation Comparison by Training with BST2 and Testing with BST7
(Maiduguri)

4.3.3.8 Combined performance Analysis across three Techniques

The overall performance indicators of the Model Predictors across the three techniques are
presented in Table 4.26. Results indicate that the Model Predictor with the best performance
across the three techniques is the GRBF-NN predictor with the following indicators: ©=3.01dB,
0=2.1dB, RMSE=4.0dB and R*=0.76. However, the difference in performance between the QRT

adapted COST 231 Walfisch-lkegami and the MLP-NN based model is just about 0.16dB.

Table 4.26: Overall Performance based on three Techniques (Maiduguri)
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STAT. Technique | Technique B | Technique C | GEOM MEAN.
A

MLP-NN H(dB) 3.71 3.20 3.28 3.39
o(dB) 1.98 2.50 2.57 2.33
RMSE(dB) 4.18 4.04 4.15 4.12
R? 0.43 0.92 0.89 0.71
GRBE-NN H(dB) 3.33 2.64 3.11 3.01
o(dB) 2.01 1.75 2.62 2.10
RMSE(dB) 3.84 3.15 4.02 3.65
R? 0.49 0.96 0.93 0.76
QRT H(dB) 3.42 3.12 3.27 3.27
’égaspfd o(dB) 2.87 2.87 2.73 2.82
231 RMSE(dB) 4.43 4.19 4.23 4.28
Walf-Ikeg. R? 0.92 0.92 0.92 0.92
coST H(dB) 11.15 11.46 11.35 11.32
231 o(dB) 4.25 3.98 4.11 4.11
Walf-lkeg | RMSE(dB) 11.95 12.20 12.10 12.08
R? 0.40 0.36 0.39 0.38
COST 231 H(dB) 3.57 3.04 3.34 3.31
Hata o(dB) 3.02 2.91 2.91 2.95
RMSE(dB) 4.65 4.15 4.39 4.39
R? 0.90 0.92 0.91 0.91

4.4 Overall Performance Comparison of Adaptation Techniques across the Three Terrains
The overall geometric mean values of adaptation accuracies of the RAT and the proposed QRT
across the three terrains are presented in Table 4.27. Results show that the QRT has an overall
RMSE value of 2.1dB, while the RAT has 5.66dB. By implication, the QRT is more accurate in
adaptation accuracy than the RAT counterpart by an RMSE value of 3.56dB. The comparison
between the Okumura Garea technique and the QRT is based on the rural area only since the
Okumura Gagrea technique is not applicable to urban areas. Results in Table 4.3 show that the
difference in adaptation accuracy between the Okumura Garea technique and the QRT is much

wider in the Okumura model adaptation to the rural terrain: the QRT has an RMSE value of 2.18
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dB while the Okumura Garea technique 8.95dB, implying that the QRT outperforms the
Okumura Gagrea technique by 6.77dB on the rural terrain only. The efficiency of the QRT can be
attributed to the fact that, while the RAT and Okumura Garea adaptation techniques only modify
the constant in a model expression, the QRT provides the best fit for the model. These results

show that the QRT is the best of the three techniques in terms of empirical model adaptation.

Table 4.27: Overall Adaptation Accuracies of the RAT Technique and the QRT across the
three Terrains

Adaptation Techniques
PERFORMANCE - -
STATISTICS RAT Adaptation QRT Adaptation
H(dB) 2.91 1.88
o(dB) 2.00 1.29
RMSE(dB) 5.66 2.10
R’ 0.89 0.97

4.5 Overall Performance Comparison of Model Categories across the three Terrains

Table 4.28 presents the Overall path loss prediction accuracies of all model categories used in
this study. On the geometric mean, the ANN-based models have the highest path loss prediction
accuracy based on an RMSE value of 3.98dB. The QRT adapted empirical models are the next
with 4.49dB, the RAT-adapted empirical models have 5.83dB based on three techniques across

the three terrains, while the empirical models are the least accurate with 7.07dB.

Table 4.28: Overall Performance Comparison of Model Categories across three terrains
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PERFORMANCE NEURAL QRT ADAPTED | RAT- ADAPTED | EMPIRICAL
INDICIES NETWORK EMPIRICAL EMPIRICAL MODELS
MODELS MODELS MODELS
H(dB) 3.25 3.71 4.01 5.95
o(dB) 2.33 2.80 294 3.70
RMSE(dB) 3.98 4.49 5.83 7.07
R® 0.77 0.81 0.69 0.56

By implication, the ANN-based models slightly outperform the QRT adapted empirical models
by 0.51dB. In fact, the MLP-NN based model alone just slightly outperforms the QRT adapted
empirical models by about 0.37dB. However, the QRT adapted empirical models have the
highest R? value of 0.81, and by implication, the best fit resulting from the best correlation with
the measured path loss data. This shows that the QRT is quite efficient in empirical model
adaptation. The high accuracy of the ANN-based models can be attributed to the fact that they
are based on non-linear approximation functions, as demanded by the non-linear nature of the
measured path loss values, caused by the various terrain clusters across radio propagation paths.
The proximity in performance of the QRT adapted empirical models to the neural network
predictors can be attributed to the efficiency of the technique.

On the other hand, the QRT adapted empirical models offer an improvement of about
1.34dB over the RAT-adapted empirical models, as well as an improvement of 2.58dB over

existing Empirical Models.

CHAPTER FIVE
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SUMMARY AND CONCLUSIONS

5.1 Introduction
This chapter presents the research summary, significant contributions, conclusions made,

recommendations for further work, and limitations.

5.2 Summary

In this study, a novel Quotient Regression Technique for adapting an empirical model to a given
terrain is developed and compared for adaptation accuracy with the Okumura Garea technique
and the commonly used RAT adaptation technique. Sequel to that, the path loss prediction
accuracies of the QRT adapted empirical models were evaluated relative to empirical models
adapted by the other two adaptation techniques, as well as to ANN-based models. Results show
that the QRT offers significant improvements over the Okumura Garea technique and the RAT,
in terms of empirical model adaptation. Furthermore, the QRT adapted empirical models offer
significant improvements over the Okumura Gagrea and the RAT adapted empirical models. As
further demonstration of the effectiveness of the QRT, the QRT adapted empirical models are
only fractionally less accurate than the ANN-based models, implying that the QRT adapted

models can serve as computationally efficient alternatives to the ANN-based models.

5.3 Significant Contributions
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The significant contributions of this study to the existing body of knowledge include the
following:

1) A new and more accurate technique for adapting empirical models, termed the Quotients
Regression Technique (QRT) was developed and implemented, from which a Root Mean
Squared Error (RMSE) value of 2.1dB and R? of 0.97 were obtained. This is an
improvement on both the commonly used RAT, which has an RMSE value of 5.66dB
and R? of 0.7, and the Okumura Gagea technique which has an RMSE value of 8.95dB
and R? of 0.69.

i) Implemented QRT adapted empirical models for improved path loss prediction across
different terrains, by which an improvement of about 1.34dB (RMSE) was achieved
compared with RAT adapted empirical models.

iii) Implemented QRT adapted empirical models for improved path loss prediction across
different terrains, by which an improvement of about 2.58dB (RMSE) was achieved
compared with existing empirical models.

iv) Implemented Artificial Neural Network techniques for improved path loss prediction
across different terrains, by which an improvement of about 3.09dB (RMSE) was
achieved compared with existing empirical models.

v) Comparative analysis shows a slight convergence in performance between the QRT
adapted empirical models and artificial neural network models based on RMSE
difference of 0.51dB.

vi) QRT Adapted empirical and ANN based models will be useful to mobile network
operators in network planning, in order to ensure quality delivery of service within the

areas under investigation.
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5.4 Conclusions

The following conclusions were arrived at based on a case study of the following Nigerian

terrains: the rural area between Jos and Abuja, the urban terrain (Abuja), and the semi-urban

terrain (Maiduguri).

i)

i)

Vi)

vii)

Overall, the QRT was found to be more accurate in empirical model adaptation
than the RAT and the Okumura correction factors Technique by 3.56dB and
6.85dB respectively.

QRT adapted empirical models, on the average, found more accurate in path loss
prediction than the RAT adapted counterparts by an RMSE value of 1.34dB, and
with a better fit of 0.81 compared to 0.7 for the RAT adapted counterparts.

QRT adapted Okumura model found more accurate in path loss prediction than
the Garea adapted counterpart by an RMSE value of 3.67dB

QRT adapted empirical models found more accurate in path loss prediction than
the existing empirical models by about 2.58dB

ANN based models found slightly more reliable than the QRT adapted empirical
models by an RMSE value of 0.51dB. However, QRT adapted models can serve
as computationally efficient alternatives to the ANN based models.

ANN based models found more reliable than existing empirical models by
3.09dB.

The proximity in performance of the adapted empirical models to the neural

network predictors can be attributed to their adaptation to the geometric mean
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which is insensitive to extreme values, as well as the effectiveness of the

proposed QRT.

5.5 Recommendations for further work
The following are some recommendations that can offer improvement on this study:
1) The efficiency of the new QRT can further be verified using data from other terrains.
i) The efficiency of the new QRT can further be verified using data obtained at other
frequencies.
iii) The efficiency of the new QRT can further be verified using other empirical models.
iv) Other adaptation techniques can be used in order to improve results.
V) The study can serve as a basis for seasonal path loss modelling of the terrains under
investigation.
vi) Other ANN training techniques can be used in order to improve results.
vii)  Other Soft Computing Techniques can be applied in order to improve results.
viii)  Other empirical models apart from the ones used in this study can be tested for path

loss prediction reliability across the terrains.

5.5 Limitations
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The path loss prediction models developed in this study are of great significance for network

planning across the environments under investigation. However, the limitations of the study

include the following:

i)

The measurement equipment used may not be the most accurate. Hence, results
obtained are limited based on the data obtained.

Models developed in this study are based on data obtained from the terrains under
investigation, hence may yield inaccurate results when applied to other terrains.
Models were developed based on data obtained between the months of April and June
hence may not be accurate when implemented in other seasons.

Study was conducted strictly at an operating frequency of 900MHz. Therefore,
models may not be accurate at other frequencies.

Artificial Neural Networks may not be as accurate as other Soft Computing

Techniques; hence Other Soft Computing Techniques may improve results.
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APPENDIX B: MATLAB CODE

APPENDIX B1: Comparison of Adaptation Techniques
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% BASED ON JOS-ABUJA RURAL AREA DATA
% COMPARISON OF ADAPTATION TEHCNIQUES AT 900MHZ

close all
clear all
clc

%GSM NETWORK PARAMETERS

hb = 33;
f = 900;
hm = 1.5;
dist= [0.1:0.3:4.3]; % Transmitter-Receiver separations

% Path loss data
pldata= [91.18
105.95

109.79

121.306

123.11

129.12

126.54

133.17

135.00

136.17

142.79

142.93

144.95

148.79

148.39

1"

%G_area Adapted OKUMURA

d=dist;

1L50=32.45+20*%10g10 (f)+20*10gl10(d)+20-20*10gl0 (hb/200)-10*10gl0 (hm/3)-9;
trd=pldata;

T=pldata;

N=length(T);

%G_area Adapted OKUMURA Prediction Errors

OK=L50";

OK PE = T-OK'; % Prediction Error

OK_MSE = mse(OK PE); % Mean Square Error

OK RMSE=sqgrt (OK MSE) ; %Root mean square error computation
N=length(T);

ABSER=abs (T-0OK"') ;

OK_ABSERR=1/N*sum (ABSER) ; % Absolute Error
ERRSUM=sum ( (T-OK"') ."~2) ;
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

OK_RS=1- (ERRSUM/ERRSUMPL); %R-Squared computation
TEMP:(Sum(ABSER.AZ)—N*OK_ABSERRAZ);
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OK_STD=sqgrt (TEMP/ (N-1)); % Standard Deviation
OK_OUTPUT=[OK_ ABSERR;OK STD;OK RMSE;OK RS] $Prediction Errors

SRAT Adapted OKUMURA Prediction Errors

RMSE=sqrt (sum( (T-OK"') .~2)/ (N-1))
$OK1=L50+RMSE;
OK1=L50+9.27;

OK=OK1';

OK PE = T-OK'; % Prediction Error

OK MSE = mse(OK PE); % Mean Square Error

OK_RMSE=sqrt (OK MSE) ; %Root mean square error computation
N=length (T) ;

