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Abstract:

This work focuses on the automatic classification of analog and digital modulation schemes in modern
wireless communication systems using both deep learning and machine learning techniques. A thorough
experimental study was conducted using the RadioModRec-1 dataset, which includes a variety of real-
world modulation types under different signal conditions. Three models were implemented and
compared: a Convolutional Neural Network (CNN), Random Forest, and eXtreme Gradient Boosting
(XGBoost). The results demonstrate that XGBoost achieved the highest classification accuracy of 98.45%,
followed closely by Random Forest with 97.32%, while the CNN reached an accuracy of 70.64%. These
outcomes confirm the strong performance of ensemble learning methods in structured signal
environments, while also highlighting the adaptability of DL models in handling raw input data. Overall,
this study emphasizes the potential of Artificial Intelligence driven approaches to improve the efficiency,
accuracy, and robustness of modulation recognition, contributing to the advancement of intelligent and

reliable wireless communication systems.



Résumeé:

Ce travail porte sur la classification automatique des schémas de modulation analogiques et numeriques
dans les systemes de communication sans fil modernes, en s’appuyant a la fois sur des techniques
d’apprentissage automatique (ML) et d’apprentissage profond (DL). Une ¢tude experimentale
approfondie a ete realisce a I’aide du jeu de données RadioModRec-1, qui comprend une grande variete
de types de modulations representatives de conditions réelles de transmission. Trois modeles ont été
implementeés et comparés : un réseau de neurones convolutifs (CNN), un Random Forest et un XGBoost.
Les résultats montrent que XGBoost a atteint la meilleure précision de classification avec 98,45 %, suivi
de pres par Random Forest avec 97,32 %, tandis que le CNN a obtenu une précision de 70,64 %. Ces
resultats confirment les performances solides des méthodes d’apprentissage par ensemble dans des
environnements de signaux structurés, tout en soulignant la capacite d’adaptation des modeles
d’apprentissage profond a traiter directement les données brutes. Dans I’ensemble, cette ¢tude met en
¢vidence le potentiel des approches basces sur I'intelligence artificielle pour ameliorer efficacite, la
preécision et la robustesse de la reconnaissance de modulation, contribuant ainsi au développement de

systemes de communication sans fil intelligents et fiables.
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General introduction

In today’s era of advanced wireless communications and rapidly expanding digital infrastructure, the
accurate transmission and interpretation of information are fundamental to global connectivity. At the
heart of this process lies modulation, the technique by which information is encoded onto carrier signals
for transmission. Modulation is essential to ensuring the efficiency and reliability of communication
systems across diverse transmission media [1].As communication technologies evolve to support
increasingly complex and high-capacity networks, there is a growing demand for intelligent and automated
methods to analyze and classify modulation schemes. While traditional signal processing techniques have
proven effective under controlled conditions, they often struggle in real-world scenarios where noise,
interference, and signal distortions are prevalent [2]. This challenge has spurred significant interest in
developing more robust and adaptive modulation classification approaches. Recent advancements in ML
and DL offer promising alternatives to conventional methods. These data-driven techniques excel at
identifying patterns, learning features directly from raw input, and making accurate predictions with
minimal manual intervention. In particular, CNNs have shown impressive results in modulation
recognition tasks, thanks to their ability to capture intricate spatial and temporal patterns in signal data.
Additionally, ensemble learning methods such as Random Forest and XGBoost provide robust,
interpretable solutions capable of handling structured features with high accuracy [3]. This thesis compares
the performance of CNN, Random Forest, and XGBoost for modulation recognition using the
RadioModRec-1 dataset, which simulates real-world wireless conditions with diverse modulation types,
Signal to noise ratio (SNR), and channel effects. The study includes key preprocessing steps like
constellation diagram analysis and In-phase and Quadrature (I/ Q) normalization to improve accuracy. The
research aims to identify the most effective model while evaluating the trade-offs between DL and classical
ML in terms of accuracy, robustness, computational complexity, and generalization, contributing to the

advancement of intelligent wireless communication systems. The structure of this thesis is as follows:

. Chapter 1 presents the theoretical background of communication system architectures and both

analog and digital modulation techniques.

. Chapter 2 discusses the application of ML and DL methods in signal classification, with a focus on

CNN, Random Forest, and XGBoost.

. Chapter 3 provides a comparative evaluation of the models using various performance metrics and

real-world signal data, concluding with key insights and suggestions for future research.
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Chapter I

Modulation and Communication System

I.1 Introduction

This first chapter introduces the fundamental concepts underlying modern communication systems and
the modulation techniques essential for efficient signal transmission. It begins with an overview of
communication system architectures, components, and classifications based on medium, signal type, and
communication scope. The chapter focuses on the concept of modulation, emphasizing its critical role in
adapting signals for effective transmission. Both analog and digital modulation methods are discussed in
detail, including their operating principles, mathematical formulations, and practical applications. Specific
schemes of analog modulation, as well as digital techniques are explored to provide a solid technical

foundation for the classification tasks addressed later in this thesis.

1.2 Overview of Communication Systems

Communication systems play a crucial role in connecting people and devices around the world. They
encompass the transmission and reception of information through various technologies and transmission
methods [4]. These systems are designed to ensure the accurate delivery of messages via different media,
including air, cables, and optical fibers. Depending on the specific application, communication may occur
in real time or with some delay, and can involve both simple and complex forms of data. From wireless
communication in smartphones to data transfer across computer networks and satellite connections,
communication systems are essential to modern life, facilitating seamless interaction in both personal and

professional settings.

I.2.1 Definition of Communication System

Message

Sender Medium Receiver

Figure I.1: Simple Communication Process.

A communication system is a model that describes the exchange of information between two or more
stations as it is showing in figure 1.1, typically involving a sender and a receiver [5]. It outlines the process
by which a signal travels from its source to its destination through a transmission channel. Before a signal

can be transmitted, it must undergo several processing steps beginning with signal representation,

e
3
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followed by shaping, encoding, and modulation. Once the signal is properly prepared, it is transmitted
through the communication channel. During transmission, the signal may encounter various impairments

such as noise, attenuation, and distortion, which can affect the quality and integrity of the received message

[6].
1.2.2 Types of Communication Systems

Communication systems can be classified according to several criteria, including the transmission medium
used, the direction of information flow, the underlying technology, the type of information being

transmitted [7], and the scope of communication. Below is a summary of the main categories:
1. Based on Transmission Medium

Communication systems can be classified into wired and wireless systems based on the medium used for

signal transmission.

® Wired communication relies on physical conductors such as copper wires or fiber optic cables.
Common examples include traditional telephone networks, cable television, and Ethernet
connections. Wired systems generally offer higher reliability and are less prone to interference.

However, they can be expensive and challenging to install over long distances.

e Wireless communication, on the other hand, transmits signals through electromagnetic waves
without the need for physical cables. Examples include mobile phone networks, Wi-Fi,
Bluetooth, satellite communication, and broadcast television. Wireless systems provide greater
flexibility and mobility but are typically more susceptible to interference, noise, and potential
security vulnerabilities [8].

2. Based on Direction of Communication

Communication systems may also be categorized according to the direction of information flow,

which gives rise to three primary types:

® Simplex systems allow unidirectional communication, where information flows only from the
sender to the receiver. The receiver cannot respond or send information back. Examples include
television and radio broadcasts. Half-duplex systems enable two-way communication, but only
one direction at a time. This means that while both parties can transmit and receive information,

they cannot do so simultaneously. A common example is a walkie-talkie.
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¢ Full-duplex systems support simultaneous two-way communication, allowing both the sender and
receiver to transmit and receive messages at the same time. Examples include telephone calls and
video conferencing [9].

3. Based on Type ofSignal

Another classification of communication systems is based on the type of signal they transmit [10]:

¢ Analog communication systems: transmit continuous signals that vary in amplitude or
frequency. Examples include AM/FM radio and analog television. While these systems are
relatively simple and inexpensive, they are more susceptible to noise, interference, and signal

degradation over long distances.

¢ Digital communication systems: transmit data in binary form (0s and 1s), enabling more
robust and efficient transmission. Digital systems offer improved signal quality, enhanced
security, and effective error correction. They are widely used in internet communication, modern
mobile networks, and digital broadcasting.

4. Based on Technology Used

Communication systems can also be classified based on the technology they utilize. The main types include

optical, radio, microwave, and satellite communication:

Optical communication uses light signals, typically transmitted through fiber optic cables. It
is known for its extremely high data transmission speed and minimal signal loss over long

distances, making it ideal for backbone internet and telecommunication networks.

¢ Radio communication relies on radio waves and is commonly used in mobile phones, radios,
and various wireless networks. It offers reliable transmission over medium to long distances,

depending on frequency and power.

® Microwave communication employs high-frequency radio waves and is often used in radar
systems, satellite links, and point-to-point communication over long distances. It requires line-

of-sight between the transmitter and receiver.

e Satellite communication uses orbiting satellites to relay signals across vast geographical areas.
It is particularly effective for global broadcasting, GPS, and communications in remote or
inaccessible regions [11].

5. Based on Communication Scope

Communication systems can also be categorized by their scope and intended usage. The main types

include:
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¢ Personal communication systems are designed for individual use and typically support short-
range interactions. Examples include smartphones, Bluetooth devices, and personal messaging

applications. These systems prioritize convenience, portability, and ease of use.

¢ Telecommunication systems are built to handle large-scale voice and data transmission over
wide geographical areas. They include infrastructure such as landline telephone networks and
cellular mobile networks, enabling long-distance communication across cities, countries, or

continents.

¢ Data communication systems focus on the transmission of digital information between
computing devices. These systems form the backbone of computer networks like Local Area
Networks (LANs), Wide Area Networks (WANs), and the internet. They are essential for

enabling data exchange in homes, enterprises, and industrial environments [12].

I.2.3 Components of Data Communication System

Rule 1 Rule 1
Rule 2 Rule 2
Message
Rule n Rule n
Set of rules (protocol) Set of rules (protocol)
Sender Transmission medium Receiver

Fi gure [.2: Basic Components of a Communication System.

A data communication system consists of several key components that work together to enable this

transfer [13]:

¢ Transmitter: The device or component that sends the information. It converts the data into

signals suitable for transmission.

e Transmission Medium: The physical or wireless path through which the signal travels from

the transmitter to the receiver. This could be copper wires, fiber optic cables, or radio waves.




Chapter I  Modulation and Communication System

¢ Receiver: The device that receives the transmitted signal and converts it back into a usable form

for the destination system or user.

These three-core elements transmitter, medium, and receiver are essential for establishing effective

communication between two points [13].

There are mainly five components of a data communication system as illustrate in the figure [.2:

® Message: This is the most useful asset of a data communication system. The message simply
refers to data or piece of information, which is to be communicated. A message could be in any

form, it may be in form of a text file, an audio file, a video file [13].

e Sender: To transfer message from source to destination, someone must be there who will play
role of a source. Sender plays part of a source in data communication system. It is simple a device
that sends data message. The device could be in form of a computer, mobile, telephone, laptop,

video camera, or a workstation [13].

® Receiver: It is the destination where finally message sent by source has arrived. A device
receives message. Same as sender, receiver can also be in form of a computer, telephone mobile,

workstation [13].

¢ Transmission Medium: In entire process of data communication, there must be something,
which could act as a bridge between sender, and receiver, Transmission medium plays that part.

Data or message travels from sender to receiver by physical path [13].

e Set of rules (Protocol): The protocol is a set of rules that govern data communication. If two
different devices are connected but there is no protocol among them, there would not be any kind

of communication between those two devices [13].

