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Abstract

Automatic Modulation Classification (AMC) aims to identify the modulation scheme of an
unknown communication signal. It is a widely researched area, with early studies primarily fo-
cusing on Single Input Single Output (SISO) systems.Two main approaches are widely adopted
for AMC: the likelihood-based (LB) approach and the feature-based (FB) approach. The LB
approach treats AMC as a multiple-hypothesis testing problem, where each of the L composite
hypotheses corresponds to a distinct modulation type. FB methods are more computationally
efficient and require less prior information, relying instead on features such as higher-order
moments (HOMs) and cumulants (HOCs) computed from the received signals.

The developments in deep learning (DL) algorithms for computer vision applications have
opened the door to eliminate the need for handcrafted feature extraction in AMC. The method of
representing complex baseband communication signals as two-dimensional inputs, separating
the real and imaginary components into distinct channels enabled the use of standard convo-
lutional neural network (CNN) architectures for signal classification. Subsequent studies have
extended this approach using various DL models for AMC, consistently demonstrating the su-
periority of DL-based methods over traditional LB and FB classifiers in terms of classification
accuracy and generalization. Though many results are reported on employing DL for AMC,
several improvement to the existing classifiers and further areas where DL classifiers can be
effectively applied were evident. The AMC task is generally deployed in resource-constrained
systems, making it essential to minimize the size and computational complexity of the classifier
design. This thesis addressed these issues in the following problems by focussing on shallow
CNNs (SCNN):

1. The AMC of eight digital modulation schemes—BPSK, QPSK, 8PSK, GFSK, CPFSK,
TH-4097 156102033
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List of Acronyms List of Acronyms

PAM4, 16QAM, and 64QAM—over a Rician channel employing an SCNNSs is addressed.
A popular classifier, the dropout CNN (DrCNN), was able to classify six of these classes
but not the QAM schemes. To address this limitation, a modified SCNN architecture
called the dense layer dropout CNN (DDrCNN) is proposed to classify the full set of
modulations while keeping the complexity low. The effects of dropout and batch normal-

ization (BN) on this dataset are studied.

2. In communication systems, the availability of multiple receiver nodes helps to improve
the classification accuracy through cooperation between these nodes. This thesis proposes
a study on enhancing CNN classifier performance through cooperation between commu-
nicating nodes. A decision fusion method with a centralized architecture is selected for
evaluation. Popular cooperation methods, such as voting and averaging-based decision

making, are compared in the study..

3. The application of DL techniques for the AMC of MIMO signals remains limited in exist-
ing research. Most feature-based methods rely on channel estimation prior to classifica-
tion. This thesis addresses the direct AMC of MIMO signals using a modified version of
the shallow CNN, proposed for the single-input single-output signal classification. When
trained with the in-phase and quadrature representation of all inputs from multiple re-
ceiver antennas, the classifier achieved less than 90 percent accuracy. To overcome this,
a cooperative mechanism across receiving antennas was introduced, enhancing overall
classification performance. Both decision-fusion and feature-fusion cooperation schemes
were implemented, and the resulting performance was compared with other similar works
reported in the literature, confirming the superior accuracy of the modified DDrCNN for

AMC of MIMO signals over fading channels.

4. Cumulant-based AMC methods perform poorly for MIMO signals in rank-deficient chan-
nels such as keyhole channels, since accurate cumulant estimation depends on reliable
channel state information (CSI). In keyhole conditions, the fading process causes com-

plex mixing and distortion, leading to unreliable estimates. The proposed DL-based AMC
TH-4097_156102033
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approach was evaluated on MIMO keyhole channel signals to test its robustness. The clas-
sifier developed using the modified DDrCNN architecture and trained on full-rank MIMO
signals exhibited robust generalization, achieving satisfactory performance on keyhole

channel conditions as well.
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1. Introduction

Automatic modulation classification (AMC) is an integral part of cognitive-communication
receivers. Traditionally, AMC has been a key technology for military communication [1] appli-
cations such as electronic warfare, intruder signal detection, and surveillance. With the advent
of 5G and beyond, communication systems need to handle numerous devices in the network
to process various information sources. Integrating a large number of devices into the com-
munication networks demands increased cognition in the system. Hence, the realisation of an
intelligent communication system that will automatically adjust the parameters to adapt as per
the requirements of the situation is much needed. In these types of cognitive radio applications,
a known pool of modulations can be used at the transmitter, and a particular modulation is dy-
namically selected according to the data rate and channel conditions. This is typically achieved
by adding overhead pilot symbols at each frame of the signal. However, as the number of digital
devices added to the network is increasing exponentially, adding overhead symbols affects the
efficiency of the system.

AMC-based intelligent receivers may be employed in these cases to alleviate the problem.
Further, the identification algorithm shall provide a high degree of flexibility in sensing differ-
ent signals under various conditions. For example, signals may be transmitted with single or
multiple antennas, and they may employ diverse modulation schemes and may be affected by
multi-path fading. Also, the algorithm should ideally require minimal preprocessing, such as
filtering, synchronisation, or feature extraction, thus reducing latency and processing overhead
because the AMC systems are incorporated in real-time and resource-constrained conditions
like embedded systems and edge devices. We shall now look into the mathematical representa-
tion of the AMC problem.

1.1 General Definition of AMC Problem

In most of the AMC methods, the received base-band signal can be modelled as,

Y1) = ASCTED N (e — KTp) + wi(r) (1.1)
k
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1.2 LB Method for AMC

where A is the signal amplitude, Af. is the frequency offset, ¢ is the phase offset, Si is the
symbol transmitted from a set Q' containing symbols corresponding to different modulation
schemes, p(¢) is the pulse shape used with the corresponding period 7, and w(t) is the white
Gaussian noise. In general, the modulation classification (MC) problem is to determine the
modulation scheme of s; from the received signal r(¢).

AMC is a widely researched area. The initial works in AMC mainly focused on Single
Input, Single Output (SISO) systems. With the emergence of multiple-input and multiple-output
(MIMO) systems, the AMC methods have been extended to MIMO systems. In the earlier
literature, the problem of AMC was mainly tackled using two methods, namely the Likelihood-
based (LB) and the Feature-based (FB) methods. With the widespread popularity of Deep
Learning (DL), researchers started utilising DL-based classifiers for modulation classification.

These three methods are outlined below.

1.2 LB Method for AMC

In this method, the likelihood function of the received signal is evaluated under the hypothe-
sis that various signals are received, and classification is done based on the maximisation of the
same [2-4]. To evaluate the likelihood function, we need to estimate different signal parameters
like phase, frequency, timing parameters, etc. The problem is modelled as a composite hypoth-
esis testing problem. Suppose we have a communication transmitter that selects a modulation
type from a set of possible modulations, denoted as M and let H), denote the hypothesis that the
transmitted message is modulated using a specific modulation type M (where M € M). Under
this hypothesis, the likelihood function of the received signal is represented by f3,(Y), where Y
is the received signal.

To determine the modulation type of the received signal, we evaluate the likelihood function
for all possible modulation types in the set M. Specifically, we calculate fj,(Y) for each mod-
ulation type M in M. The modulation candidate responsible for producing the largest value of
the likelihood function is then selected as the modulation type for the received signal. In other
words, the modulation type M that maximises the likelihood function f,(Y) is chosen as the

estimated modulation type for the received signal. To compute the likelihood function, it is nec-
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essary to estimate several unknown signal parameters such as carrier phase, frequency offset,
symbol timing, and noise variance. Consequently, the problem is formulated as a composite
hypothesis testing problem.

Under the additive white Gaussian noise (AWGN) assumption, the received base-band sig-
nal can be expressed as

Y = sy(0) +n, (1.2)

where s5,,(0) denotes the noiseless signal corresponding to modulation M with a set of unknown
parameters 6, and n is the additive white Gaussian noise vector with independent and identically
distributed samples n; ~ CN(0, Ny).

Given the Gaussian and independent nature of the noise, the conditional probability density

(likelihood function) of observing Y under hypothesis Hy, is given by

1 1 & 2
fu¥) = oo expl kz; Ve = sux @) |, (1.3)

where N is the number of received samples.

To determine the modulation type of the received signal, fj,(Y) is evaluated for each possible
modulation type M in the candidate set M. The modulation type corresponding to the maximum
likelihood value is selected as the estimated modulation of the received signal, which can be
expressed as

A

M = arg max fu(Y), (1.4)

or equivalently, by minimising the Euclidean distance between the received signal and the hy-

pothesised transmitted waveform as
> 2
M = arg min E v = sax@)|”- (1.5)
MeM
k=1
In summary, the process involves:

 Evaluating the likelihood function f,(Y) for each modulation type M in the set M.

* Selecting the modulation type M that maximises the likelihood function as the estimated

modulation type of the received signal.
TH-4097_156102033




1.3 FB Method for AMC

Based on how the classifier deals with the unknown parameters, the LB classifiers are further
divided into ALRT(Average likelihood ratio test), GLRT(Generalised likelihood ratio test) and
HLRT(Hybrid likelihood ratio test) [1,[3,4]] classifiers. Although the likelihood-based approach
is optimum in maximising the probability of correct detection, it demands a huge computa-
tional power. Since signal detection calls for real-time processing, the method needs to be less

complex.

1.3 FB Method for AMC

The FB methods extract features from the signals, and the feature vector serves as the tool
for classification [5-7]. Examples of features include the statistics of instantaneous amplitudes,
phase and frequency, the cumulants and the cyclostationary features. Although FB methods are
sub-optimal, they reduce the computational complexity of the classification system over the LB
methods. In the FB method, researchers mainly concentrated on higher-order cumulant (HOC)
based classifiers and cyclic cumulant-based classifiers.

1.3.1 HOC based AMC

The cumulants of a random variable X are derived from its moments. They summarise the

shape of a probability distribution. The cumulant generating function (CGF) Kx () is defined as

the natural logarithm of the moment generating function (MGF):

Kx(1) = log Mx(r)

where, M(f) = E(e™).
The cumulants are the coefficients of the Taylor series expansion of Kx(f) about = 0 and
obtained by taking derivatives of the CGF with respect to ¢ at + = 0. Specifically, the n-th

cumulant «,, is given by:

. d"Kx(t)
" dr t=0

The cumulants of a random variable are functions of its moments, but they have some ad-

vantages over moments. The cumulant value for a Gaussian random variable is zero for orders
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1. Introduction

greater than 2. Thus, the HOCs are resistant to Gaussian noise. This property is exploited when
cumulants are used as classification features.

In [8], a detailed study of the application of the cumulants on the AMC is presented. Mathe-
matical equations for higher-order cumulants were discussed, and the theoretical values of these
cumulants for various modulation schemes were derived. Based on these values, a hierarchi-
cal scheme was proposed for the classification of these modulation schemes. Notable works
investigating HOC-based AMC in the literature can be found in [9-14].

1.3.2 Cyclic Cumulants based classifiers

A cyclostationary process is a signal having statistical properties that vary cyclically with
time. Cyclic cumulants are the amplitudes of the Fourier-series components of the time-varying
cumulant function for a cyclostationary signal [15]. They represent the periodicity correlation
in the statistics of such a process. When the signal is stationary, the cyclic cumulants become
conventional cumulants. A number of works are available in the literature where the cyclic
cumulants were employed to classify the modulation schemes in different channel environments
[16-21]

The drawback of the above FB methods is that the selection of the features for a particular
classification problem is manual. The set of best features may vary depending on the problem

under consideration. The estimation of these features is complex and computationally intensive.

1.4 Deep Learning for AMC

The developments in deep learning (DL) algorithms for computer vision applications opened
the door to eliminating the need to extract classification features. The possibility of applying
DL in AMC is investigated in [22]. The authors analysed the effectiveness of the Convolu-
tional Neural Network(CNN) based classifier for AMC. They proposed representing the com-
plex base-band communication signal as a two-dimensional image by separating its real and
imaginary parts. Studies constituting the application of various DL networks for AMC were

reported, and the results enforced the superiority of the DL methods over LB and FB classifiers.
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1.5 Existing Works on DL-based AMC

1.5 Existing Works on DL-based AMC

DL-based classifiers were first investigated on SISO signals in [22]]. In this work, the
authors considered a modulation pool consisting of 11 modulation classes, namely, BPSK,
QPSK, 8PSK, 16QAM, 64QAM, BFSK, CPFSK, PAM4, WB-FM, AM-SSB, and AM-DSB.
The dataset for the study was generated in GNU Radio using the radio channel model proposed
in [23]. Two CNNs with two convolutional layers and two dense layers with different number
of neurons in each layer were trained using this dataset. The results of these classifiers were
compared with the Deep Neural Network(DNN), the K Nearest Neighbour (KNN) and the sup-
port vector machine (SVM) classifiers trained on expert features. The DL networks employed
for classification were considerably larger for applications like AMC, and there was scope for
improvement in the classification performance.

In [24], the application of DL toward the physical layer has been discussed. The authors
proposed a more compact CNN for the modulation classification task. However, the results
show that the network failed to distinguish between the 16QAM and 64QAM in the data set.
In [25]], a classifier consisting of two CNNs was proposed to eliminate the problem of QAM
detections. The first CNN called Dropout CNN (DrCNN) was used to distinguish the modula-
tion schemes other than QAMs. The authors employed a constellation image-based dataset to
classify the QAMs.

