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ABSTRACT

TRANSMITTER LOCATION ESTIMATION USING
SOFTWARE DEFINED RADIO

This thesis focuses on the practical implementation of transmitter location esti-
mation algorithms using software defined radio devices for the purpose of radio environ-
ment map construction, which is used to determine primary user location and available
channels for Cognitive Radio. To this end, a testbed is also set up and technical and
physical details of this testbed are explained. Using the received signal strength (RSS)
data collected from receivers with fixed known locations, the path loss character of
an open field line of sight channel is estimated. Then, the location of an immobile
transmitter is estimated using the collected RSS data from multiple receivers by ap-
plying one proposed and one known technique, and the results of these estimations are
explained and compared. The effect of receiver count and the environmental factors
on the precision of the results are also explained. To share the gained experimental
knowledge, the practical difficulties, tradeoffs, and experiences encountered during the

implementation and measurement phases are explained.



OZET

YAZILIM TANIMLI RADYO ILE VERICI POZISYONU
BELIRLEME

Bu tezde Yazilim Tanimh Radyo cihazlar1 kullanmilarak Bilisel Radyo i¢in birin-
cil kullanic1 yeri ve miisait kanallar1 tahmin etme agisindan 6nem tasiyan Radyo Or-
tam Haritas1 olusturma amacina yonelik, verici pozisyonu belirleme algoritmalarinin
pratik uygulamasi anlatilmaktadir. Bu amagla bir deney diizenegi kurulmus olup, bu
diizenegin teknik ve fiziksel detaylan aciklanmaktadir. Olciilen sinyal giicii kullanilarak
sabit konumlu alicilardan veri toplanmis olup, acik alanda ve goriis hattindaki bir
kanalin yol kayb1 modeli belirlenmektedir. Ayrica sabit bir vericinin bilinmeyen pozisy-
onu, birden fazla yeri bilinen sabit alicilardan gelen veri ile, 6nerilen bir metodla ve lit-
eratiirde bilinen bagka bir metodla tahmin edilmekte ve sonuclar1 karsilagtirilmaktadir.
Kullanilan alici sayis1 ve gevresel faktorlerin, sonuclarin isabetliligi tizerindeki etki-
leri irdelenmektedir. FElde edilen deneysel bilginin paylagilmasi amaciyla, uygulama
ve ol¢iimler sirasinda karsilagilan pratik zorluklar, edinilen tecriibeler ve tespit edilen

odiinlegimler anlatilmaktadir.
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1. INTRODUCTION

Current state of the frequency spectrum for wireless communications is based on
the fixed allocation of the frequency bands to known registered parties/technologies.
This fixed allocation and current regulations on the usage of the spectrum limits
the adaptation of new wireless communication systems to fast growing bandwidth
demands of present wireless applications. Consequently, some frequency bands are
under-utilized, while some are densely used. This type of unbalanced spectrum usage
causes spectrum scarcity. To alleviate this problem, the Cognitive radio (CR) concept
has been proposed in the telecommunication literature. CR is a radio that can change
its transmitter parameters based on the interaction with the environment in which it

operates.

The CR term was first mentioned by J. Mitola III in 1999 [4]. According to
Mitola, Software Defined Radio (SDR) provides an ideal platform for the realization
of CR. SDR is a set of technologies for defining radio transceiver parameters and func-
tions in software, including carrier frequency, modulation bandwidth, channel coding,
and frequency/space/time/code agility. SDR started to come out in early 90’s, with
the thinking of programming the hardware of traditional analog radio technology by

software.

In [5], Simon Haykin defines the CR as an intelligent wireless communication
system that is aware of its surrounding environment. In his definition, the CR has two

primary objectives:

e highly reliable communications whenever and wherever needed,

e efficient utilization of the radio spectrum.

The CR concept is built on the idea of dynamic spectrum access (DSA). In this
concept, the parties who are allocated the privileged use of a channel are called the

primary users (PU). While a channel is not being used by PU in a certain slice of



time in a given geographical area, and if this unused slot can be known or detected
correctly, the channel could be utilized by the secondary users (SU), who are the less
privileged opportunistic users. PUs have the license to operate in a spectrum band.
Therefore they are also called the licensed users. SUs have no spectrum license and
they need additional cognitive functionalities to share the licensed spectrum band. For
this reason, they are also called the unlicensed users or CR users. One important
aspect of sharing frequency bands between PUs and SUs is the SUs must not harm the

communication of a PU.

CR system consists of four main functions: spectrum sensing, spectrum sharing,
spectrum decision, and spectrum mobility. Among these functions, spectrum sensing
is the one we focus in this thesis. It is the work of determining which portions of the
spectrum is available and detecting the presence of licensed (primary) users when a

user operates in a licensed band.

Spectrum sensing is mainly done by the measurement capable devices (MCD)
in the network. Sensing might be non-cooperative where CR users detect the pri-
mary transmitter signal independently through their local observations, or it might be
cooperative where information from multiple CR users are utilized for primary user

detection.

Detection methods in CR can be put into three main classes: Transmitter de-
tection, receiver detection and interference temperature management. Since we study
transmitter location estimation in this thesis, transmitter detection is the one we focus.
There are three categories of transmitter detection methods in the literature: matched
filter detection, energy detection and cyclostationary feature detection [6]. In cyclo-
stationary detection, the periodical features of the modulated signals like sine wave
carriers, cyclic prefixes, or pulse trains are detected by analyzing their spectral corre-
lation. Matched filter detection is used when the shape of the PU’s signal is known,
by matching the receiver’s filter to the shape of the signal to obtain the optimal de-
tector. When there is not sufficient information about the shape or the periodicity of

the signal, energy detection method can be used to sense the presence of a PU signal.



The energy of the signal is obtained by squaring the output signal of the receiver’s
band pass filter. We use this approach in this thesis to determine the presence of the

transmitter and the received power at the receiver antenna.

Sensing and detection is not always sufficient for establishing a complete environ-
mental awareness for a Cognitive Radio Network (CRN). For that reason, the Radio
Environment Map (REM) concept is proposed. Essential functionality of a REM is
the construction of dynamic interference map for each frequency at each location of
interest. REM collects spectrum measurements from the nodes with spectrum sensing
capabilities. These nodes might be the CRs in the network or dedicated spectrum
sensors, which are referred to as MCDs [7]. It generates a spectrum usage map by
processing these data. REM construction methods in the literature can be put into
two main classes: spatial statistics based methods and transmitter location estimation

based methods.

