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Abstract

Artificial Intelligence is a technology which has the potential to provide significant enhance-
ments for digital communication systems, particularly through the concept of Cognitive Radio
(CR). Automatic Modulation Classification (AMC) is a critical function of CR; it offers the
ability to identify the modulation scheme of received signals to enable dynamic reconfigura-
tion of physical layer hardware with the aim of maximising data rates and minimising error
rates. Current research into AMC systems focuses primarily on achieving high classification
accuracy, when the state-of-the-art algorithms are implemented in hardware, the resultant
systems suffer from high utilisation and power consumption. To overcome this limitation,
this thesis develops a novel, hardware-efficient AMC method based on the Density-Based
Spatial Clustering of Applications with Noise (DBSCAN) clustering algorithm. Several novel
optimisations to the DBSCAN algorithm are developed which improve hardware efficiency
and overcome the inability of the algorithm to differentiate between same-order modula-
tion schemes. Additionally, an automated heuristic method for hyperparameter selection is
devised which results in up to a 9.8% increase in classification accuracy in comparison to
traditional optimisation methods. Furthermore, a novel hardware implementation of inser-
tion sort is proposed which enables real-time classification with low latency. The proposed
optimisations result in a hardware implementation with approximately equivalent size to the
state-of-the-art in terms of Flip-Flops and Look-Up Tables, as well as being 71.7% more
power-efficient. This approach is also shown to achieve competitive, and in some cases supe-
rior, classification accuracy by achieving 100% accuracy at a Signal-to-Noise Ratio (SNR) as
low as 10dB in certain cases. Finally, it is demonstrated that the same hardware architecture
can be reused for the purpose of non-data-aided SNR estimation with competitive accuracy
and is effective across a larger range of SNRs and modulation schemes than existing methods,
further enhancing the efficiency of the proposed system.
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Chapter 1

Introduction

The ever-increasing demand for higher data rates, reliability, and coverage for wireless com-
munications continues to drive advancements in network technologies. 5G networks began to
see implementation in many European cities in 2019 [1], with the aim of improving wireless
communications in these regards. The largest gains in data rates and bandwidth were ob-
tained with the Frequency Range 2 (FR2) band which utilises Millimetre Wave (mmWave)
frequencies greater than 24.25GHz [2]. The FR2 band was shown to provide increased data
rates, yet signals transmitted within this frequency range suffer from poor propagation char-
acteristics due to large path loss, requirements for Line of Sight (LOS), and high levels of
Doppler shift [3]. These limitations of high frequency communications are further exacerbated
by the urban environments where they are primarily deployed [4], which inherently features
numerous obstacles such as buildings, vehicles, and natural objects which can frequently
obscure the LOS [5]. Furthering these issues is the transient nature of urban environments
where people and vehicles constantly change location meaning that LOS conditions and the
distance from transmitters can change quickly and unpredictably. Therefore, connection
quality can vary significantly depending upon movement within an environment and the ob-
stacles in the path between the transmitter and receiver. Machine Learning (ML) and Deep
Learning (DL) have been identified as technologies which can offer a means of managing
this challenge. Wang et al. and Letaief et al. envision that future wireless systems will
be fundamentally different from previous generations, with the key difference being embed-
ded intelligence enabling real-time adaptation to the local environment [6,7]. Within this
vision of intelligent wireless systems is the concept of Cognitive Radio (CR), which utilises
ML and DL technologies to enable dynamic spectrum access and adaptive modulation. Two
critical component technologies of CR are Automatic Modulation Classification (AMC) and
Signal-to-Noise Ratio (SNR) estimation [8]. AMC enables receivers to identify changes to the
modulation format utilised for communication, while SNR estimation provides the necessary
information for identifying when changes in modulation scheme would be advantageous to
mitigate changes in channel conditions. By continuously monitoring the rapidly changing
channel conditions caused by blockages, movement, and interference, these techniques can
provide the necessary functionality to allow for adjustments to signal formats and physical
hardware, thus maintaining target error rates when high frequency carriers are utilised in
complex environments.
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How AMC and SNR Estimation May Assist CR Functionality
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1.1 AMC and SNR Estimation

AMC has been identified as a key component of CR systems that is particularly relevant
for addressing the propagation challenges inherent with high frequency communications, as
it enables the ability to dynamically adjust the modulation scheme which is utilised for
communication as well as informing the system of the required alterations to the physical
layer hardware to handle such adjustments [8,9]. While lower order modulation formats are
more robust to the impairments imposed by noise, they impose a limit on achievable data
rates [10]. Conversely, higher order modulation schemes can provide increased data rates as
each symbol may represent a greater number of bits but are more sensitive to signal quality
degradation due to SNR [10].

SNR estimation techniques can assist in managing this trade-off by providing the required
information for CR enabled systems to dynamically modify the employed modulation scheme
to maximise data rates while maintaining error rates within acceptable boundaries. For
instance, when a high SNR is identified, a higher-order modulation scheme can be employed
to maximise throughput. When the SNR is found to decrease due to channel fading or
interference, the system can switch to a more robust, lower-order modulation format to
ensure reliable communication. This adaptive process, including the mechanism by which
the Software-Defined Radio (SDR) is modified to accommodate the changes, is shown in
figure 1.1.

The interplay between AMC and SNR estimation is therefore crucial for mitigating the
SNR impairments in 5G and future 6G networks. But there are also numerous additional
applications for these technologies, with one of the most important fields in which AMC
can particularly be applied is signal intelligence. By determining the modulation formats of
signals within the local environment, potential threats and unauthorised transmissions may
be identified [11]. Rather than being utilised for security, AMC may also be applied for
offensive means. Recognition of the modulation scheme being employed by adversaries may
assist with obtaining intelligence via the decoding of the transmitted signals, furthermore,
when applied with SNR estimation a measure of distance to the location of transmission can
be obtained [12]. It is therefore clear that both AMC and SNR estimation are techniques
which will play an important role in the future of communications systems.

1.2 Pilot-Based and NDA SNR Estimation

To effectively utilize AMC, particularly in the challenging mmWave environments envisioned
for CR systems, the method of SNR estimation becomes critical. Typically, the SNR is
determined via the exchange of pilot symbols [10]. Pilots are known signals inserted into a
transmitted data stream at regular intervals. As the receiver knows the expected appearance
of the pilot, the received pilot can therefore be used a measure of the distortion applied to the
signal via the channel. The distortion may be cause by a variety of effects such as multipath
fading, Doppler shift, and noise.

While the usage of pilot symbols has been shown to provide a means of accurately and
reliably estimating channel conditions, the technique is not without limitations. Firstly, every
pilot symbol transmitted is a message symbol not transmitted; the proportion of resources
(time, power, frequency) dedicated to the transmission of pilot symbols rather than message
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symbols is known as pilot symbol overhead [10]. A high-frequency communications link in
a complex environment such as a city may require an overhead of at least 10% in single
user scenario, and as much as 25% for multiple users [13]. Thus a significant proportion
of all transmitted information is dedicated to enabling channel estimation. Secondly, it
has been found that systems with many antennas such as massive Multiple-Input Multiple-
Output (MIMO) require increased pilot overhead, Jindal et al. found that the optimum pilot
overhead scales with the number of employed antennas [14]. The required pilot overhead
therefore diminishes the gains in data throughput which this emerging technology offers.
Finally, pilot-based channel estimation inherently introduces latency in responding to rapid
channel changes. Estimation is only performed upon the periodic arrival of pilot symbols,
limiting the system’s ability to adapt in real-time.

In contrast, performing channel estimation without the usage of pilot symbols offers the
potential for all of these limitations to be mitigated. Non-Data Aided (NDA) SNR estimation
eliminates the requirement to transmit pilot sequences, directly increasing data rates. Fur-
thermore, by reducing or eliminating pilot overhead, the practical deployment of promising
technologies such as massive MIMO are facilitated. Finally, by operating directly on the data
signal, the potential for more continuous channel monitoring is provided, thus faster responses
to rapidly changing channel conditions may be enabled. Therefore, NDA SNR estimation
emerges as a highly promising alternative to the traditional pilot-based techniques, unlocking
the full potential of advanced wireless technologies such as massive MIMO and AMC.

1.3 Limitations of Existing AMC and NDA SNR Estimation
Hardware

The research community has developed various Artificial Intelligence (Al)-enabled solutions
for dynamic modulation scheme recognition [15-17]. However, state-of-the-art implementa-
tions have thus far generally been implemented in software. Hardware implementations of
DL-based solutions demonstrate their unsuitability for deployment in mobile systems due
to their focus on performance at the expense of efficient implementation efficiency, resulting
in high power consumption and implementation sizes [17-19]. Techniques such as quan-
tisation and pruning [17-19] have been used to optimise DL networks for deployment in
resource constrained applications but the achieved utilisation and power consumption re-
mains considerable. Conversely, feature extraction methods have been shown to offer smaller
implementations but fall short of the accuracy achieved by the techniques which employ DL,
particularly for high order modulation schemes and at lower SNRs [20, 21].

Similar challenges exist in NDA SNR estimation. Several effective methods have been
proposed such as MaM, [22], Square of the Mean by the Variance (SMV) [22], and Al-based
systems [23,24]. It has been found that algorithmic blind SNR estimators may result in
low hardware utilisations, but many are designed for and thus limited to specific modulation
schemes [22,25,26]. Some algorithmic methods were found to have wider modulation applica-
bility by making use of reconfigurable parameters [27,28]. Algorithmic estimators in general
have been found to only exhibit strong performance within limited SNR ranges, their esti-
mated SNR values tend to asymptote above and below certain thresholds. While DL-based
SNR estimators were found to have the strongest estimation accuracy and did not suffer from
asymptotic behaviour [23,24,29, 30|, their strong performance has only been demonstrated
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on small sets of low order modulation schemes. As with AMC the implementation of DL
systems in resource constrained applications poses significant challenges. There is a clear
need for a hardware implemented NDA SNR estimation system capable of maintaining con-
sistently strong performance on a variety of modulation schemes and SNRs, without requiring
excessive resources in terms of hardware utilisation and power.

Wang et al. [7] highlight the challenges with deploying deep learning systems in mobile de-
vices, concluding that either reducing model complexity or offloading processing to the cloud
are the only solutions to mitigating the high power consumption and chip area requirements
that machine learning models suffer from. While cloud offloading is viable for many functions
which are performed on mobile devices, such as machine translation [31], photograph edit-
ing [32], and text generation [33], communication systems are in the unique position where
they are themselves the mechanism by which offloading to the cloud is performed. Reliance
upon communication with a data centre to perform communication enhancing tasks is there-
fore paradoxical. Thus, developing resource-efficient ML techniques is the only viable path
forward for on-device implementation.

This is the challenge which this thesis aims to address. By developing from first principles
a hardware implementation of a technique which has shown promising performance in terms
of both AMC and SNR estimation in software, this work demonstrates that strong AMC
and SNR estimation performance can be achieved with a single efficient hardware structure.
This represents a crucial advancement for viable AI/ML enhancements in communications
systems, particularly for deployment in battery-powered mobile devices. While separate
smaller and more power-efficient AMC or SNR estimation systems provide valuable enhance-
ments for next-generation communications, a joint system with a unified architecture offers
the comprehensive solution needed to overcome the resource constraints that currently limit
high-frequency communications to infrastructure-only deployments. This is particularly crit-
ical as 5G/6G networks expand into urban environments where mobile devices must adapt to
rapidly changing channel conditions without access to the computational resources available
at base stations.

1.4 Contributions Towards AMC

The work in this thesis attempts to move towards CR systems which are suitable for de-
ployment in mobile and edge devices by developing an underexplored technique of signal
analysis based upon clustering algorithms. The proposed solution is specifically optimised
for usage in hardware and on real-time streams of data. The clustering algorithm which is
the focus for development is known as Density-Based Spatial Clustering of Applications with
Noise (DBSCAN) [34,35]. This algorithm has previously been applied to the task of modula-
tion classification in the context of both wireless [36], and optical [37,38], to limited success.
Prior AMC systems based upon the DBSCAN technology have demonstrated the potential
for strong classification accuracy but have been unable to distinguish between modulation
schemes of the same order and have only been implemented in software, lacking hardware
optimisations.

This thesis proposes a hardware-focused solution which not only improves the worst-case
computational complexity of DBSCAN from O(n?) to O(n) by reducing the number of range-
Query operations required to obtain a clustering result by a factor of n (where n is equivalent
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to a clustering batch size), but does so whilst solving the issue of the algorithm being un-
able to differentiate modulation schemes of the same order. These two goals are achieved by
decomposing the DBSCAN algorithm from a 2D clustering algorithm to operating in a sin-
gle dimension on the magnitude and argument data which forms the constellation diagram.
Clustering the data in this manner allows for differing modulation schemes of the same order
to be distinguished. The decomposition to 1D datasets also allows for various optimisations
the DBSCAN algorithm, much of the extraneous functionality can be discarded to result in
a more efficient algorithm that is tailored for the task of AMC. One key optimisation is the
ability to sort datasets which are unidimensional without the requirement for an indexing
database structure, as is the requirement for 2D datasets, sorting the data eliminates the
requirement to execute the computationally intensive rangeQuery function. A novel imple-
mentation of the insertion sort algorithm is developed which allows for the sorting of real-time
data streams without any increases in latency. New techniques for optimising DBSCAN are
also developed and explained, an automated heuristic for hyperparameter selection which is
shown to provide increased accuracy compared to the manual and subjective elbow point
method is proposed. Detailed investigations into the methods of optimising the proposed
algorithm are given so that the reader may reproduce the optimised performance which is
reached in this thesis. The Density-Based Modulation Classifier (DBMC) system is designed
for and implemented on an FPGA, the process of implementing all the constituent functional
blocks which form the complete algorithm is described, along with the system’s functionality
and control. Four configurations (DBMC-50, DBMC-250, DBMC-500, and DBMC-1000) of
varying implementation size and classification performance are proposed to suit different use
cases. The utilisation, power consumption, latency, and classification performance across a
wide range of modern digital modulation is covered in depth and compared with the strongest
hardware implemented AMC systems from the literature, the key contributions include:

e The first hardware-implemented clustering-based AMC system: A 2D to two
1D decomposition of the DBSCAN algorithm is employed to enable a highly efficient
clustering algorithm-based modulation classifier, the first clustering hardware imple-
mentation to be employed for AMC purposes. The proposed decomposition facilitates
a reduction in the number of iterations required to obtain a clustering result by a factor
of n, where n is equal to the clustering batch size, via the elimination of the rangeQuery
operation. This method also enables the system to distinguish between differing mod-
ulation schemes of the same order, a feat which has not been achieved by clustering
based techniques in prior works [37].

e Reductions in power consumption and latency: An array of systems are proposed
each suitable for specific use-cases. The two smallest of the proposed systems (DBMC-
50 and DBMC-250) represent the smallest, quickest in terms of latency, and least power
consuming of any logic-based AMC implementation. They are however found to be
limited to classifying low-order modulation schemes. The largest implemented model
(DBMC-1000) achieves comparable FF and LUT utilisation to the state-of-the-art CNN
hardware implementations [19,39], yet improves upon them in terms of latency and
power efficiency due to a pipelined architecture and minimal bit-switching due to a
sorted datapath respectively.

e State-of-the-art accuracy on particular datasets: The proposed method achieves
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AMC accuracy superior to the state-of-the-art when utilising a dataset of 4QAM,
16PSK, 64APSK, and 256QAM which is similar to what is employed in current 5G
systems and provides a wide ratio of noise robustness to spectral efficiency. On this
particular dataset the software implemented DBMC-5000 maintains 100% classification
accuracy to a lower SNR than any deep learning system was demonstrated to be ca-
pable of, with the closest being the image classifier M-CNN [58], only the subtractive
clustering algorithm was found to be capable of comparable accuracy at 5dB SNR [51].
This performance is achieved due to the ability of the system to distinguish between
modulation formats with high-accuracy.

From these results it is found that implementing the DBSCAN method of AMC can result
in a suite of implementations which achieve higher peak accuracies than the state-of-the-art
whilst also providing significant reductions in terms of power consumption, latency, and in
some cases utilisation. The system is designed for real-world deployment in mind, meaning
that the data path is intricately designed to support inputs of real-time data streams and
is pipelined to ensure maximum efficiency is always obtained. While primarily designed for
single-carrier waveforms, the algorithm can be applied to multi-carrier systems following Fast
Fourier Transform (FFT) demultiplexing.

1.5 Contributions Towards NDA SNR Estimation

As previously covered, a key requirement of CR is to react to the noise level of the environment
and dynamically alter the power or modulation scheme of a transmitted signal. To do this, an
accurate measure of SNR is required. This thesis demonstrates that the DBMC system can
be repurposed as an effective SNR estimator with the same hardware, but modified classifier
weights. This dual functionality highlights the versatility of the proposed signal analysis
technique and represents a significant step towards a comprehensive CR system.

The proposed Density-Based Signal-to-Noise Ratio (estimator) (DBSNR) is a blind or
NDA SNR estimator, eliminating the requirement for computation and hardware to measure
background noise levels or increases the data-rate of transmitted signals due to the lack of
a requirement for a pilot sequence to be transmitted instead of data. It was discussed that
existing blind SNR, estimation techniques feature one or more of the following limitations:
poor accuracy over a large SNR range, the ability to estimate the SNR of only a few select
modulation schemes, or large utilisations when implemented in hardware. The proposed
system addresses these limitations. Key findings include:

e Efficient Hardware Reuse: The proposed SNR estimation functionality is achieved
with minimal additional hardware overhead compared to the DBMC system, demon-
strating efficient multi-use hardware design. This is the first hardware implementation
to demonstrate both AMC and NDA SNR estimation in a single implementation. The
estimation mechanism exploits the relationship between constellation point density and
SNR, every modulation scheme exhibits such a relationship therefore a regression model

can be trained to relate the obtained number of clusters (as a proxy for density) to the
SNR.

e Wide Modulation Range: The proposed system estimates the SNR of Quadra-
ture Amplitude Modulation (QAM) signals from order 2 to 1024, Phase-Shift Key-
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ing (PSK) signals of orders 8 to 32, and Amplitude and Phase-Shift Keying (APSK)
signals of orders 16 to 128, therefore exceeding the range of previously reported NDA
SNR estimators. The wide modulation range is achieved because the clustering-based
approach directly measures constellation point density, which maintains a predictable
relationship with SNR across all modulation schemes. Unlike traditional moment-based
or likelihood-based estimators that rely on scheme-specific statistical properties, this
density-based approach generalizes naturally to any constellation structure.

e Consistent Performance Across a Wide SNR Range: Unlike many existing esti-
mators that exhibit performance degradation at certain SNR levels, the proposed system
maintains consistent performance from -10 dB to 40 dB SNR for most tested modula-
tion schemes. This consistency is achieved because the density-based approach remains
robust to the signal distortions that cause traditional estimators to fail at extreme SNR
values. At low SNR, where moment-based methods suffer from noise-induced bias,
the clustering approach still captures the underlying constellation structure. At high
SNR, where some estimators saturate, the density measurement continues to provide
meaningful discrimination.

e Competitive Accuracy: The proposed system achieves a minimum Mean Square Er-
ror (MSE) comparable to state-of-the-art NDA SNR estimators [24,27,29,38]. However,
the proposed method was found to suffer occasional spikes in MSE due to € hyperpa-
rameter tuning, but these spikes may be mitigated with differing parameter values.

These findings show that DBSNR can provide robust SNR estimation across a wide range of
modulation orders and SNRs. The fact that only new Multilayer Perceptron (MLP) weights
are required to be loaded into the classifier structure demonstrates that the DBMC system
structure can provide both AMC and NDA SNR estimation functionality within a single
efficient hardware core. Thus, the work proposed in this thesis is found to be an effective low
complexity solution which can be utilised for low complexity CR implementations in mobile
and edge devices.

1.6 Thesis Structure

The remaining chapters of this thesis can be thought of as comprising 3 distinct sections: The
first two chapters following this introduction provide a background to modulation and discuss
the state of the literature. Following this background being provided, all of the remaining
chapters concern the creation, optimisation, and testing of the proposed system. Chapters 4
through 6 detail the creation of the proposed system, discussing how DBSCAN was modified
to create an efficient hardware implementation as well as how it was optimised for the tasks
of AMC and NDA SNR estimation. Chapters 7 though 9 conclude the thesis by exploring the
results obtained via testing the proposed system, comparing said results with the literature,
and finally discussing and highlighting the contributions of the proposed work.

A brief summary of each of the remaining chapters of this thesis is provided: Chapter 2
gives a brief introduction to the fundamental concepts which are required to be understood
to grasp the topics explored later in this thesis. The chapter introduces modulation schemes,
constellation diagrams, and the effects of noise upon constellation diagrams.
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Chapter 3 then presents an in-depth review of the AMC and NDA SNR estimation lit-
erature, discussing the advantages which various techniques may have and identifies any
limitations which can be addressed by the proposed system. The strongest performing soft-
ware and hardware implementations are compared using accuracy and hardware utilisation
statistics. Finally, ideal candidates for realising an accurate yet efficient AMC and SNR
estimation system are identified.

Chapter 4 describes the design and structure of the DBSCAN AMC system, detailing
the rationale behind each design decision. It is discussed how prior attempts to employ
DBSCAN for AMC and SNR estimation are limited to operating on only modulation schemes
of different modulation orders as well as suffering from inefficiencies due to the inclusion of
DBSCAN functionality which is not required to achieve accurate AMC and SNR estimation.
It is shown how through decomposing the constellation diagram data to 2 1D datasets not
only enables the system to distinguish modulation schemes of equivalent order, but also
results in an algorithm which is less computationally complex and more conducive to efficient
implementation in hardware.

Chapter 5 builds upon the explanations of the DBSCAN AMC algorithm which are found
in Chapter 4, to detail how the algorithm was implemented in hardware. Various design
choices are explained, different configurations are proposed, and optimum use cases are iden-
tified. Finally, the implementation results are compared with the state-of-the-art hardware
implementations reviewed in Chapter 3.

Chapter 6 discusses how best to optimise the hyperparameters of the proposed system.
The effects of the dataset size, minPts, and € hyperparameters upon the feature extraction
mechanism are explored and recommendations for finding values which achieve a balance
between implementation size and classification accuracy are provided. Traditional k-distance
graph optimisation techniques are used to demonstrate the variability of the ¢ hyperparam-
eter, this method is used to find strong ¢ values. It is then demonstrated how the k-distance
graph elbow point method introduces significant subjectivity to the ¢ optimisation process,
two novel methods are devised and proposed which are each shown to result in an increase
of up to 10% accuracy when employed. Finally, strategies to optimise hyperparameters for
the hardware implementation are detailed.

Chapter 7 evaluates the classification performance of each DBSCAN AMC configuration.
Results are first presented for datasets containing an array of QAM, PSK, and APSK signals
up to a modulation order of 1024. Then the achieved results are compared with the state-of-
the-art systems from the literature across a variety of datasets including: QAM, PSK, and
APSK signals with a maximum modulation order of 16, 64, and 256, as well as when only a
specific set of signals which provide various ratios of SNR robustness to data throughput are
utilised. These results are compared with the results of the leading hardware-implemented
AMC systems from the literature.

Chapter 8 extends the proposed system to include NDA SNR estimation; it begins by
discussing the minimal hardware modifications which are required to provide the DBMC
system SNR estimation abilities and then explains the SNR estimation mechanism. SNR
estimation accuracy results across QAM, PSK, and APSK signals are given in terms of MSE
against SNR. Finally, these results are compared with the estimation performance of the
leading techniques from the literature.

Chapter 9 concludes this thesis by summarising the key findings regarding the hardware
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implementation, AMC accuracy, and NDA SNR estimation accuracy. A future work sec-
tion identifies the limitations of this work and proposes potential future research directions,
including further optimization and improvement of the proposed system.



Chapter 2

Background

This chapter provides a brief overview of the background concepts which are required to
be known if the remaining work discussed in this thesis is to be understood. Firstly, the
fundamentals of digital modulation are outlined. Then the derivation of the In-phase and
Quadrature (I/Q) signal representation is explained. This representation is then utilised
to explain the concept of the constellation diagram. Finally, the constellation diagram is
employed to explain the effects of noise upon a modulated signal.

2.1 An Introduction to Modulation

Modern communication systems are built upon exploiting the fundamental properties of
waveforms. All waveforms can be described by three features: frequency, phase, and ampli-
tude. This description of a waveform may be expressed mathematically in the form shown
in Equation 2.1:

y(t) = A(t) cos(2m f(t) + ¢(1)) (2.1)

Where A(t) represents the amplitude as a function of time, f(¢) represents the frequency
as a function of time, and ¢(t) represents the phase of the signal as a function of time.
This representation shows how the amplitude, phase, and frequency may be varied to encode
information. For example, a basic 1-bit system could be created in which two frequencies are
used to represent a 0 and a 1. A transmitter may transmit a 10kHz wave to represent a 0
and a 20kHz wave to represent a 1. Representing data in this way is known as modulation.
An example of this described waveform in the time domain is shown in Figure 2.1.

At the receiver, demodulation circuitry reconverts each wave back into their binary repre-
sentation. Modulating data with amplitude, frequency, or phase is known as Amplitude-Shift
Keying (ASK), Frequency-Shift Keying (FSK), and Phase-Shift Keying (PSK) respectively.
Modern communication systems primarily use PSK and two different combinations of PSK
and ASK known as QAM and APSK [10]. Rather than modulation, frequency is gener-
ally used for multiplexing purposes, which means the frequency spectrum is divided and
distributed across users, this allows for multiple signals to be transmitted within a space
without suffering large amounts of interference as well as allowing for individual communica-

11
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Figure 2.1: An Ezample of a 2FSK Modulated Waveform

tions devices to extract signals of only the frequency which they are tuned to [10]. The work

discussed in this thesis will focus only upon PSK, QAM, and APSK modulation schemes due
to their usage in digital modulation.

2.2 The Relationship Between Modulation Order and Bitrate

Rather than transmitting two waves with a binary representation as with the example shown
in Figure 2.1, increasing the number of different transmitted waves allows for the mapping
of binary sequences to each waveform. For instance, transmitting 8 different PSK modulated
waves allows for each waveform to represent the numbers 0-7, or 3 bits, thus allowing for
higher data rates. The number of waves chosen for a modulation scheme is known as the
order and is written as a number before the shift-keying mode, such as 8PSK in this case.
Generally, the number of different variations of the varied wave characteristic is given in
terms of a number prefix, such as 8PSK for 8 phase variations, the exception to this is when
the properties are only varied twice or four times, in these cases the number prefix is replaced
with Binary (B) and Quadrature (Q) respectively [40]. Each unique variation of a modulated

wave is known as a symbol. The number of bits which a symbol can represent is determined
by Equation 2.2.

B =logy(M) (2.2)
Where M is equal to the order of modulation and B is the number of bits. By increasing the

modulation order, a higher data rate can be achieved for an equivalent symbol rate. This is
demonstrated by viewing QPSK in the time domain which is shown in Figure 2.2
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Figure 2.2: An Ezample of How a QPSK Modulated Waveform Transmits 2-Bit
Sequences of Data

2.3 The In-Phase and Quadrature Decomposition

Digitally modulated waveforms are near universally described as a combination of two compo-
nent waveforms: the In-Phase (I) and Quadrature (Q) components. Utilising this framework
allows for the analysis and generation of digital modulation schemes in terms of the ampli-

tudes of each component. Finding these components can be done as follows:
Take the general form of a modulated signal:

y(t) = Acos(2mft + &) (2.3)
Euler’s formula states that: A )
P [
cos(¢) = — g (2.4)

When substituting Equation (2.4) into Equation (2.3), the following is obtained:

e](27rft+¢) + 67.](27rft+¢)

y(t) = A ) (2.5)
The exponentials may be further expanded to obtain:
y(t) = 21 ( j2ft i +e—j27rfte—j¢) (2.6)

The term e/? may be expressed in rectangular form using Euler’s formula:

7 = cos(¢) + jsin(¢) (2.7)
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Similarly, e77® may be expressed as:

e 9% = cos(¢) — jsin(¢) (2.8)
Substituting Equations (2.7) and (2.8) back into Equation (2.6) obtains:
A 27 ft . e —j2r ft -l
y(t) = 5 (277 (cos(9) + jsin(6)) + €72 (cos(@) — jsin(9)) ) (2.9)
By expanding and grouping terms, the following is obtained:
A j27 ft —j2m ft -l 27 ft —j2r ft
y(t) =3 (cos(gb)(e] + eI 4 sin(g) (2Tt — ¢ )) (2.10)

Euler’s formula also states that:

ej27rft T 67j27rft

cos (27 ft) = 5 (2.11)
sin(27 ft) = et ;jemft (2.12)
By substituting Equations (2.11) and (2.12), the final form is obtained:
y(t) = A (cos(e) cos(2 ft) — sin(e) sin (2 f1)) (2.13)
Which may be expressed in the I/Q form:
y(t) = I(¢) cos(2m ft) — Q(t) sin(2r ft) (2.14)
Where:
I(£) = Acos() (2.15)
Q(t) = Asin(¢) (2.16)

The original wave is now expressed in terms of two separate components which have the same
frequency but are 7/2 radians out of phase of one another. The In-phase or I(¢) component
is in phase with the cosine carrier, the Quadrature or Q(t) is therefore 7/2 radians out of
phase with the carrier. The benefit of this decomposition is that each component may be
individually amplitude modulated and then combined to produce a carrier which is arbitrarily
modulated with phase and/or amplitude [40]. How the two component waveforms combine to
create the carrier waveform can be seen clearly when the amplitude of either the I component
or () component is set to 0, which can be seen in Figure 2.3.

This example illustrates visually how the addition of the two components results in mod-
ulation of the carrier, when the amplitude of either component is set to 0, the carrier becomes
equivalent to whichever component is non-zero, which results in a phase shift of 7/2 radians
by definition. This example is not representative of an actual modulation scenario as a com-
ponent with a 0 valued amplitude is never used, it is purely to demonstrate the simplest case
of I and Q components combining to form a modulated carrier. A second example illustrates
how two non-zero components may combine to result in a modulated carrier, this is shown
in Figure 2.4.



CHAPTER 2. BACKGROUND

In-Phase Component: Icos(27rfct)

1 1 1

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Amplitude (V)
/
\
/
\
/
_\

'
-
o

-

Amplitude (V)
o

'
-

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Time (s)

o

Combined Modulated Signal (Carrier)

VAAANS

Time (s)

N

Amplitude (V)
o

N
o

0.1 0.2

Figure 2.3: How the In-Phase and Quadrature Components Combine to form the
Carrier Wave

In-Phase Component: Icos(27rfct)

T T T T T T T

N

Amplitude (V)
o

1 1 1 1 1 1 1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Time (s)

Quadrature Component: -Qsin(27rfct)

'
N

g 1 T T T T T T T T T
; /'/\\ /'/ \‘\ / \ ’/h\\ /r\\ / \ //\\ ,‘/\\\ //V\\\ '/\\
° / / \ ,’/ \\ / \ / V / \ / \ / \ / ! // \\
g OF / \ / ] / \\ /‘/ \ / \ /; \ 7
< _1 1 1 1 1 1 1 1 1 1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Time (s)

mbined Modulated Signal (Carrier)

VATATATAT AV AYANAS

Time (s)

-

Amplitude (V)
O

'
-

1

o

Figure 2.4: How the In-Phase and Quadrature Components Combine to form the
Carrier Wave when Components are Non-Zero

15



CHAPTER 2. BACKGROUND 16

Figure 2.4 illustrates the I and @ components transitioning from an amplitude of 0.707 to
—0.707 at t = 0.5s, corresponding to a 7 radian phase shift in the carrier signal. The formulae
to obtain the exact phase and amplitude of the carrier are given by the equations:

¢ = atan2 (?) (2.17)

A=\T2+Q? (2.18)

Where ¢ is the carrier phase, A is the carrier amplitude, Q and I are the amplitudes of the
Quadrature and In-phase components. Critically, the atan2 function is required rather than
the traditional arctan function, as it extends the range from [—%, 5] to [—, 7]. In the case of
this example, the amplitudes of the I and () components begin at 0.707 at t = 0 s. Plugging
these values into the provided equations results in the following;:

0.707 T
¢ = atan2 <0707> =1 rads (2.19)
A =1/0.7072 + 0.7072 ~ V0.5 + 0.5 = 1 (2.20)

Following the amplitudes of the I and ) components changing to —0.707 at t = 0.5 s, the
phase and amplitude of the carrier becomes:

— tano _ o7 2.21
¢ = atan (_0.707 1 rads (2.21)

A=/(-0.707)2 + (=0.707)2 ~ /0.5 + 0.5 =1 (2.22)

—0.707) 57

It is difficult to intuit exactly how changes to the amplitude of I and () components will
affect the carrier waveform. For this reason, a visual representation of the carrier waveform
is instead used, this concept is discussed in the following section.

2.4 The Constellation Diagram

The constellation diagram is visual representation of the phase and amplitude combinations
which a modulation scheme may take. It displays the signal as a two-dimensional scatter
diagram on the complex plane at signal sampling instants. The example I and ) amplitudes
which were used for demonstration in Figure 2.4 may be plotted on the constellation diagram,
this can be seen in Figure 2.5.
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Figure 2.5 shows the constellation diagram of QPSK at 40dB SNR, the blue clusters in each
quadrant of the diagram represent a different phase which a QPSK signal may take. The red
arrows provide a phasor for how the I and () values combine to result in the complex number
of Z, the relationship may be expressed with Equation 2.23.

Z=1+jQ (2.23)

Utilising the conversion formulae defined in 2.17 and 2.18, the polar representation of this
relationship may be obtained, thus providing the amplitude and phase of the carrier sig-
nal, which is shown in Figure 2.6. Each constellation point therefore represents both the
relationship between I and () as well as the magnitude and phase of the resultant carrier.

The constellation diagrams shown in Figure 2.5 and Figure 2.6 have shown how combina-
tions of I and () components of consistent amplitude may provide a phase modulated carrier.
According to Equations 2.17 and 2.18, by scaling the values of the I and () components by
equivalent amounts, the carrier signal amplitude may be varied without affecting the phase,
thus the carrier signal may be modulated with both amplitude as well as phase. Using these
techniques, engineers may design modulation schemes with constellation diagrams of arbi-
trary constellation point positioning. Examples of various constellation diagrams modulated
with both amplitude and phase are shown in Figure 2.7. However, the constellation point po-
sitions are never arbitrary, they are generally placed in positions which maximise the distance
between constellation points in the constellation diagram, the following section explains why
this is the case.
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2.5 Constellation Diagrams and Noise

This final background subsection explores the effects of noise upon the appearance of the
constellation diagram, this information is then used to explain the importance of constellation
point positioning and how modulation order relates to SNR robustness. Thus far in this thesis,
the only constellation diagrams displayed in figures have been created with data at an SNR of
40dB, the constellation points have therefore had the appearance of a densely spaced cluster.
SNR, defined in Equation 2.24 where Aggnal and Apoise represent the amplitude of the signal
and noise respectively, provides a measure of the ratio between the amplitude of the signal
and noise.

Anoise

Asi na
SNRgs :2010g10< g 1) (2.24)

Noise is an inherent characteristic of any communications channel, it introduces random
deviations from the ideal scenario. An increase in the amplitude of noise results in the
dispersion of the received symbols around the intended constellation points, manifesting as
a ”cloud” of points around the intended ideal constellation point position. The greater the
amplitude of the noise with respect to the signal (or the lower the SNR), the greater the
dispersion of received symbol points. Figure 2.8 illustrates this phenomenon by displaying
16PSK at an SNR of 30dB and 15dB.
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Figure 2.8: 16PSK Constellation Diagrams at SNRs 30dB (a) and 15dB (b)

In Figure 2.8 (a) the constellation points remain well defined, there are still 16 clear clusters
of symbol points. In Figure 2.8 (b) the low SNR has increased the dispersion of symbol
points to such a degree that constellation points begin to overlap, they are no longer clearly
defined. Demodulation hardware at the receiver is likely to produce errors due to the overlap
of constellation points should the signal shown in Figure 2.8 (b) be received.

Figure 2.9 displays 16QAM at an SNR of 15dB. Despite having an equivalent SNR to
Figure 2.8 (b), the constellation points still exist in clearly defined regions with minimal
overlap exhibited. By utilising both amplitude and phase modulation, greater separation of
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constellation points is achieved and therefore the 16QQAM modulation scheme has a stronger
robustness to the effects of noise.

151

05

Figure 2.9: The 16QAM Constellation Diagram at an SNR of 15dB

While this example has demonstrated that QAM modulation schemes are inherently more
robust to noise distortion than PSK modulation schemes of equivalent order. Higher-order
modulation schemes inherently have a higher density of constellation points, the SNR at which
constellation points begin to overlap is therefore greater than that of lower-order modulation
schemes as the distance between constellation points is reduced. To illustrate, Figure 2.10
displays the 1024QAM constellation diagram at an SNR, of 40dB and 30dB.

In Figure 2.10 (a) the 1024QAM constellation diagram is shown to have clearly defined
constellation points. Conversely, in Figure 2.10 (b) the well defined constellation point spacing
is lost and significant overlap between constellation points can be seen. In Figure 2.8 30dB
SNR was used to demonstrate 16PSK with well defined constellation points, yet in this case at
an SNR of 30dB the characteristic grid formation of 1024QAM is lost. 1024QAM is therefore
less robust to noise than 16QAM.

These examples have illustrated how utilising both amplitude and phase modulation pro-
vides increased SNR robustness in comparison to utilising only amplitude or phase. Fur-
thermore, it has also been shown how high-order modulation schemes have reduced noise
robustness due to the density of constellation point positioning. This short background sec-
tion has now provided the necessary foundations for the remaining chapters in this thesis to
be understood. The next chapter provides an in-depth review of the literature in the fields
of AMC and NDA SNR estimation.
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Chapter 3

Literature Review

Following the discussion of the background concepts on which AMC systems rely, the methods
which have previously been investigated for the purposes of AMC may be compared within
this context. The peak accuracy, the lowest SNR at which the peak accuracy is achieved,
and the SNR at which the accuracy becomes equivalent to a random guess are the 3 primary
metrics will be considered when comparing the performance of each AMC method.

The proposed AMC system targets resource-constrained CR applications, where minimis-
ing hardware footprint, power consumption, and latency is critical for real-time deployment.
Thus, the primary focus is to realise a classifier that matches state-of-the-art performance
while drastically reducing utilisation. Following the discussion of the different techniques
which can be used to achieve AMC, the focus will be narrowed to the strongest AMC systems
which have been implemented in hardware. Comparisons drawn in this section will use each
performance metric described in the above paragraph whilst also incorporating comparisons
between the various statistics which are required to characterise hardware implementations,
such as number of Flip-Flop (FF)s, Look-Up Table (LUT)s, Digital Signal Processing (DSP)
slices, Blocks of Random Access Memory (RAM), power consumption, and latency. By util-
ising these metrics for comparison, an analysis of the techniques which have the potential
for efficient and accurate CR implementation is obtained, and the strongest implementations
which the proposed system must outperform are identified.

In addition to modulation classification, CR, systems require robust SNR estimation to
dynamically adapt to channel conditions, necessitating an evaluation of blind estimation
techniques. This literature review will cover this field of research and use MSE as the primary
metric for comparison. However, just as with AMC there are more factors to consider than
solely the accuracy of a particular method. Many techniques which will be discussed display
strong accuracy yet only achieve this accuracy within a particular SNR range, outside the
bounds of this range, they exhibit asymptotic behaviour (e.g. error floors or divergence in
estimation accuracy). Similarly, many algorithms are designed for usage on single modulation
schemes, making them unviable for CR applications where the modulation scheme may vary.
While some algorithms may be reconfigured to handle a range of modulation schemes, the
scope of the range which they can handle may also be a limiting factor. The strongest NDA
SNR estimator will therefore be the system which demonstrates strong performance over a
large SNR range and on a large variety of modulation schemes.

This literature review is structured as follows: Sections 3.2 and 3.3 examine software-based
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AMC approaches, diving them into feature-based (Section 3.2) and DL-based approaches
(Section 3.3) to contrast the characteristics and performance of each paradigm. Section 3.4
applies a critical analysis of each software approach and compares them in terms of the
criteria outlined at the outset of this review. Section 3.5 applies the knowledge obtained
from this comparison and explores the merits of the available hardware implementations,
discussing both Field-Programmable Gate Array (FPGA) and Application Specific Integrated
Circuit (ASIC)-based solutions and comparing their respective advantages and disadvantages
in terms of both accuracy against SNR and hardware implementation characteristics. This
analysis is used to identify the strongest examples of hardware implemented AMC algorithms
which then are used for comparison later in this thesis. Section 3.6 concludes this review by
exploring the techniques for NDA SNR estimation which may be found in the literature, each
technique is compared in terms of estimation accuracy within the context of SNR range of
accurate estimation and the variety of applicable modulation schemes.

Ultimately, the findings obtained from this literature review are used to identify a tech-
nology which offers a great deal of potential towards the realising an efficient yet effective
AMC and NDA SNR estimation system.

3.1 Dataset Differences Across Each Work

Before the literature review proper may begin, it is important to understand that the accuracy
obtained by each model is not solely dependent on the quality of the implementation. Equally
as important as the model structure is the choice of modulation schemes which are included
in the training and testing datasets. Depending upon the set of utilised modulation schemes,
the achieved classification accuracy may be either optimistic or pessimistic in comparison to
another work. There are therefore several choices of modulation scheme selection to identify
when comparing model performance.

The first is the order of the modulation schemes included within the dataset. When
comparing the performance of AMC systems, the inclusion of high-order modulation schemes
within the dataset universally imposes a performance penalty on the system. This is particu-
larly true when works opt to include high-order signals such as 256 QAM which are particularly
vulnerable to noise due to the increased density of constellation points. Therefore, systems
which demonstrate the ability to classify high-order modulation schemes such as 256QAM
will be judged more favourably in comparisons.

Secondly, some works [19,50,51,58,70] do not include differing modulation schemes of
equivalent order within the dataset, for example 16PSK and 16QAM. They therefore do not
demonstrate the ability to distinguish between equivalent order modulation schemes and will
be judged less favourably in comparisons.

Finally, the number of different modulation schemes included in the dataset should also
be considered. A model with the ability to classify a wide range of schemes will be judged
more favourably in the comparison text than one which only includes a limited set of schemes
in the test dataset.

Another point which must be emphasised with respect to the number of classes in the
test dataset is that many works opt to use the open-source datasets RadioML.2016.10A [41]
and RadioML.2018.01A [41]. Works which opt to use these datasets make for more direct
comparisons as each system is trained and tested on the same dataset, thus model structure
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the only differentiating factor. Additionally, RadioML.2018.01A features an extensive number
of classes such as 5 orders of QAM from 16 to 256, APSK orders 16 to 128, and PSK orders
from 2 to 32. This results in a dataset which consists of high-order modulation schemes,
schemes of equivalent order, schemes of the same format, and a large set of modulation
schemes. However, the datasets also include a number of analogue modulation schemes
such as Amplitude Modulation - Single Side Band - With Carrier (AM-SSB-WC), Amplitude
Modulation - Double Side Band - With Carrier (AM-DSB-WC), and 4ASK etc. This thesis is
not concerned with the performance of systems when classifying these analogue modulation
schemes, only digital modulation formats will be considered. When these works provide
results for their obtained classification accuracy, this accuracy also includes the accuracy of
the system on the analogue modulation schemes. It is impossible to obtain the performance
of the system if only digital schemes were included, instead an estimation of how the obtained
accuracy may be affected if these modulation schemes were discounted will be provided.

Universally, every system which employs these datasets cannot distinguish between Wide-
band Frequency Modulation (WBFM) and AM-SSB-WC. Even at high SNRs the accuracy of
the system on one of these modulation schemes will be 0 and the other will be 100, therefore
the peak performance at high SNRs of models which use RadioML datasets will be assumed
to slightly higher than what is reported. Conversely, there are many low-order analogue
modulation schemes such as On-Off Keying (OOK), 4ASK, and 8ASK, which models clas-
sify with high accuracy at low SNRs. Consequently, the performance of models which use
RadioML datasets will be judged to have a slightly optimistic performance in the low SNR
range. Where possible, high and low SNR accuracy on only digital modulation formats will
be calculated from provided confusion matrices and given in the comparison text.

3.2 The Feature-Based and Deep Learning AMC Paradigms

Having established the importance of high accuracy, inter-order classification, inter-format
classification, robustness to channel impairments, and the maximum order of modulation
scheme included in the dataset, this section explores the 2 dominant paradigms of AMC
from the perspective of software implementation. Although this thesis is aimed towards the
realisation of an efficient hardware implementation, to ensure that all the best performing
systems are explored, it is first important to explore the techniques which have shown to
be effective in software but have not necessarily received attention in terms of hardware
implementation.

There are 2 predominant paradigms of AMC, the first uses expert features in conjunction
with classification models to distinguish between modulation schemes. This technique was
the first method of AMC to be proposed as modern DL model structures, optimisation
techniques, and the hardware upon which they rely were yet to developed. The usage of
“expert features” refers to the process of the engineer identifying statistical characteristics
of an input dataset which can be obtained algorithmically and then used to differentiate
between classes. A classification model structure is employed to provide the discriminatory
functionality, it learns how each combination of features relates to the classes which they are
extracted from and thus learns to classify future feature inputs.

Conversely, modern DL methods offload feature generation to the classifier directly, elimi-
nating the requirement for features to be identified or designed by the engineer. Through this
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process it is thought that more information can be learned by the system as it is provided as
much information as possible. Furthermore, the features which are learned may not be able
to be mathematically calculated as they are perhaps more akin to pattern recognition and
reasoning operations than algorithmic operations. It is through this information maximisa-
tion and the learning of more abstract features which DL systems aim to improve upon the
traditional feature-based classifiers.

Figure 3.1 illustrates the differences as well as the similarities between each approach.
Both methods have largely the same structure with the key differentiator being that the
feature-based method extracts features with human-designed algorithmic cores whereas the
DL system learns its own features during the training process, each method requires a clas-
sification algorithm following the feature processing step.

Expert Feature Classifier General Structure

Algorithmic Feature

Extractor A
Wa;g{grm Algorithmic Feature Classifier Classification
I Extractor B Result Qutput
nput

Algorithmic Feature

Extractor N
Deep Learning Classifier General Structure
Waveform

Data
Input

Classification
Result Output

N-Layer Feature
Learning

Classifier

Figure 3.1: The General Structures of Feature-Based and DL Classifiers

With the modern Al revolution underway, it may be tempting to assume that the discrimina-
tory power offered by DL models is superior to the older feature-based approaches. However,
it may be the case that well designed features in conjunction with appropriately chosen
classifier structures can offer equivalent performance with a major reduction in hardware
requirements. This question is the principal concern of this literature review and indeed this
thesis as a whole.

The broad outline of both dominant methodologies has now been discussed, the detail
of the implementations of each technique will now be investigated. This investigation will
begin by examining expert feature classification, the following section concerns the types of
features which can be employed, then the various classifier structures will be presented, finally
the obtained performance from utilising combinations of varying features and classification
structures will be compared and evaluated with the aim of determining which strategies show
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promise for implementation in mobile CR systems.

3.2.1 An Exploration of Expert Features

The principal component of feature-based classification is naturally the choice of the features
themselves, early approaches used statistical measures based upon information extracted
from the frequency and bandwidth of the signal. Later works progressively introduce a
greater number of features which utilise statistics derived from the instantaneous amplitude
and phase. Modern works which have been published in recent years use a combination of
the features which have been shown to result in strong discriminatory capabilities [46,50].

The earliest example of AMC which could be found in the literature is the method in-
troduced by Gardner et al. which proposed the use of cyclostationary features as a method
of classifying orders of PSK signals [42]. However, the proposed work is purely theoretical.
A signal is considered cyclostationary if its signal properties vary periodically with time, by
applying the Cyclic Autocorrelation Function (CAF), distinct patterns for various modu-
lation types are obtained. This method has been shown to be effective in recent practical
implementations such as in the work by Camara et al. [43]. The features have been found
to be particularly robust to noise interference as Additive White Gaussian Noise (AWGN) is
typically stationary, therefore it does not contribute to cyclic frequencies.

Assaleh et al. [44] proposed the usage of the standard deviation and the mean value of the
differential of the instantaneous frequency, as well as the standard deviation and peak values
of the bandwidth. Of these features, the only one to see common usage in later works is the
standard deviation of the instantaneous frequency as it was found to be highly discriminative.

Nandi and Azzouz [45] expanded the feature set to include statistics derived from the
instantaneous frequency, phase, and amplitude. The authors propose a plethora of features
which are: the maximum value of the spectral power density of the normalised-centered
instantaneous amplitude, the standard deviation of the nonlinear component of the instanta-
neous phase (both absolute and direct values measured in nonweak segments), a ratio which
measures the spectrum symmetry of the RF signal, the standard deviation of the absolute
value of the normalised centered instantaneous amplitude of a signal, the standard deviation
of the absolute value of the normalised instantaneous frequency of a signal, the standard
deviation of the normalised-centered instantaneous amplitude in the nonweak segment of a
signal, and the kurtosis of the normalised instantaneous amplitude and frequency.

A key contribution of the work is the usage of features derived from the spectral power
density. This statistic provides information about the frequency content of the amplitude
variations, this feature sees frequent use in more modern AMC work. However, of the set
of utilised features the 2 values which have particular importance are the 2 kurtosis statis-
tics. These statistics are an early example of the usage of this statistical moment for AMC
purposes. Kurtosis is referred to as the fourth-order moment, it provides a measure of the
“tailedness” of a distribution, higher values imply a sharper peak and large tails, low values
imply a flatter peak and thinner tails, a value of 3 results from a normal distribution.

Saharia et al. [46] use the same set of features as Nandi and Azzouz with the addition
of skewness which is the third-order moment. They use a feature selection algorithm to de-
termine which features have the highest importance upon the classification result. They find
that the spectral density has the highest importance, followed by the kurtosis, skewness, and
standard deviation of the instantaneous frequency and amplitude. The standard deviation of
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the instantaneous phase is found to have the least importance upon the classification result
for their dataset and model structure.

The usage of kurtosis by Nandi and Azzouz marked a shift towards leveraging higher-order
statistical measurements to capture more nuanced characteristics of the modulated signals,
this paved the way for the adoption of moments and cumulants, which are now used near
ubiquitously in time-series feature-based AMC algorithms. These statistics provide a general
description of the probability distribution of a signal. The nth moment of a random variable
provides the average of the variable raised to the nth power. The first central moment of a
random variable is the mean, the second is the variance, the third is the skewness, and the
fourth is the kurtosis.

Cumulants are closely related to moments as they are derived from the logarithm of the
characteristic function (which is related to the moment generating function). The first and
second cumulant are equal to the first and second moment, however it is with the third and
fourth cumulant that the largest advantage is gained. The third, fourth, and higher-order
cumulants of a Gaussian distribution are equal to 0, this means that utilising these metrics
can provide features which are robust to the effects of AWGN, theoretically improving the
accuracy of an AMC system in low SNR scenarios. Noise sources which are non-Gaussian such
as interference are not influenced by this robustness. Figure 3.2 illustrates the characteristics
of waveforms which each order of moment describes.
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Figure 3.2: The Waveform Characteristics Described by the 1st to 4th Order
Statistical Moments

Swami et al. [47] proposed an AMC system using only cumulants as features. They utilised
variations of the fourth-order cumulant, denoted as Cyy, Cy1, and Cyo. These cumulants
describe various aspects of a signal’s properties, Cyg describes the circular symmetry, Cy;
the asymmetry, and Cys the tailedness similarly to kurtosis. Crucially they also utilised the
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variance of Cyy and Cys which allowed them to capture the variability of these cumulants
over time. Each of these values are found by using a complex input of both the phase and
amplitude data. This provided additional discriminatory information as some modulation
schemes may be more susceptible to channel impairments and would therefore exhibit higher
variance in these cumulants.