1.3 Modulation in Communication Systems

Modulation is the process of preparing a signal for transmission by altering a high-frequency carrier signal
according to the characteristics of the original information signal such as data, voice, or video. Since raw
information signals are often not suitable for direct transmission over communication media whether
wireless, wired, or optical modulation ensures that the signal can be transmitted efficiently and effectively.
It allows for the use of appropriately sized antennas, extends the transmission range, and improves signal
quality. Modulation techniques can be classified as either analog or digital, depending on the type of
information being transmitted. The reverse process, known as demodulation, extracts the original

information signal from the modulated carrier at the receiver's end [14].
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1.3.1 Analog modulation

Analog modulation refers to the process of encoding information onto a carrier signal through continuous
variations that mirror the characteristics of the original analog message. In this method, the information
signal modifies specific properties of the carrier wave such as amplitude, frequency, or phase in a smooth
and continuous manner [15]. This approach is particularly effective for transmitting naturally analog
signals, such as human voice and music, as it preserves the original waveform throughout the transmission
process. While analog modulation techniques are generally simpler and more cost-effective to implement,
they are also more vulnerable to noise, interference, and signal degradation, especially over long distances
or in challenging transmission environments. To gain a clearer understanding of analog modulation in
practice, it is helpful to explore its primary types, each defined by the specific characteristic of the carrier

signal that is varied.

1.3.1.1 Amplitude Modulation (AM)

AM is a fundamental analog modulation technique used to transmit information by varying the amplitude
of a high-frequency carrier signal [16]. In this method, the amplitude of the carrier wave changes in direct
proportion to the instantaneous amplitude of the modulating (message) signal, while the frequency and
phase of the carrier remain unchanged. This means the carrier signal is effectively multiplied by the

message signal to encode the information for transmission. As illustrated in Figure bellow:

] Message Signal
T T T T
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Figure I.3: The visual representation of AM modulation.

® The top plot shows the rnodulating signal a low—frequency waveform that represents the original

information, such as speech or music.

e
8
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® The middle plot displays the carrier signal a high-frequency sine wave used as the transmission

base.

® The bottom plot depicts the resulting AM modulated signal, where the carrier’s amplitude varies

in accordance with the shape of the modulating signal.

AM is widely used in radio broadcasting and other communication applications due to its simplicity.
However, it is relatively more susceptible to noise and signal degradation compared to other modulation
techniques. The carrier is a high-frequency sinusoidal signal that acts as a base or support for transmitting

information in AM. It is represented mathematically as [17]:

Ue(t) =A. cos(wct) (1)

Where w, = 27f,, : The pulsation of the carrier signal is the angular frequency of the carrier. It serves

to carry the information over long distances [17].

The modulating signal contains the actual information to be transmitted and is expressed as [17]:

Um(t)= Am cos(wm t) (2)
With w,,, = 27 f, is the pulsation of the modulating signal.

When modulation occurs, the carrier's amplitude is multiplied by the modulating signal, resulting in the

modulated signal [17]:
s(t) = Ac(l + KUm(t))cos w, (t) 3)
or equivalently:

s(t) = A, (1 + mcos(2nf,,)) cos(2nf,) 4

A
Where k is a proportionality factor, and m is the modulation index: m = k A_m (%).
14

The equation of the modulated wave can be written in the form:

s(t) = A, cos(2nf.) + Aczm [cos(2n(f. + f,)t) + cos2u(fe — f))] (5)
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This shows that the AM signal consists of three frequency components: a central carrier frequency fc an

upper sideband at f¢ + f;, and a lower sideband at f¢ — f;;, these sidebands carry the actual information,

while the carrier facilitates transmission [17].
I.3.1.2 Frequency Modulation (FM)

FM is a technique used to encode information onto a carrier wave by varying its frequency in response to
the instantaneous amplitude of the modulating signal that is, the original message or information being
transmitted [18]. In contrast to AM, where the amplitude of the carrier is altered, FM maintains a constant
amplitude and instead changes the frequency of the carrier wave. As shown in Figure 1.4, the frequency
of the carrier wave increases or decreases depending on the strength of the modulating signal at a given
moment, while the overall amplitude remains unchanged. This characteristic makes FM significantly more
resistant to noise, interference, and signal fading, resulting in higher-quality and more reliable signal

transmission especially in audio applications like FM radio broadcasting.
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Figure I.4: The visual representation of FM modulation.

This type of modulation is primarily used in radio broadcasting because of its notable advantages in signal
quality. One of the key benefits of FM is its high signal-to-noise ratio, which significantly reduces
interference from other radio frequencies and electrical noise. This makes FM especially well-suited for
transmitting high-fidelity audio, such as music, where clarity and sound quality are essential. As a result,

FM has become the preferred modulation technique for most modern radio stations [18].
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Let's define the modulating signal u(t) and the carrier signal v(t) as follows [17]:
u(t) = Apycos 2(mf t) (6)

v(t) = A. cos(2uf, t + @) (7)

If the carrier is frequency modulated, this means that f,varies linearly with the modulating signal u(t). The

phase of the carrier signal is given by [17]:
2nfit+ @ =6 (8)

To understand the relationship between the phase and frequency, we differentiate 8 with respect to time.

The derivative of the phase gives the instantaneous frequency (f;) [17]:

ds _ d@nf, +¢) 1 ds

dt dt =2nfi=>fi= o a0t )

This frequency f; is modulated by the signal u(t), causing it to shift by an amount Af. The instantaneous

frequency then becomes [17]:

1 dé

= fe + Ay cos2ufpt) = fo + AU(L) (10)

Next, integrating to find the phase & [17]:

6= janc t+ ZﬂfAm Af cos(2rfp t)dt (11)

5 = 2nf, ¢ + 21, f u(t)dt (12)
The expression of the frequency modulated signal s(t) is then:

s(t) = A, cos(6) = A, cos (27ch t + 2mhs f u(t)dt) (13)

s(t) = A, cos(8) = A, cos (27tfc t+2m f Ap A cosmfy, t) dt) (14)

Substituting for u (t), we get:

11
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Anlyr
s(t) = A;cos(6) = A, cos (21ch t+ F sin(2rf,, t) + <D) (15)

In this equation, Ap,. Ay represents the frequency deviation, which indicates how much the carrier

frequency deviates from the center frequency due to the modulating signal. The modulation index

A
m= =L is defined as the ratio of frequency deviation to the modulating signal's frequency
m

I.3.1.3 Phase Modulation (PM or CDM)
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Figure I.5: The visual representation of PM modulation.

PM is a technique used to prepare communication signals for transmission by modifying the phase of a
carrier wave in response to the instantaneous amplitude of the message signal [19].In PM, the phase of the
carrier changes according to the modulating signal, while its amplitude and frequency remain constant.
This method allows the encoded signal to carry information through subtle shifts in the carrier’s phase, as

depicted in Figure [.5.

This modulation is appreciated for its robust resistance to noise and signal degradation, making it highly
reliable in challenging communication environments. As a result, it is often used in radio communications,
as well as in critical applications such as drones and UAVs, where stable and precise data transmission is

essential [19]. Consider a modulating signal u(t) and a carrier signal v(t) defined respectively as [17]:
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u(t) = A,, cos(2nf,, t) (16)
v(t) = A, cos2nf, t + @) (17)

In PM, the phase @ of the carrier signal varies linearly with the modulating signal u(t) As a result, the total

instantaneous phase § of the modulated signal is given by [17]:
2nf. t+ @(t) = 6(t) (18)
Substituting § (£) with its linear dependence on the modulating signal, we get:
6(t) = 2nf, t+ A, A0 cos(2nf,, t) =w, + AB u(t) (19)

The f; of a phase-modulated signal is defined as the time derivative of the total phase § divided by 27t.

Given the expression [17]:

1.d8(t)

(= 5 = fo — 80 Ay frn sSinQ2Rfy ) (20)

This shows that although the carrier frequency fcremains fixed, the f; oscillates sinusoidally due to the

varying phase.

The frequency excursion, which represents the maximum deviation of the f; from the carrier

frequency, is therefore: Afs—AB. Ay, . f [17].
The full expression for the phase-modulated signal is given by:
s(t) = A, cos(6) = A, cos(2nf. t + A,, AB cos(21tf;, 1)) (21)

By defining the modulation index: m = A;, A6 the expression of the phase-modulated signal can be

written in a more compact form as:
s(t) = A, cos(2rf, t + mcos(2mfy, t)) (22)
1.3.2 Digital modulation

As previously discussed, analog modulation techniques modify a carrier wave to transmit analog

information. In contrast, digital modulation involves encoding a digital information signal by altering one

e
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or more characteristics of a carrier wave typically its amplitude, frequency, phase, or a combination of
phase and frequency. This process significantly impacts both the bandwidth of the transmitted signal and
its resilience to channel impairments such as noise, fading, and interference. A key feature of digital
modulation is the grouping of multiple bits into a single symbol, which increases spectral efficiency
allowing more data to be transmitted within a given bandwidth. The symbol rate, or baud rate, determines
the overall bandwidth requirements for communication. In the following sections, we will explore the
most used digital modulation techniques, including their principles, advantages, and typical applications

[20].

1.3.2.1 Amplitude Shift Keying (ASK)

ASK is a digital modulation technique in which the amplitude of a carrier wave is varied in accordance
with the digital data being transmitted, while the frequency and phase of the carrier remain constant. In
simple terms, ASK changes the strength (amplitude) of the carrier signal to represent binary values

typically '1' and '0" [21].
ASK can be categorized into two main types:

¢ Binary ASK (BASK) or On-Off Keying (OOK): This is the simplest form of ASK. A binary
'1"is represented by transmitting the carrier signal with a certain amplitude (e.g., 12V), while a
binary '0" is represented by the absence of the carrier signal (0V) [22].

¢ M-ary ASK (Pulse Amplitude Modulation): In this version, multiple bits (logaM) are
transmitted per symbol, with each unique combination of bits assigned a distinct amplitude level.

This approach increases data rates by allowing more information to be carried in each transmitted

symbol [22].
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Figure 1.6: The visual representation of 8-ASK modulation.
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The Figure 1.6 demonstrates an example of 8-ASK modulation. The binary stream is grouped into 3-bit
symbols (since2® = 8), with each group mapped to one of ecight amplitude levels (from 0 to 7). These
levels modulate a sinusoidal carrier, resulting in a signal whose amplitude reflects the encoded data. This
type of modulation is commonly used in low data rate applications, such as transmitting digital data over

optical fibers and in traditional telephone line modems.

Now, let’s take a closer look at the implementation of ASK modulation at the hardware level, using the

ASK modulator block diagram (Figure 1.7). The diagram typically consists of three key components [23]:

Om fd

A\ 4

Sinusoidal
carrier J) ASK Output
(band limited)
Unipolar
binary sequence
(message)

Figure 1.7: ASK modulator.

® Carrier Signal Generator: This component generates the high-frequency carrier signal, which

serves as the base for modulation.

¢ Binary Sequence (Message Signal): The binary data, representing the information to be
transmitted, modulates the carrier signal. This binary sequence determines the amplitude

variations of the carrier.

e Band-Limited Filter: This filter ensures that the modulated signa] has the appropriate

bandwidth, removing any unwanted high-frequency components that may cause distortion.

I.3.2.1.1 Constellation diagram of ASK modulation

The Figure 1.8 shows a constellation diagram representing 8-ASK modulation. In this diagram, eight
distinct signal points are aligned along the I axis, with no variation along the Q axis. This indicates that the
modulation scheme is one-dimensional, with only the amplitude of the in-phase component being
modulated. Each point on the diagram represents a unique symbol, which corresponds to 3 bits of

information (since 2* = 8 symbols).

Because the symbols differ only in amplitude, 8-ASK is more susceptible to noise and amplitude distortion
compared to multidimensional schemes. However, it offers higher spectral efficiency than lower-order
ASK systems by transmitting more bits per symbol.

e
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] 8-ASK Constellation Diagram
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Figure 1.8: Constellation diagram of 8-ASK modulation.

1.3.2.2 Frequency shift keying (FSK):

FSK is another fundamental digital modulation technique, where the amplitude of the carrier remains
constant, but its frequency is varied according to the digital data being transmitted [24]. There are two

main types of FSK:

¢ Binary Frequency Shift Keying (BFSK): In BFSK, two distinct frequencies are used to
represent binary data. For example, a frequency of 50 MHz may be assigned to logic 1, and a
different frequency, such as 25 MHz, to logic 0. The frequency of the carrier wave alternates
between these two values, encoding the digital information [25].