ABSER=abs (T-0K'") ;

OK_ABSERR=1/N*sum (ABSER) ; % Absolute Error

ERRSUM=sum ( (T-OK"') ."2) ;
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

OK_RS=1—(ERRSUM/ERRSUMPL); $R-Squared computation
TEMP=(sum(ABSER.A2)—N*OK_ABSERRAZ);
OK_STD=sqgrt (TEMP/ (N-1)) ; % Standard Deviation

OK1 OUTPUT=[OK ABSERR;OK STD;OK RMSE;OK RS] %Prediction Errors

%QRT Adapted OKUMURA

Bcc = sum(d) ;
Ccc = (

Gcec = sum(

Ncc = sum/(

Dcc = sum(
Hcec = sum(d.*trd);
Pcc = sum(
Ecc = Bccey

Fcc = Cccy;

Lce = Cccy

Mcc = Gcc;

dt = N * (Fcc * Ncc - Gecec * Mcc) - Bee * (Ecc * Ncc - Gee * Lcece)
+ Ccc * (Ecc * Mcc - Fcc * Lce);

DTO = Dcc * (Fcc * Ncc - Gee * Mcc) - Becec * (Hce * Ncc - Gee *
Pcc) + Ccc * (Hcc * Mcc - Fcc * Pcc);

DTl = N * (Hcc * Ncc - Gece * Pcc) - Dcc * (Ecc * Ncc - Gee * Lcece)
+ Ccc * (Ecc * Pcc - Hcce * Lce);

DT2 = N * (Fcc * Pcc - Hcc * Mcc) - Becec * (Ecc * Pcc - Hce * Lcc)
+ Dcc * (Ecc * Mcc - Fcc * Lce);

AAQ0 = DTO / dt
AAQ01 = DT1 / dt
AAQ2 DT2 / dt

L=AA00+AAQ01*d+AAQ02* (d.*d) ;
0=L./L50;
QUOTS=[d Q]
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bl = sum(d);
cl = sum(Q);
el = sum(d.”"2);
fl = sum(d.*Q);
al N;
dl = bl;
dt = al * el - dl * bl;

DTO0 = cl * el - f1 * bl;
DT1 al * £f1 - dl1 * cl;

AQ = DTO / dt
Al DT1 / dt

$0K2=L50.*(0.9238+0.0475.*d) ;
OK2=L50.* (AO+Al.*d) ;

OK=0K2';

OK PE = T-OK'; % Prediction Error

OK MSE = mse (OK PE); % Mean Square Error

OK_RMSE=sqrt (OK_MSE) ; %$Root mean square error computation
N=length(T);

ABSER=abs (T-0K"'") ;

OK_ABSERR=1/N*sum(ABSER); % Absolute Error

ERRSUM=sum ( (T-OK"') ."2) ;
ERRSUMPL=sum ( (T-mean (T)) ."2);

OK_RS=1—(ERRSUM/ERRSUMPL); $R-Squared computation
TEMP=(Sum(ABSER.A2)—N*OK_ABSERRAZ);
OK_STD=sqrt (TEMP/ (N-1)); % Standard Deviation

OK2 OUTPUT=[OK ABSERR;OK STD;OK RMSE;OK RS] $Prediction Errors
STATS:[OK_OUTPUT OKl_OUTPUT OK2_OUTPUT]

plot(d,pldata, '*--k',d,L50,'d-b',d,0K1l, 'o-g',d,0K2, 's-r"', 'LineWidth', 2) ;
legend ('MEASURED PATH LOSS','G A r e a ADAPTED OKUMURA', 'RAT ADAPTED
OKUMURA', 'OQRT ADAPTED OKUMURA') ;

xlabel ('"DISTANCE (km) ")
ylabel ('PATH LOSS (dB) ')
grid on

APPENDIX B2: Acceptability Test and Adaptation of Empirical Models (Rural)

$ TEST FOR ACCEPTABILITY AND ADAPTATION OF EMPIRICAL MODELS FOR RURAL
THE RURAL TERRAIN

close all

clear all

clc
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%GSM NETWORK PARAMETERS

hb = 33;
f = 900;
hm = 1.5;
EIRP=46;

SHATA-OKUMURA CONSTANTS
H CH=0.8+(1.1*1ogl0(f)-0.7)*hm-1.56*10gl0(f);
SU=5.4+2* (logl0(£/28))"2; %Sub-urban
OP=4.78* (1loglO (£f))"2+418.33*1ogl0(f)-40.94; %Open Area

%$COST 231 HATA CONSTANTS
ahR=(1.1*1ogl0(f)-0.7)*hm-1.56*10gl0 (£)-0.8;
Cl=0; % For small and medium city

dtrain= (0.1:0.3:4.3); % Transmitter-Receiver separations

Q

% Training Path loss data

pltrain= [91.18
105.95
109.79
121.36
123.11
129.12
126.54
133.17
135.00
136.17
142.79
142.93
144.95
148.79
148.39

1"

% Hata Path loss data
hatad= (1.0:0.3:4.3);
plhata = [121.36

123.11

129.12

126.54

133.17

135.00
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136.17
142.79
142.93
144.95
148.79
148.39

1"
T=pltrain;

% COST 231 HATA QRT ADAPTATION

d=dtrain;

A=46.3+33.9%*Logl0 (f)-13.82*Logl0 (hb) -ahR;
B=(44.9-6.55*%*10gl10 (hb) ) *1ogl0 (d) +C1;
CHPL=A+B;

trd=pltrain;
N=length(T) ;

Bcc = sum(d);
Ccc (

Gcec = sum(

Ncc = sum(

Dcc = sum(
(

(

I~

Hcc = sum
Pcc = sum
Ecc = Bccy
Fcc = Cccy;
Lcc Cccy
Mcc = Gcce;

dt = N * (Fcc * Ncc - Gecec * Mcc) - Bece * (Ecc * Ncc - Gece
* Lce) + Ccc * (Ecc * Mcc - Fcc * Lece);

DTO = Dcc * (Fcc * Ncc - Gee * Mcc) - Bee * (Hece * Necc -
Gcec * Pcc) + Ccc * (Hcc * Mcc - Fcc * Pcc);

DTl = N * (Hcc * Ncc - Gecec * Pcc) - Dcec * (Ecc * Ncc - Gece
* Lce) + Ccc * (Ecc * Pcc - Hccec * Lcc);

DT2 = N * (Fcc * Pcc - Hcc * Mcc) - Bee * (Ecc * Pcc - Hcce
* Lcce) + Dcc * (Ecc * Mcc - Fcc * Lcc);

AAQQ0 = DTO / dt
AAQ1l = DT1 / dt
AAQ2 = DT2 / dt
L=AA00+AAQ01*d+AA02* (d.*d) ;

Q=L./CHPL;
QUOTSs=[d Q]

bl = sum(d);
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cl = sum(Q) ;
el sum(d.”2) ;
fl = sum(d.*Q);

al = N;
dl = bl;
dt = al * el - dl * bl;

DTO = cl * el - £f1 * bl;
DT1 = al * f1 - dl * cl;

A0 = DTO
Al = DT1

/ dt
/ dt
CH2=CHPL.* (AO+Al.*d) ;

CH=CHPL;
T=pltrain';
N=length (pltrain);

CH PE = T-CH'; % COST 231 HATA Prediction Error

CH MSE = mse(CH _PE); % CH Mean Square Error

CH RMSE=sqgrt (CH MSE);%Root mean square error computation
N=length (T) ;

ABSER=abs (T-CH') ;

CH_ABSERR=1/N*Sum(ABSER);% CH Absolute Error
ERRSUM=sum ( (T-CH') ."2) ; $Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;
CH_RS=1—(ERRSUM/ERRSUMPL); %CH R-Squared computation
TEMP= (sum (ABSER."2) -N*CH ABSERR"2) ;

CH STD=sqrt (TEMP/ (N-1));%CH Standard Deviation

CH OUTPUT=[CH ABSERR;CH STD;CH RMSE;CH RS];

$RAT ADAPTED COST 231 HATA
RMSE=sqgrt (sum( (T-CH") ."2)/ (N-1))

% QRT ADAPTION OF THE HATA-OKUMURA MODEL
d=hatad;

AHATA=69.55+26.16*10gl0(f)-13.82*10gl0 (hb) -H CH;
BHATA=(44.9-6.55*10g10 (hb) ) *1ogl0(d) ;
PLu=AHATA+BHATA;

PLsu=PLu-5.4-2* (1ogl0(f/28))"2;

T=plhata;
N=length (T) ;

Bcc = sum(d) ;
Ccc = sum(d.”2);
Gece = sum(d.”3);
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Ncc = sum(d.”4);
Dcc = sum(plhata)
Hcc = sum(d. *plhata)
Pcc = sum((d.”2).*plhata);
Ecc = Bcc,
Fcc = Ccc;
Lcc = Cccy;
Mcc = Gcc;
dt = N * (Fcc * Ncc - Gece * Mcc) - Bece * (Ecc * Ncc - Gece
* Lce) + Ccc * (Ecc * Mcc - Fcc * Lcecce);
DTO = Dcc * (Fcc * Ncc - Gee * Mcc) - Bece * (Hece * Necc -
Gecec * Pcc) + Ccc * (Hcc * Mcc - Fcc * Pcc);
DTl = N * (Hcc * Ncc - Gecc * Pcc) - Dcc * (Ecc * Ncc - Gece
* Lce) + Ccc * (Ecc * Pcc - Hcc * Lcc);
DT2 = N * (Fcc * Pcc - Hcc * Mcc) - Bee * (Ecc * Pcc - Hcce
* Lcc) + Dccec * (Ecc * Mcc - Fcc * Lece);
AAQO0 = DTO / dt
AAQ1 = DT1 / dt
AAQ2 = DT2 / dt
L=AA00+AAQ1*d+AAQ02* (d.*d) ;
O0=L./PLsu;
bl = sum(d);
cl = sum(Q);
el = sum(d.”"2);
fl = sum(d.*Q);
al = N;
dl = bl;
dt = al * el - dl * bl;
DTO = cl1 * el - £f1 * bl;
DTl = al * f1 - dl1 * cl;
A0 = DTO / dt
Al = DT1 / dt
HO2=PLsu.* (AO+Al.*d);
HO=PLsu'
HO PE = T-HO'; % HATA Prediction Error
HO MSE = mse (HO_PE); % HATA Mean Square Error

HO RMSE=sqrt (HO MSE) ; $SRoot mean square error computation
N=length (T) ;

ABSER=abs (T-HO') ;

HO ABSERR=1/N*sum (ABSER) ;% Absolute Error
ERRSUM=sum ( (T-HO') ."2) ; $Rsquared computation
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ERRSUMPL=sum ( (T-mean (T)) ."2) ;

HO RS=1- (ERRSUM/ERRSUMPL); % R-Squared computation
TEMP=(Sum(ABSER.A2)—N*HO_ABSERRAZ);

HO STD=sqgrt (TEMP/ (N-1));% Standard Deviation

HO OUTPUT=[HO ABSERR;HO STD;HO RMSE;HO RS]; % HATA

\

$RAT ADAPTED HATA-OKUMURA
RMSE2=sqgrt (sum( (T-HO') .”~2)/ (N-1))

STATS=[CH _OUTPUT HO_OUTPUT]

plot (dtrain, pltrain, '*--k',dtrain,CH,'d-b',hatad,HO, 'o-
r','LineWidth', 2)

legend ("MEASUREMENT', 'RAT ADPTD COST 231 HATA', 'QF ADPTD. COST 231
HATA'") ;

%plot (dtrain, pltrain, '*--k',dtrain,CH3,'d-b',dtrain,CH2, 'o-
r','LineWidth', 2)

%legend ("MEASUREMENT', 'RAT ADPTD COST 231 HATA', 'QF ADPTD. COST 231
HATA') ;

$plot (dtrain, pltrain, '*--k',hatad,HO,'d-b',dtrain,CH, 'o-
r','LineWidth', 2)
%$legend ("MEASUREMENT', "HATA-OKUMURA', 'COST 231 HATA');

SMAIN

%plot (dtrain, pltrain, '*--k',hatad,HO, 'd-c',hatad,HO2, 'd-
b',dtrain,CH, 'o-k',dtrain,CH2, '-r', 'LineWidth', 2)