Zhou et al. [48] expand upon the work by Swami et al. by including even ordered cu-
mulants from the second to the eighth. This approach aims to capture a more complete
statistical description of modulated signals. While the second-order cumulant is equal to
the variance, the higher-order cumulants can capture the finer details of the signal’s distri-
bution. The sixth-order cumulants are more sensitive to extreme values or outliers in the
signal, for the context of AMC this can help differentiate between modulation schemes with
subtle differences in their constellation diagram. The eighth-order cumulants provide even
higher sensitivity to these details, they are said to be most useful when discriminating be-
tween higher-order constellations, in this case between 16QAM and 64QAM. The authors
perform feature selection across all the included cumulants to determine which provide the
strongest predictive power. A variety of feature selection methods are utilised, they include
Genetic Algorithm (GA), Binary Particle Swarm Optimisation (BPSO), Co-evolution Binary
Particle Swarm Optimisation with Multiple Inertia Weight Strategy (CBPSO-MIWS), and
Recursive Feature Elimination (RFE). Each feature selection method results in a different
set of features being selected, but in general all algorithms prioritise the fourth, sixth, and
eighth-order cumulants. There is only one example where a feature selection algorithm finds
a second-order cumulant to be a viable feature and this is when CBPSO-MIWS selects Coq,
however when the number of utilised features is reduced to only 3, the algorithm opts to not
select (1, instead choosing Cgo, Cgs, and Cygg. Cgs and Cgg are found to have the highest
discrimination ability as they are the most frequently selected features when the number of
utilised features is set to 3.

Another example of work which uses high-order cumulants is that of Wong et al. [49].
However, the authors use fourth and sixth-order cumulants, opting not to include second and
eighth-order cumulants.

Alarabi et al. [50] use the second, third, and fourth-order moment of the instantaneous
amplitude and phase. They also utilise the entropy of both amplitude and phase. The entropy
is a measure of the uncertainty or randomness of a signal’s amplitude and phase. This metric
may be useful in the context of AMC as a modulation scheme with a high amplitude entropy
may utilise amplitude modulation, similarly a high entropy of the phase values indicates
phase modulation.

The features discussed thus far have all been extracted from the I/Q waveform in either the
time or frequency domain. Information may also be extracted from a signal’s constellation
diagram. This approach can offer the advantages of the ability to distinguish modulation
types with similar spectral characteristics. There are several features of the constellation
diagram which may be extracted for usage in classification tasks, these include the number of
constellation points, the density of constellation points, and arrangement of the constellation
points.

Clustering algorithms have been identified as an effective method of constellation diagram
feature extraction. Zhang et al. [37] use the clustering algorithm DBSCAN to extract the
number of constellation points of various orders of QAM from 4 to 256. DBSCAN sees usage in



CHAPTER 3. LITERATURE REVIEW 29

this context as it is a non-parametric clustering algorithm, meaning that it finds an arbitrary
number of clusters within a dataset. This is contrary to parametric clustering algorithms
such as k-Nearest Neighbours (kNN) which require the expected number of clusters to be
specified. In the context of constellation diagram feature extraction this is advantageous as
the number of constellations is feature which is to be extracted.

Zhao et al. [38] use a similar method with the additional feature of the number of core
points identified by the DBSCAN algorithm. The core points metric was used as an additional
feature to discriminate between 32QAM and 64QAM, this metric acts as proxy for density
as for a given dataset size a constellation diagram with a greater number of constellations
will naturally have a reduced amount of core points per constellation or cluster. In this case
QPSK, 8PSK, 16QAM, 32QAM, and 64QAM were the modulated signals in the dataset.

Wang et al. [51] employ a similar approach but opt to use the Subtractive Clustering
algorithm rather than DBSCAN. The principle is broadly similar in that the number of
constellations is the metric to be obtained and used for classification. However, in this case
the algorithm identifies the centres of clusters (in this case the constellation points) rather
than the clusters themselves.

Many of the most popular and effective features have now been discussed, the following
section details the variety of classifier structures which have been employed as well as the
decision-making process behind selecting an appropriate model.

3.2.2 The Choice of Classifier Structure for AMC

Various classifier structures have been used to achieve feature-based AMC. Unlike DL, the
accuracy achieved with this paradigm of AMC does not necessarily scale with classifier power
and complexity. Rather, it is the feature representation which fundamentally defines the
problem space in which the classifier operates [52-54]. The extracted features constitute the
basis for distinguishing between classes, meaning that suboptimal feature selection can result
in significant overlap between class distributions within the feature space [53]. Overlap such
as this inherently limits the effectiveness of any chosen classifier. Conversely well-chosen
features result in strong separation of classes within the feature space, in such cases even the
simplest of classifier structures may be capable of finding decision boundaries which result
in a high level of accuracy [55,56]. An exception to this is in the cases where there is strong
separation of classes, but they are not linearly separable, in this case a more complex classifier
which can find non-linear decision boundaries would be advantageous [54]. This problem is
illustrated in Figure 3.3 where 3 plots show an example of classes without strong separation,
linearly separable classes with strong separation, and classes with strong separation which
are not linearly separable.
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Figure 3.3: Fzamples of Linearly Separable and Non-Linearly Separable Data
with Appropriate Decision boundaries

In the first plot of Figure 3.3 the classification is performed with a linear decision boundary,
however as there is overlap between the classes there is no classifier which could differentiate
between each class with perfect accuracy, regardless of complexity. In the second plot there
is strong separation, any classifier should be capable of reaching perfect accuracy in this case.
In the final plot there is strong separation between the classes, but they are non-linearly
separable, the linear decision boundary cannot capture the form of the data and thus the
classification result will not be ideal. It is however unlikely that any set of selected features
would be linearly separable without overlap, especially considering that the influence of noise
can obfuscate the information held within a waveform which can therefore inhibit accurate
feature extraction.

Another situation where a more complex classifier is advantageous is to accommodate a
larger number of features and classes. Increasing the number of features increases the dimen-
sionality of the feature space and introduces more complex relationships between features
and classes [52,53]. Likewise, increasing the number of classes can require a greater number
of more intricate decision boundaries. Thus, increasing both aspects means that there is a
requirement for intricate decision boundaries in high dimensional feature-space, something
which complex classifiers such as Support Vector Machines (SVM)s and Artificial Neural Net-
work (ANN)s are better suited to provide [52,53]. To illustrate this point Figure 3.4 shows
2 feature spaces which resulted from data used in the work performed in this thesis. In each
case the decision boundaries are found by a linear SVM and a more complex non-linear SVM.
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Figure 3.4: Features Extracted from a Set of Modulation Schemes, Classified with
(a) Linear Decision Boundaries and (b) Non-Linear Decision Boundaries

Paying particular attention to the overlapping feature clusters at (700,300), it may be seen
that while these feature clusters overlap, there are still distinct regions where each class is of
a higher density, in (a) the linear decision boundaries fail to capture this relationship as the
decision boundary contours often pass through the regions of high class density, conversely
the more complex non-linear boundaries in (b) capture the regions where each class cluster
resides with greater accuracy. The majority of the remaining feature clusters exhibit a good
quality of separation, therefore both methods find good decision boundaries. The overall
accuracy achieved in (a) will suffer a slight performance loss in comparison to (b) due to the
high-order QAM overlap however.

To summarise this discussion, the optimum choice of classifier is dependent on the quality
of feature separation, the dimensionality of the feature space, and the number of classes.
While models of a lower complexity may perform well when there is a small number of highly
separated classes which exist in low-dimensional feature space, their usage will impose a
performance reduction should any of these factors cease to be the case. Higher complexity
classifiers offer increased generality.

3.2.3 Classifier Structures Utilised for Feature-Based AMC

Early works in feature-based AMC often employed simpler classifier models due to compu-
tational limitations and the limited numbers of low-order modulation schemes which were
included in the dataset. For example, Assaleh et al. [44] used a Decision Tree (DT) with
fixed thresholds. This approach is inherently limited to creating piecewise linear decision
boundaries [53] and as illustrated in Figure 3.3, it would struggle with overlapping class dis-
tributions and non-linearly separable data. However, given the small number of classes which
were considered, and the high SNR of the test data, the simple approach proved effective and
achieved high classification accuracy.

As feature sets became larger and the number of classes increased, researchers began
exploring more powerful classifiers. Nandi and Azzouz [45] compared a DT with an MLP
neural network. The DT performed better with simpler classification tasks (e.g. distinguish-
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ing between 2ASK and 4ASK), the MLP demonstrated superior performance when classifying
a wider range of modulation schemes, suggesting a superior ability to learn more complex
decision boundaries in high dimensional feature spaces.

Swami et al. [47] still employed a DT but only utilised 5 features. In this case strong
performance was obtained despite the less complex classifier, suggesting that the high-order
cumulant features provide linearly separable classes.

Subsequent works begin to explore more powerful classifiers to fully leverage expanded
feature sets. Saharia et al. [46] compare DTs with a Random Forest (RF) classifier, RF
classifiers are an ensemble of DTs which combine to provide more robust classification [53,
55]. The RF classifier consistently outperformed the DT, particularly when distinguishing
between higher-orders of QAM. This work utilised a large number of features, the superior
performance of the RF classifier in this case demonstrates that the more complex model was
superior in the high dimensional feature space.

Wong et al. [49] used a Naive Bayes classifier in conjunction with 4 high-order cumulants.
While the obtained accuracy reached 100% at high SNRs, the accuracy deteriorated at a
higher SNR than seen with other classification models. This suggests that the information
captured by the high-order cumulants may not be optimally utilised by the relatively simpler
Naive Bayes classifier, potentially due to the inter-dependencies between the cumulants which
violate the classifier’s core assumption of feature independence [52].

Zhou et al. [48] used an SVM, a powerful classifier capable of learning both linear and
non-linear decision boundaries depending upon the employed kernel function [52]. In this case
Zhou et al. used a linear kernel, stating that the reason for this choice was that the high-order
cumulant features were linearly separable. Excellent accuracy was achieved, demonstrating
the potential of the combination of strong features and complex classifiers.

Alarabi et al. [50] also achieved strong results by utilising an ANN classifier with a large
feature set of lower-order moments and entropy. They also used a dataset with many classes.
The obtained accuracy is comparable to that of Zhou et al. [48] at SNRs greater than 12dB
but shows more robustness to noise. Even despite the large numbers of features and classes
best-in-class average accuracy was obtained, this demonstrates that a more complex clas-
sifier in conjunction with a strong set of features can maintain equivalent performance to
comparatively simpler classification tasks.

The 3 works which used clustering algorithms as a feature extraction mechanism each
opted for a DT classifier [37,38,51]. In this case each work extracted the total number of
constellation points as the feature for classification, as their classifier had only a single input
feature with strong separation, it is unlikely that a more complex classifier would be able
to improve upon the achieved results. The case for using a DT is further enhanced by the
expected value of the features being obvious, i.e. 256QQAM is expected to have roughly 256
constellations, therefore manually setting thresholds is trivial and enables fine tuning to reach
the desired accuracy.

This section has provided an overview of the various classifier models which have seen
use for feature-based AMC, the prior section has discussed the range of employed features.
Declaring an overall best performing classifier is impossible as the set and number of employed
features and classes varies significantly between studies. What can be concluded from this
section is that all classifier structures have been demonstrated to be effective, however more
complex classification tasks can benefit from the usage of more complex models, as with
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the improved performance of the ANN compared to the DT in [45], and the RF classifier
compared to the DT in [46]. The systems which show a strong ability to classify a large
number of classes leverage feature sets which provide strong separation in high dimensions
in conjunction with a complex model to make best use of the input feature set. The next
section will delve deeper into the achieved results by the strongest systems discussed here
and analyse how the combinations of feature sets, modulation schemes in the datasets, and
classifier model structures effect overall classification performance.

3.2.4 Feature-Based AMC Results

This section examines the results obtained by employing combinations of the various features
and classifiers using works found in the literature. Per the discussion about the variety of
datasets which have been used throughout each work in the literature, information about
the types of datasets used by each work may be found in Table 3.1 alongside the classifier
structure and utilised features. Figure 3.5 shows a comparison graph of the average accuracy
against SNR of each feature-based AMC system.

Table 3.1: Comparison of Feature-Based Modulation Scheme Classification Meth-
ods and Datasets

Max No. of Inter Inter Classifier Features

Author Order MS Order Format Model Used

Zhang [37] 256 4 No Yes DT No. of Constellation Points

Camara [43] 32 5 No Yes DT Fractional Lower-Order Cyclic
Autocorrelation Function

Spectral Density A/P
Saharia [46] 64 11 Yes Yes RF Standard Deviations A/P/F
Skewness
Kurtosis A

Swami [47] 16 4 No Yes DT High and Low-Order Cumulants
Variance of 4th-Order Cumulants

Zhou [48] 64 5 No Yes SVM Ce2

Wong [49] 64 4 No Yes Naive Bayes Chyo

Variance A /P

Alarabi [50] 64 4 No Yes ANN Kurtosis A/P
Entropy A/P

Skewness A

Wang [51] 256 6 No Yes DT No. of Constellation Points
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Figure 3.5: Classification Accuracy (%) Against SNR (dB) Curves for Various
Feature-Based Classifiers

Swami et al. [47] used a DT with cumulant features to obtain the classification accuracy curve
which appears to show the strongest performance of any in the comparison. However, Table
3.1 shows that the results were obtained with a limited dataset of 4 low-order modulation
schemes. The results do demonstrate that cumulants alongside a DT can provide 100%
classification accuracy at SNRs as low as 6dB.

Camara et. al [43] achieve a similar performance trend to that of Swami et al. by
again utilising a DT but making use of the CAF as a feature extractor. However, similar
to Swami et al. the maximum modulation order on which classification is demonstrated is
low, a maximum of only order 32. Therefore, while strong discriminatory power and SNR
robustness is demonstrated, the fact that only low-order modulation schemes are employed
in the testing data means that further investigation is required to confirm the performance
of this classifier/feature combination on higher-order modulation schemes.

The remaining results were all obtained using a maximum modulation order of at least
64, making comparisons considerably more apt. A trend may be seen where the majority of
systems classify with 100% accuracy above an SNR in the region of 15-18dB, below this SNR,
performance tends to degrade at a comparable rate.

Alarabi et al. [50] used an ANN in combination with low-order moments derived from both
amplitude and phase data. The reported results achieve 100% accuracy above 18dB SNR,
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but 99% accuracy is maintained down to 14dB SNR. The accuracy degrades at a reduced
rate in comparison to many other systems. The accuracy is perhaps the strongest due to the
superior robustness to noise, but the dataset is still limited only 4 different signals and no
ability to distinguish between modulation schemes of equivalent order is demonstrated.

Zhou et al. [48] use a wide range of high-order cumulants as features to train their SVM
model. 100% accuracy is achieved above 16dB SNR but the performance at lower SNRs is
inferior to that of [50]. Furthermore, only 5 modulation schemes were used in the dataset
with none of them being of equivalent order.

The results reported by Wong et al. [49] are once again similar to that of [50] and [48]. A
small dataset of 4 different modulation schemes is used to achieve 100% accuracy above 15dB
SNR, below this SNR the accuracy degrades at a quicker rate than the 2 similar systems.

The system proposed by Saharia et al. [46] is the final system which utilises a dataset
with a maximum modulation order of 64. In this case the dataset is extensive as they
use the opensource dataset RadioML.2016.10A [41]. The dataset consists of 11 different
modulation schemes, including some of equivalent order. Additionally, this dataset includes
additional impairments such as LO drift and fading, resulting in a dataset which imposes a
larger challenge. The results obtained by the system perhaps reflect the usage of the more
challenging dataset where a maximum classification accuracy of 75% is obtained. Despite
the lower peak accuracy, it is maintained to a lower SNR than seen across all other systems
that used a maximum order of 64 to obtain their results, although below 5dB SNR the rate
of accuracy degradation is similar. It is impossible to predict the degree to which the peak
accuracy was affected by employing the RadioML.2016.10A dataset, although inspection of
the provided confusion matrix at an SNR of 16dB shows that the system mostly struggled
with distinguishing 16QAM/64QAM and QPSK/8PSK, analogue signals tend to provide an
overall increase in classification accuracy at this SNR. In summary, comparing this system
to others is difficult as the datasets are vastly different, it may be the selection of features
which result in inferior accuracy, it may be the dataset, or it may be a combination of the 2.
It is unlikely that the classifier is a contributing factor as Swami et al. [47] and the 2 systems
yet to be discussed used a DT model and obtained strong results, the work does show that
the RF model results in a 15% increase in peak classification accuracy over using a DT.

The final 2 systems to discuss each use clustering algorithms to obtain the number of
constellation points for use as features, each work also uses a DT classifier and a dataset
consisting of QAM signals up to 256 QAM. A major limitation of each system is that neither
demonstrate the ability to classify any modulation formats other than QAM. Another inher-
ent limitation with each system is the utilised feature of the number of constellation points, it
is impossible to distinguish different modulation schemes of the same order with this feature
as they would both result in the same feature values.

Zhang et al. [37] used the DBSCAN algorithm to extract features from a dataset consisting
of 4 different orders of QAM. Peak accuracy is lost at the highest SNR of any system in
the comparison, although this is wholly due to the inclusion of 256QAM within the dataset.
Should 256QAM accuracy be discounted this method of feature extraction would maintain the
peak accuracy to 14dB SNR, which is comparable to other systems which utilised 64QAM as
the highest order signal. Despite this, accuracy degradation occurs at a faster rate than seen
across all other systems, reaching equivalency to a random guess at an SNR of 8dB, an SNR
at which all other systems still achieve accuracy rates of over 60%. DBSCAN is an algorithm
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which can be difficult to optimise, as this algorithm was utilised in the proposed work in this
thesis the lengthy and multivariate optimisation problem is well known to the author and
discussed at length in Chapter 6. As Zhang et al. do not provide in depth information about
the optimisation process it is difficult to know how the hyperparameters were selected and
which modulation schemes they were optimised for. Poor hyperparameter optimisation may
explain the reduced performance, especially as the other clustering-based feature extraction
algorithm to be discussed achieved stronger accuracy with a greater number of modulation
schemes included in the dataset.

Wang et al. [51] used the subtractive clustering algorithm to obtain the number of con-
stellation points, which was then used a feature for classification with a DT. 6 different QAM
orders were used in the dataset, 256 QAM was the highest order scheme. Even with the inclu-
sion of both 128QAM and 256QAM the peak accuracy of 100% is maintained as low as 16dB
SNR, a comparable SNR to where the non-clustering feature-based classifiers lose perfect
accuracy. The degradation in accuracy below 16dB also follows a similar trajectory to other
systems. Inspection of Figure 5 within the text shows that should 32QAM and 128QAM be
discounted from the dataset, 100% accuracy would be maintained as low as 6dB SNR which
greatly surpasses the minimum SNR at which other feature-based classifiers degrade from
100% accuracy with 64QAM included in the dataset, as well as achieving 100% accuracy to
the same SNR at which the low-order classifiers do [43,47]. While the discounting of 32QAM
and 128QAM may seem arbitrary, the employed set of modulation schemes following the
removal is identical to what is currently employed by 5G networks [1], this shows that via
tailoring the set of utilised modulation schemes to the limitations of the AMC technology, the
performance of the system may be maximised. As this method is demonstrated to achieve
comparable accuracy to other feature-based systems even with the inclusion of higher-order
signals in the dataset, and is demonstrated to lose 100% accuracy at a far lower SNR by
discounting 2 modulation schemes (256QAM remains in the dataset), it can be said that
this method of AMC is the best performing feature-based technique which could be found in
the literature. The only limitation being the inability to distinguish modulation schemes of
equivalent order.

3.2.5 Feature-Based Methods Conclusion

Systems which included modulation schemes up to an order of 64 each achieved 100% accuracy
above SNRs in the region of 14 to 18dB, the notable exception being [46] which failed to reach
100% when utilising a dataset with a greater number of classes. The Naive-Bayes classifier [49]
lost accuracy greater than 99% at the highest SNR despite using similar features to the SVM
classification system [48] and including fewer classes in the dataset, suggesting that SVM is
the superior classifier for this problem. The system which employed the ANN [50] used low-
order moment features, it lost perfect classification accuracy at 17dB SNR but the reduction
in accuracy as the SNR decreased was far less severe than seen across other systems. This
may be due either to the classifier model or the choice of feature. Little information can be
gained from the performance of the RF model as the employed dataset is vastly different from
other systems in the comparison. What can be said is that for this multivariate classification
problem the authors found that the more complex RF model provided a significant increase
in performance over a DT.

The information which can be gained from this comparison is that RF can provide in-
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creased accuracy when working with high dimensional feature space, SVM is a superior
classifier to Naive-Bayes when employing high-order cumulant features, and that either low-
order moments as features compared to high-order cumulants or an ANN over an SVM may
provide increased robustness to noise with similar peak accuracy.

The subtractive clustering algorithm [51] as a means of feature extraction was demon-
strated to be superior in every performance metric to using DBSCAN [37], and indeed all other
feature-based methods. Even when utilising a dataset with more classes than the DBSCAN
system, 100% accuracy was maintained to an SNR which was 7dB lower and nearly matched
the SNR at which other feature-based methods lost perfect accuracy even when including
128QAM and 256QAM in the dataset. Critically, this method was shown to be capable of
maintaining 100% accuracy as low as 6dB SNR if 32QAM and 128QAM were discounted
from the utilised dataset, exhibiting vastly superior noise robustness in comparison to all
other feature-based classifiers. The only limitation of this system was found to be the lack
of inter-order classification ability, although no other system bar [46] was demonstrated to
have this capacity. Clustering-based feature extraction may therefore be judged to the su-
perior method of performing feature-based AMC, in particular the subtractive clustering
algorithm [51] was found to be the optimal method of executing this task.

3.3 DL AMC Methods

Having explored the landscape of feature-based AMC, this review now focuses attention on
the impact of DL-based approaches. The primary advantage of leveraging DL is that this
class of system can learn hierarchical representations directly from an unprocessed input (al-
though in some cases minor preprocessing is utilised) [54]. This data-driven approach allows
the network to learn features which are optimally suited for AMC and which may not be
expressible with closed-form mathematical solutions [15,16]. This enables classification per-
formance which often surpasses what has been achieved by traditional feature-based methods.
However, DL systems require large and highly complex structures to obtain strong perfor-
mance, with the achieved performance often scaling with the model size and complexity [54].
This makes this class of technology difficult to optimise for systems which are constrained by
available hardware and power.

This section will first discuss the variety of model structures which have been employed
for AMC, including the Convolutional Neural Network (CNN), the Long Short-Term Memory
(LSTM), and the Transformer. Following this overview, the classification performance which
has been achieved by utilising each model structure will be compared amongst each other as
well as with the strongest feature-based approaches.

3.3.1 The CNN Model Structure

Perhaps the most popular architecture for AMC purposes is the CNN which is designed
to process data with a grid-like topology. This class of model is generally utilised for the
processing of images as this data format suits the matrix input format of the CNN [54],
as such these models see frequent usage with a constellation diagram input [57, 58], but
some researchers opt to use a time-series input [16]. CNNs leverage convolution, which
involves sliding a filter (or kernel) over the input data, performing element wise multiplications
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and summing the results to produce a feature map. This process is repeated with multiple
filters which each learn to detect different features from the input. CNNs are commonly
used with multiple convolutional layers with each applying their own set of convolutional
filters to learn further features [54]. MaxPool is another fundamental component of the
CNN structure. It down-samples the feature maps produced by the convolutional layers by
utilising a sliding window over the obtained features and selecting the maximum value within
each window. This reduces the computational cost by reducing the feature dimensions and
mitigates overfitting by focusing only on the most important features [59]. Figure 3.6 displays
the general structure of a CNN classifier.
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Figure 3.6: The General Structure of a CNN Classifier, Reproduced from [119]

Increasing the number of CNN layers generally increases the classification performance as it
enables a greater number of features to be learned [54]. However, the relationship between
complexity and performance does not scale linearly, beyond a certain level of complexity the
increase in performance may begin to suffer diminishing returns, a decline in accuracy may
even be observed [54]. This is due to the problems such as vanishing/exploding gradients or
overfitting. Vanishing or exploding gradients are caused by the gradient of the loss function
with respect to the network’s weights becoming incredibly small or large, this makes the
early weights in the network either incredibly difficult to update due to the small gradients
or become unstable due to large gradients [54]. Techniques such as residual connections
[60] have been utilised by AMC researchers to mitigate these gradient issues by allowing
gradients to flow more easily within the network [16]. Batch normalisation (BatchNorm)
is another tool which is frequently used to both mitigate gradient issues and provide slight
regularisation, BatchNorm normalises the activation functions following each iteration (or
mini-batch), ensuring that gradient size remains stable [61]. Overfitting is generally mitigated
by L1/L2 regularisation or dropout [62], a technique which randomly sets network weights
to 0 with each training iteration, encouraging the network to learn the feature set with sets
of mini-networks and not overly rely on particular neurons [54]. The application of these
techniques allows for the creation of deep networks which can learn a greater number of
features from the input dataset and therefore obtain stronger classification accuracy.
Within the context of efficient hardware implementation, a larger network may not always
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be advantageous. To reduce network implementation size techniques such as quantisation and
pruning may be employed. Quantisation reduces the precision of the weights, activation func-
tions, and inputs. Generally neural networks are trained with 32-bit floating-point precision,
but some authors opt to employ 16-bit floating-points or use fixed-points with even lower
precision. It has been found that 6-bit fixed-point precision can be used with minor losses
in terms of classification accuracy [18,39], ternary weights or 2-bit precision has also been
proposed but significant reductions in classification accuracies have been found to occur with
this strategy [17]. Pruning can also offer a means of reducing model implementation size, this
technique removes neurons with weight values which are close to 0 as they contribute little
to the classification network. Pruning has been found to be effective at minimising imple-
mentation size with a minimal loss in performance as the pruned neurons already provided

little benefit [39)].

3.3.2 The LSTM Model Structure

The LSTM is a development to the RNN model structure, as a class of RNN it is therefore
designed specifically for a time-series input, making them particularly applicable for classi-
fication of a time-series I/Q data input [54]. The building block of the LSTM is the cell, a
diagram of a cell can be found in Figure 3.7.
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Figure 3.7: The General Structure of an LSTM Cell, Reproduced from [120]

The cell provides memory to the LSTM structure, allowing information to be conserved
across time steps [54]. The cell state C; is the component which enables memory, it acts



CHAPTER 3. LITERATURE REVIEW 40

a conveyor belt between cells, carrying information across time steps. There are 3 gates
within a cell which each perform a particular function. The forget gate is comprised of
the leftmost sigmoid activation function, it decides information to discard by inspecting the
input hidden state h;_1 and current input X;, it outputs a 0 or 1 to signal if information
should be forgotten or kept. The input is formed from the middle sigmoid and hyperbolic
tangent, it decides which new information should be learned. The final gate is the output
gate, formed from the rightmost sigmoid, it decides which information should be passed to
the next cell [54]. Each LSTM cell processes a particular time step in a time-series sequence
of data, as such they are arranged into layers of a length equivalent to the number of time
steps in the input data sequence. Just as with the CNN, additional layers can facilitate
the network to learn hierarchical representations of the input sequence. Early layers tend
to learn features which capture short-term dependencies, whereas later layers learn more
abstract and long-term relationships. There are also challenges when scaling the network size
such as vanishing/exploding gradients and overfitting [54]. Once again techniques such as
BatchNorm, dropout, and residual connections may be used to mitigate these issues, although
more care must be taken when implementing residual connects as the temporal relationships
between cells must be preserved [54]. Figure 3.8 shows a typical 3-layer LSTM classification

structure.
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Figure 3.8: The General Structure of an LSTM Classifier, Reproduced from [118]

3.3.3 The Transformer Model Structure

The Transformer is a model which has risen to prominence in recent years, the core feature
extraction mechanism of the Transformer is Attention, or more precisely Self-Attention [63].
Similarly to the LSTM, the Transformer is designed to operate on sequences of data. Com-
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monly sequences of text are used such as with the large language models ChatGPT [33] and
Gemini [64], but recently the ability of Transformers to classify sequences of numerical data
has been investigated [65]. The traditional Transformer model employs an encoder-decoder
structure but for time-series classification tasks the encoder is generally only used [66,67].
To begin, the dataset must first be normalised and arranged into fixed length inputs. Next,
positional encodings are added to the input data to provide information about the relative
positioning of each number in the sequence. Following this, the Attention mechanism begins.
Multi-Head Self-Attention uses matrix multiplication to attend each time step in the sequence
to every other time step [63,66]. The mechanism of Self-Attention involves operation on 3
learned matrices:

e Query (Q): Represents the current time step i.
e Key (K): Represents all time steps j.
e Value (V): Represents the information from all time steps j.

The Attention weight between time step ¢ and all time steps j is given by Equation 3.1:

Attention(Q;, Kj,V;) = softmax <Qi/'$]> -V (3.1)

Where - is the dot product, and dj, is the dimensionality of K;. Multi-Head refers to the
Transformer performing this process multiple times per layer, each head can attend to differ-
ent aspects of the relationship between elements. For example, one head may learn long-term
relationships, another short-term, and a final head may learn to identify a specific pattern.
The outputs of each head are concatenated and applied to a feed-forward neural network
which identifies which learned features contribute most strongly to the output [63].

The combination of Multi-Head Self-Attention and a feed-forward network is defined as
a Transformer layer [63]. Just as seen with the CNN and LSTM, additional layers allow
for the learning of hierarchical features which can increase performance but introduces the
typical overfitting and vanishing gradient problems. Again, residual connections, dropout,
and normalisation are employed to mitigate these issues [54,63].

At the output of an N-layer chain of Transformer units there is the typical linear layer
followed by a SoftMax activation layer to provide classification functionality. Combining all
the discussed components results in the network structure shown in Figure 3.9.
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Figure 3.9: The General Structure of a Transformer Encoder, Diagram Based
Upon [65]
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Transformers process sequences of data much like the LSTM but have been found to have
various advantages. Firstly, the Attention mechanism takes advantage of parallel process-
ing, allowing Transformers to process all parts of the input sequence at once, speeding up
training times significantly, particularly on hardware which performs matrix multiplications
efficiently such as GPUs [63]. Additionally, the Attention mechanism allows for the model
to directly attend any part of a sequence to any other which allows for the capturing of
long-range dependencies, unlike the LSTM which struggles in this regard [63]. However, it
has been shown that LSTMs may be better suited when the size of the available dataset is
small, Transformers which reach state-of-the-art performance typically do so when trained
on extremely large datasets [67].

3.3.4 Combinations of Model Structures

Each model structure which has been discussed has a particular data format which it is de-
signed to operate upon. The CNN is designed to accept data in a matrix format such as im-
ages, whereas the LSTM and Transformer accept sequences [54]. Furthermore, as the feature
extraction mechanism is different between models, employing various extraction mechanisms
may allow for a greater depth of features to be learned, therefore increasing performance [19].

Some works opt to utilise combinations of CNNs, LSTMs, and Attention [19, 68, 69].
This is in an attempt first provide the classification system with data in multiple formats
which leads to a greater depth of information to learn features from, but to also exploit
the differing feature extraction mechanisms. This can be thought of as similar to utilising
different algorithmic features in feature-based classifiers.

However, DL systems already suffer from complex implementations [54]. Including mul-
tiple DL models within one design naturally imposes a further increase in implementation
complexity.

3.3.5 Input Data Formats

When employing DL networks for AMC it is advantageous to provide the classifier with as
much data as possible and allow it to learn its own features. It is therefore generally the
case that raw I/Q waveform data is used as an input. I/Q data is arranged into blocks of
samples of lengths determined by the author, sample lengths may be as low as 128 [15] or
as high as 2048 [65]. This input format has been utilised for all model structures, including
combinations of each structure.

Constellation diagram inputs have also been used as the input to CNN classifiers. Con-
stellation diagram data is formatted into images, some authors use only images of the pure
constellation diagram [57,70], whereas others opt to preprocess the data and apply informa-
tion about density to the constellation diagram image with colour [58,71]. The aim of adding
colour to the diagram is to provide further information to the classifier with which to learn
from.

Finally, one example uses both 1/Q waveforms and constellation diagram images with
density gradient colours with the aim of providing as much information as possible [72].
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3.3.6 DL Performance Comparisons

The variety of model structures, input data formats, and dataset configurations has now been
discussed. This section aims to provide a review of the level of performance achieved by each
strategy within the context of the dataset used by each work. As discussed in Section 3.1,
the achieved system performance is in part due to the set of modulation schemes employed
for training and testing. In general, favourable judgements will be given to AMC systems
which demonstrate the ability classify high-order signals, modulation schemes of equivalent
order, and modulation schemes of the same format. Table 3.2 summarises this information
for ease of comparison.

Table 3.2: Comparison of AMC Model Architectures and Input Data Formats
and Included Modulation Schemes

Auth Model Max  No. of Inter- Inter- Input
uthor ode Order MS Order Format Type
Hermawan [73] IC-AMCNet (CNN) 64 10 Yes Yes 1/Q
Rajendran [15] LSTM 64 11 Yes Yes 1/Q
Ke [74] DAE-LSTM 64 11 Yes Yes 1/Q
Hamidi-Rad [65] Transformer 64 10 Yes Yes 1/Q
Liu [75] CLDNN (Densenet CNN & LSTM) 64 11 Yes Yes 1/Q
Liu [75] DenseNet (CNN) 64 11 Yes Yes 1/Q
O’Shea [16] ResNet (CNN) 64 11 Yes Yes 1/Q
Zhang [69] LSTM & CNN 64 11 Yes Yes 1/Q
Alarabi [50] ANN 64 4 No Yes 1/Q - Features
O’Shea [16] ResNet-256 256 24 Yes Yes 1/Q
Kumar [19] CNN & LSTM & Attention 1024 9 No Yes 1/Q
Doan [57] FiF-Net (CNN) 64 8 Yes Yes CD
Kumar [70] ModNet 64 6 No Yes CD
Huang [58] M-CNN (CNN) 256 7 No Yes CD & Density
Kumar [71] Inception ResNet V2 (CNN) 64 8 Yes Yes CD & Density
Wang [72] DrCNN (CNN) 64 8 No Yes I/Q & CD & Density
Wang [51] DT 256 6 No Yes Cluster No.

For clarity, comparison graphs will be split between methods which use high-order modulation
scheme data inputs and those which do not. The best performing low-order input system
will be included in the high-order input figure for comparison, the strongest feature-based
classifier is also included in both figures for the same reason. Figure 3.10 shows the average
classification accuracy against SNR, achieved by each DL system which accepts data with
a maximum order of 64 as an input, Figure 3.11 displays the same chart but magnified to
better display high SNR performance.
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Immediately when inspecting Figure 3.10 and 3.11 it can be seen that the performance curves
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seem to follow 2 broad trends. The classifiers which accept a constellation diagram input all
reach 100% accuracy, those which accept only an 1/Q waveform fail to reach this performance
level as they all reach a peak accuracy between 94% and 83%. However, although the I/Q
classifiers fail to reach 100%, the peak performance differential is less severe than it appears.
All I/Q accepting models shown in the comparison use the RadioML.2016.10A [41] dataset
which includes numerous analogue signals, including WBFM and Amplitude Modulation
- Double Side Band - Suppressed Carrier (AM-DSB-SC). It was said in Section 3.1 that
every model which uses this dataset cannot distinguish between these 2 analogue modulation
schemes. As this thesis is solely concerned with digital modulation, the performance on
analogue modulation schemes may be ignored, the obtained peak accuracy by the LSTM
would therefore be 96.2% and could potentially be higher if the models were retrained to
classify only the set of digital signals. Despite this improvement, the peak accuracy of the
I/Q accepting models would not reach 100% as these models all exhibit some degree of
inter-format misclassification at high SNRs.

Beginning with the performance characteristics of the I/Q accepting models, regardless
of the level of peak accuracy which is achieved, every model follows a similar trend of per-
formance degradation. The trend is as follows, between 5dB and 0dB SNR the accuracy is
slightly reduced but remains above 75% in all cases, between 0dB and -3dB SNR the gradient
of accuracy degradation severely increases, between -3dB and -10dB SNR each system sees
a linear decline in accuracy until at -12dB SNR the accuracy reaches levels close to that of a
random guess, at -15dB SNR all but 2 models classify with equivalent rates to a random guess.
Contrary to the level of peak accuracy achieved, models which accept an I/Q waveform input
show stronger robustness to noise than those which accept constellation diagrams. Addi-
tionally, the performance differential between 1/Q accepting models is in general maintained
across the majority of SNR values, for example the Transformer [65] and LSTM [15] both
achieve the highest peak accuracy and maintain the highest accuracy with respect to other
I/Q-based models across all SNRs greater than -10dB. Conversely, the CNN [73] achieves the
lowest peak accuracy of any model and maintains this performance differential at all SNRs.
Admittedly, this trend is not followed in all cases as there is some degree of crossing, par-
ticularly by models with middling performance, but in general the stated trend is followed.
Each I/Q accepting model seems to produce the same sigmoid performance trend, but each
is shifted upwards by a constant, therefore evaluating the peak accuracy of the I/Q accepting
models can provide a strong description of the overall performance.

When evaluating the peak accuracy achieved by the 1/Q accepting models another clear
trend can be seen. The model structures which are designed primarily to learn from sequences
of data perform better than those which are not. For example, the model with the lowest
peak accuracy is the traditional CNN [73], ResNet [16] which introduces residual connections
to the CNN enables an accuracy gain of 1%, DenseNet [75] which uses a densely connected
CNN provides a 2% performance gain over ResNet. The best performing I/Q accepting
CNNs both incorporate LSTM layers into their model structure, CLDNN [75] obtains a
3% performance gain over DenseNet and the LSTM/CNN [69] achieves a 2% performance
gain over CLDNN. The best performing models include no CNN functionality, the standard
2-layer LSTM [15] and the LSTM in an autoencoder configuration [74] both achieve an
average of 92% peak accuracy, with the accuracy of the autoencoder being more variable
than that of the LSTM, this amounts to a 1% increase in accuracy being obtained by not
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utilising convolutional layers. The best performing I/Q accepting model is the Transformer
[65] which achieves a peak accuracy of 94%, 2% higher than both LSTMs. The analogue
modulation scheme AM-SSB was not included in the Transformers dataset despite the authors
using the RadioML2016.10A dataset [41]. Both LSTMs performed poorly on this scheme,
at high SNRs it was classified correctly with an accuracy of only 94% and 96% with the
LSTM and autoencoder respectively, there was also a significant degree of misclassification
of other schemes as AM-SSB. The removal of this particular modulation scheme from the
Transformer dataset would have to have been performed manually and the authors do not
provide reasoning as to why it was done. Using the confusion matrices provided for the
LSTM and autoencoder the peak accuracy was recalculated assuming that AM-SSB was
also discounted, the obtained peak accuracies were found to be 94% and 93.4% respectively,
bringing them to equivalency with the transformer.

As all I/Q accepting models broadly use the same dataset, definitive conclusions can be
drawn. It is clear that the performance of the system is primarily dependent upon the model
structure. Furthermore, model structures which are designed to process input sequences
outperform those that are not. Despite the enhancements made to the CNN structure such
as residual and dense connections, the performance only approached that of the LSTM [15]
and Transformer [65] when elements from these model structures were incorporated. The
performance differential between the LSTM and Transformer is minor, although the LSTM
in an autoencoder configuration [74] provided little benefit and seemed to make the accuracy
more variable.

Evaluating the performance of the constellation diagram accepting models is more dif-
ficult as each system was trained and tested with a different dataset. Every system in the
comparison employs a CNN for its image recognition abilities, unlike the I/Q accepting CNNs
this is the input format which the CNN was designed to accept [54]. The applicability of
the CNN to this task is made clear as these models all reach 100% accuracy at higher SNRs,
however they do suffer from reduced robustness to noise in comparison to the I/Q accepting
models.

The system which maintains 100% accuracy to the lowest SNR is ModNet [70]. This
model was trained with a dataset of 6 different QAM and PSK modulation schemes, demon-
strating inter-format classification, no inter-order classification ability was demonstrated. A
discrepancy was noticed in the provided images in Figure 3 of [70]. This discrepancy was that
the provided constellation diagram images do not seem to represent the stated SNR levels
to which the authors claim they do. To illustrate, 3 diagrams of 64QAM from [70], [57], and
the work conducted in this thesis are shown in Figure 3.12.
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Figure 3.12: 64QAM at an SNR of Approzimately 10dB from: (a) [70], (b) [57],
(c) This Thesis

Figure 3.12 (a) shows the reported 64QAM constellation diagram at 9dB SNR from [70], (b)
is 64QAM at 10dB SNR from [57], and (c) is 64QAM at 10dB SNR from the dataset used
in the work conducted in this thesis. It is clear that (b) and (c) have a similar appearance,
in each case the clearly defined constellation point structure of 64QAM is lost and instead a
noisy square of data points may be seen. Conversely, in (a) the constellation points are still
clearly defined even despite the stated SNR being 1dB lower. This same trend is seen across
all the provided constellation diagram images in [70] casting doubt upon the validity of the
reported results. It may be the case that the error was introduced during the writing process,
but it is impossible to know, therefore the results obtained from [70] will be discounted.

Doan et al. [57] also use constellation images to achieve AMC with their proposed FiF-Net
system. In this case no dataset discrepancy could be found, although it was thought that
the employed set of modulation schemes may have been utilised to provide vastly different
constellation diagram appearances at lower SNRs and thus the system could perhaps more
be trained on the appearance of shapes rather than constellation diagrams. For example,
64QAM results in a blurry square as shown in Figure 3.12 (b), 64PSK a blurry circle, and
notably 16PAM was included in the dataset which is arranged in a line format. However, the
authors do include 2 modulation orders per modulation format and the system distinguishes
schemes of the same format with a high degree of accuracy, demonstrating strong inter-format
classification abilities. Therefore, the model performs well overall, 100% accuracy is achieved,
and this accuracy is maintained to 5dB, the lowest SNR of any constellation diagram classifier
which could be found in the literature.

The remaining 2 constellation diagram classifiers pre-process the images to mark regions
with colours based upon the density. Kumar et al. [71] propose the usage of 2 CNN model
structures, InceptionNet V2 [76] and ResNet-50 [60]. Of the 2 structures ResNet-50 performs
the strongest across all SNRs greater than 0dB. Despite the system being demonstrated to be
capable of achieving 100% accuracy, this performance level is lost at an SNR 10dB and suffers
from rapid performance deterioration. Accuracy equivalent to a random guess is reached at
-6dB SNR. Therefore, peak accuracy is lost and equivalency to a random guess is reached at
the highest SNR of any system in the comparison.

DrCNN proposed by Wang et al. [72] uses 2 CNNs in series, the first uses 1/Q data to
differentiate between orders of PSK, FSK, and PAM, whereas the second uses constellation
diagrams with dense regions marked in yellow to distinguish 16QAM and 64QAM. While
this strategy achieves 100% accuracy, this level of performance is lost below an SNR of 10dB,
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however in this case the accuracy degradation is far less severe than seen with ResNet-50 [60],
with the trend of degradation being more similar to that of FiF-Net. Despite reaching 100%
accuracy, the usage of 2 CNNs discounts the usage of this method for efficient hardware
implementation, as a single CNN already leads to a large utilisation.

To summarise constellation input DL systems, they are demonstrated to be capable of
achieving 100% accuracy, albeit when using fewer classes than seen with the I/Q systems.
Yet the I/Q systems all struggled to distinguish between 16QQAM and 64QAM even at high
SNRs, a task which the constellation classifiers performed well on. The strategy of marking
dense regions on the constellation diagrams was not shown to provide any improvements in
performance as FiF-Net which did not require this pre-processing step was shown to maintain
perfect accuracy to a lower SNR than the 2 systems which incorporated density into the
images.

3.3.7 High-Order DL Classifier Performance

Following the discussion of the systems trained with a maximum modulation order of 64, the
systems which employed a dataset with higher-order modulation schemes may be explored.
There is a limited number of systems which opt to provide results on signals of orders greater
than 64, the results provided in Figure 3.13 are the only examples of works which do so, the
strongest feature-based classifier is also included for comparison.
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Figure 3.13: Average Classification Accuracy (%) Against SNR (dB) for Various
AMC Models Tested with a Dataset Including High-Order Modulation Schemes

There are 3 DL models to compare, 2 are I/Q accepting [16,19] and 1 accepts constellation
diagrams with density marked by colour [58]. M-CNN proposed by Huang et al. [58] is the only
system of the 3 to achieve 100% classification accuracy, which is consistent with the previous
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discussion where the constellation diagram accepting models were shown to be capable of
reaching this level of performance. However, once perfect classification accuracy is lost the
degradation in performance is drastic, again this matches what was observed in Figure 3.10
but in this case the rate of decrease is even more pronounced. This may be explained by the
fact that this system is trained solely on various orders of QAM from 4 to 256, once the SNR is
low enough to eliminate any separation between constellation points, the appearance of each
constellation diagram becomes 1 cluster of points in a square formation. This is contrary to
the dataset used by FiF-Net where wholly different modulation formats could be distinguished
due to the overarching structure of the modulation format, e.g. a line for 16PAM, a circle for
64ASPK, a square for 64QAM. Therefore, despite the severe performance decrease, reaching
100% accuracy implies strong inter-format classification capabilities, although no inter-order
classification ability is demonstrated.

The ResNet system proposed by O’Shea et al. [16] achieves a higher peak accuracy than
any other 1/Q accepting DL system in the previous lower-order comparison, although this
peak is reached at 12dB SNR and not 5dB as was the case for all systems compared in
Figure 3.10. This performance level is reached using a dataset which is extensive. The
dataset is the RadioML.2018.01A opensource dataset [41], it includes 24 modulation schemes
of formats such as QAM, APSK, and PSK, as well as every modulation scheme included in the
previously discussed RadioML.2016.10A dataset [41]. Both datasets are published by O’Shea
et al. The improved peak accuracy despite the more difficult dataset could be explained by the
number of examples included in each dataset. Figure 16 in [16] shows how the performance
of the system improves depending upon the training set size, the results shown in Figure
3.13 are taken from the accuracy obtained when 2 million examples were used for training,
RadioML.2016.10A only provides 220,000 examples. Inspection of Figure 16 in [16] shows
that if an equivalent number of examples were used to train the high-order ResNet classifier
then a peak accuracy of 87% would be reached at 14dB SNR. This also implies that the 1/Q
classifier results shown in Figure 3.10 could also be improved by using an expanded number
of training examples. The RadioML.2018.01A dataset includes 10 analogue signals which are
not of a concern to the work conducted in this thesis, fortunately [16] provides figures which
demonstrate the accuracy achieved across each modulation scheme. Recalculating the peak
average accuracy from only PSK, APSK, and QAM individual accuracies provides a value of
95.8%, which is 0.8% higher than the peak accuracy the authors state was achieved in the
text.

When compared to the results achieved by M-CNN, there is no SNR at which the ResNet
classifier achieves a higher average accuracy, although the accuracy of M-CNN below 0dB is
not provided. Despite the reduction in performance in comparison to M-CNN, the ResNet
classifier is shown to have the capability to classify a wider range of modulation schemes,
as inter-order and inter-format classification is demonstrated across a range of high-order
schemes. The ResNet system also achieves these results without the requirement for a sig-
nificant pre-processing step, whereas M-CNN requires constellation diagram densities to be
calculated and subsequently images to be created which include this information, necessitat-
ing an increase in latency and hardware requirements. In the previous comparison between
low-order classifiers it was found that LSTMs and Transformers achieve a higher peak accu-
racy than CNN-based classifiers, no examples of pure LSTMs or Transformers being tested on
high-order datasets were found in the literature. If the identified trend continues when work-
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ing with high-order datasets there is scope for a pure LSTM or Transformer model designed
to accept 1/Q data to achieve a greater level of performance than seen with ResNet.

The final high-order classifier to discuss is the CNN/LSTM with attention, proposed
by Kumar et al. [19]. This model employs layers from each DL structure which has been
discussed throughout this literature review, providing the opportunity to examine if LSTM
and Transformer layers can provide increased performance over the pure CNN on high-order
signals. The employed dataset consists of QAM signals from 16 to 1024, PSK of orders 2 to
8, and a frequency modulated scheme MSK which will be ignored. This is the only system
to be tested with 512QAM and 1024QAM which makes for a less direct comparison with
ResNet but does make this the only system to demonstrate classification performance with
modulation schemes of orders this high.

As suggested by the trend identified from Figure 3.10, the addition of LSTM and Trans-
former layers to the CNN results in an increase in peak accuracy. At an SNR of 20dB a peak
accuracy of 98% is obtained, a 3% increase over what was achieved by ResNet. However,
the accuracy is still 2% lower than the 100% achieved by M-CNN;, although this difference
could potentially be explained by the inclusion of 512QAM and 1024QAM. Similarly to the
previous comparison, the rate of accuracy loss as the SNR decreases is lower than that of the
2 CNN-based systems, interestingly this rate is far lower than seen with I/Q accepting mod-
els in Figure 3.10. At -10dB all models classified with an accuracy below 30%, whereas the
model in question remains at 55% accuracy at this SNR. It is unknown what provides such
strong robustness to noise in this case, a likely explanation is that the system is particularly
effective when classifying the low-order PSK and MSK signals included in the test dataset.
Figure 2 (a) in [19] provides results for the system when the attention layer is not employed,
it is shown that the inclusion of the attention layer provides a 3% increase in peak accuracy.

It is difficult to draw definitive conclusions based on the results shown in Figure 3.13 due
to the differing datasets. What can be concluded is that trends identified in the low-order
discussion hold when high-order signals are employed. There are no examples of 1/Q accept-
ing classifiers which obtain 100% average accuracy. While constellation diagram accepting
classifiers are shown to be capable of reaching perfect classification, they suffer from reduced
robustness to the effects of noise compared to I/Q accepting models. The performance ob-
tained by I/Q accepting models was again found to be dependent upon the feature extraction
technology employed as the CNN was found to be less apt in comparison to system featuring
LSTM and Transformer layers.

3.3.8 Comparisons between Feature-Based and DL Methods

Section 3.2.5 concluded that the best performing feature-based classifier was the subtractive
clustering-based model proposed by Wang et al. [51]. Included in Figure 3.13 were curves
displaying the results of this technique on the full dataset as well as the results with the
32QAM and 128QAM modulation schemes removed.

When comparing with the classifier results shown in Figure 3.5 it must be taken into
account that the clustering classifier includes both 128@QQAM and 256QAM in the test dataset,
which no other models in the comparison includes. Without discounting any signals, the
system in question achieves 100% classification accuracy which is not achieved by any 1/Q
accepting DL system. This level of peak performance is achieved by the constellation diagram
accepting models, however the SNR at which the clustering classifier loses peak accuracy is
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10dB higher than what was achieved by the strongest DL classifiers.

Inspection of the results with 32QAM and 128QAM results removed shows that perfect
accuracy is maintained to as low an SNR as the strongest DL image classifier. The SNR
at which peak performance is lost is also similar to the 1/Q accepting models. The major
limitation of this system is that the robustness to noise is weaker than every DL system
bar [71].

Comparisons to the results shown in Figure 3.13 are perhaps more apt due to the similari-
ties between the datasets. Without removing any results, the system achieves 100% accuracy
which both I/Q accepting models fail to reach, the SNR at which peak accuracy is lost is also
similar to both [16] and [19]. M-CNN maintained 100% accuracy to a lower SNR than [51]
on the full dataset.

The results when the 2 QAM orders are removed show that 100% accuracy is maintained
to an SNR which is 5dB lower than what is achieved by M-CNN. At all SNRs greater than
3dB, the clustering-based classifier achieves a higher classification accuracy than both I/Q
accepting DL systems.

This comparison shows that without careful selection of employed modulation schemes,
clustering-based classifiers can be at least somewhat competitive in terms of peak accuracy
with the state-of-the-art DL models. With careful selection of the set of utilised modulation
schemes, a feature-based classifier may be created which can achieve perfect classification
accuracy, and maintain this level of performance to as low an SNR as has been achieved by
the state-of-the-art.

