To support the continuously increasing number of
mobile telephone users around the world, mobile
communication systems have become more advanced and sophisticated in their designs. As a result of
the great success with the second generation mobile radio networks, deployment of the third and
development of fourth generations, the demand
for higher data rates to support available services, such as internet connection, video telephony
and personal navigation systems, is ever growing.
To be able to meet the requirements regarding
bandwidth and number of users, enhancements of
existing systems and introductions of conceptually
new technologies and techniques have been researched and developed. Although new proposed
technologies in theory provide increased network
capacity, the backbone of a successful roll-out of a
mobile telephone system is inevitably the planning
of the network’s cellular structure. Hence, the
fundamental aspect to a reliable cellular planning
is the knowledge about the physical radio channel for wide sets of different propagation scenarios. Therefore, to study radio wave propagation
in typical Australian environments, the Commonwealth Scientific and Industrial Research Organisation (CSIRO) and the Australian Telecommunications Cooperative Research Centre (ATcrc) in
collaboration developed a cellular code division
multiple access (CDMA) pilot scanner. The pilot
scanner measurement equipment enables for radio wave propagation measurements in available
commercial CDMA mobile radio networks, which
in Australia are usually deployed for extensive ru-

ral areas. Over time, the collected measurement
data has been used to characterise many different
types of mobile radio environments and some of
the results are presented in this thesis.
The thesis is divided into an introduction section
and four parts based on peer-reviewed international research publications.The introduction section
presents the reader with some relevant background on channel and propagation modelling.
Also, the CDMA scanner measurement system
that was developed in parallel with the research
results founding this thesis is presented. The first
part presents work on the evaluation and development of the different revisions of the Recommendation ITU-R P.1546 point-to-area radio wave
propagation prediction model. In particular, the
modified application of the terrain clearance angle
(TCA) and the calculation method of the effective
antenna height are scrutinized. In the second part,
the correlation between the small-scale fading
characteristics, described by the Ricean K-factor,
and the vegetation density in the vicinity of the
mobile receiving antenna is investigated. The third
part presents an artificial neural network (ANN)
based technique incorporated to predict path loss
in rural macrocell environments. Obtained results,
such as prediction accuracy and training time, are
presented for different sized ANNs and different
training approaches. Finally, the fourth part proposes an extension of the path loss ANN enabling
the model to also predict small-scale fading characteristics.
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Abstract
To support the continuously increasing number of mobile telephone
users around the world, mobile communication systems have become
more advanced and sophisticated in their designs. As a result of the
great success with the second generation mobile radio networks, deployment of the third and development of fourth generations, the demand
for higher data rates to support available services, such as internet
connection, video telephony and personal navigation systems, is ever
growing. To be able to meet the requirements regarding bandwidth and
number of users, enhancements of existing systems and introductions
of conceptually new technologies and techniques have been researched
and developed. Although new proposed technologies in theory provide
increased network capacity, the backbone of a successful roll-out of a
mobile telephone system is inevitably the planning of the network’s
cellular structure. Hence, the fundamental aspect to a reliable cellular
planning is the knowledge about the physical radio channel for wide sets
of different propagation scenarios. Therefore, to study radio wave propagation in typical Australian environments, the Commonwealth Scientiﬁc and Industrial Research Organisation (CSIRO) and the Australian
Telecommunications Cooperative Research Centre (ATcrc) in collaboration developed a cellular code division multiple access (CDMA) pilot
scanner. The pilot scanner measurement equipment enables for radio
wave propagation measurements in available commercial CDMA mobile
radio networks, which in Australia are usually deployed for extensive
rural areas. Over time, the collected measurement data has been used
to characterise many different types of mobile radio environments and
some of the results are presented in this thesis.
The thesis is divided into an introduction section and four parts
based on peer-reviewed international research publications. The introduction section presents the reader with some relevant background on
channel and propagation modelling. Also, the CDMA scanner measurement system that was developed in parallel with the research results
founding this thesis is presented. The ﬁrst part presents work on the
evaluation and development of the different revisions of the Recommendation ITU-R P.1546 point-to-area radio wave propagation prediction
model. In particular, the modiﬁed application of the terrain clearance
angle (TCA) and the calculation method of the effective antenna height
are scrutinized. In the second part, the correlation between the smallscale fading characteristics, described by the Ricean K-factor, and the
vegetation density in the vicinity of the mobile receiving antenna is investigated. The third part presents an artiﬁcial neural network (ANN)
based technique incorporated to predict path loss in rural macrocell
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environments. Obtained results, such as prediction accuracy and training time, are presented for different sized ANNs and different training
approaches. Finally, the fourth part proposes an extension of the path
loss ANN enabling the model to also predict small-scale fading characteristics.
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Preface
This thesis summarises my work within the ﬁeld of radio wave propagation
measurements and modelling for mobile radio communications. The work
has been conducted at the Australian Telecommunications Cooperative Reseach Centre and Blekinge Institute of Technology. The thesis consists of an
introduction section followed by four publication parts, which are:

Part
I

Evaluation of the Propagation Model Recommendation ITU-R P.1546
for Mobile Services in Rural Australia

II

Analysis of Correlation Between Ricean K-Factor and Vegetation Density Surrounding a CDMA Mobile Terminal

III

Macrocell Path Loss Prediction Using Artiﬁcial Neural Networks

IV

Small-Scale Fading Prediction Using an Artiﬁcial Neural Network
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E. Östlin, H.-J. Zepernick, and H. Suzuki, “Macrocell radio wave propagation
prediction using an artiﬁcial neural network,” in IEEE Semiannual Vehicular
Technology Conference, vol. 1, Los Angeles, CA, USA, September 2004, pp.
57–61.

Part IV is published as:
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Introduction

Nowadays, wireless and mobile anytime-anywhere communications are embraced by consumers globally. Sales numbers are growing at a great rate and
are expected to do so for the foreseeable future. The growth is being strongly
driven by an increased portfolio of services and technological advancements
that are making portable radio equipment smaller, cheaper, more user-friendly
and reliable than ever before. To support this growth new advanced cellular
mobile radio systems have to be developed and deployed.
A well planned and designed cellular structure is a very important part of a
successful roll-out of a cellular mobile radio system. The cellular design has to
be supported by the physical layer [1, 2] to be able to back up the type of radio
access technology to be adopted [3, 4]. Thus, to enable for an efﬁcient cellular
design, in-depth knowledge regarding the physical radio channel is needed.
Accurate and robust prediction models are crucial to be able to predict the
radio channel behaviour for where the cellular mobile radio system is to be
deployed. In particular, mean path loss and fading characteristics have to be
predicted to enable for the utilisation of base stations (BS) with optimised
characteristics. The purpose of the work presented in this thesis is therefore
to measure and model radio channels with different characteristics and enable
for the results to be incorporated into the design of cellular mobile radio
networks. Speciﬁcally, measurements were conducted in rural Australia for
macrocell environments, which in regards to covered land area are dominant
on this continent. For the measurements, the CDMA pilot scanner utilised
omni-directional BSs and transmitted pilot signals already available in the
commercially adopted Interim Standard 95 (IS-95 [5]) mobile radio network.
Traditionally, a radio channel may be characterised in terms of mean path
loss, large- and small-scale fading, which generally will vary as a function
of carrier frequency, surrounding natural and man-made objects, vehicular
speeds, etc. [3, 4, 6, 7]. An overview of the radio wave propagation characteristics typically incorporated into a power budget design are illustrated in
1
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Figure 1: Conceptual power budget design [4, 7].

Fig. 1. The ﬁgure conceptualises how the received power, PRx , is related to the
transmitted power, PT x , the mean signal attenuation due to path loss, largeand small-fading margins and the varying antenna separation distance, d, due
to the mobile station’s (MS) position in relation to the BS. A power budget
to be used in the design phase of a cellular mobile radio network requires the
mean path loss, large- and small-scale fading margins to be estimated in order
to be able to obtain optimised BS parameters, such as antenna heights, transmitted powers, antenna gains and cable losses. Refering to Fig. 1, a simple
method often used to estimate the mean path loss is to empirically determine
a path loss exponent [3] by the means of linear regression in the logarithmic
domain (log-distance model), i.e., determine the linear relationship between
the signal attenuation in decibels [dB] and the transmitting and receiving antenna separation distances expressed logarithmically. Additional to the mean
path loss, a zero-mean variable given in dB that is normally distributed and
a Rayleigh distributed variable are typically used to determine the large-scale
and small-scale fading margins, respectively (see Fig. 1).
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To determine the mean path loss and suitable fading margins, radio wave
propagation prediction models are needed. A propagation model can be a set
of mathematical expressions, diagrams and/or algorithms used to represent
the radio characteristics for a given environment. In general, a model can be
empirical (statistical), theoretical (deterministic), or a combination of both.
An empirical model takes all environmental inﬂuences implicitly into account regardless if they can be separately recognized or not. Most commonly,
a simple log-distance model described by its path loss exponent may be obtained from measurement data and applied in environments similar to where
the measurements were performed. The main advantage of empirical models
is hence their simplicity and computational efﬁciency. The model accuracy
depends on the measurement accuracy and the similarity between the environments where the measurements and predictions are taking place.
A theoretical model is based on the principals of physics and may therefore be applied to different environments without, in principle, affecting the
accuracy. For example, this may be a distinctive hill being modelled by a
wedge to estimate the diffraction loss using a mathematical expression. Thus,
large and detailed topographic data bases and extensive modelling are needed
to describe the environment, where the model is to be applied, in detail. The
main drawbacks of theoretical models are the lack of detailed and accurate
data bases, the model complexity and the computation inefﬁciency. Theoretical models are therefore mostly incorporated in the design of micro- and
picocells in urban and indoor environments, respectively. Although, when a
theoretical model is implemented well, many radio wave propagation phenomenons are taken explicitly into account and hence the prediction accuracy
may be higher compared to standard empirical models.
It is therefore obvious why empirical models with additional corrections based on analytical methods have become popular over the years. For example, a
log-distance model may be combined with an analytical model to enhance the
prediction accuracy for speciﬁc scenarios, such as diffraction over a distinct
large object. Nowadays, with the increasing availability of accurate topographic data bases describing terrain, buildings and vegetation, models such as
ray tracing and artiﬁcial neural network techniques that utilise all this information efﬁciently are increasingly being incorporated in the design phase of
commercial cellular radio systems.
But, even with the increased availability of detailed topographic data
bases, it is not certain that prediction models of today may be utilised to
improve prediction accuracy considerably [6]. For example, an empirical model such as the Okumura–Hata model that may take the effective antenna
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height into account will most unlikely perform signiﬁcantly better by incorporating a terrain data base with very high spatial resolution. Also, depending
on the data base accuracy, the additional geographic information may even
introduce errors that decrease prediction accuracy. More research should therefore be concentrated on how to best put these new available data bases into
efﬁcient use in order to obtain large- and small-scale prediction models that
are robust, accurate and computationally efﬁcient.
In this thesis, different versions of the Recommendation ITU-R P.1546
point-to-area propagation model have been evaluated thoroughly utilising
both measurements and models. Some of the work has greatly helped in
P.1546’s development and provided some thoughts and insights to go into future models. The Recommendation ITU-R P.1546 is based on numerous empirically obtained ﬁeld strength curves and provides additional empirical and
analytical corrections for speciﬁc scenarios, such as effective antenna height,
receiving/mobile antenna height, terrain clearance angle, propagation over
water, short suburban/urban paths, etc. Note that P.1546 deals with propagation scenarios for large antenna separation distances and incorporates
corrections for terrain variations and clutter height near the receiving antenna, which makes the model very relevant for path loss predictions in great
wide open Australian environments. Further, we have performed measurements and analysis to provide knowledge regarding correlation between the
vegetation density near the MS and the small-scale fading characteristics of
the received signal. This work may be used to decide on more appropriate
small-scale fading margins in a cellular radio network design (see Fig. 1). Our
extensive measurement data has also been used to develop a prediction model based on an artiﬁcial neural network (ANN) that predicts path loss as
well as small-scale fading characteristics. Our work shows that the proposed
prediction method incorporating an ANN performs very well, in the environments for which it was evaluated, compared to the Recommendation ITU-R
P.1546 and the Okumura–Hata model. The proposed ANN model is also far
less complex and requires substantionally less training compared to previous
published ANN approaches.
The results presented in this thesis are based on measurements obtained
in rural CDMA macrocell environments where the vegetation is sparse and
only a minimum of buildings and other man-made objects, typically small
town centres in the vicinity of the BSs, are present. The measurements were
performed using a custom-built CDMA pilot scanner that were developed
with the purpose to provide detailed and accurate radio wave propagation
measurements in realistic environments. The pilot scanner takes advantage of
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the fact that in CDMA systems, such as the IS-95 [5] mobile network deployed
and commercially available in Australia, a pilot signal with constant power is
continuously transmitted by the BSs. The received power is estimated from
the pilot signal’s short pseudo noise (PN) sequence by the means of crosscorrelation [8]. The BS antennas used in the rural IS-95 mobile networks
were of omni-directional type and typically in the range of 30 – 40 m in height
above ground. The transmitting BSs were usually covering a range of 15 –
30 km and each BS cell provided one dominant pilot signal until the receiving
antenna was being in the outskirts of the cell. Hence, predominantly only one
pilot signal [9] was received at the same time, which ensured that the effect
of inter-cell interference was kept at a minimum.
In the sequel of this introduction, the reader is provided with an overview
of the ﬁeld where the research work behind this thesis were conducted. Section
1 introduces the mobile radio channel, some common radio propagation mechanisms and diffraction models. Section 2 describes several path loss models.
Section 3 describes the radio wave fading phenomenon; large-scale, lognormal
and small-scale fading. Section 4 overviews contemporary radio wave propagation prediction methods, such as ray tracing and artiﬁcial neural networks.
Section 5 introduces the measurement equipment that were developed and
used in the measurement campaigns to obtain the presented results. Section
6 provides an overview of the parts on which the thesis is based.

1

Mobile Radio Channels

When a mobile user moves over large distances the attenuation of propagating
radio waves is affected by the antenna separation distance and large objects,
such as hills, buildings and vegetation. Smaller objects in the radio channel,
such as trees, uneven walls, cars and lamp posts, induce more rapid signal variations in the propagating radio waves. Compared to a wired channel, which
is more or less stationary and predictable, the behaviour of a wireless channel
can be very random. Therefore, system engineers need accurate models and
prediction methods to allow for reliable and robust design of cellular mobile
radio networks.

1.1

Propagation Mechanisms

Propagation mechanisms may generally be attributed to reﬂection, diffraction
and scattering [3]. Free space conditions are almost never at hand and the
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Transmission

Diffraction

Scattering

Guided Wave

Figure 2: Propagation mechanisms.
effect of the atmosphere can usually be ignored for the very high frequency
(VHF) and the ultra high frequency (UHF) bands. Some typical propagation
mechanisms are illustrated in Fig. 2.
Reﬂection
Reﬂection occurs when a propagating electromagnetic radio wave encounters
an object, which has large dimensions compared to the wave length. In practice, radio waves travel through air and encounters objects and surfaces, such
as buildings, other large man-made or natural occurring objects, earth and
water. Due to different impedances between the air and the encountered object, a part of the energy is reﬂected whilst the remaining part is refracted
into the other medium [6]. Typically, the encountered object is not a perfect
conductor and hence signal power will be lost in the reﬂection [3]. The proportion of energy reﬂected from and refracted into the encountered object is
dependent on the electric properties of the media, the electro magnetic wave’s
reﬂection and incident angles (which are the same) and the properties of the
electromagnetic wave.
Transmission
After reﬂection, the part of the propagating radio wave that is refracted will
propagate through the other medium (e.g., a wall in a building). The transmission phenomenon is typically of interest when radio wave propagation through,
into and inside a building are to be considered [6, 10].
Diffraction
The term diffraction is used to describe how radio waves bend over or around
the edge of an obstruction. Diffraction occurs when the obstructing object is
large compared to the wave length of the radio wave. Often Huygens–Fresnel
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principle [11, 12], which may be extracted [13] from Maxwell’s equations [14],
is used to give an insight to the diffraction phenomenon.
Scattering
Scattering is related to reﬂection and is sometimes referred to as diffuse reﬂection. For example, when a reﬂecting planar surface becomes more irregular,
scattering will occur with a higher probability. When scattering occurs, the
energy of the radio wave is distributed in all directions. Typically, scattering objects consist of trees, uneven walls, cars, lamp posts and other small
objects.
Guided Wave
Environments, such as street canyons, tunnels and corridors inside buildings
guide the propagating radio wave through multiple reﬂections off different
surfaces. The energy of the propagating radio wave will decay depending on
the electrical properties of the reﬂecting objects.

1.2

Knife-Edge Diffraction Loss

Estimating the signal attenuation due to diffraction is essential in order to
predict the MS received power for a given scenario.
Diffraction loss, such as propagation over a building or a distinct hill, may
be modelled using the knife edge model (see Fig. 3). The loss due to diffraction

htx

h
hrx
d
Δd

Figure 3: Single knife-edge diffraction.
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may then be estimated using nomographs [15], or modiﬁed mathematical expressions [16]. In practical planning situations and to estimate the diffraction
loss, Fresnel zones [3] and the Fresnel–Kirchhoff diffraction parameter [3] are
used. The Fresnel ellipsoids have the property that the total path length
from the transmitting to receiving antennas via each Fresnel ellipsoid is n λ/2
longer than the direct path [6]. In order to obtain transmission under free
space conditions, the ﬁrst Fresnel zone (n = 1) should be kept free from obstructions. In practice, it has been shown that as long as 55 – 60% of the ﬁrst
Fresnel zone is kept clear, further clearance will not signiﬁcantly reduce the
diffraction loss [3, 6].
As a reference method, a rigorous analytical calculation that incorporates
a complete Fresnel theory to estimate the diffraction loss due to two successive
obstacles was proposed in [17].
Further, several models that approximate the diffraction loss for two or
more obstacles have been developed. Some of the more common approximative models are:
• Bullington’s equivalent knife-edge [15]: The terrain described by
two knife edges is replaced with one ‘equivalent’ knife-edge at the point
of intersection of the horizon rays from the BS and MS terminals (see
Fig. 4). This method is simple, but the path loss is in general underestimated.
• The Epstein–Peterson method [18]: The attenuation due to each
obstacle is calculated separately to obtain an overall result as a sum of
partial results (see Fig. 5). The method produces large errors when two
obstacles are closely spaced together. A correction given by Millington [17] may be incorporated to improve the predictions.
• The Japanese method [19]: In concept, this method is similar to the
Epstein–Peterson method. It has been shown in [20] that the produced
results are equivalent to the Epstein–Peterson method incorporating the
Millington correction given in [17]. In general, the method underestimates the path loss.
• The Deygout method [21]: A recursive method that calculates the
overall loss as the sum of individual losses for all obstacles in order
of decreasing Fresnel–Kirchhoff diffraction parameter [6]. In general,
the method shows good agreement with the Millington’s rigorous method [6]. If there are multiple obstacles and/or the obstructions are

9

Introduction

closely spaced, the method has been shown to overestimate the path
loss [22].
A drawback with the knife edge approach is that it does not take ground
reﬂections into account. It also omits wave polarisation, local roughness,
electric properties and the lateral proﬁle of the obstructing object. Also, a
more exact approximation may be obtained using an expression presented by

h

htx
hrx
d1

d2

Figure 4: Multiple knife-edge diffraction incorporating Bullington’s equivalent
knife-edge method [15].

h1

h2

h3

htx
hrx
d1

d2

d3

d4

Figure 5: Multiple knife-edge diffraction incorporating the Epstein–Peterson
diffraction construction method [18].
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Vogler [23]. This method handles up to ten edges and makes use of repeated
integrals of the error function.

1.3

Uniform Theory of Diffraction

For real-world propagation scenarios, obstructing objects, such as hills and
buildings, have large dimensions compared to the wave length of the transmitted radio waves. Also, these objects cannot be truly represented by an
inﬁnitely thin knife edge. Therefore, methods such as the geometric theory of
diffraction (GTD) [24] and the uniform theory of diffraction (UTD) [25] have
been developed. The UTD method enables for reasonable accurate modelling
of real terrain obstacles (see Fig. 6).
φ

Shadow boundary

s
φ

Source

(2 − n)π

E0

s

SOLID WEDGE
o-face

Observation point
E d (s)
n-face

Figure 6: Geometry for wedge diffraction using UTD [6].
The notation in Fig. 6 is given as:
Electric ﬁeld at the source
E0 :
E d (s):
Electric ﬁeld at the observation point
o-face:
Wedge surface facing the source
n-face:
Wedge surface facing the observation point
Distance along the ray path from the source to the edge
s :
s:
Distance along the ray path from the edge to the observation point
Angle between the o-face and s
φ :
φ:
360o − angle between the o-face and s
(2 − n)π:
< 180o
n:
integer.
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Diffraction boundaries with ﬁnite conductivity have been dealt with [26,
27] and also diffraction losses around corners can be handled [28]. Other advantages are that polarisation, local surface and the electrical properties of
the wedge material may be taken into account. Also, when implemented on
a computer, the method is only marginally more computationally demanding
than the knife-edge method. Finally, over the years the GTD and UTD methods have been modiﬁed to cater for rounded hill tops [29] and non-idealised
obstacles [30]. Note that typically, diffraction losses due to rounded obstacles
exceed the knife edge predictions.

2

Path Loss Models

A transmission via a radio channel will be affected by path loss (average signal
power attenuation), which is largely depending on the distance between the
transmitting and receiving radio antennas. Further, characteristics of objects
in the radio channel, particularly in the vicinity of the receiving MS, such as
terrain, buildings and vegetation may also have a signiﬁcant impact on the
path loss.
The prediction of the expected mean value of the received signal power,
P Rx , is crucial in the planning-phase of a cellular mobile radio network. The
knowledge of the expected coverage area for each BS in a cellular network is
very important in order to estimate the minimum acceptable reuse distance
of the carrier frequencies [9]. In CDMA radio access systems, such as IS-95,
the BS coverage area will dictate the PN sequence reuse scheme that has to
be put in place [9].
In a simple propagation model, the mean path loss is proportional to the
distance, d, to the power of the path loss exponent, γ, as
L ∝ dγ

(1)

where γ indicates the rate at which the path loss increases with distance. In
the logarithmic domain, this relationship may be expressed as
L[dB] = A + B γ log10 (d)

(2)

where the terms A and B are variables that depend on multiple parameters,
as will be shown in later sections. The variable γ depends on terrain and
topographical features and may take on values from 2 (free space) up to 6
for strong attenuation. For guided wave phenomenon, which may occur in
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tunnels, street canyons, or corridors inside buildings, even values below 2 are
possible. Some path loss exponents for different radio environments are shown
in Table 1 [3]. The path loss model’s objective is to ﬁnd the parameters that
Table 1: Path Loss Exponents for Different Environments
Environment
Path Loss Exponent, γ
Free Space

2.0

Urban Areas Cellular Radio

2.7 – 3.5

Shadowed Urban Cellular Radio

3.0 – 5.0

Line-of-Sight in Buildings

1.6 – 1.8

Obstructed in Buildings

4.0 – 6.0

Obstructed in Factories

2.0 – 3.0

determine (2).
The mean path loss may also be expressed as the ratio between the transmitted and received powers as


PT x
L[dB] = 10 log10
(3)
P Rx
where PT x and P Rx denote the transmitted and the average received power’s
in Watts [W], respectively.

2.1

Free Space Model

The most basic radio wave propagation scenario is when a radio wave travels
in free space from the transmitting antenna to the receiving antenna without
being affected by any obstacles in the radio wave channel. For this idealistic
scenario, the received average power depends only on the antenna’s separation
distance and the average received power is simply given by Friis’ free space
equation [3] as

P Rx = PT x GT x GRx

λ
4πd



2
= PT x GT x GRx

c
4πfc d

2
(4)
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where
PT x :
PRx :
GT x :
GRx :
λ:
d:
fc :
c:

Transmitted power [W]
Received power [W]
Transmitter antenna gain
Receiver antenna gain
Wavelength [m]
Antenna separation distance [m]
Carrier frequency [Hz]
Speed of light [m/s].

