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PREFACE

This dissertation was produced in accordance with guidelines which permit the inclusion as part
of the dissertation the text of an original paper, or papers, submitted for publication. The
dissertation must still conform to all other requirements explained in the “Guide for Preparation
of Master’'s Theses, Doctoral Dissertations, and Doctor of Chemistry Practica Reports at The
University of Texas at Dallas.” It must include a comprehensive abstract, a full introduction and
literature review, and a final overall conclusion. Additional material (procedural and design data
as well as descriptions of equipment) must be provided in sufficient detail to allow a clear and
precise judgement to be made of the importance and originality of the research reported.

It is acceptable for this dissertation to include as chapters authentic copies of papers already
published, provided these meet type size, margin, and legibility requirements. In such cases,
connecting texts which provide logical bridges between different manuscripts are mandatory.
Where the student is not the sole author of a manuscript, the student is required to make an
explicit statement in the introductory material to that manuscript describing the student’s
contribution to the work and acknowledging the contribution of the other author(s). The
signatures of the Supervising Committee which precede all other material in the dissertation

attest to the accuracy of this statement.
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In recent years with the rapid growth and need for high quality and high capacity cellular
networks, estimating coverage accurately has become extremely important. The generic RF
propagation prediction algorithms based on computer databases or empirical results give only
approximate coverage, and are not suitable for detailed network design. To more accurately
design the coverage of modern cellular networks, signal strength measurements must be taken
in the service area using a test transmitter. Taking signal strength measurements is an expensive
and a time consuming task. It is well known that the accuracy of coverage estimation increases
with the distance of the signal strength measurement drive route. Given today’'s demand for
high quality wireless networks, it is more important than ever before to understand how the

accuracy of coverage estimates depends on the amount of drive testing.

This dissertation analyzes the dependence of the coverage estimate on the number of
measurements, presents a technique to improve the coverage estimation when only a limited
number of signal strength measurements are available, and also presents a technique to design
networks for any required reliability depending on the distance of signal strength measurement
drive route. This dissertation addresses the issue of estimating coverage from a finite number of

signal strength measurements. First, the accuracy of the cell radius estimate on the number of



measurements for different propagation characteristics is shown. Secondly, the signal strength
measurement drive route distance needed to obtain a desired reliability of coverage estimate is
established. Thirdly, it is shown that cell radius is not very sensitive to the propagation slope
and that in cases with limited signal strength measurements better results are obtained using a
fixed propagation slope. Finally a new margin called the “effective fade margin” is proposed
which, depending on the desired reliability, compensates for the log normal shadowing and the

insufficiency of the signal strength measurement drive tests.



Chapter 1

Introduction

This chapter begins with a brief discussion on the evolution of mobile communications
networks, followed by introduction to cellular concept. Then we discuss the concepts of
frequency reuse, handoff and trunking. This is followed by a discussion on interference and
system capacity where we calculate the co-channel interference using a geometric model. Then
we discuss technigues to increase the system capacity. Finally we discuss the current and future

architectures for wireless networks.

1.1 Evolution of Mobile Communications

The objective of early land to mobile radio systems was to achieve a large coverage area by
using a single, high powered transmitter with an antenna mounted on a tall tower[1]. This was
done by selecting several channels from a specific frequency allocation for use in autonomous
geographic zones. The communications coverage area of each zone was usually planned to be
as large as possible. The number of channels that could be obtained from the allocated spectrum
was limited. There was generally no in system interference as the same frequencies were reused

in the next service area which used to be several hundred miles away.

Some of the drawbacks of the early land to mobile systems were limited service capability, high
blocking probabilities, inefficient frequency spectrum utilization. If there were two contiguous
service areas then call had to be terminated and reinitiated in the next service area. There was
no concept of handoff. In addition to this, the regulatory agencies could not make spectrum
allocations in proportion to the increasing demand for mobile services, thus making it
imperative to restructure the mobile radio system to achieve high capacity with limited radio

spectrum, while at the same time covering very large areas.



Large scale integrated circuit technology reduced the size of mobile transceivers to one that
could easily fit into the standard automobile. Another factor was the reduction in price of the
mobile telephone unit. Technology, feasibility and service affordability caused the transition

from early land to mobile systems to the cellular systems.

Mobile communications is currently at its fastest growth period in history, due to enabling
technologies which permit wide spread deployment. Historically, growth in the mobile
communications field has come slowly, and has been linked to technological advancements. The
ability to provide wireless communications to an entire population was first conceived when
Bell Laboratories developed the cellular concept in the 1960s and 1970s. The tremendous
growth in the mobile communications is primarily due to development of highly reliable,
miniature solid state devices and the development of the cellular concept. The future growth of
consumer-based mobile and portable communication systems will depend on radio spectrum
allocations, regulatory decisions, adoption of common standards, consumer needs and
technology advances in the signal processing, access, and integration of voice and data

networks.

Examples of Mobile Radio Systems

Some common examples of other mobile radio communication systems are garage openers,
remote controllers for home entertainment equipment, cordless telephones, hand-held walkie-
talkies, pagers and wireless LANs. We will discuss briefly the paging systems and the cordless

telephone system below:

Paging systems are communication systems that send brief messages to a subscriber. The
message may be either a numeric message, an alphanumeric message, or a voice message
depending on the service available. In modern paging systems, news headlines, stock

guotations, faxes and emails may be sent. A message is sent to a paging subscriber via the

paging system access number or through the Internet. The paging system then transmits the



page throughout the service area using base stations which broadcast the page on a radio
carrier. The paging systems usually have large transmitter powers and use low data rates to
achieve maximum coverage from each base station with minimum signal to noise requirement.

Recent paging systems allow two way paging in which the subscribers can send a pre-defined

set of messages.

Cordless telephone systems are full duplex communication systems that use a radio to connect a
portable handset to a dedicated base station, which is then connected to a dedicated telephone
line with a specific telephone number on the public switched telephone network (PSTN). The
portable unit communicates only to the dedicated base unit and only over distances of a few

tens of meters. Cordless telephone systems provide the user with limited range and mobility.

1.2 The Cellular Concept

The cellular concept[2] was a major breakthrough in solving the problem of spectral congestion
and user capacity. It offered high capacity with a limited spectrum allocation without any major
technological changes. The cellular concept is a system level idea in which a single, high power
transmitter (large cell) is replaced with many low power transmitters (small cells). The area
serviced by a transmitter is called a cell. Each small powered transmitter, also called a base
station provides coverage to only a small portion of the service area. Base stations close to one
another are assigned different groups of channels so that all the available channels are assigned
to a relatively small number of neighboring base stations. Neighboring base stations are
assigned different groups of channels so that the interference between base stations is
minimized. By symmetrically spacing base stations and their channel groups throughout a
service area, the available channels are distributed throughout the geographic region and may be
reused as many times as necessary, so long as the interference between co-channel stations is

kept below acceptable levels.



As the demand for service increases, the number of base stations may be increased, thereby
providing additional capacity with no increase in radio spectrum. This fundamental principle is
the foundation for modern mobile communication systems, since it enables a fixed number of
channels to serve an arbitrarily large number of subscribers by reusing the channels throughout

the region. The concepts of frequency reuse, handoff and system capacity are explained below.

1. 3 Frequency Reuse

The base station antennas are designed to achieve the desired coverage within the particular
cell. By limiting the coverage area to within the boundaries of a cell, the same group of channels
may be used to cover different cells that are separated from one another by distances large
enough to keep interference levels within tolerable limits. The design process of selecting and
allocating channel groups for all the cellular base stations within a system is called frequency

reuse or frequency planning.

In Fig. 1.1 the cells labeled with the same letter use the same group of channels. The frequency
reuse plan is overlaid upon a map to indicate where different frequency channels are used. The
hexagonal cell shape shown is conceptual and is a simplistic model of the coverage for each
base station. The hexagon has been universally adopted since the hexagon permits easy and
manageable analysis of a cellular system. Also considering geometric shapes which cover an
entire region without overlap and with equal area, hexagon has the largest area considering the
distance between the center of a polygon and its farthest perimeter points. The actual footprint

is determined by the contour in which a given transmitter serves the mobiles successfully.
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Figure 1.1 Diagram of cellular frequency reuse. Cell with the same letter use the same set of

frequencies. The reuse shown here is for a cluster size of N = 7.

1.4 Concept of Handoff

When a mobile moves into a different cell while a call is in progress, the mobile switching center
(MSC) automatically transfers the call to a new channel belonging to the new base station. This
handoff operation involves identifying a new base station, assigning a free channel in the new
cell to the mobile to change the frequency and transfer the voice circuit to the new base station.
Processing handoffs is an important task in any cellular radio system. The handoff process can
be performed based on several criteria such as signal strength, bit error rate in digital systems or
interference levels. For example, if the signal level is used to trigger the handoff, an optimum
signal level at which to initiate handoff is specified which approximately corresponds to the

boundary of the cell. Once particular signal level goes below the specified threshold the base
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station queries the received power from the mobile at the different neighboring base stations,
and picks a base station which has a power higher than that seen in the serving base station by a
specified margin. Also in deciding when to handoff, it is important to ensure that the drop in the
measured signal level is not due to momentary fading and that the mobile is actually moving
away from the serving base station. In order to ensure this, the base station monitors the signal
level for a certain period of time before a hand-off is initiated. This running average
measurement of signal strength should be optimized so that unnecessary handoffs are avoided,
while ensuring that necessary handoffs are completed before a call is terminated due to poor

signal level.

1.5 Concept of Trunking

Cellular systems depend on trunking to accommodate a large number of subscriligmiseid a
number of channels. The concept of trunking allows a large number of users to share a
relatively small number of channels by providing access to each user, on demand, from a pool of
available channels. In a trunked system, each user is assigned a channel on a per call basis, anc
upon termination of the call, the previously occupied channel is immediately returned to the
pool of available channels. Trunking exploits the statistical behavior of users so that a fixed
number of channels or circuits may accommodate a large number of users. The grade of service
(GOS) is a measure of the ability of a useatoess a trunked system during the busiest hour of

call traffic. It is clear that there is a trade-off between the number of available channels and the
likelihood of a particular user finding that no channels are available during the peak calling time.
The number of channels required is determined based the number of subscribers, desired GOS,

average call holding time and traffic distribution with time.
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1.6 Interference and System Capacity

Interference is the limiting factor in the performance of cellular systems[4,5]. Sources of

interference include another mobile in the same cell, a call in progress in a neighboring cell,

other base stations operating in the same frequency band, or any non cellular system which
inadvertently leaks energy into the cellular frequency band. Interference on voice channels
causes background noise and results in poor voice quality. On control channels, interference
leads to missed and blocked calls due to errors in the digital signaling. Interference is the major
bottleneck in increasing capacity of a cellular network. The major types of system generated
cellular interference are co-channel interference and adjacent channel interference. Here we will

consider in-band interference only i.e., the interference caused by other cellular users.

Co-Channel Interference and System Capacity

Cells in a given coverage area that use the same set of frequencies are called co-channel cells
and the interference between signals from these cells is so called co-channel interference. The
co-channel interference cannot be reduced by increasing the carrier power of a transmitter,
since an increase in carrier transmit power also increases the interference power to neighboring
co-channel cells, thus keeping the carrier to interference ratio constant. If we assume base
stations with omni antenna systems with no power control, the only way to reduce the co-
channel interference is to increase the physical distance between the co-channel cells to provide

sufficient isolation due to propagation loss.

In a cellular system, where the size of each cell is the same, co-channel interference is
independent of the transmitted power. The co-channel interference is only a function of the
ratio of radius of the ceR, and the distance to the center of the nearest co-channél. cell
Increasing the ratio oD/R, the spatial separation between co-channel cells relative to the
coverage distance of a cell increases the carrier to the interference ratio. The pafameter

called the co-channel reuse ratio is related to the cluste $mehexagonal geometry by
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(1.1)
A small value ofQ provides larger capacity since the cluster size is small but increases the
interference, whereas a large valueQofprovides lesser capacity but reduces the co-channel

interference.

Cluster Size | Co-channel Reuse ratio (Q)

7 4.58
12 6
13 6.24

Table 1.1 Co-channel Reuse Ratio for some values of N

Let i, be the number of co-channel interfering cells. Then, the carrier to interferenc€/ratio

for a mobile receiver which monitors a forward channel can be expressed as
cC C

(1.2)
whereC is the desired carrier power from the desired base station;aisdthe interference

power caused by theth interfering co-channel cell base station. If the signal levels of co-

channel cells are known, then 184 ratio for the forward link can be found using (1.2).

Propagation measurements in a mobile radio channel indicate that the average received signal
strength at any point decays as a power law of the distance of separation between a transmitter

and receiver. The average power at a distance d from the transmitting antenna is

approximated by
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where P, is the power received at a close in reference point in the far field region of the
antenna at a small distandgfrom the transmitting antenna, ands the path loss exponent.

Consider the forward link where the mobile is at a dist&frem the serving base station and

where the interference is due to co-channel base statioms. i the distance of theth
interferer from the mobile, the received power at a mobile due totthenterfering cell will be
proportional to(D;)™". The path loss exponent typically ranges between 2 and 4 in frequency

ranges being used for cellular systems.

When the transmit power of each base station is equal and the path loss exponent is the same

throughout the coverage ar&d] for a mobile can be approximated as

c_ R
T e
> @)
1=1
(1.4)
Considering only the first tier of interfering cells, if all the interfering base stations are

equidistant from the desired base station and if this distance is equal to the distance D between

cell centers, then equation (1.4) simplifies to

C_(D/R" _(/3N)"
s = :

lo lo

(1.5)
Equation (1.5) gives the relation between th@/l to the cluster sizeN, which in turn
determines the overall capacity of the system. For AMPS systems, typi€llyod 17 dB is

needed to provide an acceptable voice quality. Assuming a path loss exponent of 4, a minimum



15

cluster size of 7 is required to meetCA requirement of 18 dB. This result is based on
geometry and does not take into account the shadowing characteristics of the propagation

environment and is thus optimistic.