A data-driven model for automatic modulation classification based on Long Short Term
Memory (LSTM) is proposed in [26]]. It is demonstrated that the LSTM network data repre-
sentation in the form of magnitude and phase offers better classification accuracy. The authors
have reported that CNN classifiers outperform LSTM classifiers at lower SNRs.

A comprehensive analysis of the application of DL considering 24 modulation schemes
widely used in today’s communication systems is elaborated in [27]. ResNet and VGG net
architecture-based classifiers were employed to classify these modulation classes. These clas-
sifiers were designed for SISO signals and outperformed their FB counterparts.

A cooperative cumulants-based classifier for distributed communication networks was pro-

posed in [28]]. The authors proposed a fusion centre (FC) based classification architecture where
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the individual nodes transmit the HOC features to the FC, and a maximum likelihood (ML) com-
bining is utilised at the FC for the final decision. The work mainly concentrated on classifying
QPSK and 16QAM modulation schemes in a Rayleigh fading environment. The selection of
HOC features and the ML combining tend to be complex when the number of classes increases.

In the DL-based AMC method proposed in [29], Wang et al. presented an enhanced ap-
proach designed explicitly for MIMO signals. To address the channel’s influence, they incor-
porate a zero-forcing (ZF) equaliser within the system. While this ZF equaliser effectively
mitigates channel effects, it introduces additional complexity to the overall design, as the DL
network needs to be trained on the equaliser’s output. This increases the complexity of the
classifier.

A cooperative AMC method for MIMO signal classification based on DL was proposed
in [30]. A one-dimensional CNN-based classifier was trained on the signals from each of the
receiving MIMO antennas. A cooperative mechanism was then employed to choose the mod-
ulation from the CNN predictions for each of the MIMO receiving antennas. A 2 x 4 MIMO
Rayleigh channel was considered for this study. They were able to outperform FB-based meth-
ods for a modulation pool consisting of {BPSK, QPSK, 8PSK, 16QAM}. However, the network
they employed was much larger than the previous classifiers.

It is reported in [31]], that conventional cumulant-based classifiers failed to classify the mod-
ulation classes under rank-deficient channels. The authors propose a modified cumulant-based
classifier for lower-order PSKs for this channel. The method failed to classify higher-order

modulation schemes.

1.6 AMC using shallow CNNs

Deep Learning models, particularly CNNs, learn features directly from the raw data (or
simple pre-processed data), eliminating the need for hand-crafted feature engineering. They
are highly robust to channel impairments like noise, fading, and frequency offsets. The above
literature review indicates that researchers have explored both state-of-the-art deep CNN archi-
tectures such as ResNet and VGGNet, as well as lightweight models like DrCNN, for AMC

tasks. Although deep CNN architectures such as ResNet-50 possess remarkable representa-
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tional capacity, they present significant limitations when used for AMC. Their high computa-
tional complexity makes them unsuitable for real-time, low-power, or edge-device applications.
In addition, they require extensive amounts of labeled data for effective training, which is often
impractical in AMC scenarios. Deep networks are also prone to overfitting, as they may easily
memorize noise from the training data unless carefully regularized.

In contrast, shallow CNNs (SCNNs) offer a more balanced trade-off between efficiency and
accuracy [24]. An SCNN in this context typically consists of two to four convolutional layers
followed by one or two fully connected layers. Such architectures are lightweight, faster to
train, and more adaptable to limited datasets, making them particularly effective for resource-
constrained AMC tasks. SCNNs tend to fit AMC problems well, mainly because radio signals
themselves are much simpler than natural images. When working with images, deep networks
need several layers to recognize basic edges, then textures, and finally complex objects. In
contrast, the differences between modulation types—say, between QPSK and 16QAM—can
often be picked up by just a few well-designed convolutional filters. These filters are sensitive
to the signal’s phase shifts, amplitude variations, and constellation shapes, which are usually
enough to distinguish one modulation from another. Another big advantage is computational
efficiency. With fewer layers and parameters, SCNNs are lighter, faster, and easier to deploy
on low-power devices such as drones or field radios. They train quickly and run smoothly even
on modest hardware, which makes them perfect for real-time or edge applications. They also
handle limited data better. In many RF setups, collecting huge labeled datasets is expensive and
time-consuming. Because shallow networks are less prone to overfitting, they can still learn
useful patterns from smaller datasets and perform reliably in the field [26].

Considering these factors, this thesis adopts a shallow CNN architecture for AMC, aiming to
achieve a balanced trade-off between computational efficiency, accuracy, and robustness under

limited-data and resource-constrained conditions.

1.7 Datasets used in DL-AMC

Most of the works in DL-AMC employed RadioML datasets for classifier evaluation. The

RadioML 2016.04C is a synthetic dataset [22], generated with GNU Radio, consisting of 11
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modulations. This is a variable-SNR dataset with moderate frequency offset drift, light fad-
ing, and numerous different labelled SNR increments for use in measuring performance across
different signal and noise power scenarios. The latter dataset from the same team, RadioML
2018.01A, includes synthetic simulated channel effects of 24 digital and analogue modulation
types, which have been validated with over-the-air signals [27]. Data are stored in HDF5 format
as complex floating point values, with 2 million examples, each 1024 samples long. Another
dataset available is HisarMod 2019 [32]. The dataset includes 26 modulation types from 5 dif-
ferent modulation families, which are analog, FSK, PAM, PSK, and QAM. In the dataset, there
are 1500 signals, each of which has a length of 1024 I/Q samples, for each modulation type.

Many researchers also generate their own synthetic datasets using tools like MATLAB or
GNU Radio, allowing for specific control over modulation types, channel impairments (AWGN,
fading, frequency offset, sampling time drift, etc.), and SNR ranges relevant to their own re-
search. Some studies also aim to collect and use real-world over-the-air data, though this is
often more challenging to make publicly available due to practical constraints. In this thesis,
the majority of results are based on datasets synthetically generated using MATLAB’s Deep
Learning Toolbox for AMC. Additionally, for the SISO AMC scenario, classifier performance
is also evaluated using signals from the RadioML 2018.01A dataset.

1.8 Motivation and Problem Formulation

Based on the studies made on the existing literature, the following research gaps are identi-

fied.

1. The classifier proposed by Wang et al. in [25] is complex due to the various types of data
required for training. Their classifier’s first CNN (DrCNN) utilised in-phase and quadrature
(IQ) data representation for training and testing. DrCNN applied dropouts as the regulariser in
each of the CNN layers. The effectiveness of regularisation methods for CNNs when applied to

communication problems is poorly understood and requires detailed investigation.

2. The rise of distributed communication networks and cognitive radio (CR) networks high-

lights cooperative classification as an appealing approach to enhance the AMC performance. In
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a SISO system, combining signals from multiple sensors has been shown to yield improved sta-
tistical estimation, thereby enhancing AMC performance [28]. However, existing studies on the

DL-based cooperative AMC have yet to explore scenarios involving multiple receiving nodes.

3. There are only a few studies in the literature that delve into the AMC for MIMO signals.
In [29,30], the authors utilised a one-dimensional CNN for the classification. They employed a
Rayleigh MIMO channel for their experiments. It is worth exploring the potential for enhancing
both the classification accuracy and the performance of DL-based classifiers for MIMO signals
across various channel models. Further HOC-based AMC systems have struggled to classify
higher-order PSK modulation schemes in scenarios where the MIMO channel is rank-deficient.
Existing research on DL-AMC has ignored the challenges posed by rank-deficient channels,
such as keyhole channels. Keyhole channels can arise in environments where signals propa-
gate through narrow openings or windows in large buildings, leading to limited spatial diversity
despite multiple antennas. This makes it important to study DL-AMC in keyhole channel con-
ditions and assess its performance.

The thesis addresses the above problems using shallow CNNs. The channel models consid-
ered in this work—the Rician channel in Chapter 2] the Rayleigh channel in Chapter 3] and the
MIMO Rayleigh and keyhole channels in Chapter @}—were chosen to span line-of-sight, rich-
scattering non-line-of-sight, and rank-deficient propagation conditions. These are the channel
models predominantly adopted in the AMC literature at the time this research commenced, and
they provide an analytically tractable and reproducible framework that isolates the effect of
small-scale fading on the classification performance, while enabling a fair comparison with the
existing methods. A time-invariant, block-fading model is assumed throughout, in which the
channel remains constant over the observation window of N = 128 samples; this flat-fading as-
sumption is valid when the channel coherence time is much larger than the observation window,
as in the low-to-medium mobility scenarios of interest such as pedestrian and indoor environ-
ments. It is acknowledged that these idealised models do not capture the full complexity of
standardised channel models such as the 3GPP profiles adopted in the industry—which addi-

tionally incorporate frequency-selective multipath, delay-spread profiles, Doppler effects, and

TH-4097 156102033

11



1. Introduction

spatial correlation—and the extension of the proposed classifiers to such 3GPP-compliant chan-
nels is identified as a direction for future work in Chapter 3]
1.8.1 Thesis organisation

The rest of the thesis is organised as follows:

Chapter 2| comprises the proposed SCNN classifiers for eight digital modulation schemes:
BPSK, QPSK, 8PSK, GFSK, CPFSK, PAM4, 16QAM, and 64QAM for a SISO communica-
tion channel. Two SCNN architectures for performance improvement are considered, and their
classification performance is studied and compared with the existing classifiers in the literature.

Chapter [3|evaluates how cooperating between different receiver nodes improves the classi-
fication accuracy of CNN-based AMC for a SISO channel. The classification performance for
different methods of cooperation is evaluated for the same set of eight modulation schemes.

In Chapter 4] the CNN-based AMC is extended to the MIMO channels, considering a pool
of modulation schemes: BPSK, QPSK, OQPSK, 8-PSK and 16-QAM. The classifier’s perfor-
mance is evaluated with competing classifiers on the MIMO dataset. At the MIMO receiver,
cooperation is applied to improve the classification accuracy. The suitability of the proposed
CNN-based classifier is evaluated on keyhole signals, and its performance was compared with
that of an FB-based method proposed in the literature for keyhole channels. Chapter 5 features
the conclusions on the work done in the thesis. A few research directions for the future research

are also identified.
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2. AMC of SISO signals using Shallow CNNs

2.1 Introduction

Traditionally the AMC problem was based on feature extraction and further classification
based on these features. The emergence of DL methods has helped develop a data-driven ap-
proach rather than an FB method. The previous chapter introduced the AMC for SISO signals
based on DL. This chapter explores the existing SCNN-based classifiers for AMC and exam-
ines the scope of improving their classification performance. The aim of the study is to keep
the classifier compact so that it can be included in resource-constrained AMC applications.

An SCNN architecture comprising two convolutional layers and a 256-neuron fully con-
nected layer was proposed in [22] for the AMC of eight digital and three analogue modulation
types, namely BPSK, QPSK, 8PSK, GFSK, CPFSK, PAM4, 16QAM, 64QAM, AM-DSB, AM-
SSB and WB-FM. This CNN was compared with Deep Neural Networks (DNN) based classi-
fiers and a Support Vector Machine (SVM) classifier, trained on expert features, demonstrating
superior classification performance. The CNN incorporated 2.5 million trainable parameters,
which is considerably high considering the demands of communication systems in which the
AMC system is employed. In an effort to reduce the complexity of this CNN, O’Shea and
Hoydis, in their subsequent work [24], proposed a new CNN having a lower number of train-
able parameters. However, the classification performance for QAMs was poor. An analysis
of the classification results showed that the network failed to distinguish between 16QAM and
64QAM.

Wang et al. [25] solved the above problem by using a combination of two CNNs as shown
in Fig[2.1] at the cost of increased complexity. This study focuses on a modulation class encom-
passing eight modulation schemes: The first CNN used dropouts to combat over-fitting and was
called DrCNN. Dropouts are placed after each of the convolution layers and the dense layers.
The second CNN was used to differentiate between 16QAM and 64QAM. The authors trained
DrCNN using 1Q data and the second CNN using the constellation image data synthesised from
the received signal. DrCNN is able to detect QAMs as a single class for SNRs as low as —6 dB.
If DrCNN outputs the QAM class, the constellation image of the input signal is presented to

the second CNN. These data are applied to the second CNN through a density window, which
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divides the density of constellation points into three degrees: higher density, moderate density,
and lower density, and yellow, green, and blue colours are applied to represent these three de-
grees, respectively. Considering both the CNNs, a total of seven convolutional layers and seven
fully connected layers are included in their classifier. The performance of DrCNN is compared
with that of the RNN, the DNN, and the Inception network-based classifiers. The results show
that DrCNN outperforms its peers when the QAMs are clubbed together as a single class. While
DrCNN demonstrated superior classification accuracy compared to others, the number of train-
able parameters was on the higher side. The architectural details of DrCNN are outlined in
Table Notably, dropout layers are incorporated after each convolutional and dense layer.
However, the inclusion of dropouts in convolutional layers is a topic of widespread debate in
the literature. This research critically examines this issue and introduces a classifier capable of
effectively categorising all eight modulation schemes, taking into consideration the following

factors:

* To reduce the complexity of the classifier by limiting it to a single CNN, unlike the exist-

ing DrCNN-based classifier.
* To boost the classification performance while maintaining a lightweight CNN.