The antenna gains, GT x and GRx , are dimensionless and take on the value
1 if the antennas are isotropic, i.e., radiates the power uniformly in all directions. In sectorised mobile radio cells where directional antennas are used, the
antenna gain will be larger than 1. From (4), expressions that describe the
mean path loss in linear and logarithmic domains, respectively, may easily be
found as

−2
c
PT x
1
L=
=
∝ d2
(5)
GT x GRx 4πfc d
P Rx
and
L[dB] = A + B γ log10 (d)


2 
c
= −10 log10 GT x GRx
4πfc d


2 
c
= −10 log10 GT x GRx
+ 10 · 2 log10 (d)
4πfc


where the parameters introduced in (2) are obtained as


2 
c
A = −10 log10 GT x GRx
4πfc
B = 10
γ=2

(free space path loss exponent).

(6)

(7)
(8)
(9)

From (4) and (5) it can be seen that the mean path loss, L, increases as the
square of the antenna separation distance, d. In the logarithmic domain given
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by (6), this corresponds to a 20 dB decrease in the average received power,
P Rx , per decade increment of the antenna separation distance, d. The same
relationship is also present for variations in the carrier frequency, fc . Hence,
everytime the antenna separation distance or the carrier frequency is doubled,
the free space path loss is increased by 6 dB. This is the fundamental reason
why smaller cell sizes are deployed for higher carrier frequencies and therefore
why it is of such great importance to be able to design these complex cell
structures as accurately as possible.
For simplicity, a basic path loss, Lb [dB], between isotropic antennas in free
space may be expressed as [6]
Lb [dB] = 32.44 + 20 log10 (fc ) + 20 log10 (d)

(10)

where fc and d denote carrier frequency [MHz] and antenna separation distance [km], respectively.

2.2

Plane Earth Model

When the effect of the ground is also included, the wave propagates through
the reﬂection from the ground in addition to the direct path [31]. On an
ideal reﬂecting surface many reﬂections occur, but only one ray has the angle
of incidence, such that the reﬂection is reaching the receiving antenna (see
Fig. 7). If the antenna heights are assumed to be small in comparison to the

htx
hrx
d

Figure 7: Propagation over an ideal reﬂecting surface.
antenna separation distance, d, an analytical derivation of the mean path loss
expression may be formulated [6]. Taking the average received power, which
originates from the direct wave and the reﬂected wave, the following expressions in the linear and logarithmic domains, respectively, may be obtained
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as
L=

PT x
1
=
GT x GRx
P Rx



htx hrx
d2

−2

∝ d4

(11)

and
L[dB] = A + B γ log10 (d)

= −10 log10 GT x GRx



htx hrx
d2

2 


= −10 log10 GT x GRx (htx hrx )2 + 10 · 4 log10 (d)

(12)

where htx and hrx denote the height of the transmitting and receiving antennas in metres, respectively, and the parameters introduced in (2) become

(13)
A = −10 log10 GT x GRx (htx hrx )2
B = 10
γ=4

(14)
(path loss exponent).

(15)

From (12) and (15), it can now be seen that the average received power, P Rx ,
decreases with the fourth power of the antenna separation distance, d. Hence,
the average path loss, L[dB], for the plane earth scenario increases to be 40 dB
per decade increment of the antenna separation distance, d , which results in
a smaller range of coverage compared to the free space propagation scenario.
Note also that the path loss is reduced if the antenna heights are increased.
As for the free space model, a simpliﬁed basic path loss, Lb [dB], between
isotropic antennas and plane earth may be expressed as
Lb [dB] = 120 + 40 log10 (d) − 20 log10 (htx ) − 20 log10 (hrx )

(16)

where d, htx and hrx denote antenna separation distance [km], transmitting
antenna height [m] and receiving antenna height [m], respectively.

2.3

Two-Ray Model

The two-ray propagation model is an extension of the plane earth model to
also incorporate information regarding the surface properties of the reﬂecting
surface [3]. Below, a short comparison of the two-ray and free space models are presented for different antenna separation distances. The following
characteristics were used for the predictions:
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• Vertically polarised isotropic antennas
• Flat ground
• Carrier frequency, fc = 881.52 MHz
• Transmitting antenna height, htx = 35 m
• Receiving antenna height, hrx = 1.7 m
• Relative permittivity, r = 15 (typical ground)
• Conductivity, σ = 0.005 (typical ground).
Fig. 8 shows a comparison between the two-ray model and the free space
model for shorter and longer antenna separation distances. It can be seen in
Fig. 8(a) that the received power predicted by the two-ray model (solid curve)
ﬂuctuates near the BS due to the constructive or destructive combination of
two waves. In Fig. 8(b), it can be seen that after a certain distance, the
received power predicted by the two-ray model (solid curve) decays with the
distance much quicker than that of free space (dashed curve). This is due
to the fact that beyond this point, the difference in the length of the paths
becomes shorter and the reﬂection causes approximately a 180 degree phase
shift that always results in a destructive combination of the two waves

2.4

Log-Distance Model

A very common approach to ﬁnd simple models for different environments is
to incorporate linear regression in the logarithmic domain utilising measured
path loss data for different antenna separation distances. A model for a
speciﬁc environment may then be obtained as
L[dB] = A + B γ log10 (d)
= L(d0 ) + 10 γ log10



d
d0



= L(d0 ) − 10 γ log10 (d0 ) + 10 γ log10 (d)

(17)

where
A = L(d0 ) − 10 γ log10 (d0 )
B = 10

(18)
(19)

γ = determined by means of linear regression

(20)
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Figure 8: Comparison of the free space model and the two-ray propagation
model: (a) Shorter distances, (b) Longer distances.
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and d0 is the close-in distance. The average path loss at the close-in distance,
L(d0 ), may be obtained using the free space model (see Section 2.1), or from
measurements close to the transmitting antenna. Typical values for d0 in
macro-, micro- and picocells are 1 km, 100 m and 1 m, respectively. To avoid
near-ﬁeld effects, the close-in distance, d0 , should always be in the far ﬁeld [3].

2.5

Okumura Model

In 1968, the now well-known Okumura model was published [32] where a set
of curves was empirically derived from extensive measurements performed in
Tokyo. The measurements were performed using vertical omni-directional
antennas in environments that were classiﬁed as urban over quasi-smooth terrain. The model is applicable for frequencies in the range of 150 – 1920 MHz,
antenna separation distances between 1 and 100 km, BS antenna heights ranging from 30 to 1000 m. The model is one of the simplest and most accurate
path loss models to be used in cluttered areas and may be extrapolated to be
applicable for carrier frequencies up to 3000 MHz [3]. Hence, it has become a
benchmark with which other models are compared to.
The Okumura model is given as
L[dB] = Lf + Amu (f, d) − G(heﬀ ) − G(hrx ) − Garea

(21)

where the parameters in (21) are given as
L[dB] :
Lf :
Amu (f, d):
G(heﬀ ):
G(hrx ):
Garea :

Average path loss (median) [dB]
Free space path loss [dB]
Median attenuation relative to Lf [dB]
Transmitting antenna height gain factor [dB]
Receiving antenna height gain factor [dB]
Environment gain factor [dB].

The effective antenna height, heﬀ , is calculated as the BS height in metres
over the average level of the ground between distances, d, in the range of 3
and 15 km in the direction of the mobile antenna. If the receiving antenna
is at a distance less than 15 km, from the transmitting antenna, the average
level of the ground is calculated from 3 km to the location of the receiving
antenna. For antenna separation distances less than 3 km, the effective base
station antenna height is calculated as the difference between the transmitting
and receiving antennas.
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It was found that the transmitting antenna height gain factor, G(heﬀ ),
varies with 20 dB/decade and that the receiving antenna height gain factor,
G(hrx ), varies with 10 dB/decade to 20 dB/decade as


heﬀ
G(heﬀ ) = 20 log10
(22)
for 30 m < heﬀ < 1 km
200


hrx
G(hrx ) = 10 log10
(23)
for
hrx ≤ 3 m
3


hrx
(24)
G(hrx ) = 20 log10
for 3 m < hrx < 10 m.
3
The environment gain factor, Garea , and other terrain speciﬁc corrections
that may be applied, such as
• Terrain undulation height
• Isolated ridge height
• Average slope
• Mixed land-sea path parameter
are given as curves that can be found in [32].
The model has the disadvantage that it is slow in response to rapid terrain changes. Hence, the prediction accuracy is in general better in urban and
suburban areas compared to rural areas. It should be noted that this performance motivates the work in macrocell rural areas that have been researched
in this thesis.

2.6

Okumura–Hata Model

The Okumura–Hata model is likely to be the most used and widespread path
loss prediction model. The median path loss in dB given by Hata [33] is an empirical formulation of the graphical path loss data provided by Okumura [32]
and is expressed for urban areas as
Lurban [dB] = 69.55 + 26.16 log10 (fc ) − 13.82 log10 (heﬀ ) − a(hrx )[dB]
(25)
+ [44.9 − 6.55 log10 (heﬀ )] log10 (d)
where fc is the carrier frequency in MHz ranging from 150 to 1500 MHz, d is
the antenna separation distance (1 – 20 km), heﬀ is the effective base station
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antenna height in the range of 30 – 200 m, hrx is the mobile antenna height
ranging from 1 to 10 m, and a(hrx ) is the mobile antenna correction factor in
dB.
To follow previous notation, the parameters introduced in (2) are hence
obtained as
A = 69.55 + 26.16 log10 (fc ) − 13.82 log10 (heﬀ ) − a(hrx )[dB]
B γ = [44.9 − 6.55 log10 (heﬀ )].

(26)

For simplicity, or if terrain information is not available, the transmitting
antenna height, htx , may replace the effective antenna height, heﬀ .
The mobile antenna correction factor for small to medium sized cities is
given by
a(hrx ) = [1.1 log10 (fc ) − 0.7] hrx − [1.56 log10 (fc ) − 0.8]

(27)

and for large cities, the correction factor is expressed as
a(hrx ) =

8.29 [log10 (1.54 hrx)]2 − 1.1 for fc ≤ 300 MHz
3.2 [log10 (11.75 hrx)]2 − 4.97 for fc > 300 MHz.

(28)

The median path loss in a suburban area is obtained by modifying the
standard Hata formula in (25) as

Lsuburban [dB] = Lurban [dB] − 2 log10



fc
28

2
− 5.4

(29)

and for open rural areas, the modiﬁed formula is given by
Lopen [dB] = Lurban [dB] − 4.78 [log10 (fc )]2 + 18.33 log10 (fc ) − 40.94.

(30)

Note that the original Okumura model also includes some additional terrain related parameters, which makes the model somewhat more accurate
compared to the simpliﬁed Okumura–Hata model.

2.7

Miscellaneous Models

Over time, it has become clear that there is no uniﬁed model or method
that outperforms all the other models for all scenarios [34]. Most likely, the
engineer has to make a decision, based on experience, on which model to
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use, i.e., ﬁnd an appropriate balance between accuracy and simplicity for the
speciﬁc problem to be solved.
Below, a few well known and often referred to path loss models are introduced:
• General electric slide rule [35]: A slide rule for calculating the maximum range, or required transmitted power for a given range. Intended
for mobile, personal/portable and point-to-point communications and
carrier frequencies, fc , in the range of 40 – 900 MHz. Adjustable parameters are carrier frequency, antenna heights, effective mobile antenna
height, location variability (50 – 99.9%), transmitter output power [W],
system gain, antenna system gain/loss adjustments and land/sea.
• Extended COST231–Hata model [36]: The model was developed by
the European cooperation in the ﬁeld of scientiﬁc and technical research
(COST) Action 231 group: evolution of land mobile radio (including
personal communication). The model is sometimes called Hata Model
personal communication system (PCS) Extension and is an extension of
the Okumura–Hata model to be applicable for fc > 1500 MHz.
• Ericsson model 9999 [37]: This is Ericsson’s implementation of the
Okumura–Hata model. To provide more accurate results, it is possible
to change the model parameters depending on the propagation environment.
• Ibrahim and Parsons method [38]: Produced by analysis of measurement data collected in London at carrier frequencies of 168, 445 and
896 MHz. A good ﬁt with the forth-power law was obtained for antenna
separation distances up to 10 km for fc being equal to 168 and 455 MHz.
• Lee model [16]: The model is based on experimental results at 900 MHz
and operates in two modes (point-to-area and point-to-point). Corrections for sloping terrain and path obstructions may be incorporated.
Propagation parameters are given for free space, open space (rural),
suburban and urban (Philadelphia, Newark and Tokyo).
• Egli model [39]: The model is based on fourth-power (plane earth)
path loss with a lognormal variation in the median path loss over a small
area. An empirically extracted terrain parameter based on a series of
measurements over irregular terrain at carrier frequencies in the range
of 90 – 1000 MHz is also included.
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• EPM-73, high antenna/low antenna [40]: A procedural method
based on empirical results. The idea behind the model was to provide
reasonable accurate loss estimates together with associated uncertainties based on minimum input information. The input parameters are
antenna heights, frequency, antenna separation distance, polarization
and type of soil.
• Walﬁsch–Bertoni method [41, 42]: A theoretical model originally
developed to predict the effect of buildings on the median transmission
loss. Applicable in suburban and urban areas where buildings are reasonably uniform in height and are built in rows with small separation
distance between adjacent buildings.
• JRC method [43, 44]: A terrain based technique adopted by the Joint
Radio Committee (JRC) in the United Kingdom (UK). Terrain path
proﬁles are computed from digital elevation maps (DEMs) with a 0.5 km
resolution. Line of sight (LOS) and Fresnel zone clearance are checked
and free space and plane earth losses are incorporated together with
Epstein–Peterson construction method for up to three knife-edges. For
more than three knife-edges the Bullington construction method is used
to simplify the problem. In general, the JRC method underestimates
the path loss.
• Blomquist–Ladell model [45]: The same types of losses as in the JRC
method are considered. The losses are combined differently to provide
smoother transitions between points where the predictions are based on
free space and plane earth, respectively.
• Longley–Rice model [46, 47]: The model, also referred to as the Institute for Telecommunication Sciences (ITS) irregular terrain model [3],
predicts the median path loss over irregular terrain for carrier frequencies in the range of 40 – 100 GHz. The two-ray model is applied on the
terrain path geometry and Fresnel–Kirchoff knife edge models are incorporated to estimate diffraction losses over isolated obstacles. The model
provides two modes of operation: 1) point-to-point predictions by incorporating detailed terrain path proﬁles; 2) point-to-area predictions by
using terrain proﬁles representative of the median terrain characteristics
for the area of interest. Over the years additional corrections and modiﬁcations, such as attenuation due to urban clutter near the receiving
antenna, has been proposed and added.
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• Terrain integrated rough earth model (TIREM) [48]: Point-topoint propagation model intended for 900 MHz mobile land scenarios,
which outputs both path loss and fading statistics. Its inputs are carrier frequency (40 MHz – 20 GHz), polarization, ground permittivity and
conductivity, atmospheric refractivity, absolute humidity, transmitter
and receiver antenna heights, site elevations, and longitude and latitude.
• Parabolic integral equations [49, 50]: Two methods based on integral equations have been introduced. The ﬁrst method incorporates a
heuristic approach based on the parabolic heat or diffusion method. In
non-ﬂat terrains, a multiple knife-edge approach is used. The equation
is solved using the simple explicit forward-difference method. The grid
resolution is 100 m in the main propagation direction and 5 m in the
height direction. The second method replaces the terrain path proﬁle
with a number of half-screens. The propagation is then described as a
multiple diffraction phenomenon where reﬂections are neglected. The
diffracted scalar ﬁeld is determined using the scalar Helmholtz integral, which may be solved computationally efﬁciently using fast Fourier
transform (FFT) techniques. Both models are proposed to be used for
macrocells and fc = 900 MHz.
• CCIR clearance angle method [51]: The model is based on ﬁeld
strength curves obtained from statistical analysis of data collected in
several countries with rolling hilly terrain. A clearance angle method,
ﬁrst proposed by the European Broadcasting Union (EBU) and then
adopted by Consultative Committee on International Radio (CCIR), is
incorporated to provide extra precision.
• Recommendation ITU-R P.529 [52]: Prediction methods for the
terrestrial land mobile service in the VHF and UHF bands (modiﬁed
Okumura-Hata method).
• Recommendation ITU-R P.1146 [53]: The prediction of ﬁeld strength for land mobile and terrestrial broadcasting services in the frequency
range from 1 to 3 GHz. Point-to-area empirical method based upon an
extensive database of ﬁeld strength and path loss measurements.
• Recommendation ITU-R P.370 [54]: VHF and UHF propagation
curves for the frequency range from 30 to 1000 MHz. The point-to-area
model provides predictions for broadcasting services and incorporates,
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among other things, methods for determining ﬁeld strengths over mixed
land and sea paths, effective transmitting antenna height and terrain
clearance angle correction.
• Recommendation ITU-R P.526 [55]: Propagation by diffraction based on the Deygout knife-edge method limited to a maximum of 3 edges.
• Recommendation ITU-R P.1546 [56]: Method for point-to-area predictions for terrestrial services in the frequency range 30 to 3000 MHz.

3

Fading Characteristics

The ﬁeld strength of a radio wave propagating through a mobile radio channel
is highly location and time variant. The variations in the received power are
deﬁned as fading effects and are classiﬁed as large- and small-scale fading
depending on the dimension of their inﬂuence as
• Large-scale: Gradual local mean signal strength changes due to movements over large antenna separation distances
• Small-scale: Rapid signal amplitude and phase changes due to movements over small antenna separation distances.
Fig. 9 shows an overview of the different fading manifestations.

3.1

Large-Scale Fading

Large-scale fading represents the average signal power attenuation due to motion over large areas, which is greatly affected by large objects, such as hills,
building and dense vegetation, in the radio channel between the transmitting and receiving antennas, and is described by the local average received
power estimated by averaging mobile signal measurements over 5 – 40 wave
lengths [3, 57]. Most often, it is not sufﬁcient to only predict the mean path
loss, L, to describe the large-scale fading phenomenon; local variations also
have to be taken into account.
Lognormal
Variations around the mean path loss may be observed when the user moves
over large distances, so that a signiﬁcant change of the path characteristics
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Figure 9: Radio channel fading manifestations.
between the BS and the MS is occurring. These variations may be caused by
shadowing from hills, buildings or other large, compared to the signal’s wave
length, obstacles. This phenomenon is commonly referred to as shadowing.
Although there is no known accurate physical model for the signal variations
around the distance-depending mean, extensive investigations of measurement
data have shown [39, 58, 59] that the probability density function (pdf), for
a constant separation distance between the transmitting (Tx) and receiving
(Rx) antennas, may be approximated by a Gaussian distribution in the logarithmic domain [3].
The total path loss, L[dB], may be expressed as the mean path loss, L[dB],
plus a zero-mean random variable, Xσ [dB], that follows a normal distribution
as
L[dB] = L[dB] + Xσ [dB].

(31)
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Figure 10: Probability density function for the zero mean random variable,
Xσ [dB], and σ = 1.
Hence, the term lognormal fading is a commonly used expression. The standard deviation, σ, of the lognormal pdf depends on the carrier frequency and
environmental features. The pdf of Xσ [dB] can be expressed as
2 [dB]
Xσ
1
px (Xσ [dB]) = √ e− 2σ2
σ 2π

(32)

and is shown in Fig. 10 for a zero mean random variable with unity standard
deviation.

3.2

Small-Scale Fading

In addition to the direct impinging radio wave, radio waves reaching the receiving antenna via reﬂected paths, diffraction from the edges of larger objects
and scattering from smaller objects results in a phenomenon called multipath
propagation. Accordingly, in a narrowband system, such as IS-95 [5], this
phenomenon manifests itself in the form of small-scale fading, where a movement of the MS by a fraction of a wavelength causes fading of signals as large
as 30 dB [9]. The transmitted signal is not only affected by large-scale fading,
but also rapid variations in the received power. These ﬂuctuations are due to
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small-scale fading processes that lead to time dispersion, time varying channel
states and introduction of correlation between adjacent time slots. The multipath components that arrive at the receiving antenna may be characterised
by different times of arrival (ToA) and angles of arrival (AoA). To obtain
the resulting received signal strength, these incoming paths may be vectorily
combined. Hence, the signal strength may be large, or small depending on if
the super-position of the paths is constructive, or destructive.
Static multipath [6] is at hand when all objects in the radio channel are
static, i.e., the small-scale fading is purely a spatial phenomenon. Dynamic
multipath [6] demonstrates itself when the receiving antenna moves through
the multipath ﬁeld, i.e., the channel is not constant over time. Hence, changing
channel conditions may also occur due to movements of surrounding objects;
even if the transmitting and receiving antennas are static.
As previously was shown in Section 3 and Fig. 9, the small-scale fading may
be further divided into categories in which two independent mechanisms (time
spreading and time variance) are considered. Time spreading due to multipath
and time variance due to motion may be used to classify the nature of the
received signal. Further, Rayleigh and Ricean distributions may be utilised
to describe the severity of the small-scale fading.
Time spreading due to multipath
Small-scale fading introduces smearing effects due to signal replicas that arrive
through multiple paths with different amplitudes and time delays. Multipath
delay spread leads to time dispersion and frequency selective fading. The time
spreading due to multipath may be quantiﬁed using the following parameters:
• Multipath delay spread (time domain): The time between the ﬁrst
and the last arriving echo component with respect to a signal power
above a given threshold is called multipath delay spread, τs .
• Channel coherence bandwidth (frequency domain): Within the
coherence bandwidth, Bc , all frequency components of the transmitted
signal are affected approximately the same, i.e., they undergo the same
attenuation and experience a linear phase shift. The coherence bandwidth is approximately equal to the reciprocal of the multipath delay
spread as
Bc 

1
.
τs

(33)
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Small-scale fading due to multipath may be classiﬁed as:
• Flat fading: In the time domain, if all multipath components of a
transmitted symbol arrive within the symbol duration, Ts , ﬂat fading
may be observed, i.e., there is no channel-induced intersymbol interference (ISI) distortion. In the frequency domain, a transmitted signal
will experience ﬂat fading if the mobile radio channel is linear over a
coherence bandwidth, Bc , that is greater than the bandwidth, B, of the
transmitted signal.
• Frequency-selective fading: In the time domain, if received multipath components of a symbol arrive outside the symbol duration, ISI
distortion is introduced. In the frequency domain, if the mobile radio
channel’s coherence bandwidth is smaller than the transmitted signal’s
bandwidth, frequency-selective fading will be introduced by the channel, i.e., the signal’s spectral components are not affected equally by the
channel.
Fig. 11 shows the classiﬁcation of small-scale fading due to the timedispersive nature of the radio channel originating from multipath propagation.

Small-scale fading
Time dispersion due to multipath

Flat fading
Ts > τs
B < Bc

Frequency-selective fading
Ts < τs
B > Bc

Figure 11: Classiﬁcation of small-scale fading according to time dispersion.