In Figure 1.2 it can be seen that for ldn= 7 cell cluster, with the mobile unit at the cell
boundary, the mobile is a distanDeR from the two nearest co-channel interfering cells and

approximatelyD + R/2, D, D-R/2, andD+R from the other interfering cells in the first tier.

Using equation (1.5) and assumimgquals 4, the signal to interference ratio for the worst case

can be closely approximated as

C R™

[ :2(D—R)_4+(D— RI2D™+(D+ R *+(D+ B %+ D*?

(1.6)
This expression can be used to calculate the carrier to interference ratio geometrically for

different cluster sizes.
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Figure 1.2 The diagram shows the first tier of cells for a cluster size of N=7. Also shown are

the distances from a mobile at the edge of a cell to the base stations in co-channel cells.
1.7Increasing the System Capacity
Different techniques such as cell splitting, sectoring, cell tiering, power control and smart

antennas can be used to increase the system capacity. We will briefly discuss some of these

techniques.
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Cell splitting

Cell splitting is the process of subdividing a congested cell into smaller cells, each with its own
base station and a corresponding reduction in antenna height and transmitter power. Cell
splitting increases the capacity of a cellular system since it increases the number of times that
channels are reused. By making these the new cells to have smaller radius than the original cells
and by installing these smaller cells between the existing cells, capacity increases due to the
additional number of channels per unit area. Cell splitting achieves capacity improvement by
essentially re-scaling the system. By decreasing the rRdiusl keeping the co-channel reuse

ratio D/R unchanged, cell splitting increases the number of channels per unit area.

Sectoring

Sectoring is another way to increase capacity. In this approach, capacity improvement is
achieved by reducing the number of cells in a cluster and thus increasing the frequency reuse.
The co-channel interference in a cellular system may be decreased by replacing a single omni
directional antenna at the base station by several directional antennas, each radiating within a
specified sector. By using directional antennas, a given cell &dkive interference and
transmit with only a fraction of the available co-channel cells. The technique for decreasing co-
channel interference and thus increasing system capacity by using directional antennas is called

sectoring.

A cell is usually sectored into three sectored or six sectored configurations. When sectoring is
employed, the channels used in a particular cell are broken down into sectored groups and are
used only within a particular sector, as shown in the figure. Assuming a 7 cell reuse of the case
of 120 degree sectors, the number of interferers in the first tier is reduced from 6 to 2. This is
because only 2 of the 6 co-channel cells receive interference with a particular sectored channel
group. The resultin€/I for this case can be found using equation (1.4) to be 24.2 dB, which is

a significant improvement over the omni-directional case, where the worst/tasas 17 dB.
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Cell Tiering

Dividing the cell into two tiers and reusing frequencies intelligently such that the frequencies
used in the outer tier in the serving cell are used in the inner tier in the co-channel cells
increases the C/I ratio. The channel set allocated to each site is divided into two groups. The
maximum transmit power for the inner tier channels is set so that signal level hits the threshold

at the tier boundary. Handoff process takes place at the tier boundary.

The reduction in interference offered by sectoring and tiering enable planners to reduce the
cluster sizeN, and provides an additional degree of freedom in assigning channels. The penalty
for improvedC/I is an increased number of antennas, a decrease in the trunking efficiency due
to channel sectoring at the base station and an increase in processing due to handoff activity

between sectors and tiers.

Power Control

Controlling the transmit power of the mobile and base station reduces the system interference

and thus can be used to reduce the cluster size if implemented properly. In practical cellular

radio and personal communication systems the power levels transmitted by every subscriber

unit are under constant control by the serving base stations. This is done to ensure that each
mobile transmits the smallest power necessary to maintain a good quality link on the reverse

channel. Power control not only helps prolong battery life for the subscriber unit, but also

dramatically reduces the reverse cha@iein the system.

Further improvements i€/l is achieved by down-tilting the antenna such that the radiation
pattern is the vertical plane has a notch pointing at the nearest co-channel cell. Also other
techniques such as use of smart antennas, and co-channel interference cancellation algorithms
can be used to improve tl&I. In practical high capacity systems all the above mentioned

techniques are used together in dense urban environments to achieve high system capacity.
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1.8 Architecture and development of Wireless Networks

The early version of analog cellular networks are called as first generation networks. The
current digital cellular networks are called second generation networks and the future cellular

networks under development are called third generation networks.

First Generation Wireless Networks

All first generation cellular networks are based on analog technology and use FM modulation.

An example of the first generation cellular telephone system is Advanced Mobile Phone
Services (AMPS)][3].

BTS BTS BTS BTS BTS BTS BTS BTS
BTS [—— N A
MSC 1 A PSTN gq PSTN f MSC2 |—tBTs
\Y \Y

BTS \ BTS oS \
—l ss7 gq ss7 i

BTS

Figure 1.3 Block diagram of the first generation cellular network.

The block diagram of a first generation cellular radio network architecture is shown in figure
1.3, which includes the mobile terminals, the base station and the mobile switching center
(MSC). In The control for entire system resides in the MSC, which maintains all mobile related
information and controls each mobile hand-off. The MSC also performs all, of the network
management functions, such as call handling and processing, billing, and fraud detection within
the market. The MSC is interconnected with the public switched telephone network (PSTN) via

land-line trunked lines (trunks) and a tandem switch. MSC’s also are connected with other
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MSCs via dedicated signaling channels for exchange of location, validation, and call signaling

information.

PSTN is a separate network from the SS7 signaling network. In modern cellular telephone
systems, long distance voice traffic is carried on the PSTN, but the signaling information used
to provide call set-up and to information used to provide call set-up and inform MSCs about a

particular user is carried on the SS7 network.

Network protocol standard like 1S-41 allows different cellular systems to automatically
accommodate subscribers who roam into their coverage region. I1S-41 allows MSCs of different
service providers to pass information about their subscribers to other MSCs on demand. 1S-41
relies on autonomous registration. The mobile accomplishes autonomous registration by
periodically keying up and transmitting its identity information, which allows the MSC to
constantly update its subscriber list. The MSC can distinguish home users from roaming users
based on the mobile identification number (MIN) of each active user, and maintains a real time
user list of home location register (HLR) and visitor location register (VLR). I1S-41 allows the
MSCs of neighboring systems to automatically handle the registration and location validation of
roamers so that users no longer need to manually register as they travel. The visited system
creates VLR record for each new roamer and notifies the home system via 1S-41 so it can

update its own HLR.

Second Generation Wireless Networks

Second generation wireless systems employ digital modulation and advanced call processing
capabilities. Examples of second generation wireless systems include the Global System for

Mobile (GSM), the IS-54 TDMA and the 1S-95 CDMA TIA digital standards.

Second generation wireless networks have introduced new network architectures that have

reduced the computational burden of the MSC. The GSM has introduced the concept of a base
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station controller (BSC) which is inserted between the several base stations and the MSC. This
architectural change has allowed the data interface between the base station controller and the
MSC to be standardized, thereby allowing carriers to use different manufacturers for MSC and

BSC components.

All second generation systems use digital voice coding and digital modulation. Second
generation systems also provide dedicated voice and signaling trunks between MSCs, and
between each MSC and PSTN. The second generation systems in addition to voice also provide
paging, and other data services. The network controlling structure is more distributed in the
second generation wireless systems, since mobile stations assume greater control functions. In
second generation wireless networks, the handoff process can use mobile-assisted handoff
(MAHO) in which the mobile sends the reading of receive signal strength or bit error rate based
on the forward link. The mobile units in these networks perform several other functions not
performed by first generation subscriber units, such as received power reporting, adjacent base

station scanning, data encoding, and encryption.

Third Generation Wireless Networks

Third generation wireless systems will evolve from mature second generation systems. The aim
of third generation wireless networks is to provide a single system that can meet a wide range
of applications and provide universal access. The third generation netwitirkarsy many

types of information such as voice , data and video and serve both stationary and fixed users.
Some of the systems proposed for the third generation systems are CDMA2000 which is

backward compatible to systems based on IS 95 and WCDMA which is backward compatible

to GSM systems.
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Chapter 2

Coverage Estimation and Verification

In this chapter we start with the discussion on the importance of coverage estimation in
modern cellular network and the reason why the empirical and computer based prediction
algorithms are not sufficient for RF coverage estimation in modern cellular networks and
discuss the importance of obtaining signal strength measurements in the service area. This is
followed by traditional concept of cell edge reliability, cell area reliability and shadow fade
margin. Then, the relationship between the cell edge reliability, cell area reliabilty and cell
radius is shown. We then discuss the available techniques for coverage verification and the
importance of using the same measure for coverage estimation and coverage verification.

Finally the importance of effective cell radius of a cell a coverage metric is discussed.

2.1 Evolution in Coverage Estimation Techniques

The primary objective of the first generation land to mobile systems was to provide coverage to
the required area using a single tall tower. All the traffic was supported with a single base
station. The land to mobile systems were available only in the large cities and the typical radius
of coverage was about 40 miles. Same channels were reused in other cities since the co-channel
interference was low as the cities were geographically apart. Since the land to mobile systems
were coverage limited, stronger signal was better. For the land to mobile systems, the coverage
estimation was mostly based on empirical propagation models[1]. The empirical models are
developed for different morphologies for some typical cities, and are limited to the ability of the
engineer to classify the morphology and only provide an approximate estimate of coverage.
Since only one base station was used, the prediction was used to determine the approximate

boundary where the subscribers could use the service.
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Figure 2.1 lllustration showing the importance of accurate coverage estimation in cellular

networks as compared to early land to mobile systems.

The situation in modern cellular system is different. The modern cellular systems are being built
to provide high quality of service and high capacity. The typical cell radius in urban areas is less
than one kilometer. To minimize the interference (co-channel and adjacent channel interference)

it is important to determine the coverage boundary accurately.

Estimating inaccurate coverage has severe impact on the network performance. Over estimating
coverage results in areas with signal strengths weaker than the minimum required threshold.
Under estimating coverage will create coverage overlap, which can result in interference. Thus,

accurate estimation of coverage is essential for a good design.

As explained earlier, empirical formulas do not estimate the coverage to the accuracy needed
for designing a modern cellular network. Several computer based prediction tools[2-4] model
the physical phenomenon of RF propagation using terrain and clutter (land use) data. The
accuracy of coverage estimation using these tools depends on the accuracy and resolution of
the available data. Even when accurate and high resolution clutter data is available, the effect of
the clutter on the propagation is different in different areas. For example, if the clutter data
classifies an area as dense urban, and provides average building height, there is still an

ambiguity about the density of the buildings in the area and also the propagation depends on the
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materials used to construct the buildings. Thus the propagation characteristics in an area
classified as dense urban in one country can be very different from that in another country. Also
the high resolution clutter data with heights, is extremely expensive to obtain as they have to be
obtained by airal photography. Even though computer prediction tools may give better
coverage estimates than empirical formulas, they alone are not good enough to be used to
design a modern cellular network. We will refer to the methods of coverage estimation without

using any signal strength measurements from the service area as untuned predictions.

From the discussion it is clear that untuned predictions will not pragdarate estimate of
coverage for designing modern cellular networks. The common practice now in designing
modern cellular networks is to measure the signal strength for a test transmitter in the service
area and to tune the propagation model using the measured data. Using this technique,

coverage can be more accurately and reliably estimated.

2.2 Concept of Log-Normal Shadowing, Shadowing Fade Margin and Cell Radius
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Figure 2.2. Plot of path loss in dB versus the distance of the mobile from base station in meters.

Propagation models based on measurements indicate that the average received signal power

decreases logarithmically with distance for outdoor radio channels[5]. This is clearly seen in
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figure 2.2 which shows the path loss in dB versus distance plotted on a logarithmic scale for
measurements at 850 MHz. The average large-scale path loss for an arbitrary transmit - receive

(T-R) separation can be expressed as a function of distance.

T(d)= A+ Blog%g

(2.1)

PL(d) denotes the average path loss at a distaficen the transmitter andi, is the close-in
reference distance which is determined from measurements close to the transmitter. When
plotted on a log-log scale, the modeled path loss is a straight line with an int&eradbt a

slope equal t@® dB per decade. The values of A and B depend on several factors including the

propagation environment, frequency of operation and transmitter height.

In macro cellular systems where the cell coverage is large, reference distances of 1 Km are
commonly used. The reference distance should be in the far field of the antenna so that near-

field effects do not alter the reference path loss.

The model in equation (2.1) gives only the average path loss and does not consider the fact that
the surrounding environmental clutter may be different at different locations at the same
distance from the transmitter. Measurements have indicated that at any \@ltleegpath loss

PL(d) at a particular location is random and log-normally (normal in dB) distributed about the

mean distance dependent value. That is
—_— d
PL(d)= P X= A+ H X
(d) = PL(Q + og i+

(2.2)
whereX is a zero mean Gaussian distributed random variable with standard dewi&tiBi.

The probability density function of is given by,
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(2.3)
This phenomenon is referred to as log normal shadowing. The valde Bfand ¢ can
computed from measured data using linear regression such that the difference between the
measured and estimated path losses is minimized in a mean square error sense over all the

measurements. Also the close in reference is usually taken as 1 km.

The average received powég(d) (in dBm) at any distance d from the transmitter with a

transmit powerPy (in dBm) is given by

Pr(d) = Pr- PL(d.
(2.4)
The received powePg(d) (in dBm) at any distancé from the transmitter with transmit power
Pr (in dBm) is given by
Pr(d) = Pr- PL(d.
(2.5)
Thus, the effective distribution of the received signal strength can be described by a normal

distribution with mean oby(d) and variances? .

