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Abstract

This study aims to improve the efficiency and accuracy of Automatic Modulation
Classification (AMC) within the wireless communication systems by developing and
comparing different models. AMC is critical technology for identifying modulation types of
received signals, which can optimise data transmission speed and reliability. AMC becomes
indispensable in increasingly complex, multi-user and adaptive systems where dynamic
modulation is prevalent. The motivation for this study is to investigate different models to
enhance AMC techniques and contribute to the development of 5G and the emerging 6G

networks.

This study utilises Deep Learning (DL) as an underlying technology and investigates the key
methodologies, focusing on improving the accuracy, detecting a wider signal to noise ratios
(SNR) range, and covering higher frequency bands. Initially, the research draws inspiration
from image classification techniques to develop the AMC using constellation images (CI).
Secondly, taking into account the advantages of graphic characters and statistical features, the
Graphic Representation of Features (GRF) is introduced. The models are tested across a
range of SNR values from -10 dB to 20 dB. After initially working on the 2GHz spectrum,
higher frequency bands at 28 GHz and 70 GHz are also explored. Different AMC models are
compared to identify the most effective approach for improving the accuracy of Modulation

Classification across a wider SNR range and higher frequency bands.

The primary finding of this study is that the AMC model with GRF provides outstanding
detection accuracy compared to the AMC model with CI and previous studies, especially in
lower SNR levels and higher frequency bands. All these methods harness the power of
Artificial Intelligence (AI). The most innovative contribution of this research is the
application of image classification techniques in AMC. Particularly for the AMC with GRF,
the model leverages both graphic characters and statistical features. Although the best
accuracies are achieved at the lower carrier frequencies, the applicability of the developed

models is verified in millimetre wave bands. Future research in AMC, focusing on more



complex signal environmental conditions, can get benefit from this work, such as multiple

interferences and higher frequency bands.

VI



CONTENTS

ACKNOWLEDGEMENTS .......oiiircrereresessssessesessesssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnssns v
Y= 13 I 2 O \
030 ]V I = A Vi
LIST OF ABBREVIATIONS. ......ooiceierrcsessesesesessssssssssesssesesssssssssssssssssssssssssssssssssssssssssssssssssssss sasasssssssssssssssensssasassssnes X
(IS 0 i 1 U 2 X
LIST OF PUBLICATIONS ... cerceercresessesssesessssssssssssessessssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnssnns XVII
CHAPTER 1 INTRODUCGTION .....oicticcetreresrsessessesessesesssssssessssssssssssssssssssssssssssssssssssssssssssssssssssssssassssssssssssssssnsssanas 1
1.1 BACKGROUND ....couitt ettt sttt 4438ttt 1

1. 1.7 COMUTUUNICATION SYSLOITT ..ottt on sttt nss st s san s snsas 1
Y Y (O 1= lolg g o] (oo | U U 3

1.2 OBIECTIVES AND CONTRIBUTIONS .. .c.uviitiiitiiitsiettse ettt sttt 4
1.3 THESIS OUTLINE AND ORGANISATION ...covvritiiiieriserisestsessseesessiessesssesss sttt ettt 6
CHAPTER 2 LITERATURE REVIEW ..o s s st s st s s s ssss s s 8
2.1 BG TECHNOLOGY ...ttt sttt bbbttt 8

N B 2T Tol (o 0 1Y g Lo SOV 8
2.1.2 Al Technologies Involved in Wireless COMMUNICAtIONS............c.ccocovreeeeerereosiierisrieresiesieeesiesiesisssesssssenns 9

VIL



2.2 AMC TECHNOLOGY ..ottt ettt e85 4552428282845t ntns 10

2.2.1 Statistical Algorithms for Detecting MOQUIGEION TYDC..........cceeeeeeeeeeeeeeeseeeseeeseeeieeeseesreesseeseiesisisinnn 11

2.2.2 Pattern Algorithms for MoQulation TYP@ DEEECHION .............ceeeeeeeeeeeeeeeesieeeeeeeieeeseeesieeevisieiisieeseesisinen 12

2.2.3 OtREr TYPES OF CIASSITICAION ......vvoevvveveevoeiovioveeievievievssvssvss v isisss s ss s sessssens 17

2.3 IMAGE CLASSIFICATION ...eoueeaieeeeseesetsees s ses et 18
2.4 SUMMARY ...ttt 14144844 19
CHAPTER 3 AMC WITH CONSTELLATION IMAGES. ..o s s sssesssssssssesens 21
3.1 INTRODUCTION ...ttt et 21
3.2 SIGNAL IMODELS ...ttt ettt a3 83ttt bbbt 22
3.3 CONSTELLATIONS OF COLLECTED DATA ..ottt ettt bbb 25
B3I SIMUIGLET DBLA ...t 25
332 L3D COMNECIOT DALQ............oovosveseesivstssss s 32

3.4 DEEP LEARNING STRUCTURES .....ocuitiitt ettt sttt sttt bbbttt 37
3.0 HYBRID IMODEL ...ttt 45
3.0 RESULTS .ottt b4+ h bbb 48
3.7 SUMMARY <.ttt a1 s8Rttt 53
CHAPTER 4 AMC WITH GREF ....eiicircrereresss e sessssessssssesssssssssssssssssssssssssssassssssssssssssssssssssssssssssssssssssssssssasassasaes 54
A1 INTRODUCTION L.ouctiititiisetite ettt ettt s st 34441ttt 54
4.2 STATISTICAL FEATURES FOR GRF .. ..ottt st 55

4. 2.1 SEAUSHICA! FOATUIES ...t 56
B.2.2 ANAIYSIS OF FEALUIES ...ttt 61

Vil



£l RESULTS .ottt 74
4.5 SUMMARY ....oititritittse e 78
CHAPTER 5 AMC IN IMIMW ...t sss s s st bbb e s p s 79
5.1 INTRODUCTION ...ttt 79
D.2 AMUC IN 28 GHZ ...t 83

B. 2.1 DALE [N 28 GHZ oot 83

B. 2.2 RESUIES [ 28 GHZ oo 86

5.3 AMUC IN 70 GHZ oottt 90
B.3.1 DALE IN 70 GHZ oot 90

B.8.2 RESUIES 11 70 GHZ oot 96

5 SUMMARY ..ottt et eess e ess e ess s8££ 8588458 98
CHAPTER 6 CONCLUSION AND RECOMMENDATION ......ccoeoiririnisrseresssssssesessssssessssssssessssssssssesssssssssssssses 99
5.1 CONCLUSION w...ttietetrttseiseesets s 99
6.2 RECOMMENDATION FOR FUTURE STUDIES ...ocuvvouievemieisseesseeeseesssesssssssseessesssseses st sesss e sss s essssasssssssssssssssssssacs 103
6.2.1 INAOOI Propagation MOGEIS...............cceceeeeeeeisiisriseiseisiosiisiisiisiisvessesiosiesies s 103

6.2.2 AMC WItHIN thE REEI CRGINE! ...ttt ssssaesnsniees 104

G.2.3 IMPIOVEIMIENIE [11 70 GHZ oottt 104

] o o N 0 105

IX



List of Abbreviations

5G 5th generation

6G 6th generation

8PSK 8-Phase Shift Keying

ADMP Average Data-Maximum Phase

Al Artificial Intelligence

ALRT Average Likelihood Ratio Test

AM Amplitude modulation

AMC Automatic Modulation Classification
AM-SC Amplitude modulation suppressed carrier transmission
AWGN Additive white Gaussian noise

BPN Back-Propagation Network

BPSK Binary Phase Shift Keying

CI Constellation images

CNN Convolutional Neural Network

CPN Counter Propagation Network

CwW Continuous wave modulation

D2D Device-to-device

DBNs Deep Belief Networks



DFT

DL

DNN

DSA

M

GLRT

GRF

1/Q

JPEMC

LLF

MD

ML

mmW

OQPSK

Ph&D-GLRT

PSD

QAM

QPSK

RelLU

RF

Discrete Fourier Transform

Deep Learning

Deep Neural Network

Dynamic Spectrum Access

Frequency Modulation

Generalized Likelihood Ratio Test

Graphic Representation of Features

In-phase and Quadrature Components

Joint Power Estimation and Modulation Classification

Log-likelihood

Minimum distance

Machine Learning

Millimetre Wave

Offset quadrature phase-shift keying

Phase and Data GLRT

Power Spectral Density

Quadrature Amplitude Modulation

Quadrature Phase Shift Keying

Rectified Linear Unit

Radio Frequency

X1



RFs

RNN

SDR

SNR

SVM

Random Forests
Residual Neural Network
Software Defined Radio
Signal to Noise Ratio

Support Vector Machines

XII



List of Figures

Figure 1 Research structure of thesis ........coocueiiieiiiiiiiiiee e 6
Figure 2 Structure 0f CININ ....coiiiiiiiiiieeeteeee ettt 16
Figure 3 Constellations of 8PSK at 20 dB SNR with different sample rates................... 26
Figure 4 Constellations of 8PSK at 10 dB SNR with different sample rates................... 27
Figure 5 Constellations of BPSK, QPSK, 8PSK and QAM16 at 20 dB SNR.................. 28
Figure 6 Constellations of BPSK, QPSK, 8PSK and QAM16 at 10 dB SNR.................. 29
Figure 7 Constellations of BPSK, QPSK, 8PSK and QAM16 at 0 dB SNR.................... 30
Figure 8 Constellations of BPSK, QPSK, 8PSK and QAM16 at-10 dB SNR................ 31
Figure 9 Photograph of the lab transmission system.............cocceevieniiiiieniiinienieeee 33
Figure 10 Constellations of BPSK, QPSK, 8PSK and QAM16 with raw data............... 34
Figure 11 Constellations of BPSK, QPSK, 8PSK and QAM16 with 200 samples......... 35

Figure 12 Constellations of BPSK, QPSK, 8PSK and QAM16 with different samples. 36

Figure 13 System structure of AMC with Cl........cocooiiiiiniiiiniiiecceeceeee 37
Figure 14 Structure 0f CNN ......ooiiiiiiiiiiieteeee et 38
Figure 15 Structure of SQUEEZENET .......cc.coiiriiriiriiiiieeeceee e 40
Figure 16 Structure of GOOZIENEL .......cc.ceviiiiieiieeiieiieeeeee e 42
Figure 17 Structure of INCEPLIoN-V3 .......cciiriiiiiieiieeiieeie ettt 44

X1II



Figure 18 Detection of QAMI16 at 0 dB SNR ......cccooiiiiiiiiiiiieeceeeee 46

Figure 19 System structure of Hybrid model..........cccocoviiiiniiiiiiiniceee, 47
Figure 20 General accuracy of the AMC with Cl........ccccoooiiniiiiniininiinicccrcee 48
Figure 21 Detection of AMC with CIat 10 dB SNR ........ccoooiiiiiiiiiiciicieceeeeee, 49
Figure 22 Detection of AMC with CTat 0 dB SNR .......cccocviiiiiiiiiiiicieieeeeeeeee, 50
Figure 23 Detection of AMC with Cl at -10 dB SNR.......ccccooiiiiiiiiiiiceee, 50
Figure 24 Kurtosis Of BPSK ....c..ooiiiiiiiec e 62
Figure 25 Kurtosis 0f QPSK ........cooiiiiiiiiieiiecieeieee et 62
Figure 26 Kurtosis 0f 8PSK .......ccuiiiiiiiieiieiieeeteee ettt 63
Figure 27 Kurtosis 0f QAMIO ......cccueiiiiiiiiiiiee et 63
Figure 28 OF BPSK ..t 64
Figure 29 OF QPSK .ttt sttt s enaeenaeen 65
Figure 30 OF P SK e 65
Figure 31 OF BPSK .t 66
Figure 32 Features of the tested modulated signals at 10 dB SNR.........cccccooiiiirinnene 67
Figure 33 Structure of Deep Learning with GRF ... 69
Figure 34 Spider Graphs of BPSK, QPSK, 8PSK and QAM16 at-10 dB SNR.............. 70
Figure 35 Spider Graphs of BPSK, QPSK, 8PSK and QAM16 at 0 dB SNR................. 71
Figure 36 Spider Graphs of BPSK, QPSK, 8PSK and QAM16 at 10 dB SNR............... 72
Figure 37 Spider Graphs of BPSK, QPSK, 8PSK and QAM16 at 20 dB SNR............... 73

XIv



Figure 38 General accuracy of AMC with GRF over different SNR levels (all

MOAUIATION TYPES) c.veenereeitieiieeiieeit ettt ettt ettt ettt ettt ebeeseeeeneeas 74
Figure 39 Detection of AMC with GRF (Lab data) at -10 dB SNR...........cccceeieninnen. 75
Figure 40 Detection of AMC with GRF (Lab data) at 0 dB SNR ..........ccceeciieiiiniiennens 75
Figure 41 Detection of AMC with GRF (Lab data) at 10 dB SNR.........ccccoceeiininiennen, 76
Figure 42 Hardware transmission system for mmW ........c..cocooiiiiniininiininncneenens 81
Figure 43 Hardware structure of conducted transmission system in 28 GHz................. 81

Figure 44 Hardware structure of radiated transmission system in 28 GHz (with 1 m

ISTANICE) 1.vveeiiieeeie ettt ettt ettt et e et et e et eeteesabeesbeeesaeenbaeesbeenbeaesseensaennseenseensnas 81
Figure 45 Hardware structure of transmission system in 70 GHz ...........c.cccocevenienenee. 82
Figure 46 Captured conducted signals in at 10 dB SNR, 28GHz.........cccccceviininiennenne. 84
Figure 47 Features of conducted modulated signals at 10 dB SNR, 28 GHz.................. 85

Figure 48 Spider Graphs of conducted modulated signals at 10 dB SNR, 28 GHz........ 85

Figure 49 General accuracy of AMC with GRF over SNR levels in 28 GHz (radiated
EESTING AT T1M) 1ottt ettt ettt e ettt e be e eneas 87

Figure 50 Detection of AMC with GRF at 10 dB SNR in 28 GHz (conducted signals) .88
Figure 51 Detection of AMC with GRF at 10 dB SNR in 28 GHz (radiated signals).... 88
Figure 52 General accuracy of AMC with GRF over different SNR levels at 2 GHz.... 89
Figure 53 Radiated signals at 9 dB SNR in 70GHz (Radiated testing distance: 6 cm)...91
Figure 54 Radiated signals at 7 dB SNR in 70GHz (Radiated testing distance: 75 cm).92

