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Abstract

This thesis examines the potential of machine learning for GSM posi-
tioning based on received signal strength in urban environments. The
goal was to assess two algorithms, namely Support Vector Machine
and Multilayer Perceptron, and compare their performance to other
localization techniques. The models were evaluated on data collected
in the city of Brno, Czech Republic using the scanner application
Molotras. I show that modelling signal propagation using the studied
algorithms does not provide an advantage over traditional methods
due to excessive noise in the data caused by buildings blocking the
signal’s path. Finally, I propose an alternative approach to using neural
networks that works on the principle of fingerprinting.
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1 Introduction

Mobile phones are a part of everyday life for most people in the de-
veloped world. They provide a variety of convenient utilities, among
others, the location-based services used in mobile navigation and fit-
ness applications. The majority of people, however, does not realize
that their location can be tracked even with their phone’s location
services turned off.

One way of locating devices is to take advantage of its connection to
the cellular network. As signal strength readings include the identity
of the transmitting cell towers, the phone can be located based on its
distance to the towers’ positions.

In this thesis, I examined the potential of using machine learning
(ML) for improving the localization accuracy. I studied two ML mod-
els, namely Support Vector Machine and Multilayer Perceptron. The
implementation was done in the Python programming language and
used the scikit-learn and Keras libraries. Both models were evaluated
on data I have collected in the city centre of Brno using the Molotras
scanner application [1]. Finally, I compared my results with traditional
positioning techniques.

The structure of this thesis is as follows: In Chapter 2, I introduce
the fundamentals of radio signal propagation, the structure of a cellu-
lar network and several localization approaches. Chapter 3 presents
the ML algorithms mentioned above, and Chapter 4 describes the
process of collecting, analyzing and processing the data. I elaborate
on the specifics of training the models, evaluating their performance
and comparing their results in Chapter 5. Finally, Chapter 6 provides
a conclusion and suggests possible future work.






2 Radio technology

The primary function of a cellular network is to provide the means for
communication. We can, however, use the properties of the transmitted
signal itself to find the location of a device in the network.

In the first part of this chapter I introduce the basics of signal
propagation. The second part provides information about the structure
and workings of the second-generation cellular network. Finally, the
third part presents several techniques used for localization.

2.1 Wireless Communication

In modern society, people and devices need to communicate with
each other. Common household appliances such as television, radio,
Wi-Fi or mobile phones all connect wirelessly. Wireless technology
enables us to transmit information over long distances by using elec-
tromagnetic (EM) waves without the use of physical point-to-point
links.

Frequency, amplitude and phase are the three fundamental charac-
teristics of an EM wave. Information can be encoded into the wave by
changing one of the three properties in a process called modulation.
Frequency modulation (FM), in particular, is widely known for its
use in FM radio broadcasting [2].

The EM spectrum encompasses all EM radiation frequencies rang-
ing from the low-frequency radio waves to the high-frequency gamma
rays. However, not all frequencies are suitable for communication
purposes.

Signals at the very low end of the spectrum, with wavelengths
of thousands of kilometres, can travel halfway around the Earth be-
fore they require any form of amplification, but provide very low
bandwidth. On the other end of the spectrum, signals can carry an
exceptional amount of information but are prone to absorption by rain
and reflection off obstacles. For the above reasons, communication
technology primarily uses the middle of the EM spectrum—the radio,
microwave, infrared, and visible frequencies [3].

Considering the great impact that obstacles have on wave propa-
gation, it is worth elaborating on their effects some more.
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When a wave collides with an object, part of its energy is transmit-
ted through, while the rest is reflected back. For instance, reflections
may occur when the receiver lies inside a building and the wave must
pass through the walls.

Diffraction is another phenomenon affecting the wave, causing it to
bend as it travels around an obstacle. This change in direction allows
waves to propagate to places behind objects.

Before reaching the receiver, radio waves may reflect and diffract
many times. Multiple versions of the signal then arrive at different
times and may interfere with each other, making it difficult to decode
the resulting signal. Interference also occurs due to other transmis-
sions on the same frequency or the presence of noise. Analyzing these
effects is essential in order to understand how waves behave. However,
simulating the propagation of radio signals in a real environment
would be infeasible because it would require precise knowledge about
all objects on the scene [4].

Mathematical models simplify the problem of wave tracing by
estimating how much power the signal loses over the path from trans-
mitter to receiver. One of the simplest propagation models is Free
Space Path Loss which assumes a direct path of the signal with no at-
mospheric attenuation or interference. The path loss is given by the

equation
2
FSPL = (?) , (2.1)

where d is the distance from the transmitter to the receiver and A is
the wavelength of the radio signal [5][6][7].

With the knowledge of radio wave properties and their behaviour,
we can now better understand how cellular networks use wireless
transmission to provide communication services.

2.2 GSM Network

The cellular network forms the foundation of modern communication
technology. It enables the transmission of voice, text messages and
Internet data all over the world.