® M-ary Frequency Shift Keying (M-ary FSK): In M-ary FSK, groups of logaM bits are
assigned unique frequencies, enabling more data to be transmitted per symbol. However, as M
increases, spectral efficiency decreases, bandwidth requirements grow exponentially, and system
complexity rises. This can increase the likelihood of transmission errors and require more

sophisticated equipment [25].

The Figure below illustrates the FSK modulation process through three sequential subplots, each

highlighting a key stage in the modulation:

®  The first plot shows the binary input signal, consisting of a sequence of Os and 1s over time.

® The second plot represents the carrier signal, a continuous high-frequency wave that serves as the

basis for the modulation.
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® The third plot displays the BESK modulated signal, where the frequency of the carrier shifts based
on the binary input. A higher frequency is used for bit '1', and a lower frequency for bit '0". This
frequency shift encodes the digital data into an analog waveform, making it suitable for

transmission over analog communication channels.
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Figure 1.9: The visual representation of BFSK modulation.

FSK modulation techniques are widely utilized for their robustness and reliability in various applications,
including:
® Telemetry Systems: FSK is commonly used for transmitting sensor data over long distances,
where maintaining signal integrity is crucial.
® Two-Way Radios: Devices like walkie-talkies rely on FSK for efficient and clear signal

transmission, even in noisy environments, ensuring reliable communication.

These applications benefit from FSK’s ability to maintain a stable connection and minimize errors, even

in challenging communication conditions.

To better understand how FSK modulation is practically realized, let's explore one of the simplest
hardware implementations of a BFSK Modulator (Figure 1.10), the oscillator circuit is designed to produce
two distinct frequencies, typically one for binary 0 and another for binary 1. These frequencies are then

selected by a switch or multiplexer according to the input binary message.

e Mark Frequency: The higher frequency generated by the first local oscillator.

e
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e Space Frequency: The lower frequency generated by the second local oscillator.

° Binary Modulating Signal: This signal determines which frequency is output by the

multiplexer.

A 4

oo

Sinusoidal 1 FSK Output

Carrier (band limited)

Unipolar
binary sequence
(message)

Figure 1.10: FSK modulator.

The two oscillators generate the mark and space frequencies, while the binary signal acts as the select
signal for the multiplexer. When a binary 1 is received, the multiplexer outputs the mark frequency.

Conversely, when a binary 0 is received, it outputs the space frequency [23].

I.3.2.2.1 Constellation diagram of FSK modulation
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Figure I.11: Constellation diagram of 8-FSK modulation.
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This constellation diagram in Figure I.11 represents 8-FSK (8-level FSK) modulation. In FSK, different
frequencies are used to represent different symbols. Here’s how this diagram fits with 8-FSK. Each point
f1 to f8 corresponds to a different frequency tone, mapped onto the IQ plane after passing through a
quadrature receiver or a bandpass-to-baseband conversion. Unlike amplitude- or phase-based schemes,
FSK symbols are not confined to a circular or grid structure instead, they appear scattered around the

origin, typically lying on a circle or ellipse depending on tone spacing and modulation index.

1.3.2.3 Phase Shift Keying (PSK)

Following ASK and FSK, PSK emerges as the third key digital modulation scheme, where the phase of the
carrier wave is shifted in accordance with the digital input. In PSK, the sine and cosine components of the
carrier are adjusted at specific time intervals, resulting in a phase shift that encodes binary information,
this type of modulation finds widespread application across various communication systems due to its
bandwidth efficiency and robustness in noisy environments [20]. It is commonly used in wireless
technologies such as Wi-Fi and Bluetooth, as well as in cellular networks including 3G, 4G, and 5G.
Additionally, PSK plays a vital role in satellite communication systems and serves as a core modulation
technique in digital audio and video broadcasting platforms. There are several variations of PSK, each
offering different levels of efficiency and complexity depending on the number of phase shifts used. Two

of the most commonly used forms are described below [26]:

¢ Binary phase shift keying (BPSK): Also known as 2-phase PSK or Phase Reversal Keying,
BPSK is the simplest form of phase modulation. In this technique, the carrier signal undergoes
two distinct phase shifts typically 0° and 180° to represent binary values. Each symbol encodes
one bit, making BPSK robust and efficient for low-noise environments, but less bandwidth-
efficient than higher-order PSK schemes.

¢ Quadrature phase shift keying (QPSK): QPSK extends the concept of PSK by allowing the
carrier to assume four different phase shifts: 0°, 90°, 180°, and 270°. This enables the encoding
of 2 bits per symbol, effectively doubling the data rate compared to BPSK without increasing
bandwidth. QPSK strikes a balance between bandwidth efficiency and resilience to noise, making

it a widely used modulation scheme in modern digital communication systems.

Beyond BPSK and QPSK, more advanced schemes such as M-ary PSK (where M > 4) increase data
throughput by encoding multiple bits per symbol, though this comes at the cost of higher complexity and

increased susceptibility to noise.
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Figure 1.12 provides a visual representation of PSK modulation. It illustrates how the phase of the carrier
wave changes in response to the binary input signal. Each distinct phase shift corresponds to a unique bit
pattern, demonstrating how digital data is encoded into phase variations for transmission. This graphical
depiction clarifies the core concept of PSK, where information is conveyed by shifting the phase rather

than altering the amplitude or frequency of the carrier.
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Figure I.12: The visual representation of PSK modulation.

Figure I.13 below presents an overview of a PSK modulator and its operational flow. The system consists

of three core components:

e Sinusoidal Carrier Wave Generator: Produces the carrier signal.

¢ Bipolar Binary Data Source: Provides the binary sequence representing the digital

information.

e PSK Output: The resulting modulated signal.

The carrier signal is input into a phase modulator, which is controlled by the bipolar binary sequence. In
this sequence, binary '1' is typically mapped to +1, and binary '0' to -1. The phase modulator then shifts
the phase of the carrier accordingly, producing a PSK-modulated signal where data is conveyed through

distinct phase changes [20].
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Figure I.13: PSK modulator.

1.3.2.3.1 Constellation diagram of PSK modulation

This constellation diagram in Figure 1.14 illustrates 8-PSK. In 8-PSK, the modulation is achieved by
varying the phase of the carrier signal while maintaining a constant amplitude. The 8 symbols are evenly
distributed on a circle centered at the origin. Each point represents a unique phase shift of the carrier,
spaced 45° apart (360°/8), covering the full 360° phase range. All points have approximately the same

amplitude (or magnitude), which confirms that the modulation is purely phase-based.
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Figure I.14: Constellation diagram of 8-PSK modulation.

1.3.2.4 Quadrature Amplitude Modulation (QAM)

QAM is a modulation technique that combines two carriers, each with different amplitude and phase, to
efficiently transmit data. This combination allows QAM to represent multiple bits of information per
symbol, significantly increasing the data rate [27]. QAM is widely used in modern communication systems

due to its high spectral efficiency. There are various variants of QAM, each defined by the number of
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unique symbol combinations (or constellation points), such as 4-QAM, 16-QAM, 64-QAM, and 256-
QAM [28]. The higher the number of points, the more bits per symbol can be transmitted. However, this
also requires a higher SNR to ensure accurate detection. The next Figure 1.15 shows the visualization of

16-QAM signal. The explanation is as follows:

e Top plot: Represents the binary input signal, a unipolar digital waveform where high amplitude
corresponds to binary 1 and low amplitude (zero) corresponds to binary 0. This digital data serves
as the message that modulates the carrier.

e Middle plot: Shows the sinusoidal carrier wave, which has a constant amplitude and frequency,
serving as the base signal for modulation.

e Bottom plot: Displays the resulting QAM-modulated signal, where both the amplitude and
phase of the carrier wave are varied according to the binary input. As observed, the amplitude

changes based on symbol values, and the phase also shifts, demonstrating the essence of QAM.
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Figure 1.15: The visual representation of QAM modulation.
A QAM modulator (Figure 1.16) works by combining two signals: an I component and a Q component.
These components are separately modulated using a local oscillator one with a cosine wave (representing
the I component) and the other with a sine wave (representing the Q component, which is shifted by 90°).
The modulated signals are then summed together, forming a complex waveform that carries both
amplitude and phase variations. This technique allows for efficient data transmission by encoding multiple

bits per symbol, thus increasing the data rate and improving spectral efficiency [29].
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Figure 1.16: QAM modulator.

I.3.2.4.1 Constellation diagram of QAM modulation

Figure I.17 presents the 16-QAM modulation scheme through a constellation diagram. The diagram shows
16 distinct symbols, arranged in a 4x4 grid over the I and Q axes. Each point, labeled from So to Sis,
represents a unique combination of amplitude levels in both the I and Q components. This structure
confirms that both amplitude and phase are being modulated, which is characteristic of QAM. The diagram

highlights how multiple bits per symbol can be transmitted, increasing data throughput and spectral

efficiency.
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Figure I1.17: Constellation diagram of 16-QAM modulation.

1.4 Conclusion

In summary, this chapter has established the essential background for understanding communication
systems and the role of modulation in signal transmission. It outlined the structural components and types
of communication systems, followed by a comprehensive examination of both analog and digital
modulation techniques. Each modulation scheme was explained in terms of its principles, practical use

cases, and mathematical representation. This foundational knowledge serves as a critical reference point
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for the following chapters, where we delve into the use of machine learning and deep learning models for

the automatic classification of modulation types based on signal features.
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Chapter II

Deep Learning and Machine Learning Approaches for Modulation Classification

II.1 Introduction

Building on the foundational principles of communication systems and modulation techniques discussed
previously. This chapter explores the integration of ML and DL techniques in signal processing, with a
focus on their transformative role in wireless communication and modulation recognition. Traditional
signal processing methods, while effective in controlled environments, often struggle with real-world
challenges such as noise, nonlinear distortions, and dynamic signal conditions. ML and DL offer data-
driven solutions that automate feature extraction and improve adaptability, enabling more robust and
scalable systems. The chapter begins with an overview of ML fundamentals, including its definition,
mechanisms, and key learning paradigms supervised, unsupervised, semi-supervised, and reinforcement
learning. It then delves into DL, particularly CNNs, highlighting their architecture and training processes
for tasks like modulation classification. Additionally, traditional ML algorithms such as Random Forest
and XGBoost are examined for their interpretability and efficiency in handling structured signal data. By
comparing these approaches, the chapter provides a comprehensive framework for selecting and

optimizing models to address the evolving demands of modern signal processing applications.

I1.2 Overview of ML in Signal Processing

The integration of ML techniques into signal processing has brought about a transformative shift in how
signals are analyzed, interpreted, and leveraged across a wide range of applications. Traditional signal
processing methods often rely on manually engineered features and domain-specific algorithms. While
effective in controlled and well-defined environments, these approaches tend to struggle with variability,
noise, and the nonlinearities commonly present in real-world signals. In contrast, ML offers a data-driven
framework capable of learning meaningful patterns and representations directly from raw data, providing
enhanced flexibility, adaptability, and robustness. This paradigm shift has enabled significant
advancements in complex signal analysis tasks and has led to the widespread adoption of ML in areas such
as fraud detection, personalized recommendation systems, facial recognition, and automatic language
translation all of which fundamentally involve signal processing. The ongoing convergence of ML and
signal processing continues to unlock new opportunities for developing intelligent, efficient, and scalable

analysis systems [30].
I1.2.1 Definition of ML

ML, which falls under the broader field of Al, focuses on the development of algorithms that enable

systems to learn from data and improve their performance autonomously, without the need for explicit
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programming tailored to specific tasks. In domains involving dynamic or structured data such as audio,
images, or communication signals signal processing plays a crucial role by transforming raw inputs into
meaningful representations that can be more effectively analyzed. Leveraging these representations, ML
models can identify underlying patterns and statistical relationships within large and complex datasets.
This capability empowers them to support intelligent decision-making and generate accurate predictions
across a broad spectrum of applications. As these models are exposed to larger volumes of high-quality,
well-processed data, their predictive performance generally becomes more refined and reliable especially

when enhanced by advanced signal processing techniques [31].

