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Abstract

Automatic Modulation Classification (AMC) is a vital task in modern communica-
tion systems, enabling efficient spectrum utilization and reliable signal demodula-
tion. This thesis proposes a lightweight deep learning-based approach for AMC using
multi-modal signal data. The methodology involves generating radio signals with
eight distinct modulation types (six digital and two analog) using MATLAB’s Com-
munications Toolbox and capturing them with ADALM-PLUTO software-defined
radios. To enhance signal diversity and realism, channel impairments such as
AWGN, Rician fading, and clock offsets are applied. Each signal is transformed into
time-frequency representations using the Continuous Wavelet Transform (CWT),
separating amplitude and phase components into grayscale scalograms. These dual-
modal images are then classified using a custom dual-stream Convolutional Neural
Network (CNN), designed to be computationally efficient while maintaining high
accuracy. Experimental results demonstrate that the proposed model achieves 98%
classification accuracy with significantly fewer parameters compared to baseline
models like DenseNet, EfficientNet, and SqueezeNet. This balance of accuracy and
efficiency makes the model well-suited for deployment on resource-constrained edge
devices. The findings affirm the effectiveness of wavelet-based image representation
and lightweight CNN design in advancing AMC performance.

Keywords: Modulation classification, deep learning, lightweight architec-
ture
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Chapter 1

Introduction

1.1 Background

In modern communication systems, accurate classification of modulation techniques
is critical for ensuring reliable data transmission and reception. Modulation involves
altering a carrier signal to encode information, and each modulation scheme intro-
duces distinct variations to the signal in terms of amplitude, phase, or frequency.
A receiver must correctly identify the modulation scheme used by the transmitter
to apply the appropriate demodulation algorithm and recover the original informa-
tion. However, the misclassification of modulation schemes can lead to incorrect
demodulation, resulting in data corruption or loss. Recently, deep learning architec-
tures have been widely used in this field for their ability to extract features without
manual intervention. These methods cannot take signals directly as inputs for clas-
sification so they are represented by features, images, sequences, or a combination of
such modalities. Image-based approaches have gained much popularity as they can
represent features that are harder to extract using other forms of representations.
The drawback in this approach is that images are usually fed to Convolutional Neu-
ral Networks(CNN) and regular CNNs are computationally very demanding. In this
research, we propose a novel method for image-based automatic modulation classi-
fication, a lightweight dual-stream CNN that takes the signals amplitude and phase
scalograms generated using continuous wavelet transform(CWT). The multimodal
method helps our model learn the signals features much faster and efficiently, making
the model computationally light while still being accurate. This opens new doors
for resource-constraint devices that take advantage of the technology of modulation
classification in the signal processing domain.

1.2 Motivation

Conventional deep learning techniques for automatic modulation classification often
require high computation time and memory space. In order to meet this challenge,
researchers are compelled to delve into light-weight architectures that entail high
classification rates and low resource consumption. Recently Image-based approaches
have gained popularity in this domain for a number of reasons. First, it allows
visual representation of the signals that capture modulation specific patterns that
help better determine the characteristics of the signal. Secondly, these approaches
can benefit from Transfer learning as the models can be pre-trained and enable fine-
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tuning. Thirdly, CNN models can be easily modified through adding or removing
different filters, layers and activations. These models are also less sensitive to noise
and maintain robust performance in various levels of SNRs. Wavelet scalograms
are incredibly useful for deep learning models such as the CNNs as they provide 2D
representations of the signals, preserving temporal and spectral features. Continuous
Wavelet Transform (CWT) serves as a great way to generate these scalograms. CWT
has many advantages over FFT and STFT as it gives both time and frequency
information simultaneously. It also analyzes transient features like, sudden spikes,
frequency shifts, modulations and pulses. In addition, there are options for choosing
different mother wavelets, which is very helpful when working on signals with specific
characteristics. The amplitude and phase are key features that are used in the signal
modulation domain to determine a modulation scheme. In this research, we take
advantage of these features through CWT and feeding the resultant scalograms
to our multi-input CNN for faster learning, reducing computational overhead and
providing better accuracy.

1.3 Problem Statement

The classification of modulation techniques is particularly challenging due to the
presence of multiple schemes with similar characteristics. For example, modulation
schemes within the same family, such as 16-QAM and 64-QAM, exhibit overlapping
features such as bandwidth, symbol rate, and phase continuity, making it difficult for
traditional classification methods to distinguish between them. This issue becomes
even more prominent in heterogeneous networks, where multiple communication
standards coexist, requiring devices to accurately classify and adapt to different
modulation schemes for seamless communication. Modern day modulation classifi-
cations are handled by deep learning architectures due to their superior performance
over traditional methods. However, the trade-off between accuracy and computa-
tional overhead has been a major concern for researchers for years. Iot Devices,
Drones/UAVs, Military and Tactical Radios, Wireless Sensor Networks(WSNs), Au-
tonomous vehicles etc are examples of edge devices that take advantage of this tech-
nology. Optimizing the deep learning architectures would greatly help in making
the system deployable on such devices.

1.4 Objective

In many cases where there is a scarcity of resources and infrastructure, deep learn-
ing algorithms that use images are hard to deploy because of the memory and
computational requirements. For example, if we consider military implementations,
hardware-based FPGA boards will not be able to host heavyweight deep learning-
based classification schemes. Our objective is to overcome this limitation by devel-
oping a fast, robust solution for resource-scarce hardware. For this we use a custom
dataset consisting of amplitude and phase scalograms generated from signals so that
our proposed model can utilize the multi-modal input to learn faster and provide
accurate classification results while being computationally lighter than traditional
state-of-the-art models.
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1.5 Scopes and Challenges

The lightweight structure of the proposed architecture allows real-time deployment
on edge devices. Using multi-modal data (Amplitude and Phase) also increases
performance under noisy conditions. The proposed architecture also sets a founda-
tion for future optimizations or fusion-based classification methods. Using transfer
learning, the model can serve as a base model for domain adaptation. However, the
research comes with challenges. Under various SNRs modulation patterns can vary
significantly and may cause inconsistent classification. CNN models also cause a
black-box problem, making it difficult to understand why a particular modulation
is classified in a certain way. Since the data generated and classified under a virtual
simulation, the model may perform differently in real-world scenarios. The research
demonstrates the lightweight approach with 8 classes, but the efficiency factor may
be compromised when other modulation schemes are introduced as we try to retain
accuracy.
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Chapter 2

Literature Review

2.1 Preliminaries

Signal modulation is a fundamental topic in wireless communications, cognitive ra-
dio, electronic warfare, and spectrum monitoring. It is the process of modifying a
carrier signal to encode data. It is typically done by altering the signals amplitude,
frequency, phase, or multiple properties combined. Figure 2.1 demonstrates how
an input carrier signal is modulated. Common modulation types include Ampli-
tude Modulation (AM), Frequency Modulation (FM), Phase Shift Keying (PSK),
and Quadrature Amplitude Modulation (QAM), among others. Each modulation
scheme affects the carrier in a unique way to represent digital or analog data. In
practical systems, identifying the modulation type is crucial for correctly demodulat-
ing and decoding the received signal. Modulation classification algorithms, whether
based on traditional likelihood methods or modern machine learning approaches, an-
alyze the characteristics of the received signal, such as its constellation, power spec-
trum, or time-frequency representation, to determine the most probable modulation
scheme. This automatic classification enables adaptive communication systems to
optimize performance, maintain interoperability, and detect potential intrusions or
interference in real time.