%legend ('MEASUREMENT', "HATA-OKUMURA', 'OPT. HATA-OKUMURA', 'COST 231
HATA', '"ADPTD. COST 231 HATA'");

xlabel ('DISTANCE (km) ")
ylabel ('PATH LOSS (dB) ')

grid on

APPENDIX B3: Technique A (Rural Terrain)
$ RURAL TERRAIN

STECHNIQUE A: SPLITTING DATA INTO 60% TRAINING, 10% VALIDATION AND 30%
TESTING

close all
clear all
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clc

%GSM NETWORK PARAMETERS

hb = 33;
£f = 900;
hm = 1.5;
EIRP=46;

SHATA-OKUMURA CONSTANTS
H CH=0.8+4(1.1*1ogl0(£f)-0.7)*hm-1.56*10gl0 (f) ;
SU=5.44+2* (1logl0(f/28))"2; $%$Sub-urban
OP=4.78* (logl0(f))"2-18.33*1ogl0(f)-40.94; %Open Area

%$COST 231 HATA CONSTANTS
ahR=(1.1*1ogl0(£f)-0.7)*hm-1.56*10gl0 (£f)-0.8;
Cl=0; % For small and medium city

dtrain= (0.1:0.3:4.3); % Transmitter-Receiver separations

% Training Path loss data
pltrain= [90

106

111

127

125

133

130

136

144

141

144

147

144

149

150

1"

% Hata Path loss data
hatad= (1.0:0.3:4.3);
plhata = [127

125

133

130

136

144

141
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144
147
144
149
150
1"

% FORMATTING BASE STATION DATA TO HAVE MEAN=0, AND STD=1
[pn,psl] = mapstd(dtrain);
[tn,ts] = mapstd(pltrain);

rand('seed',6273432);
[trainP,valP, testP,trainlInd,vallnd, testInd] =
dividerand(pn,0.6,0.1,0.3);

[trainT,valT, testT] = divideind(tn,trainInd,valInd, testInd);

% MLP-NN

net = newff (pn,tn, [3],{}, 'trainlm');

net.trainParam.epochs = 105;

net.trainParam.goal = 0.1;

[net,tr] = train(net,trainP,trainT);

simulate = sim(net,testP); % STEP4: SIMULATING NETWORK RESPONSE TO
INPUTS

simulate rev = mapstd('reverse',6 simulate, ts);

pltrain rev=mapstd('reverse',trainT, ts);
dtrain rev=mapstd('reverse', trainP,psl);
splval rev=mapstd('reverse',6valT,ts);
%dval rev=mapstd('reverse',valP,psl);

plval rev=mapstd('reverse', testT,ts);
dval rev=mapstd('reverse', testP,psl);

T=plval rev; MLP=simulate rev;

MLP PE = T-MLP; % MLP-NN Prediction Error

MLP MSE = mse (MLP PE); % MLP-NN Mean Square Error

MLP RMSE=sqrt (MLP MSE); 3Root mean square error computation
N=length (T) ;

ABSER=abs (T-MLP) ;

MLP_ABSERR=1/N*sum(ABSER);% MLP-NN Absolute Error
ERRSUM=sum ( (T-MLP) ."2) ; $SRsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

MLP RS=1- (ERRSUM/ERRSUMPL); $MLP-NN R-Squared computation
al=(sum(ABSER.A2)—N*MLP_ABSERR“Z);
MLP_STD=sqrt(a1/(N—1));%MLP—NN Standard Deviation

MLP OUTPUT=[MLP ABSERR;MLP STD;MLP RMSE;MLP RS]
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% GRBF-NN
eg = 0.1; % sum-squared error goal (default 0.0)
sc = 0.5;

[net,tr]= newrb(trainP, trainT, eg, sc);
$SIM RB = sim(net,valP);

SIM RB = sim(net, testP);

REV_SIM = mapstd('reverse',SIM RB, ts);

RBF=REV_SIM;

RBF PE = T-RBF; % RBF-NN Prediction Error

RBF MSE = mse (RBF PE); % RBF-NN Mean Square Error

RBF RMSE=sqrt (RBF MSE); 3Root mean square error computation
N=length (T) ;

ABSER=abs (T-RBF) ;

RBF_ABSERR=1/N*Sum(ABSER);% RBF-NN Absolute Error
ERRSUM=sum ( (T-RBF) ."2) ; $SRsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

RBF_RS=1—(ERRSUM/ERRSUMPL); $RBF-NN R-Squared computation
al=(sum(ABSER."2) -N*RBF ABSERR"2) ;

RBF STD=sqrt(al/(N-1));%RBF-NN Standard Deviation

RBF OUTPUT=[RBF ABSERR;RBF STD;RBF RMSE;RBF RS];

% ADAPTED COST 231 HATA PREDICTION
d=dtrain;

A=46.3+33.9%*Logl0 (f)-13.82*Logl0 (hb) -ahR;
B=(44.9-6.55*10gl10 (hb) ) *1ogl0 (d) +C1;
CHPL=A+B;

CH2=CHPL"';

CH3=CHPL.* (0.934+0.0126.*d) ; 30ptimised
CH=CH3';

$CH=CHZ2;

T=pltrain';

N=length (pltrain);

CH PE = T-CH; % COST 231 HATA Prediction Error

CH MSE = mse(CH PE); % CH Mean Square Error

CH RMSE=sqrt (CH MSE);%Root mean square error computation
N=length (T) ;

ABSER=abs (T-CH) ;

CH_ABSERR=1/N*sum(ABSER);% CH Absolute Error
ERRSUM=sum( (T-CH) ."2) ; $Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;
CH_RS=1—(ERRSUM/ERRSUMPL); %$CH R-Squared computation
TEMP=(sum(ABSER.A2)—N*CH_ABSERRA2);

CH STD=sqgrt (TEMP/ (N-1));%CH Standard Deviation

CH OUTPUT=[CH _ABSERR;CH STD;CH RMSE;CH RS];

% ADAPTED HATA-OKUMURA PREDICTION
d=hatad;
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AHATA=69.55+26.16*10gl0(f)-13.82*10gl0 (hb) -H CH;
BHATA=(44.9-6.55*10g10 (hb) ) *1ogl0(d) ;
PLu=AHATA+BHATA;

PLsu=PLu-5.4-2* (1ogl0(f/28))"2;

T=plhata;

N=length (T) ;

HO2=PLsu';

HO3=PLsu.* (1+0.0156.*d) ;% Adapted

HO=HO3"';

$HO=HOZ2;

HO PE = T-HO'; % COST 231 HATA Prediction Error
HO MSE = mse (HO_PE); % HATA Mean Square Error

HO RMSE=sqrt (HO MSE) ;$Root mean square error computation
N=length (T) ;

ABSER=abs (T-HO"') ;

HO ABSERR=1/N*sum (ABSER) ;% Absolute Error
ERRSUM=sum ( (T-HO') ."2) ;$Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

HO RS=1- (ERRSUM/ERRSUMPL); % R-Squared computation
TEMP= (sum (ABSER."2) -N*HO ABSERR"2) ;

HO STD=sqrt (TEMP/ (N-1));% Standard Deviation

\

HO_OUTPUT=[HO_ABSERR;HO_STD;HO_RMSE;HO_RS]; % HATA Performance
statistics
STATS=[HO_OUTPUT CH_OUTPUT]

STATS=[MLP_OUTPUT RBF OUTPUT CH_ OUTPUT HO_OUTPUT]

plot(dval rev,plval rev,'*--k',dval rev,MLP,'s-g',dval rev,RBF, 'o-
b',hatad, HO, 'd-r',hatad,H0O2, 'd-c',dtrain,CH, '-k',dtrain, CH2, 'o—-
r','LineWidth', 2);

legend ('TEST DATA', 'MLP-NN', 'GRBF-NN', "ADPTD. HATA-OK', 'HATA-
OKUMURA', "ADPTD. COST 231 HATA','COST 231 HATA');

xlabel ('DISTANCE (km) ")

ylabel ('PATH LOSS (dB) ')

grid on

APPENDIX B4: Techniques B and C (Rural)

% RURAL TERRAIN

TECHNIQUE B: TRAINING WITH GEOM. MEAN AND TESTING WITH TESTING SET
% TECHNIQUE C: TRAINING WITH ONE BST AND TESTING WITH ANOTHER

o

close all
clear all
clc
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%GSM NETWORK PARAMETERS

hb = 33;
f = 900;
hm = 1.5;
EIRP=46;

SHATA-OKUMURA CONSTANTS
CH=0.8+(1.1*10gl0(£)-0.7) *hm-1.56*10gl0(f) ;
SU=5.4+2* (logl0(£/28))"2; %Sub-urban
OP=4.78* (loglO (£f))"~2+18.33*1ogl0(f)-40.94; S%Open Area

%$COST 231 HATA CONSTANTS
ahR=(1.1*1ogl0(f)-0.7)*hm-1.56*10gl0 (£)-0.8;
Cl=0; % For small and medium city

\\]

s STEP 1: ASSEMBLING TRAINING DATA

dtrain= [0.1:0.3:4.3]; % Transmitter-Receiver separations
% Training Path loss data
pltrain= [91.18

105.95

109.79

121.36

123.11

129.12

126.54

133.17

135.00

136.17

142.79

142.93

144.95

148.79

148.39

17

% Testing Path loss data
dtest= [0.1:0.3:4.3];

pltest = [94
102
113
121
134
131
131
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129
134
139
137
135
144
148
150
1"

% HATA-OKUMURA TESTING DATA
phata = [1.0:0.3:4.3]; % Hata-Okumura Transmitter-Receiver
separations

plhata = [121
134
131
131
129
134
139
137
135
144
148
150
'y

\

% FORMATTING BST1 AND BST2 DATA TO HAVE MEAN=0, AND STD=1

[pn,psl] = mapstd(dtrain);
[tn,ts] = mapstd(pltrain);
[pn2,ps2] = mapstd(dtest);
[tn2,ts2] = mapstd(pltest);
[hpnl, hpsl] = mapstd(phata);
[htn2,hts2] = mapstd(plhata);

]
]
[hpn2, hps2] = mapstd(phata) ;
rand('seed', 62734347);

% MLP-NN TRAINING OF ONE BST AND TESTING WITH ANOTHER

net = newff (pn,tn,5,{}, 'trainlm');% STEP 2: CREATING NETWORK OBJECT

o

% Default Training Algorithm: Levenberg-Marquardt backpropagation

net.trainParam.epochs = 105; % Number of iterations
net.trainParam.goal = 0.001;

[net,tr] = train(net,pn,tn); % STEP3: TRAINING NETWORK

an = sim(net,pn2); % STEP4: SIMULATING NETWORK RESPONSE TO INPUTS
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pltrain rev=mapstd('reverse',trainT, ts);
dtrain rev=mapstd('reverse', trainP,psl);
$plval rev=mapstd('reverse',valT,ts);
%dval rev=mapstd('reverse',valP,psl);

plval rev=mapstd('reverse', testT, ts);
dval rev=mapstd('reverse', testP,psl);

SHATA-OKUMURA VECTORS

vl=mapstd('reverse',hpnl, hpsl);
kk=mapstd('reverse',htn2,hts2);
vv=mapstd('reverse',hpn2, hps?2);

T=plval rev; MLP=simulate rev;

MLP PE = T-MLP; % MLP-NN Prediction Error

MLP MSE = mse (MLP PE); % MLP-NN Mean Square Error

MLP RMSE=sqgrt (MLP MSE) ;$Root mean square error computation
N=length(T) ;

ABSER=abs (T-MLP) ;

MLP_ABSERR=1/N*Sum(ABSER);% MLP-NN Absolute Error
ERRSUM=sum ( (T-MLP) ."2) ; $SRsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

MLP RS=1- (ERRSUM/ERRSUMPL) ; $MLP-NN R-Squared computation
al=(sum(ABSER.A2)—N*MLP_ABSERRA2);
MLP_STD=sqrt(a1/(N—1));%MLP—NN Standard Deviation

MLP OUTPUT=[MLP ABSERR;MLP STD;MLP RMSE;MLP RS]
% RBEF-NN TRAINING OF BST1 AND COMPARING WITH BST2

eg = 0.01; % Sum-squared error goal (default 0.0)
sc = 0.322; % Spread constant
[net,tr]= newrb (pn, tn,eqg,sc); % STEP2: CREATING NETWORK OBJECT
SIM RB = sim(net, testP);
REV_SIM = mapstd('reverse',SIM RB, ts);

\

RBF=REV_SIM;

RBF PE = T-RBF; % RBF-NN Prediction Error

RBF MSE = mse (RBF PE); $ RBEF-NN Mean Square Error

RBF RMSE=sqgrt (RBF MSE);%*Root mean square error computation
N=length (T) ;

ABSER=abs (T-RBF) ;

RBF_ABSERR=1/N*sum(ABSER);% RBEF-NN Absolute Error
ERRSUM=sum ( (T-RBF) ."2) ; $Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

RBF RS=1- (ERRSUM/ERRSUMPL) ; %$RBF-NN R-Squared computation
al=(sum(ABSER.A2)—N*RBF_ABSERR“Z);

RBF STD=sqgrt(al/(N-1));%RBF-NN Standard Deviation
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RBF_OUTPUT=[RBF ABSERR;RBF STD;RBF RMSE;RBF RS];

% QRT ADAPTED COST 231 HATA PREDICTION
=p;
A=46.3+33.9*Logl0(f)-13.82*Logl0 (hb) -ahR;
B=(44.9-6.55*10g10 (hb)) *10gl0 (d) +C1;
PLch=A+B;

tb=toc;

T=pltrain';

N=length (pltrain);

Q.