The goal of this thesis is to create a system which can match or improve upon the results
obtained by the state-of-the-art classifiers whilst also achieving significant reductions in terms
of utilisation requirements. The results shown here demonstrate that the performance of the
relatively complex and power inefficient DL models can be matched by feature-based models,
thus creating a potential path towards a truly efficient AMC classifier. To provide a clearer
picture of the landscape of hardware-implemented classifiers, the following section compares
the results obtained by classifiers which have been implemented in hardware in terms of both
accuracy against SNR and utilisation statistics.

3.4 AMC Hardware Comparison

The research conducted in the field of AMC is focused primarily on maximising the perfor-
mance of software-based models, therefore there is only a limited number of works which
provide statistics for hardware implementations. Table 3.3 shows the implementation statis-
tics of works which provide them.
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Table 3.3: FPGA Resource Utilisation, Operating Frequency, Power Consump-
tion, and Latency of Various AMC Implementations

System FFs LUTs DSP RAM (M]’;Iz) P(‘{,"\‘;‘;’r T(;‘:)e Platform
Feature-Based DT [21] 16746 7933 180 14 100 - 15.79  XC7Z020-CLG484
RUNet [39] 21357 34563 0 40 - - 7.5 ZCU111
QMCNet [39] 40476 61364 0 57 - - - ZCU111

BaselineCNN [39] 54483 85151 0 70 - - - ZCU111
TW-96 CNN [17] 369000 232000 1207 524 250 - 8 ZCU111
TW-BA-128 [17] 333000 234000 1408 523 250 - 8 ZCU111
TW-INCRA-128 [17] 324000 211000 1407  512.2 250 - 8 ZCU111
MobileNetV3 [18] 25800 31200 162 22 250 4.2 - ASIC
Histo-SVM [20] 462 - - 6144 - - 20 Altera Cyclone 11

There is not a large variety of model structures shown in Table 3.3, only 2 feature-based
classifiers and 7 CNNs could be found in the literature. Furthermore, all CNN classifiers
require an I/Q waveform input, which is unfortunate as the distinction between input formats
may result in major differences in implementation size due to the difference in the required
layer dimensionality. It is also unfortunate that no LSTM or Transformer implementation
could be found as these models were identified as the best performing of any 1/Q accepting
system. Figure 3.14 shows the accuracy against SNR, curves for each system in this hardware
comparison. Table 3.4 displays information about the employed datasets used to obtain the
results shown in Figure 3.14.
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Table 3.4: Summary of Hardware Implemented AMC Model Datasets

Model Ol\f cz;:r Nl(:/'ISOf Inter-Order Inter-Format I,Ir,l;);(:
Feature-based DT [21] 16 4 No Yes I/Q (Features)
RUNet [39] 256 24 Yes Yes 1/Q
QMCNet [39] 256 24 Yes Yes 1/Q

Baseline CNN [39] 256 24 Yes Yes 1/Q
TW-96 CNN [17] 256 24 Yes Yes 1/Q
TW-BA-128 [17] 256 24 Yes Yes I/Q
TW-INCRA-128 [17] 256 24 Yes Yes 1/Q
MobileNetv3 [18] 256 24 Yes Yes 1/Q
HISTO-SVM [20] 16 4 No Yes I/Q (Features)

93
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3.4.1 Feature-Based Hardware Implementation Discussion

Beginning with the feature-based classifiers, Zhang et al. [21] propose a classifier which uses
high-order cumulant features in conjunction with a DT. Cardoso et al. [20] use a linear
SVM classifier in conjunction with a feature extraction mechanism which uses histograms
to estimate the probability mass function of the input signal. 2 histograms estimate the
amplitude and phase of a received sequence, they are then concatenated to create a signature
which is then used as a feature for classification.

Both feature-based systems require fewer FPGA resources than the CNNs in the majority
of cases. In terms of FFs, both the DT [21] and HISTO-SVM [20] require fewer FFs than
every other system in the comparison. Similarly, the DT requires the fewest LUTs by 74.6%,
HISTO-SVM either requires no LUTSs or does not provide a value, it is unclear which is the
case. The DT requires the fewest DSP slices of works which make use of this logical element,
requiring 36.4% fewer than the next largest. Again, HISTO-SVM either requires either none
or neglects to mention the utilisation of this element. The DT requires the least RAM of
any system in the comparison, whereas HISTO-SVM requires the second most. The high
RAM utilisation of HISTO-SVM is due to the histogram functionality primarily making use
of RAM elements rather than FPGA logic. Each system requires fewer FPGA elements than
every CNN implementation in 3 out of 4 categories.In general, this class of system may be
implemented in hardware with a drastically reduced hardware cost. Neither system provide
statistics for power consumption but based upon the utilisation it would be expected to be
lower than that of the CNNs. Each system requires a greater time to execute than most of
the CNN classifiers, with the feature-based DT being twice as slow as the quickest CNN,
HISTO-SVM is nearly 3 times slower. Due to the drastically different datasets employed by
each feature-based system in comparison to the CNNs; there is little to be gained from a
classification accuracy comparison.

3.4.2 RUNet and QMCNet Hardware Implementation Discussion

Each CNN implementation uses various strategies to reduce the required hardware utilisation.
RUNet and QMCNet [39] both employ quantisation and pruning to various degrees on the
input, weights, and activation functions. MobileNetV3 [18] and the various CNNs proposed
in [17] also employ quantisation but do not make use of pruning.

Kumar et al. [39] propose RUNet and QMCNet, they also provide utilisation statistics for
an unpruned yet quantised baseline CNN. Each model has the input, activation function, and
weights quantised to varying degrees, RUNet quantises each element to 6-bits, QMCNet to
4, 5, and 6-bits respectively, the baseline CNN quantises each element to 8-bits. Statistics for
an unquantised RUNet are not provided, but when quantising QMCNet a reduction in terms
of required bit operations and weight bits of 98.4% and 88.2% respectively was achieved.
Similarly, with the baseline CNN a respective reduction of 93.9% and 75% was achieved,
although in this case the values were quantised to 8-bits.

The authors describe QMCNet as a highly quantised implementation of the VGG10 [77]
CNN structure, it has 6 convolutional layers. RUNet is a custom CNN featuring residual
connections, it is described as a deeper network as it has 12 convolutional layers. Inspection
of Table 2 in the text shows that RUNet requires 75% fewer operations and 93% fewer
weight bits in comparison to QMCNet. It can also be seen from Table 3.3 in this thesis
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that RUNet requires fewer FPGA resources than QMCNet in all utilisation categories. As
RUNet is described by the authors to be a deeper network, is explicitly shown to feature
double the number of convolutional layers, and is quantised to a lesser degree, it is initially
counterintuitive that RUNet has such a dramatically smaller implementation size.

The answer to why this is the case may lie with the architecture of the convolutional layers
themselves. As described in Section 3.3.1, CNNs learn features by performing convolutions
via sliding N-dimensional kernels over the input, it was also said that per layer there may
be numerous kernels employed which each capture different features. Each learned feature
requires its own output channel from the layer which has its own associated weights. VGG10
which QMCNet is based upon uses 3x3 kernels. The number of kernels, and therefore the
required output channels, scales from the input of the system to the output, early layers
may feature 64 output channels, later layers may feature up to 512 output channels [54,
77]. Conversely RUNet has a maximum number of outputs channels of 48 and employs
larger kernels with a maximum dimensionality of 36 [39]. The smaller number of output
channels therefore requires fewer convolution operations as well as fewer weights. However,
this strategy also means that fewer features are learned. The increased kernel size seems to
be a strategy to maximise the learned information contained within the limited number of
features. Larger kernel sizes do not necessarily result in better features being learned but
do enable longer range dependencies between datapoints to be captured [54]. The system
makes use of kernels of size 27, 9, and 1. The strategy seems to be to minimise the number of
learned features but to maximise the information learned by each feature. The final point to
make in this regard is that RUNet does not employ MaxPool layers after each convolutional
layer, unlike QMCNet. MaxPool layers reduce feature dimensionality and therefore some
information is lost, not including MaxPool layers appears to be a strategy to maintain the
information which is learned by the limited set of features, with the added benefit of not
requiring hardware to perform this operation. It must be said that this strategy is not
explicitly outlined within the text, but it is hinted at. The strategy discussed here is therefore
largely conjecture based upon the information which is provided.

With the unpruned implementation sizes explored, the benefits of pruning may be exam-
ined. For QMCNet the pruning process resulted in a respective reduction in bit operations
and weight bits of 58.3% and 58.6%, 52.3% and 50% was achieved for RUNet. Therefore, at
least a 50% reduction in the required operations and weight values was obtained in all cases.
It may be the case that QMCNet was pruned to a larger degree as RUNet’s operations and
weights were found to be more necessary due to the reduced number of output channels.

Table 3.3 shows that despite being quantised to a greater degree, QMCNet has a greater
utilisation than RUNet. Furthermore, while both systems require no DSP slices, RUNet
requires the fewest FFs and DSP slices as well as the second fewest LUTs, and RAM of
any CNN. The only other system which matches RUNet’s aggregate hardware cost is Mo-
bileNetV3 [18] which requires fewer FFs and RAM elements but more LUTs and DSP slices.

In terms of performance RUNet achieves the highest peak classification accuracy of any
DL-based system in the comparison, achieving a peak of 94.46% on the expansive Ra-
dioML.2018.01A dataset [41]. As QMCNet only achieves a peak accuracy of 90.58%, the
strategy employed by RUNet is shown to result in performance gain of nearly 4%. The au-
thors state that the deeper network employed by RUNet resulted in decreased accuracy loss
when quantising in comparison to the comparatively shallower QMCNet.
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3.4.3 MobileNetV3 Hardware Implementation Discussion

The MobileNetV3 [78] architecture was employed by Woo et al. [18] to achieve an implementa-
tion size which is comparable to that of RUNet. The MobileNetV3 architecture also includes
fewer output channels than generally utilised by traditional CNN implementations such as
VGG10 [77,78]. The authors employ quantisation of the inputs and activation functions
to 16-bits, whereas the weights are quantised to 2-bits, henceforth referred to as ternary
weights. While this architecture is not pruned, a similar technique called Common Sub-
expression Elimination (CSE) is employed. CSE identifies mathematical operations which
are calculated multiple times within the architecture, it then replaces each instance of that
calculation with a single operation and stores the result in memory for reuse. An example of
where this may be employed within a CNN is when large kernels are employed, as the kernel
moves across an input there may be overlap between the regions processed by the kernel,
this means that some input values are multiplied by the same weights multiple times, CSE
may identify these redundant operations and perform them only once. CSE is demonstrated
to result in the reduction of Multiply and Accumulate (MAC) operations performed by an
average of 46.2%.

The final novel contribution from [18] is the introduction of decaying weight training, this
is a technique which sets weight values to either £1 or +1/2j, where the parameter j increases
with each training iteration, and therefore approximates 0 towards the end of the training
process. The authors state that this novel training method allows for proper calculation of
the gradient descent algorithm as only non-zero values are used, therefore leading to stronger
weight values.

The design strategy of the MobileNetV3 model results in an implementation size which is
similar to that of RUNet. 20% and 162 more FFs and DSP slices are required, but a reduction
of 9.7% and 45% is achieved in terms of LUTs and RAM. The average peak classification
accuracy is however reduced in comparison to RUNet, MobileNetV3 only obtains a peak of
91.3%, 3.2% lower than what was achieved by RUNet. This was found to be due primarily
to the choice to use ternary weights.

3.4.4 Ternary Weight Hardware Implementation Discussion

The final set of models to discuss are the ternary weight networks proposed by Tridgell et al.
[17,79]. These models are based on the VGG10 [77] and ResNet33 [60] architectures. Both
model structures feature output channel numbers from 64 to 512. Similarly to MobileNetV3,
ternary weights are employed, although in this case the inputs were quantised to only 16-
bits. In Table 3.3 and Figure 3.14 it can be seen that a range of models from this work are
included, the naming convention of each model is indicative of various features. TW refers
to the model employing ternary weights, BA indicates binary activation functions, INCRA
indicates activation functions which double in precision as the layer number increases, from
1 to 16, the number at the end of each name refers to the dimensionality of the convolution
layers. Therefore, TW-BA-128 uses ternary weights, binary activation functions, and has
1x128 dimensional convolutional layers. None of the proposed models employ pruning, but
CSE is incorporated into the design.

Comparing the utilisation of these ternary weight models to MobileNetV3 and RUNet
shows that the design methodology has not resulted in an implementation of comparable size.
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In every category, every model proposed by Tridgell et al. is at least an order of magnitude
larger than achieved by the previously discussed CNNs. This huge implementation is obtained
even despite quantising to a higher degree, performing CSE, and utilising fewer layers. The
comparatively large FPGA utilisation is likely to be due to the number of output channels
after each layer. The complexity of an 8-bit quantised VGG10 model was provided in [39], in
this case the required number of bit operations and weight bits was also orders of magnitude
greater than that of RUNet and QMCNet.

Furthermore, it can be seen in Figure 3.14 that the peak accuracy achieved by this class
of system is significantly lower, with TW-96 achieving a peak accuracy of 82.4% which is
12.4% lower than RUNet and 9.2% lower than MobileNetV3. The difference in performance
may primarily be attributed to the usage of ternary weights without utilising decaying weight
training as was the case with MobileNetV3. Kumar et al. [39] also stated that the deeper
network of RUNet provided reduced accuracy loss due to quantisation, as these ternary weight
networks are comparatively shallower this may also be a contributing factor.

3.4.5 Comparison with a Hardware Optimised LSTM

No hardware implemented LSTM AMC system could be found in the literature. To investi-
gate if an LSTM implementation could be advantageous, a quick comparison to the smallest
general LSTM structure which could be found in the literature is provided.

The smallest general LSTM implementation which could be found in the literature is
the V-LSTM proposed by Kim et al. [80]. The system is pruned with a scheme known as
Viterbi-pruning and quantised to 4-bit weights, 1-bit indexes, and 16-bit activation functions.

The optimisation strategy achieved an implementation which requires 172413 FFs, 350372
LUTs, 113 BRAM blocks, and 24 DSP slices. The results provided in the text are given in
terms of % utilisation of the VC709 board which features the Virtex-7 XC7VX690T FPGA
[81]. The datasheet of the XC7TVX690T was utilised to convert the percentage values to the
raw utilisation.

These implementation statistics place the LSTM among the largest in terms of utilisation
of any system shown in Table 3.3. The number of required FFs and LUTSs are respectively
707.3% and 913.7% greater than required by RUNet, whereas the RAM and DSP utilisation is
more similar to what was required by the most optimised CNN implementations. Therefore,
even the most highly optimised LSTM configuration is still multiple times larger than what
has been achieved by efficient CNN implementations.

3.4.6 Hardware Comparison Conclusion

The comparison between hardware implemented AMC systems has provided several insights.
Firstly, the utilisation of both feature-based systems is smaller than that of even the most
highly optimised DL-based models in all but 2 cases, these cases being the required number
of DSPs for [39] , and the RAM utilisation of [18]. Conversely, the DL classifiers were found
to have approximately half the required latency. However, neither feature-based model was
shown to be capable of classifying the extensive set of modulation schemes of the DL models.
It is the case that a more complex feature-based classifier would be required to accept such
a broad range of inputs, the authors of HISTO-SVM state that the number of binary SVMs
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required B to classify a number of classes P scales with the relationship shown in Equation
3.2.

P(P-1)

2

A 24-class dataset as was used to train and test the DL models would necessitate 276
binary SVM classifiers rather than the 6 which were employed. Although in this case it would
be advantageous to select a classifier structure with greater flexibility such as an MLP.

When evaluating the optimisation strategies of the CNN-based classifiers, quantisation,
pruning, and CSE were each found to be effective at reducing the implementation require-
ments. QMCNet saw a reduction in terms of required bit operations and weight bits of
98.4% and 88.2% respectively with quantisation, pruning provided a further gain of 58.3%
and 58.6% respectively. For MobileNetV3 CSE was found to result in an average reduction
in MAC operations required per layer in by 46.3%. However, the smallest CNN implementa-
tion sizes were obtained when the structure of the CNN itself was optimised to minimise the
number of output channels per layer. Both MobileNetV3 and RUNet employed a range of
larger kernel sizes and fewer output channels compared to the range of ternary weight net-
works proposed by Tridgell et al. [17], the strategy resulted in RUNet respectively requiring
93.4% and 83.6% fewer FFs and LUTs compared to TW-INCRA-128. It seems that while
quantisation, pruning, and CSE can provide significant reductions in utilisation, beginning
with a smaller utilisation before these optimisation mechanisms are applied is also required
to achieve the smallest possible network.

In terms of model performance, quantisation was found to impose a penalty depending
upon the degree to which it was performed. Tridgell et al. [17] saw a large decrease in peak
accuracy by 12.4% via employing ternary weights. However, Woo et al. [18] proposed a
training strategy called decaying weight networks which minimised this accuracy difference
to only 3.2%. Kumar et al. [39] found that a deeper network also minimised the loss in
accuracy incurred by employing quantisation. Pruning was found to not result in drastic
accuracy losses as only network connections which did not make a significant contribution
were pruned.

B= (3.2)

3.5 AMC Literature Review: Section Conclusion

This section of the literature review has focused on AMC techniques and explored the state-of-
the-art of both software and hardware implementations. Comparisons between feature-based
methods revealed that clustering methods are capable of providing equivalent peak accuracy
to statistical I/Q based methods, even when higher-order modulation schemes were included
in the dataset. The Subtractive Clustering method [51] maintained 100% accuracy to an
SNR as low as 16dB on a dataset which included 128QAM and 256QAM. In contrast, the
Cumulant Classifier by Alarabi et al. [50] was perhaps the strongest statistical method and
maintained 100% accuracy to only 18dB SNR.

Comparisons between DL models revealed that systems which accept constellation diagrm
inputs can achieve 100% accuracy whereas those which accept 1/Q waveforms cannot. This
was found to be the case when comparing systems which use datasets with a maximum
modulation order of both 64 and 1024. DL Models in general display greater robustness
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to SNR than feature-based methods, maintaining peak accuracy to as low as 3dB SNR,
where feature-based models generally lost peak accuracy between an SNR of aproximately
14dB to 18dB. I/Q accepting models were found to exhibit greater SNR robustness than
constellation diagram accepting models. The exception to these findings was found to be
when the Subtractive Clustering algorithm [51] was tested on a reduced dataset of only
4QAM, 16QAM, 64QAM, and 256QAM, in this case 100% accuracy was maintained to a
lower SNR than all high-order DL classifiers [16,19,58].

There was not a large range of hardware implemented AMC models found in the literature,
only 2 feature-based and 7 I/Q accepting CNNs were found. Techniques such as CSE, pruning,
and quantisation were found to be effective strategies for minimising CNN implementation
sizes but it was thought that minimising the number of output channels per layer was the
optimum method of reducing implementation sizes. The 2 feature-based methods [20,21] were
found to have smaller implementations than even the most optimised CNNs [18,39]. None of
the hardware implemented CNNs achieved 100% accuracy, primarily due to employing I/Q
accepting structures, based on earlier findings a constellation diagram accepting model would
be required to achieve this level of performance, yet such an implementation may require a
larger implementation size due to the dataset dimensions [54].

While the discussed optimisation strategies may provide CNN implementation sizes which
approach the utilisation of the feature-based approaches, they did not result in smaller imple-
mentations. They also failed to reach the 100% accuracy achieved by constellation diagram
accepting CNNs [58,70] and feature-based classifiers [50,51]. Based on these findings, promis-
ing candidates for the realisation of accurate and hardware-efficient AMC systems are there-
fore hardware implemented image classifiers (which may result in larger implementations) or
clustering-based feature extraction classifiers.

While accurate and efficient AMC is a critical function for CR development, it was dis-
cussed in Chapter 1 that accurate SNR estimation is also a primary requirement. This
literature review will now explore the field of NDA SNR estimation methods and evaluate
their suitability for integration with AMC systems within a complete CR system.

3.6 NDA SNR Estimation Literature Review

This section of the literature review explores the various techniques which have been proposed
to achieve NDA SNR estimation. Particular attention is paid towards technologies which are
most suitable for deployment alongside an AMC system in a CR enabled communications
system. The NDA SNR estimation system should therefore be capable of operating with a
high accuracy, across a large SNR range, and on numerous different modulation schemes. A
system which possesses these characteristics is necessary for accurate SNR estimation in a
CR system which employs dynamic modulation scheme adaptation.

The following section provides an overview of the various NDA SNR estimation methods
which have been proposed. Following this overview, the performance of each method is
evaluated. Finally, limitations of the state-of-the-art systems are identified, and promising
avenues of improvement are outlined.
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3.6.1 Algorithmic NDA SNR Estimation Methods

Blind or NDA SNR estimation technologies may be categorised into two disparate approaches;
those which leverage DL and those which are purely algorithmic. This discussion begins with
the algorithmic approaches.

Much like the feature-based approaches which were discussed for AMC, statistical cumu-
lants and moments may be employed to achieve a measure of a transmission’s SNR. Pauluzzi
et al. published two works at the end of the 20th century which provided a comparison be-
tween a collection of the most promising techniques at that time [22,25]. The first algorithm
to discuss was proposed by Gilchriest [82] and called the SMV. As the name implies the
method arrives at an estimate of the SNR by finding the mean and variance of the absolute
value of a received signal sample y(n) of length IV, the square of the mean is then divided by
the difference between the variance and the square of the mean, the formula is expressed in
Equation 3.3.

(% ZNzl |y(n)|)2
(¥ w0 ) = (4 = o)) )

A similar method proposed by Benedict et al. [83] uses the second and fourth-order moments
My and My, it is known as the MsM,y method, the formula for this method is shown in
Equation 3.4.

SNR =

(3.3)

SNR 31/6 M3 — 20,4

My — 5/6M3F — 2M,
The Split-Symbol Moments Estimator (SSME) was first proposed by Shah et al. [84]. the
method relies upon the outputs of two accumulators which each operate on separate halves
of a single symbol, the product of the outputs provides an estimate of the signal power, an
estimate of the total power is obtained by summing the accumulator outputs. Then, by
integrating over the entire symbol, squaring the sum, and averaging the result of this process
over a number of symbols, an estimate of the SNR is obtained.

The final Method discussed in these comparison articles is the Maximum Likelihood ap-
proach proposed by Thomas [85]. By taking the partial derivatives of the Maximum Likeli-
hood function expressed in terms of the received signal S and noise IV, setting the results to
0, and solving for S and N, Equation 3.5 is obtained.

(3.4)
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SNR = 5
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(3.5)

Where M is the number of samples, P = (ﬁ Z,i\/il m}:,)Q, ) the received signal, and mj,
represents the remodulated data sequence formed at the receiver. Pauluzzi et al. emphasise
the similarity between equations 3.5 and 3.3, demonstrating how two separate methods arrive
at similar expressions for SNR estimation.
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Z. Zuo et al. propose an SNR estimation algorithm based on the signal envelope [26].
This method may be seen as an extension of the SMV algorithm which enables operation on
differing orders of QAM. The proposed formula is shown in Equation 3.6.

—()\MQAM — 1) + \/ﬁ_b(l — AMQAM)

A _ b
MQAM — 33

PMQAM = (3.6)
The variable a and b are precalculated values which differ between the various orders of QAM,
they are therefore used to tune the algorithm based upon the order which is to have its SNR

estimated. Aprganr is a variable which is obtained with the formula provided in Equation
3.7.

Var(vy)
(E[)?

Which is equivalent to the variance of the signal envelope v divided by the square of the mean
of the signal envelope 7, which resembles the formula for the SMV estimation algorithm.

W. Wang et al. propose an Empirical Distribution Function (EDF)-based SNR estimation
technique [86]. It operates on the principle of comparing the EDF of the received signal to a set
of theoretical Cumulative Distribution Functions (CDF) calculated for various hypothesized
SNR values. The SNR hypothesis corresponding to the CDF that best matches the EDF is
then selected as the estimated SNR. However, instead of performing a full comparison across
all possible values of the signal envelope (as in the standard Kolmogorov-Smirnov test [87]),
the authors introduce a simplified matching process. They propose a new test statistic that
reduces the comparison from two dimensions to one, significantly lowering the computational
complexity.

H. Xu et al. [27] propose using the mean value of the square of sampled signal S over the
mean value of the absolute values of the sampled signal S squared, the formula is shown in
Equation 3.8.

)\MQAM = (3.7)

_ mean(S52)
(mean(|]))?

The authors state that there is a relationship between the value of Z and the SNR of the
signal which can be described by a 5th order polynomial. The relationship between Z and
the SNR is different for each modulation scheme, the authors therefore provide different
polynomial weights (Cy to C5) which may be modified to allow for accurate estimation of a
range of QAM modulation formats. The mapping of Z to the SNR is shown in Equation 3.9.

(3.8)

SNR = C5Z° 4+ CyZ* + C3Z3 + CLZ% + C1Z + Cy (3.9)

Another similar technique was proposed by M. Alvarez-Diaz et al. [28]. This method is known
as the Eighth-Order Statistics (EOS)-based method. In this case the ratios of various even-
ordered moments multiplied by constants are transformed into a 4th order polynomial, the
roots of the polynomial then result in an estimate of the SNR. The first step is to calculate
the even ordered moments of the received signal Ms, My, Mg, and Mg, and arrange them in
the form shown in Equation 3.10.
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Ms M? Mg
i + 5 M 4 + GM 1
Where p is equal to the SNR. By applying the variable change of p = z/(z — 1), the authors
state that the polynomial shown in Equation 3.11 is obtained.

fros(p) = B +v573 (3.10)

M2

Fros(z) = Fu2t + F323 + Fy2? + Fy (3.11)
Where the coefficients Fj, are linear and are given by Equations 3.12 to 3.15:

Fy = 6(cqy —2)% + €[72(cq — 1) — 16¢ + cs] (3.12)
F3 = (v +16€)(1 — 9c4 + c5) (3.13)
=(B+97+45+ 72€)(csa — 2) (3.14)

Fy = 2(8+ 37 + 20 + 12¢) (3.15)

Where ¢4, cg, and cg represent the moment ratios given in Equation 3.10. By finding the
roots of Z, a measure of the SNR is obtained. The values of 3, v, J, and ¢ are all tuned to
suit the modulation scheme of the signal; via this tuning, adaptation to a range of schemes
is achieved.

The final polynomial fitting method to discuss utilizes the DBSCAN algorithm [38]. This
method uses the ratio R of core points || to total cluster points |D| found by the DBSCAN
algorithm on a particular constellation diagram. The ratio R is defined in Equation 3.16.

(3.16)

The concept of core points and cluster points is explained in greater detail in the following
chapter of this thesis. The key to understanding this method is that this ratio is used
as a proxy for describing the density of the constellation diagram. As the SNR falls the
constellation points increase in size and therefore reduce in density, the DBSCAN algorithm
thus finds fewer core points at lower SNRs and more core points at higher SNRs. Figure 3.15
illustrates an example of the number of core points found by DBSCAN when operating on
16QAM at an SNR of 20dB and 10dB.
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Figure 3.15: An Example of the Ratio of Core Points (Red) to Non-Core Points
(Blue) by the DBSCAN Algorithm on 16QAM Data at an SNR of 20dB (Left) and
10dB (Right)

How the value of R varies with respect to the SNR differs between modulation schemes but
may be described by a fitted 4th order polynomial such as shown in Equation 3.17.

fa(z,w) = wo + w1z + woer? + wazr® + wya? (3.17)

Similarly to the previous polynomial fitting techniques, the constants wg to w4 may be varied
according to the signal’s modulation scheme.

3.6.2 DL NDA SNR Estimation Methods

The application of DL to NDA SNR estimation has emerged as a competitive approach in
recent years. Similarly to the field of AMC, the CNN is the primary model structure which
has been employed, with different works applying a variety of input formats with the aim of
obtaining improvements in performance.

S. Zheng et al. [24] propose the use of ResNet with an input of raw I/Q data as well
as 1/Q data transformed to form both a periodogram and an average periodogram. Both
periodogram formats provide an estimate of the spectral density of the signal by performing a
Discrete Fourier Transform (DFT) and squaring the output of each frequency component, the
average periodogram performs this by taking the average of multiple overlapping segments.
The model features 3 convolutional layers with a single MaxPool layer between the final
convolution layer and the output. K. Yang et al. [30] also propose an 1/Q accepting CNN; in
this case the authors opt for a 5-layer CNN with a MaxPool layer following each convolutional
layer.

The constellation diagram has also been proposed as a viable CNN input. X. Xie et al. [29]
preprocess the constellation diagrams with an exponential decay model, the resulting images
which are used as inputs are constructed from 3 constellations derived from the same signal
sample but have different exponential decay rates applied. This preprocessing operation re-
sults in clearer constellation diagram images, with a spectrum of colours representing regions
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of varying constellation point density. They test the strategy with 3 different CNN model
structures, AlexNet [59], InceptionV1 [76], and VGG16 [77]. All three models are highly
complex implementations as they feature 8, 22, and 16 total layers respectively.

S. Chen et al. [23] propose the usage of a covariance matrix input. The covariance matrix
contains the variance and covariance of an N-point I/Q sample, the diagonals of the matrix
hold the variance values, the non-diagonal elements hold the covariance. The text states
that the diagonal variance values show a strong correlation between various SNRs whereas
the non-diagonal covariance values vary significantly between SNRs. It is implied therefore
that the diagonals capture information about the signal power (which should strongly cor-
relate across SNRs) and the non-diagonals capture noise power information (which should
be uncorrelated). This difference in correlation structure is the information which the CNN
learns from, enabling SNR estimation functionality to be achieved. The authors also state
that the reduced dimensionality of the covariance matrix compared to a raw I/Q sample or
constellation diagram enables a CNN with lower computational complexity to be employed.

All relevant NDA SNR estimation techniques how now been introduced, the following
section provides a comparison between the performance of each technique with the ultimate
aim of identifying the strengths and weaknesses of the various methods.

3.6.3 NDA SNR Estimation Performance Comparison

Results in this section will be provided in terms of MSE against SNR as well as Mean Absolute
Error (MAE) against SNR in one case. Many works opt to provide their results in terms of
Normalised Mean Square Error (NMSE), which is the MSE normalised by the square of the
SNR. The NMSE metric seems to obfuscate the true performance of a system, for instance
Pauluzzi et al. [22] claim that an unchanging NMSE value demonstrates a well-behaved
system, however a stable NMSE value as the SNR increases implies an increase in MSE with
respect to the SNR. Therefore, works which provide results in terms of NMSE will have their
performance converted to MSE where possible as the metric has been found to provide a
more intuitive means of comparing performance. One work opts to provide performance in
terms of MAE, it is impossible to convert MAE to MSE without knowledge of the full test
statistics, therefore this work cannot be compared with the other systems on the same figure.
Comparisons to the proposed system in Chapter 8 will be performed using both MSE and
MAE.

It was mentioned in the previous section that many estimation methods included recon-
figurable parameters to enable accurate estimation of a range of modulation schemes, the
algorithmic methods which do not include such functionality are therefore limited to oper-
ation on a single modulation scheme. This fact discounts the usage of these techniques in
an adaptive modulation scenario, however the results obtained by these methods are pro-
vided to illustrate the performance differential between these methods and those which are
reconfigurable.

Beginning by first comparing the 4 estimation techniques compared in the comparison
article by Pauluzzi et al. [22,25], the tests performed to obtain the following results were
performed using the 2PAM modulation scheme, it is therefore an unfair comparison to utilise
these results when comparing to other works which utilise more complex modulation schemes
such as m-PSK and m-QAM. Figure 3.16 displays the reported MSE against SNR character-
istics.
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Figure 3.16: MSFE Against SNR (dB) Estimation Performance for the 2PAM
Algorithmic Estimators Compared in [22]

The MSE against SNR curves show that both the SMV and MsM,; methods consistently
achieve a lower MSE than both the SSME and Maximum Likelihood methods. Maximum
Likelihood has a weaker MSE between 0dB and 24dB, above which the performance matches
that of SMV and MMy, SSME begins with a comparable accuracy to the 2 strongest meth-
ods, but the MSE increases with a greater gradient as the SNR increases. As MM, and
SMV both are shown to provide the strongest performance, they are typically used as a
benchmark for comparison in later works, more commonly MsM, is utilised for this role.
Zheng et al. [24] provide MSE against SNR characteristics for the MMy method as they
utilise this method as their benchmark, further instances of MyM}y results being provided in
this literature review will utilise the MyMy QPSK performance provided by Zheng et al. [24].

Next, MM, will be compared with the various CNN SNR estimators. All but 1 of the
CNN systems only provide results when test data of QPSK was utilised, Figure 3.17 displays
a comparison of the results.
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Figure 3.17: MSE Against SNR (dB) Estimation Performance for the DL Esti-
mators [23,24,29,30] and MsMy with a QPSK Input [24]. MaMy Data Outside of
the +11dB Range Lies Outside of the Y-axis Scale but the Trend of MSE Increase
Continues. The Omission is to Display CNN Accuracy More Clearly.

Firstly, the change in MM, MSE against SNR performance is stark in comparison to the
results obtained when 2PAM was employed as the test data. In this case a reasonably
strong MSE is only achieved in the SNR range of 0dB to 5dB, in all other cases the MSE
is significantly higher than that of the CNNs. Inspection of the estimated SNR against true
SNR figure shown in [24] shows that the output of MM, algorithm asymptotes -5dB and
10dB at all SNRs below and above these values respectively.

While all 3 of the CNNs which provide data in the range of -20dB to -10dB SNR each show
a large increase in MSE [23,24,30], the increase is less significant than that of MyM,. Between
-5dB and 20dB SNR 3 of the CNN systems achieve an MSE close to 0 [23,24,29], implying a
strong SNR estimation accuracy in this range. The CNN which accepts only a raw I/Q [30]
input fails to match this performance, implying that the constellation diagram [29], covariance
matrix [23], and periodogram [24] inputs enable the systems to reach a stronger level of
performance by providing more discriminatory data. Above 20dB SNR the covariance matrix
accepting CNN [23] sees a slight increase in MSE whereas the periodogram and constellation
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accepting models maintain an MSE close to 0.

The results shown in Figure 3.17 demonstrate that DL methods can provide increased
SNR estimation performance in comparison to early algorithmic SNR estimation techniques,
stronger accuracy was obtained not only over the full SNR range but also at the SNRs at
which MsM, performed best.

Next, the polynomial fitting methods proposed by M. Alvarez-Diaz et al. [28] and Xu
et al. [27] as well as the EDF based estimator by Wang et al. [86] are compared. Each work

provides accuracy when 16QAM and 16 APSK are used as the test data, Figure 3.18 displays
the MSE against SNR characteristics.
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Figure 3.18: MSE Against SNR (dB) Estimation Performance for the Polyno-
mial Estimators [27,28] and EDF Estimator [86] with a 16QAM and 16APSK
Input. Some Polynomial and EDF 16QAM Datapoints Lie Outside of the Y-axis

Scale but the Trend of MSE Increase Continues, The Datapoints Were Omitted to
Better Display the Trends Across other Curves.

The results shown in Figure 3.18 demonstrate that these algorithmic estimators have a similar
weakness to the My M4 method in that optimum performance is obtained in the 0dB to 10dB
SNR range, outside of this range estimation accuracy sees a significant reduction. The excep-
tion to this is the polynomial fitting method [27] which does exibit an MSE increase outside
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of the 0dB to 10dB SNR range but the increase is significantly less severe in comparison to
the 2 other techniques in the comparison.

Figure 3.19 compares the 32QAM, 32APSK, and 64QAM performance of the polynomial
fitting method proposed by M. Alvarez-Diaz et al. [28], with the I/Q accepting CNN by Yang
et al. [30], the envelope-based technique proposed by Zuo et al. [26], and the polynomial

fitting method proposed by Xu et al. [27].
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Figure 3.19: MSE Against SNR (dB) Estimation Performance for the Polyno-
mial Estimators [27,28], Envelope Estimator [26], and I/Q Accepting CNN [30]
with a 32QAM, 32APSK, and 64QAM Input. Some Polynomial [28] 32QAM and
32APSK Datapoints Lie Outside the Scale of the Y-axis but the Trend of MSE

Increase Continues. Datapoints Were Omitted to Better Display the Trends in
Other Curves

The polynomial fitting technique proposed by M. Alvarez-Diaz et al. [28] is once again shown
to only provide strong performance in the 0dB to 10dB SNR range, in this case the MSE
sees an even more severe increase at either end of this SNR range. Zuo et al. [26] do not
report MSE statistics at an SNR, greater than 10dB, judging by the slight increase in MSE
seen between 9dB and 10dB SNR it is likely that a large increase in MSE would be observed
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at higher SNRs, as has been seen to be the case for all other algorithmic techniques. Zuo’s
envelope method [26] does achieve a low MSE in the -4dB to 9dB SNR range, consistently
achieving an MSE very close to 0, demonstrating that this technique achieves very low error
within this range. While the CNN-based estimator [30] does not obtain as low an MSE
as [26,28] in the SNR ranges at which they are shown to be optimal, the obtained MSE
against SNR performance demonstrates no asymptotic behaviour. This finding is consistent
with those shown in Figure 3.17 where DL-based methods are shown to be more capable of
accurate SNR estimation across a wider range of SNRs. Perhaps the strongest performing
system is again shown to be the polynomial fitting method proposed by Xu et al. [27]. This
method is shown to match the low MSE obtained by [26], consistently achieve a lower MSE
than [30], and does not exhibit as large of an increase in MSE outside of the 0dB to 10dB
SNR range as [28] and perhaps [26].

The final comparisons to draw are between the two works which provide results across
a wide range of modulation schemes, demonstrating a necessary capability which an SNR
estimator should possess as part of a CR enabled system. These methods are the polynomial
fitting technique proposed by H. Xu et. al [27] and the DBSCAN SNR estimator proposed
by Zhao et al. [38]. Unfortunately, these two works report estimation accuracy with different
metrics, making comparisons less direct. There are however several insights which can be
drawn from the following comparison. Figure 3.20 exhibits the MSE against SNR performance
of the polynomial fitting method [27]. Figure 3.21 shows the MAE against SNR performance
achieved by the DBSCAN SNR estimation system [38].
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Figure 3.20: MSE Against SNR (dB) Estimation Performance for the Polyno-
mial Estimator [27] with a 16/32/64/128/256QAM Input
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Figure 3.21: MAEFE Against SNR (dB) Estimation Performance for the DBSCAN
Estimator [38] with a 4/16/32/64QAM and 8PSK Input

The first trend to identify is that the polynomial fitting method [27] once again demonstrates
that the region of strongest performance lies between 0dB and 10dB SNR, continuing the
trend of algorithmic estimators performing well only within this region. The performance
of this method on 16QAM, 32QAM, and 64QAM was demonstrated to be superior to other
algorithmic methods in Figures 3.18 and 3.19, particularly as the MSE increase outside of the
0dB to 10dB range was found to be less severe. However, in Figure 3.20 it can be seen that
the MSE of 128QAM and 256QAM increases at a greater rate in comparison to the lower-
order modulation schemes. As 128QAM and 256QAM would generally be expected to be
employed at SNRs greater than 10dB in a CR system, it is unfortunate that the performance
degrades to such a degree.

Conversely, the DBSCAN-based estimator [38] is shown to achieve optimum performance
between an SNR of 12dB and 35dB. The DBSCAN method is perhaps more akin to the
DL-based techniques as it relies on machine learning methods, requiring a feature extraction
algorithm followed by a classifier, this is thought to be why it is shown to be capable of
performing well outside of the 0dB to 10dB SNR range. The only trend which could be
identified with the DBSCAN estimation accuracy performance is that the MAE is in general
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higher at higher SNRs than it is at lower SNRs.

The range of SNRs for which the authors of the DBSCAN technique provide MAE results
varies between employed modulation schemes, the reported SNR range is higher for the
higher-order signals and conversely lower for the lower-order signals. It is thought that at
SNRs below which there are provided MAE values that the DBSCAN estimator probably
suffers a large increase in MAE. When DBSCAN was utilised for AMC, it was found that the
technique’s performance at SNRs below 15dB was poor as the constellation diagram became
too noisy for the algorithm to extract any meaningful information [37,38]. Furthermore,
the SNR at which the algorithm lost perfect classification accuracy was proportional to the
modulation order, with 64QAM falling to 20% accuracy at 13dB, 16QAM at 11dB, and
4QAM at 9dB. It is therefore reasonable to expect that the SNR estimation performance
achieved by this method would also be poor below these SNRs.

Of all the NDA SNR estimation methods covered here, only the DL [23,24,29,30] methods
and DBSCAN [38] have demonstrated consistent accuracy outside of the 0dB to 10dB SNR
range. Only DBSCAN [38] and Xu’s polynomial fitting method [27] have demonstrated strong
accuracy across a wide range of signals.

Following this comparison, the performance of the strongest NDA SNR estimation systems
has been evaluated and compared. The next section concludes this NDA SNR estimation
section and identifies prime candidates for development.

3.6.4 NDA SNR Estimation Literature Review: Section Conclusion

The comparison between the performance obtained by the various NDA SNR estimation
techniques found in the literature revealed several conclusions. Before the conclusions are
expanded upon the requirements of an NDA SNR estimation system in a CR enabled system
must be reiterated.

Firstly, the system must be capable of estimating the SNR of a wide range of modulation
schemes. The goal of the proposed CR system is to enable dynamic modulation scheme
adjustments; thus, it is a necessity to have the ability to operate on a large set of modulation
schemes.

Secondly, the system must be capable of accurately estimating the SNR across a wide
range of SNRs. Information about a received signal’s SNR must be obtained with a high
degree of confidence regardless of the SNR in order to enable intelligent and informed decision-
making.

Finally, the system must be feasible to implement in portable and low-powered hardware.
Deployment in portable devices is a key requirement to enable the envisioned CR-enabled
beyond 5G systems. Furthermore, minimising utilisation costs and power consumption min-
imises the expense required to implement such functionality within the required infrastruc-
ture. None of the works discussed in this literature review provide statistics for a hardware
implementation, therefore comparing the various systems in this regard is difficult, any com-
parisons discussed henceforth must be seen as an educated guess based upon findings within
the AMC portion of this literature review.

With these requirements in mind the SNR estimation performance of the respective meth-
ods can be evaluated. The systems which demonstrated the largest SNR range of effective-
ness were the CNN-based models [23,24, 30] other than the constellation diagram accepting
model [29]. Each of these systems were exhibited to have a somewhat weaker performance
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below an SNR of -5dB but at all SNRs greater than this the MSE remained close to 0. The
exception to this was the raw I/Q accepting CNN [30] which did maintain consistent accu-
racy but said accuracy was lower than that of the other models. Conversely, these systems
were only demonstrated to achieve this level of accuracy on QPSK, however, the 1/Q accept-
ing CNN [30] was demonstrated to be capable of obtaining a similar level of accuracy with
64QAM as it did with QPSK. While the authors of the other CNN systems reported in the
text that a similar level of performance was achieved when employing various other modula-
tion schemes, they neglected to include the results in the form of an MSE against SNR curve
and the modulation schemes which were claimed to provide strong performance were not as
high-order or varied as was demonstrated for certain algorithmic methods. Further inves-
tigation is therefore required to ascertain the exact performance of the various CNN-based
methods on a wider range of modulation schemes as the reported results in the literature are
inconclusive in this regard. Finally, with respect to the hardware requirements, it is likely
that this class of method would require the largest utilisation and power consumption of
any SNR estimation system in the comparison. The hardware comparisons in Section 3.4
demonstrated that CNNs require significant resources, however by employing the various op-
timisation techniques such as pruning, CSE, and quantisation, the required resources could
be minimised [18,39].

Algorithmic NDA SNR estimators were demonstrated to have the ability to operate on
a wide range of modulation schemes. In particular, the polynomial fitting method proposed
by H. Xu et al. [27] demonstrated a low MSE across orders of QAM from 16 to 256 which
would generally be similar to the expected range of modulation orders employed within a CR
system [2]. Similarly, the envelope-based estimator by Zuo [26] obtained an MSE comparable
to that of the DL-based estimators on both 32QAM and 64QAM. However, all the algorithmic
estimators were found to have the fundamental flaw of only being highly accurate within the
SNR range of approximately 0dB to 10dB. This flaw discounts them from deployment within
a CR system as the high degree of inaccuracy at very high and low SNRs does not allow
for the high degree of confidence in the estimated SNR necessary for effective modulation
adaptation. This flaw is unfortunate as these systems only require the implementation of a
closed form mathematical operation to obtain SNR estimation, such an implementation would
likely lead to a smaller and less power consuming implementation than the CNN estimators.

The DBSCAN-based SNR estimator [38] may offer a compromise between the efficiency
and applicability to a range of modulation schemes offered by the algorithmic methods and
the accuracy across a wider range of SNRs offered by the CNNs. DBSCAN was exhibited to
have approximately consistent estimation accuracy across QAM orders 4 to 64, matching the
applicability to a variety of modulation scheme demonstrated by the algorithmic techniques.
Furthermore, while this level of performance was demonstrated only within a particular SNR
range, it was outside the 0dB to 10dB SNR range which no algorithmic method was shown
to be capable of performing well outside of. Finally, while the implementation of this method
may not be as efficient as many of the algorithmic methods, it is probable that the utilisation
and power consumption would remain considerably lower than that of the CNNs. Therefore,
it is possible that this technology could match the qualities achieved by other techniques in
each of the three stated requirement categories. The primary limiting factor to the realisation
of this goal is the achievement of strong estimation accuracy below 15dB SNR, modifications
to the algorithm would likely be required to achieve this.
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Building upon the insights gained from this exploration of NDA SNR, estimation and
considering the findings of the prior AMC section of this literature review, the following
section concludes this literature review by summarising the findings obtained throughout
this review and identifies potential candidates for development.

3.7 Literature Review Conclusion

In the introduction to this thesis, it was stated that the aim of this work was to identify and
develop technologies with the potential to realise the creation of an efficient and accurate
AMC and SNR estimation system which can be embedded in portable devices to enable CR
functionality. This literature review has now fully analysed the state of the AMC and NDA
SNR estimation fields, this section will now conclude this literature review by providing a
summary of the findings and identifying strong candidates for development.

The portion of this literature review dedicated to AMC first explored the accuracy which
may be achieved by software implementations of feature-based and DL modulation classifiers.
It was found that the majority of feature-based techniques are unable to match the level of
accuracy achieved by the DL methods, particularly at lower SNRs. This finding is exempli-
fied by the performance differential between the feature-based classifier which was found to
provide the strongest performance, proposed by Alarabi et. al [50] to all DL methods. While
Alarabi’s classifier reached 100% accuracy, this level of accuracy was lost at 13dB SNR, while
the strongest DL classifier ModNet [71] and FiF-Net [57] maintained 100% accuracy to as low
as 4dB and 5dB SNR respectively. Furthermore, M-CNN [58] was demonstrated to maintain
100% accuracy to 10dB on a dataset which included higher order signals than that of [50].

One aspect where the algorithmic methods had the advantage over a particular class of
DL model was the inability of the I/Q accepting models to reach 100% accuracy, throughout
all the works evaluated there was no example of an 1/Q accepting model reaching 100%
accuracy, a constellation diagram input was therefore found to be a requirement for a CNN
to achieve this level of performance. Clustering-based feature extraction methods were found
to approximately match the accuracy of image classifying CNNs, the Subtractive Clustering
feature extraction mechanism proposed by Wang et al. [51] was found to be capable of reaching
100% accuracy at SNRs greater than 16dB on a dataset of 6 different modulation schemes of
modulation orders up to 256. Furthermore, when employing a dataset which consisted of only
modulation schemes currently utilised in 5G communications it was found that 100% accuracy
was maintained to as low as 6dB SNR, which was 4dB lower than the best performing DL
system on high-order data [58]. These findings demonstrate that it is indeed possible to create
a feature-based modulation classifier which outperforms the DL models if the employed set
of modulation schemes are limited to a set which are conducive to being distinguished by
clustering algorithms.

Evaluation of the implementation costs of classifier technologies was limited to comparing
CNNs and a few select feature-based implementations as there is not a wealth of research
being conducted in this area. It was found that optimisation techniques such as quantisation,
pruning, and CSE were effective at reducing the utilisation of CNN implementations. RUNet
[39] was found to achieve a 60% reduction in FF and LUT utilisation compared to a reference
CNN implementation. However, the largest gains in utilisation reduction were thought to
be obtained via an architectural redesign in which the number of output channels per layer
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were minimised and more varied kernel sizes were employed to compensate for lost feature
learning abilities. With this methodology RUNet [39] and MobileNetV3 [18] were found to
achieve over a 90% reduction in FF utilisation compared with the ternary weight CNNs [17]
which were quantised to a greater degree but did not employ this strategy. RUNet and
MobileNetV3 were larger than the only feature-based classifier in the comparison but not be
a significant amount, in terms of FF and LUT utilisation RUNet was only 28% and 77% larger
respectively. MobileNetV3 was the only system to provide values for power consumption and
still required 4.2W of power despite the highly optimised implementation. However, the
hardware implemented CNNs were 1/Q accepting systems which had been previously found
to be weaker classifiers than constellation diagram accepting models in terms of peak accuracy.
A hardware implementation of a constellation diagram accepting CNN would likely require
a larger implementation due to the dimensionality requirements of the layers.

When comparing NDA SNR estimation techniques, it was found that algorithmic methods
had been demonstrated to be capable of estimating the SNR of a larger range of modulation
schemes than the CNN implementations. However, the SNR range in which the algorithmic
methods were accurate was limited to approximately 0dB to 10dB in all cases. DL-based
models were found to not suffer such limitations. An estimator employing the DBSCAN
algorithm was found to be capable of estimating the SNR of a range of QAM orders with
a high degree of accuracy outside of the 0dB to 10dB range, however in this case the SNR
bounds of accurate performance was limited to 12dB to 35dB.

3.7.1 Candidate Technologies for Development

Through the comparisons presented in this literature review, two technologies have been
identified as being promising candidates for the realisation of a lightweight yet effective AMC
and SNR estimation system, image-based CNNs and clustering methods. Both technologies
were found to provide 100% modulation classification accuracy to a low SNR, although the
clustering method required a more limited dataset to achieve this degree of performance.
Both technologies were also found to offer promising results in the field of SNR estimation.
The CNN approach was shown to be capable of achieving high accuracy across a large SNR
range but lacked a demonstration of this ability on modulation schemes other than QPSK.
The DBSCAN clustering method conversely achieved strong accuracy on a range of QAM
orders but lacked a demonstration of this level of performance being replicated at SNRs
below 12dB. Both methods therefore require development and testing to realise accurate
performance across a broader range of SNRs and modulation schemes.

What separates these two technologies is the scope for optimisation. While CNNs have
been efficiently implemented via the previously mentioned techniques, these techniques were
demonstrated on I/Q accepting models, there is therefore no guarantee that the larger layer
dimensionality required for an image processing CNN would enable a similarly sized imple-
mentation to be achieved. Furthermore, no clear path to optimise the CNN implementation
further could be identified. Development of this methodology would therefore amount to
reimplementing a CNN with similar techniques to RUNet and MobileNetV3 and evaluating
the performance and utilisation of the system.

Conversely, while clustering methods have not been found to outperform CNNs in all
regards, under some conditions promising results have been obtained, namely the DBSCAN
SNR estimation and the Subtractive Clustering algorithm AMC performance. No hardware
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implementations of clustering algorithm-based systems could be found in either field meaning
that there is scope to contribute to knowledge in this respect. Furthermore, the DBSCAN
algorithm has demonstrated the capability to perform both AMC and NDA SNR estimation.
Although the algorithm was found to lack low SNR performance in both fields, changes to
the mechanism of operation may enable performance to be improved in both aspects as well
as enable significant reductions in utilisation. Finally, utilising this technology can enable
each operation to be performed with a single implementation, further compounding potential
utilisation reductions.