Time variance due to motion
Rapid changes in the channel impulse response may, due to Doppler shifts,
cause frequency dispersion and time selective fading, which leads to signal distortion. Channel coherence time and Doppler spread may be used to quantify
the time varying nature of the channel:
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• Channel coherence time (time domain): The channel coherence
time, Tc , is a measure of the time duration over which the channel
impulse response is almost constant, i.e., the channel response is timeinvariant.
• Doppler spread (Doppler-shift domain): In a dynamic multipath
environment, the Doppler shift, fD , due to motion of the MS and other
objects is different for each multipath signal arriving the receiving antenna. The Doppler spread is the width of the Doppler power spectrum,
which is ±fD about the carrier frequency, fc . The Doppler spread is
approximately the reciprocal value of the channel coherence time as
BD 

1
.
Tc

(34)

Small-scale fading due to motion may be classiﬁed as:
• Slow fading: In the time domain, the symbol duration, Ts , is less than
the coherence time, Tc , where the channel is essentially invariant, hence
avoiding signal distortion. In the frequency domain, the signalling rate
is greater then the Doppler spread, BD , i.e., the signal’s bandwidth, B,
is greater than the Doppler spread, BD .
• Fast fading: In the time domain, the time duration, Tc , in which the
channel behaves in a correlated manner is short compared to the symbol
duration, Ts , and signal distortion leading to signal-to-noise ratio (SNR)
loss and unrecoverable error rates are introduced. In the frequency
domain, the signal bandwidth, B, is less than the Doppler spread, BD .
In practice, fast fading only occurs for very low data rates [3, 7].
Fig. 12 illustrates the classiﬁcations of small-scale fading due to the timevariant nature of the radio channel originating from motion of the MS and/or
other objects in the multipath channel.
With today’s radio communication systems that provide high data rates
transmission will in general occur over slow fading channels [3, 7]. More detailed descriptions of these topics may be found in contemporary radio and
wireless communications text books [3, 4]. Also, Bernard Sklar has published
two very well written and thorough papers that describe fading characterisation and mitigation [7, 60].
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Small-scale fading
Time variance due to motion

Fast fading
Ts > Tc
B < BD

Slow fading
Ts < Tc
B > BD

Figure 12: Classiﬁcation of small-scale fading according to time variance.
Rayleigh Distribution
In mobile radio communications, the Rayleigh distribution is commonly used
to characterise the statistical time varying nature of the envelope of a ﬂat
fading signal at the MS where multipath without a dominant path is occurring.
The Rayleigh distribution therefore represents a poor case of fading per mean
received signal power. It is well-known that the envelope, r, of the sum
of two quadrature Gaussian noise signals can be described by the Rayleigh
distribution [3]. The Rayleigh distribution’s pdf can be expressed as
⎧
r2
⎪
⎨ σr2 e− 2σ2 for 0 ≤ r ≤ ∞
p(r) =
(35)
⎪
⎩ 0
for r < 0
where r is the envelope of the received signal and σ 2 denotes the time-average
power of the received signal before envelope detection. The probability that
the envelope of the received signal does not exceed a speciﬁc value, R, is given
by the cumulative distribution function (CDF) as

P (R) = P (r ≤ R) =

0

R

R2
r − r22
e 2σ = 1 − e− 2σ2 .
2
σ

(36)

Ricean Distribution
If a dominant multipath signal component is present, the small-scale fading
characteristics may be described by the Ricean distribution [6, 34]. The Ricean distribution is fully described by its K-factor, which is deﬁned as the
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ratio between the deterministic signal power and the variance of the multipath signal as
A2
(37)
2σ 2
where the parameter A denotes the peak amplitude of the dominant signal
path. The Ricean pdf is given by
⎧
 
r2 +A2
⎪
⎨ r2 e− 2σ2 I0 Ar2 for A ≥ 0 and 0 ≤ r ≤ ∞
σ
σ
(38)
p(r) =
⎪
⎩ 0
for r < 0
K[dB] = 10 log10

where I0 (·) denotes the modiﬁed Bessel function of the ﬁrst kind and zeroorder. Note that, when the amplitude of the dominant path decreases (A →
0), the Ricean distribution becomes the Rayleigh distribution.
The corresponding CDF is expressed as
 
 R
2
Ar
r − r2 +A
2
2σ
P (R) =
e
I0
dr
(39)
2
σ
σ2
0
and describes the probability that r does not exceed a speciﬁed value R.
Fig. 13 illustrates normalised Rayleigh and Ricean pdfs represented by
different K-factors.
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Figure 13: Normalised Rayleigh and Ricean pdfs [61].

32

Introduction

Estimation of the Ricean K-Factor
The Ricean K-factor may be estimated from measurement data using curveﬁtting techniques. During the course of the work presented in this thesis,
the Ricean K-factor has been estimated from pdfs and CDFs both in linear
and logarithmic domains incorporating both mean square error and goodnessof-ﬁt (chi-square and Kolmogorov-Smirnov) minimisation criterias. It was
concluded that all methods in practice provide similar results [62, 63, 64].
Fading Example
Fig. 14 shows a fading measurement example. The extracted measurement
data stretches over 500 m and shows the changing fading characteristics of the
received signal along the driven route. The top graph shows the received pilot
power and the local average over 20 wave lengths as measured in an Australian rural IS-95 mobile telephone network. The two bottom graphs show the
fading about the local average (median) corresponding to two different parts
of the driven route. The red section (bottom left) corresponds to 50 m where
a strong dominant received signal (LOS) is at hand. Here the fading characteristics may be described using the Ricean distribution and a high K-factor.
The green part (bottom right) has deep fades, 30 dB, due to clutter near the
receiving antenna and can be described with a low Ricean K-factor, or the
Rayleigh distribution.
The CDF of the signal power deviation from the median shows whether the
channel exhibits Rayleigh type fading (no dominant signal component), whose
depth of fading can reach about 30 dB for 1% of the locations, or Ricean type
fading with smaller fading depth (one dominant signal component). Fig. 15
shows a CDF that was estimated from measurement data corresponding to
20 wave lengths. For the extracted data, the Ricean K-factor was estimated
to be approximately 3.5 dB, i.e., better than pure Rayleigh. Historically, a
received signal containing a strong component, such as line-of-sight, has been
favoured to avoid large variations of the signal within a small area.
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Figure 15: CDF estimated from a IS-95 pilot power measurement in rural
Western Australia.

4

Contemporary Prediction Methods

With the increasing availability of detailed and accurate topographic data
bases and faster and more powerful computers, the use of more sophisticated
prediction methods, such as ray tracing and artiﬁcial neural networks (ANNs),
are more and more being adopted for radio wave propagation predictions [3,
65].
Ray tracing models may provide very accurate predictions, but a drawback
is that very detailed and accurate data bases are required to obtain reliable
results. Also, their implementation require extensive computational resources,
which may not be fully viable for larger areas such as rural macrocells.
For larger outdoor areas, a sound approach is to incorporate an ANN that
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takes terrain and environmental inﬂuences implicitly into account rather than
explicitly as in ray tracing models. An ANN model may provide accurate and
efﬁcient predictions without requiring much more computational power than
a traditional prediction model [66].

4.1

Ray Tracing

With the increasing access to detailed data bases describing terrain, buildings
and vegetation, ray tracing techniques may be used to enable for deterministic
modelling of both indoor and outdoor environments. The data bases may be
used to build up a model of the environment where rays are then sent out from
the transmitter and traced to the receiver incorporating deterministic methods
of determining the effects on the propagating ray. Geometrical optics are used
to compute transmitted rays, which can be reﬂected, scattered, transmitted,
partially absorbed and diffracted. Two main approaches exist:
• Ray launching (brute force method) [67]: Thousands of rays are
launched in different directions (3D, 1o separation [68]) and traced towards the receiver. The tracing is performed for each ray until it reaches
the receiver, until a speciﬁed number of intersections are exceeded, until
the energy of one ray falls below a speciﬁed threshold, or until no further
intersections occur. It is obvious that a large amount of rays will never
reach the receiver due to the fact that no path exists.
• Ray tracing (image based) [69]: The technique considers all obstructions as potential reﬂectors and calculates their effect using the method
of images [70]. Only paths between the transmitting and receiving antennas, which actually exist, are taken into account for the predictions.
The method is hence computationally more efﬁcient compared to the
brute force approach.
Ray tracing methods have mostly been used for indoor and outdoor picoand microcell scenarios, respectively, but are now increasingly being used for
macrocells [71].

4.2

Artiﬁcial Neural Networks

Common applications for ANNs are function approximation, classiﬁcation,
data processing and robotics. An ANN can be seen as an adaptive system that
changes its structure and response characteristics during a learning process.
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Mostly, when approximating a function (regression analysis) with multiple
inputs and an output, as is the case for e.g., path loss models, a supervised
training paradigm is incorporated [72]. During the training process, the ANN
is presented with different input-output combinations (training pairs) and
adapts to ﬁnd the best approximation to the training data, i.e., minimises the
output error according to some minimisation criteria (see Fig. 16). In general,
target
in1
in2
ANN

out –

error

inN

Figure 16: ANN concept - supervised training.
an ANN is used to provide an approximate solution where otherwise an exact
analytical formula is non-existent, or would be impractical to implement.
It has been found that an ANN may be trained, using theoretical methods
or measurement data, to perform radio wave propagation prediction [6]. Also,
hybrid models, which train an ANN to predict a correction factor to be added
to a standard prediction model, have been proposed [73, 74]. The hybrid
model approach enables for any standard path loss prediction model to be
run with or without an additional ANN correction.
If measurement data is incorporated to train the ANN, the model can
easily be tuned to different environments and is hence very adaptable. The
input parameters may for example statistically describe the irregular terrain
between the transmitting and receiving antennas, the type of environment,
the clutter type and density at the receiving antenna. The ANN objective is
to ﬁnd the best functional ﬁt between a set of input-output data pairs and
also have the ability to interpolate/extrapolate for unknown data sets. When
utilising measurement data, the ANN prediction accuracy will depend on the
chosen input parameters, the accuracy of the measurements, the ANN structure and how the training data is chosen and incorporated into the training
process. Also, if topographic information is utilised, the data base resolution
and accuracy will have an impact on the ANN prediction accuracy.
Often, due to the use of complex feed-forward networks in combination
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with the slow standard gradient algorithm it is reported that the ANN training process takes a very long time; often several hours [6, 75]. Therefore,
the path loss ANN work in this thesis (Part III) investigates the feed-forward
network size needed to obtain accurate prediction results whilst maintaining
good generalisation properties. Simple ANN models with input parameters
describing the terrain, land usage and vegetation type and density were trained and evaluated utilising measurement data. The ANN models successfully
incorporated faster training algorithms, such as Levenberg–Marquardt [76],
in the training process. Also, to obtain good generalisation properties, early
stopping (ES) [72] and Bayesian regularisation (BR) [77] were incorporated in
the training process. The ﬁndings were that, with the utilised input parameters and available measurement data, even a simplistic neuron model may be
trained using the extremely efﬁcient Levenberg–Marquardt training algorithm
(approximately 10 iterations in batch mode) to obtain a path loss prediction
model that is sufﬁciently accurate and generalises well [66].

5

Measurement Equipment

In collaboration, CSIRO (Sydney, Australia) and the ATcrc (Perth, Australia) developed a wideband CDMA (W-CDMA) pilot scanner to enable for

Figure 17: W-CDMA scanner and laptop.
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measurements within CDMA based mobile networks, such as IS-95 [5] and
cdma2000 [78]. The term wideband in W-CDMA comes from the fact that
the scanner has two radio units and hence covers both second and third generation, 2G and 3G, respectively, mobile networks. Fig. 17 shows the custom built measurement equipment consisting of the W-CDMA pilot scanner,
an omni-directional antenna, a weather station, a global positioning system
(GPS) and a laptop running a software capable of controlling and logging
the measurement results [79]. The measurement system can track eight pilot
signals simultaneously and the correlation peak of one pilot signal is sampled
at rates selectable down to 1/600 seconds allowing for tracking of fast signal
fades.
To provide an overview regarding how the measurements in this thesis
were conducted, the following of this section will explain the functionality of
the scanner equipment.

5.1

Hardware

The W-CDMA scanner consists of a number of independent modules. The
major internal components are:
• Digital signal processing (DSP) board incorporating a ﬁeld programmable gate array (FPGA) and various analog and digital inputs and
outputs.
• Co-processor supplementing the DSP with high-level data processing
and a universal serial bus (USB) interface to an external laptop.
• 900 MHz and 2000 MHz radios designed to receive signals from 2G and
3G CDMA systems.
• GPS receiver obtaining spatial position information during mobile measurements.
• Weather station to obtain basic atmospheric parameters, such as temperature, pressure and humidity.
Fig. 18 shows an overview of the integrated hardware components and their
interactions.
To cover both 2G and 3G bands, two independent radios are incorporated. In both cases, the received signal is mixed down and ampliﬁed to an
in-phase and quadrature baseband signal. The DSP board is common to both
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Figure 18: W-CDMA scanner integrated hardware components and interactions.

radios and has two high-speed analog-to-digital (A/D) channels. Therefore,
the 900 MHz and 2000 MHz radio signals have to be multiplexed and hence
the scanner is limited to operation in only 2G or 3G mode at one time. The
baseband signals are processed by both FPGA-based signal processing hardware and DSP software to correlate the received spread-spectrum signals, thus
detecting the pilot and synchronisation (sync) channel signals. The pilot and
sync data are passed to a second DSP co-processor via a high speed (25 Mbps)
serial link. The secondary processor is responsible for formatting and transferring the pilot and sync data to a laptop. The co-processor is also managing
the GPS receiver and the weather station. Since the co-processor only has
one serial port, the weather station is physically connected to the main DSP.
Hence, the main DSP acts as a pheripheral controller for the weather station,
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but the co-processor is the controlling device. The main operator interface is
the graphic user interface (GUI) software running on a laptop. The scanner
GUI allows the operator to input control commands and to display the pilot,
sync, GPS and weather station data. Control commands may be passed from
the scanner GUI to the co-processor and if necessary to the main DSP.
Fig. 19 illustrates a block diagram of the 900 MHz radio and its associated
interfacing requirements to the main DSP board. The purpose of the radio is
Antennas
Frequency control

Low noise
ampliﬁers

Temperature
Sampling clock

RF
switch

Bandpass
ﬁlter
880 ± 12.5 MHz

900 MHz
radio

In-phase
Quadrature
RSSI (16-bit A/D)
VCXO (16-bit D/A)
Switch control
Main DSP board

Figure 19: Simpliﬁed block diagram of the 900 MHz radio and its associated
inputs and outputs.
to receive a radio frequency (RF) channel of a CDMA system and to convert
the RF signals to in-phase and quadrature baseband signals. The operation
of the 900 MHz radio may be summarised as follows:
• The RF signal input to the radio is optionally obtained from two antennas, which are selectable via a transistor-transistor logic (TTL) signal
output from the DSP. The antennas incorporate low noise ampliﬁers
(LNA) to ensure that the overall noise ﬁgure of the receiver does not
exceed 2 dB.
• The signal from the antenna LNA is ﬁltered by a bandpass ﬁlter centered
at 880 MHz and having a bandwidth of ±12.5 MHz.
• The ﬁltered signal is the input to the radio. The main function of the
radio is to amplify the input RF signal using suitable automatic gain
control (AGC) and to output baseband in-phase and quadrature signals
with a bandwidth of 500 kHz.
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• The radio incorporates a frequency synthesizer, which is programmable
via a serial line from the digital module allowing for deﬁnition of the
CDMA RF channels.
• The radio also incorporates a voltage control crystal oscillator (VCXO),
which is the source of the various oscillator and clock frequencies used
by the radio.
• The radio AGC outputs a receiver signal strength indicator (RSSI) signal, which covers the receiver dynamic range of −105 to −30 dBm.
Fig. 20(a) and (b) show photos of the DSP FPGA board and the 2G radio
unit, respectively.

5.2

Software

A laptop running a GUI controls all the scanner features and enables selected
parameters to be logged to ﬁle enabling for later off-line data analysis. The
scanner GUI shown in Fig. 21 was developed using Borland C++ Builder and
provides the user with the following information:
• GPS parameters
• Map with BSs and receiving antenna positions (Easting and Northing)
• Pilot signal information, such as power and SNR, for up to eight simultaneous pilot signals
• Detailed correlogram for one selected pilot signal
• Estimated Ricean K-factor
• Weather parameters
• Link budget calculator
• Sync channel data.
In the upper toolbar there are buttons that are used to control the measurements in real time, or when playing back measured data (run, stop, record,
etc.). Two check boxes, which are used to activate or deactivate the GPS
unit and the weather station, are positioned in the toolbar’s upper right area.
Between the weather parameters and the link budget calculator on the GUI’s
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(a)

(b)

Figure 20: W-CDMA scanner modules: (a) DSP FPGA board, (b) 2G radio
unit.
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right hand side there is an event button, which may be used if a special event
occurs; for example driving through a tunnel, or past a major obstacle.
The functionality of the scanner GUI is divided into three main groups
using a tabbed document interface (TDI):
1. Main (measurements)
2. Predictions (path loss and channel quality)
3. Digital elevation map (data base viewer).
In the prediction tool [80], many standard prediction models, such as
Okumura–Hata and ITU-R models, are implemented. In particular, the new
semi-terrain based ITU-R P.1546 model was implemented and evaluated in
the ﬁeld. A DEM may be used to extract terrain parameters, such as effective
antenna height and portion through terrain, to be incorporated in path loss
predictions. Also, LOS and Fresnel zone clearance may be determined from
the estimated terrain path proﬁle between the transmitting and receiving antennas.
Fig. 22 and Fig. 23 show the predicted received pilot power and the channel
quality prediction tabs, respectively.

Introduction

44

Figure 21: W-CDMA scanner main GUI, showing the scanner’s GPS details (top left), BSs and scanner
position on map (top centre), weather station data and event button (top right), pilot signal details (middle
left and centre), link budget calculator (middle right), details of the tracked pilot signal’s correlogram (lower
left), tracked pilot signal’s received power (lower centre) and sync channel details (lower right).

Figure 22: W-CDMA scanner GUI showing path loss prediction.
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Figure 23: W-CDMA scanner GUI showing channel quality prediction.
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Measurements

The most accurate method to obtain a realistic design of a cellular network for a speciﬁc environment is to perform extensive measurements in
the area of interest. Therefore, we conducted various measurement campaigns [64, 81, 82, 83, 84, 85, 86, 87, 88] using the W-CDMA scanner to enable
for analysis of large- and small-scale radio channel fading characteristics. For
mobile measurements, the receiving omni-directional antenna, GPS antenna
and weather sensor were placed on the roof of a vehicle and the scanner and
the operator were positioned in the back-seat [see Fig. 24(a) and (b)].
Fig. 25 shows one of the measurement routes spanning over approximately
500 km. The measurement routes were planned to go through cells incorporating omni-directional BS antennas with uniform radiation in every direction,
which greatly simpliﬁed the data analysis. Also, until the receiving antenna
was being close to a cellular boundary, only one dominant pilot signal was
present. Hence, mostly one pilot signal at the time was observed, which provided for measurements with minimal inter-cell interference. The environment
where the measurements were conducted as shown in Fig. 26 may be classiﬁed
as rural and consists mostly of hilly farmland with the road occasionally lined
with trees.
In Australia, information such as BS location, antenna type and transmitted power are published on the Australian Communications and Media
Authority (ACMA) web-site:
• Licence number
• Access ID
• Client
• Site name
• Location (longitude/latitude)
• Operating mode (transmit)
• Date approved
• Assigned carrier frequency (upper and lower)
• Device ID
• Emission designator
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(a)

(b)

Figure 24: Measurement set-up: (a) Omni-directional receiving antenna, GPS
antenna and weather sensor positioned on the roof of a car, (b) W-CDMA
scanner, laptop and operator in the back-seat of a car.
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Figure 25: Measurement route through rural Western Australia.

Figure 26: Typical road through rural Western Australia.
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• EIRP (effective isotropic radiated power)
• Transmitter power
• Antenna ID
• Antenna height (AGL)
• Antenna polarity
• Antenna type (omni-directional or sectorised)
• Azimuth angle.
The needed information was saved to ﬁle on a format from which the scanner
software could read the data during the measurements. In particular, the BS
positions were useful to be able to drive up to the masts as closely as possible
to verify their positions and transmitted power. The provided BS positions
were in general found to be quite accurate, but the transmitted powers were
found to be somewhat inconsistent with the ACMA values. Therefore, more
reliable transmitted power values were obtained directly from Telstra Wireless
Access Services in Perth and via LOS measurements near the BSs.

6

Thesis Overview

This doctoral thesis consists of four parts based on one published and one
submitted journal paper, a number of peer-reviewed conference papers and
two ITU-R input documents.

PART I - Evaluation of the Propagation Model Recommendation ITU-R P.1546 for Mobile
Services in Rural Australia
The paper that constitutes this part presents a comprehensive study of the
new point-to-area propagation model International Telecommunication Union
Radiocommunication Sector (ITU-R) Recommendation P.1546 applied to mobile communication in a commercial CDMA network. The evaluation is performed on measurement data gathered in rural Western Australia and has
signiﬁcantly helped in the development process of the model.
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In particular, the ITU-R has recently developed a new Recommendation
on the method of point-to-area predictions for terrestrial services in the frequency range of 30 – 3000 MHz. It supersedes well-known Recommendations
such as P.370 and P.529 (modiﬁed Okumura–Hata method) used mainly for
broadcasting and mobile services, respectively. Since the new Recommendation introduces several novel concepts, such as the application of terrain
clearance angle within the distance of 10 km, veriﬁcation of P.1546 by actual
measurement results is of great importance. The Recommendation serves as
a standard in areas of spectrum management and radio technology and is
constantly under development. The work is undertaken by the ITU-R Working Party 3K followed by an extensive international approval process. In
this paper, predictions by P.1546 are compared to propagation measurements
obtained by utilising the IS-95 pilot signal of a commercial CDMA mobile network in rural Australia. Different versions (P.1546-0, P.1546-1, and P1546-2)
of the model and a proposed model (Model A) are evaluated. It is shown that
for this environment the proposed model Model A offers more accurate and
reliable path loss predictions for rural areas than the P.1546 models and the
rural OH model.

Part II - Analysis of Correlation Between Ricean
K-Factor and Vegetation Density Surrounding a
CDMA Mobile Terminal
In this paper propagation measurements obtained by utilising the IS-95 pilot
signal of a commercial CDMA mobile network in rural Australia are analysed regarding small-scale fading characteristics. It is shown that for this
environment the characteristics can be described by the Ricean distribution,
where the K-factor correlates with the clutter density in the vicinity of the
mobile receiving antenna. The Ricean K-factor indicates the small-scale fading margin required in a link budget calculation scenario, where pessimistic
modelling, assuming Rayleigh fading, would lead to unnecessary high base
station transmitter power and possible interference problems. This analysis
correlates the vegetation density variations near the mobile receiving antenna
to the Ricean K-factor possible enabling for prediction of the small-scale fading characteristics.
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Part III - Macrocell Path Loss Prediction Using
Artiﬁcial Neural Networks
This paper presents and evaluates artiﬁcial neural network models used for
macrocell path loss prediction. Measurement data obtained by utilising the IS95 pilot signal from a commercial code division multiple access mobile network
in rural Australia is used to train and evaluate the models. A simple neuron model and feed-forward networks with different number of hidden layers
and neurons are evaluated regarding their training time, prediction accuracy,
and generalisation properties. Also, different backpropagation training algorithms, such as gradient descent and Levenberg–Marquardt, are evaluated.
The artiﬁcial neural network inputs are chosen to be distance to base station,
parameters easily obtained from terrain path proﬁles, land usage and vegetation type and density near the receiving antenna. The path loss prediction
results obtained by using the artiﬁcial neural network models are evaluated
against different versions of the semi-terrain based propagation model Recommendation ITU-R P.1546 and the Okumura–Hata model. The statistical
analysis shows that a simplistic artiﬁcial neural network model performs very
well compared to traditional propagation models in regards to prediction accuracy, complexity and prediction time.

Part IV - Small-Scale Fading Prediction Using
an Artiﬁcial Neural Network
This paper proposes and evaluates an artiﬁcial neural network used for prediction of the Ricean K-factor. The model is trained with measurement data
obtained by utilising the IS-95 pilot signal of a commercial CDMA mobile network in rural Australia. The neural network inputs are chosen to be distance
to base station, parameters easily obtained from terrain path proﬁles and a
clutter parameter extracted from a vegetation density data base. The Ricean
K-factor indicates the small-scale fading margin required in a link budget
calculation scenario, where pessimistic modelling, assuming Rayleigh fading,
would lead to unnecessary high base station transmitter power and possible
interference problems. The statistical analysis shows that the artiﬁcial neural network can be applied to accurately predict variations in the small-scale
fading characteristics due to different terrain and vegetation.
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Abstract
In this paper, the validity of Recommendation ITU-R P.1546 in short
range terrestrial environment is analysed. Its three versions (P.1546,
P.1546-1, and P.1546-2) are compared against simple models and evaluated using measurement results obtained by utilising the pilot signal
of a commercial CDMA mobile telephone network. The measurement
results show that P.1546-2 on average underestimates the ﬁeld strength
by more than 10 dB for typical Australian rural areas. However, it
improves the error standard deviation compared to previous versions.
The causes of these effects and the suggestions for further development
of the Recommendation are discussed and evaluated.