CH PE = T-CH; % COST 231 HATA Prediction Error

CH MSE = mse (CH_PE); % CH Mean Square Error

CH RMSE=sqrt (CH MSE);%Root mean square error computation
N=length (T) ;

ABSER=abs (T-CH) ;

CH_ABSERR=1/N*sum(ABSER);% CH Absolute Error
ERRSUM=sum ( (T-CH) ."2) ; 3Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;
CH_RS=1—(ERRSUM/ERRSUMPL); %CH R-Squared computation
TEMP= (sum (ABSER."2) -N*CH ABSERR"2) ;

CH STD=sqrt (TEMP/ (N-1));%CH Standard Deviation

CH _OUTPUT=[CH ABSERR;CH STD;CH RMSE;CH RS];

% ORT ADAPTED HATA-OKUMURA PREDICTION

d=phata;
A=69.55+26.16*10gl0(f)-13.82*10gl0 (hb)-CH;
B=(44.9-6.55*10g10 (hb)) *1ogl0(d) ;

PLu=A+B;

%$PLs=PLu-SU;

PLo=PLu-4.78* (logl0O(f))"2+18.33*1ogl0(f)-40.94;
PLsu=PLu-5.4-2* (1logl0(f/28))"2;

T=plhata;
N=length (T) ;

HO2=PLsu';

HO3=PLsu.* (1+0.0156.*d) ;% Adapted

HO=HO3"';

$HO=HO2;

HO PE = T-HO'; % COST 231 HATA Prediction Error

HO MSE = mse (HO_PE); % HATA Mean Square Error

HO RMSE=sqrt (HO MSE) ; $SRoot mean square error computation
N=length (T) ;

ABSER=abs (T-HO') ;

HO ABSERR=1/N*sum (ABSER) ;% Absolute Error
ERRSUM=sum ( (T-HO') ."2) ; $Rsquared computation
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ERRSUMPL=sum ( (T-mean (T)) ."2) ;

HO RS=1- (ERRSUM/ERRSUMPL); % R-Squared computation
TEMP=(Sum(ABSER.A2)—N*HO_ABSERRAZ);

HO STD=sqgrt (TEMP/ (N-1));% Standard Deviation

HO_OUTPUT=[HO_ABSERR;HO_STD;HO_RMSE;HO_RS]; % HATA Performance
statistics

\

STATS=[HO OUTPUT CH OUTPUT]
STATS=[MLP_ OUTPUT RBF OUTPUT CH OUTPUT HO OUTPUT]

plot (v, k%, '*--k',v,Y1, 's-g',v,¥2,'o-b',v,¥52,'d-c',v,¥5, 'd-r',vv, Y42, '~
-m',vv,Y4,'-k', 'LineWidth', 2) ;

legend ('TEST DATA', 'MLP-NN', 'GRBF-NN', 'COST 231 HATA', 'ADPT. COST 231
HATA', 'HATA-OKM', 'ADPT. HATA-OKM') ;

grid on

APPENDIX B5: Applicability Test and Adaptation of Empirical Models
(Abuja)

% ADAPTATION OF EMPIRICAL MODELS FOR URBAN TERRAIN

close all

clear all

clc

$GSM NETWORK PARAMETERS
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hb = 28;

f = 900;
hm = 1.5;
EIRP=45;

SHATA-OKUMURA CONSTANTS
CH=0.8+(1.1*10gl0(£)-0.7) *hm-1.56*10gl0(f) ;
SU=5.4+2* (logl0(£/28))"2; %Sub-urban
OP=4.78* (logl0O (£f))"2-18.33*1ogl0(f)-40.94; %Open Area

%$COST 231 HATA CONSTANTS
ahR=(1.1*1ogl0(f)-0.7)*hm-1.56*10gl0 (£)-0.8;
Cl=3; % For small and medium city

SWALFISCH-IKEGAMI CONSTANTS
rw = 30;
Bl = 2 * rw;
roof = 3;
floors = 7;
Hroof = 3 * floors + roof;
dH = hb - Hroof;

% Lbsh
if hb > Hroof
Lbsh = -18 * 1loglO (1 + dH);
else
Lbsh = 0;
end
if hb > Hroof
Kd = 18;
else
Kd = 18 - 15 * dH / Hroof;
end
Kf = -4 + 1.5 * (£ / 925 - 1); %for Large City
SKf = -4 + 0.7 * (£ / 925 - 1);
$Lori
Lsum = 0;
teta=10;
Jt=0;

while 90 > teta,
if teta >= 0 && teta < 35
Lteta = -10 + 0.35 * teta;
elseif teta >= 35 && teta < 55
Lteta = 2.5 + 0.075 * (teta - 35);
else
Lteta = 4 - 0.114 * (teta - 55);
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end
Lsum = Lsum + Lteta;
teta=teta+10;
Jt=jt+1;

end

Lori=Lsum/Jjt;
Lrts=-16.9-10*10gl10 (rw)+10*10gl0 (f) +20*10ogl0 (Hroof - hm)+Lori

\O

s STEP 1: ASSEMBLING TRAINING DATA

dtrain= (0.05:0.1:1.45); % Transmitter-Receiver separations
% Training Path loss data

pltrain= [85.5

107.7

1109.
1109.
124.
130.
129.
132.
137.
137.
137.
141.
142.
144.
147.

1"

R OW oo NP> JU 0O oo

T=pltrain;

% COST 231 HATA ADAPTATION

d=dtrain;
A=46.3+33.9*Logl0(f)-13.82*Logl0 (hb) -ahR;
B=(44.9-6.55%*10gl10 (hb) ) *1ogl0 (d) +C1;
CHPL=A+B;

trd=pltrain;

N=length (T) ;

Bcc = sum(d) ;
Ccc = sum(d.”2);
Gcec = sum(d.”3);
Ncc = sum(d.”4);
Dcc = sum(trd);
Hcec = sum(d.*trd);
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Pcc = sum((d.”2).*trd);
Ecc = Bcc;

Fcc = Ccc;

Lce = Cccy

Mcc = Gcc;

dt = N * (Fcc * Ncc - Gece * Mcc) - Bece * (Ecc * Ncc - Gece
* Lcec) + Ccc * (Ecc * Mcc - Fcc * Lcce);

DTO = Dcc * (Fcc * Ncc - Gece * Mcc) - Bece * (Hce * Ncc -
Gce * Pcc) + Ccc * (Hcc * Mcc - Fcc * Pcc);

DTl = N * (Hcc * Ncc - Gecc * Pcc) - Dcc * (Ecc * Ncc - Gece
* Lce) + Ccc * (Ecc * Pcc - Hcc * Lcecce);

DT2 = N * (Fcc * Pcc - Hcc * Mcc) - Bee * (Ecc * Pcc - Hcce
* Lce) + Dce * (Ecc * Mcc - Fcc * Lcce);

AAO0O0 = DTO / dt
AAQl = DT1 / dt
AAQ2 = DT2 / dt

L=AA00+AAQ1*d+AAO02* (d.*d) ;
Q=L./CHPL;
QUOTS=[d Q]
bl = sum(d);
cl = sum(Q);

el sum(d.”2) ;
fl = sum(d.*Q);

al = N;
dl = bl;

dt = al * el - dl * bl;
DTO = cl * el - f1 * bl;
DT1 = al * f1 - dl * cl;

A0 DTO / dt
Al = DT1 / dt

CH2=CHPL.* (AO+Al.*d) ;
$Y=PLch.*Q;
%$CH=CHPL.* (0.9364+0.0126.*d) ;
CH=CHPL;
%$CH=CHPL.* (1.05+0.0097.*d);"';
%$CH2=CHPL.* (1.05+0.0097.*d) ; $0Optimised
T=pltrain';
$T=pltrain’';
N=length (pltrain);
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CH PE = T-CH';

N=length (T) ;

ABSER=abs (T-
CH ABSERR=1/N*sum (ABSER) ;% CH Absolute Error
ERRSUM=sum ( (T-CH') ."2) ; $Rsquared computation

CH'

% COST 231 HATA Prediction Error
CH MSE = mse (CH_PE); % CH Mean Square Error
CH RMSE=sqrt (CH MSE) ; $SRoot mean square error computation

) ;

ERRSUMPL=sum ( (T-mean (T)) ."2);

CH RS=1- (ERRSUM/ERRSUMPL) ;

TEMP=(sum(ABSER.A2)—N*CH_ABSERRAZ);
CH STD=sqgrt (TEMP/ (N-1));%CH Standard Deviation

CH_OUTPUT=[CH ABSERR;CH STD;CH RMSE;CH RS];

¢}

d=dtrain;

if hb > Hroof

else
if d>= 0.5

else

end

end

LoglO (B1)
Bcc =
Ccc
Gecce
Ncc
Dcc
Hcc
Pcc =

Lms

Lfs

PL

([
n n non

S
= S

dt

* Lce) + Ccc *

Ka = 54 - 0.8 * dH;

Ka

%$CH R-Squared computation

% QRT ADAPTION OF THE COST 231 WALFISCH-IKEGAMI

54 - 0.8 * dH * d / 0.5;

d = Lbsh + Ka + Kd * Logl0O(d)+ Kf * LoglO(f)- 9 *

= 32.45 + 20 * LoglO(d)+ 20 * LoglO(f
= Lfs + Lmsd + Lrts;
um (d) ;
um (d."2) ;
um (d.”3);
um (d."4) ;
um (pltrain) ;

um (d. *pltraln);

um( (d.”*2) .*pltrain);

= Bcc,

= Ccc;

= Ccc;

= Gccy;

= N * (Fcc * Ncc - Gcc * Mcc) - Beec *

(Ecc * Mcc - Fcc * Lcc);
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DTO = Dcc * (Fcc * Ncc - Gee * Mcc) - Bece * (Hece * Necc -

Gecec * Pcc) + Ccc * (Hcc * Mcc - Fcc * Pcc);

DTl = N * (Hcc * Ncc - Gecc * Pcc) - Dcc * (Ecc * Ncc - Gece
* Lce) + Ccc * (Ecc * Pcc - Hcc * Lcece);

DT2 = N * (Fcc * Pcc - Hcc * Mcc) - Becec * (Ecc * Pcc - Hecce
* Lce) + Dcec * (Ecc * Mcc - Fcc * Lcce);

AAQQ0 = DTO / dt
AAQ1 = DT1 / dt
AAQ2 = DT2 / dt

L=AA00+AAQ01*d+AA02* (d.*d) ;

0=L./PL;
bl = sum(d);
cl = sum(Q) ;
el = sum(d.”2);
fl = sum(d.*Q);
al = N;
dl = bl;

dt = al * el - dl * bl;
DTO = cl1 * el - f1 * bl;
DTl = al * f1 - dl1 * cl;

A0 = DTO / dt
Al = DT1 / dt

WI2=PL.* (AO+Al.*d);

WI=PL;

SWI=WI.*(1.0805-0.0155.*d);
FWIZ2=WI.*(1.0805-0.0155.*d);% Optimised

WI PE = T-WI'; % COST 231 HATA Prediction Error

WI MSE = mse(WI PE); % CH Mean Square Error

WI RMSE=sqgrt (WI_MSE);%Root mean square error computation
N=length (T) ;

ABSER=abs (T-WI"'") ;