In the DrCNN architecture, dropouts are included to mitigate the overfitting problem en-
countered in the neural networks. In the following Section [2.2] the problem of overfitting in
CNNs and the various methods to alleviate the same are discussed. The proposed SCNN based
classifier is introduced in Section In Section the details about the implementation of
the classifier and the results of the simulations are included. A summary is presented in Section
2.2 Strategies to Mitigate Overfitting in CNNs

Overfitting is a serious problem of CNNs affecting their performance [33]]. A deep learn-
ing model tends to learn not only the underlying patterns but also the statistical noise and the
outliers present in the training data. The primary objective in training is to minimise the loss

function across all neurons. Over-fitting occurs when a neuron adjusts itself to compensate for
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Figure 2.1: A schematic diagram of the existing DrCNN-based classifier for the AMC of eight
modulation classes.

errors made by other units, resulting in intricate co-adaptations. Hence, the hidden units in
the neural networks will have highly correlated behaviour. These complex co-adaptations need
to generalise more effectively to unseen datasets, giving rise to the over-fitting problem. As a
result, the trained network will perform poorly on the validation dataset. Regularisation is a
set of methods for reducing overfitting in machine learning models. Common regularisation
methods that are utilised in DL includes, L; and L, regularisation, dropouts, data augmentation,
early stopping and batch normalisation (BN). It is reported that dropouts perform better than
Ly, L, regularisers [34]] and have become very popular in the literature. Wang et al. [25] em-
ployed dropouts as the regulariser in their CNN. In the succeeding section, dropouts and batch
normalisation techniques are elaborated.
2.2.1 Dropouts as a regulariser

Dropout is a regularisation technique in deep learning that became very popular after the
work of Srivastava et al. [35], which presented an exhaustive result on the effectiveness of
dropouts in dense layers as well as convolutional layers. Experiments on the CIFAR-10 dataset
for image processing showed that the test error has been reduced from 15.60% to 12.61% by

applying dropouts in convolutional and hidden layers.
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(a) Standard neural network (b) After dropout

Figure 2.2: Dropout applied to a standard neural network

The term “’dropout” denotes the random exclusion of nodes (both in the input and hidden lay-
ers) within a neural network, as depicted in Fig. During dropout, all forward and backward
connections associated with the omitted node are temporarily eliminated during training, lead-
ing to a modified network architecture derived from the original parent network. The dropout
probability, denoted as p, determines the likelihood of the nodes being excluded. The value of
p typically varies between 0.2 and 0.5.

The implementation of dropout serves as a remedy by preventing units from exclusively
compensating for others’ errors. This is achieved by introducing unreliability into the presence
of units during each iteration. By randomly omitting a subset of nodes, dropout compels the lay-
ers to assume varying degrees of responsibility for the input, adopting a probabilistic approach
that mitigates the risk of over-fitting.

2.2.2 Batch Normalisation (BN)

BN was introduced in [36]] to speed up the training process of ML algorithms by removing
the covariance shift experienced by the different layers of the network. Covariate shift can be
defined as the change in the distribution of network activations due to the change in network
parameters during training. BN is implemented in CNNs as another layer, which receives the
output from one layer and normalises it before passing it on as input to the next layer. The

output, Y, of the BN layer is given by,
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Figure 2.3: The process block diagram of a BN layer.

and,

X —px
Ox

XE (2.2)
where uy , oy are the mean and standard deviation of input to the BN layer computed over a
mini batch of size less than that of the training dataset. BN has two learnable (y, ) as well as
two non-learnable parameters (uy,ox) associated with it . The introduction of BN improves the
generalisation of the network and thereby reduces overfitting. The process block diagram of a
BN layer is shown in Fig[2.3]

In the following section, two CNNs based on dropouts and BN are proposed, and their AMC

performances are assessed.

Table 2.1: Layers of DrCNN

Layer Output dimensions
Input (2,128)
Convolution2D (Filters 128, (2,8)) + PReLLU | (121 x128)
Dropout (0.5) /

Convolution2D (Filters 64, (1,16))+ PReLU | (114x64)
Dropout (0.5) /

Flatten 7296

Dense + PReLLU 128

Dropout (0.5) /

Dense + PReLLU 64

Dropout (0.5) /

Dense + PReLLU 32

Dropout (0.5) /

Dense + Softmax Number of classes
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2.3 Proposed SCNN Classifiers for the AMC of 8 Digital Modulation Classes.

The structure of the proposed SCNN variants differs according to the inclusion of dropouts
and BN after the dense layers. Accordingly, the SCNNs are named as the dense layer dropout
CNN (DDrCNN) and dense layer batch normalisation CNN (DBCNN) respectively.

2.3.1 DDrCNN for AMC

In the previous section, it was explained how dropouts are effective in fighting the overfit-
ting problem. However, various studies [37,38|] have reported that dropouts in the convolutional
layer lead to diminished performance of CNN classifiers. By removing dropouts after the con-
volutional layers, the feature set may improve. Hence, the dense layers may be able to perform
better without the requirement of a second CNN to classify between the QAMs. Such a scheme
will significantly simplify the CNN-based classifier for AMC. A dense layer dropout CNN-
based classifier for AMC is proposed in the first section, and the effect of Batch Normalisation
applied in the layers of CNN on AMC is studied in the second section.

The investigation commenced by examining the impact of dropouts in these layers on classi-
fication accuracy. The removal of dropouts from the convolutional layers improved the result of
classification. Further, the reduced version of DrCNN with dense layer dropout was able to out-
perform DrCNN on a pool of 8 modulation schemes. Based on the findings, a DDrCNN-based
classifier is proposed as schematically shown in Fig. 2.4]

Table 2.2l shows the architecture of DDrCNN. The convolutional neural network consists of
two convolutional layers. The first layer uses 128 filters with a kernel size of (2, 6), followed by
a second layer that applies 64 filters with a kernel size of (1, 14). These are succeeded by three
fully connected (dense) layers containing 64, 32, and 11 neurons, respectively. The final dense
layer employs a softmax activation function to generate the probability distribution across the
modulation classes.

A parametric rectified linear unit (PReLU) activation function is employed after each of the
convolutional layers and hidden layers, other than the final dense layer. PRelLU is a modified

version of ReLLU where a learnable negative slope parameter is added in the activation function.

It is given by (2.3)).
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Figure 2.4: A schematic diagram of the DDrCNN-based classifier for the AMC of eight modu-
lation schemes.

a-x ifx<O
fx) = (2.3)

X ifx>0

where « is a learnable parameter.

The categorical cross-entropy is chosen as the loss function for training DDrCNN. The
ground truth of class symbols represented in one-hot encoding ( y;) and the cross entropy of y;
is given by,

1 &
L= ;yi - log(5) (2.4)
where N is the number of samples considered in one training batch and y); is the predictions
of y;.
The idea of dense layer dropout is extended to dense layer normalisation, and a dense layer

batch normalisation CNN (DBCNN) is proposed in the next section.
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2.3.2 DBCNN for AMC

As described above, BN is a technique to standardise the inputs to a layer for each mini-
batch while training deep neural networks. BN works differently during training and testing.
During training, the layer normalises its output using the mean and standard deviation of the
current batch inputs according to the equations and 2.2] Practically v, the learnable scaling
factor is initialised as one and g, is initialised as zero. During the prediction, the layer nor-
malises its output using a moving average (mean) and standard deviation of the batches it has
seen during training according to the equation [2.1] Experiments described in a later section
have shown that BN applied to the output of hidden dense layers performs better than when
BN is applied after all the layers. Hence, a CNN which includes BN after the hidden layers
is proposed. Only max-pooling layers, along with the activation layers, are applied after the
convolutional layers. Normalisation is applied only for the outputs of the dense layers. Detailed
structure of DBCNN is given in Table [2.5]

2.4 Implementation Details and Results

The generation of the dataset, as well as the details of the implementation platform, is ex-

plained in the following subsections. The ablation studies carried out to validate the efficacy

Table 2.2: Layers of DDrCNN

Layer Output dimensions
Input (2,128)
Convolution2D (Filters 128, (2,6)) | (123, 128)
PReLLU (123, 128)
MaxPooling2D (62, 128)
Convolution2D (Filters 64, (1,14)) | (49, 64)

PReLLU (49, 64)
MaxPooling2D (25, 64)

Flatten 1600

Dense + PReLU 64

Dropout (0.4) /

Dense + PRelLU 32

Dropout (0.4) /

Dense + Softmax Number of classes
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of the proposed DDrCNN and DBCNN are presented in the following section. The percentage
of correct classification (PCC) is used as a metric to evaluate the performance of the classifier.
Specifically, for a given Signal-to-Noise Ratio (SNR), PCC is computed as the proportion of
correctly classified signals to the total number of test signals at that specific SNR. Mathemati-
cally, it is expressed as

Number of Correct Classifications

PEE = 2.5
Total Number of Test Signals 2.5)

The classification performance of these networks is evaluated for different scenarios, and a
comparative evaluation of DrCNN and these proposed networks is also presented.

For the training and testing of CNNs, a computing machine with NVIDIA GeForce GTX
1650Ti, offering 4 GB RAM, is utilised. Deep learning modules are implemented using Keras
with TensorFlow as the back end. The details of the datasets used for the training and testing of
the classifiers are given below.

24.1 Dataset

The datasets used in deep learning-driven AMC problems typically consist of synthetic data.
O’Shea et al. demonstrated the efficacy of training DL networks using synthetically generated
data in their study [27]]. Similarly, the authors of the DrCNN-based classifier employed syn-
thetic datasets for both training and testing their classifier. Thus, this chapter mainly utilises a
dataset generated using MATLAB for training and testing deep learning networks. A few results
on the publicly available RadioML dataset were included in this section for comparative analy-
sis. Since the exact modulation classes are not present in this dataset, a modulation pool (BPSK,
QPSK, OQPSK,4ASK, GMSK, 8PSK, 16QAM,64QAM) is extracted. In the original dataset,
each of the signals is of length 1024, and a total of 24 modulation classes are considered. While
extracting a subset of classes, the signal length is limited to 128.

A Rician multi-path channel model is assumed to generate the synthetic dataset. The details
of the channel parameters are given in the Table. [2.3] Signals are modulated at a rate of 4
samples per symbol. The data set generated consists of 3000 instances of each modulation

scheme and each instance is 128 samples long. The SNR varies from -10 dB to 10 dB at an
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Table 2.3: Details of the simulated communication channel for dataset generation

Parameters Specifications
Channel model Rician fading
SNR -10dB to 10dB
Sampling Frequency (Fy) | 200 KHz

Path delays [0, 1.8, 3.4]/F5
Average path gains [0,-2,-10]
KFactor 4

Maximum Doppler Shift | 4

Maximum Clock Offset 5

Center Frequency 902 MHz

interval of 2 dB. The dataset is saved in the HDF5 file format for easy access in the Python
environment. It occupied 546 MB of memory space.
2.4.2 Selection of the CNN architecture for the AMC

The network under consideration was evaluated for various changes in the structure. The
results of these ablation studies are discussed here. During these studies, the training parameters
were kept constant. All the networks are trained using 70% of instances from each modulation
scheme, each consisting of 128 samples. The remaining 30% of signals are reserved for testing
to evaluate the classification accuracy. While training, the number of epochs were set as 200,
and an early stopping callback with patience 20 was used. A batch size of 256 was used while
training all these networks.

The following experiments were carried out while finalising the proposed classifiers.

Exp. No 1: Effect of dropouts only on the dense layers:- The dropouts in the convolutional
layers are omitted from the DrCNN, and the network is trained and tested on the synthetic
dataset. The result, along with the PCC of DrCNN, is plotted in Fig. The improvement
in PCC is evident from the figure. An improvement of around 30% in the PCC is observed
for any given SNR. The same networks were trained and tested on the RadioML dataset. The
result for the same is plotted in Fig. For this particular dataset, the improvement in
performance is smaller than that of the synthetic dataset. This may be due to the fact that
the RadioML dataset includes signals modelled using different channel impairments, and the

modulation classes considered were different.
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Exp. No 2: Effect of reducing the number of hidden layers:- Further studies were con-
ducted to improve the performance as well as reduce the complexity of the network. The two
convolutional layers employed in the DrCNN incorporated the kernels of size (2,8) and (1,16),
respectively. The network is trained and tested with varying kernel sizes, and observing the
slight differences in the PCC, the two convolutional kernels as {(2,6),(1,14)} were selected and
name the network as CNN1. One of the hidden layers is omitted to trim the network size. The
resultant DDrCNN network is trained and tested on the dataset. The training performance of
DDrCNN is plotted in Fig. which asserts the effect of dropouts on the validation loss. The
CNNI, featuring three dense layers, demonstrates superior performance at lower SNRs. How-
ever, from 0 dB onwards, DDrCNN underperforms CNN1 by only 1% as shown in the PCC
graph Fig. Compared to CNN1, which has three dense layers, DDrCNN only has a con-
siderably lower number of trainable parameters. The confusion matrix for the DDrCNN-based

classifier for various SNRs is given in Fig. 2.§]
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Figure 2.5: Effect of dropouts only in dense layer.