1

Introduction

The use of mobile phone systems has seen a tremendous growth in the last
decade. This growth is expected to continue in the areas of wireless broadband
services, in which each user requires larger bandwidth to support higher data
rates with better quality of service. A careful planning of cell structure is
therefore required in order to maximise the use of available spectrum in such
systems. To enable realistic cell planning, path loss models and prediction
tools are required that incorporate characteristics of the particular region in
which a system is intended to be deployed.
To address the growing need for industry-accepted propagation models for
predicting reliable service areas and co-channel interference in the 800/900
MHz frequency range, the IEEE Vehicular Technology Society Committee
65
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on Radio Propagation was established to study radio propagation models
and to make appropriate recommendations. Well-known propagation models,
such as Bullington [1, 2], Longley-Rice [3], and Okumura [4] models were
evaluated against each other, against simple models, and against measurement
data. The conclusion of the study at the time was that none of the evaluated
models were accurate enough to warrant a recommendation [5]. This prompts
further efforts in seeking a standard method which is universally applicable
and reliable.
For the purpose of improving the accuracy in predicting propagation path
loss over irregular terrain, various methods, often computationally intensive,
have been proposed in the literature. These methods include the use of geometrical theory of diffraction [6], integral equation [7], and parabolic equation [8]. In the past, these models were often excluded from the list of suitable
candidates as the standard model due to their complex algorithms and computational requirements. However, with the ever increasing computational
power, these models are becoming more and more used for radio network
planning. Hence, an internationally agreed standard model built upon these
models may be realised in the near future.
The Radiocommunication Sector of the International Telecommunication
Union (ITU-R) has developed a new Recommendation on the method of pointto-area predictions for terrestrial services in the frequency range 30 MHz to
3000 MHz. It supersedes well-known Recommendations such as P.370 [9] and
P.529 [10] (modiﬁed Okumura-Hata method) used mainly for broadcasting
and mobile services, respectively. Since the Recommendation ITU-R P.1546
evaluated in this paper introduces several novel concepts, such as the application of terrain clearance angle (TCA) within the distance of 10 km, veriﬁcation
of the model by actual measurement results is of great importance. The Recommendation serves as a standard in areas of spectrum management and radio
technology and is constantly under development. The work is undertaken by
the ITU-R Working Party 3K followed by an extensive international approval
process. Note that Recommendation ITU-R P.1546 is considered to be a path
general model that uses less information unique to each path compared to
path speciﬁc models. Currently, the ITU-R Working Party 3K is developing
a new recommendation that takes into account path speciﬁc information to
greater extent.
The prediction of ﬁeld strength in a terrestrial environment is a complex
task, e.g., when obstruction by terrain and/or scattering from objects are
involved. ITU-R’s Recommendation P.1546 achieves this by considering the
following: 1) the effective height of the transmitting/base antenna; 2) correc-

Evaluation of the Propagation Model Recommendation ITU-R P.1546

67

tion as a function of receiving/mobile antenna height; and 3) correction as a
function of TCA, among other factors. Various modelling methods have been
proposed for each correction factor, which have been incorporated in different
versions of the Recommendation [11, 12, 13].
In this paper, the three factors of the Recommendation ITU-R P.1546,
introduced above, are reviewed. The applicability of the correction for receiving/mobile antenna height in ﬂat open rural area is analysed by using
the 2-ray model [14]. The behaviour of the TCA correction is highlighted by
applying two versions of the Recommendation to ﬂat terrain. The three versions of the Recommendation ITU-R P.1546 are compared with measurement
results obtained by utilising the pilot signal of a commercial code division
multiple access (CDMA [15]) mobile network in rural Australia, revealing
their advantages and disadvantages. Also, modiﬁcations to P.1546 are proposed and evaluated using some of the conventional empirical models, such as
the free space model [14] and the Okumura–Hata (OH) model [16], as path
loss prediction benchmarks. Note that while P.1546 covers a wide range of
different propagation scenarios, as explained in Section 2, this paper focuses
on its application to mobile services in rural areas.
This paper is organised as follows: In Section 2, the P.1546 model and its
three main components (effective transmitting/base antenna height, correction for receiving/mobile antenna height, and TCA correction) are reviewed.
The evaluation results using a ﬂat terrain model and the evaluation results
using measurement data are presented in Sections 3 and 4, respectively. Modiﬁcations to the P.1546 model are proposed, discussed, and evaluated in Section 5. Finally, the conclusions and a discussion for future work are presented
in Section 6.

2

Recommendation ITU-R P.1546

Previous ITU-R Recommendations, such as P.370 [9], P.529 [10], and P.1146
[17] provided different results for similar or even identical propagation scenarios. Hence, the P.1546 model was developed to overcome known limitations
and to combine various methods into a single method. The ITU-R P.1546
model provides a set of curves and tables of ﬁeld strength as a function of
frequency, (100 MHz, 600 MHz, and 2 GHz), distance, (1 – 1000 km), transmitting/base antenna height, (10 – 1200 m), time variability (50%, 10%, and
1%), location variability (1 – 99%), and path type (land, cold sea, warm sea,
and mixed paths) at the height of the receiving/mobile antenna being equal
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Figure 1: P.1546 propagation curves for different transmitting/base antenna
heights, h1 , a nominal frequency of 600 MHz, land paths, 50% of time and locations, and receiving/mobile antenna height, h2 , at the representative clutter
height R.

to the representative height of ground cover. Fig. 1 shows one set of curves
that is applicable for land paths and a nominal frequency equal to 600 MHz.
A rigorous interpolation/extrapolation procedure is given to allow consistent
prediction for any input values within the speciﬁed range. After this procedure, the prediction of ﬁeld strength should be corrected for different receiving/mobile antenna heights and the prediction accuracy may be enhanced by
the application of TCA correction. In the evaluation presented in the sequel,
the P.1546 models are implemented using a digital elevation map (DEM) with
a 9 second resolution grid, which corresponds to approximately 250 m, which
is supplied by Geoscience Australia. Note that the prediction accuracy produced by the models described in this paper may be improved by the use
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of a DEM with a ﬁner resolution. However, such information is not readily
available for the rural areas under investigation. The ITU-R P.1546 versions
compared in this paper are the original P.1546 model, hereafter called P.15460 [11], P.1546-1 [12], and the latest version P.1546-2 [13].

2.1

Transmitting/Base Antenna Height, h1

The h1 deﬁnition used in the P.1546 models is based on the deﬁnition of
effective antenna height as in the Okumura model [4]. The effective antenna
height, heﬀ , is calculated as the base station (BS) height in metres over the average level of the ground between distances, d, of 3 and 15 km in the direction
of the mobile antenna (see Fig. 2).
Tx
htx

heﬀ

d

3 km

15 km

Figure 2: Deﬁnition of effective antenna height, heﬀ .

2.1.1

P.1546-0 Deﬁnition of h1

When d is larger than or equal to 15 km, h1 to be used in the model is simply
heﬀ . For path lengths less than 15 km, hb is deﬁned as the height in metres
of the transmitting antenna above terrain height averaged between 0.2 d and
d km. The transmitting/base antenna height is then calculated as
h1 = ha +

(hb − ha ) d
15

(1)

where ha is the notional height of the transmitting/base antenna height above
the clutter in its vicinity and antenna heights, h1 , ha , and hb , and distance,
d, are given using metres and kilometres, respectively. If the height above
clutter is not available, ha is deﬁned as the antenna height above ground, i.e.,
the height of the mast, htx (in metres). The method interpolates linearly (up
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to 15 km) between ha and hb , i.e., the method takes the physical height of
the transmitting antenna into greater account when the receiving antenna is
closer to the BS. This approach is in practice more robust against negative
h1 values than the simpliﬁed method used in P.1546-1, as will be shown in
Section 4.
2.1.2

P.1546-1 Deﬁnition of h1

When the distance between transmitting and receiving antennas is larger than
or equal to 15 km, the base antenna height h1 to be used in the calculation
is heﬀ . For path lengths less than 15 km, h1 is equal to hb . It is noted that
this change in the transmitting/base antenna height deﬁnition was an effort
trying to simplify the Recommendation.
2.1.3

P.1546-2 Correction for Negative h1

The h1 deﬁnition in P.1546-2 is the same as in P.1546-1, but for negative
h1 values, a correction method that takes both diffraction and tropospheric
scattering into account is introduced [13, Sec. 4.3]. It is noted that the method
can result in a discontinuity in the predicted ﬁeld strength at the transition
around h1 = 0 m.

2.2

Correction for Receiving/Mobile Antenna Height

The P.1546 prediction curves give ﬁeld strength values for a reference receiving
antenna at height R representing the height in metres of the ground cover
surrounding the receiver. Examples of reference heights are:
• 30 m for dense urban areas
• 20 m for urban areas
• 10 m for suburban and rural areas.
The minimum reference height is 10 m. If the receiving antenna height h2 is
different from R, a correction depending on the ground cover should be added.
The correction curves presented in Fig. 3 are representative for f = 881.52 MHz,
d = 10 km, and h1 = 35 m, which corresponds to the pilot carrier frequency for
a commercial CDMA system (IS-95) in Australia, the distance to BS, and the
transmitting/base antenna height, respectively.
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Figure 3: Receiving/mobile antenna height correction curves for different land
categories.
It can be seen in Fig. 3, that for receiving antenna heights of approximately
1.44 m the correction curves that correspond to rural and suburban areas
intersect (−18.66 dB) and for h2 = 1 m, the correction is larger for rural than
for suburban areas. This leads to the conclusion that further investigations
would be required to ﬁnd a more appropriate correction for open rural areas.
To investigate this matter further, the receiving antenna height correction
used in Recommendation ITU-R P.370-7 and the 2-ray model are introduced
in Sections 2.2.1 and 2.2.2, respectively.
2.2.1

P.370-7

This ITU-R Recommendation uses a gain correction, c (in decibels), for
different receiving antenna heights (1.5 – 40 m) relative to 10 m calculated as
 
h2
k
c = · 20 log10
(2)
6
10
where the parameter k is 4 dB for the ultrahigh frequency (UHF) band and
rural areas. For example, c is about −10 dB for h2 = 1.7 m, which is approximately 6.5 dB less than the P.1546-2 correction for receiving/mobile antenna
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height for the same scenario.
2.2.2

2-Ray Model

While it is acknowledged that the Recommendation P.1546 is to be developed
on the basis of empirical results, an analysis using the 2-ray model [14] for
ﬂat ground was performed in order to develop a better understanding of the
receiving/mobile antenna height (RAH) correction. For the frequency under
consideration (881.52 MHz) and for distances larger than 5 km, the correction
curve for receiving/mobile antenna height agrees reasonably well with the
2-ray model [see Fig. 4(a)]. It is noted that the P.1546 correction for receiving/mobile antenna height is always greater than the correction obtained with
the 2-ray model for open ﬂat ground. This may account for added propagation
loss due to vegetation and clutter typically surrounding the receiving/mobile
antenna. For the described scenario and shorter distances (e.g., < 2 km), the
received ﬁeld strength according to the 2-ray model does not necessarily decrease when lowering the receiving antenna [see Fig. 4(b)]. This may call
for the development of a distance dependent receiving/mobile antenna height
correction.

2.3

Terrain Clearance Angle Correction

For land paths, TCA correction may be added to increase the prediction
accuracy enabling obstacles close to the receiver site to be taken into account.
The correction is based on the terrain clearance angle in degrees given by
θtca = θ − θr

(3)

where θ is measured relative to the horizontal at the mobile antenna, which
clears all the terrain obstructions over a distance of up to 16 km, but not going
beyond the base antenna (see Fig. 5).
The reference angle, θr , is given by


h1s − h2s
θr = arctan
(4)
1000 d
where h1s and h2s represent the heights of the base and mobile antennas in
metres above sea level, respectively, and distance, d, is given in kilometres.
In P.1546-0 and P.1546-1, the higher and lower values of the TCA correction are limited by the values given at the angles θtca = −0.8◦ and θtca = 40◦ .
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Figure 4: Relative received power versus receiving/mobile antenna height for
vertically polarised isotropic antennas, ﬂat ground, h1 = 35 m, relative permittivity r = 15, and conductivity σ = 0.005. (a) d = 5 km. (b) d = 2 km.
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Figure 5: Deﬁnition of θ (d ≥ 16 km).
In P.1546-2, the lower θtca limit was changed from −0.8◦ to 0.55◦ and the resulting effect is that no TCA correction is added for θtca < 0.55◦ (see Fig. 6).
The P.1546-2 ﬁeld strength predictions for ﬂat rural scenarios therefore become more pessimistic compared to the predictions made by P.1546-0 and
P.1546-1. In Fig. 6, the curves corresponding to 100 and 600 MHz are supported by P.370-7. The source of the 2000 MHz TCA correction curve is
not known to the authors. In addition, in P.370-7, the TCA correction for
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Figure 6: TCA correction curves for nominal frequencies.
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UHFs never exceeds +18 dB as it does in P.1546-1 and the curves were applicable only for distances ranging from 10 to 1000 km. Further development
should therefore be aimed at making the TCA correction distance dependent for distances less than 10 km. Furthermore, when the receiving/mobile
antenna height is changed from its reference height, both the TCA and the
receiving/mobile antenna height corrections are affected. While the TCA correction is measured from the receiving/mobile antenna height, the authors are
of the opinion that the TCA should be measured from the reference height
when the receiving/mobile antenna is surrounded by clutter, since the line-ofsight (LOS) from the receiving/mobile antenna to the obstructing terrain is
blocked by the clutter. How the TCA should be measured in open rural areas
requires further discussion taking into account how the TCA correction and
the receiving/mobile antenna height correction interact with each other.

3

Evaluation by Model

To investigate the behaviour of the P.1546 models, comparisons with the well
known OH model were performed for ﬂat rural areas. For comparison, the
following ﬁeld strength prediction curves are presented:
• P.1546 excluding corrections for TCA and receiving/mobile antenna
height (RAH)
• P.1546 including TCA correction
• P.1546 including RAH correction
• P.1546 including TCA and RAH corrections (full model)
• OH models (rural, suburban, and urban).
It is noted that Recommendation ITU-R P.1546 is compatible with the OH
model for certain urban scenarios [11, 12, 13]. It is also recognised that the OH
method is based on measurements performed in urban areas and to cater for
suburban and rural areas the model introduces correction factors (see [16]). In
Fig. 7, the OH models are used as a benchmark that points out the different
behaviour of the TCA corrections in P.1546-1 and P.1546-2, respectively. The
ﬁeld strength prediction results for ﬂat rural terrain using the P.1546-1 and
P.1546-2 models can be seen in Fig. 7(a) and (b), respectively.
First, the TCA correction curves as in P.1546-1 yield a positive correction
when there are negative TCA angles (LOS scenario) and, therefore, correct
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Figure 7: Field strength prediction for ﬂat rural areas. Model parameters for
this scenario are f = 881.52 MHz, h1 = 35 m, and h2 = 1.7 m. (a) P.1546-1. (b)
P.1546-2.
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the P.1546 ﬁeld strength prediction curve about 16 dB upwards (circles), depending on TCA. For the P.1546-2 model, the TCA correction for the same
ﬂat rural scenario is 0 dB due to the changed lower TCA limit as described in
Section 2.3. Second, the correction for receiving/mobile antenna height corrects the P.1546 prediction at the height of representative clutter (plus signs)
about 16.5 dB downward (x marks), independent of antenna separation distance. Note that the prediction results for P.1546-0 and P.1546-1 are almost
identical for the described scenario.
In Fig. 7(a), it can be seen that the ﬁeld strength predictions provided by
the P.1546-1 full model (squares) are 2.5 dB to 15 dB lower than the OH rural
model (triangles) for distances ranging from 1 to 20 km. It is well known
that the OH model in general produces overly optimistic prediction results
for open rural areas (see e.g., [18] Section 4.3.3); hence, the aforementioned
behaviour seems reasonable. Note that for a ﬂat scenario as given above, the
TCA depends on the distance between transmitting and receiving antennas.
As can be seen in Fig. 7(a), in the range 1 – 3 km, the P.1546-1 predictions are
limited in order to not exceed the predictions by the free space model.
In Fig. 7(b), it can be seen that the predictions provided by the P.15462 full model (squares) are 2.5 – 10 dB lower than those provided by the OH
suburban model (diamonds) for distances ranging from 1 to 20 km. At 20 km
the prediction approaches the OH urban model, which does not seem to be
intuitively correct. In P.1546-2, the TCA dependent correction is 0 dB for negative TCA angles (typical LOS scenario) and therefore does not correct the
P.1546 prediction curve (plus signs) at all. Therefore, the uncorrected P.1546
prediction curve (plus signs) is the same as the P.1546 prediction curve that
was corrected for TCA (circles). The correction for the RAH reduces the
P.1546 prediction at the height of representative clutter (plus signs) by about
16.5 dB (x marks). Hence, the P.1546-2 full model (squares) is identical to the
curve that incorporates only correction for receiving/mobile antenna height
(x marks). The full P.1546-2 model, including both TCA and RAH corrections, therefore predicts much lower ﬁeld strengths for rural LOS scenarios
compared to P.1546-1 and provides prediction results that are identical to
P.1546-1 without TCA correction applied.

4

Evaluation by Measurements

In this section, the evaluation of the P.1546 versions using measurement data
obtained by utilising the IS-95 pilot signal in a commercial CDMA network
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in rural Australia is presented.

4.1

Measurement Procedure

Mobile radio wave propagation measurements were performed using a CDMA
pilot scanner built by the Commonwealth Scientiﬁc and Industrial Research
Organisation (CSIRO) and the Australian Telecommunication Cooperative
Research Centre (ATcrc). The scanner is controlled by a laptop personal
computer and includes a global positioning system (GPS) receiver and an
omni-directional antenna. During the measurements the receiving antenna
was placed on the roof of a car at the height of approximately 1.7 m above
ground. The scanner is capable of tracking eight pilot signals simultaneously,
and the correlation peak (the magnitude of the dominant path) of one pilot
signal can be sampled at rates selectable down to 1/600 seconds allowing
tracking of fast signal fades.
The measurements originating from two measurement campaigns performed in rural Western Australia in June 2003 [19] and May 2004 [20] were analysed and used for evaluating the P.1546 versions. The collected drive test
data originates from three omni-directional BSs with macrocell characteristics
[Beverley (A), Quairading (B) and Corrigin (C)] and cover more than 400 km
of different rural terrain with different signal distribution. Nineteen measurement tracks from the area of interest plotted on a DEM together with BS
positions and altitude shown in metres, can be seen in Fig. 8. For large parts
of the measurements, LOS between transmitting and receiving antennas were
present, which resulted in negative TCAs. The data is therefore very suitable
for evaluating and comparing the two different sets of TCA correction curves
incorporated in P.1546-1 and P.1546-2, respectively. Typically, only one pilot
channel was received at the same time in these rural areas, limiting the effect
of inter-cell interference. The BS positions were given by the register of radiocommunications licences held at the Australian Communications and Media
Authority (ACMA). Transmitting pilot power, antenna height, and antenna
pattern (omni-directional) of the BSs were provided by Telstra Wireless Access Services, Perth, Australia. Where possible, the transmitting power was
veriﬁed by LOS measurements near the BS. The local average received power
used in the analysis is computed by averaging signal measurements over a
measurement track of 300 wavelengths, which corresponds to approximately
100 m. The typical travelling speed during the measurement was in the range
of 80 – 100 km/h.
It is noted that the three BS stations A, B, and C are positioned within,
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Figure 8: Digital elevation map, using 9 second resolution, used for the point-to-area propagation model
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or just outside, built-up areas (small business centres and large storage facilities). As can be seen in e.g., Fig. 13, the received and measured pilot power is
therefore typically affected by these obstacles for shorter antenna separation
distances. Otherwise, the region where the measurement results were obtained
can be classiﬁed as open farmland with occasional large trees branching overhead. It should also be noted that building and vegetation information were
not included in the path loss predictions using the P.1546 models and that
the measurement tracks are all within 28 km to BS, i.e., within the size of a
rural IS-95 cell.

4.2

Statistical Analysis Metrics

First order statistics, correlation factor, and hit rate metrics have been used
to evaluate the results.
4.2.1

First Order Statistics

The mean of the prediction error and its standard deviation are ﬁrst order
statistics traditionally used for evaluating the accuracy of prediction models.
Here, predicted and measured values are denoted by pi and mi , respectively,
and are given on a logarithmic (decibels) scale. The prediction error is expressed as
 i = p i − mi ,

i = 1, 2, . . . , N

(5)

where N is the number of samples corresponding to 300 wavelengths, as described in Section 4.1. The maximum prediction deviation from the measured
values is calculated as
max = max {|i |}
1≤i≤N

(6)

and the mean prediction error is obtained as follows:
¯ =

N
1 
i .
N i=1

Finally, the prediction error’s standard deviation is calculated as

 N

 (i − ¯)2

.
σ = i=1
N −1

(7)

(8)
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Correlation Coefﬁcient

The correlation coefﬁcient provides a measure of the degree of linear relationship between two random variables and is calculated as
N


(mi − m) (pi − p)

r = 
N
N


2
(mi − m)
(pi − p)2
i=1

i=1

(9)

i=1

where m and p are the means of the measured and predicted values, respectively. A correlation coefﬁcient close to one indicates a strong linear relationship.
4.2.3

Total Hit Rate

When determining the accuracy of a prediction model, hit rate metrics [21]
may be used to complement the ﬁrst order statistics and the correlation factor.
In this paper, the location speciﬁc total hit rate (THR) is used as a direct
indication of the quality of the prediction model. Given a path loss threshold,
LT , if both predicted and measured path loss values are greater, less than, or
equal to LT , the prediction is regarded as correct irrespective to the deviation
of the predicted from the measured value. The method is useful in assessing
the validity of a model where coverage is determined simply by a threshold
value. For further details on the hit rate metrics, see [21]. To compare the
different models using THR, the average total hit rate error (AHRE) were
introduced in [19]. The AHRE is the mean deviation from 100% THR and is
expressed as
AHRE =

1
NL T



LT ,max

100% − THR(LT )

(10)

LT =LT ,min

where LT is the path loss threshold and NLT is the number of THR points.
A small value of AHRE indicates a good ﬁt between predicted and estimated
values. In this paper, LT,min and LT,max are chosen so that AHRE may
be interpreted as the area between the THR curve and 100% (see Fig. 9).
Furthermore, the path loss threshold, LT , is increased from LT,min to LT,max
in 0.1 dB steps.
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Figure 9: Model comparison using THR and measurement 2003 A1. The
AHRE results for P.1546-0, P.1546-1, P.1546-2, and Model A are 13.43%,
20.64%, 22.26%, and 9.52%, respectively

4.3

Results

Here, the P.1546 models are evaluated using the measurement data described
in Section 4.1. Figs. 10 – 13 show four examples of path loss prediction versus
travelled distance for the P.1546 versions. The ﬁgures also show Model A,
which incorporates the authors’ proposed modiﬁcations and is introduced later
in Section 5. The free space model is given as a path loss boundary and h1 and
TCA are shown in the ﬁgures to reveal how the different algorithms produce
different parameter values. In particular, it can be seen how the difference
in the application of TCA correction (P.1546-1 and P.1546-2) affects the ﬁnal
prediction results with P.1546-2 providing overall higher path loss predictions.
Furthermore, the different h1 deﬁnitions (P.1546-0 and P.1546-1) reﬂect in a
small difference in the path loss predictions, which in e.g., Fig. 13 is noticeable
(2 – 3 dB) up to a travelled distance of about 8 km.
The statistical analysis summary for the P.1546 models is shown in Tables 1
and 2. The statistical analysis metrics max , ¯, σ , r , and AHRE for the
P.1546 models and all measurements ranging from 2003 A1 to 2004 C5 are
presented in Tables 1 and 2. This notation describes when and where the
measurement were obtained [year (2003/2004), BS (A/B/C), and route index].
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Figure 10: Measurement 2003 A1 around Beverley BS, where the transmitting/base antenna height is negative for some parts of the route.

Furthermore, the last row in each table presents the average prediction results
for all measurements that were calculated per model and statistical analysis
metric. The results show that the P.1546-0 model provides the overall best
predictions (max , ¯, r , and AHRE) of the three P.1546 versions.
As can be seen in Table 1, the average of the maximum prediction deviation
over all nineteen measurements (2003 A1 to 2004 C5) is of similar order for all
three P.1546 models, namely, 25.52 dB, 28.87 dB, and 29.77 dB for P.1546-0,
P.1546-1, and P.1546-2, respectively. On the other hand, the average of the
mean prediction errors for the P.1546-0 and the P.1546-1 models are −0.26 dB
and −1.23 dB, respectively, which can be considered as very good compared to
the average of the mean prediction error of 11.11 dB for the P.1546-2 model.
As such, the P.1546-2 model on average predicts 11.37 dB and 12.34 dB higher
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Figure 11: Measurement 2004 A5 around Beverley BS with negative transmitting/base antenna height and TCA correction overshoot at approximately
13 km travelled distance.

path loss than P.1546-0 and P.1546-1, respectively, mainly due to the fact
that TCA correction is not applied in P.1546-2 for θtca < 0.55◦ . In other
words, the path loss predictions of P.1546-0 and P.1546-1 follow the trends in
the measurements better than the P.1546-2 model because of how the TCA
correction is applied (see Section 2.3). However, P.1546-2 provides the lowest
average standard deviation of 8.71 dB of the P.1546 versions. Again, this
is thought to be the case because of the TCA correction is being applied
only when the straight line between transmitting and receiving antennas is
obstructed.
As far as the prediction accuracy of the three P.1546 versions is concerned,
it can be seen in Table 2 that P.1546-0 and P.1546-1 yield a slightly better
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Figure 12: Measurement 2004 B8 around Quairading BS with TCA correction
overshoot at a travelled distance of approximately 13 km .

average correlation coefﬁcient (r̄ = 0.69) than the P.1546-2 model (r̄ = 0.65).
This is the result of TCA correction being applied for both LOS and nonLOS scenarios. A more distinct differentiation among the three versions can
be observed with respect to the total hit rate and average hit rate error. In
particular, P.1546-0 provides the best overall AHRE results (AHRE = 15.75%)
where the small difference compared to P.1546-1 (AHRE = 16.23%) originates
from their different h1 deﬁnitions, see Section 2.1. The P.1546-2 model produces the highest overall average hit rate error (AHRE = 23.07%) and hence
provides only inferior results compared to both P.1546-0 and P.1546-1. In
order to illustrate this characteristic, Fig. 9 shows THR curves for the representative example of measurement 2003 A1 with the AHRE being the area
between THR curve and 100%.
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Figure 13: Measurement 2003 C1 around Corrigin BS spanning over 1 – 24 km
to the BS.