Figure 55 Radiated signals with simulated noise at 0 dB SNR in 70GHz (Radiated

teStiNg dISTANCE: 6 CIM) ..eeviiiiieiiiieiiecie ettt et ettt e e e ee e 93

XV



Figure 56 Features of the conducted signals at 9 dB SNR in 70 GHz (Radiated testing
ISEANCE: 6 CIM) .veiiiiiiieeeiee ettt et ettt tee e s te e e e be e e taeeetaeessaeesssaeessseeessseeensseeans 94

Figure 57 Spider Graphs of Radiated modulated signals at 9 dB SNR in 70 GHz
(Radiated testing diStance: 6 CM) .......ccueeecveeriieeiieriieeieeriee e eree e eieeereesreeseneeaeens 95

Figure 58 General accuracy of AMC with GRF over different SNR levels in 70 GHz.. 96

Figure 59 Detection of AMC with GRF at 5 dB SNR in 70 GHz (Radiated signals with 6

XVI



List of Publications

[1]

[2]

[3]

Sun, Y., & Ball, E. A. (2022). Deep learning applied to automatic modulation
classification at 28 GHz. In Intelligent Systems and Applications: Proceedings of the
2022 Intelligent Systems Conference (IntelliSys) Volume 1 Vol. 1 (pp. 403-414).
Amsterdam, The Netherlands: Springer International Publishing.
doi:10.1007/978-3-031-16072-1_30

Sun, Y., & Ball, E. (2022). Automatic modulation classification using techniques from
image classification. /[ET Communications, 16(11), 1303-1314. do0i:10.1049/cmu2.12335

Sun, Y., & Ball, E. (2021). Automatic modulation classification based on machine
learning. In Advances in Automation, Mechanical and Design Engineering: SAMDE
2021 (pp. 53-67). Beijing, China: Springer Cham. doi:10.1007/978-3-031-09909-0_5

Xvll


http://doi.org/10.1007/978-3-031-16072-1_30
http://doi.org/10.1049/cmu2.12335
http://doi.org/10.1007/978-3-031-09909-0_5

Chapter 1 Introduction

Amidst the ongoing revolution of the communication systems, the 5G networks have
achieved the progress through dense small cell deployments, millimetre wave (mmW)
communications and device-to-device (D2D) communications. The next research step of the
revolution is building a highly efficient, intelligent system for 6G networks, aiming to
provide ultra-reliable and low-latency communications. The spectrum resource is invaluable
for the communication and vital for developing the next generation wireless networks. To
fulfil this purpose, Artificial Intelligence (Al) is integrated to provide novel and

comprehensive solutions for the 6G wireless communication systems.

Automatic Modulation Classification (AMC) determines the modulation type of a received
signal in communication systems. In 6G, AMC plays an important role in enabling the
efficient utilisation of the spectrum and support for various communication scenarios, such as
massive [oT and tactile internet. It is also crucial for supporting advanced communication
technologies, such as non-orthogonal multiple access and mmW communications. By
accurately identifying the modulation type, AMC can enable the receiver to optimise its
signal processing, increase the transmission capacity and enhance the overall system

performance. With the advantages of AMC, it is worthwhile focusing on AMC techniques.

1.1 Background

1.1.1 Communication system

As the radio digital communication system develops, enhancing spectrum efficiency becomes
increasingly urgent. To address this need, Dynamic Spectrum Access (DSA) is a promising
starting point for the proposed spectrum sensing and signal classification. In this context,
modulation classification performs a significant role and is widely employed in a variety of
applications, such as software defined radio systems and radar communication in the military.

There is a high demand for radio frequency (RF) bands [1].



In conditions of heightened demand for RF bands, the AMC technology can meet
high-quality requirements by optimising signal demodulation, information extraction, and
interference detection without limitations imposed by complex environments and various
emitters. As 6G is expected to support a wide range of communication requirements, AMC
can be used to classify the modulation type of incoming signals and dynamically adjust the
network configuration to optimise performance [2]. This can lead to more efficient use of
network resources and improved network performance. At the same time, AMC enables the
system to adapt to changing conditions and provide secure communication in challenging
environments [3]. In the 6G communication system, the AMC system can be employed in
mobile phones to improve the performance of the modulation and demodulation by
themselves. AMC technology also can be utilised for spectrum monitoring interference
detection in an efficient way [4], [5], which allows cognitive radio users to adapt their own
transmissions dynamically to avoid interfering [6]. This can help to improve the overall
spectrum efficiency of the network and enable more efficient use of the available radio

spectrum.

Radio spectrum is a limited and precious resource for the communication system. The
millimetre wave (mmW) band has gained significant attention recently as a promising
solution for next-generation wireless communication systems, including 5G and 6G. The
mmW spectrum, ranging from 30 GHz to 300 GHz, offers a vast amount of bandwidth and
high data rates, making it ideal for supporting high-bandwidth applications such as virtual
reality and augmented reality. In this study, the AMC systems are tested at 2GHz, which
frequency is in the current communication range. Subsequently, systems under 28 GHz and

70 GHz are also considered, falling within the operating frequency in 5G and 6G.

To illustrate the experimental process, the project comprises two main components. The first
involves dataset preparation. Input data is generated through two different methods:
MATLAB simulation, where modulation is performed mathematically based on

constellations, and direct hardware generation using a signal generator.

The second part involves "feature analysis." Initially, the MATLAB-simulated data is
evaluated, followed by testing the signal data obtained from the signal generator. Multiple
features are extracted from the modulated data. Some of these features alone may not directly

distinguish between different modulation types. If there are future requirements to enhance



the neural network based on the effective features, additional features should be considered
and re-evaluated. The objective of this study is to identify features that can enhance the

efficiency of the classification system across a wider SNR range.

In hardware experiments, a phase lock is typically necessary within the constellation for a
clear observation through symbol display. In such cases, conducting experiments with
realistic hardware is essential, regardless of the precision of the software system. This allows

for the detection of results even without phase or frequency lock.

1.1.2 AMC technology

Automatic Modulation Classification (AMC) plays a critical role in wireless communication
and signal processing. The fundamental purpose of AMC is to identify the modulation
scheme employed in each received signal. Modulation is the process of altering one or
multiple properties of a carrier signal, such as its amplitude, frequency or phase, to encode
information. It, exists in various forms, including Amplitude Modulation (AM), Frequency
Modulation (FM), Phase Shift Keying (PSK), Quadrature Amplitude Modulation (QAM) and

others.

In conventional communication architectures, the modulation scheme is generally pre-defined
and known to both the transmitter and the receiver. However, the increasing complexity of
modern communication environments has given rise to scenarios in which the receiver may
lack a priori knowledge of the modulation type of incoming signals. Such situations are
commonly encountered in adaptive, cognitive or non-cooperative communication systems.
Under these circumstances, AMC emerges as an indispensable tool for accurately
determining the modulation scheme in use, thereby facilitating the correct decoding of the

received signal.

The significance of AMC extends to multiple aspects of wireless communication. Firstly, it
adds a layer of adaptability, especially salient in cognitive and software-defined radios,
enabling the receiver to adjust dynamically to various modulation schemes. Secondly, AMC
aids in the interoperability between diverse systems employing different or multiple
communication standards. Thirdly, AMC proves to be invaluable in spectrum monitoring,

offering essential capabilities for identifying the modulation types active across a range of



frequencies, a critical requirement for regulatory and surveillance applications. Lastly, in
secure or military environments where the modulation scheme may be intentionally altered to
thwart unauthorised access or jamming, AMC is crucial for maintaining secure and reliable

communication channels.

For the state, various methodologies can be employed to implement AMC, ranging from
classical statistical approaches to contemporary machine learning and deep learning
techniques. The overarching challenge is to design an AMC system that is accurate as well as
being efficient and robust, even under challenging conditions such as low SNR. Consequently,
AMC continues to be an active area of research, driven by the escalating demands for

flexibility, efficiency and security in modern communication systems.

The motivation for enhancing Automatic Modulation Classification (AMC) in this thesis is
rooted in the growing complexities of 5G and emerging 6G wireless communication
networks. In these advanced systems, multiple users often interact dynamically, and adaptive
modulation schemes are increasingly common to optimise data throughput and reliability.
Whilst the modulation type is traditionally pre-determined between a transmitter and receiver,
in modern adaptive systems, being able to identify the modulation type of an incoming signal

becomes crucial quickly and accurately.

1.2 Objectives and Contributions

In this work, AMC models are proposed based on DL technology. The overall target is to
detect the modulation types with higher accuracy in wider SNR range, especially in low SNR
and higher frequency bands in mmW, which brings the scenarios closer to the development
of actual wireless communication systems. At the same time, the algorithms should be less

complex. The contributions are achieved by the objectives in the following paragraphs.

The AMC model should explore the SNR area which is not provided in the earlier studies.
This study begins on AMC with CI, which provides a basic novel solution of AMC with
inspiration from image classification. The hybrid model is indicated based on the AMC with
CI, which improves the accuracy by 23% at -10 dB SNR. The AMC with GRF is proposed to
reduce the complexity according to the hybrid model, which slightly decreases the accuracy

at a low SNR, whilst still being 20% more than the AMC with CI at -10 dB SNR.



The AMC model should explore the mmW bands which will be a benefit for 6G
communications, whilst not provided in the previous works. In this research, the model was
tested in different frequency bands (2 GHz, 28 GHz and 70 GHz). The contribution not only
involves testing the model in these bands, but also includes the testing of simulated data. First,
simulated data is tested, followed by the evaluation of lab-collected data, which is then
compared to the simulated data. Due to limitations in the lab hardware, the lab-collected data
is also processed by introducing noise, allowing the AMC models to function across different
SNR levels rather than several fixed levels. The complexity of the AMC model should also
be reduced. In this study, the AMC models are all based on DL. Different transfer learning
structures are tested and compared to a CNN network. Transfer learning as pretrained
networks do not require the adjustment of many parameters during the build-up session.
Compared to the basic CNN model provided in this study, transfer learning provides higher

accuracy despite the similar time in running the test.

The biggest contribution and novelty of this study is proposing the model AMC with GRF.
This model provides a good use of the graphic features and statistical characteristics of the
modulated signals. With the advantages of both, the models provide results across the -10 to

20 dB SNR under 2 GHz, 28 GHz and 73 GHz bands.

The following are my first three authored publications related to this thesis, which is guided

and supervised by Edward A Ball.

Automatic modulation classification based on machine learning, which proposes the

model AMC with CI and hybrid model. This study is related to Chapter 3.

Automatic modulation classification using techniques from image classification, which
proposes the model AMC with GRF and compares it to the model AMC with CI. This study
is related to Chapter 4.

Deep learning applied to automatic modulation classification at 28 GHz, which tests the
AMC models at 28 GHz and compares them to the model performance at 2GHz. This study is
related to part of Chapter 5.



1.3 Thesis Outline and Organisation

This study focuses on Automatic Modulation Classification (AMC) with Deep Learning (DL),
which optimises the accuracy of the procedure when receiving digital modulated signals in

wider SNR ranges and higher frequency bands.

Chapter 1 indicates a basic introduction of the research background, and introduces the AMC

technology, the motivation and contribution of this work.
Chapter 2 provides the previous studies of AMC technology and Al techniques.

Chapter 3 introduces the model AMC with constellation images. The model is based on DL
networks and tested with the signals from -10 dB to 20 dB SNR. Four different structed DL
networks are introduced and compared. After that, the hybrid model is introduced, tested and

compared.

Chapter 4 proposes the model AMC with Graphic Representation of Features (GRF), which
uses statistical features and graphic characteristics of the signals. This system is tested and

compared to the other models.

In Chapter 5, the signals from mmW are tested by the AMC models, the results are then

analysed and compared.

Chapter 6 gives conclusions from this study, provides the contributions and gives future

research directions.

AMC with Constellation
Images

Features ——{ Hybrid Models AMC in mmW

AMC with GRF

Figure 1 Research structure of thesis



Figure 1 presents the general flow chart of the research progress of this thesis. Inspired from
the image classification, Constellation Images are used as the dataset to classify different
modulation types in Chapter 3. Statistical features are employed as a supplement, and a
hybrid model is indicated. To improve the accuracy of the AMC models, AMC with GRF is
developed from the Hybrid model. The AMC models are tested within mmW bands to predict

the performance in 6G.



Chapter 2 Literature Review

In this chapter, the previous studies and some background knowledge are provided. The 6G
communication system and Al application in 6G are introduced. The digital modulations
employed in this study are proposed in this chapter. After that, different kinds of modulation
recognition are introduced and compared. Likelihood-based algorithms and feature-based
recognition are the two general categories for the classifiers, which are also known as
Statistical Algorithms and Pattern Algorithms. The innovative advantages are proposed and
the shortcomings are also introduced. The technique of image classification is introduced at

the end, which has inspired this research study.

2.1 6G Technology

The drawbacks and limitations of the developing 5G cellular system are driving the
revolution for 6G wireless communications. The general requirement of the communication
system defines the targets of the 6G system. With the trends and challenges of the 6G, Al

also serves as a pervasive technology for improving and guaranteeing the performance.

2.1.1 6G Background

For the development of 6G towards higher frequency ranges, wider bandwidths and massive
antenna arrays, businesses are aiming to build the intelligent communication systems. The
detailed key targets of 6G networks are expected to be: Ultra-high data rate and ultra-low
latency communication [7], high energy efficiency for resource-constrained devices,
ubiquitous global network coverage [8], and trusted and intelligent connectivity [9]. The key

performance indicators of 5G and 6G are compared in Table 1 [10].



Table 1 Key performance indicators for 5G and 6G

5G 6G
Rate requirements 1 Gb/s 1 Tb/s
Downlink data rate 20 Gb/s 1 Tb/s
Uplink data rate 10 Gb/s 1 Tb/s
Latency 1 ms 0.1 ms
Operating Frequency 3-300 Hz Upto 1l THz

There are seven trends [11] which are expected in the ongoing development for these
technologies: ‘More Bits, More Spectrum, More Reliability’, ‘From Areal to Volumetric
Spectral and Energy Efficiency’, ‘Emergence of Smart Surfaces and Environments’,
‘Massive Availability of Small Data’, ‘From Self-Organising Networks to Self-Sustaining
Networks’, ‘Convergence of Communications, Computing, Control, Localisation and Sensing’

and ‘End of the Smartphone Era’.