Exp. No 3: Effect of batch normalisation only in dense layer:- The effect of normalisation
on layers of the CNN is evaluated by employing the Batch Normalisation layer in the architec-
ture. The various CNNs analysed in this ablation study are detailed in Table[2.4, CNN1 contain

three dense layers and dropouts only in dense layers, while CNN2 includes BN after the two
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Figure 2.6: Training and validation loss over epochs (DDrCNN).
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Figure 2.7: Performance of DDrCNN classifier for various SNRs compared with CNN1.
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Figure 2.8: Confusion matrix of DDrCNN for various SNRs.
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convolutional layers and the three dense layers. CNN3 has BN only after the three dense layers.
In CNN4, BN is applied after the convolutional layers and the dense layers, but dropouts are
applied only after the dense layers. CNNS5 has BN and dropouts after the dense layers only. The
PCC for CNNs employing dropouts is compared to that of CNN, which incorporates BN layers.
Fig. [2.9)shows that applying BN only in the dense layers returns the best performance among
others. Similar to the DDrCNN, max-pooling layers are added to the convolutional layers, and
the corresponding classification performance is evaluated. The classification performance of the
resultant network (DBCNN) is plotted in Fig. along with that of CNN3 and CNN6, which
contain only BN as the normalisation layer. The training and validation loss curves are plotted
in Fig. 2.T1] CNNG is a trimmed version of CNN3 where one of the hidden layers is omit-
ted. Compared to CNN3, DBCNN has only 20% trainable parameters, but it achieved almost
similar classification performance at around 0dB.To evaluate the performance of DDrCNN and
DBCNN on the RadioML dataset, the PCC for both networks is plotted in Fig. On the

RadioML dataset, both networks yielded almost similar classification performance.

Table 2.5: Layers of DBCNN

Layer Output dimensions
Input (2,128)
Convolution2D (Filters 128, (2,6)) | ( 123, 128)
MaxPooling2D (62, 128)

PReLLU (61, 128)
Convolution2D (Filters 64, (1,14)) | (49, 64)
Maxpooling2D (25, 64)

PReLU (24, 64)

Flatten 1600

Dense + PReLU 64

BN NA

Dense + PReLU 32

BN NA

Dense + Softmax Number of classes
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Figure 2.10: PCC of DBCNN compared with CNN3 and CNNG6.
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Figure 2.12: PCC performance of DDrCNN and DBCNN on RadioML dataset.
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Figure 2.13: PCC performance of DDrCNN for different lengths of signals.
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2. AMC of SISO signals using Shallow CNNs

2.4.3 The effect of the size and representation of the signals in the dataset on the PCC

The study by Wang et al. [25]], recommended employing a signal length of 128 samples for
each entry in the dataset. The data was encoded in I1Q format during the dataset generation
process. In this section, the appropriateness of selecting signals of length 128 samples and

representing the same in IQ format is elaborated.

Effect of length of signals in the dataset on the performance of DDrCNN: To investigate
the effect of changes in the number of samples per signal on the PCC, three more datasets were
created, each containing 64, 256, and 512 samples per signal. These datasets were employed
to train the DDrCNN, and the outcomes are graphically presented in Fig. [2.13] alongside the
result obtained with 128 samples per signal. Though selecting a length of 64 samples per signal

deteriorates the PCC, there is no considerable improvement for higher lengths like 256 and 512.

Classification performance of DDrCNN on Polar dataset : The performance of DDrCNN
on a data set that represents the complex communication signal in polar form, as opposed to the
IQ format, was explored. The polar dataset was created using MATLAB, following a method
similar to IQ data generation. Instead of storing the in-phase and quadrature components as
two separate rows, the polar dataset comprises two rows representing the magnitude and phase
of the complex signal. The DDrCNN network is trained on the polar dataset, and the result
compared with the IQ dataset is plotted in Fig. [2.14] The graph shows that the classification
performance of the network is vastly superior when an IQ dataset is utilised. The confusion
matrix at 4 dB SNR is given in Fig. which depicts the difference in classification accuracy
for the constituent modulation schemes.

The training performance and the classification results of both DDrCNN and DBCNN are
compared to those of DrCNN in the succeeding section.
2.4.4 Performance comparison with DrCNN

It was reported that DrCNN outperforms state-of-the-art networks like RNN, DNN, and
InceptionNet by a considerable margin on a data set generated through MATLAB when QAMs

are kept as a single class [25]. In this section, the comparison between the DrCNN-based
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Table 2.6: Comparison of number of trainable parameters

Network | No. of Parameters
DDrCNN | 216,515

DBCNN | 217,707

DrCNN 1,101,448

classifier and the proposed classifiers are presented. DrCNN was implemented as per the details
given in the paper. Though the aim of DrCNN was not to classify the eight modulation schemes,
it was for comparison because of its very similar structure. The networks were trained on the
dataset, which had signals with a length of 128 samples.

DBNN and DDrCNN took 7 and 9 seconds per epoch, respectively, while training on the
data with the same code parameters, and DrCNN took 11 seconds. For the dataset under consid-
eration, DrCNN’s classification performance was poor for 16-QAM vs. 64-QAM. Classification
accuracy was plotted for these networks at various SNRs as shown in Fig[2.17] From the figure,
one can see that both DDrCNN and DBCNN outperform DrCNN. For the dataset considered,
DrCNN’s classification performance was poor for QAMs as well as 8PSK/QPSK; hence, a sig-
nificant difference in performance is seen in the confusion matrix plotted in Fig. [2.16]

The comparison of trained network parameters is presented in Table It is evident from
the Table that both DDrCNN and DBCNN have 21% of the trainable parameters compared to
DrCNN. Notably, DrCNN requires an additional CNN for QAM classification. Hence, both
DDrCNN and DBCNN emerge as superior classifiers in terms of complexity and performance.

The diagonal entries of the three confusion matrices in Fig. [2.16]are extracted and tabulated
as the class-wise PCC in Table [2.7] along with the overall (mean) PCC, at SNR = 4 dB. The
DrCNN exhibits a sharply non-uniform class-wise behaviour: the QPSK collapses to only 1.4%
as it is predominantly misclassified as PAM4, while the 8PSK and 64-QAM pair is split almost
evenly between the two classes. These failure modes bring down its overall PCC to 71.2%. In
contrast, both the DBCNN and the DDrCNN classify every modulation class with a PCC of
> 98%, achieving an overall PCC of 99.1% and 99.5%, respectively, which is an improvement
of about 28 percentage points over the DrCNN.
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Table 2.7: Class-wise and overall percentage classification accuracy (PCC) of DrCNN, DBCNN

and DDrCNN at SNR = 4 dB.

Modulation class DrCNN (%) | DBCNN (%) | DDrCNN (%)
BPSK 84.0 99.0 100.0
QPSK 1.4 98.0 100.0
8PSK 49.0 99.0 98.0
GFSK 100.0 100.0 100.0
CPFSK 100.0 100.0 100.0
PAM4 86.0 99.0 99.0
16-QAM 94.0 100.0 100.0
64-QAM 55.0 98.0 99.0
Overall (mean) PCC 71.2 99.1 99.5
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Figure 2.17: Performance comparison of DrCNN with proposed networks on the synthetic
dataset.

2.5 Summary

This chapter, explored the AMC of 8 digital modulation classes by employing CNN-based
DL classifiers. The state-of-the-art classifier for this problem employed a dual CNN config-
uration to categorise these eight modulation schemes effectively. Our findings demonstrate

that eliminating dropout layers from the convolutional layers contributes to enhanced classi-
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fication performance using a single SCNN only. By selectively applying dropouts or batch
normalisation solely in the dense layers, the network size is reduced successfully. The result-
ing DDrCNN and DBCNN achieved an impressive accuracy of around 98% to 99% for SNRs
above 0 dB for signals containing eight distinct digital modulation schemes for a pedestrian
wireless channel having Rician fading. The validation of these results was conducted using the
RadioML2018.01a dataset, confirming their reliability. DDrCNN is used as the classifier model

in the subsequent chapters for its marginally superior performance.
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3. Cooperative Modulation Classification Employing SCNNs over Distributed Communication
Networks

3.1 Introduction

Distributed communication systems are widely deployed in applications which demand re-
silience, scalability, and real-time responsiveness across geographically dispersed nodes. For
example, in military applications, unmanned aerial vehicles are cooperatively utilised to per-
form signal detection tasks. In civilian domains, distributed communication frameworks are
integral to wireless sensor networks and cognitive radio systems, where devices dynamically
share spectrum information and adapt transmission strategies in real-time [39]. This helps in
effectively utilising the spectrum and increasing the robustness and reliability. The Internet
of Things (IoT) is an emerging distributed communication technology that is rapidly finding
applications across diverse domains, including smart home appliances, industrial sensors, and
healthcare systems [40,[41]. AMC plays a key role in 10T networks in ensuring security and
efficiency.

A number of studies in AMC involve the utilisation of multiple receivers at the time of
decision-making [42] [43]]. Cooperating with multiple receivers in decision-making generally
improves the performance of the classification system [44]]. The cooperation of multiple nodes
can be centralised or distributed. In the centralised architecture, the decisions or data from each
sensor are transmitted to a fusion centre (FC) where the final decision is made, as shown in Fig.
In centralised architecture the FC will be capable to receive data/features and to process
them to identify the modulation scheme. In the distributed model, each node processes its lo-
cally available data to generate an initial decision [45]]. This decision is then refined through
information exchanged with cooperating nodes. In an alternative scenario, an FC with limited
computing capabilities may be employed solely to compile the inputs from the nodes and pro-
duce the final decision. The majority of the existing works fall in the first category of sensor
cooperation in the case of AMC, and they utilised FB methods for classification purposes.

This chapter proposes to study the effect of cooperation in the case of SCNN-based AMC
over multiple cooperating networks. In existing methods, the cooperating mechanisms use
either higher-order cumulants (HOC) or likelihood-based methods for the classification [28],46,

477]]. In the case of HOC-based classification models, the class under consideration is dependent
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on the selection of features. Hence, the number of modulation classes that can be identified
is limited by the features selected for the classifier. The number of samples needed for the
HOC-based classifier for effective classification is more than that of the DL-based classifiers.
However, the DL-based classifiers are computationally more demanding than the conventional
FB-based classifiers.

The previous chapter, proposed two SCNN architectures for the AMC of eight digital mod-
ulation schemes, demonstrating strong performance even at low SNRs. This work investigates
how the DDrCNN classifier from our earlier study can be adapted for a cooperative communi-
cation scenario. Given that cooperation typically enhances AMC performance, the sample size
of the CNN input is modified to further reduce the model’s complexity. Such network trimming
can facilitate the integration of these classifiers into hardware-constrained environments, such
as [oT systems.

This chapter is organised as follows. A brief review of relevant literature is presented in Sec-
tion The proposed classification model is discussed in Section[3.3] Results for cooperative

AMC utilising DL are elaborated in Section [3.4] followed by a summary in Section[3.5]

Node 1

l

.
Node j

; l ;

Transmitter - Fusion Center

|

Node M

Figure 3.1: A distributed communication network with centralised fusion for decision coopera-
tion.
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3.2 Related Works on Cooperative AMC over Distributed Networks

The concept of cooperation is considered a successful solution to wireless communication
problems where there exist multiple receivers or sensor nodes [48,49]. In [42], the authors
proposed an HOC-based cooperative automatic modulation classification (CAMC) under dis-
persive fading channels. Different fusion methods are discussed, and the effects of the number
of nodes and channel estimation on the performance of AMC were studied. These methods
include Hard Decision Fusion (HDF) [50] and Soft Decision Fusion (SDF) [51]]. In HDEF, each
individual cooperative sensor or receiver node in a network performs a local AMC task and
makes a local hard decision about the modulation scheme of an unknown signal. The SDF
generalises the concept of optimal HDF. Instead of relying solely on the discrete local hard
decisions made by individual nodes, SDF methods incorporate a ”soft decision vector (SDV)”.
This SDV is employed as a measure of the reliability or conditional probability of the local
decision. A critical aspect highlighted is the dependence of these fusion methods on predefined
reference values that ideally match the actual channel conditions. In practical scenarios, obtain-
ing perfect knowledge of these references is difficult, leading to mismatched references which
can cause a considerable decline in AMC performance.

A detailed survey of modulation classification in communication systems employing mul-
tiple nodes is presented in [28] along with a new classifier based on estimated HOCs and LB-
based decision cooperation. HOC features estimated by each sensor were transmitted to the
fusion centre, where an LB combining algorithm is employed to obtain the final decision. Mod-
ulation schemes QPSK and 16QAM were considered for AMC. They carried out a detailed
study on the effect of cooperation on AMC for both AWGN and Rayleigh fading channels, con-
sidering different numbers of receiver nodes. Since the classifier is based on cumulant features,
the addition of modulation classes requires changes in the feature selection. This work assumes
that the joint probability distribution of the cumulant features across the various nodes follows
a multivariate Gaussian model. Hence, the likelihood-based decision combining depends on
probabilistic models of the cumulant estimates, which require knowledge of their means and

variances for different modulation schemes and SNRs. Differences between the estimates and
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the actual values may affect the classification performance. In [52], the authors introduced
CAMC using unmanned aerial vehicles. They employed a graph-based AMC method for local
decisions and proposed novel weighted voting for decision fusion at the fusion centre. Again,
this method might be affected by imperfect channel estimation, imperfect SNR estimation, and

imperfect synchronisation in a practical scenario.
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Figure 3.2: CNN-based system for CAMC over a distributed network.