To summarise, it was decided that the most viable approach for realising a truly efficient
and highly accurate joint AMC and NDA SNR estimation system was development of the
DBSCAN algorithm for the following reasons:

e To obtain 100% classification accuracy with a DL model, an image-classifying CNN is
required.

e While CNNs can be implemented with minimal utilisation, even the smallest utilisations
require 4.2W of power [18].

e An image classifying CNN is likely to be larger than the 2 most efficient 1/Q classifying
CNNs due to the layer dimensionality.

e A CNN with dual SNR estimation and AMC capabilities would necessitate more utili-
sation than AMC alone.

e Clustering algorithms are the only technique other than image-classifying CNNs to
maintain 100% accuracy to as low an SNR as the CNNs [51].

e While DBSCAN is not demonstrated to classify modulation schemes with as high an
accuracy as the subtractive clustering algorithm [37,51]. It has demonstrated SNR es-
timation capabilities [38], potentially enabling the creation of a dual-functional system,
thereby increasing efficiency.

e Developing a clustering algorithm for hardware contributes to knowledge as such a task
has not been completed in the AMC nor NDA SNR estimation fields.

The following chapter expands upon the limitations of the past attempts to utilise this
technology and details the numerous improvements to the algorithm which have been devel-
oped with the aim of improving accuracy and reducing hardware utilisation.



Chapter 4

An Optimised DBSCAN-Based
Classifier

The following chapter of this thesis concerns the principles behind the proposed method
of using DBSCAN clustering to generate features for AMC and NDA SNR estimation. As
discussed in the literature review, past attempts to apply this technique for feature extraction
exhibited limitations in terms of computational complexity and the inability to distinguish
modulation schemes of equivalent order. The proposed design addresses these 2 limitations
with an architectural modification to the operation of the DBSCAN algorithm.

This chapter begins by outlining the methodology and reasoning behind the modifications
which have been made to the DBSCAN algorithm. Section 4.1 details the operation of the
original DBSCAN algorithm within the context of AMC, to ensure that the limitations are
made clear. Section 4.2 explains how the algorithm is decomposed into 2 1D components
and shows how this decomposition solves the problems of computational complexity and
same-order classification. Section 4.3 details why absolute and argument clusters are ideal
features and details how they are obtained efficiently. Section 4.4 provides an overview of how
the classifier structure was selected and optimised for this specific task. Finally, Section 4.5
integrates each component of the AMC and SNR system by describing the algorithm from
input to output. This chapter will therefore provide an understanding of the algorithmic
operation of the proposed system.

4.1 An Introduction to DBSCAN

DBSCAN is a clustering algorithm which was first introduced in 1996 by M. Ester et al. [34].
As the name suggests, it is a density-based clustering algorithm, grouping points based on
their proximity and density. Crucially for this work, it is non-parametric; that is, it requires no
assumptions about the dataset, unlike most popular clustering algorithms such as K-Nearest
Neighbours (KNN) and K-Means [53].

Although DBSCAN is non-parametric in the sense that the number of expected clusters
is not required to be specified, 2 hyperparameters are required to be set before operation can
begin. These hyperparameters are traditionally known as € and minPts. The hyperparameter
€ sets the maximum radius around a point for other points to be considered part of the same
cluster, minPts sets the minimum number of local points which must be found within an e

77



CHAPTER 4. AN OPTIMISED DBSCAN-BASED CLASSIFIER 78

neighbourhood before cluster formation may begin.

The operation of the DBSCAN algorithm on BPSK data at an SNR of 15dB is shown
in Figure 4.1. A point P is randomly selected and a circle of radius ¢ is drawn around this
point (subplot 1). Points within this radius are labelled core points if there is at least minPts
points If at least minPts core points are found, cluster formation begins. Circles of radius
€ are iteratively drawn around discovered core points, again if there are at least minPts
points within a neighbourhood the points are labelled as core points, points without minPts
within their neighbourhood are labelled as border points. Subplot 2 shows the resulting
neighbourhood circles from cluster formation. The resulting cluster from this process is
labelled in blue in subplot 3. Once all points of a cluster have been found the algorithm
randomly selects another point in the dataset, as shown by the pink circle, the same process
iterates until all points within the second cluster have been found (subplot 5). The only
points which remain are not dense enough to constitute the formation of another cluster as
they do not have minPts points within their € neighbourhood, nor are they close enough to
a cluster to be a border point; thus, they are labelled as noise as shown in 6th subplot of
Figure 4.1.
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Figure 4.1: The Operation of the Traditional DBSCAN Algorithm

4.1.1 Generality Limitations of DBSCAN for Modulation Classification

As discussed in the literature review, previous attempts to apply DBSCAN for the purposes
of AMC feature extraction have relied solely upon determining the number of constellations
on the constellation diagram. This method was shown to be effective but suffered from the
major limitation of being unable to classify differing modulation schemes of equivalent order.
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Figure 4.2 (a) and (b) respectively show the resulting clusters when DBSCAN is applied to
the 16QAM and 16PSK constellation diagrams at an SNR of 20dB.
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Figure 4.2: Clusters Identified by the 2D DBSCAN Feature Extractor on (a)
16QAM and (b) 16PSK

In both cases shown in Figure 4.2 16 constellation points are found, there is no information
gained which can allow for differentiation between the 2 modulation schemes. It is therefore
advantageous to develop a method of obtaining a measure of constellation point positioning
in addition to the number constellations themselves. It can be said that this method of using
DBSCAN for AMC lacks generality for this reason.

4.1.2 Algorithmic Limitations of DBSCAN Feature Extraction

When the DBSCAN algorithm executes it does so by iteratively calling a range Query function.
The rangeQuery function finds the Euclidean distance from a point P to every other point in
the dataset, rangeQuery must be called for every point in the dataset. This means that this
implementation of DBSCAN has a worst-case time complexity of O(n?) as each rangeQuery
execution has a worst-case complexity of O(n) and must run n times. By utilising an indexing
structure, a database structure which uses a spatial index to store information about the
spatial relationship of datapoints, it is possible to reduce the number of computations required
for each rangeQuery by only computing distances to points which are known to be local to a
point P. This reduces the worst-case computational complexity of rangeQuery to O(log(n))
which leads to an overall complexity of O(nlog(n)). However, E. Shubert et al. [35] prove that
there can be no indexing structure which provides a worst-case computational complexity
of O(log(n)) for every dataset. In addition, building an indexing structure for an FPGA
implementation increases the implementation size and introduces an additional preprocessing
step which will cause delay in a real-time system such as in the proposed work of this thesis.
A final disadvantage of using an indexing structure is that O(n?) memory is required, instead
of O(n), which further increases the amount of FPGA resources needed.

In addition to the complexity introduced by the requirement for calling the rangeQuery
function over many iterations, the calculations required to find the Euclidean distance in 2D
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space must be performed with the equation shown in Equation 4.1.
Given 2 points P(x1,y1) and Q(x2,y2) The Euclidean distance is:

Distance = /(22 — 21)2 + (y2 — y1)?) (4.1)

This formula requires the execution of 2 square operations and a square root. The square
root operation is particularly computationally expensive to perform in hardware, with the
Coordinate Rotation Digital Computer (CORDIC) algorithm being the generally preferred
method of implementation [88]. This method is iterative and thus would require multiple clock
cycles to execute, if this was required to be performed to find the distance between every
point in a given dataset, either the required latency or implementation size if parallelised
would be large.

4.1.3 DBSCAN Extraneous Operations

There are several operations within the DBSCAN algorithm which are extraneous and not
required to be performed for the purposes of AMC. The first operation is the labelling of
points as part of a particular cluster. Traditional DBSCAN implementations track which
cluster each point in a dataset belongs to once it has been found, in a hardware implemen-
tation this introduces the requirement for additional storage to hold this information. The
purpose of using DBSCAN for AMC is to find the number of constellations, or numbers
of different magnitudes and arguments as is the case in the proposed system in this thesis.
Therefore, the cluster to which each point belongs is irrelevant, the only information which
is required is the total number of clusters which have been found. The second feature is
the distinction between border points and core points, as with tracking the cluster to which
each point belongs, making this distinction imposes an additional requirement for memory
to store this information as well as logic to determine when the distinction should be made.
Again, as the only metric which is required to achieve AMC is the total number of clusters,
this information is not required to be determined or stored.

4.2 The DBSCAN 1D Decomposition

The 3 major limitations of DBSCAN for AMC in a hardware context have now been outlined,
the first is the lack of ability to distinguish between differing modulation schemes of the same
order, the second is the computational complexity of the algorithm itself, and the final is the
requirement to label points as belonging to a cluster and as a border or core point. This thesis
proposes that all stated problems may be solved with by decomposing the 2D constellation
diagram into 2 datasets consisting of the component arguments and magnitudes of each point,
sorting each dataset, and designing an algorithm to accommodate these changes and optimise
for implementation in hardware.

4.2.1 Solving the Generality Problem with Magnitudes and Arguments

It was shown how past attempts to apply DBSCAN to modulation scheme feature extraction
could not distinguish different modulation schemes of equivalent order due to the algorithm
only being able to find the number of constellation points. Therefore, a means of determining
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the positioning of constellation points is also required to be found. This may be done by
executing DBSCAN on the values of the magnitudes and arguments of each constellation
point. Figure 4.3 shows the information which is obtained with this method.
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Figure 4.3: Clusters Identified by the 1D DBSCAN Feature Extractor on (a)
16PSK Magnitudes, (b) 16PSK Arguments, (c¢) 16QAM Magnitudes, and (d)

16QAM Arguments

Figure 4.3 shows the constellation diagram of 16PSK and 16QAM at 20dB SNR, for each con-
stellation diagram the DBSCAN algorithm is applied to 2 individual datasets each containing
the absolute and argument values for the respective constellation diagrams. 16PSK is shown
in Figure 4.3 (a) and (b), the constellation points all lie equidistant from the origin, therefore
the clustering algorithm determines that this constellation diagram has a single magnitude.
16PSK is also found to be formed using 16 different arguments. Similarly, 16QAM is found
to consist of 3 different magnitudes, as shown by the 3 different rings, and 12 different ar-
guments as in 4 cases there are pairs of constellations which have the same argument but
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differing magnitudes. Applying DBSCAN to the dataset in this fashion therefore results in
features which may be used to distinguish 2 modulation schemes with equivalent order.

4.2.2 Reducing Algorithmic Complexity with 1D Datasets

The decomposition of the constellation diagram data to 2 datasets consisting of magnitude
and argument data necessitates DBSCAN to be executed on each dataset individually. De-
spite doubling the number of times DBSCAN is required to be executed, reducing the dimen-
sionality of the 2 datasets enables the computational complexity of DBSCAN to be improved.
Firstly, it was discussed that using an indexing structured database for 2D data can facilitate
a computational complexity reduction of DBSCAN from O(n?) to O(nlog(n)) but requires
an increase in memory and logic to implement this change. Data which is unidimensional
may be sorted and stored in the sorted configuration. This eliminates the need for complex
database indexing and the additional memory requirements, although the requirement for a
sorting algorithm is introduced.
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Figure 4.4: Clusters Identified by the 1D DBSCAN Feature Extractor on (a)
16QAM Unsorted Argument Data, (b) 16QAM Unsorted Magnitude Data, (c)
16QAM Sorted Argument Data, and (d) 16QAM Sorted Magnitude Data
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Sorted data provides a twofold improvement in terms of computational complexity, firstly
the requirement to execute a rangeQuery function for each datapoint to every datapoint
within a dataset is eliminated; to find local points to a point P the algorithm need only check
the distance to points which are local to the point P in the sorted dataset. The simplest
implementation of this modified algorithm only checks the distance between a point P, and
the subsequent point P, 1). Secondly, the function to determine the distance between points
is reduced to a subtraction as the dataset now only exists in a single dimension. The distance
between 2 points xo and 1 may be obtained with Equation 4.2.

Distance = z9 — 1 (4.2)

Comparing with Equation 4.1, 2 square operations, an addition, a subtraction, and crucially
a square root are no longer required to be executed. Figure 4.4 illustrates the elimination
of the rangeQuery function visually, in (a) and (b) the 40dB SNR 16QAM magnitudes and
arguments are not sorted, in each case the clustering algorithm must check the difference
between every point within the dataset. In Figure 4.4 (c) and (d) the data is sorted from
smallest to largest, the distance between points is implicit in the dataset structure, therefore
only the distance to the next point in the dataset must be found, eliminating the need to
perform n — 1 difference operations per datapoint.

4.2.3 Eliminating Extraneous Functionality

It was previously stated that the functionality to label datapoints as core and border points,
as well as tracking the cluster to which each point belongs is functionality which is not
required for the purposes of AMC in this context. The only metric which is required to be
output is the total number of clusters found by the algorithm. For this reason, the modified
algorithm is not implemented with such functionality.

4.2.4 The Modified DBSCAN Algorithm

The optimisations to the dataset and requirements for a modified DBSCAN algorithm have
been outlined in prior sections. The modified DBSCAN algorithm is now required to operate
with two assumptions:

e The input dataset will be sorted and arrive serially
e The output should be the number of clusters found within n samples.

In addition to these assumptions the algorithm is required to incorporate a method of using
the € and minPts hyperparameters whilst iteratively finding the distance between a point
P,, and the subsequent point P,;;. Using these stated assumptions and requirements the
following algorithm was designed:

The proposed optimised DBSCAN algorithm begins with the first point of a dataset, the
difference between the first and second datapoint is taken and compared with the value of ¢, if
the difference is less than ¢ a variable called PointCount is incremented. The algorithm then
iteratively moves through the sorted dataset, taking the difference between the 2 adjacent
datapoints and comparing with e. When the algorithm obtains a difference which is greater
than ¢ all points within a cluster have thus been found, the value of PointCount is then
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compared with the minPts hyperparameter to check if the number of found points are enough
to enable a cluster to form. If the value is greater than minPts a second variable named
ClusterCount increments, if it is not then ClusterCount remains unchanged, in both cases
PointCount is reset to 0. This iterative process continues until the last point of the dataset is
reached, at which point PointCount is checked to see if it is greater than minPts, ClusterCount
is then incremented accordingly. Following these steps the value of ClusterCount holds the
number of clusters which have been found and is output. The algorithm can also be viewed
in terms of pseudocode in Algorithm 1, the pseudocode assumes a 50-point input of QPSK
magnitude data.

Algorithm 1 Algorithm for optimized 1D DBSCAN

€ < 8, minPts < 3
ClusterCount < 0, PointCount < 0
Data[50] < Input[50]
for i =1 to 49 do
Datali] — Datali 4+ 1] = Dif f
if Dif f <e then
PointCount + +
else
if PointCount > minPts then
ClusterCount + +
PointCount <+ 0
else
PointCount < 0
end if
end if
end for
if PointCount > minPts then
ClusterCount + +
end if
Output < ClusterCount

4.2.5 Total Computational Complexity Improvements

The original DBSCAN algorithm is said to have a worst-case computational complexity of
O(n?), although the average run time complexity is O(nlog(n)) [34], owing the requirement
to perform n rangeQuery operations for a maximum of n datapoints. The proposed modifi-
cations necessitate only n operations be performed, resulting in a worst-case computational
complexity of O(n). In addition to reducing the total computations by a factor of n, the
individual computations themselves are optimised as 2 square operations, 2 additions, and a
square root operation are no longer required to be performed.

Although the computational complexity is significantly enhanced, there is now a re-
quirement to sort each 1D dataset which should increase computational complexity once
more as even the quickest sorting algorithms have a worst-case computational complexity
of O(nlog(n)) [89]. However, a hardware specific sorting algorithm was created which took
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advantage of the real-time nature of the data input. The implementation of this sorting
algorithm resulted in data being sorted with a computational complexity of O(n), allowing
for the improvements to DBSCAN to be maintained. The discussion of this algorithm may
be found in Chapter 5 which covers the hardware implementation.

4.3 The Requirement for Magnitude and Argument Data

At the receiver the received waveform data is digitised as complex 1/Q pairs, converting this
rectangular data to the polar representation introduces additional calculations which must be
performed. It was found that this is a necessary step as the number of I and Q clusters is not
always consistent. The constellation diagram can appear to be rotated in certain situations,
examples of effects which may induce this rotation are the Doppler effect, Carrier-Frequency
Offset (CFO), or both simultaneously [10].

At the receiver, the Local Oscillator (LO) is tuned to the expected frequency of an incom-
ing carrier wave; by multiplying the signal with the LO frequency the modulation information
is extracted from the carrier [10,90]. CFO is caused by the frequency of the LO in the re-
ceiver not being synchronised with the carrier frequency of the received signal. The cause of
this desynchronisation can either be caused by a difference in frequency of the transmitter
and receiver oscillator or by movement of the transmitter or receiver introducing a Doppler
effect [10,90].

The reason for this rotation may be explained via the mathematical form of a modulated
signal. As shown in Chapter 2, a modulated signal may be expressed as with the form:

y(t) = A(t) (791l Rmfet))y (4.3)

Where f. is the carrier frequency, A(t) is the amplitude with respect to time, and ¢(t) is
the signals phase with respect to time. A received signal with a frequency offset may be

expressed as:
y(t) = A(t)(ew(t)e(j(?ﬂ(fﬁﬁf)t))) (4.4)

Where A f is the difference between the LO frequency and the signal frequency. This equation

may be rewritten as:
y(t) = A(t)(e791)liRmfet)) g2mAft) (4.5)

When the LO extracts the carrier frequency from the received waveform equation, the /274t

term remains: ' '
y(t) = A(t) (7?1201 (4.6)

What remains is the magnitude A(t), the phase rotation e/*®)| and an addition rotation
which is imposed by the remaining frequency component which has not been extracted by
multiplication with the LO e/272f [10,90,91]. An example of a CFO induced rotated con-
stellation diagram of 20dB SNR QPSK data, alongside the resulting changes in I values is
shown in Figure 4.5.
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Figure 4.5: The Effects of CFO on (a) the QPSK Constellation Diagram and
(b) the I Values of QPSK

Figure 4.5 (a) demonstrates a QPSK constellation which is subject to rotation induced by
CFO. Rather than appearing as 4 well defined constellation points, the diagram is subject
to a rotation about the origin. Figure 4.5 (b) shows that this rotation results in a continuous
change in the number of different I values which are extracted from the signal, at any given
time there may be 2, 3, or 4 different I values obtained from the I/Q data which forms the
constellation diagram, the same is true for the Q values.

Figure 4.6 shows another QPSK constellation diagram at 30dB SNR rotated to various de-
grees, in this case the rotation is manually applied to illustrate why a CFO induced rotation
results in changing I values. The red lines in Figure 4.6 intercept the midpoints of each
constellation point. Depending upon the degree of rotation, various numbers of I values are
obtained, as shown in figure 4.6 there may be 2, 3, or 4 different I values. Having a feature
which is variable depending on CFO is not conducive to consistent classification performance
as the classifier is trained by learning specific values of input features, features which vary over
time may cause overlap between classes in the feature space and therefore reduce classification
performance.

Instead, by utilising the magnitude and argument as the extracted features, robustness
to these effects is introduced into the classification system. This is demonstrated in Figure
4.7 where the same QPSK rotations are shown, however in all cases a single magnitude and
4 arguments are consistently obtained. However, in scenarios where the dataset size is large
enough to capture a consistent rotation effect, the argument data will be affected. In this
case the argument data may appear as a single cluster, or no cluster may be formed. The
magnitude data extraction remains unaffected and can still be used as a strong feature for
AMC. Utilising the argument and magnitude therefore introduces partial robustness to a
continuous constellation diagram rotation as the argument data is still affected, complete
immunity to a static rotation is obtained as in this case the number of extracted arguments
and magnitudes remains constant.
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4.3.1 Calculating the Magnitude and Argument Values

By converting the I/Q data from rectangular to polar form, the constellations points can be
represented in terms of an amplitude and an argument. This may be performed with the
equations shown in Equations 4.7 and 4.8.

A=\P+@? (4.7)

¢ = atan2(Q, I) (4.8)

Where A is the magnitude of the I/Q pair, ¢ is the argument. The square root term for
calculating the absolute value and atan2 function for finding the argument are operations
which are best avoided where possible due to the complexity of implementation and the
length of execution in digital hardware. However, should an engineer wish to implement
these functions in hardware, the most efficient method of implementing them is with the
CORDIC algorithm [88]. This is an algorithm which decomposes a larger rotation into
an iterative succession of smaller rotations performed by shift and add operations, which
are far simpler for a digital computer to perform. Rather than implement the required
operations to calculate the absolute value and argument individually, the CORDIC algorithm
can perform the rectangular and polar conversion directly, which eliminates the need for
a division operation and reduces the number of required CORDIC blocks in a hardware
implementation from 2 to 1.

4.3.2 The CORDIC Algorithm

The mathematical operation of a CORDIC operation can be explained as follows: A 2-
dimensional rotation is given by the equations:

Tiy1 = x; cos(f) — y; sin(0)

. (4.9)
Yi+1 = yicos(f) + x;sin(0)
Using the identity:
1
cos(f) = ——— (4.10)
1 + tan?(0)
The rotations can be substituted to become:
(x; — yi tan(0))
Ti+1 =
1 + tan?(0)
(4.11)
(yi + x; tan(0))

Y = /1 + tan?(6)

The rotation is now in the form of an addition or subtraction of 2 coordinates and 2 mul-
tiplications with tan(f) as well as a scaling term ——1—— [88,92,93]. The scaling term is

/T+tan?(0)
cancelled by multiplying both sides by /1 + tan?(#), this leads to the rotation producing a
larger magnitude than a true rotation would produce, but this can be compensated for after

the algorithm is complete [88,92]. Recall that CORDIC implements a complete rotation with
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a sequence of iterative rotations. By using this iterative rotation process, this multiplication
by tan can be performed with a shift operation by only using values of tan(f) equivalent to
negative powers of 2 [88]. A table of these angles in degrees can be seen in Table 4.1.

Rotation (°)
45
26.57
14.04
7.13
3.56
1.79

QU | W N | O =

Table 4.1: The Rotation Angles Achieved by the Iterative CORDIC Shift Opera-
tions

By iteratively performing positive or negative rotations by these set angles, any rotation
between +99.7° can be approximated. Each individual step (excluding the scaling term) can
now be expressed as:

Tiy1 = x; — (i > 1)
Yit1 = Yi + (x; > 1)
Figure 4.8 shows how an angle 6 can be expressed with iterative rotations of a;.

(4.12)

Figure 4.8: How Iterative Rotations may Approzimate an Angle with the
CORDIC Algorithm

With each successive rotation the resulting angle gets closer to the true angle of rotation,
in order to achieve k bits of precision, k iterations are required because tan=!(27%) < 27¢
converges as i increases [92]. The magnitude of the rotation increases with each rotation,
this can be accounted for after the rotation process has completed. As there is a known set
of angles comprising the total rotation, the scaling factor y/1 + tan?(#) can be precomputed
and applied to the result at the output to find the correct magnitude, the amount of scaling
K can be found with Equation 4.13 [92]:

n—1

K =[] \/1+ tan?(a;) (4.13)
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The value asymptotes 1.646760258 as the number of iterations increases [88].

4.3.3 Using CORDIC to Obtain the Polar Form Directly

In the case of this work the CORDIC algorithm was utilised to convert complex numbers in
the rectangular form to the polar representation, a detailed explanation of how this process
can be implemented may be found at [93]. Before the CORDIC algorithm begins the I/Q
pair must be rotated to be within 45° of the positive x-axis, this is because the CORDIC
algorithm can only approximate angles between £99.7° as previously stated. By only rotating
to +45° the first step of the CORDIC algorithm, which a rotation by 45°, may be skipped
which reduces compute time. To determine the pre-rotation angle, the sign bits of the I and
Q value is checked to find the quadrant which the I/Q pair lies in. A clockwise pre-rotation is
then applied the 1/Q pair to ensure that the I/Q vector lies within the required +45° for the
CORDIC algorithm to operate. The designated pre-rotation angles by quadrant can be seen
in Figure 4.9. The pre-rotation is performed by an addition of the I and Q values, negated
values are used where required. A table of operations for the pre-rotation can be seen in
Table 4.2.

Q
Positive Q Positive Q
Negative | Positive |
Pre-Rotate Clockwise Pre-Rotate Clockwise
by 135 degrees by 45 degrees
I
Negative Q Negative Q
Negative | Positive |
Pre-Rotate Clockwise Pre-Rotate Clockwise
by 225 degrees by 315 degrees

Figure 4.9: The Pre-Rotation Angles Applied According to the Quadrant in which
an Angle Belongs

Rotation | New I Value Formula | New Q Value Formula
-315 -Q I+Q
-225 -I-Q I-Q
-135 -I+Q -1-Q
-45 I+Q -14+Q

Table 4.2: Rectangular to Polar CORDIC Pre-Rotations
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This pre-rotation angle value is stored and added to the argument found during the CORDIC
operation. The angle is now within the acceptable bounds for the CORDIC algorithm to
begin, the target angle is assumed to be 0° and operation begins. With each iteration the y
value is checked for being positive or negative, if the y value is negative a positive rotation is
applied and vice versa. An additional sum of each rotation angle 6 is kept. Once the CORDIC
iterations have finished the y value should be 0 meaning that the vector has rotated to 0°,
the x value represents the magnitude of the input I/Q pair multiplied by scaling factor K,
and the sum of each rotation performed is the argument of the I/Q pair minus the rotation
applied before the CORDIC began. Thus, by scaling x by K with a multiplier or a LUT and
re-adding the pre-rotation value to 6, the magnitude and argument of an I/Q pair can be
determined.

4.4 The Choice of Classifier

Every component of the proposed system structure has now been outlined other than the
classifier itself. As the algorithms which operate before the classifier in the overall system
operate as a feature extraction mechanism, any model which performs its own feature genera-
tion is not a viable candidate classifier for this system, furthermore, these classifier structures
have high complexity and therefore high implementation sizes as demonstrated in Chapter
3. These factors rule out the usage of deep learning networks such as LSTMs, CNNs, and
Transformers.

There are several requirements which the selected classifier should fulfil. Firstly, the
classifier structure should be the simplest implementation which can maintain the maximum
level of performance, this enables a small implementation size without a sacrifice in overall
classification accuracy. Secondly, the classifier should be highly reconfigurable as it is required
to be modified to suit specific SNRs as well as be reconfigured for SNR estimation itself.
Finally, it should have an algorithm structure which is conducive to hardware implementation.

4.4.1 Evaluating Classifier Performance

Various classifier structures were first evaluated to explore which models performed well on
the dataset. Firstly, the performance of linear and non-linear models was compared. It was
stated in Chapter 3 that performance differentials between linear and non-linear models are
largely due to the arrangement of the classes in the feature space. For the data employed in
this thesis it was found that for the most part the classes showed strong separation and were
linearly separable, particularly when the features were extracted from high SNR data.
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MATLAB R2021b [94] was used to train 2 SVMs , 1 linear and 1 non-linear, the dataset
consisted of the number of argument and magnitude clusters found on signals modulated
with QAM orders 2-1024, PSK orders 8 to 32, as well as APSK of orders 16 to 128, the SNR
of the data was 30dB. The learned decision boundaries in the feature space can be seen in
Figures 4.10 and 4.11.

In each of the provided figures the coloured clusters represent each class, the black lines
denote decision boundaries learned by each classifier. It may be seen that the high-order
QAM feature clusters exhibit a small degree of feature cluster overlap but in general are
separated. The linear SVM fails to accurately capture the distribution of high-order QAM
feature clusters, with decision boundaries intersecting the midpoints of clusters in many cases.
Conversely the non-linear SVM is better able to capture the relationship, with the majority
of feature cluster points being within their respective decision boundaries. Using 5-fold cross
validated training it was found that the linear and non-linear models each achieved 88.82%
and 93.68% accuracy respectively, a difference of nearly 5%.

From the provided examples it is clear that a model which has the ability to find non-linear
decision boundaries is advantageous as a higher classification accuracy may be achieved. This
limits the set of classifiers which are capable of this functionality to MLPs, SVMs, and RFs.

4.4.2 Evaluating Classifier Reconfigurability and Hardware Implementa-
tion Sizes

The selected classifier structure should have the ability to be implemented in hardware while
using minimal resources. Furthermore, the classifier is required to be reconfigured to suit
differing functionalities such as switching between SNR estimation and AMC. Therefore,
there should be as few FPGA resources as possible required to suit this reconfiguration
requirement.

RF models do not follow a regular structure, they consist of multiple DTs with each tree
consisting of nodes and leaf nodes each connected in a structure which is unique to each
trained model [53]. Switching between various RF models cannot be performed by changing
values, the entire structure of each tree and forest must be stored [95]. Furthermore, the
irregular structure of each DT makes the traversal of an RF classifier difficult to parallelise
[95]. Van Essen et al. [95] attempted to solve this problem by creating compact RF models
with a maximum depth, however their implementation required multiple FPGAs to fully
implement. To accommodate the ability to switch functionality multiple models must be
implemented on 1 FPGA, as a single model cannot be implemented on a single FPGA, RFs
are unviable for this use case.

SVMs were utilised to evaluate the performance difference between linear and non-linear
model structures, therefore it was known that they perform well on the feature set. However,
when considering this structure for FPGA implementation they were found to be suboptimal.
This is due to the requirement to store the support vectors, kernel parameters, and alpha
values [96]. This requirement has been shown to lead to large FPGA implementations,
particularly due to the support vectors being a subset of the training dataset [96]. While this
constraint may be mitigated with quantisation for a single model implementation [97], there
is a requirement to store upwards of 12 different model configurations which would quickly
lead to an explosion in FPGA memory usage.

The final candidate model structure to evaluate is the MLP. This model is well suited
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for FPGA implementation as only multiplication and add operations are required to achieve
classification [53,54]. MLP model structures can be predetermined and trained to suit the
desired structure [53]. Furthermore, there is no requirement to store any training data along-
side the implemented model, weight and bias values are all that is required to be stored
alongside the logical structure of the model [98]. Both stated MLP features are highly ad-
vantageous in the case of the proposed system as only 1 logical structure is required to be
implemented and to reconfigure the model for a different function all that is required is an
update to the weight and bias values. Furthermore, said values can be quantised to reduce
the total storage capacity of the implementation [98]. Finally, and perhaps most critically is
the ability of the MLP to perform both classification and regression functions with a simple
modification of weights. This enables the SNR estimation operation to take advantage of a
regression model, enabling the ability to estimate the SNR of signals which may be of an
SNR between the examples which were provided in the training data, rather than estimating
classes which correspond to exact SNR values, thereby increasing flexibility by learning the
relationship between feature space positioning and SNR.

The MLP is the ideal model structure for the proposed system due to the ability to learn
non-linear decision boundaries [53, 54], a regular structure across various use cases, ease of
reconfiguration, minimal implementation requirements to enable reconfiguration [99], and the
ability to perform both classification and regression by modifying only weight values.

4.4.3 MLP Structure and Training Process

The structure of the implemented MLP can be found in Figure 5.8. The choice of the
number of input and output nodes is tied to the number of utilised features and classes [53].
The proposed work only uses the number of magnitude and argument clusters as features,
therefore only 2 input nodes are required. As will be discussed later in this thesis, varying
numbers of classes may be used in testing, the lower limit of this number is 4 for the cases
where only BPSK, QPSK, 8QAM, and 16QAM are to be classified, but the number of classes
may grow as high as 17 when all signals are included within the applied dataset. The number
of output nodes therefore varies between 4 and 17 but could be increased if necessary.

The only structural decision not tied to the number of used features and classes is the
number of hidden nodes. As the proposed work attempts to minimise the size of the hard-
ware implementation it is imperative that this value is set to the minimum possible value
which achieves the highest obtainable level of performance. Testing to obtain this value was
performed using MATLAB R2021b [94], the entire dataset of signals was utilised therefore
17 output nodes were required. This is the most complex configuration which the classifier
would be expected to operate with, therefore finding a strong number of hidden nodes in
this configuration would guarantee strong performance across all configurations. The dataset
was split with a ratio of 80:20 and 5-fold cross validated training was performed for each
test. The results from this testing process are shown in Figure 4.13. The only configuration
where a noticeable reduction in classification accuracy was observed was when a single hidden
node was utilised, otherwise the model performed similarly despite the number of nodes. On
some occasions there were anomalous reductions in accuracy, but this phenomenon occurred
throughout the range of utilised hidden nodes. Although 2 hidden nodes was found to be suf-
ficient in tests, it was decided to use 3 hidden nodes in the final deployment as this provided
a buffer of an extra hidden node to mitigate any anomalous behaviour while not incurring a
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large utilisation increase.

Quantisation was also performed to minimise the implementation cost of the logic and
datapath, as well as reduce the memory required to store weights and biases of the various
MLP configurations. Training of the implemented models was performed using PyTorch
2.0 [100], rather than MATLAB due to the nn.linear [101] function providing simpler means
of reporting the obtained weight and bias values. All training was performed using either
the Levenberg-Marquardt (LM) algorithm [102] or Adam algorithm [103]. LM is known
for its fast convergence and robustness but has a relatively high computational cost [104].
Given the small size of the model the computational cost was found to be manageable.
Adam is an optimisation method similar to stochastic gradient descent but makes use of
momentum, which has been found to assist with the the avoidance of local minima in the
loss landscape [103].

Input Hidden Qutput
layer layer layer

Y1
X4 Yz
Xz Y3

Yn

Figure 4.12: The MLP Structure Employed within the Proposed System
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The methodology behind the creation of each constituent part of the DBSCAN AMC system
has been thoroughly explored throughout this chapter. This final section will provide an

overview of how each component operates as part of a complete algorithm.

The system may be split into 2 functional components, the DBSCAN based feature extrac-
tion mechanism and the MLP classifier which classifies the extracted features. The system
structure is designed to be pipelined and operate on a real-time data stream, pipelining and
real-time functionality will be described in greater depth in the following section which out-
lines the hardware implementation. For now, the algorithmic functionality is the principal
focus. The step-by-step process is listed below:

1.

2.

Signal data in its I/Q representation is input to the system.

A CORDIC block converts the I/Q data to the polar form (magnitude and argument

. The datapath is split in 2, with each data path operating on either the magnitude or
argument data.

. Each datapath sorts either the magnitude or argument data from smallest to largest.

. Once n points have been sorted, they are input into the modified DBSCAN algorithm.
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6. 2 structurally identical modified DBSCAN algorithms respectively find the number of
argument and magnitude clusters.

7. The datapaths recombine, the number of argument and magnitude clusters are used as
features for classification with the MLP.

8. The MLP outputs a classification result of which modulation scheme the input signal
is most likely to be.

This process can be seen visually in figure 4.14, particular focus is given to how the dataset
changes in each stage of the algorithm.

Following this explanation of the system structure, the mechanism of how this AMC sys-
tem operates has been fully outlined in an algorithmic context. The following chapter details
how the algorithm can be efficiently implemented on an FPGA, the implementation is fully
pipelined to minimise latency and make the design suitable for operation with a real-time
input. There are also 3 reconfigurable parameters which have not been discussed in this
chapter, these are the size of the dataset which is used to generate features n, as well as
the 2 DBSCAN hyperparameters € and minPts. All 3 of these parameters are intrinsically
linked to each other and the overall performance of the system. The optimisation of these
parameters is complex and new methods have been developed to ensure that optimal param-
eter values are selected. Chapter 6 is entirely dedicated to the optimisation methods of these
hyperparameters.
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Chapter 5

The DBMC/DBSNR Hardware
Implementation

The prior chapter has discussed the theoretical underpinning of the proposed modulation
classification and SNR estimation algorithm, this chapter details the methodology behind the
creation of the hardware implementation. This includes a structural overview of the complete
system as well as the code and settings required to realise the achieved implementation. A
GitHub repository is provided which includes the Verilog sources so the reader may examine
the implementation in more detail, this is available at https://github.com /billjgavin/DBMC-
DBSNR.

The creation of this system was completed using Vivado 2021.2 [105], the code for the
hardware was written in Verilog [106]. The target hardware platform was the Zedboard [107]
which features the Xilinx Zynq XC7Z020-CLG484 FPGA [108]. This target platform was
chosen due to providing a large enough array of programmable logic to enable the implemen-
tation of a system which matches the utilisation of the smallest state-of-the-art modulation
classification systems as well as being available through departmental infrastructure.

This chapter is structured as follows: An introduction to the system datapath is provided
alongside a discussion of the system’s structure, latency, and control mechanism. Then an
in depth exploration of each component module is presented and discussed, with design
decisions explained and utilisation statistics provided. Following this, a detailed overview
of the methods in which the system was created, tested, and verified is given including a
description of the methods which were employed to use the system to obtain the results which
are provided in Chapters 7 and 8. Finally a comparison between the proposed implementation
and those found in the literature is made and discussed. Following this chapter the reader
should have a thorough understanding of the structure and operation of the proposed system
as well as the methods with which it was verified and tested.

5.1 System Overview and Structure

The aim of the work proposed in this thesis is to achieve the creation of a low-power, low-area,
and low-latency modulation classifier and SNR estimator which also achieves competitive
accuracy in comparison to works found in the literature. Another principal requirement of
the proposed system was to facilitate operation on a stream of data with as small a latency

99
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as possible, thereby enabling rapid feedback and continuous monitoring in a CR scenario.

5.1.1 Full System Datapath

The datapath of the system can be seen in Figure 5.1.

S S I

Data In MLP ]—)[ Classification ]
Q ]—4{ Arg H Sort H DEi;AN

Figure 5.1: The DBMC/DBSNR Full System Diagram

The system datapath may be seen as having 3 functional blocks, the first is a CORDIC
module which performs the required rectangular to polar conversion as discussed in Chapter
4. The second is the sorting algorithm and modified 1D DBSCAN, this block could be seen
as two disparate elements but their implementation and operation is intricately designed to
support each other. The final functional block is the MLP which performs either regression or
classification on the outputs of the DBSCAN algorithm. Not pictured in the system diagram
is the control logic, the control module lies within the sorting algorithm logic which was found
to be a requirement to eliminate synchronisation errors, this design decision will be expanded
upon in Section 5.3.

An overview of the path data takes through the system as well as the representation
is as follows: Pairs of 14-bit I and Q values with a Q4.10 fixed-point representation are
input to the system every clock cycle. They enter the CORDIC functional block which
utilises a 15-bit datapath with a Q5.10 representation to account for overflow, the exception
being the argument calculations which are performed with 19-bit Q10.9 fixed-point precision.
The CORDIC module has a latency of 14 clock cycles and outputs a pair of magnitude
and argument datums every cycle owing to the pipelined implementation. Both CORDIC
outputs are truncated to unsigned 10-bit precision, the magnitude data has a Q2.8 fixed-point
precision whereas the argument data has a Q9.1 precision. From here the datapath splits into
two parallel paths which are structurally identical, each path processes either the magnitude
or argument data. Each path consists of a sorting block followed by a DBSCAN module,
there is therefore 2 of each of these modules within the complete system. As previously
mentioned, the sorting and DBSCAN modules are designed to intricately support each other
and each operate in cycles of n, where n equals the dataset size. Prior to the sorting unit there
are n/10 buffer registers to reduce fanout which introduce a cycle of latency. Each sorting
unit sorts batches of n datums as they exit from the CORDIC module which is performed
in n clock cycles, therefore as the nth datum enters the sorting module a size n batch of
data is sorted. Following this a batch is output serially to DBSCAN and sorting of a new
batch begins. DBSCAN accepts a new datum every clock cycle as it is serially output from
the sorting block, it iteratively takes the difference between two local values and compares
with a user-defined ¢ value. Following n — 1 difference operations being performed by each
DBSCAN module the number of clusters within the argument and magnitude batches has
been found, these 10-bit results are then loaded into the MLP as 24-bit signed Q17.7 fixed-
point values. The MLP is the final stage of the datapath, as suggested by the input data
precision it features a 24-bit datapath, weight and bias values are stored as 16-bit values with
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Q9.7 fixed-point precision to reduce utilisation requirements. The MLP itself requires 5 clock
cycles to execute with the first cycle required to load new values, and a single clock cycle to
compute the multiplications or sums of both the hidden and output layers. Following these
5 clock cycles the regression result becomes available, the value of the Oth output node is
taken as the regression result. The classification result requires an ARGMAX function to
iteratively compare the output node values to find the largest, which takes a further C' clock
cycles, where C is equal to the number of output nodes.

The system operates with a maximum clock frequency of 142.86MHz, equivalent to a
Tns time period. This latency was found to be the maximum operating frequency due to
limitations imposed by the structure of the sorting unit, the reasons for this limitation are
outlined in Section 5.3.

5.1.2 Datapath Latency and Throughput

The latency of the system may be defined according to multiple definitions. These are:

e The time taken from when the first datum pair of a batch enters the system to when a
classification result is obtained.

e The time taken from when the first datum pair of a batch enters the system to when a
regression result is obtained.

e The time taken from when the final datum pair of a batch enters the system to when
a classification result is obtained.

e The time taken from when the final datum pair of a batch enters the system to when
a regression result is obtained.

To illustrate the reasons for each definition the initialisation routine may be analysed.
Upon initialisation the CORDIC module begins performing rotations, taking 14 cycles from
input to output, after 2 further cycles the rotated pair to enter their respective sorting unit. A
further n cycles are required to fill the sorting unit, another n cycles are required to perform
DBSCAN on the sorted dataset. Finally, the MLP requires 5 cycles to load data and execute,
resulting in a total of 14 +2 4+ n 4+ n + 5 cycles or 2n + 21, this is the initialisation latency
before a regression result is obtained, to obtain a classification result the ARGMAX function
must be accounted for which necessitates a further C cycles of latency, providing 2n+ 21+ C
cycles.

However, the systems from the literature with which the proposed system will be com-
pared against are not designed to operate on a datastream, as such their latency calculations
assume that a batch of data is at the input, preprocessed, and ready for classification [18,39].
While the proposed system is technically operating from when the first input pair of a batch
arrives, this is a required waiting period which is ignored in the latency calculations of other
systems. To provide a more informed comparison later in this chapter, the latency of the
system will be calculated according to when the final datum of a batch arrives at the input to
the CORDIC unit, therefore a total of n + 21 for regression and n + 21 + C for classification.

Due to the pipelined datapath, apart from the MLP each module is continuously operat-
ing. So while the latency of the initialisation routine is a maximum of 2n + 21 + C, once a
result is obtained, a new result is obtained every n cycles. Given a clock period of 7ns the



CHAPTER 5. THE DBMC/DBSNR HARDWARE IMPLEMENTATION 102

system provides a classification or regression result every 7us with a dataset size of n = 1000,
therefore resulting in 142,857 classification or regression operations per second, and providing
the potential to process 143 million I/Q pairs per second. Given that a 5G NR system has a
nominal sample rate of the baseband signal of 122.88 Mega samples per second (MSPS) [109],
the throughput of the proposed system would be capable of handling such rates with a 16%
overhead, the clock period could therefore be increased to 8ns to allow for the relaxation of
design constraints in such a scenario.

5.1.3 System Control

Now that the datapath has been detailed, the control may be explained, Figure 5.2 shows the
elaborated design, of particular interest to this section is the SR_chain_control module which
acts as the control unit for the entire system, it began as the control unit for the sorting
modules but was later expanded to control all modules. It is placed inside the larger sorting
module for placement within the same pblock as the n 4+ 1 bit enable signal is sensitive to
signal delays.

Figure 5.2 shows that 3 control signals are output from the control unit, MLP_en, enable,
and final, which control the MLP, the sorting chains, and the DBSCAN modules respectively.
Recall that the sorting and DBSCAN modules operate in cycles of n clock cycles, as such
within the control unit there is a 10-bit counter which counts to n, after n cycles it resets
to a value of 1. The three output control signals have their value governed by the current
value of this counter. The final control signal is set to a value of 1 when the counter value is
equal to n, it signals that 999 difference operations have taken place and to output the final
result. The MLP_en signal is active between a counter value of 1 and 23, it signals that the
DBSCAN outputs are ready and that the MLP should commence operation. The n + 1-bit
enable signal manages the ratio of registers within the sorting modules which are currently
outputting data to the DBSCAN modules or sorting the next batch, how this exactly relates
the sorting logic will be explained further in Section 5.3. The enable signal is structured
in such a way that it is a string of consecutive Os and 1s, for instance take a 9-bit enable
signal for an n = 8 sorting module, on a counter value of 1 the signal will be 011111111, at
2 001111111, this continues until the counter value is equal to n where the control signal is
000000000, signifying that all the sorting registers are actively sorting. The ratio of 0 to 1
governs the ratio of sorting module registers actively sorting or outputting a previous batch.
Care must be taken to ensure that only a single bit of this control signal changes per clock
cycle, actively setting each bit every clock cycle led to timing errors.

A pseudo control signal is determined by a second counter within the control unit, upon
initialisation this counter counts to 14 before enabling the main counter to begin incrementing,
this is to allow for the CORDIC unit to flush with input data before sorting begins.

A minor inefficiency is that the DBSCAN enable signal is governed by the input Start
signal, this signal is always set to 1, therefore DBSCAN is always operating. This means
that for n+ 15 clock cycles following the first input pair it is needlessly switching, over a long
execution this inefficiency is minimal but could be optimised if desired.

The broad structure, datapath flow, and control of the overall system has now been
demonstrated. The following subsections will explore the design of each component module
in greater detail, providing explanations of the decisions which govern the structure of each
module in addition to the implementation statistics. Following this, the implementation and
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verification strategy of the proposed system is given within the context of the requirements
of each module and the system as a whole.

5.2 The CORDIC Module

The importance of converting I/Q values into their argument and absolute value form was
made clear in Chapter 4. Converting I/Q data to the absolute and argument form can be
done with the Equations 5.1 and 5.2:

A=I?+ Q? (5.1)

¢ = atan2(Q, I) (5.2)

It was explained in Section 4.3 that the issue with performing both computations above is that
they involve operations which are costly in terms of the number of clock cycles required. The
square root and atan2 operations are generally both individually executed using the CORDIC
algorithm, an iterative algorithm which results in an approximation of the desired result.
Rather than performing both operations with separate CORDIC units it is possible to convert
2 rectangular inputs to their polar representation with a single CORDIC implementation, a
detailed explanation of this process from an algorithmic perspective may be found in Section
4.3.

5.2.1 Rectangular to Polar Conversion with CORDIC

It was crucial that the CORDIC algorithm was implemented in such a way that the data
path pipeline was maintained, therefore an unrolled structure was required. It is designed
to accept 14-bit I and Q values as this is the typical precision at which an ADC digitises
5G signals in modern communication systems [110]. The CORDIC datapath operates with
15-bit precision to account for overflow however the separate phase calculations use 19-bit
precision. It outputs truncated unsigned 10-bit values as the subsequent system datapath
demands. Before the data enters the CORDIC logic, the first bit of the I and Q values is
checked for a sign. The clockwise pre-rotation is applied the I/Q pair to ensure that the I/Q
vector lies within the required £45° for the CORDIC algorithm to operate. The rotated I
and Q values along with the pre-rotation angle then enter the CORDIC system proper, the
first CORDIC stage is incorporated into this pre-rotation step to save a clock cycle.

A diagram of the CORDIC implementation can be seen in Figure 5.3. The CORDIC
structure can feature up to N pipelined stages, each stage consists of 3 adders and 2 shift
registers. The I value is assigned to X, the Q value to Y. The sign of the Y value determines
the direction of rotation by putting the adders in add or subtract mode. In each stage the Z
value has a pre-determined rotation argument added to or subtracted from the total rotation.
Following the completion of N stages the X value will hold the pre-adjusted magnitude, the
Y value should be 0, and the Z value will be the argument. Finally, the magnitude held in X
will have its value adjusted using a LUT to compensate for the growth which occurred during
the CORDIC operation. k cycles are generally required to achieve k bits of precision [92],
however as the output values are truncated it was found that performing the 12 CORDIC
iterations and then truncating allows for minimal error in the output values.
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5.2.2 Rectangular to Polar Conversion with CORDIC Implementation Statis-
tics

The CORDIC implementation of the rectangular to polar converter is fully unrolled and
can process a continuous stream of data as required by the rest of the system. The Worst
Negative Slack (WNS) was found to be 1.388ns and the Worst Hold Slack (WHS) was 0.091.
The latency of the design is 14 clock cycles, the first cycle loads the input I/Q pair, the
second performs the sign checking, pre-rotation, and initial CORDIC stage, 11 cycles then
perform each further CORDIC iteration, the final cycle performs the magnitude scaling with
DSP and truncates the ouputs to 10-bit precision.

The dynamic power consumption of the CORDIC implementation uses a total of 52mW,
a full breakdown is shown in Table 5.1.

Table 5.1: Dynamic Power Consumption of the CORDIC Functional Block

Clocks Signals Logic DSP Total

Power (mW) 4 36 11 1 52
Percentage % 7.7 69.2 21.2 1.9 100

The utilisation of the CORDIC implementation is shown in Table 5.2.

Table 5.2: FPGA Resource Utilization of the CORDIC Functional Block

Element LUTs FFs DSPs Slices

Number 586 575 1 194
% of total 1.1 0.54 0.45 1.46
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5.3 Real-Time Sorting Unit Implementation

The optimisations provided to DBSCAN by utilising 1D data were discussed in Section 4.2.
It was explained that 1D data can be sorted by magnitude to allow for DBSCAN to execute
with a computational complexity of O(n). Although a reduction in DBSCAN execution time
may be achieved, an additional step of having to sort the dataset is introduced, for a total
reduction in computational complexity to be realised across the entire system the data must
be sorted in an efficient manner. While most common software sorting algorithms are designed
to operate on an entire dataset at once and have a lower-bound computational complexity of
O(nlogn) [89], there exists hardware sorting algorithms capable of sorting a streaming input
with O(n) complexity. Bitonic sort [111] and merge sort [112] both see frequent use due to
their parallel structure enabling efficient sorting in hardware. However, for the purposes of
this system it was found that Bitonic sort was not suitable owing to the full dataset being
required to be available before sorting begins, merge sort also has an initialisation latency
making it unsuitable for this task where sorting must begin as the first datapoint arrives.
Thus it was decided to develop a bespoke algorithm which offers guaranteed O(n) complexity
as well as requiring O(n) resources. To the best of the author’s knowledge this is a novel
sorting implementation.

5.3.1 Sorting Algorithm Implementation Structure and Operation

In Figure 5.4 a block diagram of the sorting system is shown. The system consists of a
chain of n 10-bit registers each connected to the input via a comparator, n being the number
of datapoints which DBSCAN will execute upon. The system can be as large as required,
although a maximum of 1000 was used in this work. The system accepts a single datum on
the left-hand side as the input. If it is the first datum to enter the system, it is stored in
SR — 1. For all data points other than the first, the stored value in each shift register is
compared to the input via its respective comparator. Should the input datum be larger than
the value stored in a shift register, the value stored in a register will move down 1 place in
the chain. If the value in the shift register is larger than that of the input datum, the shift
register’s value remains unchanged. This system leads to all values which are smaller than
the input datum shifting down 1 position, leaving a gap for the input value to be stored.
Repeating this process n times leads to an array of sorted values. The process of placing
an incoming input value into the correct shift register can be seen visually in Figure 5.5. In
Figure 5.5 an input value of “1111111001” is required to be sorted, this value is represented
by blue. Each comparator outputs a control signal of 0 or 1 to its connected shift register,
if this signal is 0 (represented by green in the diagram) no action is taken, if the signal is
1 (represented by red in the diagram) the currently stored value shifts down the chain into
the next shift register. The control logic for each shift register has access to the comparator
result above it in the chain as well as its own, if the output value of the above comparator is
0 and its own value is 1 then it stores the input datum.

As DBSCAN requires all n datapoints to be available before execution can begin, this
sorting algorithm essentially requires 0 clock cycles due to it operating during a required
waiting period. When the sorting algorithm module is reconfigured to accommodate larger
datasets the number of comparators and registers as well as the number of clock cycles for
operation is increased to the required dataset size.
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5.3.2 Sorting Algorithm Serial Output

Following n datapoints being sorted, they are serially loaded into the DBSCAN module.
Registers at the top of the chain then begin to sort another dataset, as more datapoints
of a prior dataset leave the system more registers are freed-up to enable the storage of the
next dataset. This functionality is controlled by the control unit which ensures that only x
registers are available for new data to be loaded x cycles into a new sorting operation. The
n + 1-bit enable signal which is output from the control unit informs each shift register in
the shift register chain of the expected behaviour for that clock cycle. Each shift register has
access to 2-bits of this enable signal, a received value of 00 indicates normal behaviour as
previously described, a value of 11 indicates that the shift register should only load the value
stored in the above registers, this behaviour is required to serially output a sorted sequence
to the DBSCAN module. A value of 10 is an edge case which signals that the register should
load the input value if the value held in the above register is larger than the input value or
load the above value if it is not, the currently held value’s relationship to the input value is
ignored as the register currently holds the largest value from a previous sorting operation.
Figure 5.6 visually demonstrates this process. This mechanism allows for the sorting modules
to operate as both a sorting module and a storage array, without this method another 2n
10-bit registers would be required, resulting in nearly a doubling of the FF' utilisation.