The Global System for Mobile Communications (GSM) Network
is a second-generation (2G) cellular network. It was first deployed

4



2. RADIO TECHNOLOGY

in 1991 and is still in use today. It comes with many improvements
over the first-generation analogue network—notably, higher capacity
and digital encryption, allowing for more people to communicate
privately.

An essential part of any cellular network is the Base Transceiver
Station (BTS). A BTS used in the GSM network consists of the radio
transmitter-receiver and its associated antenna. These antennas can be
seen on top of masts or tall buildings, where surrounding structures
do not block their signal.

Still, high-rise buildings in cities prove themselves to be enough
of an obstacle to necessitate higher density of BTS towers to provide
coverage of all areas and to handle the increased traffic. Rural regions,
on the other hand, are usually covered by fewer but more powerful
transmitters placed at high terrain to maximize their range.

It is, however, not possible to prevent overlap of the signals in
adjacent cells which may lead to reduced call quality. The unwanted
interference can be eliminated by using different frequencies in neigh-
bouring cells and reusing them in cells that are further apart.

Another difficulty that comes with dividing the area into sections
is providing a continuous connection when the mobile moves across
the boundaries. At all times, the mobile scans available radio channels
looking for the most reliable one. When the current serving cell’s
signal drops below a critical level, the network arranges a handover,
and the mobile reconnects to a different cell [8][9][10].

During the handover, the mobile and the network need an unam-
biguous way to refer to the cells. Therefore, every BTS is uniquely
distinguishable by four identification numbers:

Mobile Country Code (MCC) specifies a country,

Mobile Network Code (MNC) determines the mobile operator,
Location Area Code (LAC) refers to a group of cells,

Cell ID (CID) identifies individual BTSs within that group.

With the knowledge of a cell’s identity, its position can be easily learned
by searching a database. If we could use the properties of the received
signal to determine the distance to several known cells, we could find
the location of the mobile receiver.
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2.3 Localization

The simplest localization method in a cellular network is Cell Iden-
tification or Cell ID. In Cell ID, the mobile’s and the serving cell’s
locations are considered to be the same. The accuracy of this method
generally ranges in hundreds or thousands of metres and largely de-
pends on the dimensions of the area covered by the cell.

Better accuracies can be achieved by using more elaborate ap-
proaches. Time of arrival, received signal strength and angle of arrival
are just three of the radio signal properties that enable us to determine
the location of the receiver.

2.3.1 Time of Arrival

Time of Arrival (TOA) methods make use of the time it takes a signal
to reach the receiver. Distance to the transmitter can be calculated nu-
merically based on the signal’s propagation speed and the time delay.
With known distances to multiple transmitters, the location of the
mobile receiver can be estimated using the method of multilateration.

Multilateration forms imaginary circles around the transmitters’
positions with the calculated distances as radii. These circles, in theory,
intersect at the precise position of the receiver. In practice, however,
the intersecting circles delimit an area, and optimization techniques
have to be used to minimize the positioning error.

Arguably the most well-known system based on TOA is the Global
Positioning System (GPS). Each satellite in the GPS network broad-
casts a report about its position and the time of transmission. With
the data from at least four satellites, the mobile receiver can deduce
its location in three dimensions, as illustrated in Figure 2.1 [11].

While GPS positioning can provide localization accuracies of tens
of centimetres, it comes with several disadvantages. As line of sight
to the satellite is a necessity, the use indoors, between high-rise build-
ings and in mountainous terrain is limited. It is also the most power-
consuming method making it infeasible in smaller devices. Moreover,
additional hardware in the form a GPS chip is required[12].

6
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Figure 2.1: Location of the receiver can be found at the intersection of
imaginary spheres formed around each satellite [11].

2.3.2 Received signal strength

As radio signal travels through space, it loses energy. With the knowl-
edge of the power radiated by the transmitter P; and the signal strength
P, received by the mobile device, the path loss PL can be calculated
using the equation

PL =D, — P, (2.2)

A propagation model, such as FSPL mentioned in section 2.1, can
be applied to estimate the distance that the signal has travelled. The
mobile device then computes its position based on the distance esti-
mates and cell tower locations using multilateration.

Contrary to the TOA methods, techniques based on Received Signal
Strength work with no additional equipment and come free with the
GSM infrastructure. However, localization accuracy is generally worse
due to variations in signal strength caused by interference, multipath
propagation and path blocking.

2.3.3 Angle of Arrival

Angle of Arrival (AOA) is the principal component in a radar system.
The radar rotates its receiving antenna and notes the changes in re-
ceived signal strength. The AOA is determined from the direction of
the antenna at the time it receives the strongest signal. The radar then
uses TOA to calculate the distance to a target and find its location in
three dimensions.
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When using AOA to locate mobile devices in a cellular network
without the aid of TOA, at least two angle measurements are necessary.
With two angles to known positions, the mobile station can compute its
location by using the method of triangulation, as shown in Figure 2.2.