3.3 System Model and Proposed Classifier

In contrast to the Rician channel considered in the preceding chapter, the current investiga-
tion assesses the AMC within a SISO channel subject to Rayleigh fading. This shift addresses
a wireless environment characterised by the absence of a direct line-of-sight path, often posing
greater challenges for communication systems. In this work, it is assumed that CNN classifiers
are present at each node of the distributed network. These nodes are capable of communicating
flawlessly with the fusion centre, where the final decision is made. At the sensor node, the
trained DL networks will process the input signal, transmit the probability linked with each
output class to the fusion centre for cooperative decision-making. The overall classification

process is depicted in Fig. [3.2]
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3.3.1 CNN used for classification

For this work, DDrCNN has been adopted for identifying the modulation classes at each
node in the communication network as given in Figure [3.3] The detailed architecture and per-
formance evaluation of this network were discussed in Chapter[2] The same network is selected
to depict the improvement in PCC when cooperative rules are applied. The DDrCNN has two
convolution layers that function as the feature extraction unit. The first layer contains 128 fil-
ters of kernel size (2,6) with the rectified linear unit (ReLLU) as the activation function. The
second convolutional layers consist of 64 filters with a kernel size of (1,14). Two hidden layers
with 128 and 64 filters are employed with ReLU as the activation function in the dense layers.
Dropout are added after each hidden layer. The output layer is a softmax layer.

Categorical cross-entropy, which is defined based on the ground truth of class symbols rep-
resented in one-hot encoding ( y;) and their corresponding predictions (¥;), is chosen as the loss

function and is given by.

| &
L=—-= yi-log() (3.1)
N 4
i=1
where N is the number of samples considered in one training batch.
Input
:> Conv 2D Conv 2D Flatten
128 (2,6) + PReLU+ Maxpool 64 (1,14) + PReLU +Maxpool
<:| Desnse + Softmax Dense 32+ PReLU + Dense 64 + PReLU +

Dropout (0.4) Dropout (0.4)

Classification
probability vector

Figure 3.3: Architecture of CNN employed at each node of the distributed network.

3.3.2 CAMC over Distributed SISO Networks

In this work, the nodes in the network are assumed to be SISO. The nodes equipped with

trained CNNss will transmit the classification probabilities of the constituent modulation schemes.
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At the FC, a cooperative decision is implemented to combine the decisions from each node.
Voting-based and averaging-based decision cooperation methods are considered. While the
averaging method computes the average of the probabilities obtained by all of the receiving
antennas and follows the rule that the modulation type with the highest probability is the final
predicted modulation type, the voting method is based on the count of individual modulation
types provided by each antenna, and the modulation type with the majority vote is the selected
one. The algorithms for both methods are mentioned in Algorithm [3.T]and Algorithm 3.2}

The notations used in the cooperative system model and in Algorithms and are
summarised in Table

Table 3.1: Notations used in the cooperative system model and in Algorithms and

Symbol Definition

M Pool (set) of candidate modulation classes considered for
classification.

IM| Cardinality of M, i.e. the total number of modulation classes.

m, The n™ modulation class in M, n € {1,2,...,|M|}.

M Total number of cooperating sensor nodes in the distributed network.

N/ The jth sensor node, j = 1,2,..., M, equipped with a trained DDr-
CNN classifier.

Y/ Received in-phase/quadrature signal observed at node N/ over the

observation window of 128 samples (input to the CNN at that node).
P(m,|Y’) Softmax output of the CNN at node N/ for class m, given the re-
ceived signal Y/; interpreted as the posterior probability that the
transmitted modulation is m,,.

P’ Soft-decision probability vector output by the CNN at node N/: P/ =
[P(my|Y7), P(my|YY), ..., P(mypg|Y7)].
;) Hard decision (predicted modulation class) at node N/: &, =

arg max, P(m,|Y’). The subscript n records the index of the mod-
ulation class selected at node N7, i.e. n%,{ = m,, for that specific n; it
is not a free running index.
Element-wise mean of the probability vectors {P’}
_ the fusion centre: ?_: Z o P

P(n) The n'" element of P.
VoteCount(n) | Number of nodes among {Nj}j"i , Whose hard decision ;] corre-

M
=1

]

computed at

sponds to the n" modulation class m,,.
m Final cooperative decision at the fusion centre after applying the vot-

ing (Algorithm or averaging (Algorithm rule.
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Algorithm 3.1: Cooperative AMC for cooperating nodes — voting method.

Input: Votes from each of the nodes N/, j=1—> M
Output: Selected modulation type /i1 € M

1 For j = 1 — M, input votes for each modulation scheme, 7i,’ = arg max,, P(m,|Y”)
from each CNN node.

2 Count the number of occurrences of each modulation class in the predictions to get the
vote count(n), n € [1, IM]].

3 Identify the modulation class with the highest vote count: /2 = argmax (VoteCount(n))
ne[1LIM]]

Algorithm 3.2: Cooperative AMC for cooperating nodes - averaging method.

Input: CNN decision probabilities from each of the nodes N/, j =1 - M
Output: Selected modulation type m € M

1 Input the softmax probability vectors, P/ = [P(m;|Y7), P(my|Y?), ..., P(myq|Y/)] from
the CNNs for j =1 — M.

2 Compute the average probability vector at the receiver: P = % Zyzl P/

3 Select the modulation type with the highest averaged probability: /& = argmax(P(n))
ne[LIM[]

To implement the cooperative scheme, the trained DDrCNN is used for detecting the mod-
ulation class at each node. The output of the classifier is the softmax probability vector. Now,
to test the effectiveness of the CAMC, test data is generated for each of the nodes and passed
on to the classifier. The outputs corresponding to each of the test inputs are combined using the
cooperative decision rule for the final decision.

3.4 Simulation Results

The performance of CAMC is tested using the datasets generated using MATLAB, follow-
ing the signal model explained earlier. The modulation classes considered are BPSK, QPSK,
8PSK, GFSK, CPFSK, PAM4, 16QAM, and 64QAM. The dataset for training the CNN classi-
fier employed in each of the distributed nodes is generated using Matlab. The SNR ranges from

-10 dB to 10 dB for the training dataset. The adaptive moment estimation (Adam) optimiser
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3.4 Simulation Results

is used to minimise the loss function. The learning rate value employed for CNN training is
0.001. The CNN was trained for 400 epochs, and an early stopping callback of patience 20
was used. The batch size is set to 256 during training. The DDrCNN was trained and tested
under two different scenarios with varying input signal sizes. In the first scenario, consistent
with previous work, the dataset contained signals of size 2x128, while in the second scenario,
the dataset included signals of size 2x64.

For the training and testing of CNNs, a computing machine with NVIDIA GeForce GTX
1650Ti, offering 4 GB RAM, is utilised. Deep learning modules are implemented using Keras
with TensorFlow as the back end.

3.4.1 Simulation results with signal size 2x128

The training converged in 198 epochs with an overall 94% correct predictions. Maximum
PCC of around 97% is achieved at an SNR of 2 dB. The training performance of the classifier is
plotted in Fig. [3.4] The validation loss for the network appeared to become constant after 120

epochs, suggesting over-fitting.
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PCC vs SNR from Result.hdf5
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Figure 3.4: Model training behaviour and classification performance for a single node (2x128
input format)

To study the effect of cooperation employing multiple nodes available in the network, the
number of nodes considered were 1,2,3,4 and 5. A separate test dataset, which is not a subset
of the training dataset, is generated and assigned to each node. For the testing dataset, the SNR
varied between -20 dB and 0 dB since the classification accuracy is high from —10 dB itself.
Both the cooperation rules mentioned in Section [3.3.2] were employed using this dataset. It was
observed that both methods improved the classification performance, but the averaging-based
cooperation performed better than the voting-based cooperation at lower SNRs. The PCC for
both methods considering multiple numbers of nodes is given in Fig. [3.5] A comparison plot

between averaging and voting-based cooperative AMC is included as Fig.
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3.4 Simulation Results

3.4.2 Simulation results with signal size 2x64.

The objective of reducing the sample observation length is to accelerate the processing and
to design a more compact classifier. Table [3.2] shows the details of DDrCNN while a compact
input is used. While training the 64 samples input, DDrCNN converged in 332 epochs. The
maximum PCC obtained is around 88% at 8 dB. The training performance is plotted in Fig. [3.7]

A test dataset is generated for input signals of 64 samples, with SNR values ranging from
—10 dB to 10 dB. In this case, the number of nodes considered are 1,2,3,4,5,10. Table 3.3
presents the classification accuracies obtained for an input size of 64 samples with cooperation
enabled. It can be observed that the accuracy reaches nearly 98% even at an SNR of —4 dB
when employing 10 cooperating nodes. The network size of the DDrCNN for an input size of
128 samples is approximately 230K parameters, whereas for an input size of 64 samples, it is

about 160K parameters.
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(a) Voting based cooperation (b) Averaging based cooperation.

Figure 3.5: PCC for CAMC with multiple SISO nodes for input size 2x128
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Figure 3.6: Accuracy comparison of CAMC: Averaging vs. Voting (Input Size: 2x128)

Table 3.2: Layers of DDrCNN for input signal size 2x64

Layer Output dimensions
Input (2,128)
Convolution2D (Filters 128, (2,6)) | ( 59, 128)
MaxPooling2D (30, 128)

PReLLU (30, 128)
Convolution2D (Filters 64, (1,14)) | (17, 64)
Maxpooling2D 9, 64)

PReLLU (9, 64)

Flatten 576

Dense + PReLU 64

Dense + PReLU 32

Dense + Softmax Number of classes
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PCC vs SNR
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(a) Classification performance
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Figure 3.7: Model training behaviour and classification performance for a single node (2x64
input format)

Table 3.3: PCC comparison between single node and averaging-based fusion with 10 nodes for
64 samples input

TH-4097 156102033

SNR (dB) Single Node (%) Averaging-based CAMC (10 Nodes) (%)

-10
-8

69.66 84.31
78.28 92.28
82.81 96.79
85.05 98.33
86.24 98.33
87.00 98.45
87.41 98.47
87.60 98.56
87.99 98.67
88.49 98.70
88.35 98.68
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Figure 3.8: PCC for CAMC with multiple SISO nodes for input size 2x64

3.5 Summary

In this study, the efficacy of CAMC in Single-Input Single-Output (SISO) channels was
demonstrated using a deep learning framework. The system architecture employed an SCNN-
based decision generator at each cooperating node, with a decision combiner at the fusion cen-
tre to aggregate outputs. The cooperative modulation classifier was implemented and evaluated
on a locally generated dataset in MATLAB for both 64 and 128 sample input lengths. Re-
sults showed that cooperation among multiple nodes significantly enhanced AMC performance,
achieving nearly 98% accuracy at an SNR of —4dB with 10 cooperating nodes for the 64-sample
case. The DDrCNN model used in this work had a network size of approximately 230K param-
eters for 128 sample inputs and about 160K parameters for 64 sample inputs, indicating that

high classification performance can be achieved even with reduced model complexity.
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4. AMC of MIMO Signals using Shallow CNNs

4.1 Introduction

The previous chapters examined the AMC of signals over the SISO channel using an SCNN
classifier, which achieved higher classification accuracy than the FB classifier. In distributed
SISO systems, cooperation among multiple nodes helped to improve the classification accuracy.
Many of the recently deployed communication systems, such as cellular networks, WiFi, and
satellite communication systems, employ multiple-input multiple-output (MIMO) technology
for improved channel utilisation and increased reliability. Consequently, research on AMC for
MIMO systems has gained significant attention. There is a scope to extend the proposed SCNN
classifiers for MIMO signals.

A number of works in the literature have employed both the LB and the FB methods for
the AMC of MIMO signals. In [53]], Choqueuse et al. have introduced an LB algorithm for
the AMC of MIMO signals under uncorrelated Rayleigh channel assumptions. In their work,
two LB classifiers were considered for solving the problem, namely, ALRT and HLRT. For
the HLRT classifier, they applied independent component analysis and the phase correction
algorithm for channel estimation. A feature fusion-based method was introduced in [54] for
the classification considering a known MIMO channel matrix. In this work, the authors have
proposed an FB technique based on higher-order moments and cumulants and employed an
artificial neural network (ANN) as the classifier. The classification results are presented for
both known channel state information (CSI) and unknown CSI for a correlated MIMO channel.
Another FB classification method for MIMO systems under frequency-selective fading channels
is presented in [S5], which utilises the peaks in the cross-correlation function for differentiating
the modulation formats. Zhu and Nandi [56] have employed the expectation-maximisation
algorithm to estimate the MIMO channel matrix, and then an LB-based method is employed for
the AMC.

The first work on classifying MIMO signals over the Rayleigh fading channel using a CNN-
based classifier was proposed in [29]. The authors have employed a zero-forcing equaliser for
CSI estimation and used the estimated signals to train the CNN. The performance of the clas-

sifier under imperfect CSI was also studied in the same work. The requirement for CSI at the
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receiver renders this approach unsuitable for blind modulation classification systems. Another
CNN-based cooperative AMC method for the MIMO signals over the Rayleigh fading channel
was proposed in [30]]. In both of these works, the CNN included one-dimensional convolutional
layers. In the latter work, the authors had done a detailed analysis of the effect of cooperat-
ing with the CNN’s decision at each receiver antenna. The AMC results for cooperation were
presented based on the voting and averaging methods. The results show that averaging-based
methods outperformed voting-based methods. This work motivated us to evaluate the perfor-
mance of the networks employed in the previous chapter on the MIMO dataset. Additionally,
the possibility of applying feature-fusion-based cooperation on the received MIMO signals is
explored.