In this thesis, we study practical implementation of transmitter location estima-
tion for REM construction purpose. We set up a testbed, and taking sufficient amount
of measurements, first we estimate the channel path loss properties for the open field.
Then, we investigate the possibilities of estimating the unknown location of transmit-
ter using the sensing data coming from multiple receivers. We propose a method to
estimate transmitter location, apply it to the sensing data, and show the results of the
estimation. We also test and validate the usability of a known transmitter location

estimation based REM construction method given in [2] by practical implementation.

1.1. Contributions of this Thesis

The contribution of this thesis can be summarized as follows:

e This thesis evaluates and gives information about the practical applicability of a
transmitter location estimation method: LIVE REM Construction [2].
e Using a testbed, it explains the procedures to estimate and decide an appropriate

path loss model for an open field LoS channel. It compares the fitness of the



models to the application environment.
e [t exploits the practical issues and technical difficulties of setting up a testbed on

an open field for transmitter location estimation using SDR devices.

1.2. Thesis Outline

The outline of this thesis is as follows: First, in Chapter 2 we review the literature
and summarize the work done on CR, spectrum sensing, REM, and transmitter location

estimation.

In Chapter 3, the testbed we assemble to estimate channel specifications of the
open field and taking measurements for applying our transmitter localization methods

is explained.

The experiments done for path loss and transmitter location estimation and their
results are explained in Chapter 4. In this chapter the procedure followed to estimate
the channel path loss characteristics and transmitter location are detailed. A method
is proposed to estimate the transmitter location and it is applied to the data collected
from the experiments. Another known method is also applied and its performance is

validated.

Finally, Chapter 5 concludes the thesis by explaining the practical difficulties
and experiences encountered while applying the ideas to a real world environment,

summarizing the work and elaborating a discussion on the possible future applications.



2. RELATED WORK

2.1. Cognitive Radio

Current wireless networks operate on the statically allocated spectrum. Most of
the spectrum is allocated to various institutions by the spectrum management agen-
cies according to long-term agreements. These allocations are generally long-term
agreements between the licensed users and the authorities. Thus, a licensed band is
forbidden to any other user than the license holder, whether used or not. As a result
of this situation, a large portion of the spectrum remains underutilized [8]. Since the
demand for higher data rates and bandwidth increases, the spectrum with the fixed
allocation scheme becomes insufficient for the requirements of the developing wireless

applications.

This inefficiency in the spectrum usage brings the need for a new communication
paradigm. CR concept is proposed to exploit new opportunities and bring on better
allocation mechanisms to spectrum access [4]. Federal Communications Commission
(FCC) formally defines CR as a radio that can change its transmission parameters
based on the interaction with its environment. It is based on the DSA concept, which
allows cognitive wireless devices to use the licensed bands opportunistically while it is

not being used by the PUs who hold the license for the band.

Since the CR devices need to dynamically change their transmission parameters
and adapt to the environment, SDR is cut out for the realization of this idea. A
transceiver is referred to as a SDR if its communication functions are implemented as
running programs on an appropriate processor. Transmitter and receiver algorithms are
implemented and configured in software based on the same hardware. A CR is an SDR
which senses the communication environment, tracks the changes, and reconfigures its

communication scheme according to these changes [9)].

CR has different functions to accomplish the task of opportunistic spectrum usage
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Figure 2.1. Classification of the spectrum sensing techniques.

and efficient utilization. These functions can be put into four categories and summa-

rized as follows:

Spectrum sensing is the function of determining the presence of the PUs and the

occupied channels, and which channels are available for usage of the SUs.

Spectrum decision is the determination of the best available channel.

Spectrum sharing is the work of coordinating access to the available channels.

Spectrum mobility is the function of vacating the channel in case of a PU’s arrival,

and handing off the channels.

2.2. Spectrum Sensing

Since we focus on the transmitter location estimation for REM construction pur-
pose in this work, we explain spectrum sensing in more detail. The most important
function of the CR is spectrum sensing because the origin of the problem is the sparse
use of the spectrum and the purpose is to exploit the unused portions (spectrum holes)

and make better use of them.

There are three main detection approaches for spectrum sensing: transmitter
detection, receiver detection and interference temperature based detection. Figure 2.1

visualizes this classification.



Receiver detection is based on the detection of the local oscillator (LO) leakage
power the PU receivers emit when they receive the signals from the transmitter. How-
ever, the LLO leakage signal is typically weak, thus, the implementation of a reliable
detector is not trivial. Currently this method is feasible for only the detection of the

TV receivers [10].

Interference temperature is an approach for limiting the SU’s transmission power
at such a level that the accumulated received power should be no more than a pre-
scribed noise floor at a certain distance from the transmitter. However, constraining
the transmitter power at a certain level is not trivial because of the highly mobile usage
and variability of radio frequency (RF) emitters, since new sources of interference may
appear [11]. The interference temperature model has been introduced by the FCC for
measuring the interference at the receiver [12]. Through the interference temperature
limit, the model manages interference at the receiver, which is the amount of new
interference the receiver could tolerate. As long as the SUs don’t exceed this level,
they can use the band [8]. Although the interference temperature model is dropped by
the FCC, it is still being studied for quantification of the interference level at the PU

receivers [13].

Transmitter detection is the most common approach in spectrum sensing and it
is based on detecting the received signal at the SUs coming from the PUs. Transmitter

detection is basically a decision between two hypotheses [14]:

x(t) = n(t) Hy,
x(t) = hs(t)+n(t) H;

where z(t) is the signal received by SU, s(¢) is the transmitted signal, h is the complex
gain of the channel, and n(t) is the Additive White Gaussian Noise (AWGN). Hj is
the null hypothesis stating that there is no transmission detected from a PU, and H;

states that a PU’s transmission is detected.

For transmitter detection, there are three main approaches in spectrum sensing:

matched filter detection, cyclostationary feature detection, and energy detection.
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Figure 2.2. Illustration of the Matched Filter approach.