9-Bit Enable = 000011111

Key Comparator T T
00 Sort Next Batch ¢
Sort Nex! Baich - s ComearEor L, SR2 — o
Ignore Currently Held
value )
lIl Load Above Value N COmDJa’a‘W I SR-3 «— 0
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Figure 5.6: How the Enable Control Signal Determines Register Functionality
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5.3.3 Sorting Algorithm Implementation Statistics

The sorting algorithm passes timing checks at the target 142.86MHz clock frequency with
a setup WNS of 0.334ns and a hold WNS of 0.060ns in the 1000 dataset size configuration.
The paths with the smallest WNS are the paths through the combinatorial comparator logic.
A pipeline step of input buffer registers was created to limit fanout, it was found that 1
level of n/10 registers was required for an n point configuration. Ultimately meeting timing
requirements with this module necessitated a clock frequency reduction to 142.86MHz from
the target 200MHz. The latency savings by the utilisation of this design were deemed to
be advantageous over implementing a more traditional sorting algorithm at a higher clock
frequency due to maintaining an O(n) computational complexity and the pipelined datapath.

The dynamic power consumption of the sorting algorithm in a 50, 250, 500, and 1000
datapoint configuration is shown in Table 5.3. The overview of the FPGA elements required
for these datapoint configuration is also shown in Table 5.4.

Table 5.3: Dynamic Power Consumption (mW) of the Sorting Unit for Various

Configurations
Clocks Signals Logic DSP Total
Power 50 (mW) 4 9 9 0 13
Power 250 (mW) 18 42 62 0 123
Power 500 (mW) 35 85 125 0 245
Power 1000 (mW) 70 171 249 0 490

Table 5.4: Sorting Unit FPGA Resource Utilization for Various Configurations

Resource LUTs FFs DSPs Slices
Number - 50 804 550 0 592
Number - 250 4020 2750 0 1361
Number - 500 8068 5500 0 2712
Number - 1000 16128 11000 0 5409

The sorting unit is the only datapath module in the system which increases in size when the
system is modified to accept larger datasets, while 4 different configurations are discussed in
this section, any number of dataset sizes can be accommodated as long as there are sufficient
available slices on the FPGA. In both tables it can be seen that the power consumption scales
with the increase in the required elements to realise the design. When considering the 50-point
configuration, the implementation size and power consumption values are roughly equivalent
to the values seen in other modules in the system. However, for larger configurations this
module becomes the most power consuming and largest in terms of chip utilisation of any
module in the system, this is further compounded by the fact that 2 sorting units are required
to realise the complete DBSCAN modulation classification system. Therefore, it is advisable
to engineers who wish to use the DBSCAN classifier to tailor the size of the dataset to
the modulation schemes which they are expecting to classify as doing so will provide a
classification system which is as quick and efficient as possible, details about how the dataset
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size impacts classification accuracy are provided in Chapter 6. The next Section will discuss
the DBSCAN clustering module which lies immediately after the sorting units in the complete
classification system.

5.4 Modified DBSCAN Algorithm Implementation

The modified DBSCAN algorithm is the key component of this classification system as it
is the mechanism by which the features for classification are generated. The algorithmic
development of this modified clustering algorithm is detailed in Section 4.2. The following
section will discuss the implementation and operation of the algorithm in detail as well as
the specific changes to made to the algorithm to optimise for throughput, implementation
size, memory requirements, and power consumption.

5.4.1 Operation of the Modified DBSCAN Algorithm

The block diagram for the hardware implementation of the 1D DBSCAN algorithm can be
seen in Figure 5.7.

£ minPts
Data input

serially
from ——> Datum N-1
sorting Cluster Output

block 1 Subfract | —— Comparator —Point Counter — Comparator |— Counter —> o MLP

Datum N

!

Data
Deleted

Figure 5.7: The Block Diagram of the Proposed Modified DBSCAN Algorithm’s
FPGA Implementation

It can be seen from Figure 5.7 that the modified 1D DBSCAN algorithm has been efficiently
implemented with 2 10-bit registers to hold each data point, a 10-bit full adder for subtraction,
2 10-bit registers to hold PointCount as well as ClusterCount, 2 10-bit comparators, and 2
10-bit LUTs to hold the € and minPts values.

The dataset which is input to the DBSCAN block has been pre-sorted, therefore there is no
hardware required to execute a rangeQuery function other than taking the difference between
2 points which lie adjacent in the dataset. Unlike traditional DBSCAN implementations, the
constellation points are not required to be labelled as part of a cluster, only the total number
of clusters is required to achieve modulation classification. This allows for saving in the total
memory space required as only the maximum label value is required to be stored, rather than
labels for every datum. Furthermore, once the difference between a datapoint’s neighbours
has been found it is no longer required to be stored, it is therefore discarded to reduce
utilisation requirements.

This DBSCAN implementation always requires n clock cycles to produce a result, where
n is the number of points in the dataset. At a clock frequency of 142.86MHz with a 50-point
dataset this results in a latency of 364ns. No hardware modifications are required to realise
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an implementation capable of accommodating datasets larger or smaller than 50, other than
operating the algorithm for a number of clock cycles equal to the dataset size n.

5.4.2 Modified DBSCAN Implementation Statistics

The DBSCAN module passed timing with a setup WNS of 1.259ns and hold WNS of 0.184ns
at a clock frequency of 142.86MHz. The total dynamic consumption of the DBSCAN module
is only 3mW, the lowest of any module in the system. A complete breakdown is shown in
Table 5.5.

Table 5.5: Dynamic Power Consumption of the Modified DBSCAN Algorithm

Clocks Signals Logic DSP Total

Power (mW) 1 1 1 0 3
% of Total 33.33 33.33  33.33 0 100

The low power consumption is testament to the degree of optimisation of the implementation.
An FPGA implementation of the traditional DBSCAN [113] exhibited a power consumption
of 570mW in its lowest power configuration.

A breakdown of the FPGA elements utilised by this design is shown in Table 5.6.

Table 5.6: FPGA Resource Utilization of the Modified DBSCAN Algorithm

Resource LUTs FFs DSPs Slices

Number 54 60 0 28
Percentage 0.10 0.06 0 0.21

Similarly to the power consumption, the optimisations resulted in a very small implemen-
tation, the smallest of any module in this system. In comparison to an implementation
by S. Shi et al. [114], their implementation of a parallelised DBSCAN utilised 30300 slices
of a Virtex-7 FPGA, the 2 DBSCAN and sorting blocks in this thesis utilise 10874 in the
n = 1000 configuration. It is hard to draw an exact comparison as both implementations
were tested on different hardware but the 64.1% reduction in slices required should illustrate
the effectiveness of the optimisations made to DBSCAN in this thesis.

5.5 MLP Implementation

The final stage of the classification and regression system is an MLP. This ML subsystem
accepts 2 inputs which are the number of different argument and magnitude clusters and
outputs a classification of the most likely modulation scheme or a regression result which
is the signal SNR. Other than the sorting unit, the MLP is the largest and most power
consuming part of the complete system but following a review of all available technologies it
was found to provide the best accuracy to implementation cost ratio. The process of model
selection may be found in Section 4.4.
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5.5.1 MLP Structure

The implemented MLP consists of 3 layers, the input layer features 2 nodes for both inputs,
the hidden layer has 3, the output layer requires C' nodes where C' is the number of different
modulation schemes included in the training set. Its structure can be seen in Figure 5.8.

Input Hidden Output
layer layer layer

Yq
X4 Y2
Xz YS
Yn

Figure 5.8: The Structure of the MLP Classifier Implemented in the Proposed
System

The value of the number of different arguments and magnitudes enter the MLP on the
left, denoted by X; and Xs. These values flow through the model, undergoing successive
operations at each node until a result is reached, the classification result is determined by the
largest value of the output nodes Y7 to Y,,. At each node the operation to achieve an output
is as follows. Each input to a node is multiplied by a weight, the products of each node input
and their respective weights are summed with an additional bias weight to produce a nodes
output, as shown in Equation 5.3.

h; = ReLU(wo,i x Xo + wy,; X X1+ bz) (5.3)

The outputs of the hidden nodes are applied to a ReLLU function. To reduce system imple-
mentation size, the training of the weights and biases was performed with PyTorch 2.0 [100]
using nn.linear [101]. The learned weight and bias values were exported to a .CSV file and
saved to the FPGA in a LUT. Weights and biases were trained assuming quantised values of
16-bit fixed point precision and then implemented as such. While the 2 input features were
10-bit values, the data path of this module was raised to 16-bits to account for the higher
precision weights and biases. The choice of 16-bit precision lead to a significant reduction in
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the implementation size of the MLP in comparison to using larger unquantised values, there
was no loss of accuracy observed.

5.5.2 MLP Operation

The MLP is controlled by a state machine which consists of 7 states, Figure 5.9 displays a state
machine diagram showing the transitions between states. The default state is IDLE. Upon
receiving an MLP_en control signal the state switches to COMPUTE_HIDDEN_MUL which
signals the inputs to be multiplied by the hidden layer weights and triggers the next state.
The second state is COMPUTE_HIDDEN_SUM which sums the resulting products of the
inputs and hidden layer weights with a bias and applies the ReLLU function. The third state
COMPUTE_OUTPUT_MUL finds the products of the hidden node outputs and the output
layer weights. The fourth and final MLP state is COMPUTE_-OUTPUT_SUM which sums
the obtained products with the appropriate biases, no activation function is applied. Each
of these states requires only a clock cycle to execute. The ARGMAX state is the only state
which requires more than a single clock cycle to operate, its operation is explained in detail
in the following subsection. Following the completion of ARGMAX, the state transitions to
DONE which asserts a 1-bit DONE signal, the classification result is output, and the state
transitions back to IDLE.

MLP Operation

! _ COMPUTE COMPUTE COMPUTE COMPUTE
Defaut: IDLE MLP_en =1 _HIDDEN_MUL _HIDDEN_SUM _OUTPUT_MUL _OUTPUT_SUM ARGHAX DONE ‘

Figure 5.9: MLP State Machine Diagram

5.5.3 MLP ARGMAX Output

The index of the largest value of the outputs from the output layer is taken as the classification
result. To determine the index of the largest value of the MLP outputs, all C' outputs are
iteratively compared with a single 24-bit comparator. The hardware structure to perform
this iterative comparison may be seen in Figure 5.10. On the first of C' clock cycles the
value of Y] is compared with 0 to load its value into the Maz Value Register, the Max Value
Index Register then loads the value held in the counter which is 1. With each clock cycle the
value held in Max Value Register is compared with value stored in Y., where z is equal to
the clock cycle number. The largest value found by each comparison is stored in Max Value
Register. If a change in the value held in Max Value Register occurs, then Max Value Index
Register is updated with the current counter value. After C' clock cycles the value held in
Mazx Value Index Register is equal to the index of the maximum value, it is then output as
the classification result.

This ARGMAX implementation imposes a latency of C' clock cycles on the overall system
latency, therefore if C' is set to 17 then 17 additional clock cycles would be required. This
latency could be reduced to a worst case of 5 cycles for a C' = 17 scenario by performing the
comparisons with an array of comparators in a tree configuration, but this would necessitate
a larger implementation size. As the rest of the system is structured in such a way that
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minimises implementation size, this linear search algorithm was implemented in the manner
which results in the smallest possible utilisation.

Counter1to C

}

.| Max Value Index
Register

Index of Largest
I— % Value Taken as
Classification
Result

h

16-bit Comparator » Max Value Register

h 4

Figure 5.10: The Structure of the MLP Linear Search Output

The output of the Oth node is taken as the regression result, therefore the operation of
ARGMAX is not required for SNR estimation.

5.5.4 MLP Classifier Implementation Statistics

The MLP and linear search algorithm was found to have a setup WNS of 0.451ns and a hold
WNS of 0.187ns at a clock frequency of 142.86MHz. The latency of the design scales with the
number of classes C due to the linear search ARGMAX algorithm requiring C' iterations. The
MLP itself required 5 clock cycles in total. Therefore the total latency of the entire functional
block was found to be C' + 5 cycles for classification or simply 5 cycles for regression.

As the number of output nodes must be scaled to accommodate the number of classes
C, the implementation statistics are provided for 3 configurations, the value of C for each
configuration is 4, 10, and 17. These configurations respectively represent the smallest con-
figuration, an intermediate configuration, and the largest configuration which was utilised
for testing, there were various other configurations utilised for testing but rather than listing
each possible variation, it was decided to provide a maximum, minimum, and intermedi-
ate configuration to provide a measure of each extreme and how the utilisation grows with
increasing numbers of classes.

The number of each FPGA resources used by each configuration can be seen in Table 5.7.
In comparison to the CORDIC module the MLP is similarly sized, particularly in the C' = 17
configuration. Despite the increases in utilisation which are required for increasing values of
C, the utilisation is still dwarfed by the implementation size of the sorting unit, meaning that
increases in C' should not provide a significant difference in total utilisation. The relationship
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Table 5.7: FPGA Resource Utilization for Various MLP Configurations

Configuration LUTs FFs DSPs Slices

C=17 Raw 1034 571 47 335
C=17% 1.94 0.54 21.36 2.52
C=10 Raw 732 429 33 227
C=10 % 1.38 0.40 15.00 1.71
C=4 Raw 264 166 11 121
C=4% 0.49 0.15 5.0 0.91

between C and the utilisation required for LUTSs, registers, DSP, and slices scales as C
increases. Kach incremental value of C' approximately increases required number of LUTs
by 20, registers by 17, DSPs by 2.15, and slices by 11. There is optimisation room available
without sacrificing any latency, as the DSP slices for the hidden layer multiplications are not
operating during the output layer multiplications and vice versa, the same DSP blocks could
be reused for both layers without a latency penalty but would incur a slight penalty to the
number of slices due to additional logic requirements.

The dynamic power consumption breakdown for each MLP configuration is shown in
Table 5.8.

Table 5.8: Dyanmic Power Consumption Analysis for Various MLP Configura-

tions
Configuration Clocks Signals Logic DSP Total
C=17 Power (mW) 4 29 21 64 118
C=17 % of Total 3.4 24.6 17.8  54.2 100
C=10 Power (mW) 3 17 16 43 7
C=10 % of Total 3.9 22.1 20.8 558 100
C=4 Power (mW) 2 8 7 21 38
C=4 % of Total 5.3 21.1 184  55.3 100

Similarly to the number of resources used, the DSP power consumption is responsible for
most of the total power consumption. In general, the power consumption for the signals and
logic also increases linearly with C.

5.6 System Control Utilisation

Tables 5.9 and 5.10 respectively show the power consumption and resource utilisation of the
proposed control unit in the n = 1000 configuration.

Figures 5.9 and 5.10 show that the control unit is the second largest module in terms of
FF and LUT utilisation. This is to be expected as the major role of this module is controlling
the highly complex sorting unit. Despite the large size it consumes less power than the MLP
as well as a similar amount to the CORDIC module.
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Table 5.9: Dynamic Power Consumption of the Control Unit

Clocks Signals Logic DSP Total

Power (mW) 7 16 8 0 31
% of Total 22.6 51.6 25.8 0 100

Table 5.10: FPGA Resource Utilization of the Control Unit

Resource LUTs FFs DSPs Slices

Number 1053 1041 0 413
Percentage 1.98 0.98 0 3.11

5.7 System Implementation, Vivado Settings, and Constraints

The proposed system passed timing checks with a 7ns clock period. To achieve this goal con-
siderable optimisation has been performed. This section details the implementation strategy
which is required to achieve timing closure and therefore predictable operation. To reiterate,
the design was created with Vivado 2021.2 [105] and the target platform was the XC7Z020-
CLG484-1 [108].

To begin, the module which ultimately led to the clock period being set to 7ns was the
sorting units. There are numerous paths in this unit which require careful optimisation.
Firstly, the path from the sorting unit input through the comparators to the registers them-
selves naturally has a large delay. Numerous constraints were utilised to ensure that this
path remained within the required 7ns. Firstly the set_maz_delay command was utilised to
ensure that the delay paths from the input to the comparators and from the comparators
to the registers was within 2ns, furthermore, the delay through the paths from the registers
through the comparators and back to the registers was set to a maximum of 2.4ns. Secondly,
the set_property LOC_FIXED TRUE command was employed to ensure that the comparators
were always locally close to their attached registers. Thirdly, a high critical path and per-
formance priority was given to these paths to ensure that the synthesis and implementation
tools prioritised these paths. Finally, both sorting units and the associated control unit were
placed in one pblock to further ensure that the implemented elements were locally close. This
was particularly important for the n + 1-bit enable signal which also imposed timing issues
due to it changing every clock cycle, should a value not update in time then an entire sorting
operation became invalid.

The remaining modules were far less difficult to optimise and therefore required signifi-
cantly less demanding constraints. The DBSCAN path from the two data registers through
the full-adder and comparison with € as well as the initial CORDIC sign check and pre-
rotation presented some difficulties, but placing each of these modules within their own
pblock solved any timing closure issues. All modules bar the MLP therefore are constrained
within pblocks, it was decided to allow the Vivado tools to place the MLP logic anywhere to
relax the constraints somewhat. Despite these optimisation the reset signal could not meet
the timing requirements, therefore the set_false_path command was used to ignore these paths
from timing checks. The reset signal failing timing checks is not an issue as it is not a part
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of normal datapath operation.

The Vivado synthesis strategy was set to default whereas the implementation strategy was

set to Performance_Ezxplore WithRemap to allow the tools to explore various implementations.

Figure 5.11 shows the resulting implementation for an n = 1000 configuration, notice how the
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5.8 Implementation Verification and Testing

This section details the steps taken to create, verify, and test the system. Each step is
explained and justified.

5.8.1 System Development

The creation of the system was performed in stages, each individual module was developed
separately. The sorting module and accompanying DBSCAN module were co-designed. Next
was the MLP, which initially featured a 64-bit datapath, weights, and bias values. Over
many iterations the MLP was optimised to the current implementation, functionality to
easily modify the number of hidden and output nodes was also added. The final module
which was developed was the CORDIC functional block. Each module was independently
verified, first with behavioural simulations and then post-implementation timing simulations.
To perform these verification checks .csv files were created which provided input test vectors
taken from the signals utilised to test and train the system and expected output values taken
from a MATLAB prototype system.

The hardware system was then combined step by step, first by combining the sorting,
DBSCAN, and MLP, then finally the CORDIC module. After each step the functionality was
confirmed with behavioural and timing simulations. The final system verification steps were
again performed using first behavioural and then post-implementation timing simulations.
Again, .csv files were utilised to apply input test vectors and check the resulting outputs
against the expected values. I/Q input values were drawn from the range of SNR and
modulation scheme combinations utilised to obtain the final results provided in Chapters
7 and 8, both classification and regression functionality was tested. It was found that the
obtained outputs matched what was expected in the vast majority of cases, the exceptions
were when the input I/Q pairs were very close to 0. This only occurred when the constellation
diagrams were so noisy that the algorithm would be incapable extracting useful information,
in addition these cases were rare and did not contribute significantly to the classification
result due to being one example out of a large batch.

5.8.2 System Verification

It was initially attempted to verify the system in hardware by connecting the FPGA to a PC.
Directly interfacing with the FPGA from a PC was found to be unviable due to the input of
the system requiring 28-bits of data every 7ns, resulting in a 4Gb/s bandwidth requirement,
exceeding the rate of any link which was available. It was then attempted to batch load a
dataset into the DDR3 memory, this method required loading PetaLinux [115] on the board
processor and interfacing with it via custom scripts which required detailed knowledge of
Ethernet protocols. Extensive work was performed to realise this verification setup but after
countless hours of errors it was decided that dedicating more effort to this task was not a
valuable use of time as this was not within the scope of the research. Two choices remained,
either operate the system at a lower clock frequency and use a simpler streaming input via
the USB OTG connection or directly load data via Verilog BRAM initialisation. Ultimately
it was decided that the second option was preferable as operating at a lower clock frequency
did not verify that the system could operate at the stated 142.86MHz frequency.
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The implemented design was therefore verified on the target FPGA by initialising the
FPGA BRAM with datasets of input I/Q values from a range of modulation scheme and
SNR combinations, the expected outputs were stored in a LUT. The achieved outputs were
compared with the expected classification results in the LUTSs, an onboard LED was used to
see if the expected outputs matched what was obtained, an example is shown in Figure 5.12. It
was found that the results achieved by the programmed device exactly matched the achieved
results in behavioural and timing simulations. Mixed Clock Mode Manager (MMCM) was
utilised to generate the required clock frequency. It is unfortunate that a PC to FPGA
interface was not achieved but the BRAM and LED method ultimately does verify that the
proposed design operates as expected at the target clock frequency when implemented in
hardware.
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Figure 5.12: The FPGA Verification Setup With Start Enabled by Switch F22
and LED T22 Indicating that no Unexpected Results Were Obtained

5.8.3 System Testing Process

Once it had been verified that the system achieved identical results across behavioural and
timing simulations as well as in hardware, testing was performed to obtain the accuracy
results. As 149 separate tests were required to be performed, as well as each test requiring
an additional run to obtain training data from the DBSCAN module outputs, results were
obtained via behavioural simulations in Vivado to increase the rate at which tests could be
performed. Despite a PC to FPGA link not being established, testing the proposed system
via hardware implementation would have been impractical as new MLP weights needed to be
found for each test, therefore necessitating running 2 implementation operations per change
as well as programming the device for each change. The state-of-the-art system RUNet [39]



CHAPTER 5. THE DBMC/DBSNR HARDWARE IMPLEMENTATION 121

performed their testing in software simulations, demonstrating that while not ideal, this
strategy is commonplace.

5.9 Complete System Implementation Statistics

The implementation size of each component of the DBMC modulation classification system
has now been presented and discussed, the only remaining aspect of the hardware implemen-
tation to discuss is the utilisation of the system as a whole. As outlined throughout this
work, the purpose of the DBMC system is to classify modulation schemes with a smaller
FPGA utilisation, power consumption, and latency than the traditional deep learning-based
methods whilst maintaining a comparable or stronger accuracy.

Before the comparisons are presented, it must be mentioned that many of the works found
in the literature give no information about certain aspects of their system’s performance, for
instance some papers provide full statistics of the FPGA utilisation but neglect to mention
power consumption or latency, although it would be ideal for all reported work to provide
full statistics for their implementation, there are few examples of hardware implemented
modulation classifiers in the literature so the strongest of the examples which do exist are
included for a more complete comparison.

Another issue when comparing to other works is the absence of a standardised way of
reporting FPGA implementation statistics, power consumption of course is always given in
terms of Watts, but latency may be given in terms of clock cycles, delay in seconds, or
throughput. The latency statistics of this work are given in terms of latency in seconds and
conversions are made where required and possible. Additionally, conversions of the units are
also performed for works found in the literature when enough information is given to give
confidence in the accuracy of the conversion process, for instance, the information about the
clock period which the work operates at is required to convert to latency in seconds from
latency in clock cycles. The final issue with comparisons in terms of latency is that other
works may operate on pre-recorded batches of data rather than a real-time data stream such
as DBMC, half of the DBMC latency is waiting for the required amount of data to reach the
input, context will therefore be given in the cases where comparisons are made to systems
which operate on batches.

Implementation and synthesis settings in the Integrated Development Environment (IDE)
as well as constraints may also cause the toolchain to prioritise various factors such as latency,
timing, utilisation, and power consumption. Due to these differences across FPGA models
and IDEs introducing uncertainty, where implementation statistics are similar, the benefit of
the doubt will be given that the 2 works being compared are equal.

Finally, it was shown to be the case that classifying various numbers of different modula-
tion schemes necessitates changes to the MLP structure to accommodate this functionality,
it was also shown that for the most part the DSP utilisation is the statistic which sees the
greatest change when these modifications are made. As different dataset size configurations
are provided, and varying the dataset size has a significantly larger impact on the total util-
isation, in the interests of keeping the comparison easier to read and digest, the utilisation
statistics for each DBMC configuration will be provided using an MLP configuration which
is representative of the maximum number of modulation schemes which each system can

accommodate, for DBMC-50 this is 4, DBMC-250 and DBMC-500 have an MLP which can
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classify 10 modulation schemes, and the results for DBMC-1000 are obtained with the largest
MLP size of 17 classes. The reasoning behind the number of classes C' for each configuration
is made clear in Chapter 6. When the system is configured to operate as an SNR estimator
the MLP is configured as a regressor rather than a classifier, in this case the MLP structure
remains the same but the weight values to all but one of the output nodes are set to 0, the
maximum value finding ARGMAX is also not required, the output of the 1st MLP node is
taken as the estimated SNR.

5.9.1 Hardware Implementation Comparison

Table 5.11 presents the implementations statistics for all DBMC models alongside the best
performing works from the literature. Works which achieve the lowest value in each utilisation
category have their values bolded, in cases where a DBMC system achieves the lowest value
all DBMC systems which achieve values lower than the literature are bolded.

Table 5.11: Comparison of 4 DBMC Configurations with Hardware Implemen-
tations for AMC Algorithms from the Literature

Implementation FFs LUTs DSP RAM F(MHz) Power(W) Time(us) Hardware
Feature-Based DT[21] 16746 7933 180 14 100 - 15.79 XC77Z020-CLG484
RUNet[39] 21357 34563 0 40 7.5 ZCU111
QMCNet[39] 40476 61364 (0] 57 - ZCU111

Baseline CNNJ[39] 54483 85151 (0] 70 - - - ZCU111

TW-96 CNN|[17] 369000 232000 1207 524 250 - 8 ZCU111
TW-BA-128[17] 333000 234000 1408 523 250 - 8 ZCU111
TW-INCRA-128[17] 324000 211000 1407 512.2 250 - 8 ZCU111
MobileNetV3[18] 25800 31200 162 22 250 4.2 - ASIC
HISTO-SVM][20] 462 - - 6144 - — 20 Altera Cyclone II
DBMC-50 2135 2741 16 o) 142.86 0.125 0.525 XC72020-CLG484-1
DBMC-250 6883 9697 34 [} 142.86 0.368 1.967 XC7Z2020-CLG484-1
DBMC-500 12637 17904 34 [} 142.86 0.503 3.717 XC7Z020-CLG484-1
DBMC-1000 24297 34772 48 o) 142.86 1.188 7.252 XC7Z2020-CLG484-1

Beginning with the number of FFs, there is no DBMC configuration which achieves a smaller
number of FFs than HISTO-SVM, but HISTO-SVM is an outlier in this regard as it is more
reliant on RAM than FFs. Other than this outlier, the 3 smallest DBMC classifiers require
fewer FFs than any other work which could be found in the literature, DBMC-1000 requires
31.1% more FFs than the feature-based DT classifier, it is therefore a significantly larger
implementation in this regard. DBMC-1000 requires 1503 fewer FF's than the MobileNetV3
CNN [18] which is a small enough difference to be as a result of implementation settings.
DBMC-1000 also requires 12.1% more FFs than the RUNet CNN [39], indicating that the effi-
cient DBSCAN implementation has not enabled smaller FF utilisation than highly optimised
CNNs.

The DBMC-50 configuration requires the least number of LUTs of any hardware-based
classifier, the 3 largest implementations require more LUTs than the feature-based DT clas-
sifier but discounting this system they require fewer than any other system bar MobileNetV3
which requires 10.3% fewer LUT elements than DBMC-1000, again showing that the highly
optimised CNNs match the utilisation achieved by the proposed work.

RUNet, QMCNet, and the accompanying baseline CNN require no DSP slices for their
implementation, other than these systems all DBMC sizes require the least of any other
hardware implementation by a significant margin. The system which requires the next least
is once again MobileNetV3 which uses 162 which is a 237.5% increase compared to what
is required for DBMC-1000. The DT classifier requires a number of DSP slices which is
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similar to what is required by MobileNetV3, the ternary weight CNNs all require over 1000
DSP slices, which is 2 orders of magnitude greater than what is required by all DBMC
configurations.

The final utilisation statistic to compare is the RAM usage. All DBMC systems require
no RAM making them the only hardware implemented AMC system to do so. The feature-
based DT and MobileNetV3 each require a small amount of RAM but neither eliminate its
usage entirely, otherwise they are the systems which require the next least RAM. RUNet
also requires minimal amounts of RAM as it uses only 40 blocks. HISTO-SVM system
requires large amounts of RAM, this high RAM utilisation negates its otherwise compact
implementation size.

Only 1 of the works found in the literature provide the power consumption of their
proposed system. MobileNetV3 [18] was one of the CNN systems which achieved the strongest
accuracy and is also one of the smallest implementations, but in terms of power consumption
all DBMC systems are far more efficient, with even the largest DBMC configuration requiring
71.7% less power, showing that DBMC may be a better candidate for deployment in a mobile
system despite the similar utilisation. The discrepancy in power consumption despite the
similar implementation size is thought to be a combination of three factors. Firstly, the
proposed design requires no RAM and far less DSP slices. Secondly the clock frequency of the
proposed design is nearly half that of MobileNetV3. Finally, and perhaps most interestingly,
the majority of the datapath featured sorted values, as adjacent values are similar by definition
it was found that each clock cycle only a few FFs of each 10-bit register were required to
update their value, resulting in minimal switching and therefore reduced power consumption.

The final statistic to compare is the latency, every DBMC configuration is quicker than any
other classifier from the literature. DBMC-1000 approaches the latency of RUNet but is still
0.248us quicker. This latency is testament to the highly optimised pipelined structure of the
proposed system. The latency figures for RUNet and the TW CNNs are given assuming 1024
samples are at the input ready to be accepted into the classifier, they therefore do not take
into account the time taken between when the first and last datapoint of the sample arrives.
DBMC was designed with operation on a datastream in mind and therefore utilises this time
to pre-sort the data before it enters the classifier, the sorting mechanism is technically part
of the system so the added time could be included in the latency statistics but are not. If the
sorting stage was included in the DBMC latency figures then they would be almost doubled.

5.9.2 Hardware Implementation Comparison Conclusion

DBMC-50 is overall the smallest, quickest, and most efficient classifier in comparison to every
work which can be found in the literature, this is shown by requiring the least LUTs, RAM,
power, and latency, as well as requiring the second least number of FFs and DSP slices.
This conclusion discounts HISTO-SVM [20] as said design is largely RAM reliant as opposed
to utilising logical hardware, making comparisons in this regard difficult. Although when
included HISTO-SVM is the smallest in terms of FFs but the largest in terms of RAM and
the slowest in terms of latency, making DBMC-50 on aggregate smaller and significantly
quicker.

DBMC-250 also has a vastly smaller FF utilisation than any system in the literature other
than HISTO-SVM. The LUT utilisation is however larger than the Feature-Based DT [21].
Despite this it is significantly quicker, and more power efficient than any other system which
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provides values for these statistics.

DBMC-500 ranks the same DBMC-250 in all utilisation categories except is twice the
size. It is beaten by the Feature-Based DT system in terms of LUT utilisation and the
RUNet family of systems in terms of DSP utilisation. It is otherwise smaller, faster, and
more efficient than any other logic-based systems.

DBMC-1000 achieves a similar level of utilisation to the smallest CNN classifiers, is larger
than the Feature-Based DT system in terms of FF and LUT utilisation. As stated in the
results analysis it requires more LUT's in comparison to MobileNetV3 and only slightly fewer
than RUNet. Similarly, it requires considerably more FFs than RUNet and only marginally
fewer than MobileNetV3. Like the 3 smallest DBMC systems it requires the second least
number of DSP slices, the least RAM and the least amount of power. It has a lower latency
than any system which could be found in the literature.

In the introduction it was stated that the DBMC system was designed to be smaller, more
power efficient, and quicker than the currently available AMC systems, it can be concluded
following this comparison that these goals have somewhat been achieved. The 3 smallest
proposed systems do achieve smaller utilisations than the state-of-the-art CNNs but the
largest configuration does not. Evaluation of each system’s accuracy will therefore be required
to determine whether the proposed strategy results in an implementation which achieves a
smaller utilisation with competitive accuracy. Where the DBMC systems outperform the
systems from the literature is in terms of RAM utilisation, power consumption, and latency.

It was also stated that the modulation classification system should be capable of classifi-
cation of a real-time stream of data, throughout this chapter the steps taken to realise this
goal have been made clear via the intricate pipelining of each functional block and the novel
sorting algorithm to enable a computational complexity of O(n) to be maintained, thus it
can be concluded that this second goal has been achieved. It is however unfortunate that
the sorting unit which was devised to maintain the pipelined architecture ultimately led to
the large utilisation of DBMC-1000, it was found that this module scales poorly with large
dataset sizes.

The hardware implementation of the DBMC system has now been detailed and compared
with the literature, all that remains to fully characterise this implementation is to quantify
the accuracy and draw comparisons to what is achieved by the works which could be found
in the literature in this regard.



Chapter 6

Parameter Optimisation

Chapter 4 discussed the algorithmic implementation of the proposed DBMC feature extractor
and accompanying classifier, Chapter 5 covered the hardware implementation of the proposed
system. Throughout each section 3 parameters were mentioned but not expanded upon, these
are the DBSCAN dataset size n, as well as the two DBSCAN hyperparameters ¢ and minPts.

The performance of the proposed system is highly sensitive to the choice of these hyperpa-
rameters, however the selection process is challenging due to their inherent interdependency;
the optimal value for each is contingent upon the values of the others. The selection process
is further complicated by the dependence of optimal hyperparameter values on both the SNR
range and the modulation schemes targeted for classification.

In the following chapter the interplay between each of these variables will be investigated,
the effects of choosing different values will be discussed, and recommendations for optimal
performance will be made, including the proposal of a novel e selection heuristic which pro-
vides increased performance over traditional selection methods while being nearly completely
automated.

6.1 An Ideal Hyperparameter Selection Example

In order to contextualise the effects of suboptimal hyperparameter selection on the dataset
and extracted features, a benchmark must first be established by presenting an idealised
scenario before proceeding with a detailed analysis.

The analysis of the DBMC modulation classifier operation and optimisation is performed
by comparison of the relative spacing of class clusters in feature space.

The DBMC modulation classification system can be thought of as consisting of two com-
ponents, a feature extractor and a classifier which utilises the obtained features to predict
the modulation scheme of the input dataset. The feature extraction and resultant features
will be explained first.

The algorithmic operation and hardware implementation of the DBSCAN feature extrac-
tor was outlined in Chapter 4 and 5. In brief, I/Q samples of modulated signals are converted
to their magnitude and argument representation, within the obtained sets of arguments and
magnitudes there exists clusters of similarly valued data, the number of clusters which are
obtained is then utilised as the feature for classification.

125
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Figure 6.1: An Example of Feature Space at 30dB SNR with Ideal Hyperparam-
eter Selection

The number of argument clusters and the number of magnitude clusters are each themselves
a feature thus there are two features extracted with the DBSCAN feature extractor. The two
features can be plotted on the Cartesian plane, an example of this is shown in Figure 6.1.

Figure 6.1 shows the resulting feature space of a well-tuned feature extraction system,
the data used to obtain the displayed plot was at an SNR of 30dB. The obtained number of
argument clusters is represented by the X-axis value and the obtained number of magnitude
clusters is represented by the Y-axis value, the values combine to form clusters in feature
space which represent various modulation schemes, each denoted by a different colour.

What this collection of clusters represents is a mechanism of determining how the ex-
tracted features relate to the class, or modulation scheme, to which they belong, the re-
lationship between the cluster locations and their class can be utilised to train a classifier
and therefore achieve classification of future inputs. It is therefore important that there is
strong separation between the various clusters, clusters which overlap introduce risk that the
classifier will be unable to differentiate between them. In Figure 6.1 the three highest order
QAM clusters exhibit a slight overlap, similarly, 2QAM and 4QAM also exhibit some degree
of overlap. In these cases a small amount of accuracy will be lost.
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Figure 6.2: An Ezample of the Learned Decision Boundaries at 30dB SNR with
Ideal Hyperparameter Selection

Figure 6.2 shows the decision boundaries learned by an MLP classifier on the feature space
shown in Figure 6.1. Classes which have strong separation all have datapoints which lie within
their own decision region, those classes will be classified with 100% accuracy. 256QAM,
512QAM, and 1024QAM on the right of the plot each have some points which cross into
another classes decision region, these points will be misclassified, reducing the overall accuracy
of the system.

This makes clear that the goal of the feature extraction tuning is to maximise the sep-
aration between class clusters to ensure that the maximum number of datapoint lie within
their own decision region.

The hyperparameters utilised to obtain the feature set shown in Figure 6.1 and 6.2, were
a dataset size of 5000, a minPts value of 2, an argument ¢ value of 0.1, and a magnitude &
value of 0.0007. This set of hyperparameters is optimal for this dataset size and modulation
scheme set only, varying the dataset size and set of modulation schemes necessitates new e
value be selected, the following section explains how dataset size and choice of modulation
scheme set relates to the systems accuracy.
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6.2 DBSCAN Dataset Size

A crucial choice when classifying modulation schemes is the choice of how many datapoints
are required to achieve a strong feature extraction and thus an accurate classification result.
The dataset size is the only hyperparameter which is not contingent upon the values of the
other hyperparameters, therefore it should be the first to be set and its value should inform
the value of the remaining hyperparameters.

6.2.1 The Lower Bound of the Recommended Dataset Size

In general, the dataset size should be kept to a minimum because large datasets will introduce
more latency as more data is required to be processed. Furthermore, it was shown in Chapter
5 that larger datasets require larger hardware implementation sizes and thus increased power
consumption due to the requirement to increase the size of the sorting unit. Conversely, the
dataset size needs to be large enough to allow for accurate feature generation. The minimum
number of datapoints required to achieve accurate feature extraction may be given by the
formula in Equation 6.1.

Datapoints > minPts x max(No. of Argument clusters, No. of Magnitude clusters) (6.1)

Equation 6.1 states that the number of datapoints used for feature generation should be at
least as large as minPts multiplied by the larger of either the expected number of argument
or magnitude clusters of the highest order modulated signal in the employed dataset. The
high modulation order of 1024QAM, with its corresponding expected number of argument
and magnitude clusters, provides a representative worst-case scenario. The expected number
of argument and magnitude clusters to be extracted from 1024QAM data is 847 and 109
respectively. The higher value of these two features is 847 which corresponds to the expected
number of argument clusters found by DBSCAN. Recall that the minPts hyperparameter
sets the minimum number of local points to constitute a cluster forming, should minPts be
set to a value of 2 then at least double the expected number of argument clusters would be
required as a dataset size to enable the DBSCAN algorithm to find the desired number of
clusters.

Not allowing ample dataset sizes to facilitate accurate cluster generate leads to higher
order modulation schemes overlapping with lower order modulation schemes in the feature
space. Figures 6.3 and 6.4 illustrate this with examples of the obtained clusters in feature
space when QAM orders 2 to 1024 at an SNR of 40dB are used for feature extraction with a
dataset size of 5000 and 1000 respectively.
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Figure 6.3 shows the class clusters in feature space when a DBSCAN dataset size of 5000 is
used for feature generation. Inspection of the 3 highest order classes shows strong separation
and a growth in feature value which is characteristic of how the number of arguments and
magnitudes increases as the modulation order increases. Conversely, Figure 6.4 was generated
with a dataset size of 1000 and the correct minPts and ¢ for a dataset size of 5000. The 3
highest order classes show significant overlap in the feature space, in addition, the value of
the obtained number of argument classes has decreased and is lower than that of 128QAM.
This is because the dataset size is not large enough to allow for enough data to enable the
DBSCAN clustering algorithm to find a characteristic number of argument clusters for these
high-order modulation schemes.

6.2.2 Dataset Size and Feature Space Scale

When comparing Figures 6.3 and 6.4 it can also be seen that the value of the generated
features decreases as the dataset size is reduced. For example, the feature cluster representing
128QAM has a midpoint of (275,60) in 6.3 but a midpoint of (100,80) in (b). Equation
6.1 showed that the minimum dataset size to obtain generated features which accurately
find the correct number argument and magnitude clusters is equal to minPts multiplied
by the larger of the expected number of argument or magnitude clusters. However, this
relationship assumes that modulated symbols are all transmitted with an equal occurrence
rate, in practice this is unlikely. For example, take the previous example of 1024QAM with
an expected number of arguments of 847, it was said that the minimum dataset size of
1694 would allow for minPts=2 datapoints per argument to be obtained, therefore leading
to the expected number of argument features being found. However, it is unlikely that
every symbol will be transmitted exactly twice in a size 1694 sample, symbols which are not
transmitted at least minPts times within a dataset do not result in a cluster being found
at that particular argument, reducing the number of argument clusters found. Therefore,
further increases to the dataset size increase the likelihood that symbols corresponding to
each argument value are transmitted at least minPts times within said dataset. Therefore,
increasing the DBSCAN feature generation dataset size beyond the minimum required value
allows for feature generation closer to the expected values.

How this phenomenon influences the resulting classification accuracy may be explained in
terms of the size of the feature space and the resultant separation between classes. Inspecting
the X and Y-axis of Figures 6.3 and 6.4 shows that the scale of the axis in 6.4 is smaller in
comparison to 6.3, this reduces the scale of the feature space which leads to feature clusters
which are more densely spaced. This problem is less pronounced at high SNRs, as was the
case when generating these figures, but when the SNR is decreased the reduced feature space
can result in decreased accuracy due to overlapping feature clusters. For example, Figures
6.5 and 6.6 show two feature spaces of features extracted from QAM signals with an SNR, of
15dB, 6.5 used a dataset size of 5000, 6.6 used a dataset size of 1000.
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In the examples shown in Figures 6.5 and 6.6 the feature spaces are once again vastly different
in scale. Figure 6.5 shows feature clusters which have a large separation and appear more
compact, although this compactness is primarily due to their relative scale in comparison
to the scale of the feature space. Alone, this relative compactness and large separation will
result in a greater average classification accuracy in comparison to 6.6. There is also a higher
degree of overlap between feature clusters in Figure 6.6 due to the feature space not being
sufficiently large enough to allow for accurate characterisation of the data.

This may be seen most clearly by comparing the feature clusters of 8QAM, 16QAM, and
32QAM. In Figure 6.5 there is a high degree of separation between these clusters, yet in
Figure 6.6 the limited feature space causes feature values to be generated inaccurately, once
again causing a curl towards the y-axis. The result is that the clusters representing SQAM
and 16QAM begin to overlap, and the 32QAM cluster intersects the high order supercluster.
Each case will result in a reduction in classification accuracy due to the inability to separate
each feature cluster entirely with decision boundaries.

In the context of the proposed system, the DBSCAN feature generation dataset size can
therefore be thought of as setting the size of the feature space, larger values increase the size
of the feature space which facilitates greater separation between feature clusters as well as
providing the required feature space for feature values to be generated closer to the expected
value.

6.2.3 The Relationship Between DBSCAN Dataset Size and Classification
Accuracy

To demonstrate the effects of various dataset sizes have upon the classification accuracy,
Figure 6.7 was created which displays the classification accuracy achieved on orders of QAM
from 2 to 1024 at 40dB SNR across dataset sizes from 50 to 3000.

With a dataset size of 3000 all modulation schemes are classified with 100% accuracy.
At a DBSCAN dataset size of 2000 the accuracy of these two modulation falls to 97.8%,
below this dataset size the accuracy of these classes continues to decrease in general. At
1500 256QAM sees its first decrease in accuracy from 100% and continues to decrease as the
dataset size decreases. Notably in Figure 6.7 it can be seen that with extremely low dataset
sizes even the lowest order modulation schemes begin to decrease in accuracy. At a size of 250
there are no modulation schemes with 100% accuracy, at 100 only 4QAM is classified with
above 80% accuracy. At a DBSCAN dataset size of 50 there are no classes classified with an
accuracy greater than 90% accuracy, the majority of classes show under 70% accuracy.

Figure 6.7 clearly exhibits the relationship between the DBSCAN dataset size and the
obtained classification accuracy, for a particular minPts and e value, increasing the dataset
size in general increases the classification accuracy achieved by the proposed system. Figure
6.7 shows that in this case 100% accuracy is achieved with a dataset size of 3000, this demon-
stration is purely to illustrate to the reader how increasing dataset sizes provide additional
classification accuracy. The signals used to obtain the results shown in this figure were of an
SNR of 40dB. When using signals of a lower SNR it was found that the system benefitted
from further increases in dataset size, up to a value in the region of 5000, beyond which
negligible increases were obtained. As such, Chapter 7 presents results when a dataset size
of 5000 is employed to demonstrate DBMC top end performance.
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6.2.4 Recommendations for the DBSCAN Dataset Size

This investigation into the effects of varying the DBSCAN dataset size has shown that its
primary effect is setting the size of the feature space. Larger feature spaces enable greater
separation of feature clusters, enable feature generation with values closer to the expected
values, and reduce the curling towards Y-axis distortion. However, larger DBSCAN dataset
sizes also increase the required FPGA utilisation and latency of the proposed hardware struc-
ture. A balance must therefore be found between large implementation sizes and the achieved
classification accuracy. What has not been shown thus far in this discussion is that when
the dataset size is small, ¢ may be tuned to maximise the spacing of feature clusters. Fig-
ure 6.8 demonstrates this by showing a similar example to Figures 6.5 and 6.6, in this case
the DBSCAN dataset size was 1000 but the e values were tuned specifically for a DBSCAN
dataset of 1000. It can be seen that despite the smaller feature space there is still a degree
of separation between feature clusters which is stronger than seen in Figure 6.6. Although it
is the case that the separation is weaker than in Figure 6.5.

For the purposes of the work proposed in this thesis it was decided to use the minimum
dataset size provided by equation 6.1 and tune the e values to maximise performance for
that specific size. If an engineer was looking to maximise the performance of the proposed
DBSCAN feature extractor and they were not limited by hardware implementation costs,
then it would be advantageous to maximise the DBSCAN dataset size to achieve stronger
accuracy. This thesis will provide software results with a dataset size of 5000 to demonstrate
the upper limits of performance.
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Figure 6.8: The Resulting Feature Space at an SNR of 15dB and a Dataset Size
of 1000 with ¢ Values Correctly Tuned

6.3 The minPts Hyperparameter

The creators of the DBSCAN algorithm proposed two rules of thumb for finding strong
values of minPts [34]. The first is that the lower bound of minPts should be at least the
dimensionality of the data plus 1, shown by Equation 6.2.

minPts > D +1 (6.2)

Where D is the dataset dimensionality. Sander et al. also suggest that a strong minPts value
can be obtained by multiplying the dimensionality of the data by 2 [116], shown by Equation
6.3.

minPts = D x 2 (6.3)

As the datasets used for feature generation in the proposed system are both 1D, a minPts
value of 2 satisfies both equations as it is equal to the suggested lower bound and is the
result of multiplying the dimensionality of the data by 2. Ultimately, a minPts value of 2 was
employed in all configurations of the proposed system as it not only satisfied these rules of
thumb but also enabled a minimisation of the DBSCAN dataset size which in turn reduced
the total implementation size. Before deciding upon the optimum minPts value suggested
by the above equations, additional investigations upon the effects of varying minPts were
conducted to confirm that additional accuracy could not be gained from increasing the value
of this hyperparameter, these investigations are shown in the remainder of this section.
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6.3.1 Investigations into the Effects of minPts

Equation 6.1 showed that the optimal value for the DBSCAN dataset size is proportional
to the minPts value. It has also been shown that that increasing the DBSCAN dataset size
increases the required FPGA utilisation and power consumption, therefore selecting a value
of minPts which is as small as possible enables smaller implementation sizes. According to
this relationship, it follows that increasing the value of minPts will have the same effect on
classification accuracy as reducing the DBSCAN dataset size, this relationship is confirmed
by the graph shown in Figure 6.9 which was created from modulated signals at 40dB SNR
and uses a DBSCAN dataset size of 3000.
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Figure 6.9: How the Classification Accuracy (%) changes as the minPts Value
Varies

In Figure 6.7 it was shown how increasing the DBSCAN dataset size increases the accuracy
achieved by the AMC system, higher order modulation schemes in particular required a larger
dataset size to reach 100% classification accuracy, whereas all of the orders of QAM below
128 were classified with 100% accuracy with a dataset size as low as 500. The results shown
in Figure 6.9 demonstrate a similar relationship, the higher order modulation schemes exhibit
a reduction in classification accuracy as the minPts value increases. The modulation schemes
512QAM and 1024QAM are the first to see a reduction in accuracy from 100% at a minPts
value of 5, 128QAM and 256QAM see a significant reduction at a value of 60. The results
shown in Figure 6.9 confirm that the optimum value for minPts in this case is 2 as this is
the point where the average classification accuracy is highest.

The relationship between minPts and the DBSCAN dataset size can also be seen by
inspecting the clusters in feature space. Figure 6.10 shows the resulting feature clusters when
a DBSCAN dataset of size 3000 in conjunction with a minPts value of 10 is used for feature
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generation.
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Figure 6.10: The Appearance of Feature Space when a minPts Value of 10 is
used in Conjunction with a Dataset Size of 3000

Figures 6.5 and 6.6 in the previous section showed that reducing the dataset size causes
DBSCAN output clusters to curl inwards towards the Y-axis. The same trend can be ob-
served in Figure 6.10 when the DBSCAN dataset size was set to 3000 but minPts was set
to 10, the 3 highest order classes are not able to be characterised accurately by the feature
extraction algorithm and thus their feature clusters move towards the Y-axis. In both cases
this phenomenon is caused by there being insufficient data to allow for accurate character-
isation of the input modulation data, either due to an insufficiently large dataset size or a
minPts value which is too large for an employed dataset.

The final point to highlight with regards to minPts is that the results shown in Figure 6.9
do not show nearly as much accuracy degradation of the lower order classes as was seen in
Figure 6.7. The largest minPts value which was used to create Figure 6.9 was 100, according
to Equation 6.1 this should provide equivalent results to using a minPts value of 2 and a
dataset size of 60. In Figure 6.7 nearly all modulation schemes exhibited a classification
accuracy of less than 100% with this dataset size and yet in Figure 6.9 the lower order signals
are classified with an accuracy of 100% across all minPts values. This is thought to be due
to the robustness introduced to the clustering process by using high values of minPts. Higher
values of minPts provide increased stringency for the clustering process as a greater number
of local points are required before a cluster forms, this increases the noise tolerance of the
algorithm and in turn leads more compact feature clusters in feature space. This can again be
observed by comparing Figure 6.4 and Figure 6.10 where the low order class clusters exhibit a
distinct difference in dispersion, ultimately providing greater feature separation and therefore
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increased accuracy.

Because minPts has the property of enabling denser feature clusters to be generated,
there is potential for higher values of minPts to be utilised with extremely large DBSCAN
dataset sizes in order to perhaps obtain greater classification performance. However, as the
proposed work is constrained by hardware limitations, this avenue of research is beyond the
scope of this thesis. Lower values of minPts allow for minimising the DBSCAN dataset size,
and as the goal of this proposed work is to create an AMC system which requires as few
resources as possible, it was ultimately decided to use a value of 2. Therefore, henceforth in
this thesis all provided results were obtained using this value.

6.4 The ¢ Hyperparameter

The final parameter which must be chosen to operate the DBSCAN modulation classifier is
¢, the maximum distance between datapoints for them to be classified as in the same cluster.
It was briefly shown in Section 6.2 that € may be used a means to tuning the spacing of the
feature clusters in feature space to maximise separation. Values of ¢ which maximise feature
cluster separation therefore are optimal as this in turn maximises the obtained classification
system classification accuracy. Within the proposed system there are two DBSCAN feature
extraction cores, each operating on either the magnitude or argument data, therefore 2 strong
epsilon values must be found per DBSCAN dataset size.