I1.2.1.1 ML Mechanisms

The ML process follows a structured sequence of phases that collectively determine the model’s reliability,
adaptability, and long-term effectiveness. From data collection to real-world evaluation, each stage must
be carefully executed to ensure robust performance across diverse conditions [32]. This workflow is
demonstrated in the figure II.1, which illustrates the key steps involved in building and deploying ML

models:
1. Data Collection

The first phase involves gathering relevant data from appropriate sources such as databases, sensors,
simulations, or online repositories. The quality, quantity, and representativeness of the collected data

significantly influence the overall success of the ML model [33].
2. Data Preprocessing

Raw data is rarely ready for immediate use. It must be cleaned and preprocessed to address noise, missing
values, outliers, and inconsistencies. This step ensures that the data is structured, normalized, and suitable

for input into ML algorithms [34].
3. Model Training

In this phase, a selected ML algorithm is trained using the prepared dataset. The model learns underlying
patterns by adjusting internal parameters to minimize a defined error metric. The goal is to capture the

relationship between input features and target labels or outputs [34].
4. Feature Selection and Engineering

Feature selection involves identifying the most informative variables in the dataset, while feature
engineering constructs new features that may improve model performance. These processes help reduce

overfitting, improve generalization, and enhance interpretability [35].
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5. Model Evaluation and Optimization

Once trained, the model is evaluated using a separate test or validation set. Performance metrics such as
accuracy, precision, recall, Fl-score are used to assess effectiveness. Hyperparameter optimization

techniques may be applied to refine the model further [36].
6. Model Deployment

After achieving satisfactory evaluation results, the model is deployed into a real-world or production
environment. Deployment involves integrating the model with existing systems to enable it to make

predictions or decisions based on real-time data [37].
7. Monitoring and Updating

Post-deployment, the model’s performance must be continuously monitored. Over time, changes in data
distributions (concept drift) or new operational conditions may reduce model effectiveness. Regular
updates, retraining with new data, and ongoing evaluation are essential to maintaining model accuracy and

reliability in a dynamic environment [38].
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Figllrc I1.18: ML workflow
11.2.1.2 ML methods
As illustrated in Figure 1.2, ML techniques are commonly divided into four main categories: supervised,
unsupervised, semi-supervised, and reinforcement learning. Each distinguished by the nature of their

training data and learning objectives.
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Figure I1.19: ML methods

Supervised learning:

Supervised learning is one of the most fundamental and widely adopted approaches in ML, valued for its
simplicity and effectiveness in solving well-defined tasks. In this paradigm, the learning algorithm is trained
on a labeled dataset, where each input is paired with a corresponding, known output. The goal is for the
model to learn the underlying patterns and relationships within the data, enabling it to accurately classify
or predict outcomes for previously unseen instances. Supervised learning is particularly effective when a
clear and consistent set of labeled examples is available, making it ideal for applications such as image

classification, speech recognition, and medical diagnosis [39].

This method is typically divided into two main categories:

¢ Classification: The output variable is categorical, meaning the model assigns input data into
distinct classes. For example, classifying emails as spam or not, or predicting the species of a plant
based on its features.

® Regression: The output variable is continuous, representing a real value. This is used for

predicting numerical outcomes, such as forecasting stock prices or estimating weight.
Unsupervised learning:

In the field of Al, unsupervised learning refers to a type of ML in which models learn from data without
human supervision. Unlike supervised learning where input data is paired with labeled outputs
unsupervised learning algorithms operate on unlabeled data and aim to discover patterns, structures, or
relationships without explicit guidance. The primary objective is to uncover hidden groupings,
correlations, or underlying structures within the data, enabling deeper insights and understanding without
prior knowledge of expected outcomes. This approach is particularly useful in exploratory data analysis,

clustering, anomaly detection, and dimensionality reduction [40].
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Unsupervised 1earning is commonly used for tasks such as:

¢ Clustering: Grouping data into subsets or clusters, where elements within the same cluster share

similar characteristics. An example is customer segmentation in marketing.

° Dimensionality Reduction: Reducing the number of variables in a dataset while preserving
its essential features. Techniques like Principal Component Analysis are commonly used for this

purpose.

Unsupervised learning is particularly useful when labeled data is hard to obtain or when the goal is to
discover unknown structures in the data. However, it can be more challenging to evaluate since there is

no "correct answer" to compare the model's results against, in contrast to supervised learning [40].

Semi-supervised learning:

Semi-supervised learning is a hybrid approach that combines aspects of both supervised and unsupervised
learning. In this paradigm, the model is trained on a small amount of labeled data alongside a much larger
set of unlabeled data. The labeled data provides a foundation for learning, while the unlabeled data helps
the model uncover additional patterns and structures to enhance its predictive capabilities. By leveraging
the strengths of both approaches, semi-supervised learning enables the model to generalize more
effectively and achieve higher accuracy, particularly in scenarios where acquiring labeled data is costly or
time-consuming. This method improves learning efficiency and is especially valuable in applications such
as text classification, image recognition, and medical diagnostics, where vast amounts of unlabeled data

are readily available [41].

Reinforcement learning:

In reinforcement learning, the learning system often referred to as an agent interacts with its environment
by performing a series of actions. In return, it receives feedback in the form of rewards: positive when
actions lead to beneficial outcomes and negative when they result in undesirable consequences. Unlike
supervised learning, the correct action is not explicitly provided; instead, the agent must learn through
trial and error. In many cases, rewards may be delayed and only received after a sequence of actions, as is
common in complex tasks like playing chess or navigating a robot through an environment. The core
objective of reinforcement learning is to learn an optimal policy a strategy that defines the best action to

take in each state to maximize the cumulative reward over time [42].
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I1.2.2 Role of ML in Wireless Communication and Modulation Recognition

ML has emerged as a powerful tool in wireless communication systems, particularly for addressing the
challenges associated with modulation recognition. In non-cooperative scenarios where the characteristics
of the transmitted signal are unknown ML techniques enable the automatic identification of modulation
schemes without requiring prior information. This capability is vital for applications such as cognitive
radio, spectrum sensing, signal surveillance, and interference detection. However, signal transmission is
frequently affected by various impairments, including noise, multipath fading, hardware imperfections,
and synchronization errors. These factors can significantly distort the signal, making accurate modulation
classification more difficult. Positioned as a critical intermediate step between signal detection and
demodulation, ML-based modulation recognition enhances the reliability of signal interpretation under

such adverse conditions [43].

As modern wireless technologies continue to adopt increasingly complex and diverse modulation formats,
the demand for robust, adaptive, and intelligent classification models has become more pressing than ever.
ML offers the flexibility and scalability required to meet these evolving challenges, ensuring efficient and

accurate communication in dynarnic environments.
I1.3.2 DL Fundamentals

DL, a prominent subfield of ML (Figure 1I.3), focuses on the development and application of algorithms
inspired by the structure and function of the human brain specifically, artificial neural networks (ANNs).
It enables the automatic extraction and learning of complex data representations from large-scale datasets,
significantly reducing the need for manual feature engineering. Due to its remarkable performance across
a wide range of domains including computer vision, speech recognition, and natural language processing

DL has become a cornerstone of modern Al research and applications [44].

Artificial Intelligence

Machine
o o Learning

Figure I1.20: Structural Overview of Al Subfields.
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I1.3.2.1 Neural Networks

ANNs form the foundational computational framework underlying DL techniques. These networks
consist of layers of interconnected processing units, commonly referred to as "neurons," where each
neuron performs a weighted summation of its inputs followed by the application of a nonlinear activation
function. This layered architecture enables ANNs to approximate complex, nonlinear functions and to
extract hierarchical features from data. Over time, various types of neural networks have been developed
to address specific data types and learning tasks. For example, feedforward neural networks (FNNs) are
commonly applied to general function approximation problems. Convolutional neural networks (CNNs)
excel at processing image and spatial data due to their ability to capture local patterns. Recurrent neural
networks (RNNs), on the other hand, are specifically designed to handle sequential or time-dependent
data, such as time series and natural language. Deep neural networks (DNNs), which consist of multiple
hidden layers, are particularly effective at learning complex and abstract representations from large-scale
datasets [45]. Collectively, these architectures enhance the flexibility and power of deep learning in

addressing a wide range of real-world Challenges.

e Network Architecture
A typical neural network consists of three primary types of layers:

% Input Layer: The input layer is where the raw data is introduced to the model. This data
could include images, text, or sound, and it serves as the starting point for further processing
by the network [46].

% Hidden Layers: The hidden layers (one or more layer), situated between the input and
output layers, where the majority of the learning occurs. These layers consist of neurons that
apply weights to the input data, transforming it through nonlinear activations. As the data
progresses through these layers, the model extracts increasingly complex features, enabling
it to recognize patterns at varying levels of abstraction [46].

** Output Layer: The output layer is where the model generates its predictions or
classifications. This layer provides the final decision based on the information processed by

the preceding layers. For example, in an image classification task, the output layer might

classify an image as belonging to a specific category [46].
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I1.3.2.2 Training Process of DNNs
The training process focuses on fine-tuning its internal weights to reduce prediction errors [47]. This is

achieved through an iterative sequence of steps designed to optimize performance over time.

Forward Propagation: Input data passes through the network’s layers. Each neuron computes
a weighted sum of its inputs, applies a non-linear activation function as it shown in the figure 1.4,
and transmits the output forward. This results in the network’s prediction [48].

Loss Computation: A loss function (e.g., cross-entropy for classification, mean squared error
for regression) measures the difference between the network’s prediction and the actual target
value [49].

Backward Propagation: Using the chain rule, the network computes gradients of the loss with
respect to each weight, layer by layer, moving backward from the output to the input. This
process identifies how each weight contributed to the error [48].

Weight Update (Optimization): An optimization algorithm (such as stochastic gradient
descent or Adam) adjusts the weights in the direction that reduces the loss. This step uses
computed gradients and a learning rate hyperparameter [50].

Iteration and Convergence: This cycle is repeated over many epochs (complete passes over
the training data) until the loss reaches a satisfactory minimum or a stopping condition is met

(e.g., validation accuracy plateaus) [51].
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I1.3.2.3 Differences between classical ML and DL:

Traditional ML and DL differ significantly in their approaches to data processing, feature extraction,
computational requirements, and application complexity. Traditional ML relies on algorithms such as
decision trees, support vector machines, or logistic regression, which require manual feature engineering
and typically perform well on structured datasets of limited size. These models are generally easier to
interpret, faster to train, and can be run on standard CPUs, making them more accessible in resource-
constrained environments. In contrast, DL a subset of ML utilizes multi-layered ANNSs to automatically
learn features directly from raw data, eliminating the need for manual preprocessing. DL models require
large datasets, powerful hardware like GPUs, and longer training and inference times. However, they
excel at handling complex, high-dimensional data such as images, audio, and text. While traditional ML
approaches solve step-by-step problems using separate components, DL offers an end-to-end learning
process where the model simultaneously learns multiple tasks. Despite DL’s superior performance in
domains like computer vision and natural language processing, its “black-box” nature and high resource
demands can restrict its applicability in industries that prioritize transparency and interpretability, such as

healthcare and finance [52].

II.4 CNNs

In this project, we investigate the application of CNNs for automatic modulation recognition (AMR) in
wireless communication systems. Originally developed for image processing, CNNs have demonstrated
exceptional effectiveness across various pattern recognition tasks, thanks to their ability to learn complex,
hierarchical representations directly from raw data. This strength is particularly advantageous for
modulation recognition, where critical features are often subtle and embedded within noisy or variable
signal patterns. Unlike traditional methods that depend on handcrafted feature extraction, CNNs can
process raw or minimally preprocessed inputs such as time-domain waveforms or spectrograms allowing
them to accurately differentiate between modulation schemes. Moreover, their inherent adaptability to
diverse signal conditions significantly enhances their performance in practical, real-world communication

scenarios [53].

I1.4.1 CNN development

The implementation of a CNN for modulation recognition typically involves two key phases: training and
testing. During the training phase, the network adjusts its internal parameters by processing labeled
examples and minimizing prediction errors through iterative optimization techniques. This process

enables the model to learn and internalize patterns within the signal data that correspond to specific
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modulation schemes. Conversely, the testing phase assesses the network’s ability to generalize by
evaluating its performance on previously unseen signals. This evaluation is crucial for validating the
model’s effectiveness under varying and realistic signal conditions. By adopting this structured approach,
researchers can rigorously measure the CNN’s capacity to extract discriminative features and apply them

successfully in real-world wireless communication environments [54].