2.2.1. Matched Filter Detection

If the SUs have information about the PU signal’s properties like the operating
frequency, modulation, and bandwidth, they can match the receiving filter according
to these properties and design an optimum receiver. This method provides a high
probability of detection and decreases the risk of missed detection or false alarm [11],
but the implementation cost and the power consumption is high compared to the
other methods [6]. However, if this information is not accurate, matched filter method

performs poorly. Figure 2.2 illustrates the match filter detection approach.

2.2.2. Cyclostationary Feature Detection

Cyclostationary feature detection is the approach of detecting the features in
the transmitted PU signals like sine wave carriers, pulse trains, repeating spreading,
hopping sequences, or cyclic prefixes, which result in built-in periodicity. It was first
introduced in [15]. Cyclostationary feature detectors are utilized to differentiate the

PU signals from the noise, by analyzing a spectral correlation function.



2.2.3. Energy Detection

Energy detection, also known as the radiometry or periodogram, is the most
applicable and the most commonly used transmitter detection method for spectrum
sensing. It is more appropriate for high signal-to-noise (SNR) ratios. For the cases
where the receiver cannot gather specific information about the PU’s signal other than
its operating frequency, an energy detector is the optimal detector [16]. It only measures
the received signal strength (RSS) value at a certain frequency band, rather than any

periodic feature of the signal.

To measure the energy of an incoming signal at a certain band, receiving side
applies a band pass filter to the signal to get the components in only the requested
band. Then, the output of the filter is squared and integrated [17]. We use this
approach in this work to get measured RSS values from our RTL-SDR receivers which

is explained in Section 3.2.2.1.

Figure 2.3 shows the block diagrams of the receivers for these three mentioned
detection methods: matched filter detector (a), energy detector (b), and cyclostation-
ary feature detector (c). These blocks in the diagram might be applied as hardware

components, or as digital signal processing software components for SDR.

2.2.4. Cooperative Sensing

Sensing can be classified as cooperative and non-cooperative, according to the in-
formation usage and synthesis scheme used to decide on a PU transmitter’s presence. If
one SU decides based on its own local measurements, it is considered as non-cooperative
sensing. If the sensing information from multiple SU receivers are considered to make

a decision, it is considered as cooperative sensing.

Cooperation of SUs for successful sensing limits the number of channels that can
be sensed. As a result, the utilization is affected by the number of sensing nodes. Thus,

a subset of the channels can be selected considering the traffic requirements, and the
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Figure 2.3. Block diagrams for transmitter detection methods [1].

SUs can be assigned to those channels for sensing. In [18], the problem of channel and

user selection is considered for cooperative sensing.

Detection with cooperation among multiple SUs is more accurate compared to
non-cooperative sensing. However, cooperation also increases the energy consumption
of the network. Since the devices in a CRN are generally mobile devices with local
power sources, optimizing the tradeoff between the accuracy and the energy consump-

tion is also important for feasibility of the system [19].

2.3. Radio Environment Map

Instant information of detected PU signals gathered from the individual CR de-
vices is not always sufficient for establishing a systematic way of decision of available
spectrum bands. The occupancy of some licensed bands may vary from time to time,
and this usage scheme can even be periodic, or usage intervals of some licensed bands
may be completely unpredictable. Moreover, some bands might be heavily used in
some regions, and not used at all in another region. For such reasons, establishing a

more systematic knowledge base for spectrum occupancy information is essential [20].
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Figure 2.4. A REM system model [2].

REM, first defined as an abstraction of the real-world environment, which stores
multi-domain information such as PUs, policies, or terrain data [21]. However, it can
be also generalized as a cognitive network entity that can derive new information from
the gathered data, interpret the spatio-temporal properties, and come up with a map of
the RF environment [22]. Utilizing the REM as an intelligent decision mechanism and
information source is a promising idea because it reduces the processing and informa-
tion sharing burden on the cognitive devices and offers more environmental awareness
than the individual devices can acquire. Figure 2.4 shows an illustration of a REM

operating over an area.

The data REM stores can be classified as: static, volatile, and derived data[7].
The static data represents the entities which are not changeable over time, like the
location of the CR base stations, or operators in a region. The volatile information,
on the other hand, is the information about the entities in the environment which are
highly dynamic like the locations and the activities of the CR users. REM keeps its
information up to date dynamically by tracking the changes in the environment. The
derived data in REM is the data which the REM infers by tracking these changes and

making deductions about the RF environment.
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REM construction techniques in the literature are examined under two main
categories: spatial statistics based techniques [23], and transmitter location estimation
based techniques [24]. These two approaches can also be named as direct and indirect

approaches, respectively.

Making use of the spatial correlational structure of a given area, spatial statistics
describe the statistical properties of the area in which the REM is operates on by
fusing the data from the area of concern. The fusion of the data is based on different
interpolation techniques like Kriging, inverse distance weighted, and nearest neighbor
interpolation. A spatial statistic based REM construction approach using massive

amount of measurements from the environment is studied in [25].

If the locations of the active transmitters are known or can be estimated, this
information would ease the REM construction. Transmitter location estimation based
REM construction methods tend to make use of this information by estimating the
locations of the transmitters using the RSS data from CR devices or dedicated receivers
in the network. [26] studies REM construction by estimating the transmitter locations

using the RSS information from heterogenous receivers in the network.

2.4. Transmitter Location Estimation

Estimating the location of a transmitter is an issue of interest for many kind of
applications. Different received signal parameters like Time of Arrival (TOA), Angle

of Arrival (AOA), and RSS can be utilized for this purpose [27].

Since path loss models estimate the amount of decrease in the RSS value through
distance, RSS at the receiver gives an idea about the distance of the transmitter when
it is interpreted using a path-loss model. Figure 2.5 illustrates the estimation of a
transmitter’s distance using the RSS value using a path loss model with a gaussian

error variable.

The angle of a transmitter can be estimated using the AOA of a signal at the
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P(t)

Figure 2.5. Estimating distance of a transmitter using a path loss model with a

Gaussian error.

receiver. AOA of a signal is generally estimated using antenna arrays [28]. If the
antenna array’s geometry is known, difference between arrival times of a signal in the

elements of antenna array gives the angle information about the signal.