Figure 2.1: Signal Modulation
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Continuous Wavelet Transform (CWT) is a powerful signal processing technique
used to analyze non-stationary signals those whose frequency characteristics change
over time. Unlike the Fourier Transform, which represents a signal in terms of
its global frequency content, CWT provides both time and frequency localization,
making it ideal for analyzing signals that exhibit transient behaviors or time-varying
structures, such as communication signals affected by noise, fading, or interference.
At its core, CWT works by decomposing a signal into wavelets, which are small,
wave-like functions that are localized in both time and frequency. These wavelets are
generated by scaling (stretching or compressing) and translating (shifting) a base
function called the mother wavelet. The CWT computes the similarity between
the signal and these wavelets at various scales and positions, resulting in a two-
dimensional representation called a scalogram. This scalogram visually captures
how the frequency content of a signal evolves over time. Mathematically, the CWT
of a signal x(t) is defined as:

Wx(a, b) =

∫ ∞

−∞
x(t)

1√
|a|
ψ∗
(
t− b

a

)
dt (2.1)

Where, a is the scale parameter (analogous to frequency), b is the time shift param-
eter and ψ∗(t) is the complex conjugate of the wavelet function.
In practical applications like modulation classification, CWT is used to convert 1D
radio signals into 2D time-frequency images, separating phase and amplitude compo-
nents. These images, known as scalograms, highlight unique patterns and temporal
variations in different modulation schemes, making them suitable inputs for deep
learning models. The ability of CWT to preserve both time and frequency details
makes it especially useful in analyzing complex, real-world communication signals
that are affected by channel impairments or environmental noise.

Convolutional Neural Networks (CNNs) are a specialized class of deep learning mod-
els designed primarily for processing data with a grid-like structure, such as images,
audio spectrograms, or time-frequency representations like scalograms. CNNs are
particularly effective at automatically learning spatial hierarchies of features, rang-
ing from simple edges and textures to more complex patterns by using a series of
convolutional layers. These layers apply learnable filters (or kernels) that slide over
the input data to detect local features, preserving the spatial relationship between
pixels. This is followed by pooling layers that reduce the dimensionality, helping to
generalize the learned features and reduce computational complexity. Unlike tra-
ditional fully connected neural networks, CNNs significantly reduce the number of
parameters, making them more efficient and scalable for high-dimensional inputs. In
tasks like image classification, object detection, or modulation classification, CNNs
excel due to their ability to extract robust and translation-invariant features. For
example, in modulation classification, CNNs can be trained on 2D scalograms gen-
erated from radio signals to automatically distinguish between different modulation
types by learning their unique time-frequency patterns. Their strong feature extrac-
tion capability, combined with end-to-end training, makes CNNs one of the most
widely used and powerful architectures in modern machine learning. Below is a
figure 2.2 of a simple CNN architecture
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Figure 2.2: Structure of Convolutional Neural Networks