In the majority of research existing in the literature, the MIMO channel models assume a
rich scattering environment. In practical terms, MIMO systems may function in environments
with insufficient scattering, potentially resulting in channels with reduced ranks [57,58]. The
keyhole channel, which is the extreme case of rank-deficient channels, when modelled math-
ematically, appears to be double Rayleigh distributed [59]. The channel matrix will be rank
deficient, and the AMC for MIMO signals under such channels is addressed in [31] using an
FB approach. This method is able to discriminate only lower-order PSK constellations un-
der unknown CSI. To the best of our knowledge, the investigation of DL-based AMC under a
rank-deficient channel has not been carried out in the literature.

The problems addressed in this chapter can be summarised as follows:

(1) The proposed DDrCNN and DBCNN-based classifiers for the SISO signals are extended
for the AMC over MIMO Rayleigh channels. A modified DDrCNN classifier is proposed
for the AMC of MIMO signals.

(i) The decision fusion and feature fusion-based cooperative methods at the MIMO receiver

are evaluated.

(111) The AMC performance of a few competing CNN classifiers is compared with the pro-

posed one. The effectiveness of the CNN-based classifier in the presence of antenna
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correlation is also studied.

(iv) The effectiveness of the CNN-based classifier for the AMC of MIMO signals over key-
hole channels is investigated. The work includes (i) assessing its performance by training
the CNN with signals over MIMO keyhole channels, (ii) analysing the generalisation
capability of the network when trained on different datasets, and (iii) comparing its clas-

sification accuracy with that of existing FB classifiers under identical channel conditions.

The rest of the chapter is organised as follows. In Section4.2] the channel model for MIMO
signals is discussed. Section[.3]explains the SCNN architecture proposed in this work and the
cooperative methods employed at the MIMO receiver for improving AMC performance. Com-
peting CNN-classifiers selected for comparison are covered in Section[d.3.2] Section§.4]details
the simulation results of the AMC over MIMO Rayleigh channel. Effectiveness of modified
DDrCNN on AMC of signal over keyhole channel discussed in Section4.5] A summary of the

chapter is presented in Section {.6|
4.2 AMC of MIMO Signals Over Rayleigh Channel

This section presents the CNN-based AMC of MIMO signals over a Rayleigh fading chan-
nel. The performance of DBCNN and DDrCNN architectures is evaluated to assess their effec-
tiveness in the MIMO scenario. Furthermore, a modified version of the DDrCNN is proposed.
The channel model adopted for this study is described below.

4.2.1 MIMO Rayleigh Channel Model

In this section, the AMC of MIMO signals over a Rayleigh fading channel using SCNN5s
is discussed. For the SISO scenario, presented in the earlier chapter, the SCNN classifier was
trained with the received signal, over a Rician channel. For this study, a time-invariant, block-
fading MIMO channel with Ny transmitting and Ny receiving antennas is selected. Hence at

any instance k, the input signal vector X (k) and the output signal Y (k) are related by,
Y(k) = HX (k) + W(k) 4.1)

where H is the complex MIMO channel matrix of size Ng X N7, and W(k) is the Ng X 1 zero
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Figure 4.1: The structure of CNN-based AMC of MIMO signals - non-cooperative method.

mean circularly symmetric complex Gaussian noise vector.

In many cases, correlations exist between the signals over a MIMO channel primarily due
to the spatial arrangement of multiple antennas. The correlations are captured in terms of the
transmit correlation matrix @y and the receive correlation matrix 6 and combined using the

Kronecker model [60] to get the channel matrix as H [57,61],
H = 6" Hy6!? (4.2)

where Hp, 1s the uncorrelated MIMO channel. The spatially correlated channel considered here

follows the Kronecker model [60]. The elements of the correlation matrix € are given by,

O j
[0];; = (4.3)

01, >
where p is the complex correlation coefficient of the neighbouring antennas. The two corre-
lation matrices, Og, and 67, are generated using the receiver and transmitter antenna correlations
pr and p, respectively according to (4.3)).
In a MIMO scenario, the system is equipped with multiple receiving antennas. Hence, the
initial approach can be modelling the input as a stack of IQ signals received from each of the

antennas. The size of the stacked IQ vectors at the MIMO receiver is 2Ni X 128. The CNN

classifier treats this as an image of the same size. This method for MIMO signals classification
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4. AMC of MIMO Signals using Shallow CNNs

will be mentioned as non-cooperative AMC. A pictorial representation is given in Fig.
In the case of AMC employing cooperative methods, the network’s input size is different as
explained in section f.4.1]

A modified version of DDrCNN is utilised as the CNN for the classification of MIMO

signals. Details of the employed CNN are given in the following Section.

4.3 Proposed SCNN Architecture for the AMC of MIMO Signals

The CNNs employed in the AMC problems in the previous two chapters include two convo-
lutional layers and three dense layers. Since AMC classifiers are to be deployed in environments
with limited computational capabilities, the size of the DL classifier should be small. In this

work, a modified version of DDrCNN in the previous chapters is utilised as the classifier.
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Figure 4.2: Structure of the modified DDrCNN.
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By removing pooling layers and dropouts from the convolutional layers, the CNN is shown
to achieve better AMC performance in the case of SISO signals [[62]]. In most of the CNN-
AMC methods, the network is able to achieve significantly better results than the FB-based
methods with fewer symbols at the receiver. Since the number of symbols in the received
signal is smaller, the CNN size remains manageable even with the pooling layers removed. The
removal of pooling layers and dropouts from the convolutional layers allows the CNN to keep
the richness of the features and helps to achieve better classification results.

Since the CSI is unknown at the receiver, employing the same CNN architecture may not be
suitable for the DL-AMC of MIMO signals. The hidden layer size shall be increased to handle
the effects of multipath signals received at each of the MIMO antennas. The architecture of
DDrCNN proposed for AMC under the MIMO Rayleigh channel is presented in Fig. Three
convolution layers function as the feature extractor. The first layer contains 128 filters of kernel
size (2,8) with PReLLU as the activation function. The second and third convolutional layers
consist of 64 and 32 filters, respectively, with a kernel size of (1,8). Two hidden layers with 256
and 128 nodes are employed with ReLU as the activation function in the dense layers. BN and
dropout are added after each of the hidden layers. The output layer is a softmax layer with the
number of output nodes equal to the modulation classes. This network is further referred to as
the modified DDrCNN.

The network is trained using the corresponding dataset for both non-cooperative and co-
operative cases. The categorical cross-entropy between the ground truth of the class symbols
represented in one-hot encoding (y;) and its prediction (y;) is used as the loss function. It is

given by,

1 & A
L= ;yi - log(§) (44)

where N is the number of samples considered in one training batch.
The proposed network and the networks mentioned in the previous chapter are trained and
tested on the MIMO Rayleigh data set. Cooperative methods are applied to improve classifica-

tion accuracy further.
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4.3.1 CAMC of MIMO Signals for Performance Improvement

The literature shows that when there are multiple antennas at the receiver, one can cooper-
atively combine the predictions at each of them to improve the overall AMC performance of
the system [30,43,61]. In cooperative AMC, decision-fusion-based cooperation was compared
with feature-fusion-based cooperation. The details of each method are provided below.
Decision fusion based CAMC

The schematic representation of cooperative AMC using decision fusion is shown in Fig.
4.3] The CNN is trained with the output from each of the receiving antennas with proper labels.
At the time of evaluation, the decisions from the receiving antennas are combined to predict
the correct modulation format. In [30], the authors have shown that direct averaging-based
cooperation outperforms the direct voting method in terms of classification accuracy for various
antenna configurations (N7 X Ng) like 1 X 4,2 X 4 and 4 X 4 . A similar result is established
in our work on CAMC for a distributed network also. Hence, in this work, an averaging-based
cooperation to combine the results from each antenna is applied. For combining the decisions,
the same algorithm (3.2) applied for averaging-based cooperation employed in CAMC for a

distributed communication network has been selected.

CNN h Cooperative ) Modulation |

Decision | Scheme |

R
e
®
E
i
v
e
r

Figure 4.3: Schematic diagram of the AMC system employing decision fusion cooperation.

Feature fusion-based CAMC

As an alternative to the decision cooperation at the output of the CNN, a feature-fusion
method is proposed here. The features obtained from the last hidden layers of the modified
DDrCNN after training are fused together to form a new input signal for an ANN classifier. A
schematic diagram of the process is shown in Fig. 4.4]
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The ANN classifier selected for classification consists of two fully connected layers. The
final dense layer of DDrCNN has a size of 128. Hence, the input data shape for the ANN
classifier shall be Ng times 128. The two hidden layers of the ANN classifier consist of 128 and
64 neurons, respectively. BN and dropouts are added after each hidden layer. A softmax output
layer is employed to select the output class. The categorical cross-entropy in (#.4) is selected as

the loss function and Adam as the optimiser with a learning rate of 0.01.

Input from each MIMO antenna

Modified DDrCNN

Features from final hidden
layer for each input

Feature Fusion

ANN Classifier

Modulation Class

Figure 4.4: Schematic diagram of the AMC system employing feature fusion.

4.3.2 Other Competing CNNs Selected for Comparison

To compare the performance of the proposed classifier, three CNN architectures from ex-
isting works are selected. Out of these, the first two CNN architectures (Maxpool and Dropout
CNN) are well discussed by the DL-based AMC community in the SISO scenario. The archi-
tecture of DrCNN is presented in Chapter 2] The third network architecture (IDCNN) is the
pioneering work on the DL-based AMC for MIMO signals [29]. A comparison of the classifi-
cation performances of the networks is presented in the results section. Table outlines the

architecture of MaxpoolCNN and 1DCNN.
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Table 4.1: Architectures of Maxpool CNN and 1D CNN

Layer Maxpool CNN 1D CNN
Input 2% 128 2% 128
Conv 1 128 filters, kernel 2 x 8, ReLU Conv1D(128, 8) + BN + ReL.U + Dropout(0.5)
MaxPool 1 Pool size 2, stride 2 —
Conv 2 64 filters, kernel 1 x 16, ReLU, ConvlD(64, 4) + BN + ReL.U + Dropout(0.5)
MaxPool 2 Pool size 2, stride 2 —
Flatten — —
FC 1 Dense(128) + ReLU Dense(256) + BN + ReLLU + Dropout(0.5)
FC2 Dense(64) + ReLU Dense(128) + BN + ReLU + Dropout(0.5)
FC3 Dense(32) + ReLU —
Output Dense(number of classes) + Softmax Dense(number of classes) + Softmax

4.4 Results and discussions

The superiority of modified DDrCNN over DBCNN and DDrCNN for MIMO signals is
established in the first result section. Later, detailed performance simulation results for the
modified DDrCNN-based classifier, along with three other CNN-based DL classifiers described
in the previous Section, were also presented. The results for the AMC performance evalua-
tion under MIMO keyhole channel are presented in sub-section 4.5.3] The details of the data
generation and implementation are presented first, followed by the classification results.

4.4.1 Generation of the MIMO Dataset

To the best of the current knowledge, there is currently no publicly available dataset for the
performance evaluation of MIMO AMC. The dataset used for training and testing the proposed
classifier is generated using the help of DL toolbox in MATLAB. For this work, a data set is
created, according to the model described in (4.1]), comprising five modulation types: BPSK,
QPSK, OQPSK, 8-PSK and 16-QAM. Initially, a random sequence of length N is generated,
which is then modulated to produce the complex modulated vector X of the same size. The
vector X is normalised to unit power and reshaped into N, X N/N,, where N, is the number of
transmitting antennas of the MIMO system. The signal is then passed through the Rayleigh
fading channel and received at each of the receiving antennas. The complex baseband signal
received at a particular antenna j can be expressed as y/ = [y(j) y2(j)...yn, ()17, where j €

[1, N, ].
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(a) Dataset for Non-cooperative MIMO AMC

To generate the dataset for training and testing the CNN for the non-cooperative case, the
real and imaginary parts of the signals at each receive antenna are combined to form a sample
(size 2N, X N/N,) of the dataset. The training dataset contains 20000 signals per SNR per
modulation type, while the testing dataset contains 2000 signals per SNR per modulation type.
(b) Dataset for Cooperative MIMO AMC

In the case of cooperative AMC, the real and imaginary parts of y/ are extracted and stored
as a sample (size 2 X N/N,) in the dataset. The cooperative training dataset also contains 20000
samples per SNR per modulation type. In both non-cooperative and cooperative cases, the
input sequence length is chosen as 256 symbols. Hence, the size of each sample in the non-
cooperative dataset is 8 X 128 for a 2 X 4 MIMO system and that for a cooperative dataset is
2 x 128.

(c) Dataset for Training the ANN to Implement Feature-Fusion-Based Cooperative AMC

In the case of feature-fusion-based AMC, an ANN is employed as the classifier. This ANN
is trained with features extracted from the final dense layer of the CNN network. A dataset
consisting of the feature vectors obtained at the final hidden layer of the modified DDrCNN is
generated by using the CNN training data.