On the road towards 6G, the more intelligent techniques and processing efforts should be
introduced as significant progress compared to 5G, which is the reason the Al is considered

as a fundamental technique rather than an optimisation tool [12].

2.1.2 Al Technologies Involved in Wireless Communications

For the purpose of the impact of the next generation of wireless communication, it can
leverage the artificial intelligence which has penetrated into diverse subjects. Modern Al
systems are typically based on ML [13]. With these data-driven algorithms, building truly

intelligent communication systems is a reachable and highly efficient objective.

The two main functions can be concluded to be [14]: Intelligent and analytics, with the

capability of parsing the large amounts of data collected from the devices; it is a revolution to



analyse and predict the information and statements of wireless communication systems in
order to make network-wide operational decisions. The second function is presented as
self-organising network control and optimisation, in which the system can automatically

control the operations and optimise the resources based on self-learned skills.

At the Physical Layer, ML is involved with channel coding [15], [16], synchronisation [17],
positioning [18] and channel estimations [19]. At the Medium Access Control Layer, the
Federated Learning for orientation and mobility prediction in virtual reality networks [20],
predictive resource allocation in machine-type communications [21], [22], predictive power
management and asymmetric traffic accommodation are presented in literatures. At the
Application Layer, ML is utilised for the network performance management automation [23],
ML-Aided unmanned aerial vehicles control [24], [25], opportunistic data transfer in
vehicular networks and software development. ML is also an ongoing trend being applied to

the security of wireless networks, which is considering attack [26] and defence [27].

The Al techniques empower new opportunities and challenges for wireless communications

developing towards 6G.

2.2 AMC Technology

This section introduces the state of the art of AMC technology. The main objective is
improving the accuracy of classification especially in areas with low SNR. In real-world
communication environments, signals often encounter various sources of noise, interference
and fading. As a result, the received signal may have a low SNR, especially in dense urban
areas or challenging terrains. Exploring the low SNR regime helps in designing more robust
communication systems. If a system can perform well under low SNR conditions, it is likely
to be more resilient under various challenging scenarios. In defence scenarios, signals are
often intentionally transmitted at low power to avoid detection, leading to low SNR at the
receiver. Reliable AMC in such conditions is crucial for intelligence and electronic warfare

operations.

There are different target standards of AMC in different scenarios. For the mission-critical

applications, such as defence and aerospace, the accuracy needs to be extremely high, often
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approaching 99% or more, even in areas with low SNR. For the general consumer
applications, an accuracy of 90-95% is acceptable. However, as technologies evolve and user
expectations rise, this threshold might increase. In academic research, achieving
state-of-the-art performance often means pushing the accuracy as high as possible on
benchmark datasets. In conclusion, the need for AMC at low SNRs is driven by the
challenges and requirements of modern communication systems. The acceptable accuracy
level varies based on the specific application and its associated demands. In this work, the

objective is to improve the accuracy of the AMC system, especially at low SNRs.

2.2.1 Statistical Algorithms for Detecting Modulation Type

One traditional approach of AMC is likelihood-based, which applies the statistical method
and mathematic models. In this branch, the target is estimated as a multiple hypothesis testing
problem, making the decision between a variety of modulation types. This kind of
recognition employs a significant part in the early years. Although this study focuses on the
pattern recognised approach, the advantages from the decision theoretic approach could be

used as a lesson.

Maximum-likelihood decision theory is used as a critical method in a report [28]. PSK and
QAM are distinguished by setting two statistical models, coherent maximum-likelihood
classification and noncoherent pseudo maximum likelihood classification. The benchmark of
this study is error rate, which means the number of wrongly detected symbols over all
detected symbols. The error rate is less than 10% when the signal is higher than 9 dB and 12
dB for the coherent model and the noncoherent model, respectively. The coherent model has
a better ability for distinguishing PSK and QAM including high order type, such as QAMO64.
However, it needs to calculate different parameters required from a variety of methods every
time. The only parameter, carrier phase, that is not necessary for the noncoherent model,
performs at 3dB worse according to the coherent model. Each type of modulation has its own
probability of error for both models. The limitation of this study is that some parameters
cannot be obtained during the pre-processing when the SNR is lower than 10 dB. At the same

time, the low SNR area should be explored with other models.
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Based on the Likelihood algorithm, three classifiers were provided and compared in [29], a
square-law classifier, a phase-based classifier (weighting on the phase histogram) and a
quasi-log-likelihood ratio (qLLR) rule. The benchmark of this study is the probability of
correct classification. The qLLR rule shows the best classification results, which achieves
54% at -10 dB SNR. The other two classifiers perform worse than the qLLR rule. The
statistical methods show the advantage in the low SNR area. However, these classifiers can

only work for MPSK. For the other modulations, the whole system should be rebuilt.

For further research, three kinds of likelihood techniques are discussed, the Average
Likelihood Ratio Test (ALRT) [28] [30] on which previous studies are based, the Generalised
Likelihood Ratio Test (GLRT) and a hybrid of the two. The two innovative approaches, the
Phase and Data GLRT (Ph&D-GLRT), developed from GLRT and the Average
Data-Maximum Phase (ADMP) based on the mix of ALRT and GLRT, are proposed. The
critical limitation of the GLRT technique is the failure for high SNR. When the different
modulations transmit at the same time, they produce the same symbol and the same value of
log-likelihood functionals (LLF) because of the maximisation in LLF. The hybrid one solves
this problem by averaging the data symbols before maximising. The final results only show
the classifications between modulation pairs instead of detecting in the general spectrum with
the accuracy increased to 90% after 3dB SNR between 16QAM and 16PSK [31]. However,

the idea of two mixed algorithms could be a novel point to develop the situation.

Overall, for the likelihood-based algorithms, some of them show the advantage in a low SNR
area. However, there are still limitations; the models can only be used to classify the fixed
modulation types. The parameters and models will need to be recalculated and rebuilt for the
other modulation types, which increases the complexity of the work, yet in the practical
systems, the modulation types are not known in advance for some scenarios. In this way, the

AMC techniques should be developed for these advanced systems.

2.2.2 Pattern Algorithms for Modulation Type Detection

There are some limitations of the likelihood-based models. The probability of error is high,

even over 0dB SNR, which is the limitation of the detected modulation types. After that, the
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feature-based approaches have more potential for a good use of the characters of signals to be
applied in the system and can reach a high accuracy of classification, as will be shown below.
In these algorithms, the classification is generally divided into two parts: features extraction
and modulation classification, which usually employ a neural network to optimise their
capability. During the recognition process, the statistical classifier and the neural network

classifier are the two main approaches.

1) Statistical Classifier

In the early work, pattern recognition is proposed with the neural network. Amplitude
variance, phase variance, frequency variance and amplitude skewness are illustrated as the
good characters to classify the types amongst Amplitude modulation (AM), suppressed
carrier transmission (AM-SC), Frequency modulation (FM), Continuous wave modulation
(CW) and Quadrature phase shift keying (QPSK) [32]. In these cases, these features can help
to divide the types of modulation into small groups for the complex training data set. Only
the AM-SC and QPSK are distinguished exactly at the end in the simple dataset. It is obvious
from this research that the variances are helpful, which help to distinguish the QPSK

modulation from others.

In this paper [32], kinds of neural network pattern classifiers and maximum-likelihood
pattern classifiers are compared. The Back-Propagation Network (BPN) from the neural
network classifiers and the maximum-likelihood classifier have a better capability compared
to the Counter Propagation Network (CPN) from the neural network classifiers and the
minimum distance (MD) classifier. However, the overtraining occurs for the fixed data set in
BPN, where the accuracy decreases from 95.6% to 91.2% at 24dB SNR. As actually
happened to this SNR level, the accuracy must decrease a lot around 10dB SNR and must be
less than 95% at least. In this way, these features should be considered, and other classifiers

should be compared in further experiments.

Besides the features introduced previously, the high order cumulants also play a critical role
in the AMC algorithm. Cumulants are proposed to represent the moments in an alternative
way and the moments can measure the functions quantitively [33]. Cumulants are derived
from the cumulant-generating function, which is the natural logarithm of the

moment-generating function of a random variable. One of the most useful properties of
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cumulants is the additivity for independent random variables. The baseband signal can be
writtenas ()= () + (), where s(?) is the transmitted signal, n(?) is Gaussian noise and
r(t) 1s the received signal. Generally, the transmitted signal and the Gaussian noise are

independent in the channel. The m-th order cumulants can be written by (1).

~
(7
Il

(+)
= ()+ () (1)

Also, the second-order cumulant, fourth-order cumulant and sixth-order cumulant are:
()= [24=(C[D? (2)
J)= [M-4[°[1+6 [2IC[D*=3C[D* (3)

s()= [°1—=6 [°] [1+15 [*IC [ D*—30 [°IC [ D*+
30 [21C [ D*=6([D° (4)

E[ ] denotes the expectation operator. These cumulants are used in signal processing,
especially for AMC. As the Gaussian noise is a Gaussian distributed random variable, the
cumulants of order higher than two are zero. In this way, high order cumulants are statistical
measures which can capture the non-Gaussian characteristics of the signals. The signals can
be processed without the interference of the Gaussian noise, which improves the performance

of AMC in a low SNR area.

When the higher order cumulants of the received signals are calculated, the part of the
Gaussian noise is zero and the signals are now independent. After extracting the features, the
Support Vector Machines (SVM) is applied in the recognition process. The exact value
ranges to distinguish the digital modulation types are illustrated in the paper, which should be
considered in following study. The high order cumulants will be applied in this study [33],
although the values could change because of the different representations of signals. The
accuracy stretches to 96% at around 10 dB SNR for 200 samples. When the number of
samples increase, the accuracy also improves. However, the probability of correct

classification is between 50% to 70% at around 0dB SNR, which still needs to be improved.
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The eighth order cumulant is also employed [34]. In this case, more types of digital
modulation are recognised, such as BPSK, QPSK, Offset quadrature phase-shift keying
(OQPSK), 8PSK, 16PSK, 4PAM, 8QAM, 16QAM, 32QAM and 64QAM. This system also
applies the decision tree as the recognition part. The frequency offset is added to avoid the
degradation of the AMC system, which improves the performance efficiently. The accuracy
of this system can reach 70% at 10dB SNR for 500 samples and increase to 91% for 3000
samples. However, the timing error is ignored which may lead to a failure in the real

application.

According to the timing error, the cyclic cumulants are utilised. Whilst the research also
works on the high order cumulants [35][36], the analysed signal model is actually circular
which is the function with the Fourier components. Cyclic cumulants work similar to the
system in [32], yet perform better, especially for less input training data needed. In this model
[36], the average probability of correct classification nearly reaches 88% for detecting QPSK
and QAM16 at 5dB. There is the limitation, where classification only works between specific

modulation pairs. The classification performances are not considered in lower SNR areas.

Compared to the previous classifiers, the binary hierarchical polynomial classifiers are also
proposed. The high order cumulants are extracted as the main features to classify M-PSK and
M-QAM modulations. This could achieve the 100% correct classification at 20dB by 512
symbols [37]. After evaluating the performance of the other classifiers, a hierarchical
polynomial classifier works better than SVM with the probability of correct classification, i.e.
96.49% compared to 91.23% at 10dB SNR. However, when the SNR decreases to 0dB, the
probability of correct classification stays at around 65%, which is the challenge for

optimising the system.

2) Neural Network Classifier

Machine learning has evolved to a popular technology associated with a wide range of tasks.
To achieve automatic modulation recognition and demodulation, the distinction is
necessary[38]. There are 32 expert features extracted as the learning features to develop the

Convolutional Neural Network (CNN) from 8-time lags [39].
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Figure 2 Structure of CNN

As Figure 2 shows, there are two convolutional layers and two dense fully connected layers.
The characters of the signals can be captured by the two convolutional layers and the feature
map can be produced by these two layers. After that, the features can be learnt by the two
sequential layers. Finally, the results of the classification are output. The networks classify
both digital modulations and analogue modulations. The running time is less than the SVM
classifiers, which implements better performance at 0 dB SNR. The overall accuracy of
87.4 % is achieved from -20 dB to 20 dB SNR, and also achieves around 80% at 0 dB SNR.
It has the potential to develop in the range and amounts of modulation types of detection.
However, there is a lack of investigation about the other kinds of filters, layers and structures,
which should be in the comprehensive experiments. In this case, the misrecognition between
8PSK and QPSK still occurs at 18 dB SNR, although the classification accuracy of other
modulations is nearly at 100 %. From -10 dB to -5 dB SNR, the accuracy decreases
dramatically, which is around 20 % at -10 dB. The accuracy should be improved at low

SNRs.

To eliminate the complexity of the system, the pre-processing such as high order cumulants
capture can be removed. The deep learning classifier is trained in one end-to-end part, which
also devotes itself to the radio traffic sequence recognition and protocol recognition [40].
Two convolutional layers are set at first, followed by two fully connected layers. A couple of
kernels consist of each whole layer, whose function is convolution. After convoluting by the

kernels, the features are passed to the sequential layers like pooling layers and fully
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connected layers, where the kernels are the feature detectors. The results of recognition are
finally obtained. The format of input data also influences the classification results. The
received signals, which are represented in Amplitude/phase format work as the input of the
AMC system, can get better detection accuracy than the signals represented in I/Q format and
frequency domain data when the SNR is higher than 4 dB. It is shown that CNN with 1/Q
representing can achieve higher accuracy under 4dB SNR, such as 76% at 0dB SNR. It is
nevertheless true that the data captured from the signal generator in the next section is still in
an I/Q format, which requires the pre-processing of the format conversion. In another study,
the raw 1/Q data normalised to unit variance works as the input directly [41]. The results
demonstrate the excellence of the residual neural network (RNN) compared to the CNN,
which achieve the similar accuracy of the previous system [40]. Thus, the architectures of the

system and parameters of the training part all influence the recognition results.

A Deep Neural Network (DNN) based approach is proposed by 21 statistical features,
including high order cumulants and deviation of the input signals. Features like kurtosis and
skewness are also employed in the system, which is utilised in the earlier studies. It is
significant that this learning structure [42] reaches nearly 100% accuracy at -5 dB SNR
compared to the 70% accuracy of the conventional artificial neural network. In this case, the
features and structure of the neural network should be evaluated in the following experiments.
Overall, the challenge for these models is to define the detailed parameters and layers to

elevate the accuracy of AMC models.