N(@.0%)

(2.6)

SincePL(d) is a random variable with a normal distribution in dB about the distance dependent

mean, so isPg(d), and theQ function or error functioneff) may be used to determine the

probability that the eceived signal level Wexceed (or fall below) a particular level. Tikg

function is defined as
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Q(2 =%JZ' e_x7 dﬁéé— eré%%
(2.7)
where
Q(29=1-Q-2
(2.8)
The probability that theeceived signal level Wexceed a certain valuey,y can be calculated

from the cumulative density function as

(2.9)

Similarly, the probability that theeceived signal level Wbe below Py, is given by

:

LR, (d)‘ Rvin

PPz (d)< Pyn]= %

(2.10)

Using a fade margin for the lognormal shadowing, systems can be designed for any coverage
reliability. The margin needed to design the system for a desired reliability can be easily
calculated. Cellular networks are designed for certain required service reliability. A shadow
fade margin FM, that ensures the desired cell edge reliabim&,), can be approximated as
FMg =zlo
(2.11)
where F(2)=1- (2
(2.12)

To design a system for a cell edge reIiabiIitch(fz), the mean received signal strengt;lg(R)

at the cell edge at a distance R from the base station has to be

P=(R)= Puin + FMy

(2.13)
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Thus from (2.1), (2.4) and (2.13) the cell radRisising a 1 km intercept for a reliability of
F(2) is given by

(Pr—Pun—FM;-A)
R=10 B

(2.14)

2.3 Determination of Area Reliability.

The relationship between the reliability of coverage over a circular area and the reliability of
coverage on the perimeter of the circle was first established by D. O. Reudink[6]. The main
finding of this study was that cell area reliability and cell edge reliability obey the simple
relationship. Due to random effects of shadowing, some locations within a coverage area will be
below a particular desired received signal threshold. It is useful to compute how the boundary
coverage relates to the percent of area covered within the boundary. For a circular coverage
area having radius R from a base station, let there be some desired received signal threshold

Puin - We are interested in computirgy, the fraction of useful service area (i.e. the percentage
of area with a received signal that is equal to or greaterrRan) given a known likelihood of

coverage at the cell boundary. Lettihg r represent the radial distance from the transmitter, it

can be shown that #r[Pg(r) > Pyin] IS the probability that the randomeceived signal ad = r

exceeds the thresholg,y within an incremental ared, thenF, can be found by [6]

2R

Fy = %J’ Pr{ Pr(r)> PM|N]dA= #‘!:J; P'[ Pr ( )>PMIN]rdrd9

(2.15)
Using (2.9),Pr[Pr(r) > Puin] IS given by

[PEI min_ ~ Pr(N) le—lerf [PEI MIN ~ PR(T)B

P'[PR(r)>P|v||N]=QE p =2 2" e B
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_1_ 1 HPuin ~[R ~(PL(dy) +10rlog(r/ c,))

ZH o2

(2.16)

In order to determine the path loss as referenced to the cell bounddry,(it is clear that

_ UOR O r
PL(r) = Bloggd—{O+Blo §—§+A
(r) g[uom %

(2.17)
and equation (2.16) may be expressed as
1 1 0P -[R -( A+ Blog( R/ + Bog( v RO
P P (r)>PM'N]:§_EerfE min ~[R —=( 03(5 d) 9( R)%
(2.18)
If we let a=(Pyy -~ R+ A+ Bog( R/ ¢))/0v2 andb=(Bloge)/a+2, then,
11 0 0
_ r
Fy _E_ﬁ,!;r [erf gﬁ blnﬁgir
(2.19)
By substitutingt = a+blog(r/ R) in equation (2.19), it can be shown that
_1d (- 2ablT] -ab
FU—EBI en‘(a)+epo—bz % erfg;b %
(2.20)

By choosing the signal level such th&t(R = R,y (i.e. a = 0),F,can be shown to be

oot
Fu==d+ex -erf
! 2% 2 %

(2.21)
Equation (2.20) may be evaluated for a large number of valuesasfdB, as shown in figure
2.3. Thus given the exact knowledge af and B, the cell area reliability can be exactly
computed for any cell edge reliability. For exampB # 40 ando = 8 dB, and if the boundary
is to have 75% boundary coverage ( 75% of the time the signal is to exceed the threshold at the

boundary), then the area coverage is equal to 94%.



31

Cell edge
1 s Reliability
\i : : : : : O o O O O O O O O O 0.95
T 0.95 —— S o - : = - = O O 0 0 0 o 0.90
0.9 | TT——~— . . 085
> 085 | 0.80
= 0.75
'c% 0.8 L
= 0.70
0.75 1
Ects 0.65
o 07 4 0.60
2 .
0.65 1 0.55
0.6 : : : : : : : ¢ 0.50
0 1 2 3 4 5 6 7 8
100/B >

Figure 2.3. Family of curves relating fraction of total area with signal above threshold, as a

function of probability of signal above threshold on the cell boundary.

As was seen from (2.14) the cell radius depends on the desired cell edge reliability for a fixed
transmit power and propagation environment. Increasing the cell edge reliability decreases the
cell radius. From the relation (2.20), increasing the cell area reliability reduces the cell radius.
The relation between the cell radius and area reliability for a fixed transmit[pdsvgiven by

(2.22)

¢ 2
d dZ

F,= Qc+dinR +° = %—andln R—%%

(2.22)
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Figure 2.4. This graph shows the relationship between the cell area reliability and cell radius for
A =120 dB,Pr =50 dBm,B = 40 dB/decade andi= 8 dB.

Figure 2.4 shows the relation between the area reliability and cell radius assuming fixed transmit
power. Since the maximum transmit power of the base station and the mobile is fixed, the base
station count increases exponentially with increase in coverage reliability. The trade off

between the desired reliability and the cost needs to be carefully evaluated by the cellular

operators.

2.4 Macro cellular coverage verification

The results of computer based prediction tools, empirical models and even tuned predictions
with drive test data cannot determine the exact actual coverage. This is due to the fact that the
propagation characteristics in drive test area used for measurements in the pre-build stage may
be different from that in other areas, the tower heights , antennas patterns and locations of the

sites may also be different from that of the pre-build drive test. In cases where no pre-build
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drive tests are done, the accuracy of the coverage estimation is entirely dependent on the
accuracy of the databases. To exactly determine the actual service area ailiy, raligbst

build coverage verification needs to be done. This is also done if the service provider would like

to ascertain that they have been delivered the network that they had agreed to buy. Also the
process of design and verification should be the same. If a cellular system is designed using an
empirical model in the pre-build stage, then the same model must be used at the verification

stage. Different measures for the design and verification cannot be used to validate a design.

There are different approaches to coverage verification. One of the earliest approaches was
proposed by David Talley[7] in 1965. In this approach, he recommends that the initial coverage
prediction be done using the Boese report. (37 dbu) carey contours. The paper recommended
that the 37 dbu field strength contour distance be derived from the appropriate curve (extracted
from Boese Report) for the transmitting antenna height above average terrain within a distance
of 2 to 10 miles from the base station. Also the height of the center of the antenna above the
average ground elevation for each radial direction has to be resolved by subtracting the average
terrain elevation from the height of the center of the antenna. The point where the selected
curve crosses the 37 dbu line shows the distance in miles corresponding to a field strength of 37

dbu received from a base station of 250 watts effective radiated power (ERP).

The paper recommended that for coverage verification, measurements be taken by driving 8
radial routes away from the base station. Then the measurements should be compared to the 37
dbu field strength contour limits that were formerly prepared. The paper states that there should
be substantive agreement between the Boese computed primary coverage area and the

comparative results of the field radio survey tests.
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Area reliability and Estimates of Proportion[8,9]

A method for coverage verification based on estimates of proportion is given in the
Telecommunications Industry Association (TIA) report on Technology independent
methodology for the modeling, simulation and empirical verification of wireless
communications system performance in noise and interference limited systems operating on

frequencies between 30 and 1500 MHz . The technique is briefly discussed below.

The service area is divided by a grid pattern to produce a large number of uniformly sized tiles,
or test tiles. In one method, within each test tile a test location is randomly selected. At each of
these locations a series of sequential measurements is made. This test location measurement,
containing a number of sub-samples, constitutes the test sample for this location. Alternatively,
the grid pattern is used to develop a test route that is uniformly distributed throughout the
service area with an approximately equal distance traveled in each grid. This test route shall
pass once through each test tile while collecting data. Thus a large number of test samples is

collected and evenly distributed throughout the service area.

The service area reliability is determined by the percentage of the test locations that meet of

. . T .
exceed the threshold. Thus, service area i@ijafo) = T—pElOO%, where T, is the total of
t

tests passed and is the total number of tests. The estimate of proportions is used to
determine with a high degree of confidence that sufficient test grids have been developed to

accurately determine the Area Relio

The number of test locatiors is determined using,

_Z%pq

eZ

T

(2.23)



35

where Z is the standard deviate unit (corresponding to the confidence lpval)the true
service area reliability (decimat),= 1-p, r is the service are reliability criterion (decimal) and
is the sampling error allowance (decimal). This is subject to a limit such that00o. The

requirement is that; be the larger of the two values. The values for the standard deviate are

available in most statistical books.

To ensure that the desired coverage is met, the signal strength must meet or exceed the
minimum required threshold. This necessitates a slight “over design” of the system by e % to
provide the statistical margins for passing the conformance test as defined. For this test
configuration, Z has one tail and e is the decimal percentage of over design. Also a confidence
of 99% should be used unless this choice forces the size of the test grids for the desired service

area to become too small, i.e., < 200

Area Reliability and Reudink’s Approach

Another approach has been proposed [10] for coverage verification using area reliability with
Reudink’s relations. In this approach, linear regression is applied to the signal strength
measurements to determine the intercept A, slope B and standard deviation (sigma). Using
(2.14), determine the cell radius for required reliability. Use the radius and the propagation
parameters to estimate the reliability of covera&geover the cell area (Reudink 's expression)

using (2.20). This technique is similar to the design techniqgue where the cell radius is

determined from the signal strength measurements and thus uses the same measure for desigr

and verification.

A comparison of determining area reliability by estimates of proportions with Reudink ‘s

approach is discussed in [10]. A brief summary of the comparison is presented below.

The path loss models used in both the approaches are compared. It is known that the outages

increase with distance from the base station. The Reudink’s method assumes a linear path loss,
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whereas the Estimate of Proportions method assumes that there is no deterministic path loss.
This is because, it assumes that the outages are completely random. Therefore the authors
conclude that the Reudink’s path loss model is a more valid assumption. In estimating the cell
radius using the Estimates of Proportion approach, the radius is progressively reduced until the
desired reliability is@ached. The authors point out that this approach does not benefit from any

measurements that fall outside the cell.

Also the paper compares the precision of both the techniques. The authors show that the ratio
of the error in the coverage estimate by estimates of propoafign to the error in the
coverage estimate by Reudink’s approaeh is given by

AFy 1

ARy (0069w + 01750/ F3( £ F,

(2.24)

where F, is the true area reliability and is the standard deviation of the lognormal
shadowing. This expression is valid provided &< 10 andF, > 90% and\ > 100, whereN

is the number of measurements taken. Comparing these approaches for sigma of 8 dB and area
reliability of 90% givesAFy /AF, = 5.07. Finally the authors conclude that the Reudink’s
approach requires fewer measurements to achieve the same area relathiiycy as the
Estimates of Proportion technique. Also Reudink’s technique requires an order of magnitude

fewer measurements to achieve the same accuracy as the Estimate of Proportions method.
Coverage Validation using Cell Radius

Recently it has been shown that cell radius is a better RF validation criterion than area
reliability[11]. The cell radius is obtained by applying linear regression to the measured signal

strength data as explained earlier in this chapter.

A simulation was used to determine the standard deviations of the cell radius estimate and the

area reliability estimate as a function of the number of independent signal strength samples. The
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inaccuracy,AR, of the estimate of the cell radius at a 95% confidence level was determined.
The inaccuracy was measured from simulationszmds determined such that
P(R-AR< Re ReA R=95%
(2.25)
Similarly, the imccuracy of the area reliity estimate, F,, was estimated from the simulation
and determiningsF,, such that
P(E < F, +AF,)=95%
(2.26)

The inaccuracies of both of the estimate of cell ragliasid the estimate of the area reliability
F, were determined empirically through the simulation analysis to be

5. = AR _ 38215+ 4619
R_—:—

R N
(2.27)
5 = AF, (011435 + 0288pF,( £ F)
C Ry JN
(2.28)

where N was the number of independent samples in the regresgiowas the estimated

standard deviation of lognormal fading in the cell ajdwvas the estimated area reliability. The
equations (2.27) and (2.28) are completely general expressions, prodded 60, F, = 90%

andN = 100.

From (2.27) and (2.28) it is clear that that for a given number of signal strength sainphes,
area reliability is much more precise (by one or two orders of magnitude) than the estimate of
the cell radius. Specifically it takes fifty times as many signal strength samples to estimate the

cell radiusR, than to estimate the area reliabilify. For a real drive test data, the true cell

radius is unknown and must be statistically estimated. As long as the radius estimate is

sufficiently precise, so is the area reliability estimate. Thus the most important conclusion is that
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the precision of the estimate of the cell radius is the limiting factor in determining the quality of

RF coverage, and not the precision of the area reliability estimate.

2.5Conclusion

This chapter has shown the importance of using signal strength measurements and determining
the cell radius for RF coverage estimation and verification. The relations between cell radius,
cell edge reliability, cell area reliability and shadow fade margin were explained. Different

coverage verification techniques were discussed.