Estimating the flight time of a signal, TOA parameter may also give information
about the distance of the transmitter from the receiver. However, this information may
not always be available because it requires a synchronization mechanism between the
transmitter and the receiver, like a mutual clock or a time exchange protocol. TOA of a
signal is generally detected using matched filters, or cyclostationary feature detectors.
In [29], a TOA based localization technique is applied by minimizing the internal delay

errors of the receivers.

Using these parameters (RSS, TOA, AOA), a transmitter can be localized by
making use of geometric methods. Using distance information from at least three
sensors, the location of the transmitter can be estimated using the trilateration method
as shown in Figure 2.6. Also, using the AOA information from at least two sensors, the
location of the transmitter can be estimated using triangulation method [30]. These

parameters and methods can also be used together for a hybrid estimation.
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Figure 2.6. Fusion of the estimations from different sensors.

2.5. Path Loss Models

Path loss is the difference (in dB) between the transmitted power and the re-
ceived power. It represents signal level attenuation caused by free space propagation,
reflection, diffraction and scattering. Path loss is an important component to deter-
mine the link budget of a communication system. Path loss models in the literature are
examined under two main classes: empirical (or statistical) models and deterministic

models.

2.5.1. Deterministic Models

Deterministic models are based on the physical laws of wave propagation. These
methods require complete knowledge about the environmental objects as obstacles or
reflection sources like buildings, roads, roofs, doors or walls. They tend to produce
more accurate results than empirical models. However, they have more parameters

and they require more computational power.

2.5.1.1. Ray Tracing. In theory, electromagnetic wave propagation characteristics of

a channel could be computed with complete environmental geometry knowledge. Since
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the high frequency radio waves have a ray-like behavior, by using the concept of ray-
tracing, waves coming from different multipath sources and their effects on received

signal power can be calculated using physical equations [3].

2.5.1.2. Two-Ray Model. Two-ray (ground reflection) Model is a radio propagation

model that predicts path loss for the cases when there is a LoS channel between the
transmitter and the receiver, and there is a flat ground as a predominant reflection
source. Since the measurements are done on a flat field with LoS channel, this model
fits to the case of our testbed. Figure 2.7 shows a typical case of a two-ray channel.
Figure 2.8 shows a typical behavior of the RSS value calculated by the two-ray path

loss model in logarithmic scale.

Due to their phase difference at the receiver, the two waves can have a constructive
or destructive effect on the received signal power. The LoS distance from transmitter
to the receiver affects the phase and magnitude of the direct wave. The magnitude
and phase of the reflected wave is affected by the reflection coefficient I' and the total
traveled distance, which is the sum of the distance from transmitter to the reflection

point, and the distance from reflection point to the receiver [31].

Assuming the distance between the transmitter antenna and the receiver antenna
is d, transmitter antenna height is hy, and receiver antenna height is hs, the received

signal power P, is calculated by summing the contributions of each ray. The received
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Figure 2.8. Typical behavior of the two-ray path loss model curve in logarithmic scale.

power is calculated as:

. . 2

P = P() (%e(—ﬂm) + I‘(a)%e(—J%m))
where P, is the transmitted power, r; is the distance of the direct wave which can
be calculated using geometry, 75 is the distance from the transmitter to the reflection
point, and I'(«) is the reflection coefficient. I'(a) depends on the angle of reflection

() and the polarization of the electromagnetic wave.

The reflection coefficient is calculated as:

P(Oé) _ cos O—ar/ er—sin? ©

cos ®+a\/erfsin2 C]

where ©® = 90 — o and @ = 1/e for vertical polarization or 1 for horizontal polar-
ization. €, is a relative dielectric constant (also called the relative permittivity) of the
ground surface [3]. Since we know the distance d of each measurement and the trans-
mitter and the receiver heights, h; and hy, we tune this parameter to fit our data to
the two-ray model and to come up with the estimated relative permittivity constant

of our ground surface.
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2.5.2. Empirical Models

The empirical models are the path loss models based on observations and mea-
surements [32]. These models have few parameters and they use statistical data. They
are generally less accurate than deterministic models, but they reduce the complexity

of the calculations and the estimations.

2.5.2.1. Log Distance Model. Theoretical models and results of measurements done

for path loss show that the average RSS decreases logarithmically with distance in radio
channels [33]. The most general empirical path loss model is the log-distance model.
In this model, the path loss increases logarithmically in dB. The path loss formula of

this model is:

Where PL is the path loss (in dB), P, is transmitted power, P,, is received power, d
is the distance between the transmitter and the receiver, dg is the reference distance.
(1 meter in our calculations), PLy is the path loss at the reference distance (in dB),

and 7 is the path loss exponent.

Path loss exponent + is different for each type of channel. It is 2.0 for free space.
For different type of channels (i.e. indoor, outdoor, urban, etc) v is found empirically by
measurement statistics. We tune this parameter to fit our measured path loss-distance

data to the model.

In this work, we apply the two-ray and the log-distance models to our path loss
data. To give an intuition about their behavior, Figure 2.9 shows a curve of log-
distance model with v = 2, which is the path loss exponent of the free space, and two

ray model with ground reflectivity coefficient ¢, = 2 with H; and Hy= 1.35.
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Figure 2.9. Comparison of the behaviors of log-distance and two-ray models for path

loss at a 50m range.

2.5.2.2. Standard Empirical Models. There have been measurement campaigns in the

literature to define reliable empirical models for wireless network design, such as
Okumura-Hata, COST-231 Hata model, Walfisch-Tkegami, etc. These methods are
also known as radio wave propagation models and are generally used for designing

mobile wireless networks.

One of the most commonly used empirical model for the systems operating in
very high frequency (VHF) or ultra high frequency (UHF) bands is Okumura-Hata
model, which is developed from the extensive measurements of Y. Okumura and M.
Hata. It is based on the measurements taken in certain urban, sub-urban and rural
areas of Japan. It is recognized by the International Telecommunications Union (ITU)

under the ITU-R Recommendation P.529 [34].

Another famous standard path loss model for mobile wireless systems is the
COST-231 Hata model which is an extension to the Hata-Okumura model. It is de-
signed for the frequency band from 500 MHz to 2000 MHz and includes corrections for

urban, suburban and rural environments which makes it a widely used model [32].
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3. THE TESTBED

In this section, the physical environment and the devices used in the experiments

are explained. The methods followed during the experiments are also detailed.