2.2.3 Other Types of Classification

As the CNN architecture is famous as its ability to process images, to recognise the
modulation types, the images of constellation are used as the input training data set with the
labels of the names of modulations [43]. This is because constellation diagrams are clear to
observe the characters of each digital modulation type and they make a good use of the
capability of CNN and achieve the accuracy around 75% at 0 dB SNR. This model only
explores the -4 dB ~14 dB SNR areas. The challenge of this study is that the data conversion

procedure from complex samples to images indeed incurs information loss due to the limited
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resolution of images. The data enhanced conversion which can keep more original

information should be considered.

There is also a method to distinguish BPSK linear frequency modulation, Costas codes, Frank
codes and poly-codes (T1, T2, T3 and T4). Different from the constellation recognition, the
image of waveform detection is proposed [44]. However, it is hard to capture the waveforms
from the real world and recognise each type from a mixture of signals and noise, which is
only useful to analyse single classification. Particularly during the low SNR, it is not easy to
attach the labels on the raw data, which will be a difficult problem in the following chapters,

with little potential to develop this technique further.

2.3 Image Classification

Image classification is a central problem in the field of computer vision and has gained
significant attention in recent years with the advancements in artificial intelligence (Al) and
deep learning algorithms. The objective of image classification is to assign a semantic label
or class to an image based on its visual content. This task has numerous real-world
applications, such as object recognition in autonomous vehicles, face recognition in security

systems and image categorisation in image retrieval systems.

Convolutional Neural Networks (CNNs) have emerged as the state-of-the-art method for
image classification. The AlexNet architecture is proposed [45]. It demonstrates its superior
performance on the ImageNet dataset. This study establishes the efficacy of deep CNNs in

image classification tasks.

Subsequently, the Very Deep Convolutional Networks are introduced [46], known as VGG,
which demonstrate the importance of increasing the depth of CNNs for improved
performance. Their study shows that very deep networks could outperform shallower
networks in image classification tasks. Recently, transfer learning has emerged as a
promising approach for improving the performance of image classification systems [47].
Transfer learning allows pre-trained CNN models to be fine-tuned for a target task, reducing

the need for large amounts of annotated data and avoiding overfitting.
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Other approaches, such as Support Vector Machines (SVMs), Random Forests (RFs) and
Deep Belief Networks (DBNs), have also been applied to image classification with different

performance, strengths and weaknesses.

In this situation, image classification with AI has made substantial progress with deep
learning approaches, particularly CNNs, demonstrating exceptional performance. Transfer
learning has also proved to be a powerful technique for improving the performance of image

classification systems, which is employed in this work.

2.4 Summary

This chapter introduces the general 6G developing trends and the Al techniques involved
with wireless networks, which provides a background knowledge of the communication
system. The main part of this chapter is the state of art of AMC technology. Different AMC
models are introduced, and the results are compared under the same SNR levels. The
challenges are also indicated. Finally, the image classification techniques are introduced

which are involved in the following chapters.

Compared to the pattern algorithms, the performance of statistical algorithms is worse. The
pattern algorithms have a good use of the characteristics of the signals. The Al models of
pattern algorithms provide significant improvement. Whilst the other types of AMC models
demonstrate innovated ways of classifying the signals, the models come with some other

limitations.
For the AMC models mentioned in this chapter, the main challenges can be concluded as:

1. Limited classification SNR range and limited modulation types. The models are not

generally applicable.

2. To achieve the higher possibility of correct classification, adjusting the detailed

parameters and layers of CNN is complex.

3. Part of the original information or the characteristics are lost.
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There are also detailed challenges based on the specific models mentioned earlier. However,
the overall target is to improve the performance of the classification, especially at low SNR

areas; at the same time, the models should be applied to more scenarios.

After analysis of the extant literature, the feature-based approaches indicate better
performance with a higher possibility of correct classification, and they have more potential
area to improve. Some of the papers use the high-order cumulants and some of them utilise
variances. According to the papers which use high-order cumulants, each work has different
features and different kinds of classifier. It is also shown that cumulants, variances and other
features are token advantages with DNN. In this way, the features are also considered in the

following chapters.

According to the papers using statistical classifiers, their value of features to classify the
modulation types are fixed, and the only way to elevate the accuracy is to increase the
samples, although overtraining happens. Amongst the studies, CNN is a significant classifier
with very good capability. Different papers propose different accuracy compared to RNN and
DNN with different input variables and different neural network structures. In this case,

different kinds of neural network are built and compared in the following chapters.

Based on the different structures mentioned previously, there is not an experiment to compare
them with all the features. For the features used in the pattern recognition, high order
cumulants and other kinds of basic parameters such as variances should be analysed together
to strengthen the classification system. Different network structures, filters and input

variables are investigated in this work.
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Chapter 3 AMC with Constellation Images

This chapter indicates the method of AMC with constellation images, which is inspired by Al
techniques and takes advantage of image classification. The constellation images are captured
from -10dB to 20 dB to provide enough training data. Four different DL networks structures
are introduced and compared. Based on this, the hybrid model is also developed and

compared to the model only using the constellation images.

3.1 Introduction

As the situation of precious spectrum resources and the high occupation, Dynamic Spectrum
Access (DSA) is involved in mitigating the crowded circumstances. In this situation, AMC
devotes itself to the efficiency of signal classification. In previous studies, people indicated
many techniques with which to be associated, and these can mainly be divided into statistical
algorithms and pattern algorithms. At the same time, Al technology improves the accuracy of
detection and reduces the complexity of calculation. With inspiration from this biomorphic
technique, this chapter introduces the AMC with Constellation Images (CI). To improve the

classification performance, the hybrid model is introduced.

In [48], there is only simulated data, yet in the journal paper [49], there is simulated data from
MATLAB and collected data from Ettus. The Ettus E310 is a software-defined radio (SDR)
platform developed by Ettus Research, which seamlessly integrates an RF frontend with
baseband processing and I/O functionalities with an operational frequency range spanning

from 70 MHz to 6 GHz.

The statistical algorithms from existing studies requires some calculation of the different
features [28], which only considers classification from 6 dB SNR, and the probability of
correct classification is less than 80% at 10dB. The high-order-cumulants and SVM model

21



are introduced with 50% around 0 dB SNR [33], which improve the classification results. The
limitation of low accuracy and limited classify modulation types are the motivation for this
study. After the traditional methods, CNN is approved with less running time than SVM [39],
which shows the outstanding performance. In this way, the Al techniques are involved in this

part.

The innovative contribution of this chapter is the model of AMC with CI, which uses the
constellation image to classify the modulation types with transfer learning. The hybrid model
also improves the results based on AMC with CI, which also includes the statistical features

into the model.

This chapter is organised as follows: in section 3.2, the signal models and modulated data
collected in different ways are introduced and compared. The data simulated with MATLAB
in different SNR levels with phase lock are provided to show the ideal modulated signals.
After that, the SDR equipment is built up in the lab for the signal collection system. The data
collected in the lab without phase lock is also introduced and compared with MATLAB
simulated data. In section 3.3, four kinds of deep learning structures are introduced for image
classification. A hybrid model is also developed based on deep learning. In section 3.4, the

results of AMC with CI are analysed.

3.2 Signal Models

In this section, the model of the signals and system are introduced as the background features.
All the models involved are all based on this model. Constellations and statistical features are
all collected and calculated according to the system model. After that, AMC with CI, hybrid
model and AMC with GRF are utilising the features for the consequent DL models.

As the original transmitted signal is defined with s(¢) which passes through the additive white
Gaussian noise (AWGN) channel in baseband, the noise is defined with n(?) and r(?)

represents the received signal. The system can be described by (5).

(= 0+ () (%)
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The time is represented by £ which provides a method of indexing or referencing the value of
a signal at different moments. (") is the original signal which transmits through the additive
white Gaussian noise (AWGN) channel, and n(z) represents the noise applied to the signals.
Here, the original signal and the received signal are indicated, and the data is collected with

the in-phase and quadrature components (7/Q).

With the demand of features calculation and analysis, the raw data should be represented by

convention using in-phase and quadrature components in (6).

[1= T[1+ [] (6)

[ ] represents the i-th sample of a discrete complex signal. [ ] represents the i-th sample
of the in-phase component of the signal. [ ] represents the i-th sample of the quadrature
components of the signal. Hence, the signals are composed of a real part and an imaginary
part, representing the characters of their constellation diagrams. All the statistical features and
constellations are calculated and captured by this model. Furthermore, the data captured by

the lab test hardware is also read as I/Q data [41].

The four kinds of modulated signals investigated and applied in this study are: BPSK, QPSK,
8PSK and QAM16. There are 100 symbols which are utilised, and then sampled at the rate of
50 samples per symbol.

SNR is also an important metric to describe the noise and represent the signals in the real

world, here defined by (7).
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In this study, signals are considered from -10 dB to 20 dB SNR. Note that the focus of
previous studies was on the classification above 10 dB SNR [50]. The SNR value less than 0
dB is important and should also be tested, to improve the performance in distinguishing
between modulation types. The models have been developed from -10 dB to 20 dB SNR to

provide a comprehensive dataset.
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At the same time, the system is without phase lock or frequency lock. Phase lock refers to the
condition where the phase difference between two oscillating signals remains constant over
time. Frequency lock refers to the condition where two oscillating signals maintain the same
frequency. In communication systems, the accurate reception, demodulation and decoding of
a signal often require the receiver to be synchronised with the transmitter in terms of
frequency and phase. However, in this work, the classification models can work without

them.

Signal model is building at the start of this work, for simulating signals, measuring and
testing some properties of the signals. It is employed in the simulation in MATLAB first, and
then tests the signals collected from the lab. For the signals collected from the lab, it is
obvious to see that there is Gaussian Noise coming with the signals, and also Thermal Noise

coming through the channel.

Thermal noise is created by the thermal agitation of the electrons in the various elements that
build up the receiver [51]. Normally, the thermal noise is well-approximated by a Gaussian
distribution. However, in the digital systems, the analogue-to-digital conversion process
introduces quantisation noise, which may interact with thermal noise in complex ways. The
Noise as an internal noise cannot be eliminated. For the measurement of the practical signals,

the SNR level is calculated by the voltage amplitudes of the received signals, (8), (9), (10).

=20 10(—) (8)
=7+ 2 ©)
1 _ (10)
is the voltage of signal, is the voltage of noise. The amplitude of the complex signal

V' can be calculated by the in-phase component of signal, / and the quadrature component of
signal, Q. The can be calculated by (10). represents the magnitude of the i-th sample

of signal and # is the total number of samples.
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3.3 Constellations of Collected Data

As the technique indicated in this chapter is AMC with CI, the Constellation images are the
main data involved in this chapter. Constellations can reflect the signals which are modulated
by digital modulations in a complex plane as scatter diagrams. Signals with different
modulation types have different constellation images. In this case, AMC with CI takes good
use of this point based on the physical characteristics of the constellation images. For the
deep learning following, the building of the dataset is the first and vital step. In this section,
the constellations are introduced in detail and under different conditions. Four kinds of
modulation type are considered, BPSK, QPSK, 8PSK and QAM16. The constellation images
are collected in two main paths. The first group of data is simulated by MATLAB. After that,
the hardware system is built to test the signals without phase-lock going through the wire.

The simulation data will also be tested later as contrasts.

3.3.1 Simulated Data

Before testing the signal data in practice, the simulation is considered. According to the
theory of each digital modulation type, modulated signals are simulated by MATLAB. The
constellation images are observed and collected at the same time. In this section, the
constellation images at different SNR levels are compared, and their physical characteristics
are observed. After these, constellation images under proper conditions are utilised as training
and testing datasets for the CNN, which is a part of the AMC algorithm. To find out the

proper conditions, constellation images under different conditions are shown as follows.

First of all, the sample rate is considered. To build up the dataset of constellation images for
the CNN, it is essential to produce clear images to be classified. The sample rate is the first
variable to be confirmed for the constellation generation. There are 100 symbols utilised for
the MATLAB simulation. To consider the influence of the sample rate, the number of

symbols is fixed for this section.
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Figure 3 Constellations of 8PSK at 20 dB SNR with different sample rates

Figure 3 indicates the constellation images of 8PSK at 20 dB SNR, yet with different sample
rates. The sample rates are 50, 100, 200 and 500 samples per symbol. It can be observed that
the constellation image is clearer with 50 samples per symbol, which is also easier for CNN
to classify. There are narrower gaps between the groups of dots with 200 samples per symbol.
This difference is not obvious nor is it convincing enough. Consequently, the constellation

images at 10 dB SNR are applied.
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Figure 4 Constellations of 8PSK at 10 dB SNR with different sample rates

Constellation images of 8PSK with the same sample rates at 10 dB SNR are shown in Figure
4. It is obvious that the constellation image with 50 samples per symbol has clear
characteristics. Also, the distribution shape is more similar to the constellation image at a
higher SNR level compared to the other three. However, the sampled symbols cannot be
lower than 100 symbols for this case. This is because there are too few sample dots to sketch

the constellation images which can be classified easily by the CNN later.
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Overall, the sample rate is set at 50 samples per symbol with 100 symbols for the rest of the
simulation in this section. This sample rate is for data collection not for simulating the real
AMC system. After setting the sample rate, the constellation images at different levels are
provided and compared as follows: BPSK, QPSK, 8PSK and QAM16 are simulated from -10
dB to 20 dB SNR.
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Figure S Constellations of BPSK, QPSK, §PSK and QAM16 at 20 dB SNR
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For the Deep Learning model and the first part of the hybrid model, the main principle is
image classification. To be applied by Deep Learning, the data of modulated signals are
transferred to the constellation images. Figure 5 shows the constellations as examples of the

four modulations at 20 dB SNR.
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Figure 6 Constellations of BPSK, QPSK, §PSK and QAM16 at 10 dB SNR

Figure 6 indicates the four modulation types at 10 dB SNR. The constellation images still can
be detected clearly by the eyes because of the specific shapes of each modulation type. The

constellations begin to be blurred due to the increased Gaussian noise.
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Figure 7 Constellations of BPSK, QPSK, 8PSK and QAM16 at 0 dB SNR
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Constellation of BPSK at -10 dB SNR
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Figure 8 Constellations of BPSK, QPSK, 8PSK and QAM16 at -10 dB SNR

Figure 7 and Figure 8 provide the constellation images at 0 dB and -10 dB SNR, which
means plenty of noise is introduced for the situations. Compared to Figure 5 and Figure 6,
significant differences cannot be found between the constellation images at lower SNR levels.
In this way, a slight difference can still be observed between BPSK and the other modulation
types, as shown in Figure 7. The constellation of BPSK is a n oval shape in Figure 7, and the
constellations of the other three modulation types are nearly a Gaussian noise. Although the
shapes of the rest of the three modulation types look similar, there is still a difference
between the amplitudes of the constellations, particularly making QAM16 distinguished from

the rest modulation types.
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After discussing the differences between the constellation images at the same SNR level, the
difference across the different SNR levels should also be considered. All the constellation
images are plotted into a complex plane, yet each of them has its own characteristics. It can
easily be distinguished with eyesight at higher SNR levels, as shown in Figure 5 and Figure 6,
and the constellations are not clear enough for observation with the induced Gaussian noise,
as shown in Figure 7 and Figure 8. Although the constellation shapes of the modulation types
look similar at the low SNR area, the scale of the amplitudes of the constellations differs
from different SNR levels, which can be found in the figures with different scales of

Quadrature and In-Phase.