WI_ABSERR=1/N*Sum(ABSER);% CH Absolute Error
ERRSUM=sum ( (T-WI') ."2) ;%Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

WI RS=1- (ERRSUM/ERRSUMPL); %CH R-Squared computation
TEMP=(sum(ABSER.A2)—N*WI_ABSERRA2);

WI STD=sqgrt (TEMP/ (N-1));%CH Standard Deviation

WI_OUTPUT=[WI_ABSERR;WI STD;WI RMSE;WI RS];

RMSEl=sqgrt (sum((T-CH") ."2)
RMSE2=sqgrt (sum( (T-WI') ."2)

(N-1))

/
/(N-1))
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STATS=[WI_OUTPUT CH_OUTPUT]

plot (dtrain, pltrain, '*--k',dtrain,WI,'d-c',dtrain,WI2,'d-
r',dtrain,CH, '--m',dtrain,CH2, '--r', 'LineWidth', 2)

legend ('MEASUREMENT', '"COST 231 WALF-IKEG', 'OPT. COST 231 WALF-
IKG', 'COST 231 HATA', 'OPT. COST 231 HATA'");

xlabel ('DISTANCE (km) ")
ylabel ('PATH LOSS(dB) ")

grid on

APPENDIX B6 : Technique A (Abuja)

% URBAN TERRAIN (ABUJA)

STECHNIQUE A: SPLITTING DATA INTO 60% TRAINING, 10% VALIDATION AND 30%
TESTING

close all
clear all
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clc

%GSM NETWORK PARAMETERS

hb = 28;
f = 900;
hm = 1.5;
EIRP=45;

SHATA-OKUMURA CONSTANTS
CH=0.8+(1.1*10gl0(£f)-0.7) *hm-1.56*10gl10 (f) ;
SU=5.44+2* (1logl0(f/28))"2; $%$Sub-urban
OP=4.78* (logl0(f))"2-18.33*1ogl0(f)-40.94; %Open Area

%$COST 231 HATA CONSTANTS
ahR=(1.1*1ogl0(£f)-0.7)*hm-1.56*10gl0 (£f)-0.8;
Cl=3; % For small and medium city

SWALFISCH-IKEGAMI CONSTANTS
rw = 30;
Bl = 2 * rw;
roof = 3;
floors = 7;
Hroof = 3 * floors + roof;
dH = hb - Hroof;

% Lbsh
if hb > Hroof
Lbsh = -18 * 1loglO (1 + dH);
else
Lbsh = 0;
end
if hb > Hroof
Kd = 18;
else
Kd = 18 - 15 * dH / Hroof;
end
Kf = -4 + 1.5 * (f / 925 - 1); %for Large City
KE = -4+ 0.7 * (£ / 925 - 1);
$Lori
Lsum = 0;
teta=10;
Jt=0;

while 90 > teta,
if teta >= 0 && teta < 35
Lteta = -10 + 0.35 * teta;
elseif teta >= 35 && teta < 55
Lteta = 2.5 + 0.075 * (teta - 35);
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else
Lteta = 4 - 0.114 * (teta - 55);

end
Lsum = Lsum + Lteta;
teta=teta+10;
Jt=jt+1;

end

Lori=Lsum/Jjt;
Lrts=-16.9-10*10gl10 (rw)+10*10gl0(f) +20*10gl0 (Hroof - hm)+Lori;

dtrain= (0.05:0.1:1.45); % Transmitter-Receiver separations

% Training Path loss data
pltrain= [89
102

116

126

120

122

123

128

126

136

133

135

141

140

143

'

\

% FORMATTING BASE STATION DATA TO HAVE MEAN=0, AND STD=1

[pn,psl] = mapstd(dtrain);

[tn,ts] = mapstd(pltrain);

rand('seed', 627343);

rand('seed',6273432);
[trainP,valP, testP, trainind,vallnd, testInd] =
dividerand(pn,0.6,0.1,0.3);

[trainT,valT, testT] = divideind(tn,trainInd,valInd, testInd);
% MLP-NN

net = newff (pn,tn, [3],{}, "trainlm');

net.trainParam.epochs = 105;

net.trainParam.goal = 0.01;

[net,tr] = train(net,trainP,trainT);
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simulate = sim(net,testP); % STEP4: SIMULATING NETWORK RESPONSE

INPUTS
simulate rev = mapstd('reverse',6 simulate, ts);

pltrain rev=mapstd('reverse',trainT, ts);
dtrain rev=mapstd('reverse', trainP,psl);
splval rev=mapstd('reverse',valT,ts);
¥dval rev=mapstd('reverse',valP,psl);

plval rev=mapstd('reverse', testT, ts);
dval rev=mapstd('reverse', testP,psl);

T=plval rev; MLP=simulate rev;

MLP PE = T-MLP; % MLP-NN Prediction Error

MLP MSE = mse (MLP PE); % MLP-NN Mean Square Error

MLP RMSE=sqrt (MLP MSE); 3Root mean square error computation
N=length (T) ;

ABSER=abs (T-MLP) ;

MLP_ABSERR=1/N*Sum(ABSER);% MLP-NN Absolute Error
ERRSUM=sum ( (T-MLP) ."2) ; $SRsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

MLP_RS=1—(ERRSUM/ERRSUMPL); TMLP-NN R-Squared computation
al=(sum(ABSER."2) -N*MLP ABSERR"2) ;
MLP_STD=sqrt(al/(N—1));%MLP—NN Standard Deviation

MLP OUTPUT=[MLP ABSERR;MLP STD;MLP RMSE;MLP RS]

% GRBF-NN

eg = 0.1; % sum-squared error goal (default 0.0)
sc = 0.502;

[net,tr]= newrb(trainP, trainT, eg, sc);

$SIM RB = sim(net,valP);
SIM RB = sim(net, testP);
REV_SIM = mapstd('reverse',SIM RB, ts);

RBF=REV_SIM;

RBF PE = T-RBF; % RBF-NN Prediction Error

RBF MSE = mse (RBF PE); $ RBEF-NN Mean Square Error

RBF RMSE=sqgrt (RBF MSE);%*Root mean square error computation
N=length (T) ;

ABSER=abs (T-RBF) ;

RBF_ABSERR=1/N*sum(ABSER);% RBEF-NN Absolute Error
ERRSUM=sum ( (T-RBF) ."2) ; $SRsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

RBF RS=1- (ERRSUM/ERRSUMPL) ; %$RBF-NN R-Squared computation
al=(sum(ABSER.“2)—N*RBF_ABSERR“Z);

RBF STD=sqgrt(al/(N-1));%RBF-NN Standard Deviation

RBF OUTPUT=[RBF ABSERR;RBF STD;RBF RMSE;RBF RS];
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% QRT ADAPTED COST 231 HATA PREDICTION
d=dtrain;

A=46.3+33.9*Logl0 (f)-13.82*Logl0 (hb) -ahR;
B=(44.9-6.55*10g10 (hb) ) *10gl0 (d) +C1;
CHPL=A+B;

CH2=CHPL';

CH3=CHPL.* (1.05+0.0097.*d) ; $0Optimised
CH=CH3"';

$CH=CHZ2;

T=pltrain';
N=length (pltrain);

CH PE = T-CH; % COST 231 HATA Prediction Error

CH MSE = mse(CH PE); % CH Mean Square Error

CH RMSE=sqgrt (CH MSE);%Root mean square error computation
N=length(T) ;

ABSER=abs (T-CH) ;

CH_ABSERR=1/N*sum(ABSER);% CH Absolute Error
ERRSUM=sum( (T-CH) ."2) ; $Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;
CH_RS=1—(ERRSUM/ERRSUMPL); %CH R-Squared computation
TEMP=(Sum(ABSER.A2)—N*CH_ABSERRAZ);

CH STD=sqgrt (TEMP/ (N-1));%CH Standard Deviation

CH OUTPUT=[CH ABSERR;CH STD;CH RMSE;CH RS];
% QRT ADAPTED COST 231 WALFISCH-IKEGAMI PREDICTION

d=dtrain;
if hb > Hroof
Ka = 54;
else
if d>= 0.5
Ka = 54 - 0.8 * dH;

else
Ka =54 - 0.8 * dH * d / 0.5;
end
end
Imsd = Lbsh + Ka + Kd * LoglO(d)+ Kf * LoglO(f)- 9 *
LoglO(BR1);

Lfs = 32.45 + 20 * LoglO(d)+ 20 * LoglO(f);
PL = Lfs + Lmsd + Lrts;
WI3=PL.*(1.0805-0.0155.*d);% Optimised

WI=WI3';
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WI2=PL';

WI PE = T-WI; % COST 231 HATA Prediction Error

WI MSE = mse(WI PE); % CH Mean Square Error

WI RMSE=sqgrt (WI_MSE);%Root mean square error computation
N=length (T) ;

ABSER=abs (T-WI) ;

WI ABSERR=1/N*sum(ABSER);% CH Absolute Error
ERRSUM=sum ( (T-WI) ."2) ;%$Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2);
WI_RS=1—(ERRSUM/ERRSUMPL); %$CH R-Squared computation
TEMP=(sum(ABSER.A2)—N*WI_ABSERRA2);

WI_ STD=sqgrt (TEMP/ (N-1));%CH Standard Deviation
WI_OUTPUT=[WI_ ABSERR;WI STD;WI RMSE;WI RS];

STATS=[MLP_OUTPUT RBF OUTPUT WI OUTPUT CH OUTPUT]

%plot (dval rev,plval rev,'*--k',dval rev,MLP, 's-g',dval rev,RBF, 'o-
b',dtrain,WI, 'd-r',dtrain,CH, '--r', 'LineWidth', 2)

%legend ('TEST DATA', "MLP-NN', '"GRBF-NN', 'OPT. COST 231 WALF-IKG', 'COST
231 HATA'");

plot(dval rev,plval rev,'*--k',dval rev,MLP,'s-g',dval rev,RBF, 'o-
b',dtrain,WIi2, 'd-c¢',dtrain,WI, 'd-r',dtrain,CH2, '--m',dtrain,CH, '-
k', 'LineWidth',2);

legend ('TEST DATA', 'MLP-NN', "GRBF-NN', 'COST 231 WALF-IKEG', 'ADPTD.
COST 231 WALF-IKG','COST 231 HATA', '"ADPTD. COST 231 HATA');

xlabel ('"DISTANCE (km) ")

ylabel ('PATH LOSS (dB) ')

grid on

APPENDIX B7: Techniques B and C (Abuja)

% URBAN TERRAIN
TECHNIQUE B: TRAINING WITH GEOM. MEAN AND TESTING WITH TESTING SET
% TECHNIQUE C: TRAINING WITH ONE BST AND TESTING WITH ANOTHER

o©

close all
clear all
clc

$GSM NETWORK PARAMETERS
hb = 28;
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f = 900;
hm = 1.5;
EIRP=45;

SHATA-OKUMURA CONSTANTS
CH=0.8+(1.1*10gl0(£)-0.7) *hm-1.56*10gl0 (£f) ;
SU=5.4+2* (logl0(£/28))"2; %Sub-urban
OP=4.78* (logl0O(£f))"2-18.33*1ogl0(f)-40.94; %Open Area

%$COST 231 HATA CONSTANTS
ahR=(1.1*10gl0(f)-0.7)*hm-1.56*10g10(f)-0.8;
Cl=3; % For small and medium city

SWALFISCH-IKEGAMI CONSTANTS
rw = 30;
Bl = 2 * rw;
roof = 3;
floors = 7;
Hroof = 3 * floors + roof;
dH = hb - Hroof;

% Lbsh
if hb > Hroof
Lbsh = -18 * loglO(1 + dH);
else
Lbsh = 0;
end

if hb > Hroof

Kd = 18;
else
Kd = 18 - 15 * dH / Hroof;
end
Kf = -4 + 1.5 * (£ / 925 - 1); %for Large City
KE = -4+ 0.7 * (£ / 925 - 1);
$Lori
Lsum = 0;
teta=10;
Jt=0;

while 90 > teta,
if teta >= 0 && teta < 35

Lteta = -10 + 0.35 * teta;
elseif teta >= 35 && teta < 55

Lteta = 2.5 + 0.075 * (teta - 35);
else

Lteta = 4 - 0.114 * (teta - 55);
end
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Lsum = Lsum + Lteta;
teta=teta+10;
Jt=jt+1;

end

Lori=Lsum/Jjt;
Lrts=-16.9-10*10gl10 (rw)+10*10gl0 (f) +20*10gl0 (Hroof - hm)+Lori;

\O

s STEP 1: ASSEMBLING TRAINING DATA

dtrain= (0.05:0.1:1.45); % Transmitter-Receiver separations
% Training Path loss data
pltrain= [84

111

120

135

123

128

126

120

134

135

140

143

143

146

150

1"

% Testing Path loss data
dtest= (0.05:0.1:1.45);
pltest = [87

105

118

128

117

124

122

130

125

134

133
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138
140
145
142
1"

\

% FORMATTING TRAINING AND TESTING DATA TO HAVE MEAN=0, AND STD=1

[pn,psl] = mapstd(dtrain);
[tn,ts] = mapstd(pltrain);
[pn2,ps2] = mapstd(dtest);
[tn2,ts2] = mapstd(pltest);

Srand ('seed', 62734347);
rand('seed',6273434);

% MLP-NN TRAINING AND TESTING

net = newff(pn,tn,4,{}, 'trainlm') ;% STEP 2: CREATING NETWORK OBJECT
% Default Training Algorithm: Levenberg-Marquardt backpropagation

net.trainParam.epochs = 100; % Number of iterations
net.trainParam.goal = 0.0001;

[net] = train(net,pn,tn); $ STEP3: TRAINING NETWORK

simulate = sim(net,pn2); % STEPA4: SIMULATING NETWORK RESPONSE TO
INPUTS

simulate rev = mapstd('reverse',6 simulate,ts2);

dtrain rev=mapstd('reverse',pn,psl);
pltrain rev=mapstd('reverse', tn,ts)
dtest rev=mapstd('reverse',pn2,ps2)

2

pltest rev=mapstd('reverse',tnZ,ts

4

.