2.2 Review of Existing Research

The traditional methodologies for AMC include the Maximum Likelihood method
and the Feature-Based method. According to the available research, likelihood-based
approaches assist SDR systems to accomplish reliable and effective transmission
through various channels by means of adaptive modulation. These techniques are
also useful in environments that are noncoherent in nature where the carrier phase
or any other signal characteristics are not known about and hence are useful in the
scenarios where communication is not cooperative in nature. The likelihood-based
algorithms also offer a general framework for incorporating different degrees of prior
information on the data and thus can be applied to many modulation formats [2].
On the other hand, the FB methods provide near-optimal performance compared to
the maximum likelihood methods at a much lower complexity cost [4]. These meth-
ods can be implemented in conjunction with different classification models such as
ANN, SVM and DT hence they are flexible to use in different applications. The
properly designed FB algorithms are also comparatively efficient in the classifica-
tion of the modulation schemes which is helpful in applications such as military
intelligence and adaptive modulation systems.
The studies also show that FB methods are easier to apply and require fewer compu-
tations as opposed to LB methods. Nevertheless, the LB approaches and especially
the ML-based ones, are known to provide the best results. The FB methods are
relatively less affected by model errors and other unknown factors, which is ad-
vantageous in some cases. However, the selection of the most appropriate method
depends on the extent of the trade-off between the described features of complexity,
performance, and robustness [1].
These traditional methods have been discovered to pose some serious disadvantages
compared to the current methods under Deep Learning [26]. The Likelihood-Based
approaches require complex calculation procedures to approximate the likelihood
function and model parameters and are not feasible in actual applications. The
Feature-Based approaches have limited ability to learn from data due to the weak
discriminative power of handcrafted features and the constraints of traditional clas-
sification algorithms. Both approaches struggle with the increasing number of mod-
ulation formats and the discrimination of higher-order digital modulations. These
approaches also have drawbacks in handling strong channel distortions that impact
signal quality and the classification accuracy. On the contrary, Deep learning meth-
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ods excel in automatic feature extraction, learning underlying characteristics of radio
signals for modulation pattern recognition. It has higher learning capacity, which
improves classification performance, especially under channel distortions.
Deep learning algorithms can also autonomously extract features avoiding the dif-
ficult task of manual feature selection. With these advantages in mind, researchers
started utilizing these algorithms in communication systems, specially Convolutional
Neural Networks(CNN)[11]. CNNs have layers with constrained connectivity pat-
terns that reduce the number of parameters and allows larger input dimensionality.
The filters used in convolutional operations are applied across the entire input which
leads to fewer parameters and improved efficiency. Pooling layers in CNNs help the
model become invariant to small translations, enhancing the ability to recognize
patterns regardless of their position in the input. CNNs can also learn a hierar-
chy of features, from simple to complex, which is beneficial for tasks like image
classification where different levels of abstraction are useful. In comparison with
traditional and SVM-based algorithms, the CNN-based model performs well across
different SNR regions, matching the accuracy of cumulant-based models in high SNR
and SVM-based models in low SNR scenarios without the need for manual feature
selection.
Recent research has focused on using convolutional neural networks (CNNs) for
modulation classification in wireless communication systems, combining CNNs with
various signal processing techniques to improve classification accuracy[36]. The pro-
posed method applies the Radon Transform(RT) to constellation diagrams before
feeding them into pre-trained CNNs. The authors tested the data on AlexNet,
VGG-16, and VGG-19 models for classification task and demonstrated improved
performance in noisy channels.
Abdulkarem et al. (2022) proposed a two-staged method combining CNN with
continuous wavelet transform(CWT)[32]. The method extracted time-frequency in-
formation from the signals using CWT to generate 2D pictures which were then fed
to the Convolutional neural networks as inputs. The experiment included six mod-
ulation types: ASK, PSK, FSK, QASK, QPSK and QFSK, all tested under 0-25dB
SNR and showed great results.
Daldal et al. (2020) also utilized time-frequency representations and generated 2D
images employing short-time Fourier transform. These images served as direct in-
puts to CNNs for classifying multiple modulation types. for experiment, four popular
CNN models have been used (AlexNet, VGG-16, VGG-19, GoogLeNet, ResNet-101)
and all of them achieved high classification accuracy (over 99% of accuracy).In fact,
the VGG-16 and ResNet-101 provided a classification accuracy of 100%[21].
Al-Makhlasawy et al. (2020) investigated modulation classification in the presence of
adjacent channel interference using constellation diagrams as CNN inputs[16]. The
studies compared different CNN architectures, including AlexNet and VGG variants,
and evaluated performance across various signal-to-noise ratios and fading channel
conditions. These research demonstrate the effectiveness of CNN-based approaches
for modulation classification.
Hany et al. (2023) proposed three CNN-based AMC models, each using a different
classification layer: Mean absolute error-based, Sum of squared errors-based and
Cross-entropy-based[37]. The models were tested with three different optimizers at
two signal-to-noise ratio (SNR) levels. Results show that the models can achieve
up to 100% classification accuracy, depending on the choice of optimizer and loss
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function.
Thien et al. (2021) proposed a CNN-based approach for modulation classification
with skip-connections and reusable-feature depth-concatenation[25]. The Reusable-
Feature Convolutional Neural Network (RefNet) uses skip-connection to prevent
vanishing gradients and reusable-feature depth-concatenation to optimize feature
utilization. RefNet achieves high accuracy of 85.10% at +10 dB SNR on the DeepSig:
RadioML dataset, outperforming traditional methods.
Van-Sang et al. (2020) proposed a deep CNN model can accurately classify modu-
lation formats by learning the constellation map[17]. This method uses gray-scale
constellation images of 8 classes to feed the CNN architecture that is specified by
multiple processing blocks. The proposed network achieves approximately 87% clas-
sification accuracy at 0 dB signal-to-noise ratio (SNR) under multipath Rayleigh
fading conditions, outperforming other state-of-the-art models.
Jiacheng et al. (2021) developed a CNN-based method using short-time-Fourier-
transformation (STFT) spectrograms.[29] The radio signals are converted into gray-
scale STFT spectrograms and then compressed to a fixed size using bi-cubic in-
terpolation. Using a dataset of 16 modulation types, the results show a major
improvement over conventional methods—boosting accuracy from 74.3% to 99.0%.
Additionally, the model can distinguish between different signals of the same mod-
ulation type.
Sun et al. (2022) proposed two machine learning models that eliminate the need
for phase and ferquency lock[35]. The models used Constellation Images (CI) and
Graphic Representation of Features (GRF), transforming statistical signal properties
into spider graphs. The authors used transfer learning with pre-trained CNNs such
as Inception-v3[9], GoogleNet[5] and SqueezeNet[7]. The models have been tested
with real SDR data and simulated data, and the outcomes demonstrate that while
CI performs well on high SNRs, GRF performs better on Low SNRs.
Zhao et al. (2024) introduced a transfer-learning-based approach using spectrum
and constellation diagrams for modulation classification. The authors use Efficient-
Net[13] and ViT[23] to demonstrate the power of transfer learning capabilities of
computer vision models, achieving 8.97% improved performance over traditional
methods[44].
Rehman et al, (2025) used eye diagrams and deep convolutional networks for modu-
lation classification[45]. The authors used ResNet-18, ResNet-50[34] and MobileNet-
V2[39] which achieved robust performance on low SNRs(-20 to 30dB). The eye di-
agram approach captures temporal distortions better than constellation diagrams.
But, the eye diagrams often fail to capture certain dynamic channel behaviors that
could arise in fast varying environments.
Wu et al. (2025) presented a visition transformer model enhanced with multi-scale
feature fusion strategies[46] that include vertical shortcut connections and multi-
head subspace self-attention (MHSSA). The techniques strengthen the model’s abil-
ity to learn across different signal characteristics and scales. The MLP classifiers
are also replaced by a Kolmogorov-Arnold Network to enhance nonlinear represen-
tation and interpretability. The proposed method outperforms conventional CNNs,
LSTMs, and other transformer-based models, especially in low SNR environments.
Zhang et al.(2025) combines the temporal and image-based modalities in a novel
approach[47]. Through this method, 1D signal inputs (such as IQ, amplitude, and
phase) with 2D Markov Transition Field (MTF) images the authors leverage both
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local and global characteristics of the signals. The modalities are processed using
a LSTM and a focal modulation network (FMN). Experimental results on the Ra-
dioML2016.10A dataset demonstrate an accuracy of 92.30% at 0 dB which is superior
compared to baseline models like CNN, ResNet, LSTM, CLDNN, and Transformer
networks. However, the increase in model parameters (up to 28.64M) may impact
inference speed and deployment on resource-constrained systems.
Waqas et al. introduced a novel approach for Automatic Modulation Classification
using spectrogram-based deep learning[41]. The I/Q radio signal data are converted
into spectrogram images by applying resolution transformations. This sigficantly
reduces computational load, upto 99.61% accelerate data processing speed by 8x.
Several CNN architectures (e.g., SqueezeNet[7], ResNet-50[34], InceptionResNet-
V2[12]) have been used to evaluate the method and achieved 91.2% accuracy under
noisy conditions.
Liu et al. challenged the conventional downsampling strategies that are responsi-
ble for degrading spatial resolution and hindering classification of closely related
modulation schemes[31]. The authors propose a novel Multiscale Dilated Pyramid
Module (MDPM) which preserves high-resolution features by employing dilated con-
volutions and multiscale feature aggregation. This approach achieves classification
robustness in noisy environments. The model was adapted with group convolu-
tion and channel shuffle to reduce computational overhead and allow deployment in
resource constrained platforms.
In recent years, the focus on developing lightweight automatic modulation classifi-
cation (AMC) techniques has grown due to the increasing demand for efficient and