Determining optimal values for € presents a significant challenge. The optimal ¢ is highly
sensitive to dataset size, the SNR of the signal data, and the employed set of modulation
schemes. The dataset size is a parameter which is set depending upon the DBMC config-
uration, however each configuration must be capable of classifying a range of modulation
schemes at various SNRs. Consequently, a compromise must be identified that maximizes
performance across a diverse range of SNRs and modulation schemes for a given dataset size.

This section investigates the variability of optimal £ values across different SNRs and
modulation formats. Initially, the widely used 'Elbow point method’ is employed to demon-
strate the process of determining optimal € values. Through its usage the subjectivity of
this method and its reliance on human intervention are made clear. To address these lim-
itations, an automated heuristic approach is developed and proposed. Finally, this section
demonstrates the superior performance of the proposed heuristic in identifying robust € val-
ues compared to the elbow point method, while simultaneously minimizing the human input
required.

6.4.1 The k-Distance Graph and the Elbow Point Technique

The analysis in the following section requires that the k-distance graph is first understood.
The k-distance graph is the recommended technique for finding strong values of the € hyper-
parameter [34]. It may be constructed by calculating the distance from each datapoint in a
dataset to its k-nearest neighbours. These distances are then sorted in descending order and
plotted to form a curve. The value of k should be set to the employed value of minPts minus
1. An example 4-distance graph for QPSK can be seen in Figure 6.11.
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Figure 6.11: An Example j-Distance Graph of QPSK at an SNR of 30dB and
Dataset Size of 5000

The graph provides a visual representation of the distances between datapoints, as the sample
number increases, the distance between points decreases. At an X-axis value in the region of
75 there is a sharp bend in the shape of the 4-distance graph, this bend is referred to as the
‘Elbow Point’. It could also be defined as the point on the curve where the rate of change of
the gradient is at a maximum. Datapoints to the left of the elbow point generally represent
the distances between clusters, points to the right represent distances between datapoints
within a cluster. Theoretically, the Y-axis value at the elbow point provides a strong value
for ¢ as it is a distance which is greater than the distances between cluster points, but less
than the distances between clusters.

6.4.2 How ¢ Varies with SNR and Modulation Format

This classification system is designed to differentiate between a set of modulation schemes
across a range of SNRs, this introduces a problem which is that each modulation scheme has
an optimal e value to achieve accurate clustering. The 1-distance graph of magnitudes and
arguments of various QAM constellation diagrams at 30dB SNR with a dataset size of 5000,
can be seen in Figure 6.12 (a) and (b) respectively.
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Figure 6.12: How the 1-Distance Graphs Vary Between QAM Modulation Orders
at an SNR of 30dB

In both figures, each line represents a different modulation scheme’s 1-distance graph using
datasets with a SNR of 30dB, it can be seen that the elbow points for each modulation scheme
differs. The argument elbow points differ by a larger degree than the magnitude, with a range
of 0.015 to 0.06 as opposed to the range of 0.4 x 10~% to 2 x 10~4. This problem of not having
a single optimum value for € also is true for differing SNRs, Figure 6.13 (a) and (b) show the
1-distance graphs for the absolute value and arguments of a 128QAM constellation diagram
at SNRs from 40dB to 0dB.
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Figure 6.13: How the 128QAM 1-Distance Graphs Vary Between SNR

Just as how elbow points varied across each modulation scheme, the SNR introduces further
variation in the optimum e, with the absolute values having an optimum ¢ in the range of
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2x 107 to 1 x 10~* and the arguments having an optimum value ranging from 5 x 1073 to
6.5 x 1074

By combining the curves of all modulation schemes at all SNRs the true range of ideal &
can be seen, this is shown in Figure 6.14 (a) and (b).
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Figure 6.14: How the 1-Distance Graphs Vary Across All SNRs and Modulation
Schemes

These figures illustrate the true range of optimal € across the full QAM dataset. No legend
is provided for these figures due to the number of curves, the exact modulation scheme and
SNR which each curve represents is not important to know, the main takeaway should be
that there is a large range of elbow points to choose from. The following section will discuss
how designers should select a value of € to achieve performance across this entire range.

6.4.3 Finding Strong ¢ Values for a Particular SNR

Figure 6.14 (a) and (b) in the previous section showed the 1-distance graphs for each modu-
lation scheme at each SNR. It was found that the optimum e value varies with both the SNR
and modulation scheme. Because of the significant variability it is impossible to find a single
¢ value which enables the clustering system to find the exact expected number of clusters
in every case. The challenge therefore becomes finding a pair of € values which maximise
feature separation is the largest number of cases, therefore achieving the highest classification
accuracy on aggregate.

Figure 6.14 (a) showed that the low-order modulation schemes required a smaller mag-
nitude ¢ value than the high-order modulation schemes to achieve accurate characterisation.
Figure 6.14 (b) found that both the high-order and low-order modulation schemes benefit
from a lower argument € value, whereas the middle-order modulation schemes were found to
require a higher argument ¢ value. To demonstrate how selecting different combinations of €
values result in the feature extraction system’s ability to characterise the dataset, an example
of how values taken from either extreme of the optimum e range shown in Figure 6.14 (a)
and (b) effects the resulting feature space is provided in Figure 6.15.
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Figure 6.15: How the Arrangement of Feature Clusters Varies with C' Values
Chosen from Either Ezxtreme of the 1-Distance Graph Optimum Range

Figure 6.15 shows that the selection of the & values results in significant changes to the
distribution of feature clusters in feature space. Figure 6.15 (a) was created using ¢ values
at the highest elbow point value for both the arguments and magnitudes. The arrangement
of feature clusters follows a linear growth as the modulation order increases. Figure 6.15
(d) conversely was created using € values found by taking the smallest elbow point values in
the distribution, in this case there is a linear growth up until 64QAM, at modulation orders
greater than this the feature clusters double back and begin to approach the origin. In this
case there is a severe risk of feature cluster overlap being introduced, it can be seen that the
clusters of 32QAM and 128QAM do indeed exhibit slight overlap which is not the case in
any other example.

In the case of Figure 6.15 (b) and (c) there is 1 € value taken from the maximum elbow
point and 1 from the minimum. In a similar manner to what was observed in 6.15 (d), the
number of clusters found by DBSCAN until 32QAM linearly increases, beyond this mod-
ulation scheme the trend of feature cluster positioning approaches either the X or Y-axis.
Despite this, there is still minimal feature cluster overlap so strong performance would still
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be expected, however this may not be the case at all SNRs.

It has generally found to be the case that utilising € values which produce a predictable
growth in magnitude and argument values between orders of the same modulation format has
enabled higher degrees of optimisation across a range of SNRs. This is particularly important
when PSK and APSK signals are included in the dataset as unpredictable relationships
between modulation orders and the number of argument and magnitude found by DBSCAN
can lead to feature cluster overlap where there otherwise would not be. Therefore, selecting
€ values which are optimal for the highest order modulation scheme in the dataset allows
for the characteristic linear increase between modulation orders shown in Figure 6.15 (a),
therefore enabling stronger control of feature cluster arrangement.

6.4.4 Issues with Optimising ¢ Values Across SNRs

It has been demonstrated throughout this section how using the largest ¢ values in the
optimum range enabled accurate characterisation of all modulation schemes at an SNR of
30dB. Figure 6.14 (a) and (b) showed that the optimum e values change not only with the
set of employed modulation schemes, but also with varying SNRs. To investigate the effects
of various ¢ values at different SNRs, the optimum ¢ value pair at SNRs from 0dB to 40dB
was found using the elbow point method, the two largest values in the optimum range were
selected. The obtained values can be seen in Figure 6.16.
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Figure 6.16: How the Optimum e Obtained via the Elbow Point Method Varies
with SNR (dB)

It is important to note that the values obtained to produce Figure 6.16 were obtained man-
ually from inspecting 1-distance graphs, therefore the displayed values should be seen as
estimates. In general, the optimum e value for magnitude clustering is greater at lower
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SNRs, conversely it is greater at higher SNRs for argument clustering.

Several classifiers were trained and tested using features extracted with various combi-
nations of € values which can be seen in Figure 6.16, additionally a classifier was trained
using features extracted with the optimum e pair at every SNR. The average classification
accuracy against SNR results are displayed in Figure 6.17.
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Figure 6.17: The Average Accuracy Across QAM Orders 2 to 1024 Achieved by
Utilising € Combinations Shown in Figure 6.16

The argument and magnitude € pair which was found to be optimal at 10dB was also found
to provide the highest accuracy at every other SNR. Furthermore, training the system on
data extracted with e pairs found to be optimal at every SNR in many cases resulted in an
average accuracy which was worse than every other ¢ pair tested. This was contrary to the
expected results, optimising for every SNR should provide the greatest accuracy at every
SNR, the 10dB optimised e should result in the strongest accuracy at 10dB and nowhere
else. Following these findings, it was decided that employing the elbow point method is not
a viable optimisation strategy for this system.

6.4.5 Issues with Using the Elbow Point Method

The analysis in the previous sections to find the optimum values for € was performed using
the elbow point method, which is suggested by the DBSCAN authors [34]. Figure 6.17
showed that when utilising the elbow point method to optimise the system for every SNR
the accuracy which was achieved was in some cases lower than every other example. It is
thought that this is the case due to the utilised € values not being the actual optimum and
thus the elbow point method is inadequate.
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The elbow point method has been demonstrated to involve manual human interaction
which inhibits the creation of automated DBSCAN classifiers as well as introducing uncer-
tainty as the location of an elbow point may be subjective. The uncertainty is particularly
pronounced when the elbow point does not lie upon a curve with an instantaneous change of
gradient but rather a gradual change in gradient as in this case. Due to this curved nature,
the elbow point can be seen as a range of values depending upon how the curve is viewed, for
example the same 1-distance graph of 4QAM with a single point highlighted is shown Figure
6.18 in three different graphs.
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Each figure above is of the same curve but with varying scales on the X and Y-axis, a point
which could be considered the elbow point of Figure 6.18 (a) has also been highlighted in
all figures. The scale of the axis can change where the elbow point is observed to lie as in
Figure 6.18 (b) the highlighted point lies above what may be considered the elbow point
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and conversely in Figure 6.18 (c) the highlighted point lies below what may be consideredthe
elbow point.

To solve the problem of elbow point subjectivity, a trial an error approach could be
employed in which a grid search algorithm takes a range of ¢ values which are manually
input by the designer and iteratively performs feature extraction as well as classifier training
and testing to find which combinations result in optimum performance. As there are 2 values
to be optimised, the algorithmic complexity of this strategy quickly explodes, for a range of 10
different magnitude and argument e values, the feature extraction and subsequent classifier
training and evaluation must be performed 100 times to test each value. Furthermore, the
subjectivity and requirements for human intervention are also not eliminated, even if a strong
value was found, the selected range of points to be evaluated may not include the ¢ pair which
would provide the strongest accuracy, the precision of the search may also not be fine enough
to enable the optimal values to be found. Even further compounding the scale of this search is
the fact that varying dataset sizes, minPts values, and employed sets of modulation schemes
have different optimum ¢ values, meaning that this operation must be performed whenever
each of these variables are modified.

It was therefore decided that the problem is best solved by approaching it from the
opposite direction. Rather than testing e pairs to find which values result in a good separation
in feature space, feature space would be designed and e values which resulted in said feature
space could be found automatically.

6.4.6 The d — 1th Difference Value Method

When plotting the 1-distance graph the distances between points are sorted to generate the
distinctive curve. If instead the distances are viewed unsorted, they appear as in Figure 6.19.
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Figure 6.19: The Unsorted 1-Distance Graph of the 8QAM Arguments



CHAPTER 6. PARAMETER OPTIMISATION 146

Figure 6.19 shows the unsorted 1-distance graph of the arguments of 8QAM at 40dB SNR,
the peaks represent the large distance between clusters, there are 7 peaks which implies 8
clusters as is expected for 8QAM. In this case an ¢ value which is smaller than the smallest
peak but larger than the small distances between cluster points will lead to a strong DBSCAN
performance; therefore, in this case an & which is just smaller than the 7th largest value in the
dataset will enable for accurate clustering of 8QAM’s arguments. In general, this rule holds
for the argument and magnitude clustering for all modulation schemes, it can be expressed
as follows:
For a dataset of point differences X, sorted in descending order:

X ={z1,29,23,...,Tm} (6.4)

Where m denotes the number of elements in the dataset. Set d as the expected number of
clusters formed by the modulation scheme’s argument or magnitude values represented by
dataset X. The range in which the optimum ¢ value lies is therefore:

Td—1 > € > X4 (6'5)

Using this method the optimum ¢ may be algorithmically determined as long as the expected
number of clusters is known. The method for determining the expected number of clusters
is detailed in the following section.

6.4.7 Determining the Expected Number of Clusters

While the expected number of argument and magnitude clusters of low-order modulation
schemes can be determined by inspection, this method is impractical for high-order modu-
lation schemes such as 512QAM and 1024QAM. Fortunately, DBSCAN can be utilised to
determine the number of expected clusters algorithmically.

Applying the magnitude and argument data taken from noiseless 1/Q samples to the 1D
DBSCAN algorithm produces an exact number of expected clusters. Selecting a value of ¢
which can facilitate this process can be performed by plotting the 1-distance graph of a sorted
magnitude or argument graph of the highest order modulation scheme in the dataset, any ¢
value between 0 and the smallest non-zero value will be adequate.
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Figure 6.20 shows the distances between magnitude clusters for pure 1024QAM, the smallest
non-zero value is 0.003, therefore an ¢ of between 0 and 0.003 will produce accurate cluster-
ing of every modulation scheme in the dataset. When DBSCAN is executed with ¢ values
obtained in this manner the values for the expected number of clusters shown in Table 6.1
are obtained:

Modulation Scheme | Magnitude clusters | Argument Clusters
2Q0AM 1 2
4QAM 1 4
S8QAM 2 8
16QAM 3 12
320QAM 5 28
64QAM 9 52
128QAM 16 108
256QAM 32 196
512QAM 56 420
1024QAM 109 847

Table 6.1: Cluster counts for various QAM modulation schemes

6.4.8 Applying the Expected Number of Clusters to Find an Optimal ¢

As the expected number of magnitude and argument clusters d is known, the sorted 1-distance
graphs may once again be plotted, the Y-axis value held in the d — 1th datapoint represents



CHAPTER 6. PARAMETER OPTIMISATION 148

the upper limit ¢, the Y-axis value held in the dth datapoint represents the lower bound.
Any ¢ value between these two extremes will provide a number of argument and magnitude
clusters which is equivalent to the values shown in Table 6.1, for a specific modulation scheme
at a particular SNR and assuming that there is enough samples to result in at least minPts
datapoints per constellation point.

Figures 6.21 and 6.22 show how the size of the d — 1th difference value for the magni-
tude and argument data respectively varies between modulation schemes and across different
SNRs. In general, the lower the order of the modulation schemes, the greater the difference
value and thus the greater the optimum . The SNR has a similar effect upon the differ-
ence value, as SNR increases, so too does the d — 1th difference value. Both trends are to
be expected as the density of constellation spacing increases as modulation order increases,
similarly, increasing noise increases the radius of constellation points, therefore reducing sep-
aration between them.

Figure 6.21 also shows that the variation between the d — 1th difference value of high-
order modulation schemes with respect to the SNR is minimal in comparison to low-order
modulation schemes. Furthermore, at low SNRs the d—1th difference values of all modulation
schemes converge. As low SNR data and high-order modulation schemes are the most difficult
to accurately classify and as it has been shown in Section 6.4.3 that selecting the £ value which
is optimum for the highest order modulation schemes provides more predictable feature cluster
positioning, it is advantageous for the purposes of modulation classification that the optimum
¢ values for both low SNR and high-order modulated signals are similar. This allows for an ¢
selected at these values to perform well in the majority of the most difficult cases. Similarly,
in Figure 6.22 (b) most signals show little variation in the optimum ¢, discounting the peaks
seen at around 5-15dB SNR by the lowest order modulated signals, this again allows for an ¢
pair to be chosen which will provide strong performance in most cases. The following section
will detail an easier method of arriving at these £ values and then draw comparisons to the
accuracy achieved with € values chosen via the elbow point method.
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6.4.9 The RMS Method

The method of taking the d — 1th difference value has been shown to provide a means of
selecting € which reduces subjectivity. However, it is time consuming to tune € in this
manner as the expected number of clusters needs to be found and then this must be used
to obtain the d — 1th difference value, in addition, tuning so finely to a particular dataset
risks overfitting. A similar but quicker and more generalised method for finding an optimum
¢ is to find the Root Mean Square (RMS) of the 1-distance graph, this works as a proxy for
determining a strong threshold. An example of the RMS and d — 1th difference value overlaid
on the 1-distance graphs of 16QAM may be seen in Figures 6.23 and 6.24.

Figure 6.23 shows the unsorted 1-distance graph of the 16QAM argument data at 40dB
SNR, there are 11 peaks which therefore implies 12 clusters should be found. Any point
smaller than the smallest peak yet greater than the distances between cluster points will
result in a strong e value, the RMS is guaranteed to find a value such as this as the large
difference values between the clusters are squared and therefore contribute more to the RMS
value.

In the case of Figure 6.24, the RMS is significantly lower than in 6.23 yet as the RMS still
lies between the value of the peaks and the cluster data difference values, again this value
for € would still prove to be effective. Both 1-distance graphs demonstrate that RMS can
be used as a tool to find an effective threshold, but it was also found that finding the RMS
of each 1-distance graph approximated the d — 1th difference value and that the RMS value
and d — 1th difference value converged as the SNR decreased and modulation order increased.
This can be seen in Figures 6.25 and 6.26.
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Figure 6.23: The RMS and d — 1th Difference Value Overlaid on an Unsorted
16QAM Argument 1-Distance Graph
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Figure 6.26: How the d — 1th Difference Value and RMS of the Magnitude Data
Varies Across QAM Orders and SNRs

Figure 6.25 shows how the d — 1th difference value and the RMS for the argument data
change with respect to the modulation scheme and SNR. Figure 6.26 shows the same but
for the magnitude data. In these figures the X-axis is labelled as the signal number, each
signal is modulated and at a specific SNR, there are 10 modulation types with 13 different
SNRs, therefore there are 130 different signals, the graphs may be seen as the same as the
graphs shown in Figures 6.21 and 6.21 but arranged as a single trend rather than overlapping
one another. The modulation schemes are arranged from lowest to highest order, the SNRs
are arranged from highest to lowest SNR, therefore every 13 signals the modulation scheme
increases in order after the lowest SNR signal of a particular modulation scheme.

The actual modulation scheme and SNR combinations are unimportant, what the graphs
illustrate is that the d — 1th difference value and the RMS have a relationship. In Figure 6.25
and 6.26 the d— 1th difference value line peaks much higher than the RMS value on low-order
modulation schemes but both metrics follow the same trend of peaks and troughs. Figure
6.25 shows that as the modulation order increases this relationship becomes even clearer,
above a dataset number of 60 which means 64QAM and upwards, the d — 1th difference value
and the RMS value hold very similar values, converging around a value of 0.1.

Figure 6.26 shows a similar relationship, the d — 1th difference value and the RMS trace
a follow a similar trend above a signal number of 92 (256QAM and greater), in the majority
of cases the values obtained via both methods are nearly identical.

Should a designer require, when employing the d — 1th difference value method or the
RMS method, the e selection process can be automated to choose a strong value with no
human intervention. For example, consider the RMS curves in Figures 6.25 and 6.26, an
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automated process of extracting a strong € could be written which uses the minimum value
of each curve, another designer may desire the minimum value from a particular curve and
the maximum value from another, extracting any strong value from these graphs is trivial
and as each point on the curve will provide a strong € hyperparameter for a specific use case.

It was found in Section 6.4.3 that selecting ¢ values which are optimal for the highest order
modulation scheme allows for predictable feature cluster placement. Therefore in this case it
is advantageous for determining the optimum & that both the d — 1th difference value method
and RMS curves converge when high order modulated signals are employed, additionally the
curve variation with respect to SNR is minimal at high modulation orders which means that
selecting an ¢ from this region will provide strong performance across all SNRs for high-order
modulated data. It was noted in the previous section that the low SNR signals of the lower-
order modulated signals also had an optimum ¢ in the same range as the high-order signals,
the same can be said from the RMS curves in this case, as the high-order and low SNR
signals are the most difficult to classify accurately, selecting the € value which is optimum for
the high-order modulation schemes should provide strong performance across all modulation
schemes and SNRs. It was therefore decided that the 130th value of both RMS curves would
be the ¢ values used for DBSCAN in the modulation classifier.

It should be noted that, just as discussed with the elbow point method, changing the
DBSCAN dataset size also changes the optimum ¢ value produced by this method, which is
to be expected as the optimum e changes with the DBSCAN dataset size. The general shape
of the curves remains unchanged, the difference lies with the magnitude of the produced
values, for instance Figure 6.27 below is produced from a DBSCAN dataset size of 1000,
whereas Figures 6.25 and 6.26 were created with a DBSCAN dataset size of 5000.
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Figure 6.27: How the d — 1th Difference Value and RMS of the Arqgument Data
Varies Across QAM Orders and SNRs with a Dataset Size of 1000
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Figure 6.27 shows the same pattern of peaks and troughs as Figure 6.25 and the two curves
converge for high order modulated data, however in this case the value at which the two
graphs converge at is 0.5 rather than 0.1, demonstrating that for a dataset size of 1000 an ¢
value of 0.5 would be optimal.

Due to the RMS method providing similar values to that of the d — 1th difference value
method for the more difficult to accurately classify modulation schemes and SNRs, it can be
concluded that the RMS method can be employed as a proxy for the more labour-intensive
d — 1th difference value method, the achieved accuracy of both methods in comparison to the
elbow point method is found in the following section.

6.4.10 The d—1th Difference Value and RMS Method Classification Results

Figure 6.28 shows a comparison curve of the classification accuracy achieved when the e
values found using the d — 1th difference value method and the RMS method are employed in
the DBSCAN classification system, the curves from Figure 6.16 which were found with the
elbow point method are included for comparison.
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Figure 6.28: The Average Classification Accuracy (%) Achieved with Various
€ Values Selected Via the Elbow Point Method as well as the RMS and d — 1th
Difference Value Methods

Figure 6.28 shows that across every SNR the d — 1th difference value method and the RMS
method find an € value which outperforms the elbow point method, the only SNR at which
an € combination is found via the elbow point method which matches the two automated
method’s performance is at 40dB SNR. The smallest gains in performance are seen at the
lowest and highest SNRs, for example at 0dB SNR the RMS method provides an € which
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allows for a classification accuracy of 33.46%, the elbow point method at a maximum achieves
28.0% classification accuracy, this is only a gain of 5.46% in terms of raw classification
accuracy however in terms of increase in performance the RMS method has increased the
classification accuracy of the system by 19.5%. In the midrange SNRs the proposed ¢ selection
methods maintain a significant gap in classification accuracy, varying between a 5% and 9.8%
raw classification accuracy increase, the largest delta in classification accuracy can be found
at 25dB SNR, at this point the elbow point method achieves 79.3% classification accuracy
and the RMS method achieves 89.1% classification accuracy, a raw improvement of 9.8%
accuracy. The d — 1th difference value method and RMS method fail to reach 100% average
classification accuracy at a high SNR, only reaching 99% at 40dB SNR, however the two
methods do reach above 97% classification accuracy at an SNR of 30dB, in comparison the
elbow point method only reaches this level of accuracy at 40dB SNR, a difference of 10dBs.

Finding the optimum e value with the d — 1th difference value method or the RMS
method has thus been shown to provide stronger classification performance across all SNRs
and modulation schemes compared to when the elbow point method is employed. In addition
to increased classification accuracy, the d — 1th difference value and RMS methods can be
automated should that be required or at least can provide a semi-automated method that
provides engineers working with 1D DBSCAN a greater understanding of the range of op-
timum € across the entire dataset. Should a designer not wish to automate the ¢ selection
process, the RMS and d — 1th value against SNR curves provide a means of gaining insight
into how the optimum e value changes with respect the SNR and signal modulation scheme.

6.4.11 The Effects of ¢ Conclusion

This section detailed the different methodologies for finding the optimum e value for a given
dataset size and minPts value. To begin, the elbow point method for selecting € was outlined,
this is the methodology for selecting ¢ given by the DBSCAN authors and is the generally
accepted methodology used by DBSCAN engineers. The elbow point method involves plotting
a k-distance graph, where k is the minPts value minus 1, in this case 1. The 1-distance graph
determines the distance from each point in a dataset to its closest neighbour point, these
distances are sorted and plotted as a curve. The point of the curve at which the gradient
sees the largest rate of change is known as the elbow point and may be taken as a strong
value for the € hyperparameter. As the problem of modulation classification involves a range
of modulated signals at various SNRs, there was found to be a large range of elbow points to
choose from. Selecting two e values which were of the highest value in the range shown by
the elbow point method was shown to produce predictable feature cluster spacing.

Issues with the elbow point method were outlined, these issues were the fact that where
the elbow point lied could be subjective depending upon the scale of the graph’s axis. It was
shown that the subjectivity combined with the multivariate SNR and modulation scheme
optimisation problem led to difficulties in finding € values which were optimal. A comparison
between the accuracy achieved by systems using various € pair combinations showed that
when € was optimised for each SNR the performance decreased. As this finding was contrary
to the expected result it was concluded that the uncertainty introduced by the elbow point
method’s subjectivity was the issue.

An automated method of determining a strong ¢ value was developed, which was coined
the d — 1th difference value method. It was shown that operating DBSCAN on noiseless
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constellation diagrams can determine the expected number of magnitude and argument clus-
ters. As the expected number of magnitude and argument clusters can be determined, the
1-distance graph can be examined for the value of the d — 1th largest point, where d is the
number of expected clusters. Setting € at or below this value will result in accurate cluster-
ing of a particular modulation scheme. The value of the d — 1th point is different for each
modulation scheme and SNR; two graphs were plotted which showed that the values of the
d — 1th point for high-order and high SNR low-order modulation schemes were similar which
allows for an € to be chosen which will provide strong performance across the most difficult
signals to classify. Rather than undergo the process of determining what the expected num-
ber of clusters is and then subsequently writing code to determine the values of the d — 1th
points, it was shown that taking the RMS of the 1-distance graph can produce similar results.
Figures 6.25 and 6.26 showed that the RMS and the values of the d — 1th points followed a
similar trend, for high order modulated data and low SNR data the value of the RMS and
the values of the d — 1th points converged, therefore taking the RMS of the 1-distance graphs
can be used to select strong values of . To confirm these results, curves representing the
aggregate classification accuracy of systems trained with & values found with the RMS and
the d — 1th difference value method were plotted alongside the classification accuracy trained
with ¢ values found via the elbow point method. It was found that the RMS and the d — 1th
difference value method found e values which provided stronger classification accuracy at
every SNR, achieving approximately a 10% improvement in classification accuracy in some
cases. It was also discussed that the optimum e value varies depending on the DBSCAN
dataset size, therefore different € pairings will be required to be found for differently sized
models, as the RMS method was found to provide the strongest € values it will be utilised to
select the € parameter pairings in the following chapters.

6.5 10-Bit Datapath Considerations

The analysis in this chapter has been based upon the usage of 64-bit floating point precision
as is the default in MATLAB [94]. The implemented design features a 10-bit datapath, and
therefore some hyperparameters must be optimised for this scenario.

The dataset size and minPts parameters do not require any changes. The dataset size sets
the number of shift registers in the Insertion Sort module and therefore this value remains
the same irrespective of the datapath precision. The minPts value determines the number
of datapoints within € to constitute a cluster forming meaning that the value also remains
the same regardless of the datapath precision. However, due to the logic of the DBSCAN
implementation in hardware, the variable must be set to the desired minPts value minus 1,
this is due to the PointCount register having a default value of 0. Algorithmically, minPts
remains at a value of 2 in this case.

Where precision must be accounted for is with the ¢ parameters. To illustrate why
this is the case take the optimum e values obtained via the RMS method for DBMC-1000.
Figure 6.27 showed that the optium argument ¢ value was 0.5, not shown was the optimum
magnitude € value of 0.003. Chapter 5 discussed how the 10-bit fixed point datapath assumed
a maximum argument value of 360 and therefore required 9 integer bits with a single fractional
bit, a maximum magnitude value of 3 was assumed, therefore requiring 2 integer bits and
8 fractional. The maximum precision able to be represented by data with this format is
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therefore 0.5 and 0.0039065 for the argument and magnitude data respectively. It was found
that due to the truncation which occurs following the CORDIC module, points within the
minimum precision hold the same value. Therefore in the case of an argument ¢ of 0.5, as
is optimal for a 1000-point dataset, an € of 0 is actually optimal in hardware as all of the
points within 0.5 of each other hold the same value. Similarly, for the optimum software
magnitude € of 0.003, the optimum ¢ was again found to be 0. This illustrates a general
rule which was found: The optimum ¢ value to choose for the hardware implementation was
1-bit of the minimum precision lower than the closest value which can be reached with the
10-bit precision to what was found to be optimum at higher precision. To illustrate, Table 6.2
demonstrates both the optimum e values found in software and the quantised values which
were utilised in the hardware implementation.

Table 6.2: The Optimum ¢ Values found with Software and the Quantised Ap-
prozimations Utilised in the Hardware Implementations

Implementation | Raw Arg ¢ | Raw Mag ¢ | Quantised Arg ¢ | Quantised Mag ¢
DBMC-50 9.6 0.04 9.0 0.0351585
DBMC-250 2.04 0.0079 1.5 0.00390625
DBMC-500 1 0.003 0.5 0
DBMC-1000 0.5 0.003 0 0

It was found that with these quantised e values feature clusters in feature space exhibited a
high degree of separation, in some cases separation was superior to feature space obtained
on 64-bit floating point values. Figure 6.29 (a) and (b) display the obtained feature space of
DBMC-1000 on high precision data and quantised data respectively, Figure 6.29 (¢) and (d)
also display the obtained feature space of DBMC-500 on high precision data and quantised
data respectively.
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Figure 6.29: A Comparison Between the Obtained Feature Spaces of High-
Precision Data and 10-bit Quantised Data at 40dB SNR

It can be seen in Figure 6.29 that the feature spaces are different in each case, this is due
to the € values being slightly different. However, despite the differences in each case there is
still a high degree of separation between clusters and strong performance is expected. The
performance differential illustrated in Figure 6.30 which shows the variation in the obtained
average accuracy between using high precision data and e values and quantised data and
€ values. In each case the obtained accuracy trends are somewhat different but not by a

significant degree.
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Thus, with a 10-bit datapath appropriate € values can be obtained by approximating the
values obtained with higher precision calculations and taking away a value equal to 1-bit
of the minimum precision. It was also found earlier in this chapter that optimum e values
for a dataset size of 5000 were smaller than for a dataset size of 1000. Implementation of a
5000-point classifier would necessitate an increase in the datapath precision to accommodate
the smaller £ values.

6.6 Hyperparameter Selection Conclusion

This chapter has discussed methods for optimising the various hyperparameters which are
required to operate the DBSCAN feature extractor. First, the DBSCAN dataset size was
discussed, it was shown that the minimum dataset size should be set to at least the value
of minPts multiplied by the largest expected number of arguments or magnitudes. It was
also shown that larger datasets result in larger feature spaces, which enables greater feature
cluster separation and therefore increases classification accuracy. However, as the hardware
implementation utilisation scaled with dataset size it was decided to keep this parameter at
the minimum required value.

It was also shown that minPts has a similar effect on the scale of the feature space to
the DBSCAN dataset size. It was also shown to result in feature clusters of reduced radii,
improving feature separation. Increasing the value of minPts necessitates an increase in the
dataset size for performance to be maintained, increasing both values may lead to further
gains in feature separation, but again it was decided to set minPts to the minimum suggested
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value of 2 to maintain a small implementation size.

The elbow point method in conjunction with 1-distance graphs were used to demonstrate
how the optimum ¢ values vary across SNRs and modulation schemes. It was shown that the
elbow point method is flawed when the 1-distance graph does not feature an instantaneous
change in gradient. The d-1 difference value and RMS methods were proposed as a stronger
selection algorithm, they were shown to result in ¢ values which provide increased classifica-
tion accuracy across all SNRs whilst also decreasing the subjectivity of the selection process
in comparison to the elbow point method. The newly proposed methods are recommended
for optimising the DBSCAN feature extraction algorithm.

Finally, it was discussed how the 10-bit datapath of the hardware implemented systems
necessitated the usage of quantised e values. It was shown that 10-bit values allowed for
enough precision to closely match the achieved performance when utilising 64-bit floating
point € values.



Chapter 7

Modulation Classification
Performance

The effects of each hyperparameter required to operate the classification system have now
been quantified, thus allowing for the classification performance to be discussed in the context
of these parameters. This chapter will present the classification accuracy against SNR per-
formance for each DBSCAN dataset size while including only the recommended modulation
schemes for each dataset size. For each of the following graphs the minPts hyperparameter
was set to 2 and the values of € were set to values found via the RMS method which will be
listed at the beginning of each individual section.

7.1 Classification Mechanism and Accuracy Degradation

Before the results of each DBMC configuration are provided, it is first necessary to provide
an explanation of the mechanism of classification and accuracy degradation. Throughout
this thesis the relative positioning of feature clusters in feature space has been used as a
tool to demonstrate the operation of the system. Perfect classification accuracy is obtained
when all feature clusters exhibit strong separation in feature space, thereby allowing for the
classifier to find strong decision boundaries. Accuracy is therefore reduced when feature
clusters overlap. In general, feature cluster overlap first occurs between high-order signals,
as the SNR falls feature clusters extracted from modulation schemes of progressively lower
orders begin to overlap with those of higher orders. In feature space this may be seen as one
large super feature cluster gradually absorbing feature clusters of progressively lower order
modulation schemes as the SNR falls.

Figure 7.1 (a), (b), (c), and (d) show the resulting feature space obtained on a dataset size
of 5000 at 30dB, 25dB, 20dB, and 15dB SNR respectively. The feature space shown in Figure
7.1 (a) shows the lowest SNR at which there is separation between the 3 high-order feature
clusters. In (b) there is little separation between the feature clusters of the two highest order
feature clusters, 256(QQAM has significant overlap with 512QAM and 1024QAM, 128QAM also
begins to overlap with the three highest order feature clusters. In (c) it can be seen that
all modulation schemes of orders 64 and greater overlap. Finally, in (d) 32QAM begins to
overlap with the feature supercluster.

161
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Figure 7.1: How QAM Feature Cluster Arrangement Varies Between SNRs 30dB
to 15dB

This is the mechanism of accuracy reduction, as the SNR decreases feature clusters begin to
overlap with increasing severity. At extremely low SNRs such as -10dB feature space will
appear to be one large overlapping cluster. Perfect classification accuracy could be maintained
to lower SNRs by selecting a dataset which consists of lower-order signals. For instance, in
this example 30dB is the lowest SNR at which near perfect accuracy is achieved. At 25dB
SNR 128QAM begins to overlap with the three highest order signals. However, should the
three highest order signals be removed from the dataset, perfect classification accuracy could
be maintained as low as 15dB SNR, as this is the SNR at which 64QAM and 128QAM first
see overlap in feature space.

The reason for the feature supercluster formation is that as SNR decreases the appearance
of the constellation diagrams of various modulation schemes becomes increasingly similar. For
example, at 20dB SNR the four highest order modulation schemes all lose clearly defined con-
stellation point separation and appear as a noisy cross or square, therefore the information
which the DBSCAN algorithm extracts is lost below certain SNRs. This leads to the cluster-
ing algorithm finding a similar number of argument and magnitude clusters for constellation



CHAPTER 7. MODULATION CLASSIFICATION PERFORMANCE 163

diagrams which reach this level of noise. The SNR where each modulation schemes constel-
lation diagram appears as shown in Figure 7.2 is dependent upon the order, higher-order
schemes begin with reduced separation between constellation points in a noiseless scenario,
they therefore require less noise corruption to reach this appearance.
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Figure 7.2: The Constellation Diagrams of High-Order QAM Signals at 20dB
SNR

7.1.1 PSK and APSK Accuracy Degradation Mechanism

Figures demonstrating feature space shown thus far in this thesis have primarily included only
QAM signals for visual clarity. However, the DBMC system is also capable of classifying PSK
and APSK signals, this section briefly describes the mechanism of accuracy degradation when
these signals are included in the training and testing dataset.

Similarly to QAM, PSK and APSK feature clusters begin to overlap as the SNR decreases.
However, these modulation formats tend to first form their own overlapping supercluster and
then superclusters begin to overlap at very low SNRs. Figure 7.3 illustrates the feature cluster
overlap from 20dB to 8db SNR.
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Figure 7.3: Feature Cluster Arrangement of QAM, PSK, and APSK Signals at
SNRs 20dB, 15dB, 10dB, and 8dB

Figure 7.3 (a), (b), (c), and (d) shows the resulting feature space when a dataset size of 5000
is employed to extract features from signals of 20dB, 15dB, 10dB, and 8dB respectively. In (a)
the high-order QAM signals exhibit significant overlap, 128 APSK and 64APSK also begin to
exhibit minor overlap, the PSK signals are well separated. In (b) 16PSK and 32PSK begin to
overlap, as do the 3 highest order APSK signals. In (c¢) the 8PSK feature cluster moves closer
to 16PSK and 32PSK and all APSK signals now exhibit at least some degree of overlap. In (d)
all PSK feature clusters overlap (other than 2QAM and 4QAM which could also be described
as BPSK and QPSK). Similarly, all APSK signals bar 16APSK overlap. 16APSK does not
overlap significantly with other APSK signals yet does overlap with the QAM supercluster
purely by chance, in this case 100% classification accuracy is lost on 16APSK due to the
inclusion of QAM signals in the dataset.
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7.2 Dataset Description

The dataset employed for training and testing the DBMC systems (as well as the SNR
estimation functionality) utilised both simulated and lab-captured signals. Simulated data
was used as extremely large datasets could be generated and managed easily; it was used as
test and training data. The lab-captured dataset was used solely as test data, no difference in
classification accuracy was observed between datasets generated by either method. Simulated
data was created for 17 different modulation schemes at SNRs from -10dB to 40dB, 6,000,000
I/Q samples were generated per SNR/modulation scheme combination. Simulated data was
generated with MATLAB R2021b [94], AWGN was the only signal impairment. QAM and
PSK signals were created using the wireless waveform generator toolbox, APSK signals were
created with a custom MATLAB script.

Lab-captured data was generated with the Rohde & Schwarz SMW100A [117] and cap-
tured with a Keysight N9030B PXA signal analyser [118]. Signals were generated at 50MSam-
ples/s with an intermediate frequency bandwidth of 160MHz, the signal analyser sampled
at a rate of 200MSa/s. Sample rate conversion was performed afterwards with MATLAB
R2021b [94]. Signals were radiated between horn antennae at a distance of 6cm and 75cm.
No signal impairments were applied other than AWGN. APSK signals were not captured in
the laboratory as the signal generator did not offer the functionality to do so, as such all
utilised APSK signals were generated with MATLAB R2021b with constellation point posi-
tioning set according to the DVB-S2X standard [119]. Figures 7.4 and 7.5 respectively show
a photograph and block diagram of the lab capture setup.
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Figure 7.4: Photograph of Horn Antennae Lab Data Capture Setup
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Figure 7.5: Block Diagram of Horn Antennae Lab Capture Setup

7.3 DBMC Modulation Classification Performance

Following the explanation of the mechanism of the DBMC accuracy degradation, the de-
scription of the employed dataset, and the details of the testing setup, every aspect of the
modulation classification system has been outlined. This section provides statistics for the
performance of each DBMC configuration.

In Chapter 5 the 4 different DBMC structures were discussed, each configuration has
a particular feature extraction dataset size and number of MLP output nodes. Chapter 6
discussed how the feature extraction dataset size limits the maximum order of modulation
schemes which can be classified accurately, therefore each DBMC configuration is limited to
classifying a particular set of modulation schemes. The maximum modulation order which
a configuration may classify accurately is governed by the number of expected argument
clusters, for instance DBMC-50 cannot accurately classify 32QAM as there is an expected
number of argument clusters of 28, thus the feature extraction dataset size is not large enough
to accommodate accurate feature extraction of this modulation scheme.

FEach configuration has the feature extraction dataset size denoted in the name of the
system, all systems use a minPts value of 2, ¢ values were obtained using the RMS method.
Hardware-implemented models had their € values set according the methods outlined in
Section 6.5, specific values will be provided at the beginning of the subsections that concern
each configuration.

Throughout the coming comparisons it can be seen in the provided figures that the
achieved classification accuracy on particular modulation schemes is highly variable, the
reason for this phenomenon is twofold. Firstly, as explained in Section 6.1 and throughout
this thesis, classification accuracy is wholly dependent on the spacing of the feature clusters
in feature space, as the SNR decreases the positioning of feature clusters varies therefore it
can sometimes be the case that two clusters with a high degree of overlap at a particular
SNR cease to overlap significantly at a lower SNR thus increasing the achieved accuracy on
each class. The second reason is that separate classifiers were trained at each SNR, when
feature clusters overlap each trained classifier tended to prioritise a specific class over others,
therefore the results graphs may show temporary spikes in accuracy of particular classes at
particular SNRs. The reason for one class being prioritised over another between SNRs when
feature clusters overlap is due to the randomness of weight initialisation at the beginning
of each training run. Results were averaged over 5 test runs to smooth out accuracy curves
but complete smoothness was not obtained. It should be assumed that once a class is clas-
sified with below 40% accuracy it is classified with an equivalent accuracy to all classes with
a similar accuracy. It can be seen that the average classification accuracy in general fol-
lows a consistent trend even despite this variability in classification accuracy, this is because
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when one class is prioritised by the decision boundaries found by the classifier another is
deprioritised thus resulting in a consistent average.

7.3.1 DBMC-50 Classification Performance

The first DBMC configuration to discuss is the smallest. DBMC-50 is limited to operating
on QAM, APSK, and PSK signals of orders up to and including 16. The argument and
magnitude € employed to obtain the following results was 9 and 0.0351585 respectively. Figure
7.6 displays the accuracy of the system on solely QAM signals.
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Figure 7.6: QAM Classification Accuracy (%) Against SNR (dB) of DBMC-50
on the QAM only Dataset

The system is shown to capable of achieving 100% classification accuracy at an SNR of 30dB
and greater. At 25dB a reduction in overall accuracy to 99% is obtained because of slight
feature cluster overlap between 8QAM and 16QAM. This overlap becomes increasingly severe
as the SNR decreases, as a result the accuracy of both highest order schemes drops at a similar
rate. At and below 10dB SNR 4QAM begins to significantly overlap with the higher order
supercluster, similarly 2QAM sees slight overlap at this SNR. At -5dB SNR the accuracy of
the system is 27%, an approximately equivalent rate to a random guess.

Figure 7.7 and 7.8 exhibit the accuracy of the DBMC-50 system when QAM, PSK, and
APSK signals up to an order of 16 are input.
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Figure 7.7: QAM Classification Accuracy (%) Against SNR (dB) of DBMC-50
on the Full Dataset
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The peak average accuracy is reduced by the inclusion of 16PSK and 16APSK, the model
misclassifies these two modulation schemes as each other even at the highest SNRs. At all
SNRs the inclusion of these signals results in a decrease in average accuracy in comparison to
using only QAM signals, this is shown by 2 of the 3 APSK and PSK signals lying below the
average accuracy curve. The system’s performance on the QAM signals remains similar to
the performance seen in Figure 7.6, perfect classification accuracy of individual modulation
schemes is lost at identical SNRs, the rate of accuracy degradation is also comparable to the
previous results. Peak average accuracy is lost at 25dB SNR, and approximate equivalency to
random guess accuracy is also obtained at -5dB SNR. The general trend of average accuracy
degradation is therefore similar across both comparisons, but the inclusion of 16PSK and
16APSK imposes a consistently lower average classification accuracy.

7.3.2 DBMC-250 Classification Performance

DBMC-250 is the second smallest configuration, it is limited to classifying modulation or-
ders up to 128 due to the feature extraction dataset size. The argument and magnitude &
values employed were 1.5 and 0.00390625 respectively. Figure 7.9 shows the classification
performance of the system on only QAM signals of orders up to and including 128QAM.

100
90
80

70

Classification Accuracy (%)

40 —&— 2QAM
—E— 4QAM
30 8QAM
—A— 16QAM
20 —5F— 32QAM
b 64QAM
10,k —&— 128QAM
I = = Average Accuracy
0 L L 1 1 ]
10 0 10 20 30 40

SNR (dB)

Figure 7.9: QAM Classification Accuracy (%) Against SNR (dB) of DBMC-250
on the QAM only Dataset

The peak accuracy of the system is 100% but this accuracy is only achieved at 40dB SNR,
at 35dB it falls to 99.68%, at 30dB it falls further to 98.31%. Below 30dB SNR the rate
of average accuracy reduction is in general consistent until -5dB. The reduced performance
in comparison to DBMC-50 is wholly explained by the inclusion of higher order modulation
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schemes. 64QAM and 128QAM are responsible for the initial reduction in average accuracy
from 100%. 32QAM begins to impose a reduction in average accuracy at SNRs of 20dB and
below. It can be seen that the system maintains an accuracy greater than 90% on the 3
lowest order QAM signals to a lower SNR than achieved by DBMC-50, therefore while the
average accuracy of DBMC-250 is reduced by including higher order modulation schemes,
the performance on low order modulation schemes is improved over the smaller model.

Figures 7.10 and 7.11 show the performance of the system when PSK and APSK signals
up to a respective order of 32 and 128 are included in the dataset. Like with DMBC-50, a
peak accuracy of 100% is not achieved. The inclusion of APSK and PSK signals results in
an accuracy greater than 98% only being achieved at 35dB and 40dB SNR. Furthermore,
the rate of average accuracy reduction with respect to the SNR is increased by the inclusion
of these signals. The performance of the system on QAM signals remains largely unaffected,
the majority of the reduction in performance is a result of the relatively weaker performance
of the system on 64APSK and 128 APSK bringing the average accuracy downwards.
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Figure 7.10: QAM Classification Accuracy (%) Against SNR (dB) of DBMC-250
on the Full Dataset
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Figure 7.11: PSK and APSK Classification Accuracy (%) Against SNR (dB) of
DBMC-250 on the Full Dataset

7.3.3 DBMC-500 Classification Performance

DBMC-500 is the second largest implemented DBMC classifier, it is limited to classifying
modulation schemes of orders up to and including 256. The utilised argument and magnitude
€ were 0.5 and 0 respectively. Figure 7.12 shows the classification accuracy achieved by the
system on purely QAM signals.

The system is shown to once again reach 100% classification accuracy at 40dB SNR, over
99% accuracy is also achieved at 35dB SNR. Below this SNR value the average accuracy
sees a linear decline as the SNR reduces until -5dB SNR, where a rate close to a random
guess is reached. The reduction in average accuracy is primarily driven by the inclusion of
256QAM which the system struggles to differentiate from 128QAM. At 25dB 64QAM begins
to contribute to the average accuracy reduction, then at 20dB SNR the accuracy of 32QAM
begins to rapidly decline. Every 5dB below 25dB SNR another modulation scheme sees a
rapid reduction in accuracy. However, despite the reduced average accuracy performance,
the accuracy of the system on signals which are common to both DBMC-50 and DBMC-250
is improved. Figures 7.13 and 7.14 show the accuracy when PSK and APSK signals up to
respective orders of 32 and 128 are included in the dataset.
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Figure 7.12: QAM Classification Accuracy (%) Against SNR (dB) of DBMC-500
on the QAM only Dataset
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Figure 7.14: PSK and APSK Classification Accuracy (%) Against SNR (dB) of
DBMC-500 on the Full Dataset

Perfect classification accuracy is not achieved by the system on this dataset, at 40dB an
accuracy of only 98.37% is obtained. This is due to the weak performance of the system on
the APSK signals at this SNR. However, the accuracy of the system on PSK and APSK
signals remains in general above 90% until below 25dB SNR, this contributes to an average
classification accuracy of greater than 90% being maintained until this SNR. Between 25dB
and 10dB SNR most modulation schemes fall from over 90% accuracy to below 30%, as such
there is a steep decline in average accuracy in this region. At 5dB SNR, all signals bar the 3
lowest order QAM signals are classified with sub 30% accuracy. Once again, the performance

of the system on QQAM signals remains largely unaffected by the inclusion of PSK and APSK
signals.

7.3.4 DBMC-1000 Classification Accuracy

DBMC-1000 is the largest implemented classification system, the feature extraction dataset
size imposes a limit to operating on signals with a maximum expected number of argument
clusters of 500, therefore the highest order modulation scheme included is 512QAM. The
utilised argument and magnitude € values were both 0. Figure 7.15 shows the results obtained
when a dataset consisting of only QAM signals is used as the training and test data.
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Figure 7.15: QAM Classification Accuracy (%) Against SNR (dB) of DBMC-

1000 on the QAM only Dataset
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While 100% accuracy is not achieved, 99.49% average accuracy is obtained at 40dB SNR, an
average accuracy greater than 95% is maintained at and above 30dB SNR. Below 30dB SNR
the typical linear decline in average accuracy can be seen. At all SNRs the system struggles
to differentiate between 256 QAM and 512QAM, at an SNR of 30dB and below, 128QAM is
also classified with a similar accuracy to these two higher order schemes. The performance
on signals shared with DBMC-50, 250, and 500 is improved in all cases. Finally, an accuracy
of near equivalence to a random guess is obtained at -5dB SNR. Figures 7.16 and 7.17 show

the performance of the system when PSK and APSK signals are included in the dataset.
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Again 100% accuracy is not achieved, even at 40dB SNR. In this case the reason is due to
the performance on the system on low-order signals. Chapter 5 discussed how the inclusion
of very high-order signals in the dataset necessitated optimising & values for performance
on these signals, this is a clear example where optimisation of the system for high-order
performance imposes a performance penalty on low-order signals at high SNRs. It was also
shown that optimum e values for high-order signals at high SNRs were similar to that of low-
order signals at low SNRs. Therefore, the accuracy of the low-order signal climbs again at
SNRs below 20dB. An average accuracy of above 90% is maintained until 25dB, below which
the accuracy undergoes the characteristic linear decrease. The accuracy of the high-order
QAM signals is unaffected by the inclusion of PSK and APSK signals, however the accuracy
of the low-order QAM signals is somewhat affected by misclassification as PSK or APSK at
higher SNRs, at SNRs below 20dB this misclassification ceases to occur. Equivalent accuracy
to a random guess is once again obtained at approximately -5dB SNR.

7.3.5 DBMC-5000 Classification Accuracy

This is the largest DBMC model which was tested. This model was not implemented in
hardware due to being too large to synthesise on the target FPGA, therefore these results
were obtained via software simulation and provided as an example of the upper limit of
performance of the DBMC classification system. The utilised argument and magnitude ¢

values were 0.1 and 0.0007 respectively. Figure 7.18 displays the obtained accuracy on a
QAM only dataset.
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Peak accuracy once again fails to reach 100%), the highest average accuracy is 97.76% which
is obtained at 40dB SNR. The reason for imperfect accuracy is primarily due to 4QAM,
8QAM, and 16QAM exhibiting approximately 95% accuracy at 40dB SNR. This is due to
the € values being optimised for high-order performance at high SNRs. 1024QAM is the
first signal to see a large performance reduction, unexpectedly it is 128QQAM which is the
second. 512QAM maintains over 90% accuracy as low as 25dB SNR, 256QAM momentarily
dips at 25dB SNR before returning to 100% accuracy at 20dB SNR and then subsequently
falling to 20% accuracy at 15dB SNR. All QAM signals common to the smaller configuration
see increased SNR resilience in this case. Equivalent average accuracy to a random guess is
obtained at -10dB. Figures 7.19 and 7.20 display the achieved classification accuracy when
the full dataset is employed for training and testing
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Figure 7.19: QAM Classification Accuracy (%) Against SNR (dB) of DBMC-
5000 on the Full Dataset
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Figure 7.20: PSK and APSK Classification Accuracy (%) Against SNR (dB) of
DBMC-5000 on the Full Dataset

The peak average accuracy is obtained at 30dB SNR which again is due to the reduced
accuracy on low-order signals at 35dB and 40dB SNR, as in other cases this is due to the &
values being tuned to maximise high-order accuracy. 100% accuracy is not obtained, with
the maximum achieved average accuracy being 97.15%. The average accuracy remains above
80% as low as 20dB SNR, it is primarily the accuracy of the system when classifying high-
order QAM signals bringing the average down, the high-order APSK signals apply upwards
pressure to the average accuracy, even as low as 10dB 128APSK is classified correctly with
greater than 80% accuracy. The SNR at which the accuracy is equivalent to a random guess is
-5dB. The accuracy obtained on the QAM signals is similar to that of Figure 7.18, indicating

the addition of PSK and APSK signals did not affect the classifiers performance on QAM
signals.