4.4.2 Performance evaluated on non-cooperative AMC dataset

In the non-cooperative scenario, the signals at the receiving antenna are fed to the CNN as
a single frame of data (IQ format). In this case, each of the samples in the dataset is of size
(2N, X N/N,), where N is the number of modulated symbols. The MIMO configuration 2 X 4 is
selected and the input symbol size considered is 256. Hence, for the non-cooperative case, the
input to the CNN will be 8 x 128 data frame.

DDrCNN, DBCNN and the modified DDrCNN were implemented using the Keras frame-
work on Nvidia GeForce GTX 1660 SUPER. For the comparison of the classification perfor-
mance of different CNN architectures, a dataset that contains 5000 samples per SNR per modu-
lation type for training and 2000 samples per SNR per modulation type each for validation and
testing is generated. The percentage of correct classification (PCC) is considered the metric to
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Figure 4.5: Non-cooperative DL-AMC of MIMO signals over Rayleigh fading channel (N, = 2,
N, =4).

evaluate the classifier’s effectiveness. The networks were trained for 100 epochs, and an early
stopping callback of patience 20 was used. Adam, the adaptive learning rate optimiser, is used
to minimise the loss function. The learning rate value employed for the training is 0.001 and
the training batch size selected is 400. After training, the test dataset is fed to the network, and
the PCC is evaluated for each SNR.

The PCC for the three different classifiers are plotted in Fig. 4.5] The plot shows that the
modified DDrCNN-based classifier’s performance surpasses its predecessors by a significant
margin of nearly 10% at higher SNRs. The performance improvement comes at the cost of an
increase in the network size. The number of trainable parameters for the modified DDrCNN is
around 6.2 million. Although the performance improved with the network modifications, the
classification accuracy remained below 90%, even at high SNRs. This leads us to incorporate
cooperative AMC methods for better classification in the case of MIMO signals. Since the

classification performance is poor, the classifier is not tested under antenna correlation.
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4.4.3 Results for cooperation among multiple antenna signals

The DL-AMC methods are evaluated for the cooperative cases, and the results are discussed

in this Section. The performance of the classifier is tested under both uncorrelated and corre-

lated channels.
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Figure 4.6: PCC for Modified DDrCNN-based CAMC (decision fusion) over MIMO Rayleigh
channel for the 5-modulation pool (N, =2, N, = 4)
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Figure 4.7: Confusion matrix of Modified DDrCNN at various SNRs on the MIMO dataset
(N;=2,N, =4).
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Figure 4.8: Comparison of PCC for DL-based CAMC (decision fusion) over MIMO Rayleigh
channel for the 5-modulation pool (N, = 2, N, = 4)

(a) Classification performance of modified DDrCNN : The PCC for modified DDrCNN-
based CAMC is plotted in Fig. 4.6l The confusion matrix of the modified DDRCNN classifier
for a few SNRs is given in Fig. .7] At lower SNRs, the classifier detects QPSK and 8PSK as
16QAM, while BPSK and OQPSK are classified correctly even from 0 dB SNR.

(a) Classification performance of modified DDrCNN and competing networks over un-
correlated MIMO channel: The recognition performances of DL-classifiers with receiver
cooperation for the 5-modulation pool are presented in Fig. .8] From the figures, one can ob-
serve that there is considerable improvement in performance. Modified DDrCNN was able to
achieve more than 99% accuracy above 10 dB SNR. The 1D-CNN had the poorest performance
among all networks. Table {.2] compares the number of tunable parameters and the training
time per epoch for the network under consideration. In terms of the number of parameters
in the network, Maxpooling CNN is the lightest among all followed by modified DDrCNN.

Consequently the training time also follows the same pattern.
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Figure 4.9: PCC for cooperative AMC over correlated MIMO channel (N, = 2, N, = 4)

(b) Cooperative AMC under correlated MIMO channel: The performance of DL-based
AMC classifiers over correlated MIMO channels is elaborated in this experiment. The classifi-
cation results for the 5-modulation pool under CAMC are presented. For testing the classifier
under various correlation factors, datasets with different antenna correlations (o = 0.2,0.5,0.7,0.9)
at the transmitter and receiver are generated according to the model in equation (4.2) and (@.3)).
These datasets were tested using the modified DDrCNN-based classifier trained with uncor-
related data, and the result is plotted in Fig. .91 It can be observed that even in correlated
channels, the proposed classifier is able to achieve decent classification performance. The net-

work was able to retain an accuracy of above 96% for SNR 10 dB for the worst correlated

Table 4.2: Comparison of the number of trainable parameters and training time for the networks
under consideration.

CNN employed Trainable parameters | Time per epoch
Maxpooling CNN 3,30,372 45 seconds
DrCNN 10,34,756 90 seconds
1D CNN 35,77,156 132 seconds
Modified DDrCNN 9,96,836 70 seconds
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channel.
4.4.4 Classification results for classifier employing feature fusion.

The classification performance of feature fusion-based cooperation for AMC is presented
here. The classification performance for the 2x4 MIMO classifier is plotted in Fig. 4.10] The
result shows that, at lower SNRs, the feature fusion-based cooperation helped achieve better
classification accuracy. The improvement in accuracy in lower SNRs may be attributed to
the rich representation of data in the case of feature fusion. Combining features from multi-
ple antennas improves performance because different antennas experience independent fadings.
When combining the features, the classifier gets a good version of the waveform with higher

effective SNR. At high SNRs, both decision fusion and feature fusion deliver similar perfor-

mance.
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Figure 4.10: PCC for decision fusion vs feature fusion over uncorrelated MIMO channel (N, =
2,N,=4).
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Figure 4.11: Representation of a spatial keyhole channel.

4.5 AMC Performance of the Modified DDrCNN on MIMO Signals Over
Keyhole Channel.

In this section, the modified DDrCNN-based classifier is evaluated for its accuracy over
rank-deficient MIMO channels. Specifically, the keyhole channel model, which represents the
extreme case of rank deficiency, is considered. The section begins with an explanation of the
keyhole channel model.

4.5.1 MIMO Keyhole Channel

The MIMO model given in equation represents a full-rank channel. A rank-deficient
channel refers to a channel whose channel matrix, H, has a rank less than the minimum number
of transmit and receive antennas in a MIMO communication system. The rank of the MIMO
channel matrix represents the number of independent spatial paths present in the channel. The

spatial diversity of the MIMO system is compromised in the rank-deficient scenario.
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! MIMO signals over rank deficient channels

DL network
|::> (modified DDrCNN and |:{>
cooperation mechanism)
Detected modulation scheme

Figure 4.12: CNN classifier for signals over rank deficient channels.

For instance, consider a scenario where an indoor user device transmits signals to a cell
tower. The signal transmitted by the device may predominantly pass through openings like
windows and doors due to the signal-absorbing nature of building walls. Such occurrences of
signal passage through keyholes are also possible outdoors, even in environments with signifi-
cant scattering. A keyhole channel, an example of a rank-deficient channel, can occur because
of a rich scattering environment separated by a large distance or rich scattering environments
connected by a rank-1 propagation path. Rich scattering environments connected by diffraction
over edges also create a keyhole channel [57,)59]. This can be explained using Fig where
small keyhole is punched through a screen, separating the transmitter and receiver antennas.

The model [63] that represents a MIMO-correlated keyhole channel vector can be expressed as,

H=pad" 4.5)

where B and « are independent Rayleigh vectors of size Ng X 1 and Ny X 1 respectively. B
represents the channel vector from the transmitter to the keyhole, and a represents the channel
from the keyhole to the receiver.

4.5.2 Various Training Scenarios Explored for the Modified DDrCNN

In the previous Section, the CNN-based classifier for the MIMO Rayleigh channel was
explored. This Section investigates the suitability of the same AMC classifier for signals over
keyhole channels as in Fig. [.12] For this study, the decision fusion-based cooperation is

considered. Two more datasets were generated to train the classifier for the evaluation. The
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following sub-section details the different scenarios considered.

Case 1: MIMO keyhole signals tested on CNN-classifier trained on similar training data

Trained using signals over rank deficient channel

Test signals (passed through Modified DDrCNN Predicted modulation
rank deficient channel) with cooperation class

Figure 4.13: AMC employing the SCNN classifier trained with signals over keyhole channel

In the first investigation, the performance of the modified DDrCNN trained on signals over
rank-deficient channels is tested. Fig. f.13| represents the process. A train dataset and a test
dataset consisting of signals passed through a keyhole channel are generated utilising the chan-
nel matrix given in @ The dataset consist of five modulation schemes, viz. BPSK, QPSK,
OQPSK, 8-PSK and 16-QAM. Initially, a random sequence of length N is generated, which is
then modulated to produce the complex modulated vector X of the same size. The vector X is
normalised to unit power and reshaped into N, X N/N,, where N, is the number of transmitting
antennas of the MIMO system. The signal is then passed through the keyhole channel and re-
ceived at each of the receiving antennas. The real part and imaginary part of the received signal

are extracted and stored as a sample of size 2 X N/N, in the dataset.

Case 2: MIMO keyhole signals tested on CNN-classifier trained on full rank MIMO sig-
nals

Trained using signals over full rank channel

Test signals (passed through Modified DDrCNN Predicted modulation
rank deficient channel) class

Figure 4.14: AMC employing the SCNN classifier trained with signals over a full rank channel.

In the second case, the modified DDrCNN network trained on the MIMO signals over
Rayleigh channel is utilised as the classifier, as illustrated in Figi4.14] The signals passed

through the keyhole channel are tested, and the performance is evaluated.
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Case 3:- MIMO keyhole signals tested on CNN-classifier trained on the mixed dataset

In this scenario, a dataset consisting of signals passed through the full-rank channels as well
as the rank-deficient channels is created. A 50:50 ratio is used while generating the dataset.
Hence, in the dataset for each SNR and each selected modulation, if the first sample is from
the full rank channel, the second is from the rank-deficient channel. The modified DDrCNN is
trained using this new dataset, keeping all the other training parameters the same. The resulting
network is employed as the classifier for the signals over the rank-deficient channel.

4.5.3 Results

This Section discusses the results of the AMC using a modified DDrCNN-based classifier
for the MIMO signals over rank-deficient channels. For each case, the CNN was trained using
the appropriate dataset, the performance was evaluated, and the PCC was plotted. In general,
the training data set contains 5000 samples, and the test data set contains 2000 samples per SNR

per modulation type.

(a) CAMC performance of modified DDrCNN-based classifier trained on signals over a
rank-deficient channel: The classifier was trained on the dataset containing signals over the
keyhole channel. While training the model, a batch size of 400 is selected and an early stopping
callback of patience 10 is used to combat over-fitting. The loss function selected was categorical
cross-entropy, and the optimiser was Adam, similar to the previous works.

For testing the classifier, a set of signals whose SNR ranges from 0 to 20 dB is used. The
corresponding PCC is shown in Fig. It is observed that the PCC increases from 63% at 0
dB to 97% at 20 dB.
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Figure 4.15: PCC for keyhole channels while the classifier was trained with similar signals

(b) AMC performance of modified DDrCNN-based classifier trained on signals over full
rank channel: The test dataset containing signals over a rank 1 channel is fed to the modified
DDrCNN-based classifier trained using the MIMO Rayleigh signals. The PCC for this scenario
is plotted in Fig. .16 From the plot, the PCC performance appears to be slightly better than in

the previous case.
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Figure 4.16: PCC for keyhole channels while the classifier is trained with signals over a full-
rank channel

(c) AMC performance of modified DDrCNN-based classifier trained on a mixed signals
dataset: In this scenario, the test signals are evaluated using a classifier trained on a mixed
dataset comprising signals transmitted through both rank-deficient and full-rank channels. The

classifier’s training process followed the same methodology as in the first case, with all training
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parameters remaining consistent. The PCC of the classifier for the test dataset is shown in Fig.

M.17] The performance in this scenario was slightly lower compared to the previous two cases.
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Figure 4.17: PCC for the modified DDrCNN over keyhole channels where the classifier was
trained with a mixed dataset
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Figure 4.18: Comparison of the classification performance of modified DDrCNN trained on
different datasets

From the PCC comparison plot given in Fig. [4.18] it is evident that case 1 and case 2 clas-

sification accuracies are similar from SNR 16 dB onwards, while around a 4% difference exists
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at 0 dB. The classifier trained on the mixed dataset consistently lags behind in performance
compared to both the other scenarios. Figure .19]pictures the confusion matrix at 0 dB, 10dB
and 20 dB for the three scenarios. The confusion matrix shows that at high SNRs, cases 1 and
2 differ only in the detection of 16 QAM signals. Other modulation schemes return the same
classification results. However, at lower SNRs, the accuracy of PSKs is poor for the classifier
trained with signals over the rank-deficient channel and mixed dataset.