deployable models in resource-constrained environments. Various approaches have
been proposed to balance the trade off between model complexity and classification
performance. For example, LightAMC combines deep learning with compressive
sensing to create a lightweight neural network for AMC [22]. The method involves
training a convolutional neural network (CNN) on mixed datasets with varying
signal-to-noise ratios (SNRs) and applying neuron pruning via L1 regularization to
remove redundant neurons. However, The training process involves multiple stages,
including pruning and fine tuning, which can be complex and time-consuming.
A lightweight AMC must also be cost-efficient and an architecture specifically de-
signed to achieve that is MCNet [18]. The model is designed with specific convo-
lutional blocks that use asymmetric convolutional kernels, reducing the number of
parameters while effectively learning spatiotemporal signal correlations. Authors
claim that it requires approximately 40% and 45% fewer trainable parameters than
ResNet and VGG respectively while having similar inference time with CNN-AMC
which is a significantly larger model than MCNet. The inclusion of skip connections
helps preserve residual information across multi-scale feature maps and prevents the
vanishing gradient problem during training. MCNet achieves an overall classifica-
tion rate of 93% at 20dB SNR on DeepSig dataset. However, the model is still not
light enough to be deployed in resource-constrained environments and it is subject
to a trade-off between network capacity and computational complexity.
The MCNet received further improvements as a better CNN was proposed based
on its designs [19]. The newer model achieved higher classification accuracy in SNR
range from 4 dB to 20 dB, with improvements of 5.52% and 5.92% at 0 dB and 10
dB of SNRs, respectively. The model further reduces the computational complexity
by saving 67% of trainable parameters compared to MCNet. It also cuts down the
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inference time by 54.4% compared to MCNet, making it more efficient for resource-
constrained environments.
The Ultralight Convolutional Neural Network (ULCNN) is designed for UAV sys-
tems, balancing accuracy and efficiency with a small model size and fast inference
speed [43]. The architecture utilized data augmentation to increase the training
sample size and enhance generalization. It employs complex-valued convolution
to fuse in-phase and quadrature components of signal samples, capturing correla-
tions. ULCNN integrates separable convolution, channel shuffle and channel atten-
tion mechanisms to extract in-depth features while reducing feature dimensionality.
It also fuses features from different layers and dynamically adjusts the learning rate
during training to align with progress, aiding in convergence and performance. The
ULCNN achieves 62.47% accuracy on the RML2016.10a dataset with only 9751 pa-
rameters, demonstrating its relevance in the resource-constrained environment like
UAV systems.
Stressing the importance of AMC in military and civilian contexts, a model was pro-
posed applying pruning techniques to decrease computational processing and storage
burdens and enable the method for EDGE devices with limited capacities[20]. This
is achieved through filter-level pruning which is implemented by utilizing an ac-
tivation maximization (AM) method which helps remove filters that are of minor
significance and thus promotes the architecture’s accuracy when using the same
compression rate as compared to the traditional ones. In this research study the
evaluation of the network pruning with respect to the accuracy and computational
complexity is done following the VT-CNN2 architecture with adam optimizer and
ReLUs. However, pruning can still be disadvantageous in certain contexts since
assessing which convolutional filter to prune is more challenging if the deviation of
the filter norm is too low.
Another lightweight and efficient architecture LWAMCNet also introduces two strate-
gies to alleviate computational overhead [28]. First, it suggests a residual archi-
tecture with depthwise separable convolution (DSC) that prevents the vanishing
gradient problem and reduces the computational complexity during feature extrac-
tion. Then for feature reconstruction, Global depthwise convolution (GDWConv)
is applied after the last convolutional layer to reduce model parameters and infer-
ence time. The experiments show that the proposed architecture reduces model
parameters by 70-98% and inference time by 30-99% for RadioML2018. 01A and
RadioML2016.10A datasets while maintaining high accuracy.
Underlining the performance limitations of the centralized learning AMC method,
DecentAMC is an architecture that introduces decentralized learning methods to
AMC using model aggregation and lightweight design [24]. It uses a separable con-
volution neural network (S-CNN) that replaces standard convolution layers, reduc-
ing space complexity by about 94% and time complexity by about 96% compared
to traditional CNN, with minimal impact on classification accuracy. Multiple edge
devices (EDs) are used for joint training, improving training efficiency compared
to S-CNN based centralized learning (CentAMC). DecentAMC also shares model
weights of S-CNN instead of large datasets or complex CNN model weights which
also contributes to reducing communication overhead. However, the training effi-
ciency of this model is not as high and heavily dependent on the number of edge
devices. While the model fails to outperform S-CNN based CentAMC in terms of
classification accuracy, it significantly reduces space and time complexity making
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the tradeoff worth it.
MCMBNN is another lightweight decentralized-learning-based architecture that is
suitable for edge devices with limited computing and memory resources[33]. This
DecentAMC architecture uses three exclusive blocks (phase estimator and trans-
former block, spatial feature extraction block and temporal feature extraction and
Softmax block) to extract features to achieve robust classification accuracy. Com-
plimentary features of varying channels are also extracted using multichannel input.
MCMBNN achieved better accuracy in classification with low model complexity
for the classification of all the datasets. It was superior to other state-of-the-art
networks particularly in the low SNR region. The method also showed good adapt-
ability to edge devices with less communication overhead. As for the findings in this
study, the results confirmed that the proposed MCMBNN and DecentAMC method
are capable of realizing decentralized learning with high classification accuracy and
efficient low-cost communication.
PDARTS-AMC, a Progressive Differentiable Architecture Search for AMC uses gra-
dient based search strategy to jointly learn the network weights and architecture
parameters for the purpose of finding efficient neural network architectures for mod-
ulation classification [42]. It performs the architecture design of neural networks
without requiring the user’s expertise. Moreover, it cuts down the computational
complexity and enhances the search effectiveness by employing the approximations
of search space and imposing regularization. But, the process of searching for the
optimal architecture can still be complex and time-consuming.
The LSTM Auto-Encoder is a novel framework that extracts features from noisy
signals and classifies modulation schemes efficiently [27]. The method employs a
small model size that can be implemented on low-cost computational platforms like
Raspberry Pi and yet obtain high classification accuracy. The auto-encoder has two
parts: an encoder that encodes data and produces a code and decoder that decodes
the code and produces the original data. The input signals are L2-normalized and
some of them are partially masked by setting some of the samples to zero during
training. This allows the model to learn and recover signals and also extract stable
features. The last hidden state vector of LSTM is fed into the fully connected layers
and softmax function to classify the modulation type of the input signal. In compar-
ison with other state-of-the-art AMC models like CNN, CLDNN and LSTM across
different SNRs the framework achieves higher top-1 classification accuracy while
requiring fewer FLOPs, less memory space and the smallest number of trainable
parameters. As for the real-world situations, the framework’s performance could be
different, since the synthetic and real over-the-air radio data used in the experiments
may not be highly representative of real-world signal environments.
The CVResNet is an advanced, yet compact neural network framework that is specif-
ically designed for Automatic Modulation Classification (AMC)[40]. This new ar-
chitecture combines the complex convolutions with the residual networks to enhance
the performance. Due to the use of depthwise separable convolution, it has a simpli-
fied structure and reduces the number of parameters and FLOPs by approximately
83. 34% and 83. 77% respectively, and at the same time, maintaining good perfor-
mance. In addition, it incorporates a new hybrid data augmentation strategy that
helps in increasing the classification performance without the shortcomings that are
often linked to a more simple design. The CVResNet’s shows its potential applica-
tion in resource-constrained environments due to its ability to reduce computational
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complexity and parameter count but the experiments does not explore the effect of
noise on feature extraction, indicating that it might not be fully robust in practical
scenarios.
ShuffleAMC is a CNN-based architecture designed for IoT systems and OFDM that
is based on ShuffleNet, a lightweight neural network [30]. The method employs the
Fast Fourier Transform (FFT) to preprocess the received OFDM signals for improv-
ing classification performance at low SNRs. It uses a Light Convolutional Neural
Network (CNN) to reduce the number of model parameters and computational costs.
Also, L2 regularization is used in the training process and, as seen from the results,
if used with an appropriate regularization parameter, it helps to avoid overfitting,
improves the classification performance, and reduces the training time. In terms of
classification accuracy, the ShuffleAMC performs very similar to CNN-based AMC
method with less than 1% performance gap. But in terms of complexity, the Shuf-
fleAMC uses only 1.8% of the model parameters and 2.4% of the model size than
that of CNN based AMC.
To improve both accuracy and efficiency, Lightweight AMC architectures utilize
residual learning and Squeeze-and-Excitation (SE) blocks [38]. Research has shown
that adding residual learning in the training phases can help to solve the issues
arising from deep networks. This is done through shortcut connections that allow
layers in the network to learn directly from the identity mapping of their inputs
hence increasing classification accuracy. SE blocks also enhance the network’s func-
tionality by dynamically fine-tuning channel-wise feature responses. This is done by
capturing the dependencies between the channels in a dynamic way, thus enhancing
the capacity of the network to represent the topology. The architecture’s design
focuses on reduction of the number of parameters, and overall lighter architecture,
even though it does not affect the performance. Interestingly, it outperforms con-
ventional approaches, especially in conditions characterized by high Signal-to-Noise
Ratio (SNR).