7.3.6 DBMC Performance Discussion

The average results of each DBMC configuration when utilising each dataset are shown in

Figure 7.21, Figure 7.22 displays the same results but magnified between 15dB and 40dB
SNR.
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Figure 7.21: Average Classification Accuracy (%) Against SNR (dB) Achieved
by each DBMC Configuration on each Dataset

100

——— — 5000 - QAM/PSK/APSK

5000 - QAM

————1000 - QAM/PSK/APSK

1000 - QAM

500 - QAM/PSK/APSK

500 - QAM

————250 - QAM/PSK/APSK

250 - QAM

——— — 50 - QAM/PSK/APSK

50 - QAM

40 s 1 1 1 1 I 1
10 15 20 25 30 35 40

SNR (dB)

Average Accuracy (%)

Figure 7.22: Awverage Classification Accuracy (%) Against SNR (dB) Achieved
by each DBMC Configuration on each Dataset, in the SNR range 10dB to 40dB



CHAPTER 7. MODULATION CLASSIFICATION PERFORMANCE 180

The first trend which can be identified is that all DBMC configurations in general follow a
similar sigmoid shaped pattern of accuracy degradation as the SNR, decreases. Between 25dB
and 40dB SNR the accuracy is in general greater than 90%, below 25dB SNR the accuracy
linearly declines until 0dB where the rate of accuracy degradation decreases. The primary
exception to this trend is DBMC-50 which achieves significantly greater accuracy at all SNRs
than other configurations. This trend demonstrates that when using the rule of including
only modulation schemes with expected numbers of argument clusters which are fewer than
half the dataset size results in comparable performance across systems. It was found in the
previous sections that progressively larger configurations achieved stronger performance on
modulation schemes which were common to the datasets of smaller configurations, it would
seem that this stronger performance balances the inclusion of comparatively more difficult
higher order schemes in the dataset.

Figure 7.22 shows clearly that the inclusion of PSK and APSK signals in the dataset
always results in a reduction in peak average accuracy, in every case each configuration obtains
a greater peak average accuracy when only QAM signals are utilised. However, in some cases
when PSK and APSK signals are included the peak average accuracy or a value close to
the peak average accuracy is maintained to a lower SNR than with a QAM only dataset.
Therefore, while the QAM only results may achieve a higher peak accuracy at 35dB and
40dB SNR, at 15dB, 20dB and 25dB the PSK and APSK results are higher than their QAM
only counterparts. This trend is only observed for the three largest DBMC configurations,
suggesting that these configurations are particularly effective at classifying PSK and APSK
signals whereas DBMC-50 and DBMC-250 struggle. The trend again reverses below 15dB
SNR where the PSK and APSK signals are once again shown to result in reduced average
accuracy compared to when only QAM signals are classified. Figure 7.20 clearly illustrates
why this is the case, between 30dB and 15dB SNR nearly all PSK and APSK signals are
classified with an accuracy greater than the average accuracy curve, above and below these
SNR values the inverse is the case.

It can also be seen that while the average accuracy trend of the DBMC systems demon-
strate a consistent degredation in accuracy as the SNR decreases, the accuracies of the system
on various modulation schemes can increase or decrease between SNRs. This is due to the
classifier prioritising particular classes when classes overlap because of random weight value
initialisation, a thorough explanation may be found in Section 7.3.

7.3.7 Selecting the Optimum DBMC System

When evaluating which DBMC system is the optimum choice for a desired application, the
maximum order of modulation scheme which is expected to be classified should be deter-
mined. The maximum number of expected magnitude or argument clusters should then be
determined using the methods outlined in Section 6.4.7, the minimum DBMC configura-
tion size is double this value. The hardware utilisation requirements of the target platform
should then be evaluated, smaller configurations will naturally result in reduced utilisation,
however, the results shown in this chapter demonstrate that larger configurations always
provide increased classification accuracy. Therefore, to maximise classification accuracy, the
largest DBMC configuration which is compatible with the target hardware platform should
be utilised.



CHAPTER 7. MODULATION CLASSIFICATION PERFORMANCE 181

7.4 Classification Accuracy Comparison

This section draws comparisons to other hardware implemented modulation classifier struc-
tures which have shown to be effective in the literature. The various DBMC sizes will have the
average classification accuracy across all compatible modulation schemes for a given system
determined, these averages will be plotted against SNR from -10dB to 40dB. It is important
to note that a comparison between two modulation classifiers may not be completely fair
due to different modulation schemes being included in the training and testing data, the
inclusion of lower order modulation schemes and the discounting of modulation schemes of
orders upwards of 64 will naturally increase average classification accuracy.

Each DBMC configuration will be compared with the systems which utilise similar datasets,
idealised performance of certain DBMC configurations, i.e. when only certain modulation
schemes are used in the dataset, will also be provided.

7.4.1 A Note on the Usage of RadioML Datasets

Throughout the literature review and the upcoming classification results comparison, the
RadioML.2016.10A and RadioML.2018.01A [41] datasets are frequently discussed as being
the datasets which many of the works in the literature utilised as their training and testing
data. Ideally this dataset would be utilised in the same manner for this thesis to make
comparison to other works easier and more direct, but this cannot be done for a number of
reasons.

Firstly, both RadioML datasets contain modulation schemes which are incompatible with
the algorithm on which DBMC relies upon, as DBMC relies upon a constellation diagram
clustering algorithm, naturally the modulation scheme requires a distinct constellation di-
agram in order for it to be classifiable, the AM analogue modulation schemes along with
OOK, and BPSK all produce the same result out of the two 1D DBSCAN modules making
them impossible for the classifier to distinguish between. Secondly, the RadioML dataset
is now not recommended by the creators due to the following: “These datasets are from
early academic research work in 2016/2017, they have several known errata and are NOT
currently used within DeepSig products. We HIGHLY recommend researchers develop their
own datasets using basic modulation tools such as in MATLAB or GNU Radio, or use REAL
data recorded from over the air!” The data used for our training and testing follows the ad-
vice of the RadioML creators as both recorded data and MATLAB generated data has been
used. Finally, and most importantly, both RadioML datasets are recorded with significant
sample rate offset which results in significant corruption of the constellation diagrams. It was
attempted to resample the dataset, but each sample was found to have a varying degree of
offset, and with 2,555,904 frames in total performing the resampling process this many times
was determined to be impossible.

Due to these issues, it was decided that generating a dataset of the same digital modulation
schemes which can be found in RadioML.2018.01A was the optimal method for providing a
fair comparison.
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7.4.2 Low-Order Comparison

The first comparison to draw is with systems which utilised a maximum modulation order
of 16. Included in the comparison are two hardware implementations: HISTO-SVM [20] and
the feature-based DT [21], a software classifier by Swami et al. which also utilised cumulants
is included due to strong performance [47]. All hardware implemented DBMC configurations
are included in the comparison, they were trained and tested on a dataset consisting of BPSK,
QPSK, 8PSK, and 16QAM as this array of signals most closely matches what was employed
by the works from the literature. Figure 7.23 displays the average classification accuracy
against SNR curves for each system.

100

90

80

70

60

50

40 —5— HISTO-SVM [20]

—<— Feature-based DT [21]
Software Cumulant [47]|
—4—DBMC-50

Classification Accuracy (%)

30 5L
2

P =

20 ' 7+ DBMC-250 1
| DBMC-500
10 ‘ —— DBMC-1000 _
|
0 LooEooEoc05S . L
-10 0 10 20 30 40
SNR (dB)

Figure 7.23: Average Classification Accuracy (%) Against SNR (dB) Achieved
by each Hardware-Implemented DBMC' Configuration and the Strongest Low-Order
Classifiers from the Literature on a Dataset with a Mazimum Modulation Order
of 16

Beginning the comparison with the proposed systems, the performance of each DBMC con-
figuration is relative to the feature extraction dataset size as expected. DBMC-50 sees a
significant decline below 15dB SNR, DBMC-250 and DBMC-500 exhibit a similar decline
below 10dB SNR, DBMC-1000’s decline is severe below 5dB SNR. There is no significant
difference between the performance of DBMC-250 and DBMC-500. It can also be noticed
that DBMC-500 and DBMC-1000 suffer a slight reduction in accuracy between 15dB and
30dB SNR, this is due to the ¢ parameters being tuned to optimise low SNR performance.
The hardware-implemented feature-based DT [21] is the weakest performing system from
the literature in the comparison. DBMC-50 and this system both exhibit their first decline
from perfect accuracy at 15dB SNR, however the performance degradation of DBMC-50 is
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far less drastic than the cumulant classifier. Overall, it can be concluded that DBMC-50 is
the superior classifier due to losing perfect accuracy at the same SNR and having superior
SNR robustness. As the other DBMC configurations are superior to DBMC-50 in terms of
noise robustness it can be said that they are also superior classifiers to the cumulant classifier.

DBMC-1000 is the only configuration of the proposed method which achieves compara-
ble performance to HISTO-SVM [20] and the software-implemented cumulant classifier [47].
Discounting the temporary loss of perfect accuracy of DBMC-1000 between 30dB and 15dB
SNR, both DBMC-1000 and HISTO-SVM lose 100% accuracy at 8dB SNR, but only by a
single percentage. At 5dB SNR all three models achieve an average accuracy in the region
of 97%. At 3dB SNR DBMC-1000 has an accuracy which is 8% lower than the cumulant
classifier and 10% lower than HISTO-SVM. At no point below this SNR does DBMC-1000
outperform HISTO-SVM, however below 0dB DBMC-1000 achieves a higher accuracy than
the cumulant classifier. Despite the weaker SNR robustness to the two models from the liter-
ature it can be said that DBMC-1000 is at least on par in terms of the SNR at which perfect
classification accuracy is lost.

7.4.3 Medium-Order Comparisons

This section compares the performance of DBMC systems to classifiers from the literature
which provided results when utilising a dataset with a maximum modulation order of 64.
There were no examples of hardware-implemented classifiers which utilised a dataset such
as this, therefore this comparison will be to the strongest performing software-based models.
In the literature review the LSTM [15] was found to be the best performing I/Q accepting
deep learning model, FiF-Net [57] was determined to be the best image-based deep learning
classifier, and the software-implemented cumulant classifier proposed by Zhou et al. [48]
was found to be the strongest feature-based classifier. Therefore, each of these models are
included in the comparison figure. The dataset employed to generate the DBMC results was
designed to match the digital signals found in the RadioML.2016.10A dataset, it featured
2QAM, 4QAM, 8PSK, 16QAM, and 64QAM. DBMC-250 is the smallest configuration which
is capable of classifying a dataset which includes 64QAM. Figure 7.24 displays the results of
the DBMC systems alongside the systems from the literature.
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Figure 7.24: Average Classification Accuracy (%) Against SNR (dB) Achieved
by the 8 Largest Hardware-Implemented DBMC Configurations and the Strongest
Medium-Order Classifiers from the Literature on a Dataset with a Mazimum Mod-
ulation Order of 64

There is no DBMC configuration which maintains its peak accuracy to as low an SNR as either
DL-based classifier as both examples maintain this level of performance until approximately
4dB SNR. Where DBMC models have the advantage over the DL model is the value of
the peak accuracy, the I/Q accepting CNN can only reach a maximum average accuracy
of 92% whereas DBMC reaches 100% in all cases. The results exhibited by the DBMC
models are more comparable to the feature-based classifier [48]. All DBMC configurations
are demonstrated to be capable of reaching 100% accuracy whereas the cumulant classifier
only reaches 99%), a minor difference overall. The two smaller DBMC configurations lose 100%
accuracy 6dB earlier than the system from the literature, discounting the slight reduction
in accuracy shown by DBMC-1000 above 15dB, this system maintains peak accuracy to an
SNR 1dB greater than the cumulant classifier. The rate of accuracy degradation is similar
between all feature-based classifiers, [48] has superior accuracy between 15dB and 10dB SNR,
below 10dB SNR DBMC-1000 exhibits a higher accuracy.

To conclude this comparison, no DBMC configuration achieves the low SNR performance
exhibited by the DL-based classifiers, but all configurations improve upon the peak accuracy
achieved by the LSTM. DBMC-1000 achieved comparable results to the feature-based clas-
sifier, DBMC-250 and DBMC-500 matched the high SNR and low SNR performance but lost
their peak accuracy 6dB and 11dB higher. ModNet is the strongest classifier in the compar-

ison owing to achieving 100% accuracy and maintaining this level of performance above 3dB
SNR.
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7.4.4 High-Order Comparisons

Next the DBMC systems will be compared with models from the literature which are demon-
strated to capable of classifying orders up to 256. The dataset used to generate the DBMC
results used all QAM, PSK, and APSK signals which are included in the RadioML.2018.01A
dataset as this is the dataset used by the majority of systems in the comparison. The smallest
DBMC model included in the comparison is DBMC-500 as this was the smallest model found
to be capable of classifying signals up to an order of 256.

The results from the literature are taken from the strongest performing software and hard-
ware models. RUNet [39] and MobileNetV3 [18] were found to be the hardware implemented
models which achieved the strongest performance. ResNet, CNN/LSTM with attention, and
the Subtractive Clustering algorithm-based classifier [51] were the only software models that
utilised a dataset which included modulation schemes of orders this high. Figure 7.25 displays
the average accuracy against SNR of each system in the comparison.
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Figure 7.25: Average Classification Accuracy (%) Against SNR (dB) Achieved by
the 2 Largest Hardware-Implemented DBMC' Configurations, DBMC-5000, and the
Strongest High-Order Classifiers from the Literature on a Dataset with a Maximum
Modulation Order of 1024

Beginning with the hardware implemented models, DBMC-500 and DBMC-1000 both achieve
a higher peak average accuracy than RUNet and MobileNetV3, however this advantage is lim-
ited to SNRs of 30dB and higher. Below 30dB each DBMC configuration exhibits a significant
reduction in average accuracy, demonstrating inferior robustness to noise. The DBMC-5000
model which was not implemented in hardware maintains a higher accuracy above 20dB
SNR but again is shown to have reduced robustness to noise. The same conclusions may be
drawn when comparing to ResNet and the CNN/LSTM with attention, compared to both
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models the DBMC systems all achieve a higher peak accuracy but do so at very high SNRs.
The model with which there is a greater similarity in terms of accuracy across SNR is the
clustering-based model, here the clustering-based model achieves 100% accuracy and main-
tains this performance level above 15dB SNR. The trend of accuracy degradation is similar
to that of DBMC-1000 but generally a higher classification accuracy is achieved by the model
from the literature. At all SNRs the clustering-based classifier outperforms DBMC-500 and
DBMC-1000, although it does so using a more limited dataset consisting of only QAM sig-
nals with orders 4 to 256. A more direct comparison between clustering-based methods and
DBMC models will be provided in the following section.

7.4.5 5G Dataset Performance Comparisons

The comparisons provided in the previous sections utilise DBMC results where the dataset is
designed to match what was utilised by the systems in the literature to enable a more direct
comparison. This section explores realistic performance of DBMC as if were utilised within
a 5G or 6G CR scenario. 5G currently employs 4QAM, 16QAM, 64QAM, and 256QAM,
each modulation scheme is utilised for differing channel conditions and data rate requirement
scenarios [2]. The comparisons provided in this section are not necessarily fair as the sys-
tems from the literature were tested with a wider array of different signals, these results are
primarily to demonstrate the maximum level of performance which can be achieved by the
DBMC system. Figure 7.26 shows the obtained average accuracy when DBMC-500, DBMC-
1000, and DBMC-5000 are trained and tested on the QAM signals utilised in 5G alongside
the results of some of the strongest high-order classifiers from the literature.
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Figure 7.26: Average Classification Accuracy (%) Against SNR (dB) Achieved by
the 2 Largest Hardware-Implemented DBMC Configurations, DBMC-5000, and the
Strongest High-Order Classifiers from the Literature on a Dataset which includes
4QAM, 16QAM, 64QAM, and 256QAM

When employing the 5G modulation scheme dataset the average accuracy achieved by the
DBMC systems are improved at all SNRs. All systems achieve 100% accuracy at an SNR, of
30dB and higher, superior accuracy to the two hardware-implemented CNNs is maintained
as low as 25dB SNR for DBMC-500 and DBMC-1000 and 20dB for DBMC-5000. However,
the robustness to noise is still inferior to the systems from the literature by a significant
margin. However, in Section 7.1.1 it was demonstrated that QAM, PSK, and APSK signals
form their own overlapping clusters in feature space. By using 16PSK rather than 16QAM
and 64APSK rather than 64QAM the results shown in Figure 7.27 are obtained.
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Figure 7.27: Average Classification Accuracy (%) Against SNR (dB) Achieved by
the 2 Largest Hardware-Implemented DBMC Configurations, DBMC-5000, and the
Strongest High-Order Classifiers from the Literature on a Dataset which includes
JQAM, 16PSK, 64APSK, and 256QAM

In this case 100% accuracy is maintained as low as 10dB SNR for DBMC-1000 and 8dB
DBMC-5000. These results mean that the two largest DBMC configurations outperform the
two I/Q accepting CNNs at all SNRs greater than 5dB and maintain peak accuracy to a
lower SNR. DBMC-5000 is even found to maintain over 95% accuracy to a lower SNR than
any high-order classifying system which can be found in the literature. DBMC-1000 is shown
to closely match the accuracy achieved by M-CNN, the high-order classifier which maintains
100% accuracy to the lowest SNR of any system.

The caveat to the results shown in Figure 7.27 is that they require the usage of a particular
set of modulation schemes. As 5G systems are currently only equipped with the hardware to
transmit data with QAM, upgrades to infrastructure would be required to accommodate the
usage of 64APSK and 16PSK. The results however do demonstrate that performance equiv-
alent to the strongest DL-based classifiers can be matched or even improved upon by DBMC
systems if these modulation schemes are employed. Therefore, perhaps if future generations of
communications standards include the functionality to utilise the stated modulation schemes,
then DBMC would be an extremely viable candidate technology for achieving lightweight,
quick, and accurate CR functionality.

7.4.6 Clustering Classifier Comparisons

The performance of the various DBMC configurations has now been compared to the strongest
classifiers from the literature in multiple test scenarios. This final comparison section will
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evaluate how the proposed modifications made to the DBSCAN algorithm have affected
the classification performance by drawing comparisons to other clustering-based modulation
classifiers. The 5G dataset was used to obtain the results presented in this section. Figure
7.28 compares the performance of DBMC-500, DBMC-1000, and DBMC-5000 with the 2D
DBSCAN [37] and Subtractive Clustering classifier [51].

100 B
90 [
a’é“ 80 [
>
8]
® 70r
3
8]
<
c 60
o]
g
= 50
@ —&— DBSCAN [37]
8 &— Subtractive-Large Dataset [51]
© 40r Subtractive-Small Dataset [51]
—&— DBMC-500
30 L 7— DBMC-1000
bt ey DBMC-5000
20 I--IL'? | I | |
-10 0 10 20 30 40
SNR (dB)

Figure 7.28: Average Classification Accuracy (%) Against SNR (dB) Achieved
by the 2 Largest Hardware-Implemented DBMC' Configurations, DBMC-5000, and

the Clustering-Based Classifiers from the Literature on a Dataset which includes
4QAM, 16QAM, 64QAM, and 256QAM

Figure 7.28 shows that the average classification accuracy all DBMC configurations are ap-
proximately equal to that of the 2D DBSCAN modulation classifier. DBMC-1000 maintains
100% accuracy to an SNR 1dB higher than the 2D DBSCAN classifier, although it may be
the case that both systems achieve this level of accuracy at the same SNR as there is no
datapoint at 24dB SNR for DBMC-1000. DBMC-5000 achieves 97.8% accuracy at 20dB
whereas the 2D DBSCAN classifier drops to 81% accuracy at this SNR. DBMC-500 loses
perfect accuracy below 30dB SNR. Below 20dB SNR all DBMC systems follow a rate of
accuracy degradation which is approximately equivalent, the 2D DBSCAN classifier’s rate of
degradation is stepped which results in either a greater or inferior accuracy being achieved
a certain SNRs. The 2D DBSCAN algorithm reaches an equivalent accuracy to a random
guess at 8dB SNR, 8dB higher than DBMC-500.

The fact that all DBSCAN based systems lose 100% accuracy at a similar SNR sug-
gests an inherent limitation of the algorithm, despite the differing mechanisms for feature
extraction and optimisation techniques all systems achieve similar performance in this re-
gard. The difference between the rates of accuracy degradation may be attributed to the
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employed classifier model, the 2D DBSCAN system used a decision tree with hard decision
thresholds, once the extracted number of clusters for a particular modulation scheme passed
below a certain threshold the accuracy of the system at classifying that particular modulation
scheme drops to 0% which explains the stepped nature of the accuracy reduction. Perhaps
by employing a classifier capable of finding nonlinear decision boundaries the 2D DBSCAN
system could match the low SNR performance of DBMC. DBMC was designed to be capable
of classifying PSK and APSK signals as well as QAM signals which is a capability that the
2D DBSCAN algorithm does not possess, this comparison demonstrates that the inclusion
of this functionality does not sacrifice performance on QAM signals. Furthermore, the 2D
DBSCAN algorithm used feature extraction dataset sizes of 10,080 which is over double that
of DBMC-5000, DBMC is therefore demonstrated to have the capacity to achieve comparable
performance with a dataset size which is over 10x smaller in the case of DBMC-1000.

Despite matching the performance achieved by the DBSCAN clustering algorithm from
the literature, no DBMC configurations are able to match the performance achieved by the
subtractive clustering algorithm. Even with the larger dataset which includes 32QAM and
128QAM the subtractive clustering algorithm system achieves equal or superior accuracy
above an SNR of 3dB. When utilising the small dataset, which is equivalent to what was
used by DBMC, the performance far exceeds that of the DBMC systems, notably 100% ac-
curacy is maintained as low as 6dB SNR. However, similarly to the results shown in the
previous section, if 16PSK and 64APSK are used instead of 16QQAM and 64QAM, the accu-
racy achieved by DBMC-5000 can be made to approximately match that of the subtractive
clustering algorithm, this is shown in Figure 7.29.
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Figure 7.29: Average Classification Accuracy (%) Against SNR (dB) Achieved
by the 2 Largest Hardware-Implemented DBMC' Configurations, DBMC-5000, and
the Clustering-Based Classifiers from the Literature on a Dataset which includes
JQAM, 16PSK, 64APSK, and 256QAM

Figure 7.29 demonstrates that when employing the dataset consisting of 16PSK and 64APSK
the average accuracy achieved by DBMC-5000 can match that of the subtractive clustering
algorithm. DBMC-1000 and DBMC-500 cannot achieve 100% accuracy to as low an SNR
as the subtractive algorithm, however DBMC-1000 does come close. While the datasets are
different, the orders of the employed modulation schemes are equivalent. These results would
not be possible without the modifications to the DBSCAN algorithm proposed in this thesis,
this fact shows that proposed modifications enable the DBSCAN algorithm to achieve a level
of performance which would otherwise be impossible. Thus, the proposed algorithm results
in a marked improvement over the traditional algorithm under certain conditions.

7.5 Classification Comparison Conclusion

The various DBMC configurations have now had their average classification accuracy com-
pared with the best performing systems found in the literature.

No hardware implementations could be found which employ a maximum modulation order
of 64 in the training and testing dataset, therefore comparisons were drawn to the strongest
software-based implementations. It was found that DBMC-250, DBMC-500, and DBMC-1000
could match the accuracy of the strongest feature-based system at all SNRs. However, no
DBMC configuration could match the noise robustness exhibited by DL modulation classifiers,
although 100% accuracy was obtained which the LSTM [15] failed to reach.
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Comparisons with systems from the literature tested with high-order datasets found that
while DBMC achieved a higher peak accuracy than the DL models, the robustness to the
effects of noise were once again inferior. DBMC-5000 achieved a greater accuracy than RUNet
[39] and MobileNetV3 [18] above 20db SNR, DBMC-500 and DBMC-1000 only achieved this
feat above 30dB SNR. The algorithm to which the performance of the DBMC systems was
most similar was the subtractive clustering feature extraction classifier.

Section 7.5.5 presented another high-order comparison, but the DBMC results were ob-
tained using a dataset consisting of the QAM signals utilised in 5G communications. The
performance of DBMC-500 and DBMC-1000 was somewhat improved but an accuracy greater
than that of the I/Q accepting CNN classifiers was only achieved at an SNR of 25dB and
higher. It was then shown that by utilising 16PSK and 64APSK instead of 16QAM and
64QAM the average accuracy of DBMC-1000 was greater than that of the I/Q accepting
CNNs at all SNRs above 5dB, the performance as also equivalent to the constellation dia-
gram accepting M-CNN [58] at all SNRs greater than 3dB.

The final comparisons were made with other clustering feature extraction methods to eval-
uate how the proposed changes to the DBSCAN algorithm affected performance. When using
the 5G QAM dataset it was found that all DBMC configurations of sizes greater than 500
achieved approximately equivalent classification performance to a 2D DBSCAN modulation
classifier [37] as 100% accuracy was maintained to an SNR of 24/25dB. Despite the DBSCAN
modifications and proposed enhancements to the hyperparameter optimisation process, the
accuracy of DBSCAN could not be made to match that of the Subtractive Clustering algo-
rithm. However, by once again employing 16PSK and 64APSK the peak accuracy achieved
by DBMC-5000 was maintained to an equivalent SNR as the subtractive clustering algo-
rithm. DBMC-1000 also saw a large improvement when utilising this dataset as near perfect
accuracy was maintained as low as 10dB SNR.

The findings from these comparisons show that regardless of the maximum order of mod-
ulation scheme included in the dataset, the largest DBMC systems can match or outperform
all feature-based classifiers apart from the subtractive clustering algorithm. With a maxi-
mum order of 16 DBMC-1000 matched the accuracy of HISTO-SVM [20] and the strongest
software-based cumulant classifier [47]. With a maximum order of 64 DBMC-1000 matched
the accuracy achieved by a cumulant classifier [48]. DBMC-5000 came close to matching the
performance of the Subtractive Clustering algorithm [51] with a maximum modulation order
of 256.

The comparisons have also shown that DL-based classifiers can classify at their peak
accuracy to a much lower SNR than the DBMC systems. DL classifiers generally maintain
peak accuracy down to 10dB SNR whereas DBMC loses peak accuracy between 20dB and
35dB. DBMC has been shown to be capable of reaching 100% classification accuracy while
I/Q accepting DL classifiers only reach a maximum of 92-94%, however constellation diagram
accepting CNNs are shown to be able to achieve 100% accuracy as low as 10dB SNR. The
tests when utilising the 5G QAM signal set showed a slight improvement in accuracy for the
DBMC systems, only when the dataset was specifically constructed to maximise accuracy by
including 16PSK and 64APSK did DBMC-1000 and DBMC-5000 match the noise robustness
of the DL systems as 100% accuracy was maintained until 10dB and 8dB SNR respectively.
Therefore, DL classifiers have been found to be more versatile classifiers than DBMC owing
to the stronger performance on more varied and larger datasets, however the performance of
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DBMC with the 16PSK and 64APSK 5G dataset demonstrates that equivalent performance
can be achieved by the proposed model in a 5G CR scenario.



Chapter 8

NDA SNR Estimation Performance

The DBSCAN algorithm was selected as the focus for development in part because it had
previously been shown to provide SNR estimation functionality. As discussed in the intro-
duction to this thesis, SNR estimation is a key function which a CR enabled system should be
capable of performing. This SNR estimator reuses the hardware of the modulation classifier
and therefore a single implementation of the DBMC system can perform both tasks, the fol-
lowing section will outline the minor but necessary modifications to realise this functionality,
comparisons to other SNR estimator’s hardware implementations will be provided in case this
system is required to be implemented in the absence of DBMC functionality. Following this,
the operation of the SNR estimator will be described and explained. Finally, the accuracy of
the SNR estimator in comparison to other methods found in the literature will be presented.

8.1 SNR Estimator Hardware

SNR estimation functionality may be realised with the same hardware structure as modula-
tion classification; therefore Chapter 5 provides a detailed description of the structure of the
SNR estimation implementation.

Despite the reuse of hardware, two modifications to stored values within the system are
required to enable SNR estimation functionality:

e Tuning ¢ to optimise between SNR Estimation/modulation classification functionality,
specific € values are required for each modulation scheme in SNR estimation mode.

e Tuning MLP weights between SNR Estimation/modulation classification functionality,
again specific weight values are required for each modulation scheme in SNR estimation
mode. The MLP operates as a regressor in this case, thus all but one output node weight
value is set to 0.

Both modifications are to values which are stored in LUTs, to achieve SNR estimation func-
tionality all that is required is a change in the values contained within the LUTs. Ideally, the
proposed system structure would be capable of switching between sets of weight and ¢ values
depending upon the function which is required to be performed, however this functionality
was not implemented due to time constraints. Enabling the ability to switch between func-
tionalities requires storing all the e and weight values simultaneously. Additionally, logic and

194
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control hardware would be required to manage loading of the required parameter values which
enables switching between functions. Storing an array of different values has a minor effect
upon the hardware implementation size, in comparison the rest of the system the increase is
negligible.

To demonstrate the required increase in utilisation, the required additional storage for
the largest 17 output node MLP configuration is given: there are 57 weights and biases
required to operate the MLP, each stored as a signed 16-bit fixed point value, similarly, the
two € values are stored as unsigned 10-bit fixed point values. In total there is therefore
932 bits of data required to achieve a classification function. However, the SNR, estimation
operation requires the MLP operate as a regressor, this functionality requires only a single
output node and thus only 6 weights, 3 biases, and 2 € values would be required to be stored
per modulation scheme, a total of 164 bits. An SNR estimator with this MLP configuration
would be expected to operate on 17 different modulation schemes and estimating the SNR
of differing modulation schemes requires a different set of parameters. Therefore, to obtain
the functionality to estimate the SNR of 17 modulation schemes requires the storage of 17
sets of 164 bits of data, which is equal to 2788 bits. Including the values required for AMC
necessitates an additional 928 bits per SNR, bringing the total to 14,852 bits or 1.8565KB
of storage. These additional weight, bias, and & values could be stored as ROM within the
FPGA fabric or in memory, whichever is preferable to the designer.

The complexity of the control hardware required to manage the selection of the required
values for a particular SNR estimation or modulation classification task can vary depending
on how a user desires the system to operate. For example, an implementation which requires
more direct control from a user could feature a method of user input such as a keypad which
allows for the selection of their desired functionality, the input would be connected to the
LUTSs which contain the stored values and outputs of said LUTs would connect to the MLP
and DBSCAN modules, the user input would therefore control which stored values are used
as MLP weights and . A more automatic implementation may alternate between modulation
classification and SNR estimation, differing ratios of modulation classification to SNR estima-
tion operations may be performed with this method, for example 10 modulation classification
operations could be performed, the most frequently occurring classification result could then
be taken and the required weights and e values for said modulation scheme could then be
loaded, 5 SNR estimation operations could then be performed and the average of the results
may be taken as the SNR. This could be implemented with a state machine controlling the
LUT output as well as additional registers to hold the most recent modulation classification
outputs.

8.2 Prior DBSCAN SNR Estimation Mechanisms

One of the reasons why DBSCAN was selected as the feature extraction mechanism in this
work was that it had previously been demonstrated to have the ability to provide SNR
estimation capabilities as well as AMC functionality. The work which used DBSCAN in
this manner was created by Zhao et al. [38], they used the ratio shown in Equation 8.1 as a
measure of constellation point density:

_

R=
D)

(8.1)
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Where () represents the number of core points in D, D represents the whole set of datapoints,
and || denotes the total number of each variable. As explained in Section 3.6.1, DBSCAN
labels core points as being clustered points which have at least minPts other datapoint within
their € neighbourhood. As SNR decreases the density of constellation points also decreases,
this ratio therefore provides a measure of the density of the constellation diagram as naturally
the number of core points decreases as the density decreases. This is shown in Figure 8.1 where
16QAM at 20dB and 10dB can be seen, it can be seen how the majority of the datapoints at
20dB are found to be core points whereas at 10dB the majority of the datapoints are not.
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Figure 8.1: The Core Points Found by DBSCAN on the 16QAM Constellation
Diagram at an SNR of 20dB and 10dB

The authors found the value of R at each SNR and constructed a 4th order polynomial which
fit the pattern of R value reduction as the SNR was decreased. Using the obtained R values
from Equation 8.1 and the polynomials the system could then estimate the SNR. Different
polynomials were required for each modulation scheme.

8.2.1 The SNR Estimation Mechanism of the Proposed System

In Section 4.2 which covered the creation of the optimised DBSCAN algorithm proposed
by this work it was stated that the functionality to label core points was not implemented.
Furthermore, the proposed DBSCAN feature extractor does not operate on the constellation
diagram itself. Due to these two factors, SNR estimation cannot be performed using the
same mechanism as in the previously discussed work. However, the ratio R was used as a
proxy for determining constellation point density, by finding a different mechanism to use as
a measure of the density it is possible to perform blind SNR estimation in a similar manner.

The DBSCAN feature space diagram was used in prior sections to demonstrate how the
two 1D DBSCAN operations produce feature clusters which can be used by an MLP for
modulation classification purposes. The two 1D DBSCAN algorithms produce two values
representing the number of arguments and number of magnitudes of a constellation diagram,
these numbers are combined and create feature clusters on the DBSCAN output scatter.
Ideally, each modulation scheme was represented by an individual cluster of points on the
DBSCAN output scatter chart with clearly defined boundaries and a large amount of sepa-
ration to nearby clusters, this generally what was produced when DBSCAN was applied to
40dB SNR data. It was explained that deterioration of classification performance occurred
when these clusters began to overlap as SNR decreased, this occurred because as the influ-
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ence of noise on the constellation diagrams grew, the DBSCAN system became less capable
of accurately clustering the argument and magnitude data, finding a lower number of clusters
than expected, as noise levels increased the number of clusters found decreased proportionally,
causing a drift of clusters towards the origin. This is the mechanism by which DBMC can
estimate the SNR of a signal. Therefore, rather than using R as a measure of constellation
point density, the obtained numbers of arguments and magnitudes may instead be used.

To illustrate an example, when 40dB data is applied to both 1D DBSCAN algorithms the
maximum number of magnitude and argument clusters will be found. As the SNR, decreases
S0 too will the number of magnitude and argument clusters, in feature space this can be seen
as the feature cluster moving from the 40dB position towards the origin, the location of the
cluster is proportional to the SNR of the signal, therefore an MLP classifier can be trained
to output the input signal’s SNR according to the position of the cluster in feature space.
Figure 8.2 illustrates this by showing how the position of the 4QAM cluster moves towards
the origin as the SNR is decreased from 40dB SNR to 0dB SNR.
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Figure 8.2: The Resulting Feature Space when DBSCAN is Applied to 4QAM
Data of SNRs -10dB to 40dB

As can be seen in Figure 8.2, the 40dB cluster represents the greatest value of argument and
magnitude clusters, every decrease in SNR moves the obtained cluster towards the origin
until at 0dB the cluster lies at the minimum value of argument and magnitude clusters. In
the case of modulation classification, the feature clusters represented categorical classes, in
this case the clusters represent values of a continuous distribution, the SNR of the signal.
Furthermore, the relationship between the feature cluster location and the signal SNR also
follows a continuous trend. Therefore, rather than training the MLP to classify the feature
clusters’ location as distinct SNR classes, it can be trained as a regression model to learn
the relationship between SNR value and cluster position in feature space. This enables the
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system to estimate the SNR of signals which have SNRs which are not represented in the
training dataset. For instance, a 4QAM signal of 37.5dB SNR would likely result in a value
of the number of argument and magnitude clusters being found which lied in feature space
between the 40dB and 35dB cluster. In this case a classifier would provide an SNR estimate of
either 35dB or 40dB, guaranteeing a minimum error of 2.5dB. A regression model learns the
relationship between SNR and cluster location and would therefore be capable of estimating
the SNR as 37.5dB.

Notice how in Figure 8.2 SNR value feature clusters greater than 5dB show strong sep-
aration, and SNR values below 5dB are closely spaced towards the origin, much like with
classification tasks, a stronger degree of separation results in reduced estimation error, it
would therefore be expected that the feature arrangement shown in Figure 8.2 would result
in low error at high SNR and a higher error at lower SNR. To compare error the metric MSE
in generally used, it is defined in Equation 8.2:

n

st 37057 52
=1

Where n is equal to the number of estimation algorithm executions, Y; is the true SNR,

and (Yi)is the estimated SNR. With this metric defined, a plot of the obtained MSE over 10
estimation operations is shown in Figure 8.3.
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Figure 8.5: MSE Against SNR (dB) Characteristics for DBSNR-5000 with a
1024QAM Input

As implied by the feature space diagram in Figure 8.2, Figure 8.3 shows that the reduced
feature cluster separation results in a greater error being obtained due to the SNR to feature
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cluster relationship being less well defined. A more severe example can be seen when viewing
the feature space and MSE against SNR curve of 1024QAM, these may be seen in Figures
8.4 and 8.5 respectively.

In Figure 8.4 there is strong separation between the high SNR clusters, implying a strong
estimation accuracy would be achieved. Conversely, for clusters representing SNRs less than
10dB there is near total cluster overlap, there is no clearly defined relationship between SNR
and feature cluster location for the MLP to learn in this case, a high degree of error is therefore
guaranteed. The -10dB cluster is somewhat separated from the highly overlapping clusters
from -5dB to 10dB SNR but still exhibits a small degree of overlap. It would be expected
that the error of the system at -10dB would be smaller in comparison but not to the same
degree as high SNR data. Figure 8.5 confirms these predictions, SNRs between 10dB and
-5dB exhibit a high degree of error whereas at higher SNRs the error remains consistently
low.

To summarise the SNR estimation mechanism, the DBSCAN 1D feature extraction mech-
anism finds a variable number of magnitude and argument clusters which is proportional to
the signal SNR. The obtained number of clusters is used as a proxy for determining the
density of the constellation diagram. A regression model learns the relationship between
the extracted number of argument and magnitude clusters and the SNR to estimate future
inputs. Strong separation between SNR clusters is a requirement for the regression model to
learn the relationship accurately.

8.3 SNR Estimation Results

Now that the operation of the DBSCAN SNR estimator has been explained the overall results
can be presented. In the DBMC results section it was shown that implementations with larger
dataset sizes in general provide a higher level of accuracy, up to a limit of approximately a
dataset size of 5000. It was also found that the proposed systems in general exhibited stronger
performance on low order as well as PSK and APSK signals as opposed to QAM. This section
will evaluate the performance of the proposed SNR estimation system and look to identify
similar trends.

As with the modulation classifier, the proposed hardware implementation structure did
not allow for synthesis of the size 5000 model, the results are provided purely to illustrate the
upper bounds of performance of the proposed mechanism. Results will be provided in terms of
both MSE and the average estimated SNR against the true SNR. In both cases the number
of tests performed to obtain the provided values was 10. Utilised € values were obtained
using the RMS method detailed in Chapter 6, the values used for modulation classification
and SNR estimation are consistent across dataset sizes for both operations, the beginning of
each dataset size results section will restate the utilised values. minPts values were always
set to 2. The dataset itself is the same as was employed for modulation classification, details
may be found in Section 7.2.

8.3.1 DBSNR-5000 Accuracy

This is the DBSNR configuration with the largest dataset size which was tested. As has
been the case throughout all dataset size 5000 tests in this thesis, these results were obtained
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via software simulation as the implementation was too large to synthesise. The argument
and magnitude € values employed were 0.1 and 0.0007 respectively. Figures 8.6 and 8.7
respectively show the obtained MSE against SNR curves as we all the Estimated SNR against
True SNR for each QAM modulation scheme.
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Figure 8.6: MSE Against SNR (dB) Characteristics for DBSNR-5000 on QAM
Signals of Orders 2 to 1024
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Figure 8.7: Average Estimated SNR (dB) Against True SNR (dB) for DBSNR-
5000 on QAM Signals of Orders 2 to 102/

Figure 8.6 displays the MSE against SNR achieved by the system on QAM signals of orders 2
to 1024 in the SNR range -10dB to 40dB. In general, an MSE below 5 is achieved across the
entire SNR range, the three highest order modulation schemes are the exception. Below 20dB
256QAM, 512QAM, and 1024QAM each display spikes in MSE which implies a reduced SNR
estimation accuracy in this SNR range. The lower order modulation schemes also exhibit a
somewhat larger MSE below 20dB in comparison to their MSE at higher SNRs but the MSE
remains below a value of 5 in all cases. Above 20dB all MSE values are low, below a value of
3 in all cases. Across the full SNR range there is a trend of higher order signals resulting in
a higher MSE being observed.

Figure 8.7 displays the Average Predicted SNR against the True SNR Value. As suggest
by Figure 8.6, above 20dB SNR there is strong correlation between the line denoting the True
SNR and the Predicted SNR values, showing that highly accurate estimation is achieved in
this SNR region. Below 20dB there is more deviation from ideal performance, particularly
when inspecting the lines representing the 3 highest order signals, the 1024QAM estimation
accuracy is particularly poor. However, despite this deviation the estimated SNR is never
more than 4dB away from the true value, the worst result obtained is when 1024QAM is
estimated to have an SNR of -1.12dB at -5dB. These results show that despite a degree of
inaccuracy, a CR system employing this algorithm for SNR estimation purposes could rely
on an estimate accurate to within 4dB across all QAM signals and at all SNRs, the estimated
SNR would in general be within a single dB.
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Figure 8.8 displays the obtained MSE against SNR for various PSK and APSK signals
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from -10dB to 40dB SNR. In this case the majority of the obtained MSE values are below
3, with the exceptions to this being 16APSK at 10dB and 15dB and 8PSK at 0dB to -10dB.
These MSE results suggest that the system is a more capable SNR estimator on PSK and
APSK modulation schemes than QAM.

Figure 8.9 confirms that the system is highly effective at estimating the SNR of these
signal formats as in the majority of cases the estimated SNR is nearly identical to the true
SNR. At an SNR value of 10dB and 15dB there is some slight deviation from the ideal result,
but the maximum deviation is never more than 2.32dB which occurs at 10dB for 16APSK.
The results shown here that a highly accurate SNR estimation result can be obtained by the
DBSNR-5000 system on the employed PSK and APSK signals across the full SNR range.

8.3.2 DBSNR-1000 Accuracy

This system is the largest configuration which was implemented and tested on an FPGA.
The testing setup was as described in Section 7.3. An argument and magnitude ¢ value of 0
and 0 was employed.
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Figure 8.10: MSE Against SNR (dB) Characteristics for DBSNR-1000 on QAM
Signals of Orders 2 to 1024
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Figure 8.11: Average Estimated SNR (dB) Against True SNR (dB) for DBSNR-
1000 on QAM Signals of Orders 2 to 102/

Figure 8.10 displays the obtained MSE against SNR for QAM signals of order 2 to 1024 in the
SNR range -10dB to 40dB. The MSE values follow a similar trend to what was observed for
DBSNR-5000 with higher accuracy being obtained above an SNR of 20dB and comparatively
lower accuracy below this SNR value. Despite the similar trend, the obtained MSE values are
in general larger than seen with the larger dataset, with the values generally being between
5dB and 10dB in this region. The high MSE of the 3 highest order signals below an SNR, of
20dB is once again observed, with 1024QAM showing a spike in MSE to 41.20 at 8dB SNR
and a larger spike to 109.5 at -10dB. Disregarding the sub 20dB inaccuracies exhibited by the
3 highest order modulation schemes, the MSE is consistent for the majority of modulation
schemes, implying consistent SNR estimation accuracy across the investigated SNR range.
Figure 8.11 displays the average predicted SNR against the true SNR for each modulation
scheme. The first notable difference to the results seen for DBSNR-5000 is that at the SNRs
35dB and 40dB there is a significant deviation from the line denoting ideal performance. All
modulation schemes deviate from the ideal line by a maximum of 1.92dB at 35dB and 2.65dB
at 40dB. Between 30dB and 20dB SNR there is a region of accurate estimation. Below 20dB
SNR the deviation becomes more pronounced, particularly with 512QAM and 1024QAM.
Despite the significant deviation from the ideal by these two signals, in all other cases the
estimated SNR remains accurate to within 3dB, other than at -10dB. At -10dB the two lowest
order modulation schemes exhibit nearly 5dB of estimation inaccuracy, the largest inaccuracy
observed on any signal outside of the two highest orders in the tested SNR range.
DBSNR-1000 has thus been shown to provide inferior performance to when a dataset size
of 5000 was employed for estimation, yet despite the reduction in accuracy in all cases the
average estimated SNR remains below 3dB when discounting the performance of the system
on the two highest order signals. In the majority of cases the estimation accuracy is accurate
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to within 1dB. Due to the high error achieved by the system on 512QAM and 1024QAM it
is not recommended for usage on these signal formats, but on all QAM signals of an order
256 and below the estimation accuracy is low and consistent enough to provide a measure of

signal SNR which may allow for informed decision making in a CR scenario.
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Figure 8.12: MSE Against SNR (dB) Characteristics for DBSNR-1000 on PSK

Signals of Orders 8 to 32 and APSK Signals of

Orders 16 to 128
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Figure 8.13: Average Estimated SNR (dB) Against True SNR (dB) for DBSNR-
1000 on PSK Signals of Orders 8 to 32 and APSK Signals of Orders 16 to 128

Figure 8.12 displays the achieved MSE against SNR for DBSNR-1000 on various PSK and
APSK modulation schemes in the SNR range -10dB to 40dB. Similarly to what was observed
with DBSNR-5000, the system in general achieves lower MSE values on these signals than
with QAM signals. The maximum obtained MSE was 10.9 which was achieved on 8PSK at
0dB SNR. Discounting the high MSE obtained on all signals at 35dB and 40dB SNR, the
system seems to be superior at estimating the SNR of PSK signals in the 10dB to 30dB SNR
region, and APSK signals in the -10dB to 10dB SNR region. The obtained MSE is therefore
inconsistent but remains relatively low in all cases, suggesting that strong estimation accuracy
is obtained across the majority of SNRs.

Figure 8.13 displays the DBMC-1000 average predicted SNR against the true SNR for
each modulation scheme in the SNR range -10dB to 40dB. Similarly to what was observed
with QAM signals there is a large error on all signals at 35dB and 40dB, at both SNRs a pre-
dicted SNR of approximately 37.4dB is obtained, suggesting that there is significant overlap
between all feature clusters representing these SNRs. Other than this high SNR inaccuracy
the estimated SNR tracks the true SNR with strong precision. The largest inaccuracy in
the -5dB to 30dB range comes from 16APSK at 10dB where an average estimated SNR of
12.30dB is observed, an error of 2.30dB. The PSK signals display a large error of a maximum
of 3.18dB at -10dB for 8PSK, but otherwise the estimated SNR of the APSK signals remains
below 1dB at this SNR value.

The results shown in Figures 8.12 and 8.13 demonstrate that between -10dB and 30dB
SNR a strong estimate of the SNR may be achieved by the DBSNR-1000 system, a maximum
error of 2.3dB was obtained in a single case showing that this system can be used for SNR
estimation purposes in a CR system to provide accurate information to enable informed
decision making.
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8.3.3 DBSNR-500 Accuracy

DBSNR-500 is the second largest of the proposed implementable SNR estimation systems.
The results presented here were obtained with an argument and magnitude ¢ value of 0.5
and 0 respectively. The maximum order of modulation scheme tested was set to 128 which
determined by Equation 6.1 in Section 6.2.1.
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Figure 8.14: MSE Against SNR (dB) Characteristics for DBSNR-500 on QAM
Signals of Orders 2 to 128
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Figure 8.15: Average Estimated SNR (dB) Against True SNR (dB) for DBSNR-
500 on QAM Signals of Orders 2 to 128

Figure 8.14 displays the MSE against SNR values achieved by DBSNR-500 on QAM signals
of orders 2 to 128 at SNR values -10dB to 40dB. Continuing the trend observed between
DBSNR-5000 and DBSNR-1000, the obtained MSE values are consistently higher with the
reduced dataset size. While 2QAM and 4QAM remain consistently below an MSE value of 5,
the MSE values obtained for the remaining set of modulation schemes is primarily larger than
5 and often greater than 10. Despite the larger MSE values there are no cases of the MSE
values being larger than 25, suggesting that across the full SNR range reasonably consistent
estimation accuracy will be achieved. The trend of higher order modulation scheme resulting
in larger MSE values is again exhibited.

Figure 8.15 displays the average predicted SNR against the true SNR on the same set
of QAM signals in the SNR range -10dB to 40dB. At an SNR of 35dB and 40dB a similar
inaccuracy as was observed with DBSNR-1000 can be seen, although to a lesser extent.
At these SNRs a maximum error of 1.23dB and 1.39dB is achieved. As suggested by the
discrepancy in the MSE values between Figure 8.10 and Figure 8.14, the average estimated
SNR deviates from the true SNR to the largest extent thus far seen. This phenomenon
is made most clear between 20dB and 30dB which is a region which the DBSNR systems
generally estimate the SNR to a high degree of precision, in this case the estimated SNR of
the majority of modulation schemes is consistently below the expected value. Despite this
inaccuracy the maximum error within this range is still only 2dB. Below 20dB SNR there is a
region of more significant and less consistent error, although despite this error the maximum
estimation inaccuracy still remains within 3.3dB.
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Figure 8.17: Average Estimated SNR (dB) Against True SNR (dB) for DBSNR-
500 on PSK Signals of Orders 8 to 32 and APSK Signals of Orders 16 to 128
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Figure 8.16 displays the MSE against SNR values obtained by DBSNR-500 on PSK signals
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of orders 8 to 32 and APSK signals of orders 16 to 128. As has been observed for both
DBSNR-5000 and DBSNR-1000, the achieved MSE on PSK signals remains consistently low
above 10dB SNR before spiking below this SNR. The inverse is true for the MSE of the
APSK signals. Once more the average obtained MSE increases as the dataset size is reduced,
the scale of the values in this case remains consistent with what was achieved by the system
on QAM signals if the 5dB value for 16PSK is discounted. The displayed MSE values suggest
a similar amount of error to what was observed in figure 8.15, with consistent misestimation
of approximately 1-2dB but no instances of significantly large errors, other than perhaps at
5dB for 16PSK.

Figure 8.17 displays the average predicted SNR against the true SNR on the same set of
PSK and APSK signals in the SNR range -10dB to 40dB. This is perhaps the first instance
of the performance of the system on PSK and APSK signals being approximately equivalent
to what was obtained with QAM signals. The error of the system when estimating the SNR
of all signals is above and below the true SNR at 40dB and 35dB respectively. A similar
trend of consistently estimating the SNR to be below the true value is observed between
30dB and 20dB SNR, although a maximum error of only 1.96dB is achieved. Below 20dB
there is a region of inconsistent error, the largest errors thus far seen in any comparisons are
obtained with 16 APSK exhibiting an error of 4.0dB at 10dB SNR and 16PSK having its SNR
estimated with an error of 3.2dB at 3dB.

With the large errors, employing a system of this dataset size is perhaps approaching the
limit of the minimum system size which can be appropriately utilised as part of a CR enabled
system. While an error of 4dB is indeed significant, the estimation accuracy is in general
less severe, although the inconsistency particularly below 15dB SNR does not give confidence
that this system would provide information accurate enough to support dynamic modulation
scheme adjustments.