References

[1] M. Hata, “Empirical Formula for Propagation Loss in Land Mobile Radio Services”,

IEEE Transactions on Vehicular Technologyl VT 29 August 1980.

[2] N. Mansour, et al.,, “RF prediction tools and database selection for cellular / mobile
systems, 1EEE Vehicular Technology Conferen&él C-93, pp. 194-197.

[3] H. P. Stern, et al., “An adaptive propagation prediction program for land mobile radio
systems; IEEE Transactions on Broadcastingol. 43, no. 1, pp. 56-63, Mar
1997.

[4] V. Erceqg, et al., “Comparisons of a computer - based propagation prediction tool with
experimental data collected in  urban microcellular environmenEEE Journal
of Selected Areas of Communicationsl. 15, no. 4, pp. 677-684, May 97.

[5] T. S. Rappaport, Wireless Communications : Principles and Practice, Prentice Hall Inc.,
1996



[6]

[7]

[8]

[9]

[10]

[11]

39

D. O. Reudink, Microwave Mobile Communicationsdited by W. C. Jakes, IEEE Press,
reprinted 1993, ch. 2, pp. 126-128.

D. Talley, “Radio Engineering and Field Survey transmission Methods for Mobile
Telephone Systems|EEE Transactions on Vehicular Communicationsl VC-14, no.
1, pp. 7-27, March 1965.

Telecommunications Industry Association (TIA) report on Technology independent
methodology for the modeling, simulation and empirical verification of wireless
communications system performance in noise and interference limited systems

operating on frequencies between 30 and 1500 MHz .

G. C. Hess, Handbook of land-mobile radio system coverage, 1998 Artech House, Inc.,
1998.

P. Bernardin, M. Yee and T. Ellis, “Estimating the range to cell edge from signal strength

measurementsJEEE Vehicular. Technology. Conferent&,C-97.

P. Bernardin, “ Cell radius : A better validation criterion than area reliability, “ UCSD

Conference on Wireless Communications, pp. 115-121, Mar 98.



40

Chapter 3

Research

Even though much work has been done in the field of propagation prediction [1-7] and several
empirical results have been published, not much research has been done in understanding the
effects of finite sampling on signal strength estimation. As explained in the chapter on coverage
estimation the phenomenological models or the generic empirical models are not suitable to
design a modern cellular network. Also from the discussions in chapter on coverage estimation
it follows that propagation models must be derived from the measurements taken in the service

area to design a cellular network with a high quality of service.

Typically a test transmitter is placed at the proposed location in the service area connected to
an omni antenna on an existing tower or building or a crane. A continuous wave signal at the

required frequency is fed to the transmitter and signal strength measurements are taken along
with their corresponding locations. One drawback to this is that taking signal strength

measurements is an expensive and time consuming task.

At the current time, not much research has been done tin determine the number of strength
measurements needed for a desired accuracy oriltgli@d coverage estimation. This is
extremely important as it can be used to determine the minimum required drive distance for a

certain accuracy.

Recently a Telecommunications Industry Association (TIA) report on a technology independent
methodology for the modeling, simulation and empirical verification of wireless
communications system performance in noise and interference limited systems operating on
frequencies between 30 and 1500 MHz was released [8]. The following is the summary from
the section of reliability prediction from the report. The prediction of mean signal strength at a

given location could vary from the measured signal for many reasons, including the following:
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1) the prediction algorithm is not adequate, 2) imperfect terrain database / land cover database
imperfections, 3) predictions may be made at location where measurements are not taken.
Because of these errors, the signal at any one location can vary from that predicted by the
model. The report recommended that a 1 dB margin be added to compensate for these

“uncertainty” effects.

Even though the TIA report recommends a 1 dB margin for uncertainty effects, it does not
show the relation between the margin and the number of signal strength measurements or the
theoretical justification for the proposed margin. Determining the margin needed for a desired
reliability depending on the distance of the signal strength measurement drive route will be very

useful.

Also no analysis has been published showing the minimum required signal strength
measurement drive route distance depending on the morphology and lognormal shadowing
conditions to minimize the margin for a desired reliability. Determining a margin for required
reliability of coverage estimation depending on the distance of the signal strength measurement
drive route would be extremely useful as it allows the resources needed for drive testing to be

traded against the additional cells (margin) needed to cover the area of interest.

It has long been noticed by RF engineers that when linear regression is applied to a small
number of signal strength measurements, a very wide range of path loss slopes are obtained (20
to 60 dB/decade). Yet, if larger data sets are used the slope is close to that recommended by
Hata[2]. It would be useful to analyze this. Hence we determine the sensitivity of the cell
radius to the propagation parameters and find a more accurate method of estimating coverage

when only a few signal strength measurements are available.

This dissertation investigates the above mentioned issues of estimating coverage from signal

strength measurements.
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Manuscript 1 investigates an approach of improving the accuracy of cell radius estimation when
only a limited number of signal strength measurements are present. Our analysis in manuscript 1
have indicated that the cell radius estimation is very sensitive to small errors in the intercept of
the propagation model. Even a limited number of signal strength measurements provides
valuable information about the intercept of the propagation model and thus about RF coverage.
In contrast, the cell radius estimate is not very sensitive to small errors in the path loss
exponent. However, estimating the slope from less than 150 uniformly sampled signal strength
measurements produces large errors in slope estimate and also in the estimated RF coverage.
Thus for situations when the number of signal strength measurements is less than 150 samples it

is better to predict the slope via Hata’s equations than to estimate it from the data.

In manuscript 2 we propose a new margin called the “effective fade margin” to compensate for
an insufficient distance of the signal strength measurement drive route depending on the desired
reliability and the distance of the uniform drive route. We also investigate the factors affect the
effective fade margin. The analysis in manuscript 2 suggest that the margin needed in the link
budget for desired relidiy depends on the distance of signal strength measurement drive
route, the lognormal standard deviation, morphology and the variation of clutter in a given cell.
The simulation results indicate that to minimize the margin, at least a distance equivalent to 8
cell radii are needed. Also the results indicate that the effect of variation of clutter in any given

cell has no impact on the required margin if the drive route distance is more than 8 cell radii.
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Manuscript 1

Coverage Prediction for Cellular Networks from Limited Signal Strength
Measurements *

Kanagalu Manoj, Pete Bernardin and Lakshman Tamil

ABSTRACT

The quality of coverage of any wireless network design depends on the accuracy of the
propagation model. For accurate designs, the propagation models are estimated from signal
strength measurements taken in the service area. Even though it is known that modeling error is
introduced when only a few signal strength measurements are processed, this is not completely
understood. In this paper, we investigate the impact of a limited number of signal strength
measurements on the accuracy of coverage prediction and estimation of propagation
parameters. We find that when there are fewer than 150 independent signal strength
measurement samples, which corresponds approximately to 3% of the cell area, better results
are obtained by fixing the propagation slope and calculating the intercept via method of least-

squares.

* Published in the Proceedings of tHeEIE International Symposium on Personal, Indoor and
Mobile Radio Communications (PIMRC 98)
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[. INTRODUCTION

As more wireless networks are being deployed for higher quality of service, it is becoming
increasingly important to accurately design the networks. Wireless networks are designed for
both coverage and capacity requirements. Some common requirements for quality are desired
cell edge bit error rate (BER), frame error rate (FER), the reliability (or outage probability) at
the cell edge and the grade of service. The propagation characteristics of radio frequency
signals in the service area has a major impact on the design. Propagation models are used to
predict the signal strength at various locations for both coverage and interference criteria.
Several investigators [1,2] have studied the radio frequency propagation and published
empirical formulas for calculating the path loss at various frequencies for different
morphologies. These results are limited to approximate path loss calculations and are subject to
additional errors due to morphology classification. To obtain a more precise propagation
model, actual signal strength measurements and their corresponding locations must be taken in
the desired service area. In addition, the true signal strength reliability of the network depends
on the accuracy of the propagation model, which in turn depends on the number of
measurements. Obtaining these signal strength measurements can be a tedious task and in many
areas, due to physical limitations, only a small number of independent measurements can be

taken.

Most of the previous propagation work [1,2] has focused on predicting signal strength for the
purpose of cell planning. Not much work has been done in determining the cell coverage from a
limited number of measurements, though some work has been done in determining the number
of independent signal strength measurements[3,4] needed to obtain an accurate propagation
model. This research is focused on determining techniques to improve the accuracy of
propagation modeling when only a few independent signal strength measurements are available

in the service area.
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PROPAGATION MODEL AND CELL RADUIS ESTIMATION

Mobile radio propagation characteristics have been studied by several investigators [1-3]. Based
on their results, the propagation in the VHF/UHF band is characterized by Rayleigh fading,
lognormal shadowing and path loss. The average received power decreases logarithmically with
distance. The average large scale path Pg8) in decibels (dB) for a distana# can be
expressed as

PL(d) = A+ Bllog( d) 1)

where A (the intercept) is the path loss at some reference distance in dB d@dhe
propagation slope [3]. The paramet@randB depend on the morphology and the height of the

base station transmitter.

When the received signal is measured over the distance of a few tens of wavelengths, the
received signal envelope shows rapid and deep fluctuations about the local mean with the
movement of the mobile terminal. These fluctuations are caused by multipath propagation and
movement of the mobile terminal. The signal envelope can be approximated by the Rayleigh

distribution, and the received signal exhibits Rayleigh fading.

When measurements are averaged over more than 40 wavelengths, the patl{dpsas a
distanced , at different azimuth angles is random and log-normally distributed about the mean
distance dependent value [2]. This lognormal shadowing is a relatively slow variation around
the local mean and is due to the different environmental clutter found at different azimuth
locations at the same distance from the base station. Thus, the path loss at adldaroe
expressed as

PL(d) = A+ Bllog( d)+ X (2)

whereX is a zero mean Gaussian distributed random variable with standard dewidt&n

and the probability density function ¥fis given by,
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1 B
P(X) = T expBZ? (3)
The received power is given by
P(d)= Pr-PL(d (4)

wherePg(d) is the received power (dBm) at any point at a distdrfoem the transmittery is

the base station transmit power (dBrfjus, the effective distribution of the actual signal

strength can be described by

(Pl 02). (5)

Using a fade margin for the lognormal shadowing, systems can be designed for any coverage
reliability. The margin needed to design the system for a desired reliability can be easily

calculated. IfPyn is the minimum required signal strength, then the probability that the

received signal, at a distanced, will be greater than the minimum signal in terms of the mean

signal is given by

_(x W)
(X> F)MIN =5 \/ET I dx (6)
PmiN
This can be expressed as
)0
P(X> Byin) = %PMIN Pl Q (7)
where
1 © X2
Q2=—=[e 2 dx (8)

Cellular networks are designed for certain required service reliability. A shadow fade margin

FM, that ensures the desired cell edge reliabim&,), can be approximated as
FM, = z[br 9)

and
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F(2=1-Q3 (10)

To design a system for a cell edge reliabilityr¢#), the mean received signal strengi{(R) at

the cell edge at a distanBdrom the base station has to be

Pr(R) = Puin + FM, (11)
Thus from egns. (1), (4) and (11) the cell radius R for a reliabiliuy(z)‘ is given by

(Pr=Puvin-FMg - A)
R=10 B (12)

[ll. SENSITIVITY OF CELL RADIUS TO THE ESTIMATES OF THE PROPAGATION
PARAMETERS

In this section, we investigate the sensitivity of the cell radius to all the propagation parameters.

Sensitivity analysis identifies the relative importance of the accuracy of each of the propagation

parameters.
We define
_|oR| A
Fa=|a "R 13)
_|or| _B
¥e =[5 R 14
K, =| B2 (15)
do| R

Where &k, is the sensitivity of cell radiuR to the estimate of the intercept kg is the
sensitivity of cell radius to the estimate of the propagation dbp@ed Sk, is the sensitivity of
the cell radius to estimate of the standard deviation. The sensitiiRynith respect toA, B

ando is given by

2.3[A
S (16)

_ 23Pp - Py~ A- 20

e - 5 an



23z

S ="

Figure 1 shows an example where the sensitivity of cell radius to each of the propagation
parameters is plotted for a varying propagation intercept. Figure 2 is an example where the
sensitivity of the cell radius to each of the propagation parameters is plotted for a varying

propagation slope. The figures are plotted for valueB\gf, = -95 dBm, Py = 50 dBm,o =

8 dB and z = 0.675 (i.e., 75% cell edge rditgh
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Figure 1. Sensitivity of cell radius to intercept A, slope B and standard devatas a

function of changing intercept A .
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Figure 2. Sensitivity of cell radius to intercept A, slope B and standard dewstias a

function of slope.

Based on the analysis done by Hata[1], the slope is the same for all the morphologies but the
intercept changes with morphologies. We use this to show the sensitivity of cell radius to the
different propagation parameters. Depending on the actual terrain, building density etc., the
average value oA for dense urban morphologies at 800 MHz is 130 dB and for rural
morphologies is 108 dB. The propagation slope varies as a function of the tower height [1]. A
propagation slope of 31 dB/decade corresponds to a tower height of 100 meters and 38
dB/decade corresponds to a height of 10 meters. From Figures 1 and 2 we find that the cell
radius is very sensitive to changing intercept, and not very sensitive to the slope and standard
deviation. The cell radius is least sensitive to the propagation slope in dense urban
morphologies. These figures also indicate that the propagation intercept is the most important
parameter and must be accurately determined before the cell radius can be accurately
estimated. Minor variations to the propagation slope do not have much impact on the estimate

of the cell radius.