2.3 Summary of Key Findings

To put in perspective the effectiveness of the proposed approach, Table 2.1 shows
a comparative summary of the most current image-based modulation classification
methods. Each paper is classified according to its image representation, network
architecture, the strength of modulation types it can compensate for, and perfor-
mance. During this comparison, it also indicates the distinctiveness of our approach,
which is designed to use CWT-based dual-stream CNNs to integrate the amplitude
and phase information and thus, reach high recognition accuracy over a broad SNR
region, surpassing many state-of-the-art methods in both digital and analog modu-
lation recognition.
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Study / Paper Image Represen-
tation

Architecture Modulation
Types

Performance

Abdulkarem et
al., 2022[32]

CWT Custom deep
CNN

6 modulations 99% accuracy at 0
dB to 25 dB SNRs

Daldal et al.
(2020)[21]

Short-time Fourier
transform

AlexNet, VGG-
16, VGG-19,
GoogLeNet,
ResNet-101

5 modulations over 99% accuracy
on most models

Al-Makhlasaw et
al., 2020[16]

Constellation dia-
grams

AlexNet, VGG-
16, VGG-19

5 modulations 95% to 98% accuracy
across models

Hany et al.,
2023[37]

Intermediate fre-
quency (IF) time-
domain signals.

Three CNN-based
AMC models

11 modulations up to 100% accuracy
on various SNRs

Thien et al.
2021[25]

I/Q time-domain
samples

RefNet 24 modulations 85.10% overall classi-
fication accuracy

Van-Sang et al.
2020[17]

Gray-scale constella-
tion images

Deep CNN model 8 modulations 87% accuracy at 0
dB

Jiacheng et al.
2021[29]

Gray-scale STFT
spectrograms

Custom deep
CNN model

16 modulations 99% accuracy

Sun & Ball,
2022[35]

Constellation Im-
ages (CI) & Spider
Graphs

CNN & ML clas-
sifiers

8 digital modula-
tions

86% accuracy at 10
dB SNR

Zhao & Luo,
2024[44]

Spectrum & Constel-
lation Diagrams

Transfer Learning
(EfficientNet,
ViT)

11 modulations
(RadioML)

Accuracy ↑ by 8.97%
over baselines

Rehman et al.,
2025[45]

Eye Diagrams ResNet-18/50,
MobileNetV2

11 modulations 93.6% accuracy at -
20dB SNR

Wu et al.,
2025[46]

Time–Frequency
Maps

Vision Trans-
former (MSFF-
ViT) & Kol-
mogorov–Arnold
Net

24 modula-
tions (Ra-
dioML2018.01A)

94% accuracy at 8
dB SNR, peaks at
97.3% accuracy at 16
dB

Zhang et al.,
2025[47]

Multimodal (1D&2D
features)

Multi-task CNN
& GRU

11 modulations 92.3% accuracy at 0
dB SNR

Waqas et al.,
2023[41]

Resolution Trans-
formed Spectro-
grams

CNN
(SqueezeNet,
ResNet,
DenseNet)

11 modulations 91.2% accuracy in
AWGN

Liu et al.,
2024[31]

Time–Frequency Im-
ages

CNN & Mul-
tiscale Dilated
Pyramid Module

10 modulations 90% accuracy, 1/8
parameter count
compared to tradi-
tional models

Table 2.1: Comparison of Image-Based Modulation Classification Techniques

In the recent literatures, increasing application of deep learning in particular, Con-
volutional Neural Networks (CNNs) in AMC is observed due to their capability of
feature learning as well as processing data in a large scale independently. CNNs
achieve superior performance against counterpart traditional methods and SVMs
at different SNR with no human intervention to extract features. Different re-
searchers have improved the CNN-based AMC by integrating some signal transfor-
mation methods, such as the Radon Transform, STFT[9], and CWT[10], which used
the signal transformation to transform the one-dimensional (1D) signal into a joint
two-dimensional (2D)image. Especially, the CWT and STFT images based models
have achieved excellent classification accuracies (often exceeding 99%) on various
modulation categories and for different channel conditions. Furthermore, advanced
architectural decisions, such as skip connections, feature reuse (RefNet), and the
usage of optimal classification layers, have improved model results (LinkNet). De-
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spite these improvements, the state-of-the-art models are mostly large and compu-
tationally expensive, making it difficult to be deployed in real-time or on the edge
applications. This makes it possible for lightweight CNN architectures, such as the
dual-stream architecture proposed here, to find a better trade-off between accuracy
and efficiency.
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Chapter 3

Signal Generation, Transmission
and Data Credibility

This section outlines the rigorous process used to generate, transmit, and collect the
signal data used for automatic modulation classification in this study. The method-
ology combines precise mathematical signal synthesis using MATLAB with realis-
tic wireless transmission via Software Defined Radio (SDR). The resulting dataset
closely emulates the behavior of real-world wireless communication systems, thereby
ensuring both experimental control and environmental validity.