One advantage of AOA methods is the reduced effect of interfer-
ence achieved by rejecting signals coming from directions other than
those of the transmitter. Still, noise and path blocking limit the lo-
calization accuracy in the same way as with the methods based on
received signal strength [13].

x.y)

\ o, ay

0,0) (D,0) X
BS1 BS2

Figure 2.2: Two angles to known locations are sufficient to locate a
mobile device using triangulation [13].

Conclusion

Radio waves enable us to communicate wirelessly. We can encode
information by modulating their properties such as frequency, ampli-
tude or phase. As radio waves travel through space, they are affected
by obstacles in their way. We use mathematical models to estimate the
loss of signal power on the wave’s path from transmitter to receiver.

The GSM network is a cellular network composed of a grid of BTS
towers, each uniquely identifiable. Physical properties of the radio
signal can be used to locate devices in the network.

In this thesis, I focus on positioning methods based on received
signal strength because they require no additional hardware and can

8
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be readily implemented on the existing infrastructure. I explore the
teasibility of improving the traditional techniques by using machine
learning algorithms, which are described in the next chapter.






3 Machine learning

Machine learning (ML) systems are part of everyday life. They are
used to recommend videos on Youtube or products on Amazon.
Google uses ML to provide personalized results in its search engine
and to filter spam messages in Gmail’s inboxes. Speech recogni-
tion and synthesis enables virtual assistants, such as Apple’s Siri
or Amazon’s Alexa, to interact with people using natural language.
Machine learning systems can also drive cars, unlock phones with
facial recognition, detect credit card frauds, and much more.

In the first part of this chapter, I introduce the concept of machine
learning and describe one class of ML algorithms. Parts two and three
then provide detailed information about the two algorithms used
in this thesis, namely the Support Vector Machine and Multilayer
Perceptron.

3.1 Machine learning

Machine learning enables computers to perform tasks commonly done
by humans. It provides machines with the ability to learn and improve
from experience without being explicitly programmed to solve a prob-
lem. As a field of study, ML is a part of a broader discipline of Artificial
Intelligence [14].

ML methods can be divided into several categories based on the
type of data they process and the type of problem they intend to solve.
In this thesis, I concentrate on algorithms that fall into the supervised
learning category.

Supervised learning is typically used for classification or regression
problems. During classification, we want to decide to which class an
object belongs. For instance, deciding whether or not an email is spam
is a classification problem. With regression, we want to predict a value
in a continuous range, such as the stock price in a stock market.

In both classification and regression, the goal is to find the con-
nection between the inputs and the outputs. A learning algorithm
processes the training data and creates a statistical model capturing
this relationship. The quality of the model heavily depends on the

11
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quality of the dataset and noisy data with incorrect or missing values
will dramatically reduce the model’s accuracy.

Another aspect concerning performance is overfitting. Overfitting
refers to creating a model that fits the training data well and can predict
outputs accurately, but is not able to generalize to data it has not seen
before [15].

Some of the widely adopted supervised learning algorithms in-
clude the Support Vector Machine and Multilayer Perceptron, which I
used in this thesis to locate devices in the GSM network, and which
are described in the next two sections.

3.2 Support Vector Machine

Support Vector Machine (SVM) is a supervised learning algorithm
typically used for classification. It looks at the input data as points
in space and tries to divide the space so that instances of different
categories are separated. New data points are then classified based on
their position relative to the decision boundary, or the hyperplane.

A hyperplane is a subspace of a dimension one less than that of its
ambient space. For example, in two dimensions, the hyperplane is a
line.

5
>

X4

Figure 3.1: Multiple hyperplanes can consistently divide an input
space (left). The optimal hyperplane maximizes the margins between
it and the samples on either side (right). Images from [16].

12
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Figure 3.1 demonstrates that multiple hyperplanes can consistently
divide an input space. The further a data point is from the decision
boundary, the more confident we can be about predicting its class.
Therefore, we want to find the hyperplane with maximum margins
between it and the samples on both sides. The data points closest to
the hyperplane are then called the support vectors.

Nevertheless, a hyperplane cannot always divide the input data
directly, as illustrated by Figure 3.2. The SVM overcomes this problem
by using soft margins and kernels. Soft margins tolerate the misclassifica-
tion of some data points and the SVM tries to balance the trade-off be-
tween maximizing the margins and minimizing the mistakes. A kernel
is a function that transforms the input space into a higher dimension
and enables the SVM to model non-linear relationships [17][18].

3.2.1 Support Vector Regression

The SVM can also be extended to handle regression problems. Instead
of separating the dataset, Support Vector Regression (SVR) tries to find
a hyperplane that fits the data and includes all data points within its
margins. The width of the margins then indicates how much deviation
the models allows [19][20].