From the examples of generated simulation data above, the physical characteristics of the
four modulation types from different modulation types can be seen, although some of them
are not easily recognisable to the eyes. Consequently, the constellation images are suitable for
the DL inspired by image classification. The constellation images are collected with 50
samples per symbol and from -10 dB to 20 dB SNR by step of 1. After the MATLAB
simulation, the practical signals should also be considered. The system, consisting of

transmitter and receiver, is built up to simulate the digital modulated signals in practice.

3.3.2 Lab Collected Data

The simulation data collected from MATLAB can be employed as references and contrasts
for this section to find the difference and further analysis. In this section, the system is built

to simulate the practical situation.

This system is built with a transmitter, receiver and cables. The signal generator, Agilent
E4437B, is employed as the transmitter. The receiver is the SDR Ettus E310, which is
connected to the laptop. The signals are collected and plotted by MATLAB after receiving
them from the SNR. All the equipment is connected with cables. The PN15 sequence is
utilised as the baseband RF signal. The symbol rate was 100 ksps and the sample rate was 2
MHz.
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Figure 9 Photograph of the lab transmission system

Figure 9 shows the connection of the hardware system. The specific types of equipment are
labelled in the photograph for instruction. The different modulated signals are simulated by
setting the signal generator. The modulated signals are transmitted through the cable and
received by the SDR which has the receiving function. To read the data collected by SDR,
MATLAB is a platform to connect the SDR and plot the signals in the time domain,
frequency domain and constellation images. The data is saved to be analysed in the following

section.
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Figure 10 Constellations of BPSK, QPSK, 8PSK and QAM16 with raw data

The raw data collected from the signal generator is shown in Figure 10. When the number of
sample dots increases, it is hard to distinguish the constellation images without phase and
frequency lock in the system. The sample dots rotate all the time which cannot be ignored
because all the constellations look like annuli in the image with enormous sample dots. For
the examples shown in Figure 10, the constellation images can still be distinguished. Once
the AMC with CI is involved in a dynamic transmission system, the unprocessed received
data cannot be observed and classified by the algorithm. In this situation, dividing the data

into small groups is reasonable for the AMC in the next step.
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Figure 11 Constellations of BPSK, QPSK, 8PSK and QAM16 with 200 samples
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Figure 11 indicates the images of the first 200 samples of the received data as small groups,

which is clear to observe the distribution of the sample dots of each modulation type.
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Figure 12 Constellations of BPSK, QPSK, 8PSK and QAM16 with different samples

After observing the first group of 200 samples, the small groups are also built into 300, 400
and 500 samples as one group and plotted into constellation images. As shown in Figure 12,
the examples of constellation images of BPSK with 200, 300, 400 and 500 samples. It also

provides the progress of the rotation from the system without phase and frequency lock.

In this scenario, the small groups provide clear constellation images for the AMC with CI. If
there are too fewer sample dots in the constellation, the characteristics of the modulation
types cannot be found. The dataset consists of the constellation images of each modulation

type with 200, 300, 400 and 500 samples. There are 2000 images for the algorithm with 70 %
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of the images utilised for training, 20 % of images for the validation process and the

remaining 10 % used for testing: proportions as used by others [52].

3.4 Deep Learning Structures

In this section, the Deep Learning models are introduced. These models include one CNN
model and three pretrained Transfer Learning models. The dataset for the DL is the
constellation images collected from section 3.2. Both MATLAB simulated data and

lab-collected data are tested with the DL models introduced in this section.

Received signals

l

Pre-process

l

constellations

l

CNN

|

Prediction of each
modulation type

Figure 13 System structure of AMC with CI

Figure 13 indicates the system graph of AMC with CI. The raw data is collected and
processed to generate the constellation images with the proper number of data samples. After
collecting sufficient data, they are fed to the CNN as the training dataset and the testing
dataset. After that, the CNN will provide the prediction of modulation types and the accuracy

overall. The specific CNN structures are introduced in the following sections.
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The first structure is the one which CNN developed from the Iris model. At the beginning

stage of developing a CNN model for image classification, the Iris Model is a classical model

to be considered and started with. The Iris dataset is a classic dataset used in machine

learning and consists of 150 samples of iris flowers with four features each: i.e. sepal length,

sepal width, petal length and petal width. The goal is to classify the flowers into one of three

species (setosa, versicolor or virginica) based on their features. This CNN model developed

from the Iris model is not pretrained, which is used as a contrast to the CNNs in Transfer

Learning in the next section.
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Figure 14 Structure of CNN

This model is created as a development from the Iris recognition case. The main structure is

shown in Figure 14. The model is created by classifying the Iris images first, then revising the
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parameters, whilst keep the same model structures to classify the constellation images. The
convolutional layers are followed by the batch normalisation layers and ReLu layers in the
system. Two max-pooling layers are set between the other three convolutional blocks, which
can down-sample the input data and reduce the risk of overfit. The convolutional layers can
capture the physical features of the images by the filters, such as the profile and grayscale of
the images. In this way, the convolutional layer is significant in being able to influence the
classification of the images. The batch normalisation layers can normalise the input channel.
The ReLu layers calculate the threshold for the elements [53]. Fully connected layers are
used in the final layers of a neural network to make predictions based on the learned features
of the preceding layers. The Softmax function maps the outputs of the previous layer to a
probability distribution over multiple class. The resulting output can be interpreted as the

predicted probability of each class.

Transfer learning is a subfield of machine learning that aims to leverage knowledge learnt
from one task to another related task. The main idea behind transfer learning is to use the
knowledge learnt from a source task to initialise a model for a target task, which requires
much less labelled data to achieve a good performance. This approach has been shown to be
particularly effective in computer vision, natural language processing and other areas where
there is a shortage of labelled data. With their outstanding performance, three Transfer

Learning model are introduced in this work.
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Figure 15 Structure of SqueezeNet
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SqueezeNet is a small deep neural network architecture designed for efficient computation on
low-power devices like smartphones and laptops. The main structure is shown in Figure 15.
The size of each input image is 227-by-227 pixels [54]. This network has millions of
parameters, making it one of the smallest deep neural networks, which is 50 times smaller
than AlexNet with equivalent accuracy. SqueezeNet has input layers, convolutional layers,
fire modules, pooling layers, dropout layers and output layers. The dropout layer is used for
regularisation to prevent overfitting and the pooling layer can reduce the spatial dimensions

and computational cost.

The main building block of SqueezeNet is the Fire module, which aims to reduce the number
of parameters and computation required for deep neural networks. It consists of a squeeze
layer, which reduces the number of feature maps by using 1x1 convolutions, followed by an
expand layer, which increases the number of feature maps using 1x1 and 3x3 convolutions.
The squeeze layer compresses the spatial dimensions of the input whilst maintaining its rich
information. In the meantime, the expand layer restores the spatial information and increases
the depth of the network. The Fire module is designed to improve the accuracy and efficiency
of SqueezeNet by reducing the number of parameters and computation required, whilst still
retaining the ability to learn complex features from the input data. The Fire module repeats
multiple times in this network, which helps to build a deep, lightweight architecture capable

of achieving good performance.
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GoogleNet, also known as Inception-vl, is a deep convolutional neural network architecture
that was introduced and pretrained to classify the images into 1000 categories and 365 places.
The input image size is 224-by-224 pixels [55]. The main structure is shown in Figure 16.
GoogleNet consists of multiple Inception modules, which aims to capture both the spatial and
channel-wise information in the input data. Each Inception module consists of several parallel
branches, each with a different filter size, such as 1x1, 3x3 and 5x5, as well as pooling layers.
The outputs from each branch are concatenated, producing a combined feature representation
that captures information at different scales and in different ways. This allows the network to
learn a more diverse range of features, improving its ability to represent the input data and

make accurate predictions.
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Inception-v3 is the updated version of the Inception network architecture, first introduced in
2014, which increases the accuracy and efficiency of the network. The Inception-v3 has 48
layers and was trained by over a million images to classify into 1000 categories [56]. The
input size is 299-by-299 pixels. Inception-v3 also includes more complex and efficient
Inception modules, which allow the network to learn features at multiple scales and in
multiple ways [55]. Inception-v3 uses batch normalisation and rectified linear unit (ReLU)
activations, which are not used in GoogleNet, to improve the convergence of the network

during training. In this way, Inception-v3 represents a significant improvement.

Overall, the size of the images need to be modified before feeding to the models, in order to
fit the input size criteria. The final learning layers are modified, to provide only 4 outputs,
corresponding to each of the modulation types. In our experiments, 70 % of images are used
as training and the rest are used as validation. Images are rotated in -90 to 90 degree steps
(representing constellation phase errors) and the images are rescaled from 1 to 1.5 randomly
(representing amplitude variations), which can help to improve the amount of training data
and avoid overfitting [43]. Each DL model uses 10 times the iterative experiments. During
these experiments, the models are trained to adjust the new dataset by getting feedback from
the experiment results. The novelty of this part is the application of the transfer learning,

which avoids the need to adjust the parameters and details of the Al models.

3.5 Hybrid Model

During the testing process of the CNNs in session 3.4, the prediction is not robust enough at
low SNR levels. At the beginning of the AMC with CI experiments, the system cannot
always distinguish the modulation types at low SNR levels. Figure 18 indicates an example

that one of the classifications of GoogleNet detecting QAM16.
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Figure 18 Detection of QAM16 at 0 dB SNR

As shown in Figure 18, the probabilities of the system prediction of QAM16 are quite similar,
especially for the predicted results which are QAM16 and BPSK. That means that there is
still a risk to detect the QAMI16 as BPSK by any chance. To avoid this situation and
improve the accuracy of the prediction at low SNR levels, the statistical features of the
modulated signals are induced. In this situation, the hybrid model is provided as an

application of the statistical features based on previous CNN models.
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Figure 19 System structure of Hybrid model

Figure 19 provides the system structure of the Hybrid model. As shown in Figure 19, DL is
utilised at first, and the statistical features of the signals are applied to the second process for

the classification.

The decision tree algorithm is involved in the second process. The Hybrid model is an
intermediate model, the statistical features are introduced in Chapter 4. The statistical features
are captured and compared to classify the modulation types. The calculated values of the
statistical features are introduced in Chapter 4. Based on the traditional Machine learning
method, the features which can obviously help to distinguish the modulation types are chosen

to help classify them are discussed later in this thesis.
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3.6 Results

After all the experiments of AMC with CI and the last developed Hybrid model, the results
are analysed in this section. In Figure 20, the results are shown from the four CNN models.
The CNN which was developed using the Iris case performs worse than other traditional DL
methods. This is likely due to the structures and coefficients of this CNN variant potentially

being very sensitive and thus will significantly influence the classification system.

The other three models are also forms of CNN, although they have more complicated
structures, and they are pre-trained by millions of generic images. Although the images
applied for pretraining are not the constellation of modulated signals, they can also help the

models classify the images by modifying the coefficient iteratively and repeatedly.

100 General accuracy of the Deep Learning with CI

—#— CNN with data collected from Ettus
©— CNN with data simulated by Matlab
90 SqueezeNet with data collected from Ettus
—e— SqueezeNet with data simulated by Matlab
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80 || —— Inception-v3 with data collected from Ettus
—o&— Inception-v3 with data simulated by Matlab
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Figure 20 General accuracy of the AMC with CI

Figure 20 shows the general accuracy of each DL model at different SNR levels. The general

accuracy means the probability of correct classification which can be defined as:
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The data are also collected in two ways: simulation in MATLAB and lab signals from the
Ettus. For the low SNR area, both sources of the data have significant noise. That is why the
accuracies of both are quite similar and low. From Figure 20, it is obvious that the
Inception-v3 shows the best performance over the whole detection range when compared to
the CNN, SqueezeNet and GoogleNet. With the updated depth and complexity of the network,

Inception-v3 has a significant increase of accuracy, especially around 10 dB SNR.
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Figure 21 Detection of AMC with CI at 10 dB SNR

49



Confusion matrix of recognition at 0 dB SNR (%)

BPSK

QPSK

8PSK

QAM

BPSK QPSK 8PSK QAM

Figure 22 Detection of AMC with CI at 0 dB SNR
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Figure 23 Detection of AMC with CI at -10 dB SNR
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Figure 21, Figure 22 and Figure 23 show examples of the classification results from AMC
with CI at 10, 0 and -10 dB SNR. Based on the results provided in Figure 20, the confusion
matrices are collected by the results of the Inception-v3 model. They also indicate the
probability of when the AMC model output the classification results. At 10 dB SNR, the
classification is valid according to Figure 21. In general, the random guess detection rate
would therefore be 25% (since there are four possible modulation types). This model also
provides accuracy slightly higher than a random guess at -10 dB SNR, which cannot help in
the receiving system. The simulated data is used as a reference in the previous experiments to
choose the best Neural Network structure, so results utilise the data collected from Ettus SDR,
representing real world signals. From Figure 21, Figure 22 and Figure 23, the details of each

prediction can also be found.

According to the table in the previous work [48], the accuracy of this study is significantly
improved for two reasons. Firstly, the dataset is expanded, which includes all the SNR levels
to provide better training for the networks. After that, the CNN models run on 10 occasions
for the iterative experiment, which also makes the models adjust the parameters for the AMC

system.