I1.4.2 Architecture and component of CNN

As illustrated in Figure II.5, the architecture of the CNN used for modulation classification is organized
into two primary stages: feature extraction and classification. This design enables the model to
automatically learn relevant signal features directly from raw input data and make accurate predictions by
processing these features through multiple layers. Each stage serves a distinct purpose feature extraction
focuses on identifying key patterns and representations within the input signal, while the classification
stage maps these extracted features to specific modulation classes. The following sections provide a

detailed explanation of the processes involved in each stage [55].

Output
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Figure I1.22 : CNN Architecture for Modulation Classification.

Feature Extraction Stage

1. Input Layer

The CNN starts with an input layer that receives raw signal data, typically represented as I/Q samples.
This layer initiates the feature extraction process by applying convolutional operations to capture relevant

patterns within the input data [55].
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2. Convolution Layers

To extract relevant local features, the CNN utilizes key components namely filters, stride, and padding
applied across multiple convolutional layers. This layered approach enables the network to progressively

capture increasingly abstract and complex patterns from the data input [55].

1. Filter (kernel)

One of the primary components used to detect local patterns is the filter, also called a kernel. This small
matrix slides over the input data, performing element-wise multiplications followed by summations to
produce feature maps. The filter’s size (e.g., 3X3) determines the region of the input it examines at each
step, as illustrated in Figure II.6. By employing multiple filters, the network can capture a wide variety of

features from simple edges to more complex and detailed signal structures [55].
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Figure I1.23: Convolution Operation in a CNN

2. Stride

Convoultion with stride 1 Output Convolution with stride 2 Qutput

— =

Figure I1.24: Effect of Stride on Convolution Output Size in CNNs

To control the movement of the filter across the input, the CNN employs a parameter called stride. When
the stride is set to 1, the filter shifts one position at a time, producing a detailed feature map that closely
preserves the spatial resolution of the original input. In contrast, a larger stride causes the filter to skip
positions, which reduces the output’s dimensionality and speeds up computation though this comes at the
cost of losing fine-grained spatial details. The impact of different stride values on feature map resolution

is illustrated in the following figure [56].
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3. Padding
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Figure 11.25: 2D Convolution with Zero Padding
Finally, to allow the filter to be applied across the entire input including the edges the model uses padding.
This technique involves adding extra values, usually zeros, around the borders of the input data. Padding
helps preserve the spatial dimensions of the input and prevents the loss of important information, thereby
improving the model’s ability to learn comprehensive feature representations [57]. This process is

illustrated in the figure II.8 below.

3. Activation Layer the Rectified Linear Unit Function (ReLU)

Rectified Linear Unit (ReLU) Function

ReLU(x) = max(0, x) |

ReLU(x)
(5]

Input x

Figure I1.26: ReLU Activation Function
Following each convolutional operation, the network applies ReLU activation function, as illustrated in
Figure I1.9. ReLU introduces essential non-linearity by mapping all negative input values to zero while
leaving positive values unchanged. The point z=0 acts as a critical threshold, serving as a decision boundary
for neuron activation. Inputs below this threshold are suppressed, resulting in zero output and zero
gradient during backpropagation, which prevents the neuron from contributing to learning. Conversely,
positive inputs activate the neuron, enabling it to participate in both forward and backward computations.

This threshold-based behavior encourages the network to produce sparse representations by filtering out
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weak or non-informative signals. Furthermore, the inclusion of this non-linear activation function is vital
for the network’s ability to model complex, non-linear relationships in the data, supporting the extraction
of increasingly abstract features in deeper layers. This mechanism is fundamental to achieving high

accuracy in tasks such as modulation recognition [55].

1. Pooling

Following the convolutional layers, pooling operations are applied to down sample the feature maps, as
illustrated in Figure II.10, which shows both max pooling and average pooling strategies. These operations
reduce the spatial dimensions of the feature maps, thereby lowering computational costs and improving
the model’s robustness to local distortions and noise. Max pooling selects the highest activation within
cach local region, highlighting the most prominent features, while average pooling computes the mean

value, resulting in a smoother and more generalized representation [55].

Max Pooling

2X2
Pooling stride 2

Average Pooling

Figul'(‘ 11.27: Max\Average Pooling

Classification Stage

Once the relevant features have been extracted through convolutional and pooling operations, the
network transitions to the classification stage, where it interprets the learned feature representations and
maps them to specific modulation classes. This stage involves three main components: the flatten layer,
the fully connected layers, and the output layer. Together, these components transform the spatial features

into a final decision, completing the modulation classification process.

1. Flatten Layer

The first step in this stage is the flatten layer, which reshapes the two-dimensional feature maps

produced by the pooling layers into a one-dimensional vector, as shown in Figure 11.11.
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Figure I1.28: Example of Matrix Flattening for Neural Network Input

This transformation is essential because the subsequent fully connected layers require input in vector form.
By flattening the data, this layer effectively bridges the feature extraction and classification components of

the CNN, preparing the information for high-level interpretation and decision-making [58].
2. Fully Connected Layers

Following the flattening process, the fully connected layers (also called dense layers) process the
vectorized features by passing them through a series of interconnected neurons. Each neuron computes a
weighted sum of'its inputs, followed by the application of a non-linear activation function, typically ReLU.
These layers enable the network to capture global dependencies across features and perform higher-level
abstract reasoning. In the context of modulation recognition, fully connected layers integrate diverse low-
and mid-level features to develop a comprehensive understanding of the signal’s modulation class [55].

3. Batch Normalization Layer

To enhance training stability and speed, a batch normalization layer is applied after the fully connected
layers. This layer standardizes the outputs by normalizing their mean and variance within each mini-batch.
By reducing internal covariate shift, batch normalization enables the network to converge more quickly
and generalize better to new data. In modulation classification tasks, where signal characteristics can vary

widely, this normalization helps stabilize learning and improves robustness [59].

4. Dropout Layer

To improve the generalization ability of the network and reduce the risk of overfitting, a dropout layer is

typically applied after the fully connected layers.
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Classification Classification
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Figure I1.29: Comparison of Neural Networks with and Without Dropout
During training, this layer randomly deactivates a fraction of neurons at each iteration based on a
predefined dropout rate. This encourages the network to develop redundant and robust feature
representations rather than relying on specific activations. In the context of modulation classification,
dropout helps the model maintain stable performance even when exposed to noisy or previously unseen

signal variations [60]. The effect of this mechanism is illustrated in the next figure II.12.

5. Output Layer:

At the final stage, the output layer consists of a number of neurons equal to the total number of modulation
classes (e.g., 16QAM, 8PSK, QPSK), as shown in Figure II.5. A softmax function is then applied to the
outputs of this layer, converting them into a probability distribution across all classes. The class with the
highest probability is selected as the model’s prediction. This layer synthesizes all the learned

representations from previous stages to deliver the final classification result [55].

I1.5 Traditional ML Algorithms

While CNNs have become dominant in modern machine learning tasks, traditional ML algorithms still
offer competitive performance, particularly on structured or tabular data. These algorithms are valued for
their interpretability, lower computational demands, and effectiveness with smaller datasets. In this study,
we compare the performance of CNNs with two widely-used ML algorithms: Random Forest and

XGBoost [61].

I1.5.1 Decision Trees

Decision Trees are a fundamental type of supervised learning algorithm used for both classification and
regression tasks. They operate by recursively partitioning the dataset into subsets based on feature values,
forming a tree-like structure. Each internal node corresponds to a decision based on a specific feature, and

each leaf node represents a predicted outcome [62].
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Decision Trees are valued for their interpretability and simplicity. They can model non-linear relationships
and handle both numerical and categorical data. However, a single decision tree is often sensitive to noise

in the data and prone to overfitting, especially when deep trees are constructed [62].

Despite these limitations, decision trees serve as the base learners in powerful ensemble methods such as
Random Forest and XGBoost. These techniques leverage the strengths of individual trees while addressing

their weaknesses, resulting in more robust and accurate models.

I1.5.2 Random Forest

Random Forest is a widely used ensemble learning method based on decision trees. It combines the
predictions of multiple trees to produce more accurate and stable outputs. The core idea involves two
main techniques: bootstrap aggregation (bagging) and random feature selection. Each decision tree is
trained on a random sample of the data, and at each node split, only a subset of features is considered.
This randomness introduces diversity among trees and enhances generalization performance while

reducing the risk of overfitting [63].

In practice, Random Forest is applied to both classification and regression problems. It performs well with
high-dimensional, noisy datasets and provides an inherent measure of feature importance, aiding
interpretability. In signal classification, Random Forest has been successfully applied to tasks such as
modulation recognition, biomedical signal analysis (e.g., ECG and EEG classification), speech processing,

and fault detection in sensors [64].

Figure 11.13 visually illustrates the Random Forest process: starting from the original dataset, multiple
random subsets are sampled; each subset trains an individual decision tree; and the combined output of all

trees yields a more robust and accurate prediction.
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Figure I1.30: Random Forest Algorithm.

42



Chapter II

Deep Learning and Machine Learning Approaches for Modulation Classification

I1.5.2.1 Random Forest Mechanism

The Random Forest algorithm operates using a technique called bootstrap aggregating, commonly known
as bagging. This method aims to improve the stability and accuracy of ML models by reducing variance

and minimizing overfitting problems often associated with individual decision trees [65].

1. Bootstrap Sampling (Data Diversity)

During the training phase, the algorithm generates multiple decision trees, each trained on a different
bootstrap sample. These samples are created by randomly drawing data points with replacement from the
original dataset. As a result, some data points may appear multiple times in a single sample, while others
may be excluded. This sampling approach ensures that each tree sees a slightly different version of the

training data, which promotes model diversity [65].

2. Random Feature Selection (Feature Diversity)

To introduce further randomness and reduce correlation among trees, Random Forest selects a random
subset of features at each decision node when determining the best split. Instead of evaluating all available
features (as in traditional decision trees), only a limited number (\/n for classification, n/3 for regression,
where n is the total number of features) are considered. This forces each tree to rely on different feature

combinations, encouraging varied decision paths and enhancing generalization [66].

3. Independent Tree Construction

Each decision tree is grown to its full depth without pruning, capturing as many patterns as possible from
its unique training subset. Because the trees are trained independently on different data and with different

features, they learn complementary patterns and make different kinds of errors [67].

4. Prediction Aggregation

Once all trees are trained, the Random Forest makes predictions by aggregating the outputs of the

individual trees [67]:

e For classification tasks: Each tree casts a “vote” for a class label. The majority vote becomes
the final prediction.
e For regression tasks: The outputs (numerical predictions) from all trees are averaged to

produce the final result.
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5. Model Output

The aggregated result is more accurate, stable, and resistant to overfitting than the output of any single
tree. The model also provides feature importance scores, indicating which input variables contributed

most to the predictive decision-making process [67].

I1.5.3 XGBoost

XGBoost is a robust, open-source ML library designed for high performance, scalability, and flexibility.
Originally developed by Tiangi Chen, it is widely adopted in both academia and industry for a variety of
supervised learning tasks, especially classification and regression. XGBoost extends the traditional gradient
boosting framework, an ensemble method that constructs a strong predictive model by sequentially
combining multiple weak learners, typically decision trees. The algorithm focuses on optimizing an
objective function that balances predictive accuracy (via a loss function) with model simplicity (via

regularization) [68].
I1.5.3.1 XGBoost Mechanism

XGBoost operates on the principle of gradient boosting, where decision trees are built sequentially, with
each new tree aiming to correct the prediction errors made by the previous ones. The algorithm follows

a structured, iterative process:

1. Initialization with a Base Model: The process begins by constructing an initial decision tree,
often predicting the mean of the target variable in regression tasks. This serves as the base model
for subsequent improvements [69].

2. Error Computation: After generating the initial predictions, the model calculates the residuals,
the differences between the predicted values and the actual target values. These residuals
represent the errors that the next tree will attempt to correct [70].