3.1. The Environment

For the measurements in this work, an empty field in the Kandilli campus of
the Bogazicgi University is used. The ground is nearly flat and there are no obstacles
inside the field, but there are considerable amount of trees and other buildings sur-
rounding the field. Since all the measurements are taken for LoS cases, the effect of
the buildings outside the area and the trees are ignored. Their multi-path effects on

the measurements are considered as noise.

3.2. Devices and Software

3.2.1. Transmitter

The transmitter used in this work is a wireless microphone transmitter with model
Sennheiser-ew100g3, which is shown in Figure 3.1(A). It is a mobile transmitter which
works with a pair of AA batteries. It transmits Pulse Code Modulation (PCM) sound
data using Frequency Modulation (FM) between 780 and 822 MHz. We used 782.1
MHz channel for all the measurements in this work. It converts the sound from its
analog microphone to PCM data, then transmits it using FM. PCM is a method to
digitally represent sampled analog signals. We unplug the microphone from the audio
input jack so that it always transmits the data of a completely quiet voice. Since the
data transmitted is always the same, the power of the transmission does not fluctuate

over time.

The typical RF output power of this device is 30 mW, but the measurements

showed that the transmission power can decrease over time due to the battery condi-
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Figure 3.1. The transmitter powered with an external adapter on a tripod.

tion. To avoid this unstable condition during the experiments, we have powered the
transmitter with an external power adapter. This provides the transmitter the abil-
ity to transmit with the same power for a long duration. Figure 3.1(B) shows the

transmitter on its portable tripod and powered with an external power adapter.

3.2.2. Receivers

The most important devices in this work are the receivers. The main purpose of
a receiver is to measure the RSS in a certain frequency band at its physical location.

The requested band is set by the software and is re-configurable.

The device used as a receiver in this project is a Digital Video Broadcasting -
Terrestrial (DVB-T) receiver dongle based on RTL2832U chipset. The device itself is
shown in Figure 3.2 and it is primarily built for digital TV and FM radio reception.
But thanks to its UNIX driver and library librtlsdr, the raw data can be read as 8
bit 1/Q samples with software. 1/Q is a data type used to represent the changes in
magnitude and phase of a sine wave. This feature enables us to convert this device to
a wideband SDR receiver. Throughout the rest of this thesis, we refer to this device

as RTL-SDR.
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Figure 3.2. DVB-T receiver dongle and its antenna.

The frequency range of the receiver is determined by its tuner. Different RTL-
SDR dongles may have different tuners inside. In this work, a dongle with Rafael Micro
R&820T tuner is used, and its frequency range is from 24 MHz to 1766 MHz.

The RTL-SDR has a theoretical maximum sampling rate of 3.2 MS/s (megasam-
ples per second). However, according to the host machine USB speed, some samples
might be dropped at this rate. 2.048 MS/s is the optimum sample rate without the
risk of dropping samples. Thus, for the measurements we read the data with a rate of

2.048 MS/s for reliability.

The dongle has an analog-digital converter with 8 bit resolution. It streams the
raw signal data as complex samples, 1 byte I and 1 byte Q interleaved. Each received
data has a size of 1 byte, which is is between 0 and 255. We normalize it by converting it

to a float value between -1.0 and +1.0 in the software before making power calculations.

3.2.2.1. Measuring the Received Signal Strength of a Transmission. The Linux C/C++

library of RTL-SDR has suitable functions to set the sample rate, tuner gain, and the
center frequency of the receiver. This allows us to tune into any channel by software
control. After setting the parameters and center frequency, we can call the proper
functions of the library to read an arbitrary amount of samples synchronously or asyn-

chronously.

We perform all the receiver-related configurations, data reading, processing, and
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Figure 3.3. A frequency-power plot of the spectrum in a 2 MHz band.

power calculations in a single C++ program. The program repeatedly reads an amount
of raw data from the device (for 0.125 seconds), and calculates its frequency domain
amplitudes by applying Digital Fourier Transform (DFT) to the data. We use Linux
built-in fftw library to perform the DFT operation on the raw data.

By applying DFT on the raw samples read from the RTL-SDR, we obtain received
power at each frequency bin in decibels (dB). Figure 3.3 shows a plot of the frequency
domain data of a portion of read samples at center frequency: 781.9 MHz. In the plot
there is a transmission visible at 782.1 MHz frequency, which is the transmission from

our transmitter, the wireless microphone.

To calculate the power of a transmission in dB, we simply concatenate the powers
of all the bins in its band. Although the specifications of the transmitter imply that
it uses 50 KHz bandwidth, we consider 200 KHz of bandwidth around its frequency
because our measurements on the power spectrum indicates that its effective bandwidth

is 200 KHz. Figure 3.3 shows this affected spectrum band and the green slice in this
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Figure 3.4. RLT-SDR receiver and its antenna placed on top of a stand.

figure indicates the part of the frequency spectrum which is used to come up with the

total power of the transmission.

3.2.2.2. Receiver Placement and Antenna Configuration. When a measurement is meant

to be performed from a certain position, the receiver device is placed onto the corre-
sponding stand. The receiver assembly consists of the RTL-SDR dongle, its antenna
and the antenna cable, a laptop and a USB extension cable to carry the data to the

computer. Figure 3.4(A) shows a receiver placed on one of the stands.

The receiver’s antenna and its antenna cable are both able to receive signals.
Experiments showed that when the dongle is connected directly to the computer and
the antenna is placed at top of the stand, the position and shape of the antenna cable
has a great effect on the received signal’s power. For that reason, we had to gather all
the receiving parts of the receiver assembly together and place them at the top of the
stand so that all the receiving parts are on the line-of-sight (LoS) of the transmitter.

Figure 3.4(B) shows a detailed view of this antenna configuration.



24

4. MEASUREMENTS AND TRANSMITTER LOCATION
ESTIMATION

This section explains the experiments and measurements done using the system

and devices explained in Chapter 3, and discusses the results of these experiments.

4.1. Examining the Path Loss Model of the Environment

To determine the most appropriate path loss model for the environment, a series
of measurements have been performed. Appropriate path loss models for our LoS case

are examined and fitted to the measurement data using the least squares method.