3.1 Digital Baseband Signal Synthesis

The process begins with the generation of a digital baseband signal using MATLAB.
In wireless communications, the baseband signal is a complex-valued time-domain
representation of a modulated waveform, expressed as:

s[n] = I[n] + jQ[n] (3.1)

where I[n] and Q[n] are the in-phase and quadrature-phase components, respec-
tively. These components represent the amplitude and phase variations used to
encode binary information.
To construct the signal, a stream of binary bits is grouped into symbols based on
the chosen modulation scheme. For instance, QPSK maps two bits per symbol
while 64-QAM maps six bits. Each symbol is mapped to a point in the complex
constellation according to standardized rules such as Gray coding. This results in a
discrete sequence of complex-valued symbols.
To convert this sequence into a continuous waveform suitable for analog transmis-
sion, we apply pulse shaping using a Root Raised Cosine (RRC) filter. The baseband
signal is obtained by convolving the symbol sequence with the pulse shaping filter:

x(t) =
∞∑

n=−∞

s[n] · p(t− nT ) (3.2)

where p(t) is the impulse response of the RRC filter and T is the symbol period. In
MATLAB, this is implemented using:

symbols = qammod(bits, M, ’UnitAveragePower’, true);
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rrc = rcosdesign(0.35, span, sps);

txWaveform = upfirdn(symbols, rrc, sps);

The resulting x(t) is a smooth, complex-valued waveform that accurately represents
the modulated baseband signal.
To ensure a comprehensive and challenging dataset, eight modulation schemes are
employed in this study: six digital and two analog. The digital modulation schemes
are defined as follows:
Binary Phase Shift Keying (BPSK) is the simplest phase modulation scheme
where each bit modulates the phase of the carrier. The signal is given by:

s(t) =
√
2P cos(2πfct+ πb), b ∈ {0, 1} (3.3)

A binary ’1’ induces a 180◦ phase shift compared to ’0’.
Quadrature Phase Shift Keying (QPSK) encodes two bits per symbol using
four phase shifts:

s(t) =
√
2P cos(2πfct+ ϕk), ϕk ∈

{
0,
π

2
, π,

3π

2

}
(3.4)

This improves bandwidth efficiency over BPSK by doubling the bit rate.
64-Quadrature Amplitude Modulation (64-QAM) is a high-order scheme that
modulates both amplitude and phase:

s(t) = Ik cos(2πfct)−Qk sin(2πfct) (3.5)

where Ik and Qk are selected from a 64-point constellation, allowing the transmission
of 6 bits per symbol.
4-Pulse Amplitude Modulation (PAM4) uses four discrete amplitude levels to
represent two bits per symbol:

s(t) = Akp(t− kT ), Ak ∈ {−3A,−A,A, 3A} (3.6)

It is bandwidth-efficient but sensitive to amplitude distortion and noise.
Gaussian Frequency Shift Keying (GFSK) is a frequency modulation scheme
where the carrier frequency varies with the data bits, smoothed by a Gaussian filter.
Its instantaneous phase is given by:

ϕ(t) = 2π

∫ t

0

f(τ)dτ = 2π

∫ t

0

fc + k ·m(τ) dτ (3.7)

This smoothing reduces spectral width, making it useful in Bluetooth and low-power
applications.
Continuous Phase Frequency Shift Keying (CPFSK) ensures that the phase
of the modulated signal changes smoothly, avoiding discontinuities:

s(t) =
√
2P cos

(
2πfct+ 2πh

∑
n

bnq(t− nT )

)
(3.8)

where h is the modulation index and q(t) is a continuous-phase shaping function. It
is more power-efficient than abrupt phase modulation schemes.

16



The analog modulation schemes used are:
Broadcast Frequency Modulation (B-FM) varies the frequency of the carrier
in proportion to the input message signal:

s(t) = Ac cos

(
2πfct+ 2πkf

∫ t

0

m(τ)dτ

)
(3.9)

This provides high noise immunity and is commonly used in FM radio broadcasting.
Single Sideband Amplitude Modulation (SSB-AM) transmits only one side-
band of an AM signal. The upper sideband signal is expressed as:

sUSB(t) = Acm(t) cos(2πfct)− m̂(t) sin(2πfct) (3.10)

where m̂(t) is the Hilbert transform of m(t). This reduces bandwidth and is widely
used in long-distance communication systems.

3.2 Channel Modeling and Signal Impairments

To simulate realistic channel conditions, we introduce impairments including Ad-
ditive White Gaussian Noise (AWGN), multipath fading, and clock offset. AWGN
models the background thermal noise present in all communication systems:

y(t) = x(t) + n(t), n(t) ∼ N (0, σ2) (3.11)

To model multipath propagation, we use a Rician fading channel, where the channel
response h(t) is a combination of line-of-sight (LOS) and non-line-of-sight (NLOS)
components:

h(t) =

√
K

K + 1
hLOS +

√
1

K + 1
hNLOS (3.12)

where K is the Rician factor.
Clock offset and timing errors are introduced by resampling the signal with a small
perturbation to the sampling rate:

xoffset(t) = x(t · (1 + δ)) (3.13)

These impairments are either simulated in MATLAB or naturally incurred during
real hardware transmission.

3.3 Over-the-Air Transmission via SDR

To enhance realism beyond simulation, the generated waveform is transmitted over-
the-air using an ADALM-PLUTO SDR. This device performs digital-to-analog con-
version and RF upconversion, emitting the signal through an antenna.
The complex baseband signal is modulated onto a radio frequency carrier fc using
quadrature modulation:

xRF(t) = ℜ
{
x(t) · ej2πfct

}
= I(t) cos(2πfct)−Q(t) sin(2πfct) (3.14)
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The signal is transmitted at a carrier frequency of 902 MHz. It is subject to environ-
mental effects, hardware non-linearities, and quantization noise-factors that cannot
be fully modeled in software alone.
Reception is handled by another SDR (or the same device in loopback mode), which
downconverts the signal back to baseband:

xBB(t) = xRF(t) · e−j2πfct (3.15)

The resulting complex samples are digitized by an ADC and stored for further
processing.