Apart from the aforementioned overall statistical characteristics, a number of other ﬁndings can be deduced from the individual measurements as
follows: In particular, the P.1546-1 model severely overestimates (> 50 dB)
the path loss when h1 produces negative values for parts of some measurement routes (2003 A1 and 2004 A5), which can be seen in Figs. 10 and 11.
This behaviour also explains the large standard deviation σ of error for the
associated predictions. In contrast, the P.1546-0 model handles the problem
with negative h1 values better due to the fact that h1 is calculated taking
the physical height of the transmitting antenna into greater account (see Section 2.1.1). For the same scenarios, the P.1546-2 correction for negative h1
values slightly improves the prediction accuracy.
This correction may result in a prediction discontinuity, which can be seen
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10.35

11.95
9.88
10.19
10.71
14.82

P.1546-0

10.20

8.85
9.97
8.98
10.25
9.91

6.89
9.22
10.19
8.79
7.07
5.46
7.68
8.60
10.34

22.60
9.96
10.08
10.59
18.32

P.1546-1

Table 1: First Order Statistics for P.1546-0, P.1546-1, and P.1546-2 Models
max [dB]
¯ [dB]
σ [dB]

8.71

8.90
8.33
7.98
7.73
8.58

7.25
9.47
10.70
8.82
6.35
5.59
6.21
8.29
8.85

12.14
9.22
8.02
8.75
14.26

P.1546-2
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2003
2003
2003
2004
2004
2004
2004
2004
2004

2003
2003
2004
2004
2004

C1
C2
C3
C4
C5

B1
B2
B3
B4
B5
B6
B7
B8
B9

A1
A2
A3
A4
A5

0.88
0.78
0.74
0.64
0.86

0.64
0.83
0.74
0.68
0.76
0.69
0.59
0.83
0.70

0.89
0.61
0.37
0.27
0.56

P.1546-0

0.69

0.88
0.78
0.75
0.65
0.86

0.65
0.83
0.76
0.69
0.76
0.69
0.59
0.83
0.71

0.85
0.60
0.38
0.28
0.52

P.1546-1

0.65

0.86
0.76
0.72
0.68
0.81

0.59
0.81
0.72
0.63
0.73
0.62
0.60
0.81
0.65

0.84
0.53
0.28
0.15
0.45

P.1546-2

15.75

7.88
12.79
11.28
15.65
9.52

19.01
10.91
11.22
16.70
12.43
22.74
23.04
9.59
14.90

13.43
15.26
25.34
25.85
21.64

P.1546-0

16.23

8.17
12.44
10.65
15.58
10.18

20.03
10.14
11.06
17.62
12.74
21.84
25.09
9.15
15.22

20.64
15.98
24.01
24.72
23.16

P.1546-1

23.07

11.29
21.11
21.25
28.20
13.14

29.05
19.76
16.51
18.13
21.64
41.23
20.12
17.36
22.84

22.26
19.57
35.15
36.66
23.16

P.1546-2

Table 2: Correlation Coefﬁcient and AHRE for P.1546-0, P.1546-1, and P.1546-2 Models
r
AHRE [%]

2003
2004
2004
2004
2004

0.69

Meas.

Average
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in Fig. 11 at a travelled distance of approximately 18 km. It is also noted that
path loss prediction overshoots originating from the TCA correction sometimes occur, which can clearly be seen in Figs. 11 and 12 at a travelled distance
of approximately 13 km.

5

Discussions and Proposed Modiﬁcations

First, the results in Section 4.3 show that the P.1546 models sometimes produce abnormal predictions due to negative h1 values being produced (2003 A1
and 2004 A5). Therefore, a new transmitting/base antenna height deﬁnition,
h1 , that remedies this behaviour is proposed in Section 5.1. Second, for the
measurements presented in this paper, buildings and other man-made obstacles, resulting in increased path loss, are typically present for distances
within about 2.5 km to BS. Also, vegetation along the measurement routes
sometimes has a major impact on the received ﬁeld strength. To increase the
prediction accuracy, land usage and vegetation information should preferably
be incorporated in the propagation model.
These modiﬁcations are therefore incorporated in our proposed Model A,
which is described and evaluated in this section. The model is based on the
P.1546 ﬁeld strength curves; h1 is calculated as in Section 5.1, TCA correction is applied as in P.1546-1, and corrections for different land usage and
vegetation surrounding the receiving antenna are introduced.

5.1

Transmitting/Base Antenna Height Modiﬁcation

The deﬁnition of effective antenna height as in [4], used in P.1546 [11, 12, 13]
to obtain the transmitting/base antenna height, is widely used and accepted
albeit its known limitations. For example, for shorter transmitting and receiving antenna separation distances where both antennas are positioned on
the same slope, this deﬁnition might produce negative h1 values. Even though
this is a well-known shortcoming, a simple solution is yet to be presented and
accepted. Also, it is noted that the standard deﬁnition is not reciprocal, which
is one of the basic requirements from the mobile community point of view. For
a mobile telephony scenario, this means that the BS-to-mobile (downlink) predictions should preferably be equal to the mobile-to-BS (uplink) predictions.
In this section, the proposed h1 deﬁnition that deals with the negative transmitting/base antenna height problem is presented. Scenarios where negative
h1 values sometimes may occur are also presented and discussed.
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Alternative Effective Antenna Height Deﬁnition, he

The effective height of the base antenna, he , is deﬁned as the average difference
of terrain height relative to a line connecting the ground levels at transmitting and receiving antennas subtracted from the height of the transmitting
antenna, htx (see Fig. 14 and [22, 23]). In practice, this deﬁnition mitigates
Tx
he
Average
difference

Rx

Figure 14: Alternative deﬁnition of effective antenna height, he .
the problems with both negative values and reciprocity.
5.1.2

Scenarios

The heﬀ deﬁnition as in the P.1546 models sometimes results in negative h1
values when the receiving antenna is located on a slope and the transmitting/base antenna is located below [see Fig. 15(a)]. This in turn, sometimes
results in an unrealistic underestimation of the ﬁeld strength, as previously
shown in Section 4.3 and Figs. 10 and 11. If the transmitting and receiving
antennas change positions, he remains the same, as shown in Fig. 15(a) and
(b). On the other hand, for longer distances where the transmitting antenna
is located on an isolated height, as in a typical broadcasting situation, the traditional method appears to be more realistic (at least in one direction) (see
Fig. 16). The explanation for this is that if the path is relatively ﬂat from
transmitter to receiver and the transmitting antenna is mounted on a high
mast, the propagation characteristics may be very similar to the transmitter
being on a lower mast located on a hill.
5.1.3

Proposed Deﬁnition

To obtain an h1 deﬁnition that can be accepted by both the broadcasting and
mobile communications users, we propose that the effective antenna height
deﬁnition, heﬀ , should be used for distances greater than 15 km. For antenna
separations, d, less than 15 km, the alternative effective antenna height definition, he , which was given in Section 5.1.1, should preferably be used. To

Evaluation of the Propagation Model Recommendation ITU-R P.1546

he

91

Rx

Average
difference

hb

Tx

0.2 d

d
(a)
Tx
he

hb

Average
difference

Rx
0.2 d
d
(b)

Figure 15: Short range (d < 15 km) same slope scenario. (a) Transmitting
antenna positioned below receiving antenna, resulting in negative transmitting/base antenna height. (b) Reverse scenario.
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Tx
he

heﬀ

Average
difference

Rx

15 km
3 km

Figure 16: Typical broadcasting situation with the transmitting antenna located on an isolated height.
avoid a discontinuity at the transition at 15 km the resulting effective antenna height should be interpolated from he and heﬀ . Therefore, a transition
effective antenna height may be calculated as
ht =

(hb − he ) d + 15 he − 12 hb
3

(11)

for distances within the range 12 – 15 km. In (11), antenna heights, hb , he ,
and ht , and distance, d, are given using metres and kilometres, respectively.
In this paper, the 12 km limit has been chosen based on the available
measurement data and may be updated when more data originating from
diverse terrains becomes available for comparison.
It is known that the approach used in P.1546-0 to calculate h1 is more
robust (i.e., less prone to produce negative h1 values) than the method used
in P.1546-1 and P.1546-2. Therefore, h1 is calculated as
⎧
h +
⎪
⎪
⎨ tx
h1 =
htx +
⎪
⎪
⎩
heﬀ

(he −htx ) d
15

for

(ht −htx ) d
15

for 12 km ≤ d < 15 km

1 km ≤ d < 12 km
(12)

for 15 km ≤ d ≤ 1000 km.

This deﬁnition (12) was proposed in [24] and is in this paper used for the
Model A path loss predictions.
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Land Usage and Vegetation Information

To further enhance the Model A, land usage and vegetation information are
incorporated in the predictions. Land usage has been implemented using
the correction for receiving/mobile antenna height (see Section 2.2), which
is already available in the P.1546 models. In Section 5.2.4, a ﬁeld strength
attenuation factor as a function of the vegetation density in the vicinity of the
receiving antenna is proposed by the authors. In Section 4, it was noted that
the measured ﬁeld strength is typically attenuated due to buildings near the
BS. To gather information about land usage (built-up areas) satellite photos
and notes made during the measurements were inspected. It was then concluded where in the measurements the land usage could be considered as being
built-up. This information was then used in the standard P.1546 correction
for receiving/mobile antenna height, RAH. The representative clutter height
for the built-up areas was set to be 20 m.
Although the vegetation along the measurement routes is very sparse it is
clear that the vegetation surrounding the receiving antenna sometimes has a
big impact on the received ﬁeld strength. Therefore, an add-on ﬁeld strength
correction factor based on vegetation type and vegetation density is introduced and incorporated into Model A. In Section 4.3 (e.g., Figs. 11 and 12
at a travelled distance of approximately 13 km), it can be seen that the TCA
correction sometimes gives an overshoot in the path loss predictions for prominent terrain obstacles and shorter distances. It is therefore motivated to not
apply further attenuation due to vegetation for θtca > 0.55◦ .

5.2.1

Vegetation Type

The vegetation type (VT) data used in the analysis was provided by the Department of Agriculture, Western Australia. The data is given on a broad
scale format and identiﬁes vegetation types in patches larger than about 25
hectares. Furthermore, the data-set contains information on two levels: 1)
land-use data and 2) vegetation type (e.g., medium woodland and York gum).
In the rural area where the measurements were performed, ten different vegetation types were identiﬁed, as shown in Table 3. Attenuation factors are
not available for all vegetation types, so for convenience the types were divided into two groups corresponding to woodland (3, 7, 8, 18, 23, and 29) and
shrublands (2, 6, 19, and 24).
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Table 3: Vegetation Types
VT

5.2.2

Description

2

Shrublands; scrub-heath

3

Medium woodland; York gum, wandoo and salmon gum

6

Shrublands; scrub-heath

7

Medium woodland; York gum

8

Medium woodland; wandoo

18

Succulent steppe, sparse woodland and thicket; York gum

19

Shrublands; thicket with scattered wandoo

23

Medium woodland; wandoo, York gum and salmon gum

24

Shrublands; scrub-heath

29

Medium woodland; York gum and salmon gum

Vegetation Density

The vegetation density data used in the analysis was provided by the CSIRO
Mathematical and Information Sciences, and Land Monitor Western Australia. The perennial crown density information is given on an accurate 25 m
grid and is represented by a scalar value ranging from 0% to 100% corresponding to no vegetation and dense vegetation, respectively. The crown density
metric corresponds to the estimated percentage of land that is covered by the
tree crown [25].

5.2.3

Extracted Data

The data extracted from the vegetation type data base corresponds to the
most occurring vegetation type within a 100 m by 100 m area (typically only
one type). The vegetation density near the receiver (VDN) corresponds to
the average vegetation density within a 100 m by 100 m area surrounding the
receiving antenna.
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Vegetation Attenuation

The attenuation of ﬁeld strength due to vegetation is based on previous ﬁndings for tree attenuation at 869 MHz [26]. These experiments showed that
single trees attenuated the received signal with 10 dB to 20 dB. The approach
in this paper is to simply add a ﬁeld strength attenuation factor (FSAF) in
decibels, depending on vegetation type and vegetation density, as

FSAF =

VDN·20
100

for woodland

VDN·10
100

for shrublands.

(13)

It is noted that VDN does rarely exceed 50% for the areas under consideration,
which means that the FSAF most likely will never overcorrect the predictions.

5.3

Evaluation of Model A

The statistical analysis summary for Model A and the rural OH model is presented in Table 4. It can be seen from these results that Model A outperforms
the rural OH model with respect to all considered statistics. Speciﬁcally, the
OH path loss predictions are on average 8.65 dB too optimistic, which is in
agreement with e.g., [18].
A comparison of the statistics of the three P.1546 versions in Tables 1 and 2
with the results for Model A in Table 4, reveals that Model A produces overall
more accurate predictions compared to these P.1546 models. The averages for
the maximum prediction error, the standard deviation, the correlation factor,
and the average total hit rate error with respect to the conducted nineteen
measurements are obtained as ¯max = 22.78 dB, σ̄ = 8.19 dB, r̄ = 0.71, and
AHRE = 14.76%, respectively, and have clearly improved compared to the
P.1546 models. The only statistic that does not improve compared to all
three P.1546 versions is the average of the mean prediction error (1.95 dB). It
should be noted that this result is still better than the average of the mean
prediction error obtained by using the P.1546-2 model (11.11 dB) and is well
within the measurement accuracy margin.
The advantage of the proposed deﬁnition of the transmitting/base antenna
height h1 as outlined in Section 5.1 can clearly be seen in Figs. 10 and 11.
While the P.1546 models tend to signiﬁcantly overestimate the path loss for
those parts of the measurement routes where negative or small h1 values occur,
this problem is less severe with Model A. For instance, it can be seen in Fig. 10
at a travelled distance of approximately 13 km, that the proposed deﬁnition
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A1
A2
A3
A4
A5
15.28
23.50
31.18
29.23
25.28
18.95
18.68
21.99
22.08

17.87
18.23
17.36
19.68
27.26

Model A

45.43
30.36
32.01
32.65
40.60

22.90
42.74
49.16
36.98
33.28
18.42
26.39
41.36
32.96

45.45
34.18
23.95
22.30
31.62

OH

-0.26
4.93
4.35
4.71
1.48

-2.19
6.84
-0.52
-4.70
1.85
8.39
-4.63
2.76
1.33

1.66
-0.73
3.38
3.64
4.73

Model A

-8.65

-15.75
-7.24
-4.89
-2.63
-12.76

-7.94
-4.07
-10.08
-13.63
-10.16
-5.45
-13.63
-8.22
-8.12

-12.42
-8.53
-5.41
-5.08
-8.31

OH

8.19

8.33
8.41
8.03
9.35
8.15

5.83
9.31
10.24
6.80
6.84
5.82
6.90
8.44
9.54

7.73
8.50
7.70
8.14
11.46

Model A

8.83

9.76
8.52
8.58
8.20
8.74

7.34
10.34
11.95
9.21
6.44
5.90
6.72
9.04
9.72

11.37
9.54
8.43
9.18
8.81

OH

0.71

0.87
0.81
0.76
0.67
0.86

0.77
0.82
0.75
0.80
0.74
0.59
0.58
0.82
0.71

0.89
0.67
0.47
0.39
0.61

Model A

0.61

0.84
0.75
0.68
0.65
0.80

0.59
0.78
0.62
0.59
0.71
0.58
0.59
0.77
0.58

0.75
0.49
0.26
0.13
0.45

OH

14.76

8.18
13.62
12.37
14.64
9.24

13.94
12.10
10.68
11.95
13.17
26.91
19.59
10.55
14.08

9.52
13.83
22.84
23.78
19.39

Model A

18.39

17.43
13.53
11.23
13.50
15.94

24.04
9.55
14.40
24.50
24.22
22.36
30.17
12.22
16.53

18.35
16.52
21.85
23.00
20.09

OH

AHRE [%]

2003
2003
2004
2004
2004
B1
B2
B3
B4
B5
B6
B7
B8
B9
31.08
24.53
21.11
27.56
22.01

1.95

Table 4: Statistics for Model A and OH rural Model
¯ [dB]
σ [dB]
r

2003
2003
2003
2004
2004
2004
2004
2004
2004
C1
C2
C3
C4
C5

33.83

max [dB]

2003
2004
2004
2004
2004

22.78

Meas.

Average
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of h1 as described in Section 5.1.3 quite drastically remedies the prediction
overshoot problem with negative h1 values. The statistical results support
the conclusion that there are no obvious shortcomings for normal scenarios
using the deﬁnition of the transmitting/base antenna height h1 , as proposed
in (12).
Another factor behind the improvement in the overall prediction results
for Model A as shown in Table 4 is given by the incorporation of land usage
and the vegetation attenuation factor. The addition of land usage (buildings)
for shorter distances makes the predictions more accurate (see e.g., Fig. 10 for
travelled distances between 2.8 and 7.9 km). Also, the prediction results improve when using the vegetation correction, which can be seen in e.g., Fig. 11
at a travelled distance in the range of 4 – 7 km.

6

Conclusions

In this paper, the validity of the three versions of Recommendation ITU-R
P.1546 for path loss prediction in rural Australia is analysed. Speciﬁcally, the
versions P.1546-0, P.1546-1, and P.1546-2 are compared against simple models
and evaluated using measurement results obtained by utilising the pilot signal
of a commercial CDMA mobile telephone network. It is shown that P.1546-0
and P.1546-1 provide better overall prediction of path loss compared to traditional models, such as the Okumura-Hata model. The comparison with the
measurement results also shows that P.1546-2 on average underestimates the
ﬁeld strength by more than 10 dB for typical Australian rural areas. However,
it is found that P.1546-2 improves the standard deviation of the prediction
error compared to previous versions of the Recommendation. As the P.1546
models cater for corrections for both receiving/mobile antenna height and terrain clearance angle, additional accuracy to the predictions can generally be
achieved.
The evaluation of the three P.1546 versions has revealed some degradation in prediction performance in cases when negative values of the transmitting/base antenna height h1 are produced. Speciﬁcally, it is noted that the
method used in P.1546-0 to calculate h1 is more accurate and robust towards
the processing of negative h1 values than the method used in the successor
versions P.1546-1 and P.1546-2. This shortcoming is typically observed as
a severe overestimation of the path loss in some scenarios (see Figs. 10 and
11). In order to remedy this problem, a modiﬁcation of the transmitting/base
antenna height h1 deﬁnition is proposed in this paper. This h1 deﬁnition incor-
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porates the effective height he of the base station for distances d < 15 km and
uses the well-established effective antenna height heﬀ for distances d ≥ 15 km
[see (12)]. It is shown that a considerable improvement in prediction accuracy
can be achieved in scenarios where otherwise a pathloss overestimation due
to negative h1 values will occur (see Figs. 10 and 11).
Additional improvements can be obtained by incorporating land usage and
vegetation information into the path loss predictions to cater for ﬁeld strength
attenuation due to buildings and vegetation at the receiving antenna. These
factors together with the aforementioned proposed deﬁnition of the transmitting/base antenna height are consolidated into Model A. In summary, Model A
provides more accurate and reliable path loss predictions for the rural areas
tested than the P.1546 models and the rural OH model. Additional comparisons with measurement data obtained in different rural areas are needed to
further prove Model A’s universal applicability.
Although a signiﬁcant amount of work has been performed and incorporated into the development of Recommendation ITU-R P.1546 since its
incarnation in 2001, such as methods for mixed land/sea paths and short
urban/suburban paths, additional efforts are still needed to obtain a model
that can be widely applied for a large variety of scenarios. For example, this
paper shows that the latest version P.1546-2 severely underestimates the ﬁeld
strength when tested against measurement results for short range (typically
less than 20 km) and rural scenarios. The implication is that both TCA correction and receiving/mobile antenna height correction in these scenarios can
be very much dependent on the distance to the base station. To develop
reliable distance-dependent correction models, a large quantity of measurement data originating from different types of terrain should be obtained and
analysed in future work.
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Abstract
In this paper propagation measurements obtained by utilising the
IS-95 pilot signal of a commercial CDMA mobile network in rural Australia are analysed regarding small-scale fading characteristics. It is
shown that for this environment the characteristics can be described by
the Ricean distribution, where the K-factor correlates with the clutter
density in the vicinity of the mobile receiving antenna. The Ricean Kfactor indicates the small-scale fading margin required in a link budget
calculation scenario, where pessimistic modelling, assuming Rayleigh
fading, would lead to unnecessary high base station transmitter power
and possible interference problems. This analysis correlates the vegetation density variations near the mobile receiving antenna to the Ricean
K-factor enabling for prediction of the small-scale fading characteristics.

1

Introduction

The use of mobile communication systems has seen a tremendous growth in
the last decade. This growth is expected to continue in the areas of mobile
broadband services, in which each user requires larger bandwidth to support
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higher data rate with better quality of service. A careful planning of cell structure is therefore required in order to maximise the use of available spectrum
in such systems. To enable realistic cell planning, advanced prediction tools
are required that incorporate characteristics of the particular region in which
a system is intended to be deployed. In this paper, propagation measurement
results obtained by utilising the IS-95 [1] pilot signal of a commercial code division multiple access (CDMA) mobile network in rural Western Australia are
analysed regarding the small-scale fading characteristics. Speciﬁcally, the correlation between the vegetation surrounding a mobile receiving antenna and
the Ricean K-factor has been investigated. The statistical analysis indicates
an inverse relationship between the Ricean K-factor and the vegetation density surrounding the mobile. This information is of importance in advanced
link budget calculations.
The paper is organised as follows. In Section 2, the measurement procedure
and equipment are introduced. Section 3 presents the terrain and vegetation
data bases. A small-scale fading statistics overview is given in Section 4. The
statistical analysis is explained in Section 5 and Section 6 contains the results.
Finally, conclusions are drawn in Section 7.

2

Measurements

Mobile propagation measurements were performed using a CDMA pilot scanner as described in [2]. The scanner, which is controlled by a laptop PC,
includes a global positioning system (GPS) receiver, an omni-directional receiving antenna (1.7 m), and a weather station. The scanner is capable of
tracking eight pilot signals simultaneously. Also, the correlation peak (the
magnitude of the dominant path) of one pilot signal can be sampled at rates
selectable down to 1/600 sec allowing tracking of fast signal fades. A graphical user interface (GUI) allows measurement parameters to be displayed in
real-time.
Previously, measurements from a measurement campaign performed in rural Western Australia in June 2003 were analysed and used for evaluating the
new ITU-R P.1546 propagation model [3]. In May 2004, additional measurements were collected in the same rural area. Together, the two measurement
campaigns span over 400 km of different rural terrain with different signal distribution. Received signal powers of pilot channels from multiple base stations
(BS) were measured and logged together with GPS information needed for the
data analysis. The collected drive test data presented in this paper originates
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from three omni-directional base stations (BS) with macrocell characteristics
(Beverley, Corrigin, and Quairading). Typically, only one pilot signal per
measurement was received, limiting the effect of inter-cell interference.

3

Vegetation and Terrain Data

Two data bases containing information about vegetation type and vegetation
density have been used in the analysis. Also, to be able to distinguish between line-of-sight (LOS) and non LOS (NLOS) measurement data, a digital
elevation map (DEM) with a 9 second resolution grid (approximately 250 m),
supplied by Geoscience Australia, has been used.
No information regarding buildings and other man-made obstructions was
available to the authors at the time of writing this paper.