The transmitter is placed on a stable stand which is 1 meter high, and the receiver
assembly is put on a mobile tripod which is also 1 meter high. Starting from the nearest
position to the transmitter, a series of measurements is taken at each meter from 1 to 50
meters. As a result of this work, we had a series of data written to the receiver’s disk by
the power-calculating receiver program mentioned in 3.2.2. This 50m measurements

are performed for three different routes, which are shown in Figure 4.1

This measurement operation gives a collected power data like the one shown in
Figure 4.2, which is only a part (2-5m) of the whole measurements (1-50m) for a
detailed illustration. When there is no mobile objects near the transmitter and the
receiver, the RSS values does not fluctuate very much. The flat parts of the plotting
indicates a stable measurement duration when the receiver is placed at a known distance
and there are no moving objects around like a person. The fluctuating parts indicates
the time when the experimenter comes near the receiver and repositions it. Since a
person near the transmitter or the receiver affects the RSS value significantly, only the
RSS values taken when the experimenter is far from the field are considered. Mean of
the values in each stable environment duration is considered as the RSS value of the

corresponding distance.
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Figure 4.1. Routes for path loss measurements.
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Figure 4.2. RSS values taken during the measurements where the distance between

the transmitter and the receiver varies from 2m to 5m.
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Figure 4.3. Measured path loss values for different routes and their fittings to models.

When the averages are calculated for the measurements from different distances,

each pair of distance-RSS measurements are recorded. Then, the relative path-loss

(dB) values are obtained by subtracting each RSS; from the reference value (RSS)).

The reference value RSS; is the RSS value at 1 meter distance from the transmitter.

Since we can’t measure the transmitted power, we can’t consider the path loss PL; for

each measurement, instead, we always consider the relative path loss PL; — P Ly which

is equal to RSS; — RS'S;.

For the measured path loss data, we fit some of the most common path loss

models used for short range LoS channels to determine the best fitting path loss model

for our test area: two-ray ground reflection model and log-distance model.

Figure

4.3(a,b,c) shows a plot of three different set of measurements taken for three different

routes, with the same transmitter and receiver heights (H;=1m and H,=1m).
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Table 4.1. Mean-square errors for three different set of measurements (1-50m).

Measurement | Two-Ray Error | Log-Distance Error
A 5.485 5.508

B 4.261 5.02

C 3.68 6.319

A+B+C 5.25 6.091

When the path loss values from these three different set of measurements are
concatenated, the data plotted in the last graphic in Figure 4.3(All) is achieved, and
the log-distance and two-ray models are also fitted using least-squares method to this

data.

As seen from Figure 4.3, there is no significant fitness difference between the two
models to represent the data from the measurements. Table 4.1 shows the calculated
mean-square errors for all four cases shown in Figure 4.3 for both two-ray and log-

distance models.

To comment on the Figure 4.3, because of the fitting behavior of the least squares
estimation, the log-distance path loss curve usually overestimates the measurement
data with distance between 5 and 20 meters, and it underestimates the data with longer
distances after 25 meters. Since the estimation method always tends to minimize the
square error, it tries to keep the curve close to all of the data. This behavior of the
measured data shows that the path loss curve (determined by the path loss exponent

~v) is changeable for the data collected for different intervals of distances.

When the distance gets longer, the effect of the environment and the ground shape
increases. To determine the better path loss model for a shorter distance interval like
25m, the first 1-25m part of the same measurement sets are considered and path loss
models are also fit to that short range data. Figure 4.4 shows the fitting path loss
curves to the short-range (25m) part of the data shown in Figure 4.3. Table 4.2 shows
the mean-square error values for the data in Figure 4.4. These results imply that the

two-ray model fits slightly better to the path-loss data measured for the environment,



Path Loss {dE}
[ W 0 rs EN
o = & = o

2]
=

Fath Loss {dE}
Ll [ (] (] [} g Py
o (=1 [} (=1 o (=1 o

-
=)

Route A

]
=)

N
Path Loss {dE}
=}
=

10

Route B
T T T T T T 50 T T T T T
Measured path loss » Heasured path loss =
Log-distance model -—- ] Log-distance model - —-
Two-Ray model —— Two-Ray model ——
b 40

10 20 20 40 50

Distance {m)

Route C

20 30 40

Distance {m}

All

=)

v Heasur‘e& path 10%5 .
Log-distance model —-- 4 45
Two—Raw model ——

FPath Loss {dE}
R
&

L
-
o

L
-
=)

Heasur‘e::l path los's
Log—distance model
Two—Raw model

1} 10 20 30 40 S0

Distance (m)

20 30 40 =11)
Distance (m)

Figure 4.4. Fitting the models to 1-25 m samples of the same data.

28



29

Table 4.2. Mean-square errors for three different set of measurements (1-25m).

Measurement | Two-Ray Error | Log-Distance Error
A 1.938 2.458
B 3.525 3.489
C 1.806 1.639
A+B+C 2.430 2.554

Fath loss at S0m with Ht = 1.50m, Hr = 1.35m

T T
Measured path loss *
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Figure 4.5. Fitting path-loss values with a higher transmitter-receiver pair.

but neither of these models are dominant over each other too much.

Comparing the results shown in the Figure 4.3 and the Figure 4.4, one may
say that the behavior of the fitting curve of the two-ray model changes for the dataset
of a shorter distance interval, and the two models becomes less like each other. The
reason for this is the phase difference between the direct wave and the reflecting wave
forming the calculated power in the two ray model becomes more dominant in shorter
distances, and these two rays make a more remarkable constructive/destructive effect
on each other. When the distance d between the transmitter and the receiver gets
longer, the effect of the reflecting wave gets less significant and the curve becomes

more like a logarithmically increasing function like the log distance model.

Another set of measurements is performed on the Route C with different trans-



30

mitter and receiver heights: H;=1.50m and H,=1.35m (Figure 4.5). Fitting these
data to two-ray ground reflection model also returns a much better mean square error
(2.549) than the log-distance model (4.026). This result shows that the two-ray ground

reflection model fits better to the data when the transmitter and receiver are higher.

Calculations also show that for shorter distance intervals like 1 to 25 meters, the
two-ray model fits better to the measurement data. When the distance gets longer, H;
and H, become small compared to d, and the effect of the reflected wave becomes less

important.

As a result of these experiments, a system for measuring the RSS values over a
field for different distances is built, and it is used to determine the most appropriate
path-loss model for the environment. Since our field of experiments is short range and
all the measurements are LoS, the two-ray ground reflection is found to be the most

appropriate model.