Data in R™3 (separable)

Data projected to R~2 (nonseparable) 14 7

*g. o

. . ﬂ. N o L oe
STREE: 17 R NS
; RSN B AARRS
:

12qe1Z

0.8 T o oe°

¥ Label

Figure 3.2: The classes cannot always be separated directly (left). Ker-
nels project the data into a higher dimension where it may become
possible to find a dividing hyperplane (right). Images from [21].
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3.3 Artificial Neural Networks

The idea of an Artificial Neural Network (ANN) was first introduced
in the 1950s and was inspired by the workings of a human brain.
As in the brain, the output of an ANN depends on the connections
between individual processing units, or neurons. However, contrary
to our brains that work massively in parallel, computers perform
their operations sequentially and cannot simulate large networks in
real-time. Still, ANNs are a powerful class of algorithms capable of
solving many challenging problems, some of which I mentioned at
the beginning of this chapter.

3.3.1 Perceptron

The perceptron is a mathematical model representing a single neuron.
It accepts real number values x; as inputs and calculates their weighted
sum ¢ (also called the inner potential) using corresponding weights w;.

N
=) wix; (3.1)
i=0

The output value of the perceptron y is then obtained by applying
the activation function f to the inner potential.

y=f(¢) (3.2)

Activation functions play a critical role in the learning process as
different functions are suitable for different tasks. They can have a
significant influence on prediction accuracy as well as the computation
time. Figure 3.3 shows some of the most commonly used activation
functions that include the linear, sigmoid, tanh or ReLU functions.

The linear function of the form f(x) = cx is one of the simplest
activation functions and is fast to compute. The downside is that it
cannot express non-linear relationships because the combination of
linear functions is again a linear function. It is usually used in the last
layer of the network to predict unbounded values.

The sigmoid function f(x) = H% maps the outputs to a range
between 0 and 1, which is especially useful for predicting probabilities.
However, for very high or low values of x, there is almost no change

14
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Figure 3.3: Different activation functions are suitable for different tasks.
They also greatly influence prediction accuracy and computation time.

to the predictions which may lead to the vanishing gradient problem
that causes longer training times of the network.

The hyperbolic tangent or tanh f(x) = m;—zx — 1 is similar to
the sigmoid function. It ranges from -1 to 1, meaning the negative
inputs are mapped to negative values, and the zero inputs are mapped
near zero. Along with the sigmoid, tanh is expensive to compute, and
suffers from the vanishing gradient problem as well.

The Rectified Linear Unit or ReLU f(x) = max(0, x) is another
non-linear activation function. At the negative end of its range, it is
also affected by vanishing gradient. Still, it is ideal for use in larger
networks due to its computational efficiency making it possibly the
most used activation function today [22][23][24].

15
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3.3.2 Multilayer Perceptron

Individual perceptrons can be organized into a structure of intercon-
nected layers to form one of the simplest neural network models—the
Multilayer Perceptron. The combination of non-linear activations and
the network arrangement makes the MLP capable of approximating
an arbitrary function.

The layers of an MLP are of three types. The first layer accepts the
input data and forwards them into the network, hence the input layer.
It is followed by one or more hidden layers that make up the core of
the network. Perceptrons in the hidden layers use various activation
functions to capture the essence of the data and generalize the relations
between the inputs. In practice, there is no general best number of
hidden layers, and it has to be tailored to the task at hand. Finally, the
output layer is the result of the MLP and is interpreted according to
the specific problem being solved.

As shown in Figure 3.4, every neuron in one layer connects to
all neurons in the previous layer. The backpropagation algorithm then
adjusts the weights associated with these connections, and that is how
the network learns.

Hidden

Input Q
/ \ Output

EON
ol 4

®
K~ )

/////@7
S~/

Figure 3.4: Neurons in one layer of the MLP connect to all neurons in
the subsequent layer [25].
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16



3. MACHINE LEARNING

77

by
", < /]
W s ettt
i
W

0
0’0'0"#;
St
Y ‘.."" '; RRELIPAKIAT
NI Resssssstan
SN s s
\““‘\‘0'0‘3‘3\\\\\‘“&!""{4{"'4‘%”%3{{:"3‘ =

Figure 3.5: During the gradient descent, weights are adjusted in the
direction that reduces error [26].

Throughout the training, backpropagation uses a loss function that
calculates the network’s error by comparing its outputs with the cor-
rect solutions in the training dataset. The algorithm then looks for
the combination of weights which minimizes the loss by using the
gradient descent procedure. First, it calculates the partial derivatives of
the loss with respect to weights and looks at the slope of the tangent.
It then adjusts the weights in the direction that reduces the loss, as
illustrated in Figure 3.5. The algorithm repeats this process until the
error converges to a local minimum [27][28][29][30][31].

The weights alone, however, are not enough to explain how the
algorithm arrives at its solution, and a review of the neural network’s
results by human experts is still necessary to detect and correct possi-
ble hidden flaws.

Conclusion

Machine learning enables computers to learn and perform tasks previ-
ously only done by humans. Supervised learning is just one category
of ML algorithms that tries to find connections between inputs and
outputs, and is typically used for classification and regression tasks.