3. Training on Residuals: a new decision tree is trained on these residuals. The purpose of this
tree is to model the errors of the previous prediction and provide corrective adjustments [71].

4. Model Update: The predictions are updated by adding the new tree's output to the existing
model's predictions. This additive process continues, with each tree refining the overall
prediction.

5. Iteration: The above steps are repeated iteratively. At each stage, a new tree is trained to
minimize the remaining errors. The process continues until a stopping criterion is reached, such

as a predefined number of trees or minimal improvement in the loss function [70].
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6. Final Prediction: The final model aggregates the contributions of all individual trees, combining

them to produce a robust and accurate prediction [70].

The accompanying figure clearly shows the principle of Gradient Boosting, where each tree is trained on
the residuals of the combined predictions of all previous trees. This sequential correction of errors is what
gives boosting its power: instead of relying on a collection of independent learners as in bagging, it builds
a strong model by combining the strengths of multiple weak learners, each one progressively improving

the overall prediction.
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Figure I1.31: Gradient Boosting Algorithm
I1.5.4 bagging vs boosting

Bagging (Bootstrap Aggregating) and Boosting are both ensemble learning techniques designed to improve
the performance and robustness of ML models. Bagging, as used in algorithms like Random Forest, builds
multiple independent models (typically decision trees) in parallel using randomly resampled subsets of the
training data. The results are then aggregated commonly via majority voting or averaging to reduce
variance and prevent overfitting. In contrast, Boosting is a sequential approach where each new model is
trained to correct the errors made by the previous ones, focusing on the hardest examples. Gradient
Boosting refines this idea by using gradient descent to minimize a loss function, iteratively adding models
(usually shallow trees) that predict the residuals of the combined ensemble. XGBoost enhances traditional
gradient boosting through regularization, weighted quantile sketching, sparsity-aware learning, and
efficient parallel computation, resulting in faster training and superior performance on structured data.
However, tuning XGBoost requires careful selection of hyperparameters such as learning rate, maximum
tree depth, subsampling ratios, and the number of boosting rounds. When properly tuned, XGBoost offers
excellent accuracy, scalability, and generalization, making it a dominant tool in ML competitions and real-

world applications alike [72].
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I1.6 Conclusion

This chapter has systematically examined the application of ML and DL techniques in signal processing,
emphasizing their impact on wireless communication and modulation recognition. Beginning with
foundational ML concepts, the discussion progressed to advanced DL architectures like CNNs, which
excel in automatically extracting discriminative features from raw signal data. Traditional ML methods,
including Random Forest and XGBoost, were also evaluated for their robustness and computational
efficiency in structured signal analysis. The comparative analysis of these approaches underscores their
respective strengths CNNs for high-dimensional pattern recognition, Random Forest for interpretability
and noise resilience, and XGBoost for handling complex, imbalanced datasets. Together, these techniques
offer versatile solutions for real-world challenges such as spectrum sensing, cognitive radio, and
biomedical signal analysis. As the field advances, the synergy between signal processing and ML/DL will
continue to drive innovation, paving the way for intelligent, adaptive systems capable of operating in
increasingly dynamic and noisy environments. This chapter serves as a guide for researchers and
practitioners aiming to leverage these technologies to enhance the accuracy, efficiency, and scalability of

signal processing systerns .
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Chapter III

Results and discussion

II1.1 Introduction

This chapter presents a comprehensive evaluation of three ML models CNN, Random Forest, and
XGBoost for the task of AMC. The performance of each model is rigorously assessed using key metrics
such as accuracy, precision, recall, F1-score, and The Receiver Operating Characteristic Curve — Area
Under the Curve. These evaluations provide critical insights into the strengths and limitations of each
approach, particularly in distinguishing between complex modulation schemes under varying signal
conditions. The findings aim to guide the selection of optimal models for real-world wireless

communication systems, where accurate modulation recognition is essential for reliable data transmission.

II1.2 Performance criteria

Evaluating performance is a crucial step in any Al or ML project, as it determines how well a model can
generalize to unseen data. In the context of modulation classification, selecting appropriate evaluation
metrics is particularly important. It ensures a fair and comprehensive comparison of different models and
provides meaningful insights into their effectiveness. The choice of metrics directly influences how
accurately the model's performance can be interpreted especially in complex signal classification tasks,
where distinguishing between modulation schemes is essential [73].

To thoroughly understand a model’s capabilities, multiple key performance indicators must be considered.
Each metric offers a distinct perspective on model behavior, contributing to a well-rounded evaluation.
This is especially critical when working with imbalanced datasets, which are common in signal processing
applications where certain modulation types may be overrepresented while others are rare.

This section introduces and defines the core performance metrics used to assess the proposed models,
emphasizing the specific role each plays in evaluating classification performance within the modulation
domain.

1. Confusion matrix

The confusion matrix is a fundamental tool for evaluating the performance of classification models by
comparing predicted labels to actual ground-truth classes. In multi-class classification tasks, it extends
beyond the binary case into an n X n matrix, where n represents the number of distinct classes. Each row
corresponds to an actual class, while each column represents a predicted class. Correct predictions are
located along the diagonal, whereas off-diagonal elements indicate misclassifications between specific class
pairs. This structure offers a detailed view of the model’s classification behavior and helps identify which

classes are most frequently confused.
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More than just a count of correct and incorrect predictions, the confusion matrix serves as the foundation
for calculating key performance metrics such as accuracy, precision, and recall. These metrics provide a
more nuanced and reliable evaluation of model performance, especially in the presence of class imbalance,

where relying on accuracy alone can be misleading [74].

2. Accuracy
Accuracy is one of the most fundamental metrics used to evaluate the overall performance of a ML model.
It measures the proportion of correct predictions made by the model out of the total number of
predictions, typically expressed as a percentage. Accuracy is intuitive, easy to compute, and particularly
effective when the dataset is balanced meaning that all classes are equally represented. However, in cases
of class imbalance, accuracy may give a misleading impression of model performance, as it does not

account for the distribution of errors across different classes [75]. The formula for calculating accuracy is:

P ~ TP + TN
CeUracy = TP ¥ TN+ FP + FN

(23)

Where:

e TP (True Positives): Correctly predicted positive instances.
e TN (True Negatives): Correctly predicted negative instances.
e [P (False Positives): Incorrectly predicted positive instances.

e [N (False Negatives): Incorrectly predicted negative instances.
While accuracy offers a quick, overall indication of a model’s effectiveness, it becomes less reliable in the
presence of imbalanced datasets. In scenarios where one class significantly dominates for example, when
95% of instances belong to the "negative" class and only 5% to the "positive" class a model could achieve
a high accuracy score simply by always predicting the majority class. Although such a model might appear
effective based on its accuracy, it would entirely fail to detect instances of the minority class, thereby

missing the true objective of the classification task [75].

Relying solely on accuracy in these cases can lead to a misleading interpretation of the model's
performance. To obtain a more comprehensive and informative evaluation, especially in imbalanced
contexts, it is essential to consider additional metrics. Precision, recall, and most importantly, the F1-
score provide deeper insights into how well the model differentiates between classes. These metrics are
particularly valuable for assessing the model’s ability to correctly identify minority class instances, which

are often of greater interest in real-world applications.
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3. Precision
Precision is a key performance metric that evaluates the reliability of a model's positive predictions. It
measures the proportion of true positive instances among all instances that the model has classified as
positive. In other words, precision quantifies the model’s ability to avoid FP, indicating how accurate its
positive predictions are. A high precision score implies that when the model predicts a positive outcome,
it is very likely to be correct. This is especially important in applications where FP carry a significant cost
or risk, such as in medical diagnoses or fraud detection [75]. Mathematically, precision is expressed as

follows:

... TP (24)
precision = rm——0

4. Recall

Recall, also known as sensitivity or true positive rate, evaluates a different aspect of model performance
by emphasizing completeness. It measures the proportion of actual positive cases that the model correctly
identifies. Unlike precision, which assesses the accuracy of positive predictions, recall focuses on the
model’s ability to detect all relevant positive instances. A high recall value indicates that the model
effectively minimizes FN cases where positive instances are incorrectly classified as negative. This metric
is especially critical in domains were failing to identify a positive case has serious consequences, such as in

medical diagnosis, fraud detection, or security threat analysis [76]. Recall is defined using this formula:

Recall = — L (25)
At = TP ¥ FN

5. Fl-score

The F1-Score is a crucial evaluation metric that combines precision and recall into a single, balanced
measure of a model's performance. It is particularly valuable in scenarios involving imbalanced datasets,
where one class significantly outweighs the others, and where both FP and FN must be minimized. The
F1-Score is especially appropriate when precision and recall are equally important, as it ensures that a
model is not rewarded for excelling in one metric while performing poorly in the other. By computing
the harmonic mean of precision and recall, the F1-Score penalizes extreme disparities between the two,
resulting in a more conservative and informative performance indicator [73]. The F1-Score is calculated

using the following formula:

precision + recall
F1=2X — (26)
precision X recall
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An F1-Score of 1 represents perfect precision and recall, indicating ideal predictive performance, while a

score closer to O reflects poor model effectiveness.

6. The ROC
While the confusion matrix and derived metrics like precision, recall, and F1-score provide detailed
insights at a specific decision threshold (usually 0.5), The ROC curve offers a broader perspective by
evaluating a model's performance across all possible thresholds. The ROC curve plots the TP rate (Recall)
against the FP Rate (FP rate = FP / (FP + TN)), illustrating the trade-off between sensitivity and
specificity as the threshold varies. This is especially useful in applications where the cost of FP and FN

must be balanced carefully [77].

7. The AUC
To quantify the overall performance represented by the ROC curve, the AUC values range from 0 to 1,
where 1 indicates perfect classification and 0.5 reflects random guessing. A higher AUC signifies better
model capability to distinguish between classes. In imbalanced datasets, where metrics like accuracy can
be misleading, ROC and AUC provide a more robust and threshold-independent view of model

discrimination [78].

II1.3 Dataset description

The dataset employed in this study is the RadioModRec-1 dataset, a publicly available large-scale
collection of radio frequency signals designed specifically for automatic modulation recognition research.
This dataset was chosen due to its comprehensive coverage of diverse modulation schemes, realistic
channel conditions, and suitability for training and evaluating DL models. The RadioModRec-1 dataset
provides a robust foundation for developing and validating modulation classification algorithms, ensuring

that experimental results are both reliable and applicable to real-world wireless communication scenarios.

II1.3.1 Modulation Types and Signal Representation

The dataset encompasses a wide variety of digital and analog modulation techniques, ensuring a thorough
evaluation of classification models across different modulation complexities. Key modulation schemes

included in the dataset are:

e PSK: The dataset contains multiple PSK variants, such as 8-PSK, 16-PSK, 32-PSK, and 128-PSK,

each characterized by distinct phase separations between symbols. These modulations are
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particularly useful for evaluating a model’s ability to discriminate between closely spaced phase
transitions.

e QAM: Higher-order QAM schemes, including 16-QAM, 64-QAM, and 256-QAM, are included
to assess classification performance under amplitude-phase hybrid modulation. These schemes are
widely used in modern communication systems due to their spectral efficiency.

e Differential Modulation: The dataset incorporates differential variants such as DBPSK
(Differential Binary PSK) and DQPSK (Differential Quadrature PSK), which encode information
in phase differences rather than absolute phases, making them more resilient to phase ambiguities.

e FSK: Continuous-phase and Gaussian-filtered FSK schemes, including CPFSK (Continuous-
Phase FSK), GFSK (Gaussian FSK), and GMSK (Gaussian Minimum Shift Keying), are included
to evaluate classification in frequency-modulated signals.

e AM: The dataset also includes AM-DSB (Amplitude Modulation with Double Sideband), an

analog modulation technique, to test the model’s ability to handle non-digital modulation formats.

Each signal in the dataset is represented as complex baseband samples (I-Q components), which capture
both I'and Q components of the modulated signal. This representation is crucial for preserving amplitude
and phase information, enabling the extraction of meaningful features for classification.
Additionally, constellation diagrams derived from these I-Q samples are used to visualize the modulation

schemes, providing insights into symbol distribution and noise resilience.