4.2. Transmitter Location Estimation

For the measurements to perform transmitter location estimation, the field is
filled with 20 wooden stands, each 1 meter high, to serve as holders for the receivers.
These stands form a grid with 5 meter edges. Figure 4.6 shows the receiver locations
at the top of the stands marked with red dots for illustration. The black grid lines are

also drawn for the visualization of the placements.

To perform transmitter localization experiments, a series of measurements are
done in the field using the stable receiver locations shown in Figure 4.6. The trans-
mitter is placed on a stable tripod, and a set of measurements (100 power measurements
in 25 seconds) are taken from each receiver location. This operation is repeated 5 times
with different transmitter placements. Figure 4.7 shows the stable receiver locations
and the transmitter placements. For each transmitter location (Xr,, Yr,) and for each
receiver location (Xg,, Yg,), measurements RSS;; are recorded. Transmitter and re-

ceiver heights are H;=1.35m and H,=1.35m for all measurements. Figure 4.8 shows
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Figure 4.6. The field with wooden receiver stands.

the path loss values over distances for each set of these measurements with different

transmitter locations.

To determine a better path loss function for the field with wooden stands, all
the measured path loss values are gathered together and plotted against their known
distances (Figure 4.9). Then, the two-ray and the log-distance path loss models are fit
to the data. The result of this fitting shows that the two-ray model is much better than
the log-distance model for this particular case of the field. The mean-square errors of

the two-ray and the log-distance models are 6.5761 dB and 10.796 dB, respectively.

The path-loss data of these field measurements shown in Figure 4.9 are more
dispersed than the data shown in Figure 4.3, because these field measurements are not
taken along a single path. Instead, these measurements are taken at the transmitter
and receiver positions shown in Figure 4.7. Furthermore the field has the wooden

receiver stands forming a grid as an obstacle for the ground-reflecting wave, which has
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significant importance on the RSS value. This situation is explained in more detail in

Section 5.1 and Figure 5.2.

4.2.1. Estimation Using Two-Ray Model

To estimate the location of the stable transmitter, the RSS measurements from
all or some of the 20 receivers are considered. To choose the most likely transmitter
position, an exhaustive search is applied to the map with 0.5m intervals of x and y, and
for each position, the square errors for each receiver are calculated by comparing the
measured data and the model assuming the current search position is the transmitter
location. The position with the least total square error is considered to be the selected

transmitter location.

While estimating the most likely location using total least square error for each
transmitter location, different number of receivers are considered. X receivers with the

highest RSS values are taken into account for X is between 1 and 20. Figure 4.10
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Figure 4.10. Location estimations for different sets of receivers using two-ray model.

shows each receiver and each estimation using different number of receivers for each

transmitter, and errors of these estimations. Some of the estimations are overlapping.

The effect of taking X receivers with highest RSS value on the estimation error is
shown in Figure 4.11. Its average graphic shows that taking higher count of receivers
with the highest RSS value into calculation returns a better estimation. Taking the
mean errors of five different cases (A,B,C,D,E) into account, the minimum average
error is obtained with 13 receivers with highest RSS. Figure 4.12 shows the results of

this estimation.

4.2.2. Estimation Using Log Distance Model

Following the same exhaustive search explained in Section 4.2.1, transmitter
location is estimated by calculating the total square errors of each discrete point in
the map using the log distance model. The point with the least total square error is

selected as the transmitter location. Different sets of receivers with different receiver
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Figure 4.13. Location estimations for different sets of receivers using log distance

model.

counts (1 to 20) are considered. Figure 4.13 shows different estimations with these

sets. Some of the estimations are overlapping.

The effect of taking X receivers with highest RSS values on the estimation error is
shown in Figure 4.14. Its average graphic shows that taking higher count of receivers
with the highest RSS values into calculation returns a better estimation. Taking the
mean errors of five different cases (A,B,C,D,E) into account, the minimum average
error is obtained with 14 receivers with highest RSS. Figure 4.15 shows the results of

this estimation.

4.2.3. Estimation Using LIVE REM Construction Technique with Log-Distance
Model

To estimate the location of the stable transmitter, the location estimation method

from the LIVE REM construction technique [2] is used. This technique makes use of
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the simplicity of the log distance model and formulates the problem to a matrix form.

If there is no disturbance in the measurements in [dB], then

10v1ogy (dy, 4,) = P — PLo — Prs,
(4.1)
where v is the path loss exponent, d,, ,, is the distance (m) of the iy, receiver to the
transmitter, P, is the transmission power, PLy is the path loss in 1 meter, and P,,, is

the RSS value of 4, receiver. Hence,

Piy—PLo—Pra,

V0w —2? + (e~ 107 ™
(4.2)
Therefore,
(20— 2:)* + (ye —yi)* = 10
(4.3)
where x,7; is the transmitter location and x;,y; is the location of the iy, receiver.
Consequently,
(a7 — 2w a) (4 — s+ ) 10 T
(4.4)
which results in
x? 4y~ 2w + 29,y + 10%”0_% — R?
(4.5)
where R? = z? + y2. Then, we can express this equation in the matrix form A© ~ b

where
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Let © be the estimated value for ©. T hen, the solution is computed as

O = (ATA)1ATh
(4.6)
The method requires at least 4 different receiver measurements. For that reason,
different count of receivers are considered. X receivers with the highest RSS value are

taken into account for X = [4,5,7,10,14,20].

Figure 4.16 shows each receiver and each estimation using different count of
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receivers for each transmitter, and errors of these estimations. Some of the estimations

are overlapping.

The effect of taking X receivers with highest RSS value to the estimation error
is shown in Figure 4.17. Its average graphic shows that taking four receivers with the
highest RSS value into calculation returns the best estimation. For this case with log-
distance model, transmitter location is estimated using only four highest RSS value.

Figure 4.18 shows the results of this estimation.

By looking at the results the Figure 4.18, one can claim that the LIvEE REM
construction method returns much better results when the transmitter is equally sur-
rounded by receivers. It can even estimate the exact location of the transmitter for
cases E and D, where the transmitter is actually between four receivers. For cases
A and C, it also estimates a pretty close location where the transmitter is partially
surrounded by receivers. For the case B, where the transmitter is out of the receiver

area, the estimation tends to bias into the place where the receivers are more dense.
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Figure 4.18. Location estimation errors for LIvE REM construction method with 4

receivers with highest RSS.