VI. EFFECT OF FINITE SAMPLING ON THE ESTIMATION OF PROPAGATION
PARAMETERS

In this section, we determine the effect of finite sampling on the estimation of the propagation
parameters. The accuracy of the propagation parameter estimates is determined by the variance
of the relative error between the actual propagation parameters and the parameters that are

estimated from a finite number of signal strength measurements.
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This analysis was done by simulating in a single radial direction. However, it is assumed that the
simulated measurements result from a uniform area sampling of the cell. Hence, the samples
along the single radial represent the composite path loss fluctuations of radials in all azimuthal
directions. Since the regression is actually evaluated across all azimuth angles simultaneously,
an uncorrelated Gaussian shadow fading model is chosen. Using th&, tBuand o, the
received power afl uniformly distributed points in the cell is calculated. The intercepslope

B and standard deviatiofi, are estimated from the simulated samples via linear regression.

The sensitivity analysis of the previous section has indicated that the cell radius estimate is not
very sensitive to the propagation slope, so another simulation model is generated where it is
assumed that the slope B, is known to be within some fixed tolerance. The other two
propagation parametefsando are estimated via least squares as before.

We define the relative erroey, e, eg and e, as

onz A=A (19)
A

oz BB (20)
B

s -9 . (21)
g

These errors are determined via Monte Carlo simulation for different valuesiadN. The
analysis shows that,, eg and e, are zero-mean, Gaussian random variables, with variances,
025, 025 anda?;. The experiment is performed for different standard deviations and different
numbers of simulated samples. We are interested in determining the inacbiayh that
P(A-AA< A< A+AA=95% (22)

The corresponding two sided normalized intercept edgQris

5A=A_:‘=J_gegeA (23)

where d, is a dimensionless percentage of intercept A. The esrgrjs plotted as function of

the number of independent samples.
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Figure 3. Comparison of the error in the propagation intercept, Adetermined by linear

regression and by assuming a slope (with 5%, 10% and 15% error) and determining the

intercept by least squares versus the number of independent samples for a standard deviation of

6 dB.

The Figures 3-5 show that even when the assumed propagation slope has 15 % error, if less

than about 150 independent samples are processed, it is better to estimate the intercept only

(from the data), rather than both the slope and intercept.
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Figure 4. Comparison of the error in the propagation intercept, Adetermined by linear
regression and by assuming a slope (with 5%, 10% and 15% error) and determining the
intercept by least squares versus the number of independent samples for a standard deviation of

8 dB.

Error in intercept A witho = 10 dB
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Figure 5. Comparison of the error in the propagation intercepi,A,determined by linear
regression and by assuming a slope (with 5%, 10% and 15% error) and determining the
intercept by least squares versus the number of independent samples for a standard deviation of

10 dB.
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EFFECT OF FINITE SAMPLING ON CELL RADUIS ESTIMATION

In this section we compare the accuracy of cell radius, estimated by assuming a height
dependent slope, with the accuracy of estimating the cell radius by linear regression when a
limited number of signal strength measurements are available.

The estimated cell radius is calculated from the equation below (see also (12) ):

Pr=Puin - A- 76
R=10 B (24)

and the error in radius estimatier is given by

er=ro (25)

The analysis shows that the relative eregr is a zero mean Gaussian random variable, its
varianceo? depends oM and the lognormal shadowing We are interested in determining
the inaccuracylR such that

P(R-ARs R< RrA R=95% (26)

The corresponding two sided normalized radius inaccusacis

g = A—: =1960, (27)

wheredg is a dimensionless percentage of cell radius R.
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Figure 6. Comparison of the error in cell radius estimation assuming a propagation slope via
least squares and the error in cell radius estimation via linear regression for a standard deviation
of 6 dB. Assumed propagation slope having 5%, 10% and 15% error about the true slope are

shown.
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Figure 7. Comparison of the error in cell radius estimation assuming a propagation slope via
least squares and the error in cell radius estimation via linear regression for a standard deviation
of 8 dB. Assumed propagation slope having 5%, 10% and 15% error about the true slope are

shown.
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Figure 8. Comparison of the error in cell radius estimation assuming a propagation slope via
least squares and the error in cell radius estimation via linear regression for a standard deviation
of 10 dB. Assumed propagation slope having 5%, 10% and 15% error about the true slope are

shown.

From figures 6-8, several conclusions can be made. When less than about 150 samples are
available, more accurate coverage estimation can be obtained by predicting the path loss slope
via Hata's method and tuning the intercept via regression. These results become even more

significant when the standard deviation of the lognormal shadowing is high.

VI. CONCLUSION

We have presented a sensitivity analysis that demonstrates how the propagation model
parameters are affected when they are estimated from a limited number of signal strength
samples.

Cell radius estimation is very sensitive to small errors in the intercept of the propagation model.
Even a limited number of signal strength samples provides valuable information about the

intercept of the propagation model, and thus also about RF coverage.

In contrast, the cell radius estimate is not very sensitive to small errors in the path loss

exponent. However, estimating the slope from less than 150 uniformly sampled signal strength
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measurements produces large errors in the slope estimate and also in the estimated RF
coverage. Extensive data analysis has shown that 150 samples corresponds approximately to
3% of the cell area. For these situations we have shown that it is better to predict the slope via

Hata's equations than to estimate it from the data.

In future studies, we plan to extend this analysis to include cases where the signal strength

measurements are correlated.
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Networks *

Kanagalu Manoj, Pete Bernardin and Lakshman Tamil

ABSTRACT

The coverage reliability of a wireless network design depends oradberacy of the
propagation model. For a reliable wireless network design, the propagation models are
estimated from the signal strength measurements in the service area. Even though it is known
that the accuracy of the propagation models and hence the accuracy of the RF design increases
with the increase in the number of uniform signal strength measurements taken in the service
area, this is not completely understood. In this paper, it is shown that the RF design accuracy
depends on the amount of uniform drive test, standard deviation of the shadow fading and the
signal strength correlation distance. Also we show that there is a point of diminishing return in
the amount of drive testing, beyond which drive testing will not improveatbaracy of the

design. A design procedure for achieving desired coverage reliability using the concept of
effective fade margin is proposed which depends on the distance of the drive route, standard

deviation of shadow fading and correlation.

* To be submitted to IEEE Transactions on Vehicular Technology
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[. INTRODUCTION

There has been an increase in the demand for higher quality networks due the rapid growth and
competition for wireless subscribers. Wireless networks are designed for both coverage and
capacity requirements. Some common requirements for quality are desired cell edge bit error
rate (BER), frame error rate (FER), the reliability (or outage probability) at the cell edge, and
grade of service. An accurate network design is necessary to deploy a high quality network.
The propagation of radio frequency signals in the service area has a major impact on the design.
The propagation models are used to predict the signal strengths at various locations for both
coverage and interference studies. Several investigators [1-3] have studied the radio frequency
propagation and published empirical formulas for calculating the path loss at various
frequencies for different morphologies. These results are limited to approximate path loss
calculations and morphology classification. To obtain a more precise propagation model, actual
signal strength measurements with their corresponding locations must be taken in the desired
service area. In addition, the true signal strength reliability of the network depends on the
accuracy of the propagation model, which in turn depends on the number of measurements.
Obtaining these signal strength measurements can be a tedious task and in many areas, due to

physical limitations, only a small number of the measurements can be taken.

Most of the previous propagation work [2,3] has focused on predicting signal strength for the
purpose of cell planning. In [4] it has been shown that cell radius inaccuracy is a more accurate
technique for coverage validation rather than area reliability. Some study [5] of the effect of
finite signal strength measurements on estimating propagation parameters and hence in
estimating coverage has been done. The concept of fade margin to design a system for the
desired reliability under lognormal shadowing conditions has been studied in [6,8]. Not much
has been done in the determining the effect of a finite number of measurements on the
prediction of signal strength. This research is focused on determining the distance of signal
strength measurements drive route needed for reliable coverage estimation. We propose the

concept of effective standard deviation, which includes the effects of shadowing and
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inaccuracies in the propagation model. Using this concept we address the required distance of
the drive route. If the distance of the drive route is lesser than the minimum required distance,
we propose a margin, which depends on the distance of the signal-strength measurements drive
route, standard deviation of the lognormal shadowing etc. Using this margin, systems of any
desired reliability can be designed, compensating for the insufficient distance of the signal-

strength measurement drive route.

The remainder of the paper is organized as follows. Section Il gives a brief description of the
radio propagation and propagation models. The general principles of the effect of finite
sampling on signal strength estimation at the cell edge, the concept of design reliability and
margin is explained in Section Ill. Section IV presents simulation setup and the simulation

results. Section V presents some concluding remarks.

II. PROPAGATION MODEL

Several investigators [1-3] have studied mobile radio propagation characteristics. Based on
their results, the propagation in the VHF/UHF band is characterized by Rayleigh fading,
lognormal shadowing and path loss. The average received power decreases logarithmically with
distance. The average large scale path Pigg) in decibels (dB) for a distanad can be
expressed as

PL(d) = A+ Bllog( d 1)

where,A is the path loss at a close in reference distance in dB amdhe propagation slope

[7]. The parameteré& and B depend on the morphology and the height of the base station
transmitter.

When the received signal is measured over the distance of a few tens of wavelengths, the
received signal envelope shows rapid and deep fluctuations about the local mean with the
movement of the mobile terminal. These fluctuations are caused by multipath propagation and

movement of the mobile terminal. The signal envelope can be approximated by the Rayleigh
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distribution, and the received signal exhibits Rayleigh fading. The statistical properties of
multipath fading have been studied extensively in the literature.

When measurements are averaged over more than 40 wavelengths, the patl{dpsas a
distanced is random and log-normally distributed about the mean distance dependent value [3].
This relatively slow variation of the local mean is due to the different environmental clutter in
different locations at the same distance from the base station and is called as the slow fading or
shadowing. Thus the path loss a distasthcan be expressed as

PL(d) = A+ Bllog(d)+ X (2)

where, X is a zero mean Gaussian distributed random variable with standard dewi&tiBy

and the probability density function ¥fis given by,

P(X)

_ 1
_Uﬁex 02@ (3)

The received power is given by
Pr(d)= Pr- P (4)
wherePr(d) is the received power (dBm) at any point at a distanitem the transmitteiRy

is the base station transmit power (dBm).

A better understanding of the correlation properties of the slow fading process is required in

analysis of hand-over schemes, to determine sampling resolution needed for determining the
signal strength measurements for propagation modeling purposes, determining the required
terrain and clutter resolution for propagation prediction databases. Several researchers have

proposed correlation models for shadow fading in mobile communications [9-12].

Typically, the signal strength measurements for modeling the propagation are taken at regular
intervals of distance or time. If the number of signal strength measurements in a cell or sector is

fixed, then, the error in predicting the mean signal strength at any particular location would be
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less if the samples are more correlated. To determine the effect of correlation of the measured

samples, we use the model proposed in [9].

To model the correlation properties [9] has used a simple decreasing correlation function. It is
assumed that the mobile velocity is v and the received analog signal is sampled every T seconds.

The model is given by

R, (n) =c2a" (5)

Where,a=¢}'® (6)

The varianceo? is usually in the range between 3 and 10 dB. The correlation coefficient a in
equation (5) may be expressed as in (6). Here paramgtés the correlation between two
points separated by distance D.

d
in|

Ry(n)=c%e °

(7)

Also it has been shown that the model in (7) closely fits the measured data in suburban and
urban environments, wher@ is the distance between the measured sample® andhe de-

correlation distance which depends on the morphology, antenna height etc.
[ll. GENERAL PRINCIPLES

In the first part of this section we investigate the estimation of the mean signal strength at the
cell edge using the signal strength measurements taken during a drive test. In the second part
we propose the concept of effective margin. Using this the required design reliability can be
obtained either by sufficiently drive testing the area or by adding a design margin to compensate

for inadequate signal strength measurement drive testing.
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A. Effect of finite sampling on signal strength estimation at the cell edge

The signal strength measurements are uniformly sampled at regular intervals in distance in the
coverage area. The effect of the antenna pattern is removed to normalize all the sample

measurements to a zero gain omni antenna. Using (1-4), the cell radius is given by

Pr Py —A-Z6

R=10 ° (8)
where,Puin is the minimum required signal strength, thercept A, slope B and standard

deviationg are estimated from the measured samples via least squares estimation.

As explained in the earlier section, the distribution of the actual signal strength can be described

by N If’R(d),U“Z), where If’R(d )is the received signal power at a distadc&#om the base

station.

Using the standard deviatiam, systems for desired coverage reliability can be designed. The
margin needed to design the system for a desired is given by

M argin = Z [& 9)

If PN IS the minimum required signal strength, then the probability thatetteaved signak
at a distance will be greater than the minimum signal in terms of the predicted mean signal is
given by

W _(x-Pa(d))?