II1.3.2 Feature Extraction

The feature extraction process focuses on identifying distinctive characteristics from the [-Q
components and constellation diagrarns to enhance modulation classification. Key features extracted

include:

1. Symbol Spacing: Mecasures the Euclidean distance between adjacent symbols in the
constellation. This feature is critical for distinguishing PSK and QAM schemes, where greater
spacing improves noise resilience.

2. Symbol Density: Quantifies how tightly symbols are packed in the constellation. Higher-order
modulations (e.g., 64-QAM, 256-QAM) exhibit denser symbol distributions, making them more
susceptible to noise.

3. Phase Shift: Captures angular variations of symbols in the I-Q plane, essential for identifying

PSK-based modulations (e.g., 8-PSK, 16-PSK).
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4. Tand Q Components: Represent the real and imaginary axes of the signal, providing amplitude
and phase relationships critical for modulation discrimination.

5. Symbol Clustering: Identifies patterns in symbol groupings (e.g., grid-like for QAM, circular
for PSK), aiding in differentiation.

6. Symmetry and Regularity: Evaluates structural patterns (e.g., radial symmetry in PSK,
rectangular lattices in QAM) to classify modulation types.

7. Point Density Distribution: Analyzes uneven symbol distribution across quadrants, useful for
detecting asymmetrical modulations.

8. Decision Boundaries: Defines geometric separations between modulation classes, optimizing

classification accuracy.

II1.3.3 Channel Conditions and Realism

To ensure the dataset reflects real-world communication environments, the signals are subjected to

varying channel conditions, including:

e Different SNR Levels: The dataset includes signals across a broad SNR range (e.g., -20 dB to 20
dB), allowing for robustness testing under both high-noise and low-noise conditions.

e Multipath Fading and Interference: Some signals are affected by multipath propagation and
interference, simulating challenges encountered in practical wireless systems.

e Variable Symbol Rates: Certain modulation schemes are transmitted at different symbol rates to

assess the model’s adaptability to varying transmission conditions.

These variations make the dataset highly realistic, ensuring that trained models generalize well to real-

world scenarios where channel impairments are common.

II1.3.4 Preprocessing and Dataset Structure

Before training, the dataset underwent several preprocessing steps to enhance model performance and

ensure consistency :

1. Normalization: The 1-Q samples were normalized using Z-score normalization, scaling the
features to zero mean and unit variance. This step is critical for stabilizing the training of DL
models and improving convergence.

2. Label Encoding: Each modulation class was assigned a unique numerical label, converting

categorical modulation types into a format suitable for ML algorithms.
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3. Stratified Train-Test Split: The dataset was divided into 80% training data and 209% test data using
stratified sampling. This ensures that both subsets maintain a balanced representation of all

modulation classes, preventing bias in model evaluation.

The dataset is large-scale, with a substantial number of samples per modulation type, providing sufficient
data for training deep neural networks without overfitting. The exact size and distribution of the dataset
are detailed in the original publication [79], which confirms its suitability for benchmarking state-of-the-

art AMR models.

II1.3.5 Advantages of the RadioModRec-1 Dataset

The RadioModRec-1 dataset offers several key advantages for modulation classification research:

e Diversity of Modulation Schemes: The inclusion of both simple and complex modulation types
allows for comprehensive model evaluation.

e Real-World Applicability: The incorporation of varying SNR levels and channel impairments
ensures that models trained on this dataset perform well in practical scenarios.

e Benchmarking Potential: Since the dataset has been used in prior research, it enables direct

performance comparisons with existing state-of-the-art methods.

II1.4 Model Evaluation and Performance Analysis

This study presents the results obtained from the classification of digital modulation schemes using three
distinct ML models: CNN, Random Forest, and XGBoost. These models were applied to analyze and
classifty modulation types based on their distinctive signal features, with the overarching goal of achieving
high accuracy and robustness for deployment in real-world communication systems. The following
sections provide a detailed evaluation of each model’s performance, highlighting key metrics such as
accuracy, precision, recall, F1-score, and AUC-ROC. A comparative analysis is conducted to assess the
strengths and limitations of each approach, offering insights into their effectiveness and suitability for

modulation classification tasks under various signal conditions.

II1.4.1 CNN Results

This section presents the evaluation results of the CNN model applied to the task of modulation
classification. The model’s performance is assessed using three key classification metrics: precision, recall,

and F1-score, as previously defined in the methodology section. These metrics offer a comprehensive view
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of the CNN’s ability to accurately identify each modulation type, capturing both the correctness and

completeness of its predictions.

II1.4.1.1 CNN Classification Metrics per Class

The bar chart in Figure III.1 illustrates the CNN model’s classification performance across various
modulation types, based on precision, recall, and F1-score. Certain modulation schemes, such as DBPSK
and 4QAM, exhibit both high precision and high recall, resulting in correspondingly high F1-scores. This
indicates that the model effectively identifies a large proportion of TP samples for these classes while

minimizing both FP and FN.

For instance, in the case of DBPSK, nearly all true DBPSK signals are correctly classified (high TP, low
FN), and the majority of the predictions labeled as DBPSK are indeed accurate (low FP). This reflects the
model’s strong discriminatory capability and low confusion with other modulation types for these

particular classes.
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Figure I11.32: Precision, Recall, and F1-Score per Class for CNN Model.

In contrast, modulation types such as 16PSK, GMSK, and 8PSK show markedly lower values for all three
metrics. For 16PSK, the low recall suggests a high number of false negatives, indicating that many actual
16PSK signals are misclassified as other types. Simultaneously, the low precision reflects a high false

positive rate, where signals from other modulation classes are incorrectly labeled as 16PSK. This pattern
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suggests that the model struggles to differentiate 16PSK from similar modulation schemes, possibly due

to overlapping signal characteristics or insufficiently distinctive features learned during training.

In summary, high performance (high TP, low FP/FN) is observed in classes where the modulation pattern
is distinct and well captured by the model. Conversely, poor performance (low TP, high FP/FN) is seen
in classes with more complex or less distinguishable signal characteristics, or in cases where the training
data may be imbalanced or insufficient. The F1-score, as a balance between precision and recall, clearly

reflects these variations, emphasizing the model's strengths and weaknesses in handling each modulation

class.

II1.4.1.2 CNN Confusion Matrix

Confusion Matrix

16PSK 56 29 9 54 16

16QAM 18 4

32PSK

4QAM

8PSK

DBPSK

True Class

GMSK 12 4 5 16

16PSK  16QAM 32PSK 4QAM  8PSK DBPSK GMSK
Predicted Class

39.8% | 33.8% | 22.0% | 26.8% | 41.1% | 16.3% | 31.4%

Figure I11.33: Confusion Matrix for CNN Classification of Modulation.

The confusion matrix presented in Figure III.2 offers a detailed evaluation of the multi-class classification
model tasked with distinguishing among seven digital modulation formats: 16PSK, 16QAM, 32PSK,
4QAM, 8PSK, DBPSK, and GMSK. By comparing predicted labels (columns) with ground truth labels
(rows), the matrix provides a comprehensive view of the model’s classification behavior, including both
correct and incorrect predictions. Accurate classifications appear along the diagonal where the predicted

class matches the true class while off—diagonal entries reveal specific misclassification patterns. The model
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achieves its highest classification accuracy on DBPSK (83.7%), followed by 32PSK (78.0%) and 4QAM
(73.2%), suggesting that these modulation formats possess distinctive signal characteristics that are
effectively captured by the model. In contrast, 8PSK (58.9%) and 16PSK (60.2%) yield the lowest class-
wise accuracies, indicating difficulties in differentiating these schemes from other modulation types. A
closer inspection reveals several notable misclassification trends. For example, 16PSK is frequently
misclassified as 8PSK (54 instances) and 16QAM (29 instances), highlighting the model’s limitations in
discriminating between high-order phase modulation formats. Similarly, 8PSK is often confused with
32PSK and 16QAM, likely due to similarities in constellation shapes or overlapping spectral features.
GMSK, another challenging class, is commonly misidentified as DBPSK (24 instances) and 4QAM (16

instances), suggesting possible overlaps in signal envelope or time-frequency representations.

These results underscore the current model’s limitations in accurately separating closely related
modulation types. They highlight the need for improved feature extraction strategies or the adoption of
more advanced model architectures capable of capturing subtle inter-class variations in signa]

characteristics.

I11.4.1.3 ROC Curves by Class

ROC Curves by Class

1 T T |
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16QAM (AUC = 0.92)
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Figure I11.34: ROC Curves for CNN Classification of Modulation.

The ROC curve presented in Figure II1.3 provides a comprehensive evaluation of the model’s classification
performance across multiple modulation schemes. The x-axis denotes the FP rate, while the y-axis
represents the TP rate, thereby illustrating the trade-off between sensitivity and specificity for each

modulation type. Each individual curve corresponds to a specific class, and the AUC quantifies the model’s
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ability to distinguish that class from the others. The classifier demonstrates robust performance across all
modulation formats, with AUC values ranging from 0.89 to 0.99. DBPSK achieves the highest AUC of
0.99, indicating near-perfect separability and classification reliability. This is followed by 4QAM (0.96),
32PSK (0.95), and 8PSK (0.93), all of which reflect strong model performance. 16QAM and GMSK both
exhibit solid discrimination Capabilities with AUC scores of 0.92. The lowest performance is observed for
16PSK, which attains an AUC of 0.89, suggesting comparatively reduced separability—Ilikely due to its

similarity to other high-order phase modulation formats.

Overall, the ROC analysis confirms the model's high effectiveness in classifying diverse modulation types,
particularly excelling in the detection of DBPSK. These findings complement the earlier metric-based

evaluations, reinforcing the model’s suitability for real-world signal classification tasks.

111.4.2 Random Forest Results

The following section presents the evaluation results of the Random Forest model applied to the
modulation classification task. To maintain consistency and ensure a fair comparison with the previously
evaluated CNN model, the same set of performance metrics is employed. These include classification
metrics such as precision, recall, and F1-score, a confusion matrix to visualize prediction accuracy and
misclassification patterns, and ROC curves along with their corresponding AUC scores to assess the
model’s ability to distinguish between different modulation types. This comprehensive evaluation
framework facilitates a thorough analysis of the Random Forest model’s strengths and limitations in

classifying complex signal formats.

I11.4.2.1 Random Forest Classification Metrics per Class

The bar chart in Figure I1I.4 illustrates a marked improvement in the Random Forest model’s classification
performance across all modulation types, reflected in a high overall accuracy of 97.32% and a global F1 -
score of 0.97. Each modulation class achieves consistently high values for precision, recall, and F1-score,
with most metrics exceeding 0.95, underscoring the model’s strong ability to accurately differentiate
between modulation schemes. The minimal gap between precision and recall for each class indicates that
the model maintains a high TP rate while keeping FP and FN to a minimum. Notably, modulation formats
such as DBPSK and 4QAM achieve near-perfect scores, suggesting highly reliable classification with
negligible confusion. Furthermore, modulation types that previously underperformed—such as 16PSK,
8PSK, and GMSK—now exhibit substantial performance gains. This improvement implies that the model
has successfully learned to extract more discriminative features, possibly due to enhanced feature

representation, data balancing, or augmentation strategies during training.
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Figure I11.35: Precision, Recall, and F1-Score per Class for Random Forest Model.

The consistently high F1-scores across all classes demonstrate the model’s ability to maintain a balanced
trade-off between precision and recall, highlighting both its robustness and generalization capability. These
results confirm the suitability of the Random Forest model for practical deployment in real-world

modulation recognition systems, where both accuracy and reliability are critical.

I11.4.2.2 Random Forest Confusion Matrix

The confusion matrix presented in Figure III.5 provides a detailed evaluation of the Random Forest
model’s performance in classifying seven digital modulation schemes: 16PSK, 16QAM, 32PSK, 4QAM,
8PSK, DBPSK, and GMSK. The matrix reflects strong overall classification accuracy, with the majority
of correct predictions concentrated along the diagonal, indicating effective model behavior and minimal
confusion between classes. The highest accuracies were achieved for 4QAM and DBPSK, both with
100% correct classification, followed by 32PSK (98.2%), 8PSK (98.2%), GMSK (97.6%), and 16PSK
(95.1%).