Support Vector Machines classify data by finding a hyperplane
that separates the classes in the sample space. Alternatively, an SVR
can approximate a function by fitting data within the hyperplane’s
margins.

17



3. MACHINE LEARNING

Multilayer Perceptron is a type of Artificial Neural Network. It
is composed of individual processing units called neurons that are
arranged into interconnected layers. The MLP learns by adjusting these
connections during training using the backpropagation algorithm.

In the next chapter, I continue with how I collected and prepared
the signal strength data that were used to teach these models to locate
mobile devices in the GSM network.

18



4 Dataset

Data play an essential role in the machine learning process. The learn-
ing algorithm requires them in order to create the prediction model,
and the quality of the dataset can significantly influence the model’s
performance.

The first part of this chapter introduces some of the utilised tools
and software libraries, the second part describes the process of collect-
ing the data and the third part focuses on preparation and analysis of
the dataset.

4.1 Used technologies

As a part of this thesis, I have created several Python scripts that exper-
iment with the ML models and assess their suitability for localization
based on received signal strength. To perform an analysis and process
the collected data, as well as to implement the ML algorithms, I have
used several third-party software tools that are described below.

NumPy

NumPy is a Python library that enables efficient handling of multidi-
mensional arrays and matrices and provides a variety of mathematical
functions that operate on these arrays. Due to its enhanced perfor-
mance compared to the standard Python library, it is well suited for
scientific computations and other applications that have to manage
extensive amounts of data [32].

pandas

pandas is an open-source tool for data analysis and manipulation writ-
ten in Python. It provides two primary data structures—Series and
DataFrames—that are designed for intuitive work with structured
tabular data. Among others, pandas can be used to load raw data
from CSV or Excel files, handling missing values, data aggregation
and database operations such as merging or joining datasets [33].

19



4. DATASET

scikit-learn

scikit-learn is an open-source library built on top of NumPy and pandas
that provides simple and efficient tools for predictive data analysis.
It implements a range of machine learning algorithms, for instance,
Decision Trees, Naive Bayes and Support Vector Machines [34].

Keras

Keras is a high-level API used for fast prototyping with neural networks.
It represents the network as a graph of independent modules that can
be easily combined to create more complex models. Keras is capable of
utilising multiple back-end computation engines such as TensorFlow,
CNTK or Theano. It can also take advantage of the GPU to improve
performance and decrease training times [35].

OpenCellID

OpenCellID is a community project that collects GPS positions and
other information about GSM cell towers all over the world. It is freely
accessible and can be used for locating devices or understanding
network coverage [36].

4.2 Data collection

The hardware I used for collecting the data consisted of a single Mo-
torola Moto G6 Play mobile phone with the Android operating system.
The phone was fitted with an O2 SIM card and equipped with a GPS
unit. The GPS positioning information was used as ground truth dur-
ing the experiment.

The signal strength data were obtained using a specialised scanner
application Molotras developed by Mgr. Jakub Martinka as part of his
master’s thesis [1]. Once every second, the application requests the
GPS position of the device and gathers signal measurements of up to
seven surrounding cells.

Molotras records the cells” identification numbers and various
properties of the radio signal. However, only the four identifiers—

20
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Figure 4.1: I have split the collected measurements into two datasets:
city centre (red) and residential (blue). Includes data from [1].

MCC, MNC, LAC and Cell ID—along with the received signal
strengths are required to estimate the location of the mobile device.

When the collecting of data is completed, Molotras saves all infor-
mation into a CSV file. Every measurement consists of a header line
with the GPS coordinates, followed by one line for each of the scanned
cells.

To collect the measurements, I have ridden a bicycle through the
streets of Brno, Czech republic with the scanner application running.

Cycling was chosen over walking to provide more extensive coverage
of the area.
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As signal propagation characteristics vary in different environ-
ments, the focus of this thesis was placed on the urban areas of the city
centre and the surrounding residential blocks. Areas from open envi-
ronments that have different propagation properties were removed to
improve the performance of the models. Figure 4.1 shows the final area
under study after filtering the data. In total, I have collected 3.2 MB of
raw data over a period of three days.

Additional data were obtained by including the measurement
taken for the Molotras thesis. One of the datasets also covers the city
centre of Brno and could be readily joined with the rest of the data.
The other dataset was taken in Trencianska Turnd, a village in Slovakia,
that served for testing how well the models generalise for other types
of environments.

4.3 Data processing

The output of the Molotras application was in the form of a single CSV
file with multiple lines per measurement. As the header lines had a
different structure from the rest, the raw data had to be parsed with a
simple script before loading them into a pandas DataFrame.

The parsing script generates an ID number for each measurement
and, along with the GPSlocation of the sample, attaches it to all records
associated with that measurement. All columns are subsequently of
the same type, and the tabular data can be worked with further.