4

) .
14

T=pltest rev;

MLP=simulate rev;

MLP PE = T-MLP; % MLP-NN Prediction Error

MLP MSE = mse (MLP PE); % MLP-NN Mean Square Error

MLP RMSE=sqrt (MLP MSE); 3Root mean square error computation
N=length (T) ;

ABSER=abs (T-MLP) ;

MLP_ABSERR=1/N*sum(ABSER);% MLP-NN Absolute Error
ERRSUM=sum ( (T-MLP) ."2) ; $SRsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

MLP RS=1- (ERRSUM/ERRSUMPL); $MLP-NN R-Squared computation
al=(sum(ABSER.“2)—N*MLP_ABSERR“Z);

MLP STD=sqrt(al/ (N-1));3%MLP-NN Standard Deviation

MLP_OUTPUT=[MLP ABSERR;MLP STD;MLP RMSE;MLP RS];
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% GRBF-NN TRAINING AND TESTING

eg = 0.001; % Sum-squared error goal (default 0.0)
sc 0.822; % Spread constant

\

[net, tr]= newrb (pn, tn,eg,sc); % STEP2: CREATING NETWORK OBJECT

%¥Max no of neurons (default=length(P)), No of neurons to
add (default (25)

SIM_RB = sim(net,pn2); % STEP3: SIMULATING NETWORK RESPONSE TO
INPUTS
REV_SIM = mapstd('reverse',SIM RB,ts2);

RBF=REV_SIM;

RBF PE = T-RBF; % RBF-NN Prediction Error

RBF MSE = mse (RBF PE); % RBF-NN Mean Square Error

RBF RMSE=sqgrt (RBF MSE); $Root mean square error computation
N=length(T) ;

ABSER=abs (T-RBF) ;

RBF_ABSERR=1/N*Sum(ABSER);% RBF-NN Absolute Error
ERRSUM=sum ( (T-RBF) ."2) ; $SRsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

RBF RS=1- (ERRSUM/ERRSUMPL) ; $RBF-NN R-Squared computation
al=(sum(ABSER.A2)—N*RBF_ABSERRAZ);
RBF_STD=sqrt(a1/(N—1));%RBF—NN Standard Deviation

RBF OUTPUT=[RBF ABSERR;RBF STD;RBF RMSE;RBF RS];

% COST 231 HATA PREDICTION

d=dtrain;

A=46.3+33.9*Logl0 (f)-13.82*Logl0 (hb) -ahR;
B=(44.9-6.55*10gl0 (hb) ) *1ogl0 (d) +C1;
CHPL=A+B;

CH2=CHPL';

CH3=CHPL.* (1.05+0.0097.*d) ; %0Optimised
CH=CH3;

$CH=CH2"';

T=pltest';

N=length (pltest);

CH PE = T-CH'; % COST 231 HATA Prediction Error

CH MSE = mse (CH_PE); % CH Mean Square Error

CH RMSE=sqrt (CH _MSE) ; $SRoot mean square error computation
N=length (T) ;

ABSER=abs (T-CH') ;

CH_ABSERR=1/N*sum(ABSER);% CH Absolute Error
ERRSUM=sum ( (T-CH') ."2) ; $Rsquared computation
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ERRSUMPL=sum ( (T-mean (T)) ."2) ;
CH_RS=1—(ERRSUM/ERRSUMPL); %CH R-Squared computation
TEMP=(Sum(ABSER.A2)—N*CH_ABSERRA2);

CH STD=sqgrt (TEMP/ (N-1));%CH Standard Deviation

CH_OUTPUT=[CH ABSERR;CH STD;CH RMSE;CH RS];

\

% ADAPTED COST 231 WALFISCH-IKEGAMI PREDICTION

d=dtest;
if hb > Hroof
Ka = 54;

else
if d>= 0.5

Ka = 54 - 0.8 * dH;
else

Ka =54 - 0.8 *dH *~d / 0.5;
end
end

Imsd = Lbsh + Ka + Kd * LoglO(d)+ Kf * LoglO(f)- 9 *

LoglO (B1) ;

Lfs = 32.45 + 20 * LoglO(d)+ 20 * LoglO(f);
PL = Lfs + Lmsd + Lrts;

WI3=PL.*(1.0805
WI=WI3';
WI2=PL';
SWI=WIZ;

WI PE = T-WI; 5 COST 231 HATA Prediction Error

WI MSE = mse(WI PE); % CH Mean Square Error

WI RMSE=sqrt (WI_MSE);3%Root mean square error computation
N=length (T) ;

ABSER=abs (T-WI) ;

WI_ABSERR=1/N*Sum(ABSER);% CH Absolute Error
ERRSUM=sum ( (T-WI) ."2) ;%$Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

WI RS=1- (ERRSUM/ERRSUMPL); %CH R-Squared computation
TEMP=(sum(ABSER.A2)—N*WI_ABSERRA2);

WI STD=sqgrt (TEMP/ (N-1));%CH Standard Deviation

0.0155.*d) ;% Optimised

\\e]

WI OUTPUT=[WI ABSERR;WI STD;WI RMSE;WI RS];
STATS=[MLP_OUTPUT RBF OUTPUT WI OUTPUT CH_OUTPUT]
plot (dtest,pltest rev, '*--k',dtrain,MLP, 's-g',dtrain, RBF, 'o-

b',dtrain,WI, 'd-r',dtrain,WI2, 'd-c',dtrain,CH, '-k',dtrain, CH2, '--
r','LineWidth', 2)
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legend ('TEST DATA', 'MLP-NN', 'GRBF-NN', "ADPTD.COST 231 WALF-IKEG', 'COST
231 WALF-IKG', 'ADPTD. COST 231 HATA', 'COST 231 HATA');

$plot (v, k,"'*--k',v,Y1,'s-g',v,Y2,'o-b',v,Y6,'d-c',v,¥62,'d-r',v,Y5, '—-
m',v,¥52,'--r', 'LineWidth', 2);

%$legend ('TEST DATA', 'MLP-NN', 'GRBF-NN', 'COST 231 WALF-IKEG', 'OPT. COST
231 WALF-IKEG','COST 231 HATA', 'OPT. COST 231 HATA');

xlabel ('DISTANCE (km) ")

ylabel ('PATH LOSS(dB) ')

grid on

APPENDIX B8: Applicability Test and Adaptation of Empirical
Models (Maiduguri)

% ADAPTATION OF EMPIRICAL MODELS FOR SEMI-URBAN TERRAIN

close all

clear all

clc

%$GSM NETWORK PARAMETERS

hb = 40;
f = 900;
hm = 1.5;
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EIRP=46;

SHATA-OKUMURA CONSTANTS
CH=0.8+(1.1*1logl0(£f)-0.7)*hm-1.56*10gl0 (f) ;
SU=5.4+2* (logl0(£/28))"2; %Sub-urban
OP=4.78* (logl0O (£f))"2-18.33*1ogl0(f)-40.94; %Open Area

%$COST 231 HATA CONSTANTS
ahR=(1.1*1ogl0(f)-0.7)*hm-1.56*10gl10 (f)-0.8;
Cl=0; % For small and medium city

SWALFISCH-IKEGAMI CONSTANTS
rw = 20;
Bl = 2 * rw;
roof = 3;
floors = 3;
Hroof = 3 * floors + roof;
dH = hb - Hroof;

% Lbsh
if hb > Hroof
Lbsh = -18 * 1loglO(1 + dH);
else
Lbsh = 0;
end
if hb > Hroof
Kd = 18;
else
Kd = 18 - 15 * dH / Hroof;
end
$Kf = -4 + 1.5 * (£ / 925 - 1); %$for Large City
Kf = -4 + 0.7 * (£ / 925 - 1);
$Lori
Lsum = 0;
teta=10;
Jt=0;

while 90 > teta,
if teta >= 0 && teta < 35

Lteta = -10 + 0.35 * teta;
elseif teta >= 35 && teta < 55

Lteta = 2.5 + 0.075 * (teta - 35);
else

Lteta

4 - 0.114 * (teta - 55);
end
Lsum = Lsum + Lteta;
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teta=teta+10;
Jt=jt+1;
end

Lori=Lsum/Jjt;
Lrts=-16.9-10*10gl10 (rw) +10*10gl0 (f) +20*10gl0 (Hroof - hm)+Lori

dtrain= (0.1:0.2:2.5); % Transmitter-Receiver separations

% Path loss data
pltrain= [89.67
103.64

109.83

115.12

118.96

123.60

124.37

130.12

136.41

135.99

137.27

142.30

147.22

1"

T=pltrain;

% COST 231 HATA ADAPTATION

d=dtrain;

A=46.3+33.9*Logl0 (f)-13.82*Logl0 (hb) -ahR;
B=(44.9-6.55*10gl0 (hb) ) *1ogl0 (d) +C1;
CHPL=A+B;

trd=pltrain;
N=length (T) ;

Bcc = sum(d) ;
Ccc = sum(d.”2);
Gcc = sum(d.”3);
Ncc = sum(d.”4);
Dcc = sum(trd);
Hcc = sum(d.*trd);
Pcc = sum((d.”2).*trd);
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dt = N * (Fcc * Ncc - Gecec * Mcc) - Bece * (Ecc * Ncc - Gece

* Lce) + Ccc * (Ecc * Mcc - Fcc * Lcecce);

DTO = Dcc * (Fcc * Ncc - Gee * Mcc) - Bece * (Hece * Necc -
Gcec * Pcc) + Ccc * (Hcc * Mcc - Fcc * Pcc);

DTl = N * (Hcc * Ncc - Gecec * Pcc) - Dcc * (Ecc * Ncc - Gece
* Lcec) + Ccc * (Ecc * Pcc - Hce * Lcce);

DT2 = N * (Fcc * Pcc - Hcc * Mcc) - Becce * (Ecc * Pcc - Hece
* Lce) + Dcec * (Ecc * Mcc - Fcc * Lcce);

AAQ0 = DTO / dt

AAQ01l = DT1 / dt

AAO02 = DT2 / dt
L=AA00+AAQ1*d+AAQ2* (d.*d) ;
0=L./CHPL;

QUOTS=[d Q]

bl = sum(d);

cl = sum(Q) ;

el = sum(d.”2);

fl = sum(d.*Q);
al = N;
dl = bl;

dt = al * el - dl * bl;
DTO = cl * el - f1 * bl;
DT1 = al * £f1 - dl * cl;

A0 = DTO / dt
Al DT1 / dt

CH2=CHPL.* (AO+Al.*d) ;
$Y=PLch.*Q;

CH=CHPL;

T=pltrain';
N=length (pltrain);