P(X > Puin ) = OA'\;I-E Je 2" dx (10)

This can be expressed as

HPMIN - % E

i ¢

P(x>PFyy) =Q (11)

where,



64

X2

1 X
- 2
Q(2) \/E'z[e dx (12)

The unknown parameteré, B and & are estimated using sample data by method of least

squares [13]. Suppose that we halpairs of measurements, sy, x1), (Y2, %), ..., (% %)

wherey; represents the path loss in dB aqdepresents the location of the measured sample

from the base station. The estimas B and§ are given by,

T
>y Eﬂog(&)—iy %l aal:

N - %Iog(&)g

loa x
(logx N

(13)

o>
1
E‘

A_i N _A N
A= Niyi BD;Iong (14)

> (v - (A+Briogx)

G2 = 15
N_2 (15)

The average estimated received power at the cell edge at a digtésmgesen by

AR(R) = Pr- A Brlog( (16)

Let A, B,o andR be correct intercept, the correct slope, be the correct standard deviation, and

the correct cell radius if signal strength measurements were taken in 100% of the cell area.
Also let the average received power at the actual cell edd® be,,. The difference between
the actual and the estimated signal strengthat the estimated cell edge due to finite sampling

of the cell area is given by
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As=Pr(R - FR(B = A A(B Bllog( R (17)

The variance of\s, is given by,

Var[as] =Var|A- A+ (8 - B) log(R)| (18)

Since the variance @ is zero, (18) becomes,

Var[as| = Var|A+ (B - B) og(R|| (19)

To simplify the analysis let us assume that we have estimated the cell radius correctly, then
R=R, (19) becomes,

Var[as] = var| A+ B og(R)) (20)

We know that

A=y -Bog(x)
Therefore (20) becomes,

Var[as] = Var[y +B Eﬂlog(R) ~log(x ))J (21)
Simplifying, we get,

Var[As] = %2 + (Iog(R) —log(x ))2 W/ar[é] (22)

Var[as] =2 o g E(Iog Iogx) (23)

Z(Iogx —Iogx)

From (23), we can conclude that the variancexg®fwould depend on the number of signal
strength measurements, location of the measurements, and standard deviation of slow fading of
the signal strength measurements. The above expression gives the lower bound on the variance

AS. The Var[as] will always be higher, due to the fact that the measurements are never

uniformly distributed, we have assumed tha® = R ,which is not true. Also the standard

deviation is not the same throughout the cell aiglthe standard deviation over the entire cell.
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The above result also assumes that the signal strength measurements are uncorrelated. Further

AS is zero mean random variable and distribution is approximately Gaussian (Gaussian if

A

R=R).

Thus the distance of the drive route to attain a certain variance would depend on the de-
correlation distance of the signal strength measurements. In section IV we will determine
typical values of Varps] as a function of various parameters and drive route distance via

simulation.
b. Design reliability and margin

Cellular systems are designed for certain cell edge or cell area reliabilty. To achieve this a
shadow fade margin is included in the link budget to determine the effective cell radius. But
due to the finite number of measurements used to model the propagation, the mean signal
strength at the estimated cell edge may be different from the actual desired mean signal
strength. To design a system for required coverage reliability in the noise limited case, the
design must include the variation of the signal due to lognormal shadowing and the effect of

finite signal strength measurements. In the earlier section it was showN sigrial strength
measurements causes the predicted mean signal Stlﬁf—@ﬂ’l at a distance to vary with a
Gaussian distribution with a meag(d) with a variance\Var] AS] and standard deviatioa ..
Due to lognormal shadowing the actual signal strergtfi) at any point at a distanckfrom

the base station varies with a Gaussian distribution about the predicted mean signal strength

Pr(d) with a standard deviation. Since both the distributions are Gaussian and independent
of each other, the combined distribution Msignal strength measurements is also a Gaussian

with meanPg(d) and standard deviatiom,, given by:

Ueﬁ = \/ O—gs + 02 (24)

Thus the effective distribution of the actual signal strength can be descrildé Ads(yi),ojﬁ)
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Using the standard deviatian,, , systems for desired coverage reliability can be designed. The

margin needed to design the system for a desired reliability Nsimgformly distributed signal
strength measurements in the cell is given by

M argin = Z [0 4

If PN 1S the minimum required signal strength, then the probability thateteved signak

at a distancel will be greater than the minimum signal in terms of the predicted mean signal is

given by
1 o _(xPa(d)?
P(x>P,)=——— e *“ dx (25)
MIN O_eﬁ\/ﬁ PKA[I.N
This can be expressed as
P(x> P,y ) = QHME (26)
q %e
where,
(o) X2
1 -
Q2)=——=]e 2 dx (27)
Jor]

If o,,<<0o theno, =o. Thus in order to minimize the margin the distance of the signal

strength measurements drive route is long enough to ragk&<o. This would be the

minimum recommended drive distance uniformly distributed in the cell to minimize the number

of base stations for coverage and provide the required reliability.

V. SIMULATION SETUP AND RESULTS

From section Ill it is obvious that solving the problem analytically is extremely complex and

only loose bounds can be obtained for certain conditions. We use simulation technique to more
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precisely study the effect of the design reliability under different environmental conditions and

to determine the minimum required distance of the signal strength measurements drive route.

a. Signal Generation

Fig. 1. A schematic diagram showing the structure used for simulation.

To simulate the shadowing conditions in a cell the following simulation setup was used. The
entire cell area is divided into a grid of 36 x 36 bins. The bin size would correspond to the
sampling resolution of the signal strength measuring equipment. Each block of 12 x 12 bins is
modeled to represent a different morphology to simulate the different clutter effects. Thus there
are total of 9 different morphology blocks. The base station is assumed to be at the center of

the square grid.



69

SIGNAL GENERATION

WHITE NOISE
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A 4
Pr = Pt - (A+Blog(distance))+ X | CORRELATION LEAST SQUARES
"l  FILTER > ESTIMATOR
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A
UNIFORM
DISTRIBUTION
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Fig. 2. Block diagram showing the generation of signal in each if the bins and estimation of the

parameters A, B and sigma based via least squares under different environmental conditions.

The base station transmit power is Fhe effect of antenna pattern is normalized and the

received signal strength at each bin at a distdricem the base station is calculated using

PR = PT _[A + Bi Eﬂog(d) +N(0,O’2)] (28)

The A, B and g, are the same in each block, but are different for each of the 9 blocks and are
generated using uniform distribution between the limit$3tf and 140 foA , 32 and 38 foB

and 6 and 10 dB fou . To achieve the effect of correlation between the bins, a correlation
filter with the desired de-correlation distance was used. The correlation filter is modeled as

follows:

A white Gaussian noise process filtered through a first degree filter with a paleviit
produce a log-envelope signal with the required properties. Taking the Fourier transform of

R.(n), the transfer function of the correlation filter is given by
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o\it 5

it

The above filter can be used to generate the correlated signal strength measurements from

H(jw)=

white Gaussian noise. This filter can be implemented by the difference equation (30) where x(n)

is the input white noise and y(n) is the correlated output with a de-correlation diBtamze

standard deviatiowr.

y(0) = 0/1-exp(- 23/ D) X(0) forn=0

y(n) = a/1-exp(- 20/ D) (x(n) + exp(- 8/ D) y/(n -1) for n>1 (30)

Using the received signal strength measurements in all the bins, and by applying the method of
least squares the correéstB, o and correct cell radiurR for a desired reliability are evaluated.
These correct parameters would be obtained if the measurements were taken in all the bins.

b. Drive Route and Signal Measurement

DRIVE ROUTE GENERATION AND SIGNAL STRENGTH MEASUREMENTS
ALONG THE DRIVE ROUTE

DETERMINE THE DRIVE ROUTE

DISTANCE
GENERATE K JOIN THE K POINTS >
UNIFORM POINTS .| USING PRIMS
ALGORITHM »| DETERMINE ALL THE SAMPLES
ALONG THE ROUTE

A

LEAST SQUARES
ESTIMATOR

A B g
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Fig. 3. Block diagram showing the selection of drive route in the simulation and determining
the drive distance and the propagation parameters via least squares based on the signal strengtf

measurements in the drive route.

To simulate the random uniform drive route, K uniform points were randomly generated with
uniform distribution in the square. The K points were joined using Prim’'s shortest distance
algorithm. Signal strength measurements in all the bins along the route were taken to estimate
the propagation parameter;&, B, & and cell radiusRvia the least square method. The

distanceD of the drive route was also determined.

The effect of the finite number of signal strength samples on the propagation prediction is
analyzed as a function of the number of independent samples and standard deviation of the
lognormal shadowing. The accuracy of propagation prediction was calculated by determining
the standard deviation of the difference in dB between the actual average signal strength and the
average predicted signal strength at the estimated cell edge. The average estimated received
power at the cell edge at a distaricés given by

AR(R) = Pr- - Bilog( (10)

The difference between the actual and the estimated signal straagthgiven by

As=Pr(R) - Pr(B = A A(B- Bilog( R (11)

AS is determined for different sets of distances of the drive rdutwsd the standard deviation

ops Of As are evaluated. This experiment is repeated for different morphology and shadowing

conditions standard deviatioosand different distances of the drive rolte

c. Results from Simulation
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Effect of changing lognormal shadowing
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Fig. 4. Standard deviation of the average predicted signal strength about the actual average
signal strength at the cell edge versus the average drive distance in radials for different

lognormal shadowing conditions for suburban morphology Witld =1.0 in the correlation

model.
Effect of Changing Morphologies
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Fig. 5. Standard deviation of the average predicted signal strength about the actual average
signal strength at the cell edge versus the average drive distance in radials for 8 dB standard
deviation of lognormal shadowing, for different uniform morphologies WitlD =1.0 in the

correlation model.

Effect of Mixed Clutter
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Fig. 6. Standard deviation of the average predicted signal strength about the actual average
signal strength at the cell edge versus the average drive distance in radials for 8 dB standard
deviation of lognormal shadowing, for suburban morphology with variation in clutter for

0/ D =1.0in the correlation model.

The mean predicted signal strength at the cell edge varies about the actual mean signal strength
at the cell edge, due to the finite number signal strength measurements. This variation exhibits a

normal distribution. Examples of the simulation results are shown in Figures 4 - 6.

The analysis indicates that\g is a function of the uniform drive route distance, the lognormal
shadowing standard deviation and the correlation of the measured sampbiscreases with

the increase in the uniform drive route distance, decrease in lognormal shadowing standard
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deviation. Also ops varies with the morphology. The effect of variation of clutter in any

particular cell diminishes as the distance of the signal strength measurement drive route

increases beyond 8 times the cell radii.

Design Reliability and Margin

Effect of changing lognormal shadowing

—a— 10 dB standard deviation

—o— 8 dB standard deviation

—
© ©
L 1
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Fig. 7. Margin needed for 75% cell edge reliability of coverage for varying lognormal
shadowing standard deviations for suburban morphology versus the distance of the uniform

signal strength measurement drive route in number of cell radii fér=1.0in the correlation

model.
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I 8.5 1 Effect of Changing Morphologies
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Fig. 8. Margin needed for 75% cell edge reliability of coverage for a standard deviation of 8 dB
for different morphologies versus the distance of the uniform signal strength measurement drive

route in number of cell radii fod/ D =1.0 in the correlation model.

T 9 1 Effect of Mixed Clutter
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Fig. 9. Margin needed for 75% cell edge reliability of coverage for lognormal shadowing

standard deviation of 8 dB for suburban morphology with variation in clutter versus the
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distance of the uniform signal strength measurement drive route in number of cell radii for

d/D =1.0 in the correlation model.

In the Figures 7 - 9, the margin needed for 75 % cell edge reliability of coverage under different
conditions is plotted. The slope of the propagation model is chosen to be 35.5. The lognormal
shadowing standard deviations chosen are 6 dB, 8 dB and 10 dB. As can be seen, the necessary
margin for any reliability decreases with the increase in distance of the uniform signal strength
measurement drive route, and converges to the margin needed to for shadow fading. The
margin does not reduce much when the distance of the signal strength measurement drive route
is more than 8 times the cell radius. Thus, it is recommended that data collection process collect
enough signal strength measurement samples by choosing the distance of the drive route to be
at least 9 times the cell radius. For example, for a cell edge reliabilty of 75% in an urban
environment with lognormal shadowing of 8 dB, if the distance of uniform signal strength
measurement drive route is 6 times the cell radius, then necessary margin is 6.2 dB. This margin
should be included in the link budget for calculating the signal strength threshold for coverage

and cell radius estimation.

V. CONCLUSION

We have analyzed the effect of processing a finite humber of signal strength measurements on
the accuracy of coverage prediction. This work has been done using a simulation based on

models from literature and extensive drive test measurements.

The mean predicted signal strength at a particular distance varies about the actual mean signal
strength at that distance with a Gaussian distribution. The standard deviation of this distribution
depends on the distance of uniform signal strength measurements drive route used in
determining the propagation model and the standard deviation of the shadow fading. The
analysis has shown that the effective distribution of the actual signal strengths about the

predicted mean of the propagation model is a Gaussian distribution.
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The margin needed in the link budget for desired rititiadepends on the number of measured
samples and the lognormal standard deviation as shown in the provided curves. Also, the study
has indicated that to minimize the margin, a signal strength measurement drive route distance of

at least 8 times the cell radius is needed.
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CONCLUSION

This dissertation analyzes and presents techniques improve the accuracy of coverage estimation
from signal strength measurements and to design wireless networks for any desired coverage
reliability using signal strength measurements. Further, this dissertation addresses the very
important question regarding the minimum required signal strength measurements drive route

distance, for reliable coverage estimation.

The parameters affecting the accuracy of the coverage estimation using signal strength
measurements have been analyzed. A technique has been proposed using which insufficient
drive testing can be compensated by additional margin, called the effective fade margin.
Determining the margin for required reliability of coverage estimation depending on the
distance of the signal strength measurement drive route is extremely useful as it allows the
resources needed for drive testing to be traded against the additional cells (margin) needed to

cover the area of interest.

Analysis has indicated that the mean predicted signal strength at a particular distance varies
about the actual mean signal strength at that distance with a Gaussian distribution. The standard
deviation of this distribution depends on the distance of signal strength measurements drive
route (uniform distribution of the drive route is assumed) used in determining the propagation
model, the standard deviation of the shadow fading and the morphology. Further, the effective
distribution of the actual signal strengths about the predicted mean of the propagation model is
a Gaussian distribution. The margin needed in the link budget for desiredityetiepends on

the number of measured samples and the lognormal standard deviation as shown in the provided
curves. Also, the simulation results have indicated that to minimize the margin, a signal strength

measurement drive route distance of at least 8 times the cell radius is needed.