Complete Received Signal Model

Combining the modulation, channel effects, and impairments, the final received
signal at the receiver can be modeled as:

r(t) =
[
s(t) · ej(2π∆ft+θ) ∗ h(t)

]
+ n(t) (3.16)

Here, s(t) is the transmitted baseband signal, ∆f is the frequency offset, θ is the
random phase offset, h(t) is the multipath channel impulse response, and n(t) ∼
N (0, σ2) represents additive white Gaussian noise. The operator ∗ denotes convo-
lution. This model captures the key real-world distortions introduced by oscillator
mismatch, multipath fading, and thermal noise.

3.4 Data Credibility and Validity Justification

Firstly, the underlying signals are generated according to strict mathematical and
engineering principles that are foundational to modern wireless communication. The
use of standardized modulation schemes such as BPSK, QPSK, and 64-QAM ensures
that the generated signals conform to those used in practical systems like LTE, Wi-
Fi, and satellite communication [14], [15].
Secondly, the use of MATLAB enables full control over signal characteristics, includ-
ing modulation depth, symbol rate, pulse shape, and channel impairments. These
parameters can be adjusted and documented with high precision, ensuring repro-
ducibility and consistency across experiments.
Thirdly, the introduction of real-world impairments through simulation makes the
signals significantly realistic [10]. The simulation introduces controlled impairments
such as AWGN or Rician fading, unavoidable imperfections such as amplifier non-
linearities, frequency drift, and phase noise. These distortions enrich the dataset
with natural variability that mirrors real deployment scenarios.
Lastly, the pipeline is fully deterministic and reproducible. Every waveform, filter,
channel condition, and SDR configuration is generated using parameterized scripts.
This ensures that the dataset is not only credible in theory, but also practical for
validation.
Taken together, these elements make the dataset used in this study both theoret-
ically valid and empirically grounded. It is ideally suited for developing and eval-
uating lightweight deep learning models for automatic modulation classification in
constrained wireless environments.
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Chapter 4

Proposed Methodology

4.1 Methodology Overview

Figure 4.1: Top down view of the proposed methodology

Modulation classification using images from signals is a fascinating and innovative
approach in the field of signal processing and machine learning. This method in-
volves converting radio frequency (RF) signals into visual representations, such as
spectrograms, scalograms, constellation diagrams, or other image formats, and then
using image processing and deep learning techniques to classify the modulation
schemes of these signals. This research presents an innovative approach to modula-
tion classification, using a CWT to analyze time-frequency data and a custom deep
learning architecture to classify signals based on wavelet scalograms. The signals
are generated using the Communication Toolbox from MATLAB and captured I/Q
components from the signals, which are later used to extract amplitude and phase
information from each signal and converted into wavelet scalograms using CWT.
Finally, the scalograms are fed into a custom dual-stream CNN for classification.
Baseline models have also been adjusted similarly, modified to take single-channel
(grayscale) input in a dual-stream architecture, placing them into each individual
streams for comparison. After classification of the data, we observe each model’s
performance alongside their computational efficiency.
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4.2 Dataset

As stated before, we have selected 8 modulation types (6 digital and 2 analog). 1000
frames have been generated for each modulation type. The signals are sampled at
200 kHz, with each frame containing 1024 I/Q samples. The modulation types in-
clude:

Digital Modulation Types:

• Binary Phase Shift Keying (BPSK)

• Quadrature Phase Shift Keying (QPSK)

• 64-ary Quadrature Amplitude Modulation (64-QAM)

• 4-ary Pulse Amplitude Modulation (PAM4)

• Gaussian Frequency Shift Keying (GFSK)

• Continuous Phase Frequency Shift Keying (CPFSK)

Analog Modulation Types

• Broadcast FM (B-FM)

• Single Sideband Amplitude Modulation (SSB-AM)

4.2.1 Data generation

The Radio signals have been collected using the Communications Toolbox Sup-
port Package form MATLAB. We used two ADALM-PLUTO radios to trans-
mit the signals and capture the channel-impaired signals using the SDR configured
for signal reception.

4.2.2 Channel Impairment

The generated frames pass through the following channel impairments:

• Additive White Gaussian Noise (AWGN): The channel adds AWGN
with an SNR of 30 dB using the awgn function from the Communications
Toolbox.

• Rician Multipath Fading: The signals are passed through a Rician multi-
path fading channel using the comm.RicianChannel System object from the
Communications Toolbox. The channel is modeled with:

– Delays of [0 1.8 3.4] samples.

– Corresponding average path gains of [0 -2 -10] dB.

– A K-factor of 4, and

– Amaximum Doppler shift of 4 Hz, simulating a walking speed at 902MHz.
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• Clock Offset: Clock offset is caused by inaccuracies in internal clock sources
of transmitters and receivers. This results in:

– Frequency Offset: The frequency offset is modeled by scaling the clock
offset factor C with the center frequency.

– Sampling Rate Offset: A sampling rate offset is applied using the interp1
function to resample the frame at a new rate of C × fs.

These channel impairments are added to the signals to simulate realism and bring
variety to the signals.

4.2.3 Data Transform

To analyze a complex signal in terms of its instantaneous amplitude and phase,
we use its in-phase (I) and quadrature (Q) components, often obtained from I/Q
demodulation. From the I/Q samples, we can compute the amplitude and phase as
follows:

Amplitude A[n] =
√
I[n]2 +Q[n]2

Phase ϕ[n] = tan−1

(
Q[n]

I[n]

)
To analyze the time-frequency characteristics of the signal, the Continuous Wavelet
Transform (CWT) was performed using the Morlet wavelet. We used the pywt.cwt
function for this purpose. We also defined a range of scales to cover different fre-
quency components of the signal. The CWT of a signal x(t) is defined as:

Wx(a, b) =

∫ ∞

−∞
x(t)

1√
|a|
ψ∗
(
t− b

a

)
dt (4.1)

where a is the scale parameter (analogous to frequency), b is the time shift parameter
and ψ∗(t) is the complex conjugate of the wavelet function.
The complex Morlet wavelet (which we use) is:

ψ(t) =
1√
πB

e−t2/Bej2πCt (4.2)

where B is the bandwidth and C is the center frequency. We apply complex Morlet
Wavelet (cmor1.5-0.5) over a set of log-spaced scales(from 100.5 to 102) with 200
steps. This provides a time-frequency representation of the signal. To normalize the
CWT coefficients, we apply MinMax Scaling (0 to 1 range). The output scalograms
are resized to 224×224 pixels using Lanczos interpolation, making them suitable
for our deep learning model. We stack the amplitude and phase scalograms as
two channels in a NumPy array and save them. The following Figure 4.2 shows
the amplitude(on the left) and phase scalograms(on the right) for each modualtion
scheme.
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Figure 4.2: Sample scalograms for each class

4.3 Model architecture

Our proposed model is a dual-stream CNN architecture. We use two streams to
process the modalities of the signal separately which are amplitude and phase scalo-
grams. After passing through the streams the features are concatinated and passed
through another feature extraction block from combined feature extraction. After
that, the data is forwarded through a classification block.