3.1

Vegetation Type

The vegetation type (VT) data used in the analysis was provided by the
Department of Agriculture, Western Australia. The data is given on a broad
scale format and identiﬁes vegetation types in patches larger than about 25
hectares. It should be noted that the data is given on a 25 m grid format
interpolated from the broad scale format. The data-set contains information
on two levels. Land-use data and vegetation type (e.g., medium woodland,
York gum). In the rural area where the measurements were performed, 10
different types were identiﬁed, as shown in Table 1.

3.2

Vegetation Density

The vegetation density (VD) data used in the analysis was provided by the
CSIRO Mathematical and Information Sciences, and Land Monitor Western
Australia. The perennial crown density information is given on an accurate
25 m grid and is represented by a scalar value ranging from 0 to 100 corresponding to no vegetation and dense vegetation, respectively. The crown
density metric corresponds to the estimated percentage of land covered by the
tree crown [4].

3.3

Extracted Data

The data extracted from the vegetation type data base corresponds to the
most occurring vegetation type within a 50 by 50 m area (typically one type).
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VT

Table 1: Occurring Vegetation Types
Description

2

Shrublands; scrub-heath

3

Medium woodland; York gum, wandoo and salmon gum

6

Shrublands; scrub-heath

7

Medium woodland; York gum

8

Medium woodland; wandoo

18

Succulent steppe, sparse woodland and thicket; York gum

19

Shrublands; thicket with scattered wandoo

23

Medium woodland; wandoo, York gum and salmon gum

24

Shrublands; scrub-heath

29

Medium woodland; York gum and salmon gum

The data extracted from the vegetation density data bases are density at
the receiver and density near the receiver. Vegetation density at the receiver
corresponds to a value obtained using four surrounding grid points and cubic
interpolation. The vegetation density near the receiver corresponds to a 50 by
50 m area surrounding the receiver (9 point average), using cubic interpolation
(as for vegetation density at the receiver) for each point. These two metrics
show similar variations along the travelled measurement routes unless the
vegetation is not close to the travelled route (road) but still in the near area
of interest. In the statistical analysis, the vegetation near the receiver has
been used.

4

Small-Scale Fading Statistics

Traditionally [5], multipath fading models for the mobile radio channel are of
the types described by Aulin and Clarke. These models predict the statistical
distribution of the received ﬁeld strength to follow the Rayleigh distribution.
In rural and open areas with few scatterers a dominant path, such as line-ofsight (LOS), is often present, which causes the small-scale fading statistics to
be non-Rayleigh. Using the Rayleigh model for these scenarios (pessimistic
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modelling) would lead to unnecessary high base station transmitter power
and possible interference problems. Other distributions sometimes used describing mobile radio signals are the Nakagami and Weibull distributions [6].
It is well known that the Ricean distribution models the multipath fading,
when a prominent path is present, more accurately compared to these other
distributions. Detailed information about small-scale fading statistics can be
found in [5, 7, 10].

4.1

Ricean Fading

When a dominant signal component is arriving together with many weaker
multipath components a Ricean envelope is at hand. As the dominant signal becomes weaker, the composite signal resembles a fading signal, which
has an envelope that is Rayleigh distributed. The Ricean distribution has a
probability density function (pdf) given by
⎧
r2 +A2
⎪
⎨ r2 e− 2σ2 I0 ( Ar2 ) 0 ≤ r ≤ ∞
σ
σ
p(r) =
(1)
⎪
⎩ 0
r<0
where r is the envelope of the received signal and σ 2 denotes the average
value of 12 R2 (R, envelope). The parameter A denotes the peak amplitude
of the dominant signal and I0 (·) is the modiﬁed Bessel function of the ﬁrst
kind and zero-order. The Ricean factor is deﬁned as the ratio between the
deterministic signal power and the variance of the multipath signal and is
given by K = A2 /(2σ 2 ), or in terms of dB
A2
.
2σ 2
The corresponding cumulative density function (CDF) is given by
 
 R
2
Ar
r − r2 +A
2σ2 I0
e
P (R) =
dr.
2
σ
σ2
0
K[dB] = 10 log10

(2)

(3)

For A = 0, P (R) is solved using numerical methods. The Rayleigh distribution
is a special case of the Ricean distribution and is at hand when A = 0.

4.2

Curve Fitting

In literature, several techniques to display CDFs are used. Since we are interested in characterising the likelihood of very low signal levels (deep fades),
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curve ﬁtting has been performed on a logarithmic vertical scale [7] where deep
fades are indicated by the left tail of the distribution. Deep fading is the situation for which a statistical model is necessary, since that is where marginal
performance occurs [8]. This logarithmic approach has been used by several
authors including Rappaport [9] and is a widely accepted method. It shall be
noted that a different curve ﬁtting approach performed in the linear domain
as in [10] also was investigated. It is concluded that both methods give similar
estimation results.
For all measurements the local CDFs corresponding to 20 wavelengths
(6.8 m) were estimated and ﬁtted to Ricean CDFs with deﬁned K-factors
using the curve ﬁtting method mentioned above. To remove the large-scale
fading effects and calculate the local fading distribution (fds), the local average
received power is subtracted from the high resolution tracked pilot power [6].
To estimate the local CDFs, every fds is divided into 50 discrete steps equidistant spaced between the largest and smallest observed value. The goodnessof-ﬁt between the hypothesised and experimental CDFs is performed as a
Kolmogorov-Smirnov (KS) analysis [10]. The K-factor is ﬁtted assuming the
values to fall in the range between −6 dB and 25 dB where K-factors smaller
than −6 dB are considered to follow the Rayleigh distribution closely. A CDF
for a rural part of a mobile CDMA radio measurement around Quairading BS
where the Ricean K-factor is approximately 3.9 dB is shown in Fig. 1.

5

Statistical Analysis

To ﬁnd an inverse relationship between the Ricean K-factor and the vegetation density, a linear regression procedure has been performed. First order
statistics, correlation factor and hit rate metrics [11] have been used to evaluate the results. To minimise estimation uncertainties and terrain inﬂuences,
the data has been divided into different categories as follows:
• BS (topology)
• LOS or NLOS (terrain inﬂuence)
• distance to BS (1 – 3 km, 3 – 5 km,..., (N – 2) – N km)
• vegetation type
In the analysis, estimated K-factors at the curve ﬁtting limits (−6 dB and
25 dB), NLOS, and vegetation with heights below receiving antenna height
are excluded.
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Figure 1: Cumulative density function, around Quairading BS.

5.1

First Order Statistics

The mean of the prediction error, , and its standard deviation, σ , are ﬁrst
order statistics traditionally used for evaluating the accuracy of prediction
models. Here,  is deﬁned as the difference between the regression line, pi ,
and the estimated values, ei , on a logarithmic [dB] scale, i.e., assuming that
the estimated values are exactly correct.

5.2

Correlation Coefﬁcient

The correlation coefﬁcient provides a measure of the degree of linear relationship between two random variables and is calculated as
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n


(ei − e) (pi − p)

r = 
n
n

2 
2
(ei − e)
(pi − p)
i

i

(4)

i

where e and p are the means of the estimated and predicted values, respectively, and n is the number of samples. A correlation coefﬁcient close to one
indicates a strong linear relationship.

5.3

Hit Rate Metrics

To complement the ﬁrst order statistics, hit rate metrics are introduced by
Owadally, Montiel, and Saunders [11]. The hit rate is a measure of goodness
when predicting the coverage by a single K-factor threshold. In this paper,
the location speciﬁc total hit rate (THR) is used as a direct indication of the
prediction accuracy of the linear regression line. Given a K-factor threshold,
if both K-factor according to the regression line and the estimated K-factor
are greater or less than the threshold, the prediction is regarded as correct
irrespective to the deviation of the predicted from the measured value. For
further details on the hit rate metrics, refer to [11].
To compare several regression lines for different scenarios using THR, the
average total hit rate error (AHRE) [3] was incorporated. The AHRE is
expressed as
AHRE =

1
N KT

max(KT )



100% − THR(KT )

(5)

min(KT )

where KT is the K-factor threshold and NKT is the number of THR points.
A small value of AHRE indicates a good ﬁt of predicted to the estimated
values.

6

Results

The region from where the presented measurement results were obtained can
be classiﬁed as open farmland with occasional large trees branching overhead
(Corrigin and Quairading). The Beverley measurement data is from a region
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with more vegetation and trees surrounding the receiving antenna. Also, the
terrain for these measurements is somewhat more hilly. From the measurements it can be concluded that the topography of the area surrounding the
mobile has a big impact on the signal variability and the K-factor. When
a section along the measurement route is surrounded by vegetation, the Kfactor decreases. Also, distance and terrain path proﬁle (altitude) between BS
and mobile inﬂuence the small-scale fading characteristics. Even though the
terrain was mostly rural for all measurements (rolling open landscape with
different vegetation), parts of the measurements were affected by terrain features, surrounding buildings and other man-made obstructions not reﬂected
in the used data bases (terrain/vegetation). This leads to local Ricean Kfactors that do not have an inverse relationship to the vegetation density.
In Fig. 2, one measurement from the Beverley region is presented. From
top to bottom, Fig. 2 shows received pilot power, local fading distribution,
Ricean K-factor, vegetation density, altitude, and distance to BS, plotted versus travelled distance, respectively. The vectors containing information about
the Ricean K-factor, vegetation at the receiving antenna and vegetation near
the receiving antenna have been averaged using a low-pass ﬁlter making Fig. 2
easier to interpret.
The analysis shows correlation between mean signal values and the variance of the small-scale fading envelope. Also, an expected strong correlation
between signal variance and Ricean K-factor is present. Although the results
show that the K-factor changes quite rapidly along the measurement routes,
obvious trends that correlate with the vegetation surrounding the receiving
antenna are noted.
Tables 2, 3, and 4 present the statistical analysis results for medium woodland. In particular, the regression lines and associated correlation factor, r ,
standard deviation, σ , and AHRE are presented. It should be noted that
sections containing few data points are not presented. Also, large parts of the
vegetation types along the measurement routes are classiﬁed as shrublands or
other low height vegetation, which were excluded from the analysis.
Fig. 3 shows an example of the K-factor plotted versus vegetation density
(medium woodland, York gum) using data originating from 3 – 5 km around
Beverley BS. Even though the scatterpoints are quite spread around the regression line, leading to a low correlation factor, an inverse relationship can
be established. If the regression line is going to be used for predictions of the
K-factor, the THR corresponding to Fig. 3 is shown in Fig. 4.
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Figure 2: Mobile CDMA radio measurement, around Beverley BS.

7

Conclusions

Knowledge of the expected Ricean K-factor is important in system design,
as it allows estimation of the small-scale fading margin required in the link
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Table 2: Statistical analysis around Beverley BS
DBS [km] VT Regression Line
r
σ
AHRE
1–3

7

−0.00VD+5.41

0.01

4.08

9.52

3–5

7

−0.10VD+7.08

0.24

4.28

10.32

5–7

7

−0.13VD+7.39

0.20

3.60

8.72

Table 3: Statistical analysis around Quairading BS
DBS [km] VT Regression Line
r
σ
AHRE
1–3

23

−0.10VD+7.17

0.22

3.83

9.21

3–5

23

0.02VD+5.99

0.04

4.02

9.54

5–7

23

−0.04VD+8.12

0.07

4.43

10.18

7–9

23

−0.16VD+8.67

0.12

4.73

11.02

Table 4: Statistical analysis around Corrigin BS
DBS [km] VT Regression Line
r
σ
AHRE
1–3

3
29

−0.02VD+8.08
−0.01VD+6.98

0.06
0.03

4.65
4.02

11.30
9.77

3–5

3

−0.19VD+14.70

0.31

4.92

11.85

5–7

3

−0.07VD+12.00

0.20

4.05

8.99

budget calculation. A long-term average of the K-factor gives an estimation of
the average performance that can be expected. However, more efﬁcient system
design requires knowledge of the K-factor variation as the mobile moves.
A trend of inverse relationship between the vegetation density and Kfactor can be seen in Fig. 2. However, the statistical analysis has proved
difﬁculty in ﬁnding a simple relationship. This can be attributed to the fact
that K-factor is also affected by other local objects (such as buildings) and
by the terrain between transmitting and receiving antennas, which could not
be taken into account in the current analysis. Also, estimating the K-factors
corresponding to a larger section (> 20 wavelengths) could possible yield a
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stronger correlation.
To gather additional useful data, measurements should be performed in
an environment where most of the vegetation is classiﬁed as woodland rather
than shrublands, i.e., more vegetation with heights above the receiving antenna. Moreover, the terrain should be rather ﬂat to isolate the impact of the
vegetation on the fading from other inﬂuences, such as man-made obstacles.
Future work will include novel prediction methods of the small-scale fading
characteristics taking terrain parameters into account using an artiﬁcial neural
network, as proposed in [12].
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[3] E. Östlin, H-J. Zepernick, and H. Suzuki, “Evaluation of the new semiterrain based propagation model Recommendation ITU-R P.1546,” IEEE
Semiannual Vehicular Technology Conference, vol. 1, pp. 114-118, Orlando, USA, October 2003.
[4] S-M Lee, N. A. Clark, and P. A. Araman, “Automated methods of tree
boundary extraction and foilage transparency estimation from digital imagery,” Proceedings of the 19th Biennial Workshop on Color Photgra-

120

Part II

phy Videography and Airborne Imaging for Resource Assessment, Logan,
USA, 2004.
[5] J. D. Parsons, “The Mobile Radio Propagation Channel,” John Wiley &
Sons Ltd, Chichester, England, 2000.
[6] H. Bertoni, Ed., “Coverage prediction for mobile radio systems operating
in the 800/900 MHz frequency range,” IEEE Transactions on Vehicular
Technology, vol. 37, no. 1, pp. 3-72, February 1988.
[7] T. S. Rappaport, “Wireless Communications: Principles and Practice,”
Prentice Hall, New York, USA, 1996.
[8] S. Stein, “Fading channel issues in system engineering,” IEEE Journal
on Selected Areas in Communications, vol. 5, No. 2, pp. 68-89, February
1987.
[9] T. S. Rappaport and C. D. McGillem, “UHF fading in factories,” IEEE
Journal on Selected Areas in Communications, vol. 7, No. 1, pp. 40-48,
January 1989.
[10] R. Steele, “Mobile Radio Communications,” IEEE Press, New York,
USA, 1994.
[11] A. S. Owadally, E. Montiel, and S. R. Saunders, “A comparison of the accuracy of propagation models using hit rate analysis,” IEEE Semiannual
Vehicular Technology Conference, vol. 4, pp. 7-11, Atlantic City, USA,
October 2001.
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Macrocell Path Loss Prediction Using Artiﬁcial
Neural Networks
E. Östlin, H.-J. Zepernick, and H. Suzuki

Abstract
This paper presents and evaluates artiﬁcial neural network models
used for macrocell path loss prediction. Measurement data obtained by
utilising the IS-95 pilot signal from a commercial code division multiple
access mobile network in rural Australia is used to train and evaluate
the models. A simple neuron model and feed-forward networks with
different number of hidden layers and neurons are evaluated regarding
their training time, prediction accuracy, and generalisation properties.
Also, different backpropagation training algorithms, such as gradient
descent and Levenberg–Marquardt, are evaluated. The artiﬁcial neural
network inputs are chosen to be distance to base station, parameters
easily obtained from terrain path proﬁles, land usage and vegetation
type and density near the receiving antenna. The path loss prediction
results obtained by using the artiﬁcial neural network models are evaluated against different versions of the semi-terrain based propagation
model Recommendation ITU-R P.1546 and the Okumura-Hata model.
The statistical analysis shows that a simplistic artiﬁcial neural network
model performs very well compared to traditional propagation models
in regards to prediction accuracy, complexity and prediction time.

1

Introduction

A successful roll-out of a cellular mobile radio system depends largely on a
well planned and designed cellular structure. For every type of radio access
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technology [1, 2], the cellular design has to be supported by the physical
layer [3, 4]. Thus, reliable and accurate prediction models are crucial to enable
for prediction of the radio channel characteristics for where the cellular mobile
radio system is to be deployed. In particular, large-scale fading characteristics
have to be predicted reliably to enable for the utilisation of base stations (BS)
with optimised characteristics, such as position, height, transmitted power
and antenna pattern.
Over the years, well-known propagation models, such as Bullington [5, 6],
Longley-Rice [7], Okumura [8], and Okumura-Hata [9] models have been evaluated against each other, against theoretical models, and against measurement
data [10]. In the literature, different methods, such as the geometrical theory
of diffraction [11], integral equation [12], and parabolic equation [13], have also
been proposed to improve path loss prediction accuracy over irregular terrain.
Unfortunately, these methods are often very computationally intensive.
Traditionally, path loss prediction models have been based on empirical and/or deterministic methods. Empirical models are computationally
efﬁcient, but often lack in accuracy due to not taking speciﬁc propagation
phenomenons explicitly into account. On the other hand, theoretical models
can, depending on topographic data base resolution and accuracy, be very
accurate, but lack in computational efﬁciency.
Therefore, artiﬁcial neural networks (ANNs) have been proposed in order
to obtain prediction models that are more accurate than standard empirical
models whilst being more computational efﬁcient than theoretical models.
In recent years, ANNs have been shown to successfully perform path loss
predictions in rural [14, 15], suburban [16, 17, 18, 19], urban [20, 21, 22, 23,
24, 25, 26, 27] and indoor [28, 29, 30, 31] environments.
An ANN prediction model can, compared to theoretical models, be computationally very efﬁcient and be trained to perform well in environments
similar to where the training data is collected. Therefore, to obtain an ANN
model that is accurate and generalises well, measurement data from many
different environments should be used in the training process. The performance will also depend strongly on the chosen input parameters. Commonly,
the well-known feed-forward structure is used together with the backpropagation training methodology incorporating the standard gradient descent
algorithm. A drawback with multilayered feed-forward networks that contain
numerous neurons in each layer is the needed training time [17, 32]. Also, an
overly complex ANN network may lead to data overﬁtting and hence generalisation problems [33].
Often in the literature, the utilised feed-forward networks seem to be un-
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necessary complex (e.g., three hidden layers and numerous neurons) or sometimes the network size is not even mentioned at all. Therefore, in this work,
different sized ANNs are trained by utilising different backpropagation training algorithms, such as gradient descent and Levenberg–Marquardt. Also,
different training data selection strategies are utilised to investigate what
ANN complexity is needed to achieve high prediction accuracy whilst maintaining good generalisation properties. The goal is to obtain an ANN that
is not overly complex, but still generalises well and is accurate enough for
the application of cellular mobile radio network planning. For this purpose,
propagation measurements obtained by utilising the IS-95 [34] pilot signal of a
commercial code division multiple access (CDMA) mobile telephone network
in rural Western Australia are used to train the ANN radio wave path loss prediction models. One general ﬁnding is that a simple ANN, such as the neuron
model or a feed-forward network with one hidden layer and only a few neurons, will likely provide sufﬁcient path loss prediction accuracy for a typical
rural macrocell radio network planning scenario. Also, when training these
simple ANNs using an efﬁcient training algorithm, such as the Levenberg–
Marquardt, the number of iterations in the training process may be reduced
from approximately 100, 000 to 10, which corresponds to reducing the training
time from many hours to a few seconds. Therefore, when incorporating large
amounts of training data, the training process will be greatly more efﬁcient.
It was also observed in the statistical analysis that feed-forward networks
with several hidden layers and numerous neurons may lead to inferior generalisation properties compared to the less complex structures. Therefore, the
impact on prediction accuracy and generalisation properties due to additional
hidden layers and neurons was also investigated.
The paper is organised as follows: In Section 2, the measurement procedure and equipment are introduced. Section 3 contains relevant ANN background information, such as neuron model, feed-forward network, backpropagation and gradient descent, Levenberg–Marquardt and methods to improve
the ANN generalisation properties (early stopping and Bayesian regularisation). In Section 4, the ANNs input parameters in relation to the problem
setting of path loss prediction for macrocell scenarios is provided. Sections 5
and 6 contain the statistical analysis metric deﬁnitions and the ANN training and evaluation, respectively. Finally, conclusions and future work are
presented in Section 7.
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Measurement Procedure

The work presented in this paper utilises mobile radio wave propagation measurements that originate from two measurement campaigns performed in rural
Western Australia in June 2003 [35] and May 2004 [36] for the training and
evaluation of different ANN models. The measurements were conducted using
a CDMA pilot scanner, which was developed and built by the Commonwealth
Scientiﬁc and Industrial Research Organisation (CSIRO) and the Australian
Telecommunication Cooperative Research Centre (ATcrc) in collaboration.
For the purpose of mobile measurements, the measurement system also includes a global positioning system (GPS) receiver and an omni-directional
receiving antenna, which during the measurements were placed on the roof of
a car at the height of approximately 1.7 m above ground. The measurement
system is controlled by a custom software running on a laptop, which also logs
all measurement data. The collected drive test data (nineteen routes) originates from three omni-directional BSs with macrocell characteristics [Beverley (A), Quairading (B) and Corrigin (C)] and covers more than 400 km of
different rural terrain with different signal distribution. The correlation peak
of the received pilot signal was sampled at 600 Hz. Typically, in these rural
areas mostly only one pilot signal was received at the same time, hence limiting the effect of inter-cell interference. The base station (BS) positions were
given by the register of radiocommunications licences held at the Australian
Communications and Media Authority (ACMA). The BSs’ transmitted pilot
power, antenna height, and antenna pattern (omni-directional) were provided
by Telstra Wireless Access Services in Perth. Where possible, the transmitting
power was veriﬁed by line-of-sight (LOS) measurements near the BS.
The region from where the presented measurement results were obtained
can be classiﬁed as open farmland with occasional large trees branching overhead (B and C). The measurement data originating from BS A is from a region
with more vegetation and trees surrounding the receiving antenna. Also, the
terrain for these measurements is somewhat more hilly. It should be noted
that in the measurements originating from BS B, the presence of a large builtup area including a huge grain-storage facility (> 15 m height) has a noticable
impact on the measurements.
To be directly comparable to our previous journal paper [37] that compares
different versions of the Recommendation ITU-R P.1546 model [38, 39, 40],
the local average received powers used to train and evaluate the ANN models
are computed by averaging signal measurements over a measurement track of
300 wavelengths, which corresponds to approximately 100 m.
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Artiﬁcial Neural Network

The ANN task is to ﬁnd the best functional ﬁt for a speciﬁed set of inputoutput pairs and also interpolate and extrapolate for unknown data sets.
In this work, the application of ANNs for radio wave path loss predictions
can be compared to an approximation of a mathematical mildly non-linear
noisy function (measurement data) given at a number of points (training set).
To satisfactorily be able to predict the path loss for different propagation
scenarios, some type of regression that minimises both the training error and
the error of unknown inputs has to be performed. In the sequel, the ANN
motivation, neuron model, feed-forward network, training and generalisation
methods are introduced and described.

3.1

ANN Motivation

The idea for this work was to ﬁnd the most suitable feed-forward structure for
the application of path loss prediction utilising the measurement data collected
in rural Australia and the chosen input parameters. First, the importance of
the feed-forward network size was investigated regarding prediction accuracy
and generalisation properties. Second, it was investigated which training algorithm to use in regards to training time; i.e., maintaining the prediction
accuracy and generalisation properties whilst minimising the training time.

3.2

Neuron Model

Fig. 1 shows a simple neuron model. The neuron is presented with an input
t
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Figure 1: The neuron model.
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signal
x=



x1

x2

. . . xn

1

T

(1)

and accordingly produces an output value
u = wT x

(2)

where (·)T denotes the transpose and the neuron weights, w, are deﬁned as
w=



w1

w2

. . . wn

θ

T

.

(3)

Also, to provide the possibility to shift the activation function, f (·), to the left
or right, an additional scalar bias parameter, θ, is added to the weights. The
activation function is called the non-linearity of the neuron model and can be
any differentiable function. For this work, the activation function has been
chosen to be the commonly used hyperbolic tangent sigmoid transfer function
(symmetrical sigmoid function [41]), which is deﬁned as
f (u) =

1 − expu
1 + expu

(4)

and squashes the output into the range −1 to 1. As can be seen in Fig. 1, the
neuron output error, e, is calculated by subtracting the sigmoid output, f (u),
from the target value, t, as
e = t − y.

(5)

The neuron model’s objective is to minimise the output error, e, according
to some optimisation criteria; for example minimising the sum of the squared
errors.