The parsed data were then separated into three subsets according
to the location in which they were collected. The centre dataset cov-
ers the city centre and contains 16,240 measurements. The residential
dataset includes 6,936 measurements from the neighbourhoods north
of the city centre, and the village dataset comprises 2,387 samples from
the Slovakian village.

On average, each measurement contained between five and six
individual signal strength recordings. However, due to imperfections
of the measuring setup, about 10 percent of the records lacked the
cell tower identification and had to be excluded. Table 4.1 provides
a more detailed view of the datasets and the number of records per
measurement.
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Table 4.1: Number of received signal strength records per one mea-
surement.

Dataset Centre Residential Village
nlfee;:ifjn}::; ¢ Count | % Count | % Count | %
7 5204 | 32.80 1421 | 20.49 376 | 15.75
6 5790 | 36.49 2445 | 35.25 786 | 32.93
5 3259 | 20.54 1890 | 27.25 549 | 23.00
4 1170 | 7.37 782 | 11.28 468 | 19.60
3 349 | 220 279 | 4.02 205 | 8.59
2 42 | 0.27 84 | 1.21 0| 0.00
1 53 | 0.33 35| 0.50 3| 013
Sum 15867 | 100 6936 | 100 2387 | 100

The next step was to add the BTS towers” GPS coordinates. For-
tunately, the OpenCellID project also covers the Czech Republic and
Slovakia, and their database could be conveniently incorporated using
the pandas.merge function that performs a database-style join.

With known positions of the cell towers, distances between the
BTSs and the measurement locations could be determined using the
haversine formula. The haversine formula calculates the distance of
two points on a sphere and can be used to approximate the distance
between two locations on Earth.

Figure 4.2 then plots the calculated distance against received signal
strength across the three datasets. At first glance, there does not seem
to be a clear relationship between the two quantities. Still, the machine
learning models may find a more suitable representation of the data
and extract useful information.

Since the learning algorithms I used in this thesis work with fixed-
length inputs, the measurement lengths had to be equalised. It is,
however, not apparent how many records each measurement should
have. On the one hand, taking fewer records could lead to a loss
of information, and on the other, taking more would retain records
obtained over a longer distance that are more prone to noise.
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Figure 4.2: There does not seem to be a clear relationship between
received signal strength and distance.

By experimenting with different values, taking four records per
measurement showed a good compromise while retaining over 91 per-
cent of the data since shorter samples were excluded.

The alternative to removing the shorter samples was to generate
the missing values. This approach did not provide any significant
improvements and on the contrary, could potentially introduce a bias
towards the generated values.

For comparison, an additional dataset from the city centre that
considers only the one nearest record was prepared, conceivably mod-
elling the propagation of radio signal.

Finally, all datasets were split 60/20/20 into training, validation
and testing subsets. The training data served as a reference for teach-
ing the models, the validation set was used to evaluate the models’
performance during training, and the testing set was put aside for
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the final assessment. The next chapter follows with a more detailed
explanation of the training and evaluation.
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5 Evaluation

The main objective of the models was to transform received signal
strength into distance. The predicted distances were used in multilat-
eration to find the position of the receiver, and the mean localization
error was used to evaluate the model.

In the first part of this chapter, I discuss the specifics of training the
ML models and tuning hyperparameters of the learning algorithms. In
part two, I present the results and examine the models” performance
on the prepared datasets. Finally, in the third section, I compare the
methods implemented in this thesis with other localization techniques.

5.1 Training

A machine learning model is at its core a mathematical formula. The
model learns by adjusting the formula’s parameters in a way that
tits the learning data. There is, however, another set of parameters
affecting the learning process that cannot be derived from the data.

Hyperparameters define higher-level qualities of the model, such
as the number of hidden layers of a neural network, that are usually
set before the training begins. Choosing the right combination of
hyperparameters is done by trying different options and selecting the
one that produces the best performing model.

Besides manually searching for the best candidate solution, the
most straightforward method of optimizing hyperparameters is Grid
Search. Grid Search systematically tests all combinations of hyperpa-
rameters and returns the one that yields the best results.

Despite its simplicity, exploring all possible solutions using Grid
Search becomes increasingly time-consuming as the number of hyper-
parameters and their individual choice of values grows. Additionally,
the optimal solution may not even lie on the grid but rather in the
spaces between the tested values [37][38].

Random Search, in contrast, randomly samples the search space
and has been proven to find higher scoring configurations in a shorter
time than the Grid Search technique [39]. For the above reasons, I
have used Random Search in this thesis to tune the hyperparameters
of the SVR and MLP models.
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SVR

During the training of the SVR, the considered hyperparameters in-
cluded the kernel, the regularization parameter C, the tolerance margin
epsilon, and the kernel coefficient gamma.

The linear and RBF kernels provided the best results among the
tested candidates. I excluded the sigmoid and polynomial kernels from
the final search, due to poor results of the former and long training
times with no significant benefit of the latter.

The C and epsilon parameters were randomly drawn from a uni-
form distribution in the range 0-32; gamma came from the range 0—4.
In general, larger values of C and epsilon, in combination with smaller
values of gamma, produced the best results.