Improving the accuracy coverage estimation when orliyniled number of signal strength

measurements are available has been addressed. It is shown through analysis and simulation that
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a more accurate estimate of the coverage can be obtaindanitéti number of signal strength

measurements if a fixed height dependent propagation slope is used and the intercept of the
propagation model is determined by least squares method. The analysis and results explain the
reason for the very wide range of path loss slopes (20 to 60 dB/decade), when linear regression

is applied to a small number of signal strength measurements.

In a single slope propagation model, the coverage estimation is most sensitive to the intercept
of the propagation model. Even a limited number of signal strength samples provides valuable
information about the intercept of the propagation model, and thus also about RF coverage. In
contrast, the cell radius estimate is not very sensitive to small errors in the path loss exponent.
However, estimating the slope from less than 150 uniformly sampled signal strength
measurements produces large errors in the slope estimate and also in the estimated RF
coverage. For these situations it was shown that it is better to predict the slope via Hata's

equations than to estimate it from the data.
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Appendix A. Linear Regression Analysis

The simple linear regression model, that is, a model with a single regresbat has a
relationship with a respongehat is a straight line.

The simple linear regression model is

y=A+B[k+¢ (1)
where, the interceptA and the slopeB are unknown constants ardis a random error

component. The errors are assumed to have mean zero and unknown \La?riaAdelitionaIIy
we usually assume that the errors are uncorrelated. This means that the value of one error does

not depend on the value of any other error.

It is convenient to view the regressoms a controlled variable and measured with negligible
error, while the responsgeis a random variable. That is, there is a probability distributios for
at each possible value xf The mean of this distribution is

E(y|x)= A+BIX (2)

and the variance is

V(y|x)=V(A+BX+¢) =o? (3)

Thus the mean of is a linear function ox although the variance gfdoes not depend on the

value of x. Furthermore, because the errors are uncorrelated, the responses are also

uncorrelated.

The parameteré andB are usually regression coefficients. The sl@ps the change in the
mean of the distribution gf produced by a unit changexnlf the range of data anincludesx
= 0, then the interce is the mean of the distribution of the responpsehenx = 0. If the

range ofx does not include zero, thérhas no practical interpretation.

Least Squares Estimation of the Parameters
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The parameterd andB are unknown and must be estimated using sample data. Suppose that
we haven pairs of data, say(y, %), (Y2, %), ....(4 %). These data may results form the

measurement experiment.

The method of least squares is used to estitvaiedB. That is,A andB are estimated so that
the sum of the squares of the differences between the obserwationkthe straight line is a
minimum. From (1) we may write

y, =A+BlX +¢, i=12,...,n (4)

Equation (1) may be viewed as a population regression model while (3) is a sample regression

model, written in terms of tha pairs of datay;, x), i = 1,2,....,n Thus the least squares
criterion is
S(A,B)=Z(yi -A-BX)’ (5)

The least squares estimatorsfcdndB sayA and B must satisfy

0S n A~ A

—=-2 - —A-BX)=0

A ;On )

and

0S n A

—=-2 - —A-BX)x =0 6
P ;(y. )% (6)

Simplifying these two equations yields

nA + éi X, = i Y,
AZ X * éi X’ = Z YiX (7)

Equations (7) are the least squares normal equations. The solution to the normal equations is

A

A=y-BI[X (8)

and
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B=12I - 9)
B
= [0
|=1Xi n
where,
‘:—n and x=ln
y n;y. 2%

are the averages @f and x respectively ThereforeA and B in (8) and (9) are the least
squares estimators of the intercept and slope. The fitted simple linear regression model is then
y=A+BX (10)

Equation (10) gives a point estimate of the meanfof a particulaix.

Since the denominator of (9) is the corrected sum of squares xfahé the numerator is the
corrected sum of cross productsxpfndy;, we may write these quantities in a more compact

notation as

“xﬂ

(11)

s.=yx-010

and

S x B
Sy Zy. &y@ Zy.x x) (12)

Thus a convenient way to write (9) is

g=
SXX

(13)

The difference between the observed vajuend the corresponding fitted valug is a

residual. Mathematically thé& residual is
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A A

e=y -9 =y -(A+Bx),  i=12...n (14)

The least squares estimat@ysandB have several important statistical properties. First, from

(8) and (9) we can infer that and B are linear combinations of the observatigns

Consider the bias property far and B. We have forB,
EB)= S ¢y HE S cE(y )= 6 (A+B )= A ¢ +BY ¢ x 15
(B)=€L5 oy b= 5 cEly)=3 c(arBX)= A5 o +BY ox (15)

where, ¢, = (x — X)/ S, sinceE(s) = 0 by assumption. Also we can show directly that

ici =0 andicixi =1

Therefore

E[B)=8

That is assuming that

E(y;) = A+Bx

B is an unbiased estimator Bf Similarly, A is an unbiased estimator Af or

E(A)= A

The variance o8 is found as

v(g)= v@i cy, Ez Z cv(y) (16)

because the observatiopsare uncorrelated, and so the variance of the sum is just the sum of

the variances. The variance of each term in the suq?r\liyi), and we have assumed that

2

V(y;)=0?; consequently
1
vg)=o?S =T =9 17
O a7
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The variance ofA is
V(A)=v(y - Bx)=v(y)+x2V(B)-2xCoy, B) (18)
Now the variance ofy is just V(y)=o?/n, and the covariance betwegnand B can be

shown to be zero. Thus
n R o2
V(A):V(V)WZV(B):UZ%’f;—% (19)

An important result concerning the quality of the least squares estimatasd B is the
Gauss-Markov theorem, which states that for the regression model (1) with the assumptions
E(e)=0, V(e)=0?, and uncorrelated errors, the least squares estimators are unbiased and
have minimum variance when compared with all other unbiased estimators that are linear
combinations of thg:. The least squares estimators are unbiased and have minimum variance
when compared with all other unbiased estimators that are linear combinationsyofAike

the least squares estimators are best linear unbiased estimators, where “best” implies minimum

variance.

There are several useful properties of the least squares fit:
The sum of the residuals in any regression model that contains an intercept A is always zero;

that is,
Z(yi—ifi)=ie=0 (20)

This property follows directly from the first normal equation in (7). Rounding errors may affect

the sum.

The sum of the observed valugequals the sum of the fitted valugs or

Z Yi = Z Yi (21)
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The least squares regression line always passes through the centroid of the data.

The sum of the residuals weighted by the corresponding fitted value always equals zero; that is
2 %& =0

Estimation ofo 2

The estimate o&r? is obtained from the residual or error sum of squares as,
S§ :Zeiz =Z(yi _9i)2 (22)

A convenient computing formula fo8S: may be found by substituting; = A+I§xi into (22)

and simplifying, yielding

s§ = Z y2 -ny? - BS, (23)
But
Z yE -1y = Z (v, -y =s, (24)

is just the corrected s of squares of the observations, so

S§ =Sy, ~BSy (25)

The residual sum of squares Imas 2 degrees of freedom, because two degrees of freedom are
associated with the estimatés and B involved in obtainingy;. Now the expected value of

ssg IS E(SSg )= (h - 2)0 2, SO an unbiased estimator ®f is

., _SS
G2="F=MS 26
n-2 g (26)
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The quantityMSg is called the error mean square or the residual mean square. The square root

of 62is sometimes called the standard error of regression, and it has the same units as the

response variabhe Becauseo? depends on the residual sum of squares, any violation of the

assumptions on the model errors or any mis-specification of the model form may seriously

damage the usefulness of as an estimator af?.
Interval Estimation in Simple Linear Regression

In this section we consider confidence interval estimation of the regression model parameters.
We also discuss interval estimation of the mean resp@ygdor given values ok, assuming

that the responseis normally distributed about the mean value for any gwérhe confidence

intervals onA, B and o are derived below.

The width of these confidence intervals is a measure of the overall quality of the regression line.

If the errors are normally and independently distributed, then the sampling distribution of both

A

B-B A-A

272  and
JMS./S,, - IMS.(U/n+%?/S,)

(27)

is t with n — 2degrees of freedom. Thereford@0(1 - a) percent confidence interval on the
slopeB is given by

MS. MS.

<B< é +ta/2,n—2 (28)

XX XX

B _ta/2,n—2

and al00(1 -a) percent confidence interval on the interc&s

) %2 ~ X2
A_talz,n—z MSE%"'S_ES A< A+ta/2,n—2 MSE%"'S_E (29)

These confidence intervals have the usual frequency interpretation. That is, if we were to take

repeated samples of the same size at the gdewels and construct, for example, 95 percent
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confidence intervals on the slope for each sample, then 95 percent of those intiéc@tgain

the true value oB.

The quantity

MS,
S

XX

se(B) = (30)

in (28) is called the standard error of the sldﬁ)elt is a measure of how precisely the slope has

been estimated. Similarly

sg(A) = JMSE%+ 2 E (31)

in (29) is the standard error of the intercépt Regression computer programs usually report

|><|

W

the standard errors of the regression coefficients.

If the errors are normally and independently distributed, the sampling distribution of

(h-2)Ms
— E (32)
is chi-square witm — 2degrees of freedom. Thus
(n—-2)MS N
Pg(lz—a/zn—z < TE < K§/2,n—2 @‘ l-a (33)
and consequently B00(1 -a) percent confidence interval v is
(n —22)MSE <o?< (nZZ)MSE (34)

Ka/2,n—2 Kl—a/2,n—2

Interval Estimation of the Mean Response

A major use of a regression model is to estimate the mean redp@nser a particular value

of the regressor variable Let x, be any value of the regressor variable within the range of the
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original data orx used to fit the model, for which we wish to estimate the mean response, say

E(y/x0) An unbiased point estimator Bfy/xo)is found from the fitted model as
E(leo):yo:'&"'ég(o (35)
To obtain al00(1 - a) percent confidence interval df(y/%,), first note thaty, is a normal

distributed random variable because it is a linear combination of the observwatidrse

variance ofy, is

N R R 2 2 _g)? D
V() =V(A+ B D<o)=V[V +B(x, - X)] = UT +g—xx =0* % +—(X°SXXX) 5 (36)
since cOv(y, é): 0. The sampling distribution of

IMS. [n+(x, -x)'/S,)
ist with n — 2degrees of freedom. Consequentll08(1 -a) percent confidence interval on the

mean response at the pokt x, is

: T, (- %)L : 0, (- %)L
Yo _ta/2,n—2 D\/MSEB_"'O—DS E(y|X0)S Yo +ta/2,n—2 a MSEE_"'—D (38)
m S« m S« B

The width of the confidence interval fd&(y/ x,) is a function ofx,. The interval width is a
minimum for x, =X and widens asx, —X| increases. Intuitively this is reasonable, as we

would expect our best estimatesydb be made at values near the center of the data and the

precision of estimation to deteriorate as we move to the boundaryxéfaee.

The probability statement associated with the confidence interval (38) holds only when a single

confidence interval on the mean response is to be constructed.

Predictions of New Observations
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An important application of the regression model is to prgdictrresponding to a new specific

level of the regressor variabtelf x, is the value of the regressor variable of interest, then
Jo = A+BX, (39)

is the point estimate of the new value of the respgnse

Consider obtaining an interval estimate of this future observgsiorhe confidence interval on

the mean response at=x, (38) is inappropriate for this problem because it is an interval

estimate on the mean pf(a parameter), not a probability statement about future observations
from that distribution. We will develop a prediction interval for the future observgiorhe

random variable

W=y~

is normally distributed with mean zero and variance
V(W)=V(y0-9o)=02§+%+@é (40)
because the future observatigp is independent ofj,. If we usey, to predicty,, then the

standard error ofp =y, -y, is the appropriate statistic upon which to base a prediction

interval. Thus thd 00(1 -a) percent prediction interval on a future observatiorats

U
E n Sxx E Sxx 5 (4 1)

. 01 -x) O . 0 1 (x-Xx)
Yo _ta/2,n—2 D\/MSE Q.+ —+ MES Yo= Yo +ta/2,n—2 D\/MSE Q.+ E + u
The prediction interval (41) is of minimum width & = X and widens a$x0 - X| increases.
By comparing (41) and (38) we observe that the prediction interwe) & always wider than
the confidence interval at, because the prediction interval depends on both the error from the

fitted model and the error associated with future observations.
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We may generalize (41) somewhat to finl®(1 -a) percent prediction interval on the mean

of m future observations on the responsexat Xx,. Let y, be the mean om future

observations atx=x,. A point estimator ofy, is y, = A+E§x0. The 100(1 - a) percent

prediction interval ony,, is

. 01 1 (x,-xf0__ 1 ~-x)? 0
yO _ta/Z,n—Z EI |vlSE E t—+ ( : ) DS yO < yO +ta/2,n—2 EI |vlSE E t—+ (Xo ) EI (42)
n n Sy H Bn n S« B
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Appendix B. Simulation Setup and Technique

Introduction

The modeling of RF propagation and coverage estimation process is an extremely complex
problem. This complexity increases the time and effort required for analysis and design, the
need to insert new technologies into commercial products quickly requires that the design be
done in a timely, cost effective and effort-free manner. These demands can be met only through

the use of powerful computer aided analysis and design tools.

A large body of computer-aided techniques has been developed in recent years to assist in the
process of modeling, analyzing, and designing wireless systems. These computer aided
techniques fall into two categories: formula based approaches, where the computer is used to
evaluate complex formulas, and simulation based approaches, where the computer used to

simulate the waveforms or signals that flow through the system.

Methods of Performance Evaluation

The performance / trade-off involved in estimating the coverage of a wireless systems can be
evaluated using formula-based calculations, or waveform level simulation or through hardware

prototyping and measurements.