3.3

Feed-Forward Network

The neuron model can be extended to a feed-forward network that incorporates several hidden layers which each has a different number of neurons and
weights [41]. Fig. 2 illustrates the network architecture for a three-layer feedforward ANN. The multi-layered feed-forward vectors and weights are deﬁned
in the same manner as for the neuron model. The ﬁrst hidden layer, second
hidden layer and the output layer have n1 , n2 and n3 neurons, respectively,
and the weight vectors, w[1] , w[2] and w[3] all include a bias term, θ. The

1

xn0

w[1]

w[2]

w[3]

f2 [3]

o2 [3]

1

Figure 2: Three-layer feed forward artiﬁcial neural network.
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feed-forward network notation is ANNn0 −n1 −...−nk , where n0 , n1 and nk represent the number of inputs, number of neurons in the ﬁrst hidden layer and
the number of neurons in the output layer, respectively. As can be seen in
[j]
Fig. 2, the ith activation function in the j th hidden layer is shown as fi and
[j]
oi denotes the output from the ith neuron in the j th layer. The number of
inputs, hidden layers and neurons is chosen so that the model can provide
an accurate approximation of the given problem. Usually, there is a tradeoff between capturing the complexity of the underlying function given by the
training data and the model’s ability to generalise to new inputs [42]. This
behaviour was sometimes observed in the training process and requires careful training data selection when the use of feed-forward networks with several
layers and neurons is considered.

3.4

ANN Training

The training set should be representative of the problem the ANN is designed
to solve. A properly trained ANN should be able to recognise whether a
new input vector is similar to learned patterns and produce a similar result.
Also, when new unknown input parameters are presented to the ANN, it is
expected to give an output using interpolation; and also extrapolation if the
input vectors exceed the parameter space used in the training process. For
the multiple-input single-output (MISO) path loss prediction ANN model, a
supervised training process is incorporated [41]. The Q input-output training
pairs are chosen randomly from the measurement data and are deﬁned as
{p1 , t1 }, {p2 , t2 }, . . . , {pQ , tQ }

(6)

where pq is an input vector and tq is the corresponding output.
The ANN weights, w, are found by minimising the mean squared errors
1 
e(q)2 .
Q q=1
Q

M SE =

(7)

In this paper, the well known backpropagation (gradient descent) algorithm has been used to train the ANNs [43]. To considerably speed up the
training time, other much faster training algorithms, such as the Levenberg–
Marquardt [44], have also been used. In the supervised training process, the
training algorithms were updated in batch mode, i.e., the ANN weights are
renewed after a complete training set has been presented to the ANN [41].
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Note that all input-output data pairs used in the training process are removed
in the model evaluation.
In the following, Sections 3.4.1 and 3.4.2 introduce the gradient descent
and Levenberg–Marquardt backpropagation algorithms, respectively.
3.4.1

Backpropagation and Gradient Descent

The standard implementation of backpropagation learning updates (i.e., ANN
weights and biases) is to base the updates on the direction of the steepest
negative gradient descent. This is written in the form
wk+1 = wk − αk gk

(8)

where wk contains the current weights and biases at the k th iteration. The parameter αk denotes the learning rate (constant) and gk represents the current
gradient vector.
Some other common algorithms that incorporate additional methods to
enable for faster convergence are [45]:
• Steepest descent with momentum
• Steepest descent with variable learning rate
• Resilient backpropagation
• Conjugate gradient
• One step secant
• Newton
• Quasi-Newton.
3.4.2

Levenberg–Marquardt

Newton’s method is often used to obtain fast optimisation characteristics.
The weight update can be expressed as
wk+1 = wk − A−1
k gk

(9)

where Ak is the Hessian matrix [46] (second-order derivatives) of the performance index consisting of current weights and biases. Unfortunately, it is
very computationally complex and computationally expensive to calculate the
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Hessian matrix for a feed-forward network. A quasi Newton method approach
is to compute, based on the local gradient, an approximative Hessian matrix
at each algorithm iteration.
The Levenberg–Marquardt method approaches second-order behaviour without the need to calculate or approximate the Hessian matrix as in Newton
and Quasi Newton methods, respectively [46]. For example, when training
a feed-forward network, the Hessian matrix can be approximated using the
Jacobian matrix, J, as [46]
H = JT J.

(10)

The gradient, g, is then expressed as
g = JT e

(11)

where e is a vector that contains the network errors. The Jacobian matrix
contains only ﬁrst order derivatives, with respect to weights and biases, and
can hence be calculated using a standard backpropagation technique [44]. This
approach is less complex and more computationally effective than computing
or approximating the Hessian matrix. The Newton-like weight update may
now be expressed as
wk+1 = wk − [JT J + μI]−1 JT e

(12)

where μ is an adaptive parameter that is decreased if the performance function is decreasing and increased if the performance function is increasing.
The parameter I denotes the identity matrix. This approach yields that, for
large μ-values, the Levenberg–Marquardt method becomes the gradient descent algorithm (small step size). When μ is 0, the weight update method
approximates the Newton method, which is faster and more accurate near an
error minima [33]. The aim is therefore to shift towards the approximative
Newton method as soon as possible.
The Levenberg–Marquardt algorithm is designed for training moderatesized feed-forward neural networks, with less than a hundred weights, and least
squares problems that are approximately linear [33]. Hence, the algorithm
should be well suited for the task of training an ANN path loss model. The
Levenberg–Marquardt algorithm has been reported to train ANNs at a rate of
10 to 100 (depending on the problem) times faster than the standard gradient
descent backpropagation method [33, 44].
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Generalisation

For the purpose of achieving improved generalisation properties, both early
stopping (ES) [41] and Bayesian regularisation (BR) [47, 48] have been evaluated utilising the available measurement data. In this work, ES was incorporated with the gradient descent algorithm to serve as the benchmark method.
When trying to minimise the needed training time whilst maintaining the
ANN’s generalisation characteristics, both ES and BR were used with the
Levenberg–Marquardt algorithm [33, 49].
In order to support the understanding of how to improve the generalisation
properties of ANN-based path loss prediction models, Sections 3.5.1 and 3.5.2
explain the ES and BR methodologies, respectively.

3.5.1

Early Stopping

To utilise ES, the measurement data [35, 36, 37] is divided into three subsets (training, validation, and evaluation) where the training set is used for
computing the gradient and the ANN weights. The errors obtained from the
validation set are monitored during the training. In this work, the number
of input-output data pairs in the validation set is chosen to be 20% of the
full training set [50]. When the network is starting to overﬁt the data from
the training set, the errors obtained from the validation set usually start to
increase. When the validation error has increased for a speciﬁed number of
iterations the training stops and the weights and biases at the minimum of
the validation error is returned.

3.5.2

Bayesian Regularisation

In BR, a modiﬁed linear combination of squared errors and weights are minimised, so that at the end of training the resulting ANN provides good generalisation properties [47, 48, 49]. The method of BR does not require a validation
data set and therefore only requires two data sets (training and evaluation).
Hence, all training data can be directly used in the training process, which is
to prefer if only small amounts of training data is available. One drawback
is that incorporating BR instead of ES in general requires more iterations to
converge than ES [33].
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Training Parameters

In rural macrocell environments, path loss depends strongly on transmitting
and receiving antenna separation distance, antenna heights, the terrain between the antennas and the clutter surrounding the receiving antenna. In this
work, the ANN inputs are chosen to be antenna separation distance, transmitting/base antenna height [38], terrain clearance angle [38], terrain usage
and vegetation type and density near the receiving antenna [37].
The terrain parameters are derived using a digital elevation map (DEM)
with a 9 second resolution grid (approximately 250 m) supplied by Geoscience
Australia. For efﬁcient ANN implementation, all input parameters are normalised to fall in the range between −1 and 1.
Sections 4.1 to 4.3, provide the deﬁnitions of the used ANN input parameters. More detailed descriptions can be found in [37].

4.1

Transmitting/Base Antenna Height, h1

The h1 deﬁnition used in the ANN models is based on the deﬁnition of effective
antenna height as in the Okumura model [8] and calculated as in the Recommendation ITU-R P.1546 [38]. Additional discussions regarding different
transmitting/base antenna height deﬁnitions can be found in [37].

4.2

Terrain Clearance Angle

For land paths, a terrain clearance angle (TCA) correction may be added to
increase the prediction accuracy enabling obstacles close to the receiver site
to be taken into account. The TCA is based on the angles relative to the
horizontal between a line connecting the transmitting and receiving antennas
and a line at the receiving antenna which clears all the terrain obstructions
over a distance of up to 16 km, but not going beyond the base antenna [38].

4.3

Land Usage and Vegetation Information

To further enhance the ANN prediction accuracy, land usage and vegetation
information may be incorporated in the ANN models. In [37], it was noted
that the measured ﬁeld strength is typically attenuated due to buildings near
the BS. Information regarding land usage (rural and built-up areas) was obtained from inspecting satellite photos and notes made during the measurement campaigns.
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Vegetation Type

The vegetation type (VT) data used in the ANN analysis was provided by the
Department of Agriculture, Western Australia. The data-set contains information on two levels, namely land-use data and vegetation type (e.g., medium
woodland, York gum). In the rural area where the measurements were performed, 10 different vegetation types were identiﬁed [37]. For simplicity, these
vegetation types were divided into three groups corresponding to woodland,
shrublands and no vegetation. The data extracted from the vegetation type
data base corresponds to the most occurring vegetation type within a 100 m
by 100 m area, which is typically only one type.
4.3.2

Vegetation Density

The vegetation density data used in the analysis was provided by the CSIRO
Mathematical and Information Sciences, and Land Monitor Western Australia. The perennial crown density information is given on an accurate 25 m
grid and is represented by a scalar value ranging from 0% to 100% corresponding to no vegetation and dense vegetation, respectively. The crown density
metric corresponds to the estimated percentage of land covered by the tree
crown [51]. The vegetation density near the receiver (VDN) corresponds to
the average vegetation density within a 100 m by 100 m area surrounding the
receiver.

5

Statistical Analysis Metrics

First order statistics, correlation factor, and average total hit rate error have
been used to evaluate the results. Predicted and measured values are denoted pi and mi , respectively, and are given on a logarithmic [dB] scale. The
prediction error, i , is expressed as
 i = p i − mi ,

i = 1, 2, . . . , N

(13)

where N is the number of samples corresponding to 300 wavelengths as described in Section 2. The maximum prediction error, the mean prediction error and the error standard deviation are denoted max [dB], ¯ [dB] and σ [dB],
respectively. The correlation coefﬁcient is denoted r and provides a measure
of the degree of linear relationship between measured, mi , and predicted, pi ,
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values and is calculated as
N


r = 

(mi − m) (pi − p)

N
N


2
2
(mi − m)
(pi − p)
i=1

i=1

(14)

i=1

where m and p are the means of the measured and predicted values, respectively. A strong linear relationship is indicated by a correlation coefﬁcient
close to one. The prediction accuracy is also quantiﬁed using the average
total hit rate error (AHRE [%]) as introduced in [35]. This single value metric is derived from the total hit rate curve described in [52]. A small AHRE
value indicates a good ﬁt between predicted and estimated value. A complete
description of the used statistical analysis metrics can be found in [37].

6

Training and Evaluation

In this section, different ANNs are evaluated using the measurement data
introduced in Section 2. Conveniently, the prediction evaluations in this paper
can be directly compared with previously published results [37].
This section is organised as follows. In Section 6.1, the ANNs are trained
and evaluated using measurement data originating from the same BS (C).
The training data is obtained from four routes and the evaluation data from
a different ﬁfth route. In Section 6.2, the ANNs are trained with data from
BS C (see Section 6.1) and are evaluated using measurement data originating
from BS A. This training approach was performed to show that the ANNs can
perform well in a different environment compared to where from the training
data was gathered. Finally, Section 6.3 presents a training and evaluation
approach where the training data is obtained from one measurement route
around each BS (A, B and C). The training data is chosen, so that the range
covers most of the date used in the evaluation. Also, the impact on training
time, prediction accuracy and generalisation characteristics when performing
the training using the Levenberg–Marquardt training algorithm is presented.

6.1

Same Cell - Different Route

Here, the ﬁrst ANN training/evaluation approach utilises measurement data
originating from the same omni-directional BS (C). Five measurements (different
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routes) have been obtained from this Corrigin BS. The measurement data covers a travelled distance of 129 km and consists of 1, 238 averaged pilot power
samples where each average power value has been estimated from measurement data spanning over 300 wavelengths. The ANN models are trained
utilising 500 randomly chosen input-output data pairs [see (6)] from four of
the measurements (2003 C1, 2004 C2, 2004 C3 and 2004 C4) and evaluated
using measurement data from the ﬁfth measurement track (2004 C5).
Table 1 presents the numerical results for different sized ANNs (ANN6−1 ,
ANN6−3−1 and ANN6−7−3−1 ). The numerical results for the training (TR)

Table 1: Statistical Analysis Summary: Same Cell - Different Route
Data Metric
ANN6−1 ANN6−3−1 ANN6−7−3−1

TR

max [dB]
¯ [dB]
σ [dB]
r
AHRE [%]

27.03
0.40
7.01
0.81
10.21

31.92
0.31
6.98
0.84
9.24

32.53
-0.06
6.74
0.82
10.33

EV

max [dB]
¯ [dB]
σ [dB]
r
AHRE [%]

25.61
-4.15
7.67
0.85
9.48

23.07
-3.54
7.41
0.86
8.83

22.16
-2.78
7.26
0.87
8.48

data correspond to the 500 data pairs taken from measurements 2003 C1,
2004 C2, 2004 C3 and 2004 C4. The numerical results for the evaluation
(EV) data correspond to measurement 2004 C5 (201 samples) The results
show that, for this scenario and for the TR data, increasing the number of
hidden layers and neurons slightly worsen the prediction accuracy for some
of the statistical analysis metrics (max , σ and AHRE). For the EV data,
it can be seen that extending the neuron model ANN6−1 to ANN6−3−1 and
ANN6−3−1 slightly increases the prediction accuracy. Note that the TR and
EV data are taken from different measurement routes and hence some deviations due to speciﬁc topographical features shown in the analysis of the TR
data is not present in the analysis of the EV data.
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Different Cell

The different cell approach evaluates the ANNs, trained as described in Section 6.1, using 188 input-output data pairs obtained from a different BS
(2003 A1). The purpose of this training/evaluation approach is to see how
well the different ANNs generalise. From previous investigations [37, 53, 54,
55], it was known that the propagation scenario that occurs after 13 km travelled distance, where the receiving antenna is being on a slope above the BS,
may be hard to predict depending on how the transmitting/base antenna
height is calculated and incorporated in the path loss model.
Table 1 in Section 6.1 presents the numerical results for the TR data taken
from measurements 2003 C1, 2004 C2, 2004 C3 and 2004 C4.
Table 2 shows the prediction results for the different sized ANNs using
EV data from measurement 2003 A1. It can be seen that all statistical analTable 2: Statistical Analysis Summary: Different Cell
Data Metric
ANN6−1 ANN6−3−1 ANN6−7−3−1

EV

max [dB]
¯ [dB]
σ [dB]
r
AHRE [%]

35.83
-5.10
9.27
0.87
11.29

32.22
-4.87
8.29
0.87
10.44

29.38
-3.34
8.14
0.86
9.53

ysis metrics except from the correlation factor, r , slightly improves when
extending the ANN6−1 to ANN6−7−3−1 . Also for this scenario, the prediction accuracy increases somewhat with additional number of hidden layers and
neurons. It can be concluded that the ANN models generalise quite well when
being evaluated using measurement data that originates from another BS and
a different region. During the training, it was noted that the ANN6−7−3−1
is much more sensitive to the training data compared to the ANN6−1 and
ANN6−3−1 .

6.3

All Cells

In this approach, 700 randomly chosen input-output pairs originating from
three BSs (2003 A1, 2003 B2 and 2003 C1) are used to train the ANNs.
Together these three measurements cover most of the input and output parameter range to be expected in the evaluation. Hence, the ANN’s task is to
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Figure 3: Measurement 2003 A1 around Beverley BS, where the mobile receiving antenna is on a slope positioned above the transmitting antenna.
interpolate and to some degree also extrapolate from the given input data.
The nineteen measurement routes cover a travelled distance of approximately
400 km and consist of 3, 823 averaged pilot power samples averaged over 300
wavelengths.
Utilising the backpropagation gradient descent algorithm with ES, the
training process requires approximately 10, 000, 100, 000 and 150, 000 iterations in batch mode for the ANN6−1 , ANN6−3−1 and ANN6−7−3−1 models,
respectively.
Figs. 3–6 show the measured and predicted path loss for four measurement
routes (2003 A1, 2004 A5, 2004 B8 and 2003 C1). For clarity, only the
prediction curves provided by the ANN6−3−1 model and the EV data are
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Figure 4: Measurement 2004 A5 around Beverley BS, where the transmitting/base antenna height is close to zero for parts of the route and a distinct
peak in the TCA at 13 km travelled distance.

shown in the ﬁgures.
Fig. 3 shows the ANN path loss prediction for measurement 2003 A1 (Beverley BS) where for parts of the route, after approximately 13 km travelled
distance, the mobile receiving antenna is on a slope above the BS. This particular scenario causes some severe overestimation (+40 dB) of the path loss
when using the Recommendation ITU-R P.1546 model due to how the transmitting/base antenna height is deﬁned and incorporated in the model [37].
Using an ANN model that has been trained with measurement data obtained
from this speciﬁc scenario, it can be seen that the predicted path loss accuracy
is very good even for the region after 13 km travelled distance.
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Figure 5: Measurement 2004 B8 around Quairading BS with a distinct peak
in the TCA at 13 km travelled distance.
Fig. 4 depicts the ANN path loss prediction for another measurement route
around Beverley BS (2004 A5). At approximately 13 km travelled distance,
a sharp peak in the TCA can be seen. For this speciﬁc scenario, the P.1546
model produces a correction overshoot (20 − 40 dB), which can result in unrealistic path loss predictions [37]. Now, when using the ANN prediction model,
the path loss correction due to TCA is smoother and does not overshoot.
Fig. 5 illustrates the ANN path loss prediction for measurement route
2004 B8 (Quairading BS). At around 4.5 km travelled distance there is a huge
grain-storage facility (> 15 m height) that affects the measurements. Also, at
approximately 13 km travelled distance, a distinct TCA peak is present. In
the path loss prediction, it can be seen that the ANN does not create an
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Figure 6: Measurement 2003 C1 around Corrigin BS spanning over 1 − 24 km
to the BS.
overshoot due to this peak; i.e., the response is quite smooth.
Fig. 6 presents the ANN path loss prediction for a measurement route
around Corrigin BS (2003 C1). It can be seen that the overall predictions
follow quite nicely the measurements without any abnormalities. Note that,
at approximately 5 and 22 km travelled distance there are distinct increases in
the measured path loss. These peaks are due to features that are not described
by the topographical data and hence not reﬂected by the input parameters.
Tables 3–5 show the statistical analysis results for the evaluated ANN
models and the nineteen measurement routes. The numerical values given in
Tables 3–4 correspond to EV data. For comparison, the two bottom rows in all
tables provide the average prediction results for TR and EV data (AverageTR
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and AverageEV).
Table 3 presents the ﬁrst order statistical analysis results for the three
different sized ANN models. It can be seen that the average prediction results
provided by the ANN models do not differ signiﬁcantly. For the EV data
(AverageEV ), the average maximum error, max , is approximately 21 – 22 dB,
the mean error, ¯, is close to zero and the error standard deviation, σ , is near
7 dB. By inspecting the AverageTR and the AverageEV results in Table 3, it
can be seen that extending the ANN structures results in greater prediction
accuracy improvements for the TR data compared to the EV data.
Table 4 shows the correlation coefﬁcient and AHRE corresponding to the
same ANNs as in Table 3. Here as well, the prediction results are quite similar
for the different ANN models. For the EV data (AverageEV), the correlation
coefﬁcient, r , is greater than 0.7 and the average total hit rate error, AHRE, is
about 12 % on average for all predictions. The AverageTR and the AverageEV
results presented in Table 4 also show the the correlation coefﬁcient, r , and
the average total hit rate error, AHRE, to be signiﬁcantly better for the TR
data compared to the EV data. The differences between the ANNs for some of
the predictions originates from how well the ANN is able to adapt to different
scenarios.
The overall conclusion that can be drawn from Tables 3 and 4 is that a
ANN6−1 model (neuron model), for the given training approach and available measurement data, would be sufﬁcient to obtain an accurate path loss
prediction model that generalises well.
Further, the numerical values may be directly compared to the prediction results achieved for Recommendation ITU-R P.1546 versions (P.15460, P.1546-1 and P.1546-2), Okumura-Hata and Model A evaluated in [37].
Model A is a modiﬁed/improved version of the Recommendation ITU-R P.1546
in which a modiﬁed deﬁnition of transmitting/base antenna height and ﬁeldstrength attenuation due to different land usage and vegetation are included.
It is noted that the average prediction results obtained with the ANN6−1
model, for the available measurement data, are slightly more accurate than
the results achieved with Model A [37].
It should be noted that an ANN6−7−3−1 model requires several thousands
of iterations (gradient descent and ES) in the backpropagation training process to converge to its optimum. Therefore, as a comparison, the Levenberg–
Marquardt training algorithm was used to train the neuron model incorpoBR
rating both ES and BR (ANNES
6−1 and ANN6−1 ). For ES and BR stopping
criteria, only approximately 10 and 20 iterations in batch mode are required,
respectively, to train the ANN.
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BR
Table 5 shows the average prediction results for the ANNES
6−1 and ANN6−1
models corresponding to both TR and EV data. It can be seen that the overall
average path loss prediction results are on par with the previous evaluation
results shown in Tables 3 and 4. In summary, these simple path loss models
provide accurate prediction results and generalise well. Note that, when evaluating the Levenberg–Marquardt ANNs using the TR data (700 input-output
pairs from 2003 A1, 2003 B2 and 2003 C1), ANNBR
6−1 seem to be more accu(see
Table
5).
Finally,
the average ANNES
rate compared to ANNES
6−1
6−1 and
BR
ANN6−1 prediction results for the EV data (AverageEV) are very much the
same for all statistical analysis metrics. For this application, the differences
would more likely originate from the chosen training data rather then the
algorithm performance.

7

Conclusions and Future Work

The work in this paper investigates ANN path loss prediction models for rural
macrocell environments. A CDMA pilot scanner was used to obtain measurement data in a commercial IS-95 mobile telephone network in rural Western
Australia. The collected data and extracted terrain and topographical parameters were then used to train and evaluate the different ANNs.
Different sized ANNs, ranging from the neuron model to multilayered feedforward networks, were analysed in order to determine network complexity
needed to obtain accurate path loss predictions. Also, to reduce training
time whilst maintaining prediction accuracy and generalisation properties,
faster training algorithms, such as Levenberg–Marquardt, and ES and BR
were incorporaed in the training process.
The ANN model evaluation using ﬁrst order statistics, correlation factor
and the average total hit rate error metric shows that for the given drive test
data collected in rural Western Australia, using the given input parameters,
the ANN models perform very well in comparison with other common path loss
models, such as Recommendation ITU-R P.1546 and Okumura-Hata models,
of similar complexity.
It was found that more complex ANNs (several hidden layers and neurons)
do not increase prediction accuracy considerably. It was also found during
the training process that more complex ANNs may give rise to decreasing
generalisation properties.
It is very much noted that larger feed-forward networks are more sensitive
to the training data and may give less accurate predictions when presented

24.88
24.49
24.98
19.23
23.98

26.03
22.27

C1
C2
C3
C4
C5

2003
2004
2004
2004
2004

AverageTR
AverageEV

16.29
19.56
34.86
32.30
28.60
13.79
17.32
21.51
24.92

B1
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B4
B5
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B8
B9

2003
2003
2003
2004
2004
2004
2004
2004
2004

20.77
19.39
14.27
14.28
27.78

A1
A2
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A4
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ANN6−1

2003
2003
2004
2004
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Meas.