MLP

Tuning the hyperparameters of the MLP consisted of adjusting its
topology and trying various activation functions.

I experimented with networks of one to three hidden layers with
the number of neurons ranging between 4 and 192, decreasing in each
consecutive layer. The studied activation functions included the linear,
tanh, ReLU and sigmoid activations.

For training the MLP, I used the Huber loss function [40] and the
Adam [41] optimizer with default parameters. The effects of other
optimizers and learning rates were negligible.

I also examined the option of using Dropout layers and activity
regularization to prevent overfitting. Again, with no significant im-
provements.

Baseline model

I implemented a third, baseline model that estimates the receiver’s po-
sition equally distant from each BTS. In such a case, the multilateration
algorithm computes the weighted centroid of the area given by the
cells, assigning each cell the same weight. This model was expected to
provide only rough positioning estimates and served for comparison
to the ML models.
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5.2 Results

All three implemented models were first trained and evaluated in the
city centre and residential area. The box chart in Figure 5.1 shows a
visual representation of the outcome, and for a more detailed view of
the results, you can see the tables in Appendix A.

The median positioning error in the city centre was around 65 me-
ters for all models. However, the accuracy of the SVR dropped signifi-
cantly when trained on data from the residential parts of the city. The
results in the residential area were more balanced, and the median
error was approximately 114 meters for all models.

Another approach I studied was modelling the signal propagation
function directly. In this case, the models worked with only one signal
value at a time instead of using data from all available cells at once.
Figure 5.2 illustrates that this method was not as effective, and the
median error increased to about 140 meters in the city centre.

Il SVR T
400 pam mLP
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300 4
E
1
£
L8]
u 200+
=
1=}
S
.
[}
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0_
T T T T
Train: Centre Residential Centre Residential
Test: Centre Centre Residential Residential

Figure 5.1: The MLP showed identical localization accuracy to the
baseline model.
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Figure 5.2: All models showed worse performance when working with
only one signal value at a time instead of using data from all available
cells at once.
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Figure 5.3: The positioning error in the village increased by an order
of magnitude.
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Finally, to test how well the models generalize to different envi-
ronments, I evaluated them on the village dataset (see Figure 5.3).
As expected, the results differ by order of magnitude. The median
positioning error was around 700 meters, with the worst estimates
being off by two and a half kilometres.

Discussion

It should be pointed out, that the MLP performed with an identical
precision to the baseline model, and the SVR achieved similar results
at best. Such an outcome implies that the ML models were not able
to filter the noise caused by buildings blocking the signal’s path. The
models instead learned to mimic the centroid algorithm, as another
way of minimizing the localization error. Consequently, the better
positioning accuracy in the city centre can be attributed to the higher
density of BTS towers, as compared to the residential area or the
village.

Upon closer inspection of the MLP, the predictions certainly did
not resemble the expected distance values. Moreover, the topology of
the network had little significance, as vastly different configuration
were able to reach the baseline model’s performance.

In conclusion, the ML models I tested in this thesis were not able
to take advantage of the multidimensional input and extract useful
information that would make them outperform the baseline model.
Their performance closely imitated the centroid algorithm, and the
localization accuracy could be linked to the density of BTS towers in
the tested area.

5.3 Comparison

Tables 5.1 and 5.2 compare the results of the models I have imple-
mented to the localization techniques used in the Molotras thesis—
centroid, trilateration and fingerprinting. All methods were evaluated
on the same data from the city centre of Brno and the village Trencian-
ska Turna.

The centroid method computes the arithmetic mean of the cells’
coordinates and is comparable to my baseline model. Trilateration uti-
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Table 5.1: Fingerprinting in the city centre showed the lowest localiza-
tion error as compared to other positioning methods that otherwise
performed comparably. Data from [1].

Model Median (m) | Mean (m) | Min (m) | Max (m)
SVR 67.26 78.16 0.42 391.30
MLP 65.27 74.64 1.28 316.87

Baseline 65.28 74.63 1.28 316.62
Centroid 66.34 64.77 17.8 128.37
Trilateration 69.70 69.79 13.75 121.99
Fingerprinting 9.23 16.26 2.22 61.37

Table 5.2: ML models showed higher localization error than the tradi-
tional methods when tested on the village dataset. Data from [1].

Model Median (m) | Mean (m) | Min (m) | Max (m)
SVR 716.24 861.50 52.31 2475.42
MLP 696.23 848.56 40.86 | 2498.73

Baseline 696.30 848.60 40.93 | 2498.73
Centroid 605.93 691.69 208.17 | 2172.08
Trilateration 539.11 587.18 154.97 1889.19
Fingerprinting 49.72 90.43 4.89 306.63

lizes the Okumura-Hata signal propagation model to convert received
signal strengths into weights for the multilateration algorithm. Both
approaches showed similar results of 65-70 metres median error in
the city and slightly outperformed the ML models in the village.