The lowest though still high accuracy was observed for 16QAM, at 92.4%. These results confirm the
model’s ability to accurately distinguish between modulation types, particularly those with simpler or
more distinct constellation structures. Misclassifications were infrequent and generally minor. For
instance, 16PSK was occasionally confused with 16QAM (9 instances), while 4QAM exhibited a small

number of misclassifications as 8PSK or GMSK. Similarly, 16QAM showed limited confusion with
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16PSK and 32PSK, reflecting some overlap in spectral or constellation features among higher-order

modulations.

Confusion Matrix - Random Forest

16PSK
16QAM
32PSK
4QAM
8PSK
DBPSK

TrueClass

GMSK 4
16PSK 16QAM  32PSK 4QAM 8PSK  DBPSK  GMSK

49% | 7.6% | 1.8% 1.8% 2.4%

Figure IT1.36: Confusion Matrix for Random Forest Classification of Modulation.

In general, the low off-diagonal error rates, ranging from 1.8% to 7.6%, underscore the model’s high

discriminative capability and robust generalization. This performance is likely attributed to effective

feature extraction and the inherent ensemble learning strengths of the Random Forest algorithm. The

confusion matrix thus reinforces the model’s suitability for reliable and precise modulation classification

in practical communication systems.

I11.4.2.3 ROC Curves by Class

The ROC curve presented in Figure III.6 demonstrates a substantial improvement in the model’s

classification performance across all modulation schemes. Each curve corresponds to a specific modulation

type, with the AUC providing a quantitative assessment of the model’s ability to distinguish between

classes. Notably, modulation formats such as 32PSK, 4QAM, 8PSK, DBPSK, and GMSK achieve an AUC

of 1.00, indicating perfect classification performance. Additionally, 16PSK and 16QAM register near-

perfect AUC values of 0.99, signifying highly reliable discrimination with minimal overlap between

61



Chapter III

Results and discussion

predicted and actual classes. The ROC curves for all classes are tightly clustered near the top-left corner

of the plot, reflecting high TP rates coupled with low FP rates across the board.

ROC Curves - Random Forest
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Figure IT1.37 : ROC Curves for Random Forest Classification of Modulation.
These results highlight the model’s excellent discriminative power, which can be attributed to factors such
as optimal hyperparameter tuning, effective feature extraction, and a well-structured dataset with strong
inter-class separability. Collectively, the high AUC values reinforce the model’s robustness and its

suitability for accurate and reliable modulation classification in real-world communication systems.

II1.4.3 XGBOOST Results

The following sections provide a comprehensive evaluation of the XGBoost model in the context of digital
modulation classification, showcasing its remarkable capability to accurately distinguish between a wide
range of modulation schemes. The analysis emphasizes the model’s high classification accuracy, robust
generalization performance, and consistency across diverse signal types. These findings not only validate
the effectiveness of XGBoost for this task but also demonstrate its superiority over other ML approaches
explored in this study. As such, XGBoost emerges as a highly reliable and efficient solution for complex
signal processing challenges, particularly in wireless communication systems where precise modulation

recognition is critical.

I11.4.3.1 XGBOOST Classification Metrics per Class
The classification results illustrated in Figure III.7 demonstrate a further improvement in model
performance, achieving a global accuracy of 98.45% and a global F1-score of 0.98. All modulation formats

16PSK, 16QAM, 32PSK, 4QAM, 8PSK, DBPSK, and GMSK exhibit consistently high values across

62



Chapter III

Results and discussion

precision, recall, and F1-score, underscoring the model’s strong generalization capabilities. In particular,
the model performs exceptionally well on 32PSK, 4QAM, DBPSK, and GMSK, with precision and recall
scores nearly identical and approaching unity. This indicates both a high TPR and a low misclassification
rate, suggesting that the distinguishing features of these modulation schemes are effectively captured by
the model. Similarly, 8PSK maintains excellent performance, comparable to the best-performing

cate gories .

While the overall performance remains outstanding, 16PSK and 16QAM show slightly lower recall values
relative to their precision. This suggests that although the model is highly accurate when predicting these
classes (i.e., few FP), it misses a small number of true instances (i.e., moderate FN). Despite this, their
high Fl-scores confirm that the model achieves a well-balanced trade-off between sensitivity and
specificity.
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Figure I11.38: Precision, Recall, and F1-Score per Class for XGBOOST Model.

I11.4.3.2 XGBOOST Confusion Matrix

The confusion matrix presented in Figure III.8 illustrates the performance of a highly accurate multi-class
classification model tasked with identifying seven digital modulation formats: 16PSK, 16QAM, 32PSK,
4QAM, 8PSK, DBPSK, and GMSK. The matrix reveals exceptional classification results, with per-class
accuracy exceeding 94% across all modulation types. The model achieved perfect classification (100%)
for 32PSK, 4QAM, and GMSK, demonstrating its ability to distinguish these formats with complete
reliability. Similarly high accuracies were recorded for DBPSK (98.8%), 8PSK (98.2%), 16PSK (97.5%),

and 16QAM (94.7%). Correct predictions are concentrated along the diagonal entries of the matrix,
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indicating a strong alignment between predicted and true labels. Misclassifications are minimal and

typically involve closely related modulation types, suggesting slight overlaps in signal characteristics.

For example, 16PSK was misclassified as 16QAM in 9 instances, and conversely, 16QAM was predicted
as 16PSK in 4 cases likely due to similarities in constellation structures or phase resolution under noisy
conditions. A few misclassifications also occurred within 4QAM, with 3 instances labeled as 8PSK and 2

as DBPSK, potentially reflecting shared phase or amplitude properties in degraded signal environments.

Despite these minor errors, with misclassification rates ranging from only 1.2% to 5.3%, the model
exhibits strong robustness and class separability. These results not only validate the effectiveness of the
XGBoost classifier but also demonstrate the high discriminative quality of the extracted features, making

this approach highly suitable for practical applications in modulation recognition.

Confusion Matrix - XGBoost (5-fold)
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Figure I11.39: Confusion Matrix for XGBOOST Classification of Modulation.

I11.4.3.3 XGBOOST ROC Curves by Class

Figure II1.9 presents ROC curves for the XGBoost model's classification of various modulation schemes,
showcasing exceptional performance across all classes. The AUC values further validate the model’s
discriminative power, with modulation types such as 16PSK, 16QAM, 32PSK, BPSK, DBPSK, and GMSK

achieving a perfect AUC of 1.00, indicating flawless separability between classes. The 4QAM class
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demonstrates an outstanding AUC of 0.99, reflecting only minimal overlap between positive and negative

classifications, underscoring the model's ability to distinguish even more subtle differences.

These results reinforce the robustness of the XGBoost model, consistent with the strong performance
observed in earlier metrics. The consistently high AUC scores, including for classes with historically
challenging similarities, such as 16PSK and 16QAM, highlight the model's reliable discriminative
capabilities. This further solidifies XGBoost's superiority in modulation recognition tasks, making it

particularly well-suited for high—precision applications in wireless communications and signal processing.

ROC Curves by Class - XGBoost
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Figure I11.40: ROC Curves for XGBOOST Classification of Modulation.

II1.4 Comparison of the results of the three models

The evaluation of the CNN, Random Forest, and XGBoost models for digital modulation classification
(Table III.1) reveals distinct performance disparities. The CNN model, while effective, demonstrated the
weakest results, with an accuracy of 70.64% and an Fl1-score of 0.69. It faced significant challenges in
differentiating between similar modulation schemes, such as 16PSK and 16QAM, where the accuracy
dropped to 60.2%. Additionally, the CNN model exhibited inconsistent class separability, as reflected in
its AUC values ranging from 0.89 to 0.99. In contrast, the Random Forest model showed a marked
improvement, achieving 97.32% accuracy and an Fl-score of 0.97. It classified 4QAM, DBPSK, and
GMSK perfectly, though it still encountered minor misclassifications between 16PSK and 16QAM, with

error rates ranging from 4.9% to 7.6%.
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The XGBoost model emerged as the superior performer, with an impressive 98.45% accuracy and an F1-
score of 0.98. It achieved flawless classification for four modulation types (32PSK, 4QAM, DBPSK,
GMSK) and demonstrated near-perfect AUC scores ranging from 0.99 to 1.00 across all classes. While
both ensemble methods (Random Forest and XGBoost) outperformed CNN, XGBoost's gradient boosting
framework provided slightly better discrimination, especially for more challenging cases, reinforcing its

position as the optimal model for this task.

Table II1.1: Comparison table of the three models

Metric CNN Random Forest XGBoost
Global Accuracy 70.64% 97.32% 98.45% (Best)
Global F1-Score 0.69 0.97 0.98 (Best)
Best Class Accuracy  DBPSK,4QAM,32PSK DBPSK, GMSK, DBPSK, GMSK,
8PSK (100%) 8PSK, 32PSK (100%)

16PSK misclassified as 16PSK confused with 1 gpsK 16QAM
4QAM/16QAM 16QAM

Most Confused Class

(minor errors)

AUC Scores Mostly high, 0.89-0.99  0.99-1.00 (excellent) Al AUCs = 1.00 or
0.99

The clear performance hierarchy positions XGBoost as the top choice, followed by Random Forest, with
CNN significantly trailing behind. This ranking highlights the advantages of ensemble methods in
structured signal classification tasks, where their ability to combine multiple weak learners and effectively
handle feature interactions proves particularly valuable. The results suggest that while deep learning
approaches like CNN hold potential, traditional machine learning methods, such as Random Forest and

XGBoost, currently offer more reliable solutions, especially when dealing with spectrally similar signal

types.

II1.5 Conclusion

The experimental results demonstrate a clear performance hierarchy among the evaluated models. While

the CNN model achieves moderate accuracy (70.64%), it struggles with spectrally similar modulation

)

types, such as 16PSK and 16QAM. In contrast, ensemble methods—Random Forest (97.32% accuracy)

66



Chapter III

Results and discussion

and XGBoost (98.45% accuracy)—exhibit superior classification capabilities, with XGBoost emerging as
the top performer due to its near-perfect AUC scores and minimal misclassifications. The robustness of
XGBoost in handling complex signal features underscores its suitability for real-world AMC applications.
These findings suggest that, despite the potential of deep learning, traditional ML techniques like XGBoost
currently offer more reliable solutions for modulation classification tasks. Future work could explore
hybrid architectures or enhanced feature extraction methods to further bridge the performance gap

between DL and ensemble approaches.
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General conclusion

This thesis has presented a comparative study of three advanced models Random Forest, XGBoost, and
CNN for the task of AMC using the RadioModRec-1 dataset. The research was driven by the growing
need for reliable and adaptive techniques capable of handling the complexity of modern wireless

communication systems.

Contrary to the common expectation that DL models outperform classical approaches, the experimental
results in this study revealed that Random Forest and XGBoost achieved higher accuracy and more robust
performance than CNN in the tested scenarios. These ensemble-based methods demonstrated strong
classification capabilities, particularly when combined with carefully engineered features such as
normalized I/Q samples and constellation-based metrics. Their efficiency, interpretability, and resilience

to noise and signal variation contributed to their superior performance [80].

CNNs, while powerful in many contexts, showed lower classification accuracy in this study, potentially
due to factors such as limited dataset size, model complexity, or the specific signal representations used.
Despite their ability to learn features directly from raw data, CNNs may require more extensive tuning
or data augmentation to match or surpass the performance of structured ML models in certain signal

classification tasks.

These findings suggest that traditional ML models remain highly competitive for modulation recognition,
especially when appropriate feature engineering is applied. They offer a practical and effective solution
for many real-world applications, particularly in environments with limited computational resources or

when rapid deployment is needed.

Future work could focus on enhancing CNN performance through optimized architectures, larger and
more diverse training datasets, or hybrid approaches that combine the strengths of both ML and DL.
Additionally, exploring model generalization across different communication standards and environments
would further validate their applicability in real-world systems. As the field of wireless communications
continues to evolve, intelligent and adaptive modulation classification will play a crucial role in ensuring

efficient, secure, and high-quality connectivity across a range of applications.
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