Table 2 Detection accuracy of AMC with CI and Hybrid Model

SNR Levels (dB) Accuracy of AMC with CI Accuracy of Hybrid Model
-10 34.7% 57.3%
-5 44.3 % 62.1 %
0 51.4 % 67.7 %
5 85.6 % 88.3 %
10 89.0 % 95.1%
20 98.2 % 98.7 %
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Table 3 Comparison of AMC Techniques

Model name Detection accuracy
Maximum likelihood [28] Less than 80% at 10 dB
Log-likelihood functional [29] Less than 55% at -10 dB
Ph&D-GLRT and ADMP [31] Near 90% at 6 dB
High order cumulants and SVM [33] 50 % at 0 dB
CNN [39] 20% at -10 dB
AMC with CI 34.7% at -10 dB
Hybrid model 57.3% at -10 dB

After the testing of AMC with CI, the Hybrid model is employed. The results and comparison
with AMC with CI are indicated in Table 2. The Hybrid model shows the improvement
compared to the results from the AMC with CI. When the SNR level is over 0 dB, the
increase is slight. At the low SNR level, the Hybrid model performs its advantages with
improvements over 10%. According to these results, attention should be given to the

statistical features to refine the AMC technique.

The comparison with existing studies is indicated in Table 3. The first four AMC techniques
use the traditional method, and the overall limitation is the low accuracy especially at low
SNRs. The Ph&D-GLRT and ADMP show the good performance at 6 dB, although the
limitation is that the classification is only between the specific pairs such as QAMI16 and
16PSK. The high order cumulants and SVM provides the idea of high order cumulants, which
can be used in the later studies. The advantage of CNN model is its efficiency, as it uses less
time than the SVM model. However, the accuracy of CNN model should be improved.
Compared to these models, there are several contributions: first of all, the accuracy is
improved, and the detection areas are wider. Secondly, compared to the CNN model, this
study has a good use of transfer learning, which does not require complex progress of

adjusting parameters and structures of the networks.
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3.7 Summary

In this chapter, AMC with CI is introduced based on image classification. This section makes
good use of the original constellation images. The geometric characteristics are involved by
the CNNs. The signals simulated from MATLAB and collected in the lab are both tested.
Due to the thermal noise and the absence of the phase and frequency lock, the signals
collected in the lab have a worse detected accuracy. According to the results shown in section
3.4, the Inception-v3 contributes the best performance overall, which achieves a highest

accuracy of 34.7% at -10 dB SNR and 98.2% at 20 dB SNR.

After that, to provide better classification results in the low SNR area, the Hybrid model is
developed based on the CNN models. The Hybrid models increase the accuracy significantly.
Especially at a low SNR area, it achieves over 10% improvements of accuracy. This method
makes use of the statistical features of the modulated signals. The main principle of this
technique is to classify the signals by their statistical features after the process of AMC with
CI. The Hybrid model improves the prediction accuracy in some way, yet this method also
relies on the previous CNN, shows more complexity and it takes a longer time to process.
Consequently, the statistical features should be given more attention for the modulation

classification.
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Chapter 4 AMC with GRF

This chapter proposes a new algorithm, AMC with Graphic Representation of Features
(GRF), which presents the statistical features as spider graphs for DL. Modulation types can
be detected in a dynamic way without phase lock and frequency lock. The concepts are tested

and verified using simulations and RF data using a lab Software Defined Radio (SDR).

4.1 Introduction

To achieve the overall objective, improve the accuracy of AMC, AMC of GRF is indicated.
As the sequence of the models is developed from Chapter 3, which takes advantages of image
classification and develops the accuracy by additional statistical feature classification at the
last step. Attention should be also paid to the value of statistical features of the modulated
signals. AMC with GRF is proposed in this chapter as a result of the combination of

advantages from statistical features and image classification based on DL.

The statistical algorithm from existing studies requires some calculation of the different
features [28] [33] [39]. Although the classification results are not outstanding, these studies
still give an insight with the statistical features. The AMC technique with Al models have
some completive results [39], in which the results are not as good as SVM, although they take
less running time. The CNN model involved into Automatic Cognitive Radio Waveform
Recognition [44] also provide an innovative solution, which is also using image classification.
However, this model needs a pre-process of the waveform and different features to detect
different waveforms. To take both advantage of, and to develop the AMC with CI from
chapter 3, AMC with GRF is indicated.

To involve the image classification technology and the advantages of the statistical features,

GREF is proposed in this chapter. After analysing the statistical features of the four kinds of
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modulation types, twelve features are selected to help build the spider graphs. The spider
graphs, which are the training and testing data used for the GRF, are shown in detail below.
Both signal data collected from Ettus and simulated from MATLAB are processed and the

spider graphs are generated for the Neural Networks.

As previously stated, DL with CI and the hybrid model already provide the methods to
develop the AMC. However, the AMC with CI does not perform well enough at the low SNR
area. To explore the low SNR area, the GRF method is developed, inspired by the hybrid
model which also involves the statistical features. To employ both advantages from graphic
characteristics and statistical features, this chapter mainly indicates the new method, DL with
GRF. The main contribution of this technique is that is represents the statistical features of
modulation types graphically, utilised as the image classification dataset. With the GRF
technique, the overall classification accuracy reaches 58 % for 0 dB SNR and 86 % at 10 dB
SNR, compared to a random guess accuracy of 25 %. The details of the technique are

described in the following sections.

This chapter is organised as follows: in section 4.2, the statistical features involved in GRF
methods are introduced. There are 19 original features in total describing the characteristics
of the modulated signals. All of them are calculated and compared to be chosen as the
essential conditions classifying the modulation types. In section 4.3, the GRF method is
indicated, and it is utilised with deep learning as a new technique of AMC. In section 4.4,
according to the analysis of GRF and the AMC models, the results are shown and discussed.

The results from DL with GRF are also compared to the results from Chapter 3.

4.2 Statistical Features for GRF

In this section, the statistical features of the modulated signals are introduced and analysed
from -10 dB SNR to 20 dB SNR. These features can describe the physical characteristics of
the signals; some of them can be used for the classification, which are contributed for GRF.

The procedure of choosing the effective features is also indicated.

55



4.2.1 Statistical Features

The main purpose of the GRF method is to build the dataset of the spider graphs which can
represent the characteristics of modulated signals and help to distinguish the modulation
types from different SNR levels, so the 19 features prepared to be involved in GRF are

introduced as follows:

The signal power ratio of in-phase and quadrature part, , is extracted by

(11).

217
= 2] (11)

where the range of n is from 1 to N, where N is the number of the samples, i is the i-th

sample.

The standard deviation of the direct instantaneous phase, , 1s extracted by (12).

S O HC (12)

[ ] is the instantaneous phase which is defined by []= tan™! %

The standard deviation of the signal instantaneous normalised amplitude, , 1s extracted by

(13), and where a., is defined as the normalised-centred instantaneous amplitude by (14).

=FCL -G L) (13)

[1=——1 (14)
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Normalisation is required to compensate the Channel gain [57].

The standard deviation of the signal normalised amplitude of signal, 0y, is extracted by (15)

and (16) [42].

= FCLan-¢ L) (15)

[1= [—H-—1 (16)

The standard deviation can describe the statistical dispersion, with the above three types of
standard deviation results utilised for describing the signals in the main characteristics of
phase and amplitude [58]. As FSK is not considered in this work, the standard deviation of

the frequency is not required here.

The Mixed order moment of signals, g, is extracted by (17).

420) ([1%
= = 17
272007 01® an

The Mixed order moment is defined by the fourth order moment 4, and second order
moment, o3 of the signal. This feature employs the Joint Power Estimation and
Modulation Classification (JPEMC) algorithm [59], which is associated with the power of

signal and noise. This feature can represent the received power.
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The mean value of the signal samples, |, is extracted by (18).

[N

== 4l [l (18)
The mean value aims to describe the amplitude of the signals without normalisation.

The normalised square root of the signal, ,, is extracted by (19).

] oarn 29

, =
The normalised square root of signal can describe the amplitude scale of the signals.

The maximum value of power spectral density (PSD) is defined as (20).

|~

| C [DP (20)

[1 is given by (14), and the Parameter relates to the power spectrum of the
normalised instantaneous signals’ amplitude in the frequency domain, using the Discrete
Fourier Transform (DFT). As mentioned in [57], this key feature is used to discriminate
between FSK and PSK, the analysis of this feature is still worthy to see if it can contribute to

classifying other kinds of modulation type in this work.
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The Cumulants of signals are extracted by (21) to (27).

20= [ 2[1] (21)

= [l [14 (22)

0= n-3 % (23)

= a~-3 20 2 (24)

2= 22— 2*-2 3% (25)

63= 63—6 20 40— 9 a2 2a+18 5 x+12 3 (26)
g0= 8035 3028 go 20+420 4 —630 3 (27)

+, could be defined by [ [] [] ]. Cumulants and moments are widely used in a
variety of classification techniques, especially the high-order cumulants, which can reduce
the influence of AWGN [59]. Cumulants are the coefficients of the Maclaurin Series of the
generating function. They are proposed to represent the moments and the moments can
measure functions quantitively [35]. When the higher order cumulants of the received signals
are calculated, the effect of the Gaussian noise is removed and the signals are independent

[36].

The Kurtosis of signals, K, is extracted by (28).

| =1 DY
_| [( — [ D¥? (28)
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Kurtosis is a measurement of outlier-prone distribution, which describe the steepness or
flatness of the distribution of signals physically. According to the formula of moments and
Kurtosis, it can be found that the Kurtosis is also a high order statistic by involving the fourth

order moments [60].

The Skewness of signals, S, is extracted by (29).

_ |- D3
s (29

Skewness can describe the position of the tapering side of the distribution by indicating the
asymmetry of the data according to the mean value. Similar to the Kurtosis, Skewness is a
high order statistic by employing the third moment. Both the Kurtosis and Skewness are used

to measure the shape of the signal’s distribution, which helps to distinguish the modulation

type.

The Ratio of peak-to-rms, PR, is extracted by (30).

1P 30
S L (30)

PR indicates how the maximum absolute value relates to the RMS value of the sampled

signals.

The Ratio of peak-to-average of the signal, P4, is extracted by (31).
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N
= 31
E— (31)

PA describes the comparison between the maximum absolute value to the mean value of the
signals. The two impulsive features, PA and PR both require the maximum absolute value,
measuring the relation between the impulse and the signals. They can describe the shapes of

different signals in other aspects.

All the features are analysed under different conditions in the following section. Based on the

performance, the effective and robust features are chosen working into the GRF system.

4.2.2 Analysis of Features

Following all the statistical features presented in the last section, this section provides the
detailed analysis of each feature. The features are tested and calculated at different SNR
levels. After the calculation and comparison, some of the features are selected to contribute to

the building of the GRF technique.

First of all, each feature is calculated by the formulas provided from the last section. To make
the feature solid, each feature is tested 500 times for each modulation at the same SNR level
by generating 500 times different modulated data. For example, the mesh graphs of the
feature Kurtosis are presented in Figure 24, Figure 25, Figure 26, and Figure 27.
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As seen in Figure 24, Figure 25, Figure 26 and Figure 27, Kurtosis of BPSK, QPSK, 8PSK,
and QAM 16 is plotted as an example in four mesh graphs. In each graph, the x-axis is
labelled with SNR levels, the y-axis is labelled with the number of experiments, and the
z-axis is labelled with the value of the specific feature. The graphs are observed at the same
SNR level. If the value of the feature fluctuates across the experiment times, the mean value
will be employed for the following comparison. If there are several obvious spikes that show
a significant difference in magnitude at the same SNR level, the value will be calculated by

applying a threshold and ignoring the spike values.
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Figure 28 of BPSK
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Figure 31 of BPSK

Figure 28, Figure 29, Figure 30 and Figure 31 present the g3 of the four different
modulation types over 500 experiments at various SNR levels. The values from different
modulation types generally differ, making it easy to distinguish between the four modulation
types. However, it is not convenient to analyse and observe all nineteen features
simultaneously. Bar graphs have been introduced to facilitate the analysis of all the features
at the same time during the comparison session. As the values shown in the Figure 32 are in a
different magnitude, to sketch them into the same visualisable bar graph, some of the features

need to be taken in logarithmic form.

After processing the data properly, the features mentioned before are all indicated in the bar

graph for the next comparison session.
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Figure 32 shows the comparison of the statistical features between four kinds of modulated
signals at 10 dB SNR. The values presented in Figure 32 are calculated by the formulas in
section 4.2.1 and processed if required. All the features are calculated with the four kinds of
modulated signals. The calculated values are gathered in Figure 32. Each feature shows four
different values labelled by the different modulation types, which means that each
modulation has specific value of the statistical feature. The values of some features are

similar, whilst some are not. As shown in Figure 32, it is obvious that the values of

2 5

, 20, » 2 and o from the four modulation types are close. They cannot help to
classify the four modulation types; these features remain constant around fixed values. The

rest of the features are obvious enough to build up the GRF in the following sessions.

4.3 GRF

With the analysis of the features provided from previous section, the selected features are
calculated and build up to the GRF technique. GRF is a method of representing the features
into spider graphs and be utilised as the data for Deep Learning. The system structure of

Deep Learning with GRF is shown in Figure 33.
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Figure 33 Structure of Deep Learning with GRF

GREF is a novel method for graphically representing statistical characteristics. In this method,
data can be calculated from the dynamic receiving system without the need for phase and
frequency locking, and characteristics are consistently displayed. By utilising image data with
GREF, pretrained Deep Learning networks, along with existing advanced image classifiers,
can efficiently classify modulations. A crucial aspect of this AMC system is the extraction of
features into spider graphs, which represent all the relevant graphical features simultaneously.
There are four sets of spider graphs at -10 dB, 0 dB, 10 dB, and 20 dB SNR, which are shown

as examples for four modulation types below.
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Figure 34 Spider Graphs of BPSK, QPSK, 8PSK and QAM16 at -10 dB SNR
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Figure 35 Spider Graphs of BPSK, QPSK, 8PSK and QAM16 at 0 dB SNR
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Figure 36 Spider Graphs of BPSK, QPSK, 8PSK and QAM16 at 10 dB SNR
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Figure 37 Spider Graphs of BPSK, QPSK, 8PSK and QAM16 at 20 dB SNR

Figure 34, Figure 35, Figure 36 and Figure 37 explain the application of statistical features in
the spider graphs. Building on the previous sections, twelve statistical features of the
modulated signals have been chosen as the components of the spider graphs. These selected
features serve as the axes of the graph, allowing each modulation type to display its specific
values on the graphs. In cases where the values vary significantly in magnitude, an
appropriate logarithmic function is applied. The spider graphs consolidate the statistical
features into a unified visual representation. Consequently, different data groups generate
distinct spider graphs at varying SNR levels. As seen in Figure 34, Figure 35, Figure 36 and
Figure 37, at different SNR levels, each modulated signal shows the different form of
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representation. These graphs can be utilised as the data for the GRF systems. After collecting

the graphs, all the image forms are used for Neural Network based on image classification.