25.67
21.14

33.64
24.14
16.64
21.48
22.88

12.13
19.69
27.22
32.02
28.24
14.16
17.02
22.30
21.64

19.85
16.69
14.55
14.74
22.71

ANN6−3−1

max [dB]

22.83
21.02

30.92
22.49
15.05
20.33
19.78

15.99
20.43
33.53
32.48
28.75
15.96
16.55
21.79
22.35

17.06
18.09
13.06
12.93
21.77

ANN6−7−3−1

0.42
0.19

-3.02
0.61
1.40
5.63
-2.74

2.07
4.46
-1.58
-3.70
-3.06
0.74
-2.71
-0.50
-1.28

0.61
-0.69
3.01
3.48
0.88

ANN6−1

0.27
0.25

-0.41
2.58
2.80
5.30
-0.30

0.59
2.46
-1.03
-3.57
-3.83
-0.55
-2.66
-2.12
-1.69

0.67
-1.08
2.99
3.34
1.34

ANN6−3−1

¯ [dB]

-0.19
-0.22

1.24
3.28
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5.19
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1.10
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-3.79
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-1.40
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1.57
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8.34
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8.66
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8.52
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5.47
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7.23
7.32
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5.87
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ANN6−1

8.15
7.01

9.14
8.09
6.48
6.19
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6.40
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7.26
7.27
6.04
4.84
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7.33
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ANN6−3−1

σ [dB]

Table 3: First Order Statistics for ANN6−1 , ANN6−3−1 , and ANN6−7−3−1 Models

7.71
6.96

8.80
7.12
6.36
6.18
7.59

6.62
8.04
10.47
7.52
5.77
4.94
5.57
7.21
6.85

6.18
6.70
5.56
5.96
8.74

ANN6−7−3−1
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Table 4: Correlation Coefﬁcient and AHRE for

and ANN6−7−3−1 Models

A1
A2
A3
A4
A5
0.78
0.88
0.84
0.79
0.73
0.71
0.51
0.85
0.74

0.93
0.76
0.41
0.36
0.52

ANN6−1

0.87
0.80
0.82
0.75
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0.85
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0.85
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0.74
0.45
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0.85
0.84
0.83
0.74
0.87

0.77
0.86
0.80
0.81
0.77
0.74
0.54
0.86
0.78

0.84
0.76
0.44
0.39
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ANN6−7−3−1

9.20
12.84

10.10
11.33
10.00
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16.91
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16.18
14.07
16.66
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10.44
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15.49

ANN6−1

8.64
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9.36
11.47
9.60
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14.62
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11.39
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12.39
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7.94
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8.05
11.86

9.40
10.85
9.24
13.11
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15.29
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12.09
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15.60
7.92
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16.65
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AHRE [%]
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0.81
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r
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2004

0.87
0.73

Meas.

AverageTR
AverageEV

AverageTR
AverageEV
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ANNES
6−1
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21.62

ANNBR
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0.06
-0.02

ANNES
6−1

0.46
0.49

ANNBR
6−1

8.42
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ANNES
6−1

6.28
6.94

ANNBR
6−1

0.87
0.74

ANNES
6−1

0.92
0.75

ANNBR
6−1

8.71
11.81

ANNES
6−1

6.64
12.19

ANNBR
6−1

Table 5: Neuron model statistical analysis – Levenberg–Marquardt training algorithm incorporating ES
and BR
max [dB]
¯ [dB]
σ [dB]
r
AHRE [%]
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with inputs outside the training parameter space. On the other hand, when
these more complex ANNs are presented with data similar to the training set
the predictions may be very accurate. Although, the focus in this paper has
been on model robustness and simplicity. When training an ANN6−1 using
the Levenberg–Marquardt algorithm instead of an ANN6−7−3−1 using the
standard backpropagation algorithm, the training time may be decreased from
approximately 150, 000 to 10 iterations. Hence, there is more available time
to incorporate more training data. The most important aspect in creating
an accurate and robust ANN path loss model seems to be the training data
selection. The input-output training data pairs should therefore describe as
large portion of the propagation problem the model is expected to be exposed
to.
Future work should incorporate careful selection of the training data giving
that the training set describes a wider range of the propagation problem.
This will increase the prediction accuracy and generalisation characteristics
of the ANN. It would also be very interesting to train an ANN using a very
large set of measurement data, such as the data sets available to the ITU
organisation. In particular, for the application of TCA correction, which in
the Recommendation ITU-R P.1546 for certain scenarios seems to overcorrect
the predictions [37]. It should also be noted that some of the large path loss
variations due to e.g., large blocking man-made objects cannot be predicted
due to lack of topographic data bases.
Since the publication of [37], a new version of the Recommendation ITU-R
P.1546 has been released (P.1546-3 [56]). After evaluating the new P.1546-3
model, it was concluded that the overall prediction accuracy for these rural
areas is slightly worse compared to the previous version P.1546-2. In particular, this is due to the simpliﬁed deﬁnition of TCA and how the corresponding
correction is applied.
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Small-Scale Fading Prediction Using an
Artiﬁcial Neural Network
E. Östlin, H.-J. Zepernick, and H. Suzuki

Abstract
This paper proposes and evaluates an artiﬁcial neural network used
for prediction of the Ricean K-factor. The model is trained with measurement data obtained by utilising the IS-95 pilot signal of a commercial CDMA mobile network in rural Australia. The neural network
inputs are chosen to be distance to base station, parameters easily obtained from terrain path proﬁles and a clutter parameter extracted
from a vegetation density data base. The Ricean K-factor indicates
the small-scale fading margin required in a link budget calculation scenario, where pessimistic modelling, assuming Rayleigh fading, would
lead to unnecessary high base station transmitter power and possible
interference problems. The statistical analysis shows that the artiﬁcial
neural network can be applied to accurately predict variations in the
small-scale fading characteristics due to different terrain and vegetation.

1

Introduction

To enable realistic cell planning, advanced prediction tools are required that
incorporate characteristics of the particular region in which a system is intended to be deployed. A previous analysis of the small-scale characteristics [1]
showed difﬁculty in ﬁnding a simple relationship between the Ricean K-factor
and the vegetation density surrounding the receiving antenna. Therefore, this
paper presents and evaluates an artiﬁcial neural network (ANN) model used
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for prediction of the Ricean K-factor. Measurement data obtained by utilising the IS-95 [2] pilot signal of a commercial code division multiple access
(CDMA) mobile network in rural Western Australia is used to train the model.
The statistical analysis, studying ﬁrst order statistics, correlation factor and
average total hit rate [3], shows that an ANN approach is a feasible method
to predict the small-scale characteristics.
The paper is organised as follows: In Section 2, the measurement procedure and equipment are introduced. Small-scale fading statistics and an
ANN overview are given in Sections 3 and 4, respectively. The ANN training
parameters and topology databases are introduced in Section 5. Sections 6
and 7 contain the statistical analysis and the model evaluation, respectively.
Finally, conclusions and future work are presented in Section 8.

2

Measurements

Mobile radio wave propagation measurements were performed using a CDMA
pilot scanner as described in [4]. The scanner, which is controlled by a laptop
PC, includes a global positioning system (GPS) receiver, an omni-directional
receiving antenna (1.7 m) and is capable of tracking eight pilot signals simultaneously. Also, the correlation peak (the magnitude of the dominant path) of
one pilot signal can be sampled at rates selectable down to 1/600 sec allowing
tracking of fast signal fades.
The measurement data used to train and evaluate the ANNs originates
from measurement campaigns conducted in rural Western Australia [1, 5]
designated for evaluation of path loss models. In this paper, measurement
data from one omni-directional base station (BS) with macrocell characteristics (Beverley) is presented. Typically, only one pilot signal per measurement
was received, limiting the effect of inter-cell interference. Transmitting power,
antenna height, antenna position, and antenna pattern of the BSs were given
by the register of spectrum licences held at the Australian Communications
Authority (ACA).

3

Small-Scale Fading Statistics

Traditionally [6], multipath fading models for the mobile radio channel are of
the types described by Aulin and Clarke. These models predict the statistical
distribution of the received ﬁeld strength to follow the Rayleigh distribution.
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In rural and open areas with few scatterers, a dominant path, such as line-ofsight (LOS), is often present. This causes the small-scale fading statistics to
be non-Rayleigh. Using the Rayleigh model for these scenarios (pessimistic
modelling) would lead to unnecessary high base station transmitter power and
possible interference problems. Other distributions sometimes used describing mobile radio signals are the Nakagami and Weibull distributions [7]. It
is known that the Ricean distribution models the multipath fading, when a
prominent path is present, more accurately compared to these other distributions. Detailed information about small-scale fading statistics can be found
in [6, 8, 9].

3.1

Ricean Fading

When a dominant signal component is arriving together with many weaker
multipath components a Ricean envelope is at hand. As the dominant signal becomes weaker, the composite signal resembles a fading signal, which
has an envelope that is Rayleigh distributed. The Ricean distribution has a
probability density function (pdf) given by

r2 +A2
r − 2σ2
I0 ( Ar
σ2 e
σ2 ) A ≥ 0, r ≥ 0
(1)
p(r) =
0
r<0
where r is the envelope of the received signal and σ 2 denotes the time-average
power of the received signal. The parameter A denotes the peak amplitude
of the dominant signal and I0 (·) is the modiﬁed Bessel function of the ﬁrst
kind and zero-order. The Ricean factor is deﬁned as the ratio between the
deterministic signal power and the variance of the multipath signal and is
given by K = A2 /(2σ 2 ), or in terms of dB
K[dB] = 10 log10

A2
.
2σ 2

The corresponding cumulative distribution function (CDF) is given by
 
 R
2
Ar
r − r2 +A
2σ2 I
P (R) =
e
dr.
0
2
σ2
0 σ

(2)

(3)

and describes the probability that r does not exceed a speciﬁed value R. For
A = 0, P (R) is solved using numerical methods. The Rayleigh distribution is
a special case of the Ricean distribution and is obtained when A = 0.
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Curve Fitting

In literature, several techniques to display CDFs are used. Since we are interested in characterising the likelihood of very low signal levels (deep fades),
curve ﬁtting has been performed on a logarithmic vertical scale [8, 10] where
deep fades are indicated by the left tail of the distribution. Deep fading is
the situation for which a statistical model is necessary, since that is where
marginal performance occurs [11]. It shall be noted that a different curve ﬁtting approach performed in the linear domain as in [9] also was investigated.
It is concluded that both methods give similar estimation results.
To remove the large-scale fading effects and calculate the local fading distribution (fds), the local average received power collected over 20 wavelengths
[7] is subtracted from the high resolution tracked pilot power. From the fds,
local CDFs are estimated and ﬁtted to Ricean CDFs with deﬁned K-factors
using the curve ﬁtting method mentioned above. To estimate the CDFs, every fds is divided into 50 discrete steps equidistant spaced between the largest
and smallest observed value. The goodness-of-ﬁt between the hypothesised
and experimental CDFs is performed as a Kolmogorov-Smirnov (KS) analysis [9]. The K-factor is ﬁtted assuming the values to fall in the range between
−6 dB and 25 dB where K-factors smaller than −6 dB are considered to follow the Rayleigh distribution closely. A CDF for a rural part of a mobile
CDMA radio measurement around Beverley BS where the Ricean K-factor is
approximately 3.9 dB is shown in Fig. 1.

4

Artiﬁcial Neural Network

The ANN task is to learn associations between a speciﬁed set of input-output
pairs ﬁnding the best functional ﬁt, i.e. map known inputs as exactly as possible to known outputs. Also, it must be able to interpolate/extrapolate for
unknown data sets, which for noisy data sets can become somewhat contradictory. The application of ANN used for small scale fading described in this
paper is comparable to an approximation of a mathematical non-linear noisy
function (measurement data) given at a number of points (training set). To
satisfactorily solve the problem, some type of regression, minimising both the
training error and the error of unknown inputs, must be performed. For this
purpose the measurement data has been divided into three subsets (training,
validation, and evaluation) enabling for the well known procedure of early
stopping (ES), which improves the generalisation properties of the model.
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Figure 1: Cumulative distribution function obtained from measurements
around Beverley BS (open farmland with occasional large trees branching
overhead).

The algorithm is updated in batch mode using the Levenberg–Marquardt algorithm [12], where the network weights are renewed after a complete training
set has been presented to the ANN. The training set should be representative of the problem the ANN is designed to solve. When trained properly,
the ANN should recognize whether a new input vector is similar to learned
patterns and produce a similar result. Also, when new unknown input parameters are presented to the ANN, it is expected to give an output using
interpolation and extrapolation if the input patterns exceed the trained parameter space. In this analysis, the training set has been chosen randomly
from the measurement data.
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Neuron Model

The neuron, see Fig. 2, receives an input signal

T
x = x1 x2 . . . xn 1

(4)

and produces an output value as
u = wT x

(5)

where (·)T denotes the transpose. The weights w are deﬁned as
w=



w1

w2

. . . wn

T

θ

(6)

where an additional scalar parameter θ called the bias is added to the weights
providing the possibility to shift the activation function f (·) to the left or
right. The activation function can be any differentiable function and is the
non-linearity of the neuron model. In this paper, the function has been chosen
to be the commonly used symmetrical sigmoid function [13], which is deﬁned
as
f (u) =

1 − exp−γ u
1 + exp−γ u

(7)

and is squashed between −1 and 1. The error e is calculated as the target
value t minus the sigmoid output y as e = t − f (u). The weights are found
by minimising the sum of the squared errors as described in [12].

t
w1

x1
x2

w2
.
.
.

u

y

e

–

f(·)

wn

xn

1

Figure 2: A neuron model.

+
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Feed-forward Network

Often, the neuron model is extended to a feed-forward network incorporating
several layers each using different numbers of neurons and weights [13]. The
network architecture for a three-layer feed-forward ANN can be seen in Fig. 3.
The multi-layered ANN vectors and weights are deﬁned in the same manner
as for the neuron model. The ﬁrst hidden layer, second hidden layer and the
output layer have n1 , n2 and n3 neurons, respectively, and are all including
the bias term θ. The notation for the ANNs is ANNn0 −n1 −...−nk , where
n0 is the number of inputs, n1 and nk are the number of neurons in the
[j]
ﬁrst input and output layer, respectively. In Fig. 3, oi denotes the output
from the ith neuron in the j th layer. The number of layers and neurons
should be chosen so that an accurate approximation of the given problem
is achieved. There is a trade-off between capturing the complexity of the
underlying function (training data) and generalisation [14]. This phenomena
is noted in the analysis and calls for careful selection of training data when
using higher order ANNs.

5

Training Parameters

The Ricean K-factor is mainly affected by the clutter/vegetation density in
the vicinity of the mobile receiving antenna. Previous analysis [1] showed
difﬁculties in only taking vegetation density near the receiving antenna into
account when predicting the small-scale fading characteristics. Therefore, additional terrain and vegetation parameters describing the topology between
transmitting and receiving antennas are incoporated enabling for more accurate predictions. The vegetation input parameters are derived from readily
available vegetation data bases and describes the type of vegetation and the
density. Additional input parameters are chosen to be distance to base station, parameters easily obtained from terrain path proﬁles, such as transmitting/base antenna height and terrain clearance angle [15], portion through
terrain [16] and rolling factor [17]. It shall be noted that these terrain parameters normally are used together with path loss models.
The vegetation density (VD) data used in the analysis was provided by the
CSIRO Mathematical and Information Sciences, and Land Monitor Western
Australia. The perennial crown density information is given on an accurate
25 m grid and is represented by a scalar value ranging from 0 to 100 corresponding to no vegetation and dense vegetation, respectively. The crown
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Figure 3: Three-layer feed forward artiﬁcial neural network.
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density metric corresponds to the estimated percentage of land covered by the
tree crown [18].
To make the ANN training more efﬁcient, input parameters are normalised
to fall in the range between −1 and 1.

5.1

Vegetation Density Near Receiver

Vegetation density at the receiver corresponds to a value obtained using four
surrounding grid points and cubic interpolation. The vegetation density near
the receiver corresponds to a 50 by 50 m area surrounding the receiver (9 point
average), using cubic interpolation (as for vegetation density at the receiver)
for each point.

5.2

Transmitting/Base Antenna Height

The effective height of the base antenna, heﬀ , is taken into account and is
calculated as the BS height in metres over the average level of the ground
between distances of 3 km and 15 km in the direction of the mobile antenna.
When the path length is larger than or equal to 15 km, the base antenna
height h1 to be used in the calculation is simply heﬀ . For path lengths less
than 15 km, h1 is the height of the antenna above terrain height averaged
between 0.2d and d km.

5.3

Terrain Clearance Angle

The latest ITU-R deﬁnition of terrain clearance angle (TCA) speciﬁed in
P.1546-1 has been used. The TCA in degrees is given by
θtca = θ − θr

(8)

where θ is measured relative to the horizontal at the mobile antenna which
clears all the terrain obstructions over a distance of up to 16 km, but not going
beyond the base antenna. The reference angle θr is given by


h1s − h2s
θr = arctan
(9)
1000 d
where h1s and h2s represent the heights of the base and mobile antennas in
metres above sea level, respectively.
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Portion Through Terrain

The portion through terrain is deﬁned as the percentage of a straight line
drawn between transmitter and receiver that goes through the terrain path
proﬁle. The parameter is calculated as
ptt =

Σai
d

(10)

where ai are the distances through the terrain and d is the distance between
transmitting and receiving antennas. Normally, this parameter takes shadowing effects into account.

5.5

Rolling Factor

The effects off terrain irregularities is included in the rolling factor and is
deﬁned as the difference in heights exceeded by 10% and 90% of the terrain
along the propagation path.

6

Statistical Analysis

First order statistics, correlation factor, and hit rate metrics [19] have been
used to evaluate the results.

6.1

First Order Statistics

The mean of the prediction error, , and its standard deviation, σ , are ﬁrst
order statistics traditionally used for evaluating the accuracy of prediction
models. Here,  is deﬁned as the difference between the prediction curve, pi ,
and the estimated values, ei , on a logarithmic [dB] scale, i.e. assuming that
the estimated values are exactly correct.

6.2

Correlation Coefﬁcient

The correlation coefﬁcient provides a measure of the degree of linear relationship between two random variables and is calculated as
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n


r = 
n


(ei − e) (pi − p)

n
2 
2
(ei − e)
(pi − p)
i

i

(11)

i

where e and p are the means of the estimated and predicted values, respectively, and n is the number of samples. A correlation coefﬁcient close to
one indicates a strong linear relationship.

6.3

Hit Rate Metrics

To complement the ﬁrst order statistics, hit rate metrics are introduced by
Owadally, Montiel, and Saunders [19]. The hit rate is a measure of goodness
when predicting the coverage by a single K-factor threshold. In this paper,
the location speciﬁc total hit rate (THR) is used as a direct indication of the
prediction accuracy of the K-factor prediction. Given a K-factor threshold, if
both K-factor according to the prediction curve and the estimated K-factor
are greater or less than the threshold, the prediction is regarded as correct
irrespective to the deviation of the predicted from the measured value. For
further details on the hit rate metrics, refer to [19].
To compare different models using THR, we introduced in [3] the average
total hit rate error (AHRE). The AHRE is the mean deviation from 100%
THR and is expressed as
1
AHRE =
N KT

max(KT )



100% − THR(KT )

(12)

min(KT )

where KT is the K-factor threshold and NKT is the number of THR points.
A small value of AHRE indicates a good ﬁt between predicted and estimated
values.

7

Evaluation

The region from where the presented measurement results were obtained can
be classiﬁed as open farmland with occasional large trees branching overhead.
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Some parts also have denser vegetation/trees surrounding the receiving antenna. The terrain can be described as somewhat hilly with altitudes at the
receiver ranging between 185 m and 325 m.
The ANN training/evaluation approach uses measurement data originating from the same omni-directional BS (Beverley). Three measurements are
used for this purpose. The measurement data covers a travelled distance of
44 km and consists of 1564213 tracked pilot samples (1/600 sec) giving a total
of 6432 estimated Ricean K-factors (20 wavelengths). The ANN models are
trained using 2000 data pairs from two of the measurements and evaluated
using measurement data from the third measurement (different route). A comparison between ANNs using hidden layers and several neurons as ANN5−3−1
and ANN5−17−7−1 is shown in Fig. 4. For comparison, vegetation density near
the receiver, transmitting/base antenna height, altitude at receiving position
and distance to BS (DBS) are also shown in the ﬁgure. The corresponding
numerical results are presented in Table 1. It is concluded, for this training/evaluation approach, that adding hidden layers and neurons to the ANNs
increases the prediction accuracy.

Metric
σ
r
AHRE

8

Table 1: Statistical Analysis Summary
ANN5−3−1 ANN5−7−3−1 ANN5−17−7−1
5.22
0.39
8.72

4.93
0.50
8.00

4.80
0.53
7.82

Conclusions and Future Work

Firstly, it shall be pointed out that the small-scale fading characteristics
changes very rapidly along the measurement routes and that the prediction of
all small variations is indeed a very complex task. The approach in this paper
has been to predict the larger variations in the Ricean K-factor rather than
every single small occurring variation. It is noted that larger feed-forward
networks are more sensitive to the training data and give less accurate predictions when presented with inputs outside the training parameter space.
On the other hand, when these ANNs are presented with data similar to the
training set the predictions are relatively accurate. Although it is concluded
that the variability of the estimated Ricean K-factors (measurement data)
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Figure 4: Mobile CDMA radio measurement, around Beverley base station.
along the routes is high, it can be seen that the ANNs can predict large and
obvious trends in these variations. Coupled with the ANN path loss prediction model described in [5], a propagation model capable of predicting both
large-scale and small-scale fading characteristics using parameters easily extracted from readily available terrain and vegetation databases is at hand. To
further investigate the ANN’s small-scale fading prediction ability, additional
measurements will be conducted in areas with more occurring vegetation.
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strength prediction model based upon artiﬁcial neural networks,” IEEE
Journal on Selected Areas in Communications, vol. 20, no. 6, pp. 11701177, August 2002.
[17] Y. Okumura, E. Ohmohri, T. Kawano and K. Fukada, “Field strength
and its variability in VHF and UHF land-mobile radio service,” Review of
the Electrical Communication Laboratories, vol. 16, no. 9-10, pp. 825-873,
September 1968.

176

Part IV

[18] S-M Lee, N. A. Clark, and P. A. Araman, “Automated methods of tree
boundary extraction and foilage transparency estimation from digital imagery,” Proceedings of the 19th Biennial Workshop on Color Photography Videography and Airborne Imaging for Resource Assessment, Logan,
USA, October 2004.
[19] A. S. Owadally, E. Montiel, and S. R. Saunders, “A comparison of the accuracy of propagation models using hit rate analysis,” IEEE Semiannual
Vehicular Technology Conference, vol. 4, pp. 7-11, Atlantic City, USA,
October 2001.

To support the continuously increasing number of
mobile telephone users around the world, mobile
communication systems have become more advanced and sophisticated in their designs. As a result of
the great success with the second generation mobile radio networks, deployment of the third and
development of fourth generations, the demand
for higher data rates to support available services, such as internet connection, video telephony
and personal navigation systems, is ever growing.
To be able to meet the requirements regarding
bandwidth and number of users, enhancements of
existing systems and introductions of conceptually
new technologies and techniques have been researched and developed. Although new proposed
technologies in theory provide increased network
capacity, the backbone of a successful roll-out of a
mobile telephone system is inevitably the planning
of the network’s cellular structure. Hence, the
fundamental aspect to a reliable cellular planning
is the knowledge about the physical radio channel for wide sets of different propagation scenarios. Therefore, to study radio wave propagation
in typical Australian environments, the Commonwealth Scientific and Industrial Research Organisation (CSIRO) and the Australian Telecommunications Cooperative Research Centre (ATcrc) in
collaboration developed a cellular code division
multiple access (CDMA) pilot scanner. The pilot
scanner measurement equipment enables for radio wave propagation measurements in available
commercial CDMA mobile radio networks, which
in Australia are usually deployed for extensive ru-

ral areas. Over time, the collected measurement
data has been used to characterise many different
types of mobile radio environments and some of
the results are presented in this thesis.
The thesis is divided into an introduction section
and four parts based on peer-reviewed international research publications.The introduction section
presents the reader with some relevant background on channel and propagation modelling.
Also, the CDMA scanner measurement system
that was developed in parallel with the research
results founding this thesis is presented. The first
part presents work on the evaluation and development of the different revisions of the Recommendation ITU-R P.1546 point-to-area radio wave
propagation prediction model. In particular, the
modified application of the terrain clearance angle
(TCA) and the calculation method of the effective
antenna height are scrutinized. In the second part,
the correlation between the small-scale fading
characteristics, described by the Ricean K-factor,
and the vegetation density in the vicinity of the
mobile receiving antenna is investigated. The third
part presents an artificial neural network (ANN)
based technique incorporated to predict path loss
in rural macrocell environments. Obtained results,
such as prediction accuracy and training time, are
presented for different sized ANNs and different
training approaches. Finally, the fourth part proposes an extension of the path loss ANN enabling
the model to also predict small-scale fading characteristics.
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