This behaviour is largely influenced by the type of signal variations seen during training.
When the model is trained using signals passed through a full-rank channel, it gets exposed
to richer spatial and temporal diversity, which helps it learn more discriminative and channel-
invariant features. Because of this, the classifier trained on full-rank data is able to generalize
better, even if the test signals later come through a rank-deficient channel. On the other hand,
when the training data contains only rank-deficient or mixed-channel signals, the model sees a
much narrower and more distorted feature space, leading it to overfit to those restricted condi-
tions. As a result, these models struggle when the SNR is low or when the signal characteristics

vary beyond what they observed during training.
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Dataset consisting of keyhole signals
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Figure 4.19: Confusion matrices showing the classification performance of the modified DDr-
CNN on MIMO keyhole signals at different SNR levels, using models trained on separate
datasets
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4.5.3.1 Comparison of SCNN-based AMC over rank-deficient channel with traditional
FB-AMC method

100

90

80

70

60

Percentage of correct classification

50 r .
=== AMC using decision fusion employing modified DDrCNN
==@=—=AMC using feature fusion employing modified DDrCNN

i ANN(HOC-based)
40 | | I I I I
-10 -5 0 5 10 15 20
SNR

Figure 4.20: Comparison of AMC performance of modified DDrCNN-based classifier with the
baseline HOC-based ANN AMC over MIMO keyhole channel for 3-modulation pool.

In [31]], an HOC-based algorithm is proposed for the classification of lower-order PSK sig-
nals over the MIMO keyhole channel. The modulation pool considered was {BPSK, QPSK,
OQPSK}. The direct modulation recognition (DMR) algorithm proposed in this work does not
require CSI at the receiver for classification. The authors cleverly employed the ratio of 4" and
6 order cumulants to cancel out the channel effects. The discriminative features were ratios of

HOC:s as given by

s _ Zin Cos(Ay(k)
LTSN G0k

(4.6)
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and

o _ Zity Caa(Ay(h))
T Gl

4.7)

where Aj(k) = $(k) — y(k — 1) is the backward difference of the received signal and C‘m,nis
the estimate of the m"”* order cumulant value of signal. For an in-depth understanding of these
features, one can refer to [31]].

Since the HOC-based AMC of MIMO signals over a keyhole channel was proposed to clas-
sify lower-order PSKs, the classification result of modified DDrCNN for the same modulation
pool is used for the comparison. For the training of the ANN using the features mentioned in
the equations and (4.7), a dataset consisting of 10000 feature vectors per SNR per modu-
lation type is created. In the baseline work, the authors considered 4000 samples at the receiver
for classification purposes. However, for a fair comparison, only 128 samples were considered
while generating the dataset. A minimum distance classifier is used in the baseline work to
discriminate the extracted features, which is replaced by an ANN classifier in this comparison.

From the classification performance plotted in Fig. [4.20] it is easily observable that the
CNN-based classifier outperforms the HOC-based ANN classifier employing the DMR tech-
nique in a MIMO keyhole channel. The proposed CNN-based method achieved 99% classifica-
tion above 5 dB SNR while the baseline method was only able to achieve a maximum of 90%
classification at around 10 dB SNR.

4.6 Summary

This chapter presented the investigation on the performance of the SCNN-based AMC over
a MIMO Rayleigh channel. A modified DDrCNN-based classifier is proposed. This classifier
was able to outperform the networks presented in the previous chapters. To improve the classi-
fication results, a cooperative decision fusion mechanism and a feature fusion mechanism were
employed at the receiver. At lower SNRs, the feature fusion-based classifier returned better

performance. The performance of a few similar classifiers presented in the literature was inves-
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tigated using the MIMO data set. The study found that the modified DDrCNN-based classifier
outperformed its peers. The AMC performance of MIMO signals over a keyhole channel is
investigated on an SCNN-based classifier trained using different datasets. The classifier trained
on the signals through a full-rank channel appears to perform better than others. The classi-
fier trained on full rank signals attained a maximum accuracy of 96.5 % at 14 dB, while that
trained on keyhole signals attained similar classification at around 16 dB. A study is carried out
to compare the performance of SCNN-based AMC with the FB-based AMC for rank-deficient
channels. In comparison with the baseline HOC-based method, the proposed DL-based method
achieved better classification performance and was able to classify the higher-order constella-

tions like 8-PSK and 16-QAM.
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5.1 Conclusions

Automatic modulation classification employing DL techniques is currently in the early
stages of research. A number of research studies on the DL-AMC of both SISO and MIMO
signals were reported. This thesis carried out a detailed analysis of existing DL-AMC methods
using SCNNs and proposed modifications to improve classification performance. The contribu-
tions from this study were presented in three chapters, which are summarised below.

Chapterexplored the AMC of 8 digital modulation classes, namely BPSK, QPSK, 8PSK,
GFSK, CPFSK, PAM4, 16QAM, and 64QAM. The well-known classifier based on DrCNN
employed a dual CNN-based classifier to discriminate between these modulation schemes. The
research work in this chapter established that eliminating dropouts from the convolutional layers
enhanced the classification accuracy. The DDrCNN and DBCNN proposed in this thesis could
effectively classify the eight modulation schemes while significantly reducing the network size.
The DDrCNN and DBCNN models were designed to be parameter-efficient, containing approx-
imately 21% of the trainable parameters of the original DrCNN architecture. The study on the
effect of the size of the received signal on the classification showed that 128 samples of the
incoming signal are a good selection for DL-based classifiers. The proposed classifier was also
evaluated on the publicly available dataset RadioML2018.01.

Researchers have observed that cooperation among multiple receivers enhances AMC per-
formance. Since many communication systems employ multiple nodes at the receiver, Chapter
of this thesis investigated the performance improvement achievable through decision-level co-
operation of multiple sensor nodes employing SCNN classifiers. Most of the cooperative AMC
systems have utilised cumulant-based features, which require a larger number of received signal
samples for classification, and whose ability to discriminate between modulation classes de-
pends heavily on the selected feature set, thereby limiting the range of modulation schemes that
can be supported. In this work, a centralised cooperation architecture was adopted, in which
a fusion centre aggregates the decisions generated by CNN classifiers at individual receiving
nodes to produce the final classification result. For an input size of 128 samples, averaging-

based cooperation improved the prediction accuracy at —10, dB SNR from 89.5% for a single
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node to 99.5% when five cooperating nodes were employed, with the maximum achieved PCC
reaching 100% at SNRs of —4, dB and above. For an input size of 64 samples, the same cooper-
ation strategy improved the prediction accuracy at —10,dB SNR from 69.66% for a single node
to 84.31% with 10 cooperating nodes, with the maximum achieved PCC reaching 98% at 6
dB SNR. These results demonstrate that cooperation significantly enhances AMC performance
even with reduced input sample lengths, thereby making it suitable for hardware constraint
applications.

A modified version of DDrCNN was proposed for the AMC of MIMO signals in Chapter
Ml The modified architecture included three convolutional layers and two dense layers having
256 and 128 neurons, respectively. For evaluating the AMC performance, the 2 x4 MIMO con-
figuration is selected. A decision cooperation mechanism at the MIMO receiver is employed
to enhance the PCC. The performance of the modified DDrCNN is compared with that of the
competing methods. On the generated dataset containing modulation classes, BPSK, QPSK,
OQPSK, 8-PSK, and 16-QAM, the modified DDrCNN was able to achieve more than 99% ac-
curacy at above 10 dB SNR. The classifier was also tested under a correlated MIMO channel
and found to be performing satisfactorily. In addition to the averaging-based decision coopera-
tion, a feature fusion-based cooperation method was also evaluated. The feature fusion method
employed a concatenated feature vector from the final dense layer. The feature fusion cooper-
ation was found to marginally outperform the decision fusion technique at lower SNRs. But if
considering the number of parameters and efficiency decision fusion is preferred.

In a typical communication system, the MIMO channel is assumed to have a rich scattering
environment. In practical situations, the channel may have insufficient scattering, leading to the
existence of reduced-rank MIMO channels. It is reported in the literature that the HOC-based
FB methods fail to classify the modulation schemes if low-rank channels exist. In Chapter
M} the operation of CNN-based AMC on keyhole channels—an extreme case of rank-deficient
channels—was also investigated. The CNN-based classifier was trained on multiple data sets
and found that the network trained on the full-rank channel data was able to classify the signals

passed through the keyhole channel. The classifier achieved over 99% accuracy at 10 dB SNR
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for a modulation pool consisting of BPSK, QPSK, OQPSK, 8-PSK and 16-QAM. The PCC
for the classifier trained on a mixed data set containing signals from the full-rank channel and
a keyhole channel (50% — 50%) marginally underperformed with around 98% accuracy at 10
dB, but it underperformed by a wide margin at lower SNRs. The performance of the modified
DDrCNN on a dataset containing BPSK, QPSK and OQPSK was evaluated against the baseline
FB method employing the DMR algorithm for the keyhole channel. For signals of sample size
128, the proposed classifier achieved 99% accuracy at 5dB while the baseline method achieved
a maximum of 90% PCC at 10 dB.

5.2 Scope for Future Works

The work presented in this thesis addresses fundamental AMC problems under relatively
simplified communication channel conditions. Although the shallow CNN model developed in
this thesis performs effectively for the considered set of modulation classes, the same archi-
tecture may not scale well when the number of classes increases substantially. Future research
may therefore explore alternative shallow structures or enhanced feature representations that
preserve low complexity while enabling reliable AMC performance across a larger and more
diverse modulation pool. To move towards a comprehensive and deployable AMC system lever-
aging DL models, several research directions remain open for exploration.

Notably, the majority of the datasets used in the current literature are synthetically generated
under controlled conditions. The reliability of these datasets is still being widely discussed by
active researchers [64,/65]. To enhance the robustness and generalizability of AMC systems, it
is essential to develop and utilise more realistic datasets comprising real-time signals captured
across diverse and dynamically varying channel environments. Such practical datasets will
be critical in designing AMC frameworks that are resilient, reliable, and capable of operating
effectively in real-world deployment scenarios.

Some of the important areas where research can be conducted are outlined below.

(i) Evaluation with Practical Signals: Despite the impressive performance of DL-based

AMC models on synthetically generated datasets, there remains a critical gap in their real-
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world applicability. Most current models are trained and validated using clean, simulated
signals that lack real-world complexities such as hardware impairments, interference, and
diverse channel dynamics. For DL-AMC to transition from research to deployment, it is
essential to evaluate and fine-tune these models using practical signals. The evaluations

may include:

* Over-the-Air (OTA) signal recordings, which account for realistic impairments and

variations due to hardware, multipath propagation, Doppler shifts, and interference.

* Diverse channel and interference conditions, such as time-varying fading, mobility-
induced distortions, and multi-user interference, to assess robustness and generali-

sation.

(i) Evaluation under Standardised 3GPP Channel Models: The channel models adopted
in this thesis—the Rician, Rayleigh, and keyhole models—are analytically tractable base-
lines that isolate the effect of small-scale fading, but they do not reflect the full complex-
ity of the channel models adopted in the industry. A natural extension of this work is
the evaluation and retraining of the proposed shallow CNN classifiers under standardised
3GPP channel models, such as the Clustered Delay Line (CDL) and Tapped Delay Line
(TDL) profiles specified in 3GPP TR 38.901, which additionally incorporate frequency-
selective multipath, power-delay profiles, mobility-induced Doppler spectra, and spatial
correlation. Such an evaluation would establish the practical relevance of the proposed

classifiers for deployment in realistic, industry-compliant scenarios.

(iii) Enhanced Feature Representation: The existing deep learning models such as CNNs
and RNNs have shown effectiveness in learning modulation-specific features from raw
IQ samples or constellation diagrams, however performance degradation is still observed
under time-varying or highly noisy channels. Fusion of domain-specific features such
as cyclic spectrum, eye diagrams, and time-frequency transforms with learned represen-
tations may be investigated. Conventional CNNs operate on Euclidean grids (e.g., 2D

images or 1D sequences), assuming fixed spatial locality. However, communication sig-
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nals often exhibit non-Euclidean relationships — for instance, correlations across dif-
ferent frequency bins or among subcarriers in OFDM systems. In a graph-based AMC
framework, each node can represent a signal component (e.g., a time frame, subcarrier, or
frequency bin), while edges encode relationships such as correlation, coherence, or mu-
tual information between components. The Graph Neural Networks (GNNs) then propa-
gates and aggregates information across these edges, allowing the network to learn global
structural dependencies beyond fixed kernel neighborhoods [66,67]]. Future research can
focus on developing hybrid AMC frameworks that fuse domain-specific signal represen-
tations with graph-based neural architectures, enabling the model to capture both local
and global dependencies and thereby improve classification performance in dynamic and

non-stationary wireless environments.

(iv) Classification Under Time-Varying Channels: Traditional deep learning classifiers
such as CNNs and feedforward networks treat IQ samples as static inputs, thereby ne-
glecting the temporal dynamics inherent in wireless signal propagation. However, in
realistic wireless environments, signal characteristics—such as amplitude, phase, and
frequency—continuously evolve over time due to factors like Doppler shifts, mobility,
and channel fading. Temporal modelling aims to explicitly capture these time-dependent

variations to enhance classification robustness under non-stationary channel conditions.

Hierarchical Recurrent Neural Networks can be employed to model short- and long-term
dependencies within the signal sequence. These networks effectively learn temporal cor-
relations and can adapt to gradual or abrupt changes in channel state information. Alter-
natively, Attention-Based Transformers provide a more flexible mechanism by learning
contextual dependencies without relying on sequential recurrence, allowing them to focus
selectively on the most informative time segments. Such transformer-based models can
efficiently capture long-range temporal relationships and are particularly advantageous in

handling complex, time-varying fading patterns.
Future research may therefore explore hybrid temporal-spatial architectures that combine
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5.2 Scope for Future Works

convolutional feature extraction with attention or recurrent mechanisms to achieve im-

proved adaptability and performance across dynamic channel conditions.
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