8.3.4 DBSNR-250 Accuracy

The DBSNR-250 system was the smallest system for which SNR estimation performance will
be provided. The provided results were obtained with an argument and magnitude ¢ value
of 1.5 and 0.00390625 respectively.
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Figure 8.18 displays the MSE against SNR values achieved by DBSNR-250 on QAM signals
of orders 2 to 128 at SNR values -10dB to 40dB. The trend of increasing average MSE as the
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dataset size is reduced once again continues but, in this case, the MSE value rise to such a
degree that the MSE is greater than 20 in the majority of cases. Furthermore, in many cases
the MSE rises to values greater than 60 and in a few cases to over 100. These values suggest
that the SNR estimation performance of this size system will be poor.

Figure 8.19 displays the average predicted SNR against the true SNR on QAM signals of
orders 2 to 128 in the SNR range -10dB to 40dB. The only region of strong accuracy is at 35dB
and 40dB SNR, contrary to what has been observed with previous DBSNR configurations.
The estimated SNR generally strays far from the true SNR, in many cases the estimation
error is as large as 10dB, this degree of inaccuracy is particularly common with the higher
order signals.
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Figure 8.20: MSE Against SNR (dB) Characteristics for DBSNR-250 on PSK
Signals of Orders 8 to 32 and APSK Signals of Orders 16 to 128
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Figure 8.21: Average Estimated SNR (dB) Against True SNR (dB) for DBSNR-
250 on PSK Signals of Orders 8 to 32 and APSK Signals of Orders 16 to 128

Figure 8.20 displays the MSE against SNR values obtained by DBSNR-250 on PSK signals of
orders 8 to 32 and APSK signals of orders 16 to 128. Similarly to the obtained MSE against
SNR on QAM signals the obtained MSE values are generally greater than 20 and in many
cases spike to values greater than 80. The MSE values are inconsistent and do not seem to
follow any particular trend.

Figure 8.21 displays the average predicted SNR against the true SNR on the same set
of PSK and APSK signals in the SNR range -10dB to 40dB. Similar to what was observed
on QAM signals with this system configuration, the estimated SNR largely fails to track the
true SNR and errors greater than 5dB are commonly observed.

Figure 8.19 and figure 8.21 clearly show that this system configuration commonly results
in an estimation error which is too large to be relied upon to make informed decisions. While
the system can provide an approximate estimation of the SNR, errors which are frequently
between 5dB and 10dB will assuredly lead to unreliable information if deployed in a CR
system and thus frequent redundant requests for a modulation scheme adaptation. Due to
the poor results exhibited by this system size and the general trend of smaller dataset sizes
resulting in poor estimation performance, it is unnecessary to discuss the performance of

DBSNR-50.

8.3.5 DBSNR Results Comparison and Discussion

This chapter has provided the MSE against SNR statistics as well as the estimated SNR
against true SNR performance for 4 different DBSNR configurations. Within the provided
data several trends have been identified.

The most important trend which has been observed is that estimation accuracy increases
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as the dataset size increases. While DBSNR-5000 and DBSNR-1000 exhibited an error as
large as 4dB in some cases on the 512QAM and 1024QAM modulation schemes, the maximum
error achieved on the rest of the QAM signals in the dataset between SNR, values of -5dB and
30dB was found to be consistently lower than 1dB for DBSNR-5000 and 2dB for DBSNR-
1000, with the majority of examples exhibiting much lower error. DBSNR-500 was found
to approach the limit of acceptable performance with consistent errors greater than 2dB a
maximum error of 4dB being observed. DBSNR-250 was demonstrated to be an unreliable
estimator with consistent errors greater than 5dB being obtained.

Similarly to what was observed in the modulation classification results discussed in Chap-
ter 6, the two largest configurations exhibited a stronger performance on PSK and APSK
signals than was achieved on QAM signals. The performance differential between the two
datasets for DBSNR-500 and DBSNR-250 was found to be minimal.

Among modulation schemes of the same format (QAM, PSK, APSK), it has been found
that in general the system achieves a lower SNR estimation error on signals of a lower order.
While this is not always the case, it has been observed that low order signals are less likely
to exhibit high spikes in MSE. Said spikes in MSE, as will be seen in the following section,
are atypical for SNR estimation systems where smooth trends are generally observed. The
spikes are due to feature cluster overlap, in these cases the MLP is not provided with enough
information to make an informed decision about the signal SNR, a more detailed discussion
about this phenomenon can be found in Section 8.2.1.

While the various DBSNR configurations have been compared among each other and it
has been found that the systems featuring the larger dataset result in lower error, to truly
evaluate the effectiveness of the proposed method comparisons must be drawn with the state-
of-the-art methods from the literature. The next section provides this analysis.

8.4 NDA SNR Estimation Results Comparison

This section provides comparisons and analysis of the DBSNR estimation performance with
the works discussed in the literature review in Chapter 2. Focus will be placed upon com-
parisons with methods which have been demonstrated to be effective on a wide range of
modulation schemes as this is the principal requirement of an SNR estimation mechanism
which forms part of a CR. Despite this, to obtain a perspective of the overall effectiveness of
the proposed system, comparisons will also be drawn to NDA estimation techniques which
have been found to perform well on a limited set of modulation schemes.

8.4.1 Low-Order NDA SNR Estimation Results Comparisons

The first of the provided comparisons will be drawn with the NDA SNR estimation systems
which provide data only when QPSK data is employed as the input. This includes each of the
DL-based estimators as well as the Ms M, estimator results taken from comparison provided
by Zheng et al. [24].
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Figure 8.22: MSE Against SNR (dB) of the My My Estimator and DBSNR-5000,
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Figure 8.22 displays the MSE against SNR curves for DBSNR configurations 5000, 1000,
and 500, alongside the MyM, performance on QPSK data taken from [24]. There are only 4
examples where a DBSNR system exhibits a higher MSE than MyMy, these occur at -10dB,
0dB, and 3dB SNR for DBSNR-1000 as well as 0dB for DBSNR-5000. Otherwise, each of the
DBSNR systems achieve a lower MSE than the algorithmic estimator. Crucially, DBSNR in
general maintains an MSE consistently below 5 above an SNR, of 10dB, demonstrating strong
performance in the SNR range at which algorithmic estimators have been found to exhibit
asymptotic behaviour.
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Figure 8.23 shows the MSE against SNR curves for the 3 largest DBSNR configurations
and the 4 CNN-based SNR estimators from the literature, QPSK was used as the input
data in all cases. Comparisons with the raw I/Q accepting CNN by Yang et al. [30] show
that all 3 DBSNR configurations are competitive in terms of MSE, DBSNR-~5000 achieves
a lower MSE at all SNRs greater than 0dB and DBSNR-1000 at SNRs greater than 3dB,
DBSNR-500 achieves the same feat in the SNR range 0dB to 15dB. The constellation diagram
accepting CNN [29] only provides MSE statistics in the range -5dB to 15dB, within this range
both DBSNR-5000 and DBSNR-1000 exhibit a slightly greater MSE, but the difference is
small. DBSNR-500 consistently achieves an MSE greater than 1 in this range, which is
a more significant performance differential, but consistent accuracy is still demonstrated.
Comparisons with the I/Q [24] and covariance matrix [23] accepting CNNs are similar, the 2
largest DBSNR systems achieve comparable MSE values above an SNR of 5dB, the obtained
low MSE values are even maintained to 30dB SNR whereas [23] sees an MSE increase at
25dB. The largest disparities in performance can be seen below 5dB SNR for DBSNR-1000,
here the MSE values peak as high as 17.3 and 16, however in all other cases the trends in
performance and achieved MSE values are similar.

Figure 8.23 has shown that each DBSNR configuration matches or outperforms the accu-
racy of MsMy algorithm in its optimal SNR range and they do not suffer from the asymptotic
behaviour which characterises the My My MSE against SNR performance. There are two ex-
ceptions to these findings which are the MSE achieved by DBSNR-5000 and DBSNR-~1000
at 0dB SNR where a greater MSE is exhibited. Strangely, the weakest of the proposed sys-
tems DBSNR-500 performs the strongest at this SNR, these results are likely to be due to
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hyperparameter tuning rather than indicitive of an inability of DBSNR-~5000 and DBSNR-
1000 to perform SNR estimation at this SNR. Due to these these findings it cannot be said
that DBSNR, systems are wholly superior estimators on QPSK signals in terms of MSE,
but they do in general exhibit a lower MSE within the optimum SNR range of MsM, and
crucially do not display asymptotic behaviour. Comparisons in Figure 8.23 have shown that
the minimum obtained MSE by the 2 largest DBSNR configurations was slightly inferior to
that of the strongest CNN SNR estimators, all 3 DBSNR systems generally surpassed the
performance in comparison to the weakest CNN [30]. Thus, it can be concluded that DBSNR
technology can achieve near equivalence to the accuracy obtained by CNN estimators at all
SNRs greater than 5dB regardless of the CNN input, and is also demonstrated across a wider
set of modulation schemes.

8.4.2 Medium-Order NDA SNR Estimation Results Comparison

The next comparisons to be drawn are to the methods which provide NDA SNR estimation
results when medium-order modulation schemes are employed as the input dataset. The
modulation schemes utilised in this comparison are QAM signals of orders 16, 32, and 64,
as well as APSK orders 16 and 32. The works included in this comparison are the moment-
based estimator by Alvarez-Diaz et al. [28], the I/Q accepting CNN by Yang et al. [30],
the EDF-based estimator by Wang et al. [86], and the envelope estimator proposed by Zuo
et al. [26].
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Figure 8.24: MSE Against SNR (dB) of the Polynomial [28] and EDF [86]
Estimators as well as DBSNR-5000, 1000, and 500 on 16QAM Data. Some Poly-
nomial [28] and EDF [86] Datapoints Lie outside of the Y-axis Scale. Datapoints
were Omitted to Better Display the Trends in DBSNR Performance.
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Figure 8.25: MSE Against SNR (dB) of the Polynomial [28] and Envelope [26]
Estimators as well as DBSNR-5000, 1000, and 500 on 82QAM Data. Some Poly-
nomial [28] Datapoints Lie Outside of the Y-axis Scale, These Datapoints were
Omitted to Better Display the Trends in DBSNR and Envelope Performance.
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Figure 8.26: MSE Against SNR (dB) of the I/Q Accepting CNN [30] and Enve-
lope [26] Estimators as well as DBSNR-5000, 1000, and 500 on 64QAM Data



CHAPTER 8. NDA SNR ESTIMATION PERFORMANCE

251

—5— Polynomial 16APSK [28]
I. Y —&— EDF 16APSK [86]
". DBSNR-5000 16APSK
20 \ A —4—— DBSNR-1000 16APSK
\ I\ <+ DBSNR-500 16APSK
15 +
L
W)
=
10
A
5
%
0 ‘
10

SNR (dB)

Figure 8.27: MSE Against SNR (dB) of the Polynomial [28] and EDF [86]
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Figures 8.24, 8.25, 8.26, 8.27, 8.28 each compare DBSNR with the stated works from the
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literature in terms of the MSE against SNR for various QAM and APSK modulation schemes.
In the literature review it was found that algorithmic estimators achieve a low MSE in a
particular SNR range, which was typically 0dB to 10dB. The provided compararisons again
demonstrate this to be the case, the system proposed by Zuo et al. [26] perhaps being the only
exception although it appears that asymptotic effects would be demonstrated if data for SNRs
greater than 10dB was provided. In every example shown here it can be seen that DBSNR-
5000 and DBSNR-1000 achieve an MSE in the 0dB to 10dB SNR range which is either lower,
comparable, or slightly greater than that of the algorithmic methods. Demonstrating that
even within the SNR range at which the systems from the literature are optimal, DBSNR
is capable of matching their performance. Furthermore, outside of the 0dB to 10dB SNR
range the systems from the literature generally see large increases in MSE due to asymptotic
estimation behaviour. While the 2 largest DBSNR, systems may exhibit slight increases in
MSE outside of this SNR range, the obtained MSE remains consistent and typically lower
than that of the algorithmic and CNN-based systems. The 2 largest DBSNR configurations
may therefore be evaluated to be superior SNR estimators across the full -10dB to 40dB SNR.
range as not only is the MSE approximately matched in 0dB to 10dB region, but asymptotic
effects are not demonstrated.

The DBSNR-500 system in some cases performs as well as DBSNR-5000 and DBSNR-
1000 but performance is unreliable and often large MSE peaks can be observed, therefore
despite often matching the performance of the systems from the literature at certain SNRs
and not displaying asymptotic effects, the variability of the MSE makes it a weaker SNR
estimator.

8.4.3 Multi-Order NDA SNR Estimation Results Comparison

The final comparisons to draw are with the estimation techniques which demonstrate the
capacity to operate on an array of modulation schemes. These systems were found to be
the only which rigorously demonstrated performance across multiple orders of QAM, as such
they are the systems with which comparison is most important as this functionality is a
necessary requirement for dynamic modulation scheme adjustments. The first comparisons
will be drawn with the polynomial fitting technique proposed by Xu et al. [27]. The results
are provided in terms of SD, defined by the authors as shown in Equation 8.3.

SD = RMSE = \/ E[(SNR — SNR)?2] (8.3)

Which is equivalent to the square root of the expected value of the MSE, the expected value
is otherwise known as the mean, the SD is therefore equivalent to the root of the MSE or
Root Mean Square Error (RMSE).
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Figure 8.29: MSE Against SNR (dB) of the Polynomial [27] Estimator as well
as DBSNR-5000, 1000, and 500 on 16QAM Data
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Figure 8.30: MSE Against SNR (dB) of the Polynomial [27] Estimator as well
as DBSNR-5000, 1000, and 500 on 32QAM Data
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Figure 8.31: MSE Against SNR (dB) of the Polynomial [27] Estimator as well
as DBSNR-5000, 1000, and 500 on 64QAM Data
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Figure 8.32: MSE Against SNR (dB) of the Polynomial [27] Estimator as well
as DBSNR-5000, 1000, and 500 on 128QQAM Data
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Figure 8.33: MSE Against SNR (dB) of the Polynomial [27] Estimator as well
as DBSNR-5000 and 1000 on 256QAM Data

Figures 8.29, 8.30, 8.31, 8.32, 8.33 each compare DBSNR with the method proposed by Xu
et al. [27]. The first trend in the comparisons to identify is that on 16QAM and 32QAM
DBSNR-5000 and DBSNR-1000 is shown to be capable of matching or outperforming the
RMSE obtained by the polynomial fitting technique in the 0dB to 10dB SNR range in which
it performs strongest. As the modulation order increases the polynomial fitting technique
tends to achieve a lower RMSE than that of DBSNR, with the difference increasing with
modulation order, culminating with a large performance differential on 256QAM.

There is no data provided for the polynomial fitting method outside of the SNR range
-5dB to 20dB, although if the performance trend seen at either extreme of this range were to
continue then the RMSE would continue to increase, as has been seen to be the case with all
other algorithmic estimators. Should this be the case then it would be expected that at least
DBSNR-5000 would outperform the system from the literature at SNRs greater than 20dB,
and perhaps DBSNR-1000 and DBSNR-500 as well. In some cases, the DBSNR systems are
already seen to outperform the polynomial fit method at SNRs below 0dB, the performance
difference would therefore be expected to increase further at -10dB.

The analysis provided here holds particularly for DBSNR-5000 and DBSNR-1000, there is
only a single example where DBSNR-500 obtains a lower RMSE than the polynomial fitting
method, and the difference in performance between the 2 systems in generally large. There-
fore, it cannot be said that this configuration is as strong an estimator than the polynomial
fitting method in any case, apart from perhaps at either extreme of the SNR range, but
without data to support this it is unfair to assume.

DBSNR-5000 and DBSNR-1000 can therefore be judged to be SNR estimators with
slightly inferior performance in the -5dB to 20dB SNR range on 16QAM and 32QAM, with
the performance differential growing on higher orders of QAM in this SNR range. Outside
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this SNR range it is thought that DBSNR may be superior but there is a lack of data to
confirm this assumption. DBSNR-500 is inferior to polynomial fitting.

The 2D DBSCAN NDA SNR estimation mechanism proposed by Zhao et al. [69] was
found to utilise the ratio of core points to total clustered points as the input to a polynomial
fitting algorithm. It was discussed in Chapter 4 how the DBSCAN system proposed in this
thesis does not make a distinction between core and non-core points, it was therefore required
to develop an alternative mechanism of achieving NDA SNR estimation. The following com-
parison therefore not only evaluates the performance differential between two NDA SNR
estimators, but also ultimately determines the effectiveness of the proposed enhancements to
the DBSCAN algorithm for this purpose.
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Figure 8.34: MAE Against SNR (dB) of the 2D DBSCAN [38] Estimator as well
as DBSNR-5000, 1000, and 500 on 4QAM Data
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Figure 8.35: MAE Against SNR (dB) of the 2D DBSCAN [38] Estimator as well
as DBSNR-5000, 1000, and 500 on 8PSK Data
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Figure 8.36: MAE Against SNR (dB) of the 2D DBSCAN [38] Estimator as well
as DBSNR-5000, 1000, and 500 on 16QAM Data
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Figure 8.37: MAE Against SNR (dB) of the 2D DBSCAN [38] Estimator as well

as DBSNR-5000, 1000, and 500 on 32QAM Data
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Figures 8.34, 8.35, 8.36, 8.37, and 8.38 compare DBSNR with the 2D DBSCAN SNR esti-
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mation method proposed by Zhao et al. [69] when various orders of QAM are utilised as the
input data. Figure 8.34 shows that across all but one of the SNRs where there are results
provided for the 2D DBSCAN system DBSNR-5000 achieves a lower MAE. DBSNR-1000
also obtains a comparable MAE, whereas DBSNR-500 cannot reach a MAE as low as the 2D
DBSCAN method.

In Figures 8.35, 8.36, 8.37, and 8.38 it is only DBSNR-5000 which achieves a MAFE values
which are comparable to the 2D DBSCAN in the SNR ranges for which results are provided.
It is only in Figure 8.38 that DBSNR-5000 outperforms 2D DBSCAN in the majority of cases,
otherwise 2D DBSCAN tends to achieve a lower MAE across the reported SNR ranges.

In Chapter 3 it was hypothesised that the authors only provided results at particular
SNRs as performance outside of the provided ranges was inferior. Performance of the same
and similar systems on the task of modulation classification suggested that the DBSCAN
algorithm suffered from poor performance at low SNRs, therefore it is reasonable to assume
that this would be the case for SNR estimation. If it is the case that the 2D DBSCAN
algorithm suffers from reduced accuracy outside the ranges for which data is provided, then
perhaps DBSNR would outperform it in this regard as consistently low MAE is demonstrated
across the full SNR range. If this is not the case, and similar accuracy is maintained from
-10dB to 40dB SNR then DBSNR-5000 and DBSNR-1000 in general matches the obtained
MAE at SNRs below 10dB in 8.35, 8.36, 8.37, and 8.38. DBSNR-500 reaches an MAE com-
parable to 2D DBSCAN in 8.35 and 8.36. Disregarding any assumptions about performance
outside of the SNR range for which data is provided, it can be said with certainty that DB-
SNR is demonstrated to be capable of SNR estimation within a larger SNR range than 2D
DBSCAN.

The comparisons and analysis provided here have demonstrated that the modifications
made to the DBSCAN algorithm in this thesis have enabled the creation of an SNR esti-
mation system capable of achieving an MAE which is comparable to the SNR estimation
algorithm which utilises the traditional DBSCAN algorithm, as long as a dataset size of 5000
is employed. However, it is only on 4QAM and 64QAM where the proposed system consis-
tently achieves a superior MAE. However, the proposed systems have been demonstrated to
provide accurate NDA SNR estimation across a wider range of SNRs than was demonstrated
with the traditional algorithm.

8.5 NDA SNR Estimation Conclusion

This chapter proposed a method of how the modified DBSCAN algorithm can be utilised
as an NDA SNR estimation system. The mechanism of using the number of argument and
magnitude clusters found by the algorithm as a proxy for the constellation diagram density
was outlined. It was shown how as the SNR reduced so too did the number of clusters found
by the DBSCAN algorithm; the relative positioning of feature clusters could then be used to
train a regression model to predict the SNR based upon an input feature pair.

The performance of the method when a dataset size of 250, 500, 1000, and 5000 was
utilised was demonstrated in the SNR range -10dB to 40dB on QAM signals of orders 2 to
1024, PSK signals of orders 8 to 32, and APSK signals of orders 16 to 128. Results were
provided in terms of MSE against SNR, and average estimated SNR against true SNR. It was
found that NDA SNR estimation accuracy increased with larger dataset sizes and in general
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reduced with increasing modulation order. DBSNR-5000, 1000, 500, and 250, were found to
be capable of SNR estimation of QAM orders up to and including 128 with a maximum MSE
value of 5.3, 18.7, 22.9, and 152.8 respectively, the maximum average estimation error was also
found to be 1.3dB, 4.3dB, 3.3dB, and 9.6dB. Only DBSNR-5000 and 1000 could estimate the
SNR of QAM orders of 256 and greater, in general performance on these modulation schemes
was found to be inferior to the lower-order QAM signals, with even DBSNR-5000 obtaining
MSE values up to 27.6 at low SNRs, performance on these signals at high SNRs remained
strong as MSE values below 2 were achieved at 20dB SNR and higher.

The 2 largest of the proposed systems were found to exhibit stronger performance on
APSK and PSK signals than with QAM as the average MSE remained lower and more
consistent. Despite this, similar peak MSE values were obtained as DBSNR-5000, 1000, 500,
and 250 achieved a peak of 6.8, 10.9, 33.6, and 132.3 respectively, the largest observed error
was found to be 2.9dB, 2.4dB, 4dB, and 8.5dB.

Comparisons between DBSNR-5000, 1000, 500 and the strongest estimators which were
found in the literature were drawn by using the MSE, RMSE, and MAE statistics. It was de-
cided not to include DBSNR-250 in these comparisons due to weak estimation performance.
It was found that in comparison to algorithmic estimators, DBSNR-~5000 and DBSNR~1000
could match the achieved performance in the 0dB to 10dB range in which the majority of
the systems from the literature were optimal, furthermore, it was also found that all DBSNR
systems in general maintained lower MSE, RMSE, and MAE across a wider SNR range than
all algorithmic estimators [22,26-28,86]. Comparisons with DL-based estimators revealed
that CNNs which accept constellation diagrams [29], covariance matrices [23], and a highly
processed 1/Q input [24] could obtain a slightly lower MSE than all DBSNR configurations
and maintain this level of performance across a similar SNR range, although this class of
estimator was not demonstrated to be capable of estimating the SNR, of modulation schemes
other than QPSK. Comparisons with the best performing algorithmic estimator which pos-
sessed the capability of estimating the SNR of an array of QAM orders [27], found that
DBSNR-5000 and DBSNR-1000 could again match the RMSE of this system in the SNR
range in which it was optimal in some cases but the system from the literature in generaly
outperformed DBSNR in this range. Outside this SNR range is was hypothesised that DB-
SNR would provide superior accuracy but in the absence of provided results no conclusive
statement could be made.

Finally, the estimation performance of DBSNR was compared with a 2D DBSCAN NDA
SNR estimator [69]. It was found that DBSNR-5000 could match the MAE achieved by this
system within the range of SNRs for which results were provided in two cases, otherwise
the prior DBSCAN implementation [69] tended to exhibit a lower MAE. However, DBSNR-
5000 was demonstrated to be capable of maintaining a strong MAE outside this SNR range.
It was thought that results were not provided outside this SNR range due to diminished
performance, if this is the case then the modifications to the DBSCAN algorithm proposed
in this thesis have resulted in a superior method of achieving NDA SNR estimation than
previously achieved by utilising the DBSCAN algorithm, however, a dataset size of 5000 is
a requirement as DBSNR-1000 and 500 did not achieve a MAE as low as the 2D DBSCAN
estimator.

To the best of the author’s knowledge, the DBSNR, mechanism has been demonstrated to
be capable of accurately estimating the SNR of a wider range of modulation schemes than
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any previous work. The system can also provide equivalent estimation performance to many
algorithmic estimators in the SNR range in which they are optimal whilst also displaying no
asymptotic effects. It achieves slightly weaker accuracy than certain CNNs on QPSK data.
Crucially the system offers SNR estimation capabilities with only modifications to stored
variables within the AMC implementation. Therefore, when implementing the DBSCAN
modulation classifier, designers can also achieve NDA SNR estimation capabilities which are
competitive with the state-of-the-art NDA SNR estimators in many cases. The DBSNR
mechanism therefore offers a highly efficient means of achieving SNR estimation within a
CR which includes the DBMC modulation classifier, but the performance shown in this
chapter also demonstrates that this method can also be utilised for NDA SNR estimation as a
standalone system as it achieves highly competitive performance across a large range of SNRs
and modulation schemes. The caveat to this conclusion is that for optimum performance a
dataset size of 5000 is a requirement, although the implemented DBSNR-1000 also achieved
accuracy competitive with the state-of-the-art in the majority of comparisons.



Chapter 9

Discussion, Conclusions, and
Future Work

All the work which has been completed throughout the course of this PhD programme has
now been presented. This chapter will analyse the performed work and obtained results,
combining the achieved hardware implementation with the NDA SNR estimation and AMC
performance. The key contributions towards the field of AMC and NDA SNR estimation
which this thesis has made are synthesised. Finally, recommendations for possible future
avenues of development for the proposed systems are outlined.

9.1 Discussion

This thesis has addressed the critical challenge of implementing efficient AMC and NDA
SNR estimation for resource constrained CR systems. The optimisations to DBSCAN have
yielded a system that balances accuracy with power efficiency and hardware utilisation. This
discussion synthesises the key findings across all aspects of this research and evaluates their
significance within the broader context of 5G and future wireless communications systems.

9.1.1 Algorithmic Enhancements to DBSCAN

The decomposition of the DBSCAN algorithm from a 2D to 1D implementation represents
a fundamental contribution to both clustering techniques and signal processing. The com-
putational complexity reduction from O(n?) to O(n) directly addresses a primary limitation
that has historically prevented the deployment of clustering-based classification in resource-
constrained applications. This improvement surpasses purely computational complexity im-
provements as the resulting algorithm maintains, and in some cases enhances, classification
accuracy.

The transformation from 2D constellation data into separate 1D magnitude and argument
components introduced three critical capabilities. First, it enabled differentiation between
modulation schemes of equivalent order, which had been impossible with previous DBSCAN
implementations [38]. This represents a significant advancement for cognitive radio systems
that must distinguish between schemes like 16QAM and 16PSK. Second, this 1D decompo-
sition introduced partial robustness to carrier frequency offset, providing a level of immunity
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to common channel impairments without requiring additional compensatory mechanisms.
Third, the NDA SNR estimation accuracy was found to be equivalent to prior works which
utilised DBSCAN in the SNR ranges in which they were found to be optimal as well as
demonstrating consistent accuracy across a wider SNR range.

When compared with other feature extraction methodologies, the modified DBSCAN
algorithm achieved superior ability to classify a broader range of modulation schemes as a
well as higher orders. The elimination of the computationally intensive rangeQuery function
and integration with an efficient sorting mechanism produced an algorithm which is suitable
for real-time operation. A capability which was found to be rare in the literature review.

9.1.2 Key Hardware Implementation Results

The hardware implementation results demonstrate that the algorithmic optimisations trans-
late effectively to resource savings. The proposed design was implemented in such a way that
a continuous datastream could be processed in real-time.

The novel insertion sort implementation was found to be both a strength and a limitation
of the system. While it effectively sorts incoming data with zero effective latency by operating
during required waiting periods, its resource utilisation scales linearly with the dataset size n.
This resulted in the sorting unit becoming the largest module in the system by a significant
margin in larger configurations, accounting for 90.5% and 92.7% of the DBMC-1000 FF and
LUT utilisation respectively. It was also found that the best performing DBMC-5000 system
could not be implemented in hardware due to the size of this module and the system clock
frequency had to be reduced to 142.86MHz to enable it to pass timing checks. Despite these
limitations, the real-time sorting capability enabled a continuous processing pipeline that
distinguishes the proposed system from batch-processing alternatives.

In contrast, the modified DBSCAN algorithm’s hardware implementation is very efficient,
requiring only 54 LUTs and 60 FFs. 2 insertion sort and DBSCAN modules were found to
require a slice utilisation reduction of 64.1% in comparison to an efficient DBSCAN imple-
mentation from the literature [114]. Thus demonstrating that the algorithmic optimisations
result in a highly efficient implementation even if the size of the dataset is limited.

Comparative analysis revealed that while the largest configuration (DBMC-1000) re-
quired similar FF and LUT resources to the state-of-the-art CNN implementations [18,39],
it achieved a 71.7% reduction in power consumption and a 0.248us reduction in terms of
latency. This power efficiency is particularly significant for resource-constrained mobile and
edge devices where battery life is a limiting factor. The low latency demonstrates that the sys-
tem would be capable of reacting to the dynamic fast-changing changing channel conditions
inherent with high frequency transmission in crowded areas.

9.1.3 Contributions Towards DBSCAN Hyperparameter Optimisation

The development of automated hyperparameter selection methods addresses a limitation of
the practical application of DBSCAN. The traditional elbow point method for finding strong
€ values introduces subjectivity when there is not a distinctive change in k-distance graph
gradient. The proposed RMS and d — 1 methods demonstrated not only automatation but
also also performance improvements, with AMC accuracy improving by 9.8% at some SNRs.
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The relationship between the dataset size, minPts, and € was analysed in depth, revealing
their inderdependencies and effects on feature space scale as well as feature cluster arrange-
ment and spacing. The findings that larger dataset sizes create expanded feature space with
greater cluster separation provides and that minPts has the inverse effect provides valuable
insights for future work on this system to build upon.

The adaptation to fixed-point representation for hardware values required careful quanti-
sation strategies. The discovery that optimal ¢ values could be found by approximating high
precision floating-point values with quantised values and removing an amount equal to 1-bit
of precision ensured consistent performance between software and hardware implementations.

9.1.4 Performance Evaluation

The classification accuracy results demonstrate that the proposed system achieves state-of-
the-art performance under specific conditions. DBMC-1000 obtained 100% accuracy on low-
order modulation schemes at SNRs as low as 30dB, matching the performance of the most
accurate low-order classifiers [20,47]. When utilising the complementary dataset (4QAM,
16PSK, 64APSK, and 256QAM), DBMC-1000 maintained 100% accuracy down to 10dB
SNR, matching the accuracy of the strongest DL-based system [57]. However, it was found
that on broader datasets of up to 17 different signals that the proposed system was unable to
match the robustness to SNR impairments which was demonstrated by DL models, generally
only achieving over 90% accuracy above an SNR of 30dB. Similarly, while performance on a
dataset representative of currently employed 5G modulation schemes was improved over the
largest dataset, 100% accuracy was achieved only above 25dB.

Statistical analysis of the NDA SNR estimation capabilities revealed consistently low
estimation error across a wider range of modulation schemes than had ever been demonstrated
by prior works. The DBSNR-1000 system achieved a maximum estimation error of 5dB on
signals up to a modulation order of 512 which only occurred at -10dB, generally the estimation
error was below 1dB. This performance compares favourably with existing algorithms found
in the literature which were generally found to only perform well within the 0dB to 10dB SNR,
range and did not demonstrate applicability to as wide a range of modulation schemes as was
demonstrated by the proposed system. The inverse was found to be the case when comparing
with DL systems, they were found to exhibit marginally superior estimation accuracy yet were
not shown to capable of estimating the SNR of any modulation scheme bar QPSK and in
one case 64QAM.

Comparison between DBMC/DBSNR configurations showed that both systems benefitted
from increased dataset sizes, with a size 5000 dataset achieving the best performance in the
fields of both AMC and NDA SNR estimation. The trade-off between implementation size and
accuracy is therefore optimised around the DBMC/DBSNR-1000 configuration, balancing
strong performance with reasonable hardware requirements.

When evaluated as an integrated system, the dual AMC and SNR estimation functionality
represents a signficant advancement in efficient cognitive radio implementation. The ability to
perform both functions with essentially the same hardware structure, requiring only changes
to stored parameters, offers unprecedented resource efficiency for adaptive systems. This
dual functionality addresses both key requirements for cognitive radio systems, offering the
ability to identify the modulation scheme and estimating the channel quality with minimal
additional hardware overhead.
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This research demonstrates that through algorithm redesign and hardware optimisation,
clustering-based approaches can achieve significantly less power and comparable hardware
resources to state-of-the-art DL systems. The resulting system represents a viable path
towards implementing CR functionality in resource constrained devices where power efficiency
is paramount, with the caveat that specific modulation schemes must be employed to achieve
state-of-the-art modulation classification accuracy.

9.2 Conclusion

This thesis has addressed the critical challenge of implementing efficient modulation clas-
sification and NDA SNR estimation systems suitable for mobile and edge devices in 5G
networks. The research was motivated by the need to mitigate variable path loss issues in-
herent in high-frequency communications while maintaining hardware efficiency for practical
deployment.

The primary contribution of this work is the development of a modified DBSCAN al-
gorithm that matches the classification accuracy achieved by prior works while significantly
reducing computational complexity. By transforming 2D constellation data into 1D mag-
nitude and argument components, the algorithm achieves three key improvements: (1) the
introduction of the ability to differentiate between same-order modulation schemes, (2) a
reduction in the worst-case computational complexity from O(n?) to O(n), and (3) the elim-
ination of extraneous functionality that consumes hardware resources.

The hardware implementation introduces a novel approach to the insertion sort algorithm
that effectively performs sorting operations during required waiting periods, maintaining the
overall O(n) computational complexity while enabling a fully pipelined datapath. When
combined with the streamlined DBSCAN implementation the system achieves a 65% reduc-
tion in slice utilisation compared to the most efficient DBSCAN implementation found in the
literature. When compared with state-of-the-art AMC implementations a reduction in terms
of FFs and LUTs was not achieved by the best-performing proposed system, only approxi-
mately equivalent utilisation was achieved. However, the proposed system requires the least
DSP utilisation of any system which utilises this element and requires no RAM. Significant
improvements in terms of power consumption and latency were also obtained.

The process of optimising the proposed system was outlined in depth. Two similar novel
methods of finding strong € hyperparameter values were proposed. Utilising these methods
was shown to result in a maximum classification accuracy increase of 9.8% over traditional
optimisation methods. Methods for optimising e for the 10-bit datapath of the proposed
system were also provided.

Performance evaluations demonstrated that the proposed system achieves comparable
AMC accuracy to state-of-the-art DL approaches when working with complementary mod-
ulation scheme sets. Performance was found to be inferior to DL systems on equivalent
datasets. It was also found that optimum performance was obtained with a feature-extraction
dataset size of 5000 which was too large to implement in hardware with the proposed sys-
tem structure. Comparisons with NDA SNR estimation systems showed that the proposed
method achieved a more consistent accuracy across a wider SNR range and set of modulation
schemes than has been demonstrated in the literature. However, optimum performance was
also only obtained with the unimplementable 5000-point dataset size. The dual functionality
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of SNR estimation and modulation classification further enhances the efficiency of the pro-
posed system, although the obtained results show that the system is a viable candidate for
either function individually.

In summary, this research has provided a number of significant and novel contributions
to the field of hardware-implemented AMC and NDA SNR estimation technologies. The
proposed system has improved upon the state-of-the-art CNN modulation classifiers in terms
of power consumption and latency despite similar FF and LUT utilisation. Furthermore, on
a dataset of signals similar to what is currently used in 5G systems it has demonstrated supe-
rior accuracy across a wide SNR range. The SNR estimation functionality was demonstrated
to be superior to all systems in the literature in terms of the applicability to a broader set
of modulation schemes as well as the performance across a wider SNR range. Furthermore,
a practical hardware implementation for an SNR estimation system was proposed when the
majority of research in this field focuses primarily on software implementation. The dual
AMC and SNR functionality with a single implementation provides large gains in efficiency
as there could be no system found which performs both functions with a single hardware
implementation. The efficient hardware implementation combined with competitive AMC
accuracy and competetive NDA SNR estimation performance demonstrates that this system
has the potential to see deployment as part of a CR. in future generations of wireless systems.
Outside of the fields of AMC and NDA SNR estimation, there are a number of contributions
made to clustering methods and efficient sorting in hardware. The 1D decomposition of the
DBSCAN algorithm demonstrated how a complex algorithm could be made more efficient
should the employed dataset be conducive to such a decomposition. The devised methods to
finding optimal € values provide an automatic means of determining hyperparameter values
which increase accuracy over traditional methods. The proposed insertion sort implementa-
tion introduces a new method of sorting a streaming input with a worst-case computational
complexity of O(n) and results in a n sized dataset being sorted in essentially 0 clock cycles.

A number of limitations were identified with the proposed system. Firstly, the AMC
accuracy on a large dataset was found to be inferior to other implementations, particularly
DL approaches. While 100% accuracy was often obtained at high SNRs, accuracy below
20dB was found to be poor. SNR estimation accuracy was demonstrated to be inconsistent
with large spikes in MSE at particular SNR values. The proposed hardware structure did
not achieve a FF and LUT utilisation lower than the DL systems which were aimed to be
improved upon. The high utilisation was primarily due to the proposed sorting algorithm
implementation which also limited the system clock rate to 142.86MHz. The most impactful
consequence of the hardware structure was the inability to implement a dataset size of 5000,
this inhibited the strongest AMC and SNR estimation performance from being achieved by
the hardware implementation. Performance was only demonstrated on signals with AWGN
signal impairments, further research must be conducted to determine the effectiveness with
other forms of interference.

9.3 Future Work

The DBSCAN-based systems have shown competitive accuracy and hardware implementa-
tion statistics whilst achieving real-time operating capabilities. Despite the breadth of work
completed and quality of the results gained there remains various avenues of research which
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are yet to be explored in this area of research, but there is unfortunately no time remaining to
take the research conducted in this thesis any further. In this section various areas of research
which may lead to improvements to each topic discussed in this thesis will be outlined in this
section in the hopes that the reader may choose to pursue them for their own research.

9.3.1 Problems with the Sorting Algorithm Implementation

When presenting and discussing of the DBMC and DBSNR results the accuracy of each
algorithm with a dataset size of 5000 was included, both results showed that a dataset size of
5000 lead to a higher level of accuracy than the maximum dataset size which was implemented
on an FPGA in this thesis. It is unfortunate that the hardware implementations discussed in
this work did not reach the full potential which the DBSCAN feature extraction algorithm is
capable of, it was explained that scaling the hardware designs to be capable of accommodating
a dataset size of 5000 would lead to a utilisation which was too large for the target FPGA
to be capable of accommodating. The choice to design the system in the manner presented
in this work was to minimise latency and enable the ability to operate in real-time rather
than on batches of data, the system was heavily optimised for this functionality and strong
performance in terms of latency was achieved but it was this prioritisation of pipelining that
led to poor hardware utilisation scaling when the dataset size was increased. This is solely due
to the sorting algorithm developed to sort the data stream as it entered the hardware. The
sorting algorithm was implemented in such a way that all datums within a batch were required
to be stored in individual registers connected to a comparator, this meant that an n sized
dataset required n registers and comparators. Ideally, storing large amounts of data should
be performed using the available BRAM on the FPGA but the sorting algorithm required
access to all data in the dataset simultaneously, something that using BRAM prohibits due
to the read and write operations introducing a bottleneck. Creating a sorting algorithm on
an FPGA capable of sorting up to 5000 datapoints without being prohibitively large must
require the storage of a section of the total dataset in RAM whilst the remaining data is
sorted in a smaller sorting unit designed to operate on batches of data. Once the smaller
batch of data had been sorted it will be placed back into BRAM and sorting of another
batch of data can begin, this process will iterate until the complete dataset has been sorted.
This iterative approach eliminates any possibility of a pipelined data path and therefore the
system will be incapable of operating on a real-time data stream but there would be significant
savings in terms of hardware utilisation, possibly savings in terms of power consumption, and
most importantly the ability to operate on datasets of sizes up to 5000 which will allow for
DBSCAN to achieve its maximum performance levels.

If such a sorting algorithm was implemented alongside the DBSCAN feature extraction
system, there is also potential to investigate the effects of increasing the value of the minPts
hyperparameter. In Chapter 5 it was shown how increasing the minPts hyperparameter
resulted in denser feature clusters with increased separation. It has also been found in prior
works which utilise DBSCAN that increased values of minPts provide increased robustness
to noise in the clustering process [24]. Combining the increased noise robustness with the
increased separation between feature clusters may enable gains to be made in terms of the
system’s accuracy when classifying low SNR data. Ultimately, the value of minPts was limited
to 2 in the proposed work due to the size of the sorting unit, but this avenue of research may
prove fruitful if it was to be investigated.
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Another consequence of the sorting algorithm implementation was the need to reduce
the clock speed. Many methods were tried to enable this module to pass timing checks at a
clock rate of 200MHz or greater, however none succeeded. It was found that with an 10-bit
datapath and incredibly forceful constraints that timing checks could be passed but when
implemented and tested on the FPGA itself there were frequent setup/hold violations and
metastability problems. Ultimately to enable the pipelined system structure it was conceded
that a reduced clock rate was required.

The final and most impactful consequence of the proposed sorting algorithm was the
extremely large FF and LUT utilisation, particularly with the 2 larger implemented systems.
The DBMC-1000 system being equivalent size to the highly optimised CNNs was a direct
result of the sorting algorithm scaling poorly with dataset sizes.

Should an alternative method of performing sorting be devised it is possible to achieve the
maximum level of DBMC performance demonstrated with the DBMC-5000 results, achieve
a vastly smaller utilisation size, and operate at a clock frequency of 200MHz, however to the
best of the author’s knowledge this may have to come at the cost of the pipelined datapath.

9.3.2 DBSCAN Parallelisation

While the sorting algorithm was designed to minimise latency, a major drawback of the
DBMC and DBSNR design is the DBSCAN operation itself. The operation is performed by
sequentially iterating through the array of sorted values, taking the difference between values
d and d — 1 and comparing the difference to €. This is a slow method which is hardware
efficient, but a much faster method could involve splitting the sorted array into two and
performing DBSCAN on the two arrays in parallel. This would double the hardware required
for this operation but halve the latency, and as has been shown in Section 5.5, operation of the
DBSCAN module comprised the majority of the total latency of the entire system meaning
that halving the latency of this modules would nearly halve the total latency. Doubling the
number of DBSCAN modules does not contribute significantly to the total implementation
size of the system as the DBSCAN module is small in comparison to other modules, all that
is required is two 10-bit registers to hold data, two 10-bit counters to store the point and
cluster counts, an 10-bit full adder to perform subtraction, and two LUTs to store minPts
and € values. There would also be some upgrades to the control system required to manage
the parallel operations as well as changes to the way data is loaded out from the sorting unit,
but these would contribute little to the total implementation size, it would just be difficult
to implement in a bug free manner. For example, there would need to be some circuitry to
manage the likely case that a cluster lies at the point which the dataset is split into two, in
which case the system should recognise this and handle it appropriately.

This parallelisation of DBSCAN could be taken to further degrees, by splitting the dataset
into 4 and applying each to a separate DBSCAN module the latency could be reduced by
four times. The same goes for a split into 8 or 16 and so on. There is no reason why this
process could not be taken to the nth degree and take the difference between all points of
data in the array simultaneously. An implementation which can do this could be structured
as shown in Figure 9.1:
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Figure 9.1: Theoretical Highly Parallelised Modified DBSCAN FPGA Implemen-
tation Block Diagram

An adder and comparator attached between each register holding datums which comprise the
entire dataset can compute a 1D DBSCAN result with combinatorial logic. It may therefore
be possible to compute DBSCAN within a clock cycle if the clock period is longer than
the propagation delay. It would also be required to include additional logic to handle the
output from the comparators and as well as a method of ensuring the minPts functionality
is performed. This architecture would be very costly in terms of hardware size, with n — 1
adders and comparators required, therefore this may be unviable to implement with a dataset
size of n = 1000, but for lightweight DBMC implementations such as DBMC-250 this may
be a viable implementation if near-instantaneous classification is required at the cost of
implementation size and power consumption. The 1D DBSCAN algorithm can therefore be
implemented in a range of configurations, hardware sizes and power consumption can be
increased in favour of reduced latency by scaling the number of parallel DBSCAN processes,
an engineer designing a system using this technology could analyse the requirements of their
use-case and target platform and decide the optimum ratio between size and latency.

In the case of the work in this thesis, as the sorting module had already been optimised
for minimal latency it would have been advantageous to at least split the DBSCAN algorithm
into two parallel parts. Implementing DBSCAN in this way would cut the latency of each
DBMC system in half, allowing for every system configuration presented in this thesis to
outperform every competitor in the literature in terms of latency. The cost of the additional
hardware and more complex control logic is miniscule in comparison to the rest of the system
and therefore would not have increased the total hardware cost significantly.
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9.3.3 Additional Channel Impairments

The final drawback of the research proposed in this thesis is the lack of inclusion of chan-
nel impairments such as Rayleigh fading or other types of non-Gaussian interference. The
majority of authors in the literature do not investigate the effects of such impairments on
their systems and therefore AWGN channel impairments were the primary focus in order to
establish baseline performance and to aid comparison. Here a brief discussion of how the
system may theoretically be impacted by various impairments as well as potential mitigation
techniques is provided.

The proposed AMC mechanism utilises amplitude and phase data to extract features from
the constellation diagram. As Rayleigh fading causes both amplitude and phase distortion
the likely implications would perhaps be more severe than Gaussian Noise, particularly at
lower SNRs. However, it was demonstrated how the system has partial robustness to phase
distortion so there is potentially the chance that the proposed system would perform well.

It was discussed in Section 4.3 how utilising the polar form provides partial immunity
to CFO as the magnitude relationships are preserved. Should the magnitude of the CFO
be constant there will be no effect upon the performance of the system as the value of the
arguments is irrelevant to the clustering result, it is only when the CFO magnitude varies
that performance would be diminished, such as offset induced by the Doppler effect. This is
due to all constellations of a similar magnitude merging into rings around the origin, in this
case the argument feature would become useless for classification. To combat this reduction
in performance some form of CFO estimation and compensation would be required. As a
side note, in a similar manner to how feature cluster positioning was found to be a strong
method of estimating SNR, there may be a way to utilise the proposed system to estimate
CFO in a similar manner.

Performance deterioration under phase noise will be affected similarly to CFO. Minimal
phase noise may result in little to no accuracy loss, large phase noise values will cause a
merging of argument clusters and therefore reduce accuracy. Modulation order also plays
a role here, higher order modulation schemes will be more sensitive to phase noise as their
constellations are more closely spaced. Smaller argument ¢ values may go some way towards
mitigating accuracy losses but cannot counteract complete constellation overlap.

Robustness to timing synchronisation errors was demonstrated by works which utilised
the RadioML datasets [16,41]. It was found that the proposed system’s accuracy significantly
deteriorated with such an impairment. The reason for this was that timing synchronisation
errors create ”ghost” constellation points at the transitions between expected clusters, these
ghost points not only can increase the number of clusters found but can also provide bridging
points between expected clusters thereby joining them together. Bridging may be mitigated
by reducing € values as fortunately DBSCAN is a clustering algorithm designed to be effective
on noisy data. However, maximum system accuracy may only be obtained via symbol timing
recovery.

These are some of the most common real-world channel impairments and how they may
effect the performance of the proposed systems in terms of both AMC and SNR estimation
accuracy. In the majority of cases it is likely that the introduction of these impairments
would result in performance reductions, however, there is also potential for the system to
be trained to recognise the presence of such impairments. For instance, the system could
be created with varying e values, and depending upon the values used differing numbers of
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clusters will be obtained. These differing numbers could be related to impairment severities
and therefore provide a means of channel estimation. So while the proposed system would
theoretically be sensitive to such impairments, such sensitivity could prove valuable in the
creation of an all-in-on CR system.

9.3.4 DBSNR Hardware

The ability of the DBSCAN based feature extraction system to estimate SNR was thoroughly
demonstrated via software simulations. The first obvious task which would be advantageous
to perform would be to implement the potential hardware implementation which was de-
scribed in Section 8.1.

The SNR is one metric which describes the effects which the channel may have on a
communications signal, it would be ideal for the proposed hardware to have the ability to
perform an entire suite of channel estimation operations, the metrics which it would be
advantageous to obtain may for example include a measure of the phase noise and doppler
effect-imposed frequency shifts. Theoretically it may be possible to estimate the magnitude
of the doppler effects as the effects result in CFO [10], which in turn results in an apparent
rotation of the constellation diagram. It was stated that the proposed system has a degree
of CFO immunity, but this is not the case if the imposed rotation is severe enough to be
captured within a set of samples. In these cases, the number of argument clusters found
would severely decrease while the number of magnitude clusters would remain the same,
by measuring the decrease in argument clusters and comparing with the expected value
a measure of the CFO and therefore frequency offset imposed by doppler effects could be
obtained. Phase noise imposes a static rotation of the constellation, the mechanism of the
DBSCAN feature extractor is blind to these effects as it extracts a measure of how many
different arguments and magnitudes there are, rather than the values of these constellation
diagram features. A method of determining the constellation positioning would be required
to be added to the system to obtain this value which could then perhaps be utilised as
a comparison with the expected positioning. If the system could be configured to provide
measures of these impairments, then further steps would be taken to realise a DBSCAN based
core which can perform a greater number of functions which are required for CR.

9.3.5 Addressing the Circular Dependency of the Proposed System

There is a circular dependency of the proposed DBMC and DBSNR systems. While it is the
case that both AMC and SNR estimation can be performed with a single implementation, to
perform either function requires accurate knowledge of the result of the other. For instance,
to perform a modulation classification operation requires knowledge of the signal’s SNR, to
perform SNR estimation requires knowledge of the signal’s modulation scheme. This is a
critical flaw of the proposed system but can be mitigated in a number of ways.

Firstly, knowledge of one value allows the other to be obtained. If a signal is input
and the modulation scheme is known them the SNR may then be obtained. The system
could then alternate between SNR estimation and AMC functionality so it always has an
up to date knowledge of the current transmission characteristics. A rapid change in the
SNR and modulation scheme simultaneously would however cause all knowledge of signal
characteristics to be lost. In this case the system could either request a short transmission of
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the current modulation scheme so it can once again begin operation, or the transmitter could
periodically transmit this information. This is not ideal as the system is designed to eliminate
such requirements, although it is the case that the required frequency of such transmissions
would be lower.

The second and perhaps most promising option is to develop a means of determining
what the most likely modulation scheme and SNR combination is. The system could iterate
between performing alternative AMC and SNR estimation operations and find the combi-
nation which is most likely. It is also possible to train a larger MLP on all modulation
scheme data at all SNRs. In this case the classes would be for instance 4QAM at 25dB,
8PSK at 20dB, or 16APSK at 30dB. Over the course of several classification operations the
most likely candidate could be identified. This implementation was not developed in this
thesis due to the requirements for an extremely complex classification model which would
naturally increase the implementation size of an already comparatively large implementation.
The performance of such a system was investigated briefly in software, particularly on large
datasets, it was found that there was significant feature cluster overlap which lead to poor
performance. Nonetheless, this would be a mechanism of not necessarily always finding the
exact modulation scheme/SNR combination but would provide a set of possible combinations.
Figures 9.2 and 9.3 show the resulting feature space which a classification model would have
to learn from. Figure 9.2 shows the feature space which includes all modulation schemes at
all SNRs investigated in this work. There are certainly clusters with strong separation which
would be classified correctly in 100% of cases, but on the right hand side of the plot there
is a huge number of clusters which overlap, suggesting very poor performance. Figure 9.3
includes only 4PSK, 16PSK, 64APSK, and 256QAM, in this case there is still overlap at the
right of the plot but it is less severe and in many cases clear clusters can be identified. When
utilising only 4 modulation schemes, as with 5G, [1] the system could potentially not only
solve the circular dependency but also provide the ability to perform SNR estimation and
modulation classification within a single operation. The addition of a third feature, perhaps
a high-order cumulant which were found to be highly discriminatory, may provide a means
of distinguishing the clusters which overlap.
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Figure 9.2: Feature Space of All Modulation Schemes Investigated in this Thesis
at SNRs from -10dB to 40dB
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