By far, the best performance was achieved with the fingerprinting
method. Fingerprinting uses a database of signal strength measure-
ments taken in the area of interest. It compares the currently observed
signal readings with the database and locates the receiver based on
the most similar reference point. This technique, however, comes with
notable disadvantages as creating and maintaining the database is
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very time and resource consuming, and has to be done separately for
each location.

Other state-of-the-art studies using received signal strength for
GSM localization show similar results. For instance, the research [42]
achieved 65-metre positioning error in metropolitan areas and showed
that an advantage is gained by scanning cells of all available providers.
The same holds for [43] where Ibrahim et al. demonstrated that fin-
gerprinting methods reach accuracies around 50 metres even when
only using the associated cell tower information.
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6 Conclusion

In this thesis, I examined the potential of using machine learning
algorithms in GSM positioning.

I have collected a dataset of over twenty thousand signal strength
measurements in the city of Brno that was used for evaluating the
ML models. The analysis showed a lot of noise in the data caused by
buildings blocking the path of the signal—the same readings could
be obtained from a nearby cell hidden behind a building, as well as
from a more distant cell with a clear line of sight.

The studied models—SVR and MLP—were then expected to learn
the relation between received signal strength and distance while taking
advantage of signal readings from multiple surrounding cells. For
comparison with the ML models, I implemented a third, baseline
model that calculated the centroid of the area given by the cells, and
provided only rough positioning estimates.

Both SVR and MLP achieved similar positioning accuracy with
the median error of 65 metres in the city centre and 115 metres in the
residential area. This outcome, however, closely matched the accuracy
of the baseline model, which achieved identical results.

Further analysis of the models’ performance revealed that they
were not able to extract any additional information from the data.
Instead, they learned to imitate the centroid algorithm as another way
of minimizing the localization error. Consequently, by evaluating the
models in different environments, I demonstrated that their accuracy
could be linked to the cell tower density in the tested area.

In conclusion, I showed that the tested ML algorithms do not
provide an advantage over traditional localization techniques when
used to model signal propagation in urban areas.

Possible future research could try to reduce the effects of noise by
measuring signal strengths with a clear line of sight to the transmitting
radio tower. The fitted ML model could then be used for localization
in open environments where buildings do not block the path of the
signal. This technique could be directly compared with the Free Space
Path Loss model.

Another approach would be to let a neural network learn a map of
the area based on signal strength measurements and identities of the
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cells. This method would work on the same principle as fingerprinting
techniques and would require extensive coverage of the area for train-
ing the model. The neural network, however, could prove itself to be a
more robust solution that could handle changes in the environment
even after the training phase.
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A Evaluation

Table A.1: When trained on data from the city centre, both SVR and

MLP showed similar localization error to the baseline model.

Test set Model | Median(m) | Mean(m) | Min(m) | Max(m)
SVR 67.26 78.16 0.42 | 391.31

Centre MLP 65.27 74.64 1.28 | 316.87
Baseline 65.28 74.63 1.28 | 316.62

SVR 110.37 127.22 119 | 677.68

Residential | MLP 113.85 125.53 254 | 624.85
Baseline 113.75 125.51 256 | 625.21

SVR 716.24 861.50 52.31 | 2475.42

Village MLP 696.23 848.56 40.86 | 2498.73
Baseline 696.30 848.60 40.93 | 2498.73

Table A.2: Training on data from the residential areas significantly

impaired the SVR’s performance in the city centre.

Test set Model | Median(m) | Mean(m) | Min(m) | Max(m)
SVR 138.05 157.89 2.82 684.31

Residential | MLP 114.97 128.09 442 | 569.31
Baseline 114.79 128.09 4.29 569.33

SVR 226.85 225.45 2.51 526.22

Centre MLP 64.57 73.93 0.26 325.74
Baseline 64.55 73.95 0.15 325.71
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A. EVALUATION

Table A.3: The implemented models performed worse when working
with only one signal value at a time. Table shows positioning error

when evaluated in the city centre.

44

Model | Median (m) | Mean (m) | Min (m) | Max (m)
SVR 156.75 165.74 3.79 819.89
MLP 139.20 149.81 7.83 815.00

Baseline 139.69 149.67 9.45 816.79




B Archive structure

The electronic archive thesis.zip submitted with this thesis contains the
following files:

cells/230.csv and cells/231.csv- OpenCellID database files cov-
ering the Czech Republic and Slovakia respectivelly [36]

data/cell_data.csv and data/sk_cell_data.csv - signal strength
measurements (Brno + Trenc¢ianska Turnd) [1]

data/my_data.csv - signal strength measurements I have col-
lected (Brno)

main.py - main script that runs the experiment, run via . /main.py

evaluation.py, models.py, parse.py, preprocessing.py and tri-
lateration.py - Python scripts that execute individual parts of
the experiment

out.txt - example output of main.py

requirements.in and requirements.txt - Python requirements
generated by pip-compile
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