4.4 Results

In this section, the results of AMC with GRF are proposed from -10 dB to 20 dB SNR. The

data simulated by MATLAB and the data collected from Ettus are both tested by the four
CNN models.

General accuracy of the Deep Learning with GRF
1 T T T T

—+— CNN with data collected from Ettus

—e&— CNN with data simulated by Matlab
SqueezeNet with data collected from Ettus

—e— SqueezeNet with data simulated by Matlab
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GoogleNet with data simulated by Matlab

80— Inception-v3 with data collected from Ettus
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Figure 38 General accuracy of AMC with GRF over different SNR levels (all modulation types)
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Figure 39 Detection of AMC with GRF (Lab data) at -10 dB SNR
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Figure 40 Detection of AMC with GRF (Lab data) at 0 dB SNR
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Figure 41 Detection of AMC with GRF (Lab data) at 10 dB SNR

Figure 38 shows the general results of GRF with different Neural Network structures. Two
kinds of training data are collected and employed in the same network and the results are
compared: 1) from MATLAB simulation; and 2) the SDR platform in the lab. At low SNR
levels, both measurement and simulation produce similar accuracy. Compared to the
probability of random guess (25 %), the detection accuracy is significantly better for the
AMC with GRF approach. The Inception-v3 model also shows the best ability of

classification.

The accuracy was improved (especially at low SNR which reaches over 50 % with
Inception-v3 model) by training with the whole SNR range of data. The Detection results of
the four kinds of modulation types at -10 dB, 0 dB and 10 dB SNR are shown in Figure 39,
Figure 40 and Figure 41. The data to be utilised is collected from Ettus SDR, representing
real-world signals in Figure 39, Figure 40 and Figure 41. The model of AMC with GRF is

based on the inception-v3.

Compared to the results in Chapter 3, when the SNR is more than 10 dB, the detection
accuracy of constellation-based classification achieves close to 100 %. However, from Figure
38, the detection accuracy of DL with GRF is not as good as the CI model at high SNR level.
After comparison, the detection accuracy of CI classification increases from around 35 % at

-10 dB SNR to 50 % at 0 dB SNR. However, the detection of accuracy of DL with GRF
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increases with 52 % at -10 dB SNR to 58 % at 0 dB SNR. DL with GRF has shown its

advantages for low SNR usage cases. Hence, to improve the classification accuracy in low

SNR, the GRF classification can work as a supplement to CI recognition.

Table 4 Detection accuracy of DL with GRF

Model name Detection
accuracy

DL with CI 65.1 %

DL with GRF 69.3 %

Table 5 Comparison of detection accuracy at 0 dB SNR

Model name Detection
accuracy
SVM [33] 50%
Binary Hierarchical polynomial classifier [37] 56 %
DL with GRF 58.6 %

Table 6 Comparison of AMC Techniques

Model name

Detection accuracy

Maximum likelihood [28]

Log-likelihood functional [29]

Ph&D-GLRT and ADMP [31]

High order cumulants and SVM [33]

CNN [39]

AMC with CI

AMC with GRF

Less than 80% at 10 dB

Less than 55% at -10 dB

Near 90% at 6 dB

50 % at 0 dB

20% at-10 dB

34.7% at -10 dB

53.7% at-10 dB
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Table 4 shows the detection accuracy of different systems over the whole tested SNR range.
From this, it can be found that the DL system with GRF has the highest accuracy at 69.3 %.
From Figure 38, the Inception-v3 model with constellations can achieve near 100 % for more
than 10 dB SNR and this model provides the best results in the high SNR area. The DL
method with the GRF performs well in general results, especially for the low SNR.

Table 6 compares the defects in the results between different AMC techniques. AMC with
GRF shows the advancement compared to the other models. In comparison with the
traditional AMC techniques, AMC with GRF takes the advantage of statistical features like
these and provides a better accuracy. Compared to the normal CNN models, this model has
the advantage of the intelligence and image classification. The application of transfer learning
eliminates the steps of adjusting parameters and structures of Al models. Compared to the

AMC with CI in Chapter 3, it improves the accuracy in a similar running time.

4.5 Summary

In this chapter, different classification models based on DL are applied to modulation
recognition in the dynamic receiving system without phase and frequency lock. With the
inspiration of the Hybrid model, the AMC with GRF has a better performance at the low
SNR area compared to AMC with CI especially without frequency and phase lock. At -10

dB SNR, the AMC with GRF improves the accuracy of 19 % to the AMC with CI. At 0 dB
SNR, the AMC with GRF improves the accuracy of 8 % to the AMC with CI. The models of
AMC with GRF use the same Neural Network as Chapter 3.

These methods are all based on image classification, but with different datasets: CI from
Chapter 3 and GRF in this chapter. The AMC with GRF system has an efficient use of
statistical features, requiring only twelve features yet to achieve 69.3 % detection accuracy
overall (and significantly better at lower SNR, as discussed above) with the random guess
accuracy of the system being 25 %. The AMC systems employed transfer learning networks
to detect the constellation dataset directly which reduces the mathematical complexity. For

low SNR levels, the GRF provides the superior accuracy.
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Chapter 5 AMC in mmW

As a rapidly evolving technology, automatic Modulation Classification (AMC) is employed
in SDR structures, especially in 5G and 6G technology. Deep Learning (DL) can provide
innovative and efficient technology for modulation classification, especially for systems
working at low SNR levels. According to the outstanding results from Chapter 4, a dynamic
AMC system for the Millimetre wave (mmW) band is introduced and tested, which is not
reliant on the received signal phase lock and frequency lock. AMC with GRF employs four
CNNs to compare the results of modulation classification for different received SNR levels
and different mmW bands. The RF modulation is generated by a lab signal generator, sent
through antennas and then captured by an RF signal analyser. The results of the system at 28

GHz and 70 GHz are analysed.

5.1 Introduction

With the evolution of digital communication systems, improvements to radio spectrum usage
efficiency are becoming increasingly important. In this scenario, the modulation classification
performs a significant role and can be widely used in a range of applications, including a
software defined radio system, and radar and military communications. There is a high
demand for RF bands. In the crowded spectrum situation, the AMC technology can respond
to the requirements, optimising signal detection and subsequent demodulation when multiple
complex / unknown signals are to be handled, or for cognitive radio primary-user detection.
Radio spectrum is a valuable resource, and AMC is method of identifying the users off the
spectrum as well as the unused spectrum. This chapter works on the mmW band, which has

shown a high demand in the current communication society.

The introduction of mmW in 5G is a revolution for wireless communication. The 5G New

Radio standards have allocated large amounts of the spectrum in the mmW band, enabling
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high data rate transmission and low latency communication. The mmW technology is
identified as a key enabler for 5G networks, providing the high-speed and high-capacity
connectivity to support a wide range of applications [61]. With the ongoing development of
6G technology, mmW is also expected to perform a critical role in the future of wireless
communication. The requirements for 6G are expected to be even more demanding than 5G,
with the need for even higher data rates, lower latency and improved network efficiency [62].
The vast bandwidth and high data rate potential are well-positioned to support the demanding
requirements of 6G networks. In this way, exploring and evaluating the AMC in mmW is a

demanding objective for 6G communications, which is rare in previous studies.

This chapter concentrates on AMC in mmW with the GRF algorithm. In scenarios with low
SNR, the power of the desired signal is comparable to the power of the noise. In such
conditions, the signal’s characteristics become indistinct and can closely resemble noise. This
makes it challenging to differentiate the actual signal from the noise, leading to potential
ambiguities in signal analysis. The purpose of this chapter is to develop the accuracy of the
classification in the low SNR in mmW band. With the improvement of Al technology, many
areas have achieved new progress by this innovative area [5]. Classification of modulation
types based on statistical properties of signals is common in classic statistical machine
learning approaches [6]. From this, DL working as a subproject of machine learning has
advanced to a new level by incorporating the essence of biological information processing

systems [7]. In image classification, DL is employed as an efficient technique.
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Figure 45 Hardware structure of transmission system in 70 GHz

Figure 42 provides the practical hardware transmission system in the lab. Figure 43 and
Figure 44 provide the structures of a conducted system and a radiated system with 1 m
distance between the horns in 28 GHz. Figure 45 shows the structures of the transmission
system in 70 GHz. Due to the limitation of the hardware, the conducted data cannot be tested
in 70 GHz. In this work, the approximate conducted data will be collected when the distance
between the horns is 6 cm. The radiated data is collected when the horn is 75 cm away from

the other.

Due to the use of complex 70GHz upconverter hardware, the actual TX power of the signal
generator used is not an indication of the absolute RX power received at the spectrum
analyser, although it will vary directly as the sig gen power is varied. The noise and carrier
with no modulation applied are tested as well checking the actual RX power and SNR levels
at the receiver. In this case, artificial noise is added to simulate the practical situation and to

explore the lower SNR areas.

The innovative contribution of this chapter is the work in mmW and the testing of the signals
from the real world. Although the results are not as good as the model at 2 GHz, it still gives
the insight for the future studies.

This chapter is organised as follows: in section 5.2, the data collected at 28 GHz is introduced
and tested by AMC with GRF. Both conducted data and radiated data are applied to the AMC
models. The data is tested from -10 dB to 20 dB SNR. After that, the data collected at 70
GHz is provided and analysed in section 5.3. The results are along the same lines as the

results test in section 5.2. Different CNN models are compared within the experiments.
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5.2 AMC in 28 GHz

Based on the results and analysis from Chapter 3 and Chapter 4, AMC with GRF is used in
this chapter. To start with the analysis of the signals, the constellation images of the
modulated signals are introduced to be observed. After that, the statistical features are
calculated according to the formulas provided in Chapter 4. The statistical features are

compared and chosen as evidence to generate the spider graphs for the GRF technique.

5.2.1 Datain 28 GHz

The constellation graphs in this section help to display the characteristics. However, in this
work, only statistical features are used, some of the features also describe the characteristics
of the shape of the modulated signals. Figure 46 shows the constellations of conducted data
collected from the lab as examples of the four modulation types (BPSK, QPSK, 8PSK,
QAM16) at 10 dB SNR at 28 GHz.
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Figure 46 Captured conducted signals in at 10 dB SNR, 28GHz

Figure 46 shows the constellation diagrams of the conducted data. At 10 dB SNR, the
underlying constellation types are still identifiable and clear. However, at low SNR levels, it
becomes hard to distinguish between the characteristics. The statistical features are thus

introduced to the AMC systems.

Based on the features from earlier work in Chapter 4, all the features are calculated for the
four modulation types. Figure 47 shows all statistical features of the four modulated signals at
the 10 dB SNR level at 28 GHz. The features are represented in one graph, where some of the
features are displayed in logarithmic form, such as . 2, , which is a clear way to
visualise the magnitude of the data differences. According to Figure 47, it is obvious that

, » 200 » 2 and 5 cannot help to classify the modulations (BPSK, QPSK, 8PSK

and QAM16); the difference of the values of these statistical features are insignificant.
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Statistical Features of the conductive modulated signals
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Figure 47 Features of conducted modulated signals at 10 dB SNR, 28 GHz
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Figure 48 Spider Graphs of conducted modulated signals at 10 dB SNR, 28 GHz
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Figure 48 shows the statistical features applied in the spider graph. Based on the previous
analysis in Figure 47, the twelve features of the modulated signals are selected. The features
are employed as the axes of the spider graph, where each modulation type can then display
the values in the graph. The spider graphs turn the statistical features into one representation
and represent the collected statistical features in a graphic way. Labelling the value of the
features in the same common graph required the use of the log function for some of the
features, where appropriate. As seen in Figure 48, each modulated signal shows a different
shape of representation. After collecting the graphs, all the graphical representations are used

for the Neural Network with image classification.

5.2.2 Results in 28 GHz

This section presents the results from the different classification networks. All the detecting
systems are based on the DL technology. The high order cumulants are employed for this
system as the second classification process to be trialled. The Kurtosis, Skewness, PR and PA
can describe the shape of the signals. The system uses conducted data and radiated data
collected by horn antenna. In this work, different DL structures are compared. The
conductive data are only used as a training dataset, although both conducted data and radiated

data are tested in classification.

In Figure 49, the results are shown from the four CNN models. The CNN developed using the
Iris case performs worse than other traditional DL methods. This is likely due to the
structures and coefficients of this CNN variant being potentially very sensitive, meaning that

it will significantly influence the classification system.
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General accuracy of the AMC with GRF in 28 GHz
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Figure 49 General accuracy of AMC with GRF over SNR levels in 28 GHz (radiated testing at 1m)
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Figure 50 Detection of AMC with GRF at 10 dB SNR in 28 GHz (conducted signals)
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Figure 51 Detection of AMC with GRF at 10 dB SNR in 28 GHz (radiated signals)
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Figure 50 and Figure 51 show two confusion matrices of the results at 10 dB SNR by using
the Inception-v3 network. In general, the random guess detection rate would be 25 % (since
there are four possible modulation types). This model also provides a slightly higher accuracy

than the random guess at -10 dB SNR, an SNR level well below what most communication

systems would use.
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Figure 52 General accuracy of AMC with GRF over different SNR levels at 2 GHz

Figure 52 is provided to compare the detection accuracy for the technique as applied at 2
GHz. In that scenario, the detection accuracy is obtained as in Figure 52 for various SNR
levels. From this, the detection accuracy using the system at 28 GHz is slightly worse (circa
10 % worse at -10 dB SNR, though this improves as SNR increases). The possible causes for
this difference could be due to propagation effects in the lab and the different RF equipment

used.

In this section, the AMC models based on DL, applied to modulation recognition in a
dynamic receiving system without phase and frequency lock in mmW band at 28 GHz, are

reported. Firstly, conducted and radiated data at 28 GHz is collected and the statistical
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features are analysed. After that, an overview of the GRF method is provided for feature
representation. The system utilises Inception-v3 to obtain the highest accuracy for the brief
comparison between the results at 28 GHz and the previous results at a lower frequency of 2
GHz and discuss possible causes for differences in classification accuracy. Though the 28
GHz modulation classification performance is circa 10 % lower than with the 2 GHz system,
it still is capable of a good classification and is significantly better than a random guess

probability.