CH PE = T-CH'; % COST 231 HATA Prediction Error

CH MSE = mse (CH_PE); % CH Mean Square Error

CH RMSE=sqrt (CH _MSE) ; $Root mean square error computation
N=length (T) ;

ABSER=abs (T-CH') ;

CH_ABSERR=1/N*sum(ABSER);% CH Absolute Error
ERRSUM=sum ( (T-CH') ."2) ; $Rsquared computation
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ERRSUMPL=sum ( (
CH RS=1-
TEMP=

(ERRSUM/ERRSUMPL) ;
(sum (ABSER."2)

T-mean (T)) ."2);

%CH R-Squared computation
—N*CH_ABSERRAZ);

CH STD=sqgrt (TEMP/ (N-1));%CH Standard Deviation

CH _OUTPUT=

\

[CH _ABSERR;CH STD;CH RMSE;CH RS];

% QORT ADAPTED COST 231 WALFISCH-IKEGAMI

d=dtrain;
if hb > Hroof
Ka = 54;
else
if d>= 0.5
Ka = 54 - 0.8 * dH;
else
Ka =54 - 0.8 *dH *~d / 0.5;
end
end
Imsd = Lbsh + Ka + Kd * LoglO(d)+ Kf * LoglO(f)- 9 *
LoglO (B1)
Lfs = 32.45 + 20 * LoglO(d)+ 20 * LoglO(f)
PL = Lfs + Lmsd + Lrts;
Bcc = sum(d);
Ccc = sum(d.”2);
Gcec = sum(d.”3);
Ncc = sum(d.”4);
Dcc = sum(pltrain);
Hcc = sum(d. *pltraln);
Pcc = sum((d.”2).*pltrain);
Ecc Bcc,
Fcc = Ccc;
Lce = Cccy
Mcc = Gccy;
dt = N * (Fcc * Ncc - Gcec * Mcc) - Bee * (Ecc * Ncc - Gece
* Lcec) + Ccc * (Ecc * Mcc - Fcc * Lcecce);
DTO = Dcc * (Fcc * Ncc - Gee * Mcc) - Bee * (Hece * Necc -
Gcec * Pcc) + Ccc * (Hcc * Mcc - Fcc * Pcc);
DTl = N * (Hcc * Ncc - Gece * Pcc) - Dcec * (Ecc * Ncc - Gece
* Lcec) + Ccc * (Ecc * Pcc - Hcc * Lcecce);
DT2 = N * (Fcc * Pcc - Hcc * Mcc) - Bee * (Ecc * Pcc - Hcce
* Lcc) + Dcec * (Ecc * Mcc - Fcc * Lece);
AAQO0 = DTO / dt
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AAQ01l = DT1 / dt
AAO02 = DT2 / dt

L=AA00+AAQ01*d+AA02* (d.*d) ;

0=L./PL;
bl = sum(d);
cl = sum(Q);
el = sum(d.”"2);
fl = sum(d.*Q);
al = N;
dl = bl;
dt = al * el - dl * bl;
DTO = ¢l * el - f1 * bl;
DTl = al * f1 - dl * cl;
A0 = DTO / dt
Al = DT1 / dt
WI2=PL.* (AO+Al.*d);
WI=PL;
WI PE = T-WI'; % COST 231 HATA Prediction Error

WI MSE = mse(WI PE); % CH Mean Square Error

WI RMSE=sqgrt (WI_MSE);%*Root mean square error computation
N=length (T) ;

ABSER=abs (T-WI') ;

WI ABSERR=1/N*sum(ABSER);% CH Absolute Error
ERRSUM=sum ( (T-WI') ."2);%Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

WI RS=1- (ERRSUM/ERRSUMPL); %CH R-Squared computation
TEMP= (sum (ABSER."2) -N*WI ABSERR"2Z) ;

WI STD=sqgrt (TEMP/ (N-1));%CH Standard Deviation

WI_OUTPUT=[WI ABSERR;WI STD;WI RMSE;WI RS];

RMSEl=sqgrt (sum((T-CH'") ."2)/(N-1))
RMSE2=sqgrt (sum((T-WI').”2)/(N-1))

STATS=[WI_OUTPUT CH_OUTPUT]
plot (dtrain, pltrain, '*--k',dtrain,WI,'d-b',dtrain,WI2,'d-
r',dtrain,CH, '-k',dtrain,CH2, "'--r', 'LineWidth', 2)

legend ("MEASUREMENT ', 'COST 231 WALF-IKEG', "ADPTD. COST 231 WALF-
IKG', 'COST 231 HATA','ADPTD. COST 231 HATA');
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$plot (v, k, '*--k',v,Y1,'s-g',v,Y¥2,'0o-b',v,¥Y6,'d-c',v,¥62,'d-r',v,¥5, '--
m',v,Y52,"'--r', 'LineWidth', 2);

%$legend ('TEST DATA', 'MLP-NN', '"GRBF-NN', 'COST 231 WALF-IKEG','OPT. COST
231 WALF-IKEG', 'COST 231 HATA','OPT. COST 231 HATA'");

xlabel ('DISTANCE (km) ")

ylabel ('PATH LOSS (dB) ')

grid on

APPENDIX B9: Technique A (Maiduguri)

% SEMI-URBAN TERRAIN

$TECHNIQUE A: SPLITTING DATA INTO 60% TRAINING, 10% VALIDATION AND 30%
TESTING

close all

clear all

clc

%GSM NETWORK PARAMETERS

hb = 40;
f = 900;
hm = 1.5;
EIRP=46;
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%$COST 231 HATA CONSTANTS
ahR=(1.1*1ogl0(f)-0.7)*hm-1.56*10gl0 (£)-0.8;
Cl=0; % For small and medium city

SWALFISCH-IKEGAMI CONSTANTS
rw = 20;
Bl = 2 * rw;
roof = 3;
floors = 3;
Hroof = 3 * floors + roof;
dH = hb - Hroof;

$ Lbsh
if hb > Hroof
Lbsh = -18 * loglO(1 + dH);
else
Lbsh = 0;
end

if hb > Hroof

Kd = 18;
else
Kd = 18 - 15 * dH / Hroof;
end
Kf = -4 + 1.5 * (f / 925 - 1); %for Large City
KE = -4+ 0.7 * (£ / 925 - 1);
$Lori
Lsum = 0;
teta=10;
Jjt=0;

while 90 > teta,
if teta >= 0 && teta < 35
Lteta = -10 + 0.35 * teta;
elseif teta >= 35 && teta < 55
Lteta = 2.5 + 0.075 * (teta - 35);

else
Lteta = 4 - 0.114 * (teta - 55);
end
Lsum = Lsum + Lteta;
teta=teta+10;
Jt=jt+1;
end

Lori=Lsum/Jjt;
Lrts=-16.9-10%10gl0 (rw) +10*10gl0 (f) +20*10gl0 (Hroof - hm)+Lori;
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dtrain= (0.1:0.2:2.5); % Transmitter-Receiver separations

% Training Path loss data
pltrain= [93

104

111

119

117

127

121

129

133

140

136

140

152

1"

\

% FORMATTING BASE STATION DATA TO HAVE MEAN=0, AND STD=1

[pn,psl] = mapstd(dtrain);
[tn,ts] = mapstd(pltrain);

rand('seed',6273432);

[trainP,valP, testP,trainind,vallnd, testInd] =
dividerand(pn,0.6,0.1,0.3);
$[trainP,valP, testP, trainInd,vallnd, testInd]
dividerand(pn,0.48,0.4,0.12);
%[trainP,valP,testP,trainInd,vallInd, testInd]
dividerand(pn,0.48,0.12,0.4);

[trainT,valT, testT] = divideind(tn,trainInd,valInd, testInd);

$ MLP-NN

net = newff (pn,tn, [3],{}, "trainlm');

net.trainParam.epochs = 100;

net.trainParam.goal = 0.1;

[net,tr] = train(net,trainP,trainT);

simulate = sim(net,testP); % STEP4: SIMULATING NETWORK RESPONSE
INPUTS

simulate rev = mapstd('reverse',6 simulate,ts);

pltrain rev=mapstd('reverse',trainT,ts);
dtrain rev=mapstd('reverse', trainP,psl);
$plval rev=mapstd('reverse',valT,ts);
¥dval rev=mapstd('reverse',valP,psl);
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plval rev=mapstd('reverse', testT,ts);
dval rev=mapstd('reverse', testP,psl);

T=plval rev; MLP=simulate rev;

MLP PE = T-MLP; % MLP-NN Prediction Error

MLP MSE = mse (MLP PE); % MLP-NN Mean Square Error

MLP RMSE=sqrt (MLP MSE); %Root mean square error computation
N=length (T) ;

ABSER=abs (T-MLP) ;

MLP_ABSERR=1/N*sum(ABSER);% MLP-NN Absolute Error
ERRSUM=sum ( (T-MLP) ."2) ; $Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

MLP RS=1- (ERRSUM/ERRSUMPL) ; $MLP-NN R-Squared computation
al=(sum(ABSER.A2)—N*MLP_ABSERRAZ);
MLP_STD=sqrt(a1/(N—1));%MLP—NN Standard Deviation

MLP OUTPUT=[MLP ABSERR;MLP STD;MLP RMSE;MLP RS]

% GRBF-NN

eg = 0.1; % sum-squared error goal (default 0.0)
$sc = 0.3273;

%$sc = 0.9115;

sc = 0.51;

[net,tr]= newrb(trainP, trainT, eqg, sc);

$SIM RB = sim(net,valP);
SIM RB = sim(net, testP);
REV_SIM = mapstd('reverse',SIM RB, ts);

RBF=REV_SIM;

RBEF PE = T-RBF; % RBF-NN Prediction Error

RBF MSE = mse (RBF PE); % RBF-NN Mean Square Error

RBF RMSE=sqrt (RBF MSE);%Root mean square error computation
N=length (T) ;

ABSER=abs (T-RBF) ;

RBF_ABSERR=1/N*sum(ABSER);% RBF-NN Absolute Error
ERRSUM=sum ( (T-RBF) ."2) ; $Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

RBF RS=1- (ERRSUM/ERRSUMPL) ; $RBF-NN R-Squared computation
al=(sum(ABSER.A2)—N*RBF_ABSERRA2);
RBF_STDzsqrt(al/(N—l));%RBF—NN Standard Deviation

\

RBF_OUTPUT=[RBF ABSERR;RBF STD;RBF RMSE;RBF RS];

% COST 231 HATA PREDICTION

d=dtrain;

A=46.3+33.9*Logl0 (f)-13.82*Logl0 (hb) -ahR;
B=(44.9-6.55*10gl0 (hb) ) *1ogl0 (d) +C1;
CHPL=A+B;

$CH=CHPL;
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CH2=CHPL.* (0.9436+0.0336.*d) ;
CH=CH2';

T=pltrain';
N=length (pltrain);

% COST 231 HATA Prediction Errors

CH PE = T-CH; % COST 231 HATA Prediction Error

CH MSE = mse(CH PE); % CH Mean Square Error

CH RMSE=sqrt (CH MSE);%Root mean square error computation
N=length (T) ;

ABSER=abs (T-CH) ;

CH_ABSERR=1/N*sum(ABSER);% CH Absolute Error
ERRSUM=sum ( (T-CH) ."2) ; $Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;
CH_RS=1—(ERRSUM/ERRSUMPL); %CH R-Squared computation
TEMP=(Sum(ABSER.A2)—N*CH_ABSERRAZ);

CH STD=sqrt (TEMP/ (N-1));%CH Standard Deviation

CH_OUTPUT=[CH ABSERR;CH STD;CH RMSE;CH RS];

\

% QRT ADAPTED COST 231 WALFISCH-IKEGAMI

d=dtrain;
if hb > Hroof
Ka = 54;

else
if d>= 0.5

Ka = 54 - 0.8 * dH;
else

Ka = 54 - 0.8 * dH * d / 0.5;
end
end

ILmsd = Lbsh + Ka + Kd * LoglO(d)+ Kf * LoglO(f)- 9 * LoglO(B1l);

Lfs = 32.45 + 20 * LoglO(d)+ 20 * LoglO(f);
PL = Lfs + Lmsd + Lrts;

WI=WI2"';

% ORT Adapted Walf-Tkeg Prediction Errors

WI PE = T-WI; % Prediction Error

WI MSE = mse(WI PE); % CH Mean Square Error

WI RMSE=sqgrt (WI_MSE);%Root mean square error computation

N=length (T) ;