Formula-based techniques which are based on simplified models, provide considerable insight
into the relationship between design parameters and system performance, and they are useful in
the early stages of the design for broadly exploring the design space. However, except for some
idealized and oversimplified cases, it is extremely difficult to evaluate the performance / trade-
off involved in the complex systems using analytic techniques along with the degree of accuracy

needed for finer exploration of the design process.
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Performance evaluation based on measurements obtained from hardware prototypes of designs
an accurate and credible method. For our problem this is not a practical solution since it is
impossible to obtain signal strength measurements throughout the wireless service area.

Further, this approach is very expensive, time consuming and not very flexible.

With simulation based approaches to performance evaluation, systems can be modeled with
almost any level of detail desired and the design space can be explored more finely than is
possible with formula based approaches or measurements. With a simulation based approach,
one can combine mathematical and empirical models easily, and incorporate measured
characteristics of devices and actual signals into analysis and design. Simulated waveforms can

also be used as test signals for verifying the functionality of hardware.

The primary disadvantage of the simulation approach is the computational burden, which can be

reduced by a careful choice of modeling and simulation techniques.

Since performance evaluation and trade-off studies are central issues in the analysis and design
of wireless systems, this chapter will focus on the use of simulation for evaluating the trade-off
involved in estimating coverage from signal strength measurements. This chapter is organized
as follows. In the next section we will briefly discuss the block diagram of simulation setup used

in our experiment. Later section will discuss in detail the implementatiogacti of these

blocks.
Simulation Setup
We use simulation technique to more precisely study the effect of the design reliability under

different environmental conditions and to determine the minimum required distance of the signal

strength measurements drive route. We will discuss the simulation setup below.
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Fig. 1. A schematic diagram showing the structure used for simulation.

To simulate the shadowing conditions in a cell that exists in reality, the following simulation
setup was used. The entire cell area is divided into a grid of several bins as shown in the figure.
The number of bins was chosen so that one measurement is taken in a bin and the bin size
approximately corresponds to the de-correlation distance for urban, suburban and rural cells.
Based on the experimental results of several investigators on correlation models [Gudmundson,
Giancristofaro and Sorensen], we have chosen a grid of 36 x 36 bins. This would correspond
to a bin size of 33 meters in an urban cell (cell radius = 600m), 167 meters in a suburban cell
(cell radius = 3 km) and 500 meters in a rural cell (cell radius = 9 km). Further, each block of
12 x 12 bins is modeled to represent a different clutter such as a block of high rise buildings,
park, residential block, lake etc. Thus there are total of 9 different clutter blocks. The base

station is assumed to be at the center of the square grid.
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SIGNAL GENERATION

WHITE NOISE ;’;C\’/\'ESRM'T
GENERATOR T
PROPAGATION MODEL o CORRELATION | ,|  RECEIVED
FILTER POWER
A 4
PARAMETER
CLUTTER ESTIMATOR
GENERATOR

Fig. 2. Block diagram showing the generation of signal in each if the bins and estimation of the

parameters A, B and sigma based via least squares under different environmental conditions.

The block diagram for signal generation is shown in figure 2. Each of the blocks is explained

below:

Propagation Model

The average large scale path loss PL(d) in decibels (dB) for a distance d can be expressed as
PL(d) = A+ Blog(d) (1)

The parameters A and B are the intercept and slope of propagation model are based on Hata’'s
empirical results. We have assumed base station antenna height of ** meters, and a mobile
station height of 1.5 meters and operating frequency of 800 MHz. Under these assumptions,
the value of B is 35.22 dB/decade and the value of A is 130 dB for urban morphology, 120 dB

for suburban morphology and 110 dB for rural morphology.
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We assume that the received signal strength measurements are averaged over more than 40
wavelengths X) (which corresponds to 15 meters at 800 MHz) in measuring equipment to
remove the effect of fast fading. Under these conditions, the path loss PL(d) at a distance d is
random and log-normally distributed (normally distributed in dB) about the mean distance
dependent value. This is called shadowing.

P, =P, -[A+Bog(d) +N(0,0%)] (2)

We use a Gaussian random variable generator to achieve this effect. This is explained in detall

in a later section.

In real environment the morphology is not uniform and there would variation in clutter, such a
block of high rise buildings, residential block, park, lake, etc. To simulate the effect of this we
use different values of\ for different blocks. Published empirical results have shown that the
intercept of the propagation model varies with morphology. We assumé\thstthe same in

each block, but varies with a uniform distribution in an interval of 8 dB.

Typically, the signal strength measurements are taken at regular intervals of distance or time.
These measurements are correlated from one bin to another. Several researchers have
proposed models for correlation [ ]. We use the model proposed in []. This model uses a simple
decreasing function. It is assumed that the mobile velocity is v and the received analog signal is
sampled every T seconds.

The model is given by

R (n) =o2a" (3)

Where,a=¢}"'" (4)

The varianceo? is usually in the range between 3 and 10 dB. The correlation coefficient a in
equation (5) may be expressed as in (6). Here paramgtés the correlation between two

points separated by distance D.
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d
in|

R, (n)=c% © (5)

Also it has been shown that the model in (5) closely fits the measured data in suburban and
urban environments, whe is the distance between the measured sample® amdhe de-

correlation distance which depends on the morphology, antenna height etc.

A correlated sequence of random variables can be generated from an uncorrelated sequence by
appropriate linear transformation. We have implemented the effect of correlation using a linear
filter via difference equations. The filter is applied first on all the bins in horizontal direction

and then on all the bins in the vertical direction. The derivation is explained in a later section.

The base station transmit power isi® assumed to be 50 dBm which is typical for cellular
systems with omni antenna configuration. For our study we are assuming omni antennas
though the results are applicable for sectored antennas also. The effect of antenna pattern is
normalized and the received signal strength at any bin (m, n) is calculated using

P;(m,n) =P, —PL(m,n) (6)

Parameter Estimation

The parameters, B, o are estimated by method of least squares using all the signal strength
from all the bins The method of least square estimation is explained in Appendix A. These
values ofA, B, o represent the truth or the reference. Using these parameters the cell radius R
is estimated using

Pr—Run —A-Zo
R=10 B (7)

where, Z as explained in chapter ** is determined for the required cell edge reliability. For cell

edge reliability of 75%, Z = 0.67 and for cell edge reliability of 90%, Z = 1.Bg,y is the
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minimum required ground level signal strength. This depends on the receiver sensitivity and the
penetration margins. We have assumed a fading receiver sensitivity of ** dBm, which is typical
for a 30 KHz TDMA system (IS 54). A body penetration loss of 3 dB and car penetration loss
of 7 dB is assumed. Under these conditidhgy = ** dBm.

DRIVE ROUTE GENERATION AND SIGNAL STRENGTH MEASUREMENTS
ALONG THE DRIVE ROUTE

JOIN THE K POINTS

GENERATE K DETERMINE ALL THE SAMPLES

> USING PRIMS
UNIFORM POINTS ALGORITHM ALONG THE ROUTE
CALCULATE DRIVE LEAST SQUARES
ROUTE DISTANCE ESTIMATOR

!

CALCULATE O 4q

Fig. 3. Block diagram showing the selection of drive route in the simulation and determining the
drive distance and the propagation parameters via least squares based on the signal strength

measurements in the drive route.

The block diagram for determining the uniform drive route and estimatipg is shown in

figure 3. To simulate the random uniform drive route, K uniform points were randomly
generated with uniform distribution in the square. The K points were joined such that the total
distance needed to cove these points is the shortest. For this we have used Prim’s minimum

spanning tree algorithm explained in detail later.
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Signal strength measurements from all the bins along the route are determined. The propagation

parameters&, B andd are estimated from these signal strength measurements. The distance
D of the drive route is also determined. The estimated cell radius is given by

Pr—Puy ~A-26
R=10 B (8)

The accuracy of propagation prediction was calculated by determining the standard deviation of
the difference in dB between the actual average signal strength and the average predicted signal
strength at the estimated cell edge. The average estimated received power at the cell edge at a
distanceR is given by

(R = Fr- A Biog (©)

The difference between the actual and the estimated signal straagthgiven by

As=Pr(R) - Pr(B = A A(B- Bilog( R (10)

AS is determined for different sets of distances of the drive rdutwesd the standard deviation

ops Of As is evaluated. This experiment is repeated for different morphology and shadowing

conditions standard deviatioosand different distances of the drive rolte
Generating Gaussian Random Variables

The simplest method of generating random numbers with a standard Gaussian probability

density function is via the use of central limit theomenording to the formula

12
Y = ZU (k) -6.0 (11)
whereU(k), k= 1,2,...., 12 is a set of independent, identically distributed random variables with

uniform distribution in the interval [0,1]. Siné#(k) has a mean of 0.5 and variance of 1/12, it is

easy to verify that the right-hand side of () yields a mean of 0 and variance of 1.
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It should be noted that whereas a Gaussian random variable has values ranging tihom -
equation () produces values of Y in the interval [-6.0, 6.0]. The number 12 is traditional and
represents some compromise between speed and accuracy but there is no Heasdntto

12.

Testing of Random Number Generators

Outputs of random number generators (RNGs) used to drive long Monte Carlo simulations
were tested to ensure that they have the right statistical properties.

There are two general sets of tests were performed on the random number generators. The first
set of tests checked the stationarity and independence of the outputs of RNGs. The second test
verified distributional properties. This set of tests included simple checks on the values of
parameters such as means and variances of the output sequences to “goodness of fit” tests,
which provide indications of how closely the pdfs of the actual outputs of the RNGs fit the

distributions they are supposed to produce.
Implementing Correlation Filter

A correlated sequence of random variables can be generated from an uncorrelated sequence by
appropriate linear transformation. A white Gaussian noise process filtered through a first degree
filter with a pole ata will produce a log-envelope signal with the required properties. From the
correlation model [] we know that the auto-correlation function is of the signal strength

measurements is given by
Ru(n)=0%a" (12)
Taking the Discrete Fourier transform Bf (n , e get,

Sex (160)= 3 Ra(ne 1" (13)

This can be simplified as shown below,
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Sy (jw)= Zaz a"e i :iaz Mgrien 4 Zaz a"e " —g (14)
S (jw)= iaza“e‘”1 +202a“e""“n -0o? (15)
S (jw)= azi(ae"“’)n +022(ae“'“’)n ~o? (16)

o? o’
Sx (jw): o T — 0’ (17)

1-ae” 1-ae’?

Solju)= O Uae )10 aer)-0*(-ae fi-ae ) a8)

(L-ae® JL-ae )

((2 ae’ @ - ae“") (1 ae ¥ —ael” + az))

Sec(jw)=2 b oo fiae ) (19)
w) (1 2) wH (jow
S (i (1 ae‘“’)(l a6 ,w) H(jw)H " (jw) (20)

The causal part is

)= Vg;i‘)) @y

Further from [] we know that

a= epo_—E (22)
0D C
where, 0 is the distance between the measured sampleB @de-correlation distance which

depends on the morphology, height, etc. Substituting this in () we get,
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|-t o1

H(jw)= (23)
o0

The above filter can be used to generate the correlated signal strength measurements from

white Gaussian noise. This filter can be implemented with a difference equation. This is derived

as follows.

v(jw) “J%’ex'%?%

X(jw) 5 (@)
J %— exp@— jw- D%
. . . o0 .. _ 20
Y(Jw)—Y(Jw)exp(—Jw)expE_EE— X(jw)o. |1 exp@%@ (25)
Taking inverse Fourier transform,
y(n) = a/1-exp(- 20/ D) (x(n) + exp(- 8/ D) y/(n -1) (26)

This filter can be implemented by the difference equation () where x(n) is the input white noise

and y(n) is the correlated output with a de-correlation distBrmed standard deviatiam

y(0) = 0/1- exp(- 20/ D) X(0) for 0

y(n) = a/1-exp(- 20/ D) (x(n) + exp(- 8/ D) y(n -1) for n>1 (27)

This filter can be implemented by the difference equation () where x(n) is the input white noise

and y(n) is the correlated output with a de-correlation distBrmed standard deviatiam

Determining the Shortest Path
The shortest distance connecting several points can be determined using the algorithms

developed in graph theory. Given a connected weighted graph G, we want to create a spanning
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tree T for G such that the sum of the weights the tree edges in T is as small as possible. Such a
tree is called a minimum spanning tree and represents the cheapest way of connecting all the

nodes in G.

There are a number of techniques for creating a minimum spanning tree for a weighted graph.
The first of these, Prim’s algorithm, discovered independently by Prim and Dijkstra, is very
much like Dijkstra’s algorithm for finding shortest paths. An arbitrary node is chosen initially as

the tree root (note that in an undirected graph and its spanning tree, any node can be considered
the tree root and the nodes adjacent to it as its sons). The nodes of graph are then appended to

the tree one at a time until all nodes of the graph are included.

The node of the graph added to the tree at each point is that node adjacent to a node of the tree
by an arc of minimum weight. The arc of minimum weight becomes a tree arc connecting the
new node to the tree. When all the nodes of the graph have been added to the tree, a minimum

spanning tree has been constructed for the graph.

Estimation of Performance Measures from Simulation

A Monte Carlo simulation run can be considered as a statistical experiment. The objective of
the experiment is to allow us to make inferences about one or more performance parameters.
The observations (measurements) consist of discretely spaced values of a finite duration
segment of a random process at some point in the system. Hence, these measurements are

inherently random. Therefore, the inferences made can only be statistical.
Random Process Model: Stationarity and Ergodicity
Ergodic property basically means that we can equate a time average over a particular sample

function with an ensemble average. Ergodicity requires that the process be stationary. This

means that the statistical properties of estimators are time invariant.
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The quality parameters of an estimator are bias, variance, confidence interval and time reliability

product.
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