53 AMCin 70 GHz

After the experiments of AMC at 28 GHz, the higher frequency area also can be explored.
Due to the limitation of the hardware equipment, the modulated signals are collected at fixed
power levels with a distance of 6 cm between the horn antennas, which approximately
represent the conducted situation. Another group of modulated data is collected at two fixed
power levels with a distance of 75 cm between the transmitter and receiver for the radiated
data. According to the SNR equation provided in Chapter 1, the signals are labelled and
divided with SNR levels. Due to the situation of the lack of collected signals, artificial noise
is added to the signal dataset to explore the lower SNR area. In this section, the data collected

in 70 GHz are introduced and the results from the AMC with the GRF are proposed.

5.3.1 Datain 70 GHz

The constellation images collected from the lab are provided in this section, although AMC
with CI is not used for this chapter, it is still worth observing the characteristics from the
constellation graphs. Figure 53 shows the constellations of radiated data collected from the
lab as examples of the four modulation types (BPSK, QPSK, 8PSK, QAMI16) at 9 dB SNR at
70 GHz.
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Figure 53 Radiated signals at 9 dB SNR in 70GHz (Radiated testing distance: 6 cm)

Figure 53 provides the constellation images of BPSK, QPSK, 8PSK and QAMI6 in a
radiated system in 70GHz. The distance between the horns is 6 cm, which is highly like the
conducted system. They can still be distinguished from each other through their shape

characteristics. After this, the radiated signals with longer radiated testing distance are

provided in Figure 54.
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Figure 54 Radiated signals at 7 dB SNR in 70GHz (Radiated testing distance: 75 cm)

As shown in Figure 54, the constellation graphs are collected at 7 dB SNR. The signals are

scattered and attenuated through the transmission by air. With the limitation of the equipment,

artificial noise is added based on the received signals to explore the lower SNR levels.
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Comstellation for BPSK signal at 0 dB SNR
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Figure 55 Radiated signals with simulated noise at 0 dB SNR in 70GHz (Radiated testing distance: 6 cm)

Figure 55 provides the examples of constellations with additional simulated noise based on

the original received signals. With the simulated noise, the radiated signals with the distance

of 6 cm are approximately like the conducted signals at 0 dB SNR, which is difficult to

recognise the modulation types by eyes. This also makes it difficult to be classified with the

AMC with CL

After observing the constellation images, the statistical features are analysed for the

following AMC with the GRF algorithm. According to the formulas proposed in Chapter 4,

the features can be found in Figure 56.
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Statistical Features of Radiated signals at 9 dB
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Figure 56 Features of the conducted signals at 9 dB SNR in 70 GHz (Radiated testing distance: 6 cm)
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As shown in Figure 56, the statistical features of the aforementioned four modulation types

are compared. Figure 56 shows all the statistical features at 9 dB SNR at 70 GHz. The

features are represented in one graph to make the values comparison obvious, which are

employed for the GRF.
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Spider Graph for BPSK at 9dB SNR
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Figure 57 Spider Graphs of Radiated modulated signals at 9 dB SNR in 70 GHz (Radiated testing
distance: 6 cm)

After the feature analyses, the spider graphs are built for the GRF algorithm. At the 9 dB
SNR level, the BPSK can still be easily classified from the other three modulation types.
Although the other three modulation types have similar shapes, their scales are still different.
There is still a limitation for the proposed techniques here. The features need to use a log
function, or other pre-processing, to make the value fit the graph for imaging, which will
influence the classification. After this preprocessing, the distinguishable difference between
the modulation types is no longer obvious, which leads to similar spider graphs. In this way,
it will influence the classification. Plotting them into the same size graph here limited the

shapes of the other three modulation types.

95



5.3.2 Results in 70 GHz

This section provides the results of the AMC with GRF at 70 GHz. The results from the
radiated system (with a testing distance of 6 cm) where the SNR levels are under 9 dB and
the results from the radiated system (with testing distance of 75 cm) where the SNR levels are
under 7 dB are tested by the received signals with the additional simulated noise. The general

classification results are applied below from -10 dB to 20 dB SNR.
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Figure 58 General accuracy of AMC with GRF over different SNR levels in 70 GHz
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Figure 59 Detection of AMC with GRF at 5 dB SNR in 70 GHz (Radiated signals with 6 cm)
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Figure 60 Detection of AMC with GRF at 5 dB SNR in 70 GHz (Radiated signals with 75 cm)

97



Figure 58 shows the general classification results with different CNN from -10 dB to 20 dB
SNR. Figure 59 and Figure 60 provide examples of confusion matrix of the detection radiated
signals with testing distances of 6 cm and 75 cm, respectively, at 5 dB SNR in 70 GHz. Each
of the radiated data is tested and analysed, although all the CNN provides similar accuracy of
classification at high SNR scenarios. The Inception-v3 proposes the best performance
compared to the other three CNN models, with a significant accuracy of around 28 % at -10
dB SNR. Although he results are not as robust as in previous experiments, they are still

higher than 25 %.

5.4 Summary

This chapter focuses on the AMC algorithm applied to the mmW band. For the higher
frequency, the signals are neither clear nor distinguishable enough. For the 28 GHz, the best
result of the accuracy performs well at a high SNR level. When the SNR level goes under
0dB SNR, the best accuracy is 38 % at -10 dB SNR which is still above the random guess of
25 %.

For the 70 GHz band, the signals are hard to capture the distinguishable features, the
accuracy of detection is around 40 % at 0 dB SNR, which is only slightly less than the
accuracy in 28 GHz. At the same time, the accuracy is 28 % at -10 dB, which is still slightly
higher than the random guess. Overall, the results provide worthy evidence for the

investigation of AMC with GRF in mmW.

The performance of the AMC with GRF from both mmW bands are significant as providing
valuable results. The systems are useful for the further research and the future 6G

development.
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Chapter 6 Conclusion and Recommendation

6.1 Conclusion

This study focuses on developing AMC technology and starts with the observation of the
characteristics of the digital modulation types. With the inspiration of the image classification
by DL, the AMC with CI is proposed based on the constellation graphs of the signals.
Different CNNs are introduced, tested and compared for this model. To develop the practical
application, the datasets are simulated by MATLAB and the signals collected by the
hardware in the lab also become involved in the AMC system. After developing the AMC
with CI, according to the comparison of the constellation images, the signals at low SNR
levels are blurred and hard to be classified by both eyes and DL. This model indicates that
only the application of the constellation graphs is not robust for AMC.

After that, the Hybrid model is developed as a transition, which adds the process of statistical
features judgement at the end. The statistical features are induced to the new model, which is
AMC with GRF. To combine the intelligence of the image classification and the
characteristics of the statistical features, the spider graphs are employed to represent the GRF
algorithm and used for the DL. In the scenarios with high SNR, AMC with CI has better
results after running the experiments several times, and the AMC with GRF provides a new
efficient way for the classification at lower SNR levels. Overall, the AMC with GRF shows

better performance.
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Table 7 Comparison of AMC models (Accuracy-Acc)

SNR Levels Acc of AMC with CI Acc of Hybrid Model Acc of AMC with GRF

-10 34.7 % 57.3 % 53.7 %
-5 44.3 % 62.1 % 552 %
0 51.4% 67.7 % 60.2 %
5 85.6 % 88.3 % 74.6 %
10 89.0 % 95.1 % 82.4 %
20 98.2 % 98.7 % 97.6 %

The best results based on Inception-v3 networks in the 2 GHz spectrum are shown in Table 7,
where the accuracy of AMC with CI, Hybrid model and AMC with GRF are compared. At 20
dB SNR, the three models all achieve the highest accuracy at near 100 %. At 10 dB SNR, the
AMC with CI (89.0 %) and Hybrid model (95.1%) perform better than the AMC with GRF
(82.4%). At the low SNR area, the accuracies of AMC with GRF and Hybrid models are

outstanding.

With the SNR level decreasing, the accuracies decrease gradually. The accuracy of AMC
with CI decreases by 63.5 % and the accuracy of AMC with GRF decreases by 43.9 %. The
accuracy of Hybrid model decreases by 41.4 %, which is close to the results of AMC with
GRF. The Hybrid model has the highest accuracy, but it is much more complex than the
AMC with CI and AMC with GRF. With the system structure proposed in Chapter 3, the
Hybrid model has two parts. The first part is AMC with CI; the second part is the analysis of
the statistical features , which relies on the previous results from AMC with CI. The AMC
with GRF is more efficient and has a similar accuracy, whilst also taking advantage of

statistical features and graphic features from the modulated signals.
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Table 8 Comparison of the AMC Techniques

Model name Detection accuracy
Maximum likelihood [28] Less than 80% at 10 dB
Log-likelihood functional [29] Less than 55% at -10 dB
Ph&D-GLRT and ADMP [31] Near 90% at 6 dB
High order cumulants and SVM [33] 50 % at 0 dB
CNN [39] 20% at -10 dB
AMC with CI 34.7% at -10 dB
Hybrid model 57.3% at -10 dB
AMC with GRF 53.7% at -10 dB

The models indicated in this study are compared to the existing work in Table 8. The existing
studies have the limitation on the detection accuracy, which is required to be improved in
academic research and 6G communications to provide a robust communication system. The
normal CNN provides a novel solution in AMC with less running time, but the detection
results can be improved. In this work, AMC with CI is indicated acquiring the use of transfer
learning, which can provide less running time like CNN and also eliminate the complex
progress of building neural networks. Based on the AMC with CI, the hybrid model is
provided with adding the decision tress algorithm after the AMC with CI to improve the
detection. But the two stage of the model takes a much longer time with different features
choosing process. The hybrid model works as an intermediate model from AMC with CI to
AMC with GRF, which provides the idea of image classification and the use of statistical
features. However, the results of AMC with GRF shown in Table 8 are not better than the
hybrid model, yet the running time is less than the hybrid model and similar to the AMC with
CIL. In this way, AMC with GRF gives the insight for the future studies.
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Table 9 Comparison of AMC with GRF in different bands

SNR Levels Acc of AMC with GRF  Acc of AMC with GRF  Acc of AMC with GRF

in 2 GHz in 28 GHz in 70 GHz
-10 53.7% 37.8 % 28.3 %
-5 552 % 42.2 % 30.1 %
0 60.2 % 47.6 % 38.5 %
5 74.6 % 57.3 % 53.6 %
10 82.4 % 66.7 % 63.4 %
20 97.6 % 97.8 % 97.5%

In this work, the three AMC algorithms are developed and compared in 2 GHz. With the
superb results of AMC with GRF, signals at the mmW area are considered. Table 9 provides
AMC with GRF model working in different bands. Whilst the classification results in 28 GHz
are not as good as the signals in 2 GHz, the accuracies of classification at -10 dB, -5 dB, 0 dB
and 5 dB SNR are still over 25 %, which are higher than a random guess. The signals at 70
GHz are more challenging, the accuracy at -5 dB and 0 dB SNR is still more than 25 %. The
mmW system needs to be improved for the low SNR level to provide a better classification.
In this way, more attention should also be paid to the signals in mmW. The factors which
cause this difference of accuracy in different bands should also considered for further

research.

Overall, this study makes good use of DL with AMC. There are four key contributions of this
work. For the first contribution, the assessment of TL is made. The good usage of the TL
reduces the complexity of calculation and improves the accuracy of modulation
classification. Secondly, this study develops and assesses the innovative method named
Graphic Representation of Features (GRF) to indicate the statistical features of modulation
types, represented graphically and used as image classification data. This method takes the

advantage of both statistical characterisation and image classification. For the third
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contribution, the combination of the simulated data and the lab-collected data is compared in
this work. Additionally, there is a simulated supplement for the hardware limited situation.
The final contribution is the overall assessment of generic DL image classifiers as applied to

communications AMC usage.

6.2 Recommendation for Future Studies

Based on the analysis and the conclusions in previous chapters, the recommendations for
future studies are focused on the AMC in the practical model, which includes indoor
propagation and the real channel. At the same time, different features of the modulation

should be explored to help develop the AMC model.

6.2.1 Indoor Propagation Models

In indoor environments, the propagation of radio signals can be affected by several factors,
such as walls, furniture and other obstructions [66]. These factors can cause fading, multipath
and interference, making modulation classification more challenging. To address these
challenges, the indoor propagation model should be considered when designing AMC
algorithms. The propagation model can provide information about the expected behaviour of
radio signals in the indoor environment and can be used to design AMC algorithms that are

robust against the effects of indoor propagation [67].

Conducted signals and radiated signals are collected in Chapter 5, as the purpose of the
application of the AMC model is involved in the real world. The indoor propagation model
will be the next step for the research. The reflection will also be considered to help
distinguish the modulation types, which employs the statistical features. The constellation
images will be considered again based on previous chapters, and the received signals with

overlapping and interference from other signals should also be analysed.
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6.2.2 AMC within the Real Channel

To develop the practical applications of AMC, the signal model should also be established
within the real channel which is more complicated than the simulation or the lab-built simple
transmission system [68], [69]. With the addition of the artificial noise at 70 GHz in Chapter
5, detecting the legally acquired signals in the mmW band from the practical system will be

the promising areas of future research.

At the same time, the AMC models based on DL should also be considered when
implementing at the hardware level, which is a further step for the application of AMC based
on DL in the future. It is important to conduct systematic experiments and simulations to
validate the performance of the proposed AMC algorithms and techniques. The results of
these studies can then be compared with the state-of-the-art AMC methods and used to guide
the development of future AMC technologies.

The integration of AMC with other communication technologies in 6G, such as massive
MIMO and mmW communication. This can help to improve the overall performance of these

systems and enable new applications and services especially in the mobile phone industry.

6.2.3 Improvement in 70 GHz

According to the results in Chapter 5, the signals in 70 GHz band make it hard to capture the
distinguishable features; BPSK is easier to be classified compared to the other three
modulation types. There is still a potential area to develop the AMC technique and improve
the detection performance. At the same time, the system should be small and efficient, which
can be installed to the mobile equipment and benefit the next generation of wireless networks.
For future research, the AMC system should be considered at a hardware level, and thus have

practical application experiments.
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