ABSER=abs (T-WI) ;

WI_ABSERR=1/N*sum(ABSER);% CH Absolute Error
ERRSUM=sum ( (T-WI) ."2) ;%$Rsquared computation
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ERRSUMPL=sum ( (T-mean (T)) ."2) ;

WI RS=1- (ERRSUM/ERRSUMPL); %CH R-Squared computation
TEMP=(Sum(ABSER.A2)—N*WI_ABSERRAZ);

WI_ STD=sqgrt (TEMP/ (N-1));%CH Standard Deviation

WI2 OUTPUT=[WI ABSERR;WI STD;WI RMSE;WI RS];

% QRT Walf-Ikeg Prediction Errors

WI=PL';

WI PE = T-WI;

WI MSE = mse(WI PE); % CH Mean Square Error

WI RMSE=sqgrt (WI_MSE);%Root mean square error computation
N=length (T) ;

ABSER=abs (T-WI) ;

WI_ABSERR=1/N*Sum(ABSER);% CH Absolute Error
ERRSUM=sum ( (T-WI) ."2) ;%$Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

WI RS=1- (ERRSUM/ERRSUMPL); %CH R-Squared computation
TEMP= (sum (ABSER."2) -N*WI ABSERR"2) ;

WI STD=sqrt (TEMP/ (N-1));%CH Standard Deviation

WI_OUTPUT=[WI_ABSERR;WI STD;WI RMSE;WI RS];
STATS=[MLP_OUTPUT RBF OUTPUT WI2 OUTPUT WI_OUTPUT CH OUTPUT]

plot(dval rev,plval rev,'*--k',dval rev,MLP,'s-g',dval rev,RBF, 'o-
b',dtrain,WI, 'd-c',dtrain,WI2, 'd-r',dtrain,CH, 'o-k', '"LineWidth', 2)
legend ('TEST DATA', 'MLP-NN', "GRBF-NN', 'COST 231 WALF-IKEG', 'ADPTD.
COST 231 WALF-IKG','COST 231 HATA');

xlabel ('DISTANCE (km) ")

ylabel ('PATH LOSS (dB) ")
grid on

APPENDIX B10: Techniques B and C (Maiduguri)

o

SEMI URBAN TERRAIN (MAIDUGURI)
TECHNIQUE B: TRAINING WITH GEOM. MEAN AND TESTING WITH TESTING SET
TECHNIQUE C: TRAINING WITH ONE BST AND TESTING WITH ANOTHER

o°

o°

close all
clear all
clc

%GSM NETWORK PARAMETERS

hb = 40;
f = 900;
hm = 1.5;
EIRP=46;
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%$COST 231 HATA CONSTANTS
ahR=(1.1*1ogl0(f)-0.7)*hm-1.56*10gl0 (£)-0.8;
Cl=0; % For small and medium city

SWALFISCH-IKEGAMI CONSTANTS
rw = 20;
Bl = 2 * rw;
roof = 3;
floors = 3;
Hroof = 3 * floors + roof;
dH = hb - Hroof;

$ Lbsh
if hb > Hroof
Lbsh = -18 * 1loglO (1 + dH);
else
Lbsh = 0;
end
if hb > Hroof
Kd = 18;
else
Kd = 18 - 15 * dH / Hroof;
end
Kf = -4 + 1.5 * (£ / 925 - 1); %for Large City
KE = -4+ 0.7 * (£ / 925 - 1);
$Lori
Lsum = 0;
teta=10;
Jjt=0;

while 90 > teta,
if teta >= 0 && teta < 35
Lteta = -10 + 0.35 * teta;
elseif teta >= 35 && teta < 55
Lteta = 2.5 + 0.075 * (teta - 35);

else
Lteta = 4 - 0.114 * (teta - 55);
end
Lsum = Lsum + Lteta;
teta=teta+10;
Jt=jt+1;
end

Lori=Lsum/Jjt;
Lrts=-16.9-10*%10gl0 (rw) +10*10ogl0 (f) +20*10gl0 (Hroof - hm)+Lori;

STEP 1: ASSEMBLING TRAINING DATA

o©
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dtrain=(0.1:0.2:2.5); % Transmitter-Receiver separations
% Training Path loss data
pltrain= [90

103

109

119

116

124

124

129

134

138

137

140

156

1"

% Testing Path loss data
dtest= (0.1:0.2:2.5);
pltest = [92

103

115

121

118

130

131

134

133

136

137

137

140

1"

% FORMATTING TRAINING AND TESTING DATA TO HAVE MEAN=(0, AND STD=1

[pn,psl] = mapstd(dtrain);
[tn,ts] = mapstd(pltrain);
[pn2,ps2] = mapstd(dtest);
[tn2,ts2] = mapstd(pltest);

$rand ('seed', 62734347);
rand('seed',6273434);

% MLP-NN TRAINING AND TESTING

net = newff (pn,tn,4,{}, 'trainlm');% STEP 2: CREATING NETWORK OBJECT

o

% Default Training Algorithm: Levenberg-Marquardt backpropagation

net.trainParam.epochs = 100; % Number of iterations
net.trainParam.goal = 0.00001;
[net] = train(net,pn,tn); % STEP3: TRAINING NETWORK
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simulate = sim(net,pn2); % STEPA4: SIMULATING NETWORK RESPONSE TO
INPUTS
simulate rev = mapstd('reverse',6 simulate,ts2);

dtrain rev=mapstd('reverse',pn,psl);
pltrain rev=mapstd('reverse',6 tn,ts)
dtest rev=mapstd('reverse',pn2,ps2)

2

pltest rev=mapstd('reverse',tn2,ts

’
’
) ;

T=pltest rev;
MLP=simulate rev;
MLP PE = T-MLP; % MLP-NN Prediction Error

MLP MSE = mse (MLP PE); % MLP-NN Mean Square Error
MLP RMSE=sqrt (MLP MSE); $Root mean square error computation

N=length (T) ;

ABSER=abs (T-MLP) ;

MLP_ABSERR=1/N*Sum(ABSER);% MLP-NN Absolute Error
ERRSUM=sum ( (T-MLP) ."2) ; $SRsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

MLP_RS=1—(ERRSUM/ERRSUMPL); $MLP-NN R-Squared computation
al=(sum(ABSER."2) -N*MLP ABSERR"2) ;

MLP_ STD=sqgrt (al/ (N-1));%MLP-NN Standard Deviation

MLP_OUTPUT=[MLP_ ABSERR;MLP STD;MLP RMSE;MLP RS];

% GRBF-NN TRAINING OF BST1 AND COMPARING WITH BST2

eg 0.001; % Sum-squared error goal (default 0.0)
sc = 0.822; % Spread constant

[net, tr]= newrb (pn, tn,eqg, sc); % STEP2: CREATING NETWORK OBJECT

%$Max no of neurons (default=length(P)), No of neurons to
add (default (25)

SIM_RB = sim(net,pn2); % STEP3: SIMULATING NETWORK RESPONSE TO
INPUTS
REV_SIM = mapstd('reverse',SIM RB,ts2);

RBF=REV_SIM;

RBF PE = T-RBF; % RBF-NN Prediction Error

RBF MSE = mse (RBF PE); % RBEF-NN Mean Square Error

RBF RMSE=sqrt (RBF MSE); 3Root mean square error computation
N=length (T) ;

ABSER=abs (T-RBF) ;

RBF_ABSERR=1/N*sum(ABSER);% RBEF-NN Absolute Error
ERRSUM=sum ( (T-RBF) ."2) ; $SRsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

RBF RS=1- (ERRSUM/ERRSUMPL) ; $RBF-NN R-Squared computation

195



al=(sum(ABSER.A2)—N*RBF_ABSERRAZ);
RBF_STD=sqrt(a1/(N—1));%RBF—NN Standard Deviation

RBF_OUTPUT=[RBF ABSERR;RBF STD;RBF RMSE;RBF RS];

% COST 231 HATA PREDICTION

d=dtrain;

A=46.3+33.9*%Logl0(f)-13.82*Logl0 (hb) —ahR;
B=(44.9-6.55*10gl10 (hb) ) *1ogl0 (d) +C1;

CHPL=A+B;

$CH=CHPL;

CH2=CHPL.* (0.9436+0.0336.*d) ;

CH=CH2Z2;

T=pltest';

N=length (pltest);

CH PE = T-CH'; % COST 231 HATA Prediction Error

CH MSE = mse(CH _PE); % CH Mean Square Error

CH RMSE=sqgrt (CH MSE);%Root mean square error computation
N=length(T) ;

ABSER=abs (T-CH') ;

CH_ABSERR=1/N*sum(ABSER);% CH Absolute Error
ERRSUM=sum ( (T-CH') ."2) ; $Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;
CH_RS=1—(ERRSUM/ERRSUMPL); %CH R-Squared computation
TEMP=(Sum(ABSER.A2)—N*CH_ABSERRAZ);

CH STD=sqgrt (TEMP/ (N-1));%CH Standard Deviation

CH_OUTPUT=[CH ABSERR;CH STD;CH RMSE;CH RS];

\

% QRT ADAPTED COST 231 WALFISCH-IKEGAMI PREDICTION

d=dtest;
if hb > Hroof
Ka = 54;

else
if d>= 0.5

Ka = 54 - 0.8 * dH;
else

Ka = 54 - 0.8 * dH * d / 0.5;
end
end

Imsd = Lbsh + Ka + Kd * LoglO(d)+ Kf * LoglO(f)- 9 *

LoglO(BR1);

Lfs = 32.45 + 20 * LoglO(d)+ 20 * LoglO(f);
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PL = Lfs + Lmsd + Lrts;

WI3=PL.*1.1;% Adapted Walfisch-Tkeg.

WI=WI3';

WIZ2=WI3';

WI PE = T-WI; % Prediction Error

WI MSE = mse(WI PE); % Mean Square Error

WI RMSE=sqgrt (WI_MSE);%Root mean square error computation
N=length (T) ;

ABSER=abs (T-WI) ;

WI_ABSERR=1/N*Sum(ABSER);% Absolute Error
ERRSUM=sum ( (T-WI) ."2) ;%$Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;
WI_RS=1—(ERRSUM/ERRSUMPL); %$R-Squared computation
TEMP=(Sum(ABSER.A2)—N*WI_ABSERRAZ);

WI STD=sqgrt (TEMP/(N-1));% Standard Deviation

WIZ2 OUTPUT=[WI ABSERR;WI STD;WI RMSE;WI RS];

WI2=PL';

WI=WIZ2;

WI PE = T-WI; % Prediction Error

WI MSE = mse(WI PE); % Mean Square Error

WI RMSE=sqgrt (WI_MSE);%Root mean square error computation
N=length (T) ;

ABSER=abs (T-WI) ;

WI_ABSERR=1/N*Sum(ABSER);% Absolute Error
ERRSUM=sum ( (T-WI) ."2) ;%$Rsquared computation
ERRSUMPL=sum ( (T-mean (T)) ."2) ;

WI RS=1- (ERRSUM/ERRSUMPL); %R-Squared computation
TEMP= (sum (ABSER."2) -N*WI ABSERR"2Z) ;

WI STD=sqrt (TEMP/(N-1));% Standard Deviation

WI_OUTPUT=[WI ABSERR;WI STD;WI RMSE;WI RS];
STATS=[MLP_OUTPUT RBF OUTPUT WI2 OUTPUT WI OUTPUT CH OUTPUT]

plot (dtest,pltest rev, '*--k',dtrain,MLP, 's-g',dtrain, RBF, 'o-
b',dtrain,WIi3, 'd-r',dtrain,WI, 'd-c',dtrain,CH, '-k"', 'LineWidth', 2)
legend ('TEST DATA', 'MLP-NN', "GRBF-NN', "ADPTD.COST 231 WALF-IKEG', 'COST
231 WALF-IKG', 'COST 231 HATA');

%$plot (v, k,"'*--k',v,Y1,'s-g',v,Y¥2,'0o-b',v,Y¥6,'d-c',v,Y¥62, 'd-xr',v,Y5, '--
m',v,Y52,"'--r', 'LineWidth', 2);

%legend ('TEST DATA', 'MLP-NN', '"GRBF-NN', 'COST 231 WALF-IKEG','OPT. COST
231 WALF-IKEG', 'COST 231 HATA','OPT. COST 231 HATA'");

xlabel ('DISTANCE (km) ")

ylabel ('PATH LOSS(dB) ')

grid on

197