These results show that the LIvE REM construction method’s estimation is al-
most as accurate as the exhaustive search methods with least squares estimation when
four receivers with highest RSS are taken into account. However, it doesn’t utilize the
information from the receivers which are relatively far, as much as the least squares
methods do. Figure 4.19 shows the comparison of the mentioned three estimation’s av-
erage estimation errors for transmitters with five different locations. As the considered

receiver count increases, the estimation of LIvE REM gets worse.

The applicability of the LIVE REM method’s estimation comes from its low com-
plexity [2]. Since the exhaustive search methods mentioned in Section 4.2.1 and 4.2.2
have complexity growing exponentially with the map resolution and the sensor count,
they are much slower. However, they are applied and explained to exploit the maximum

possible information usage from the RSS values.
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5. CONCLUSIONS

5.1. Practical Experiences

Since this is a practical implementation and a measurement based work rather
than a theoretical one, we encountered a lot of technical challenges, physical problems
and operational difficulties. While dealing with them, we earned serious practical
experience, which might be useful for people who plan to conduct similar experiments.

These experiences are explained in this section.

To begin with, using a lower-level signal processing software provides a significant
performance boost. At the beginning of this project, we used GNURadio open source
signal processing software toolkit to read raw samples from RTL-SDR and process
them to make power calculations. However, it turned out that the software was using
much higher percentage of the CPU than it should do. The reason of this situation
was the modular structure of the GNURadio, in which each block has its own thread

and looping program, to perform a signal stream from source to sink.

Instead of using toolkits like GNURadio or Labview, we developed our own C++
program, which uses RTL-SDR’s own driver library to get the raw samples from the
device, and uses Linux built-in FFT library to get the power spectrum directly from
the raw samples. Since the only function of the program is calculating the received
signal power, such software components were enough rather than using a whole Digital
Signal Processing toolkit. Writing such a program made the process much faster and

easier to manage.

All of the RTL-SDR dongles have a center frequency error, which can be measured
and corrected at runtime or manually by applying a calibration factor. It is caused by
the imperfection of the local oscillator, and the amount of the error is affected mainly
by the ambient temperature. Since a single receiver is used for all measurements in

this work, its frequency error is measured as approximately 35 KHz and the correction
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factor is applied. The changes in the error caused by the temperature changes were

insignificant for calculation of the RSS measurements.

Experiments showed that battery condition of the transmitter can change the
power of the transmission. Thus, the RSS values are also affected by the battery
condition. Keeping the transmission power stable is important for quality of the results.
For this reason, the transmitter is powered with an external power adapter shown in
Figure 3.1, which is connected to one of the university building’s power plugs via a

power extension cable.

The antenna shape and size is crucial for the RSS value of a measurement.
While using the typical RTL-SDR receiver, results of the measurements with differ-
ent antenna-cable placements showed that the shape and the position of the antenna
cable makes a significant difference on the RSS value. This proved that the antenna
cable also receives significant amount of signal. Figure 5.1 shows the antenna and an
arbitrary placement of its cable. To minimize the effect of the antenna cable’s place-
ment, the antenna configuration explained in Section 3.2.2.2 is applied, which is shown

in detail in Figure 3.4.

Transmitter and receiver antenna heights completely change the path loss char-
acter of a LoS channel, because the wave reflecting from the ground has a significant
effect on the RSS value. Before starting an experiment, it is important to consider
possible sources of interruption (obstacles) and the reflection. The most significant

reflection source is the ground for a LoS open field transmission.

Our path loss measurements shown in this work (Section 4.1) has a better fit,
and more stable distribution compared to the field measurements done for location
estimation (Section 4.2). The reason for this is there might be other wooden receiver
stands between the transmitter and the receiver. These stands do not interrupt the line
of sight wave from transmitter to receiver because they both have their own elevation,
but when they are on the path, they interrupt the ground-reflecting wave. Figure 5.2

shows a typical case for this situation.



Figure 5.1. An unstable and unpredictable antenna configuration for RTL-SDR

receiver.
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Figure 5.2. A typical case of our field measurements.
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Calculations also show that when the location of a transmitter is being estimated,

while using same count of receivers, using the ones with higher RSS (meaning the closer

ones) returns much better result compared to using the ones with lower RSS. This result

implies that deploying the receivers with shorter intervals and considering the RSS data

of the closer receivers with a higher weight improves the estimation quality.

5.2. Summary

The work in this thesis can be summarized as follows:

Cognitive Radio, Dynamic Spectrum Access, Spectrum Sensing and Radio Envi-
ronment Map concepts are explained.

A testbed is created using SDR devices to perform spectrum sensing experiments.
With the data from those experiments, path loss character of an open field is
examined.

Feasibility of implementing transmitter location estimation in an open field with
SDR is examined. A method is proposed to estimate the transmitter location
using the received data. Another given method named LIvE REM Construction
[2] is also applied to the measured data and the estimation results of these two
methods are compared.

Practical issues and technical difficulties of setting up a testbed in an open field

for transmitter location estimation using SDR devices are discussed.

5.3. Future Work

As a future work in cooperative sensing, we plan to apply the transmitter loca-

tion estimation methods mentioned in this thesis to estimate the location of mobile

transmitters since the CR users are more likely to be mobile devices. To achieve this

goal, other decision techniques might also be introduced into the system like Kalman

filters.

The receivers in this work listen to the same band since the transmitter used in
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this system has a fixed transmission frequency. However, the receivers can be tuned
to listen to different bands since they are SDRs. Since a REM is a multi-domain
information system, we plan to improve this system so that it can listen to different

bands periodically.

To construct a REM in a large real-world area, it is essential to know the propa-
gation model of the environment. Thus, we also plan to take measurements for further
distances to determine appropriate path loss models and their parameters for non-LoS

channels.

The ultimate goal of designing the testbed and making transmitter location esti-
mation experiments in this work is to construct a REM. To keep the data in a systematic
way, we plan to create a REM database architecture and a cognitive engine as a central
decision unit. Automating the RSS feed, we plan to work on the spectrum decision

mechanism.
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