Figure 4.3: Model architecture

DualStreamCNN architecture uses two parallel feature extraction streams each based
on a reduced version of AlexNet[3] to independently process two input channels (i.e.,
amplitude and phase scalograms). Hierarchical spatial features are extracted using
convolutional, batch normalization, ReLU, and pooling layers in each stream. Fi-
nally, outputs from both streams are concatenated along the channel dimension
to get a complete representation. The combined feature map is subsequently pro-
cessed through additional convolutional layers in the combined feature extraction
block, enhancing cross-channel exploitation. Lastly, we use a dropout-regularized
classification block that outputs the final class predictions from the spatially pooled
and flattened features. The major components of the model are broken down in
Figure 4.4.
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Figure 4.4: Model breakdown
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Chapter 5

Result Analysis

5.1 Experimental Setup

5.1.1 Hardware & Software Specifications

We conducted the experiments using an Intel Core i7-14700K CPU with 64GB DDR5
memory and an Nvidia 4080 Super 16GB GPU for simulation. For signal generation,
we used MATLAB R2021a with the Communication Toolbox to generate modulated
signals (e.g., BPSK, QAM, FSK, etc.) and apply channel impairments like AWGN
and Rayleigh fading. The Signal Processing Toolbox was used for filtering, trans-
formations, noise modeling, and spectral analysis. As our deep learning framework,
we used PyTorch 2.3.1 and imported the necessary libraries using Python.

5.1.2 Dataset Preparation

For training, validation, and testing, we split the dataset such that 80% of the data is
used for training (800 signals), 10% for validation, and the remaining 10% for testing
from each class. We used shuffling to ensure unbiased splitting. Input scalograms
were resized to 224x224 pixels and normalized using standard deviation. For data
augmentation, we applied random horizontal flips to increase variability and prevent
overfitting.
The loss was computed using the CrossEntropyLoss function, and the AdamW
optimizer with weight decay was used for stable weight updates. The learning rate
was initialized at 0.001. A ReduceLROnPlateau scheduler was used to reduce the
learning rate if validation accuracy plateaued. Training was performed over 50
epochs with a batch size of 64 and early stopping enabled to prevent overfitting.

5.2 Baseline Models

5.2.1 SqueezeNet

SqueezeNet is a lightweight deep neural network for image classification released
in 2016 by researchers at DeepScale, UC Berkeley, and Stanford University. The
authors claim that the model achieves similar accuracy to AlexNet on ImageNet, but
is 50 times smaller [8]. This makes SqueezeNet an ideal baseline model. It uses Fire
modules to reduce computational cost and parameter count without significantly
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sacrificing accuracy, making it suitable for edge device deployment. In this study,
the SqueezeNet architecture was adapted to accept grayscale scalograms as input
for modulation classification.

Figure 5.1: SqueezeNet Architecture [8]

5.2.2 EfficientNet

EfficientNet, introduced by Google Research, scales network dimensions to optimize
both accuracy and efficiency. It uses a novel compound scaling method that uni-
formly scales depth, width, and resolution. Built on Mobile Inverted Bottleneck
Convolutions (MBConv) from MobileNetV2 [13], EfficientNet models range from
B0 to B7. EfficientNet-Lite0 was selected for comparison due to its low parameter
count (4.7 million) and grayscale image support.

Figure 5.2: EfficientNet-Lite0 Architecture [13]

5.2.3 DenseNet

DenseNet-121 is a densely connected convolutional network known for its efficient
feature reuse and improved gradient flow during backpropagation [6]. Each layer
receives the feature maps of all previous layers as input, which improves feature
propagation and reduces vanishing gradient issues. Transition layers (1x1 convo-
lutions and pooling) between dense blocks control the size of the model. A global
average pooling layer at the end minimizes the parameter count. The classifier was
replaced with a fully connected layer for our 8-class modulation classification task.
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Figure 5.3: DenseNet-121 Architecture [6]

5.3 Performance Evaluation Metrics

The proposed and baseline models are evaluated using test accuracy, and macro-
averaged precision, recall, and F1-score. A confusion matrix is used to visualize pre-
diction results. We also compare model parameter counts to highlight the lightweight
efficiency of our proposed architecture.

5.4 Performance of the Proposed Model

5.4.1 Training and Validation Loss Curves

The steady decrease in training loss indicates that the model is effectively learning.
Early fluctuations in validation loss suggest some instability or overfitting during
initial epochs. However, after epoch 20, validation loss begins to decrease, indicating
improved generalization and convergence.

Figure 5.4: Training and Validation Loss Curve
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5.4.2 Accuracy and Confusion Matrix

The classification report for the proposed dual-stream CNN model, in Table 5.1,
shows that the above advantages of adding multi-modal learning can effectively
classify different modulation schemes. The classwise values of macro, weighted av-
erage, precision, recall and F1-score as 0.98 suggests that the model performance
remains consistent across all the classes. The model scores perfect precision, recall,
and F1-score for a set of modulation types such asGFSK, CPFSK, and SSB-AM,
noting that the network architecture is capable of capturing discriminative features
for both analog and digital modulation types.
Performance for 64QAM, PAM4 and QPSK is marginally worse, the F1-scores rang-
ing from 0.92 to 0.96, but still indicative of strong predictive power (and acceptable,
given spectral overlap between some of these modulation schemes). The relatively
worse performance of 64QAM and PAM4 can be explained by the complexity and
the high symbol density of these higher order modulations.

Table 5.1: Classification report for modulation classes

Class Precision Recall F1-Score Support
64QAM 0.92 0.92 0.92 100
B-FM 1.00 0.99 0.99 100
BPSK 1.00 0.99 0.99 100
CPFSK 0.99 1.00 1.00 100
GFSK 1.00 1.00 1.00 100
PAM4 0.92 0.97 0.95 100
QPSK 0.98 0.94 0.96 100
SSB-AM 1.00 1.00 1.00 100
Accuracy 0.98 800
Macro Avg 0.98 0.98 0.98 800
Weighted Avg 0.98 0.98 0.98 800
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Figure 5.5: Confusion Matrix

In summary, the results confirm that our wavelet-based dual-stream architecture
efficiently models amplitude and phase indications for robust classification under
channel impairments and for different modulation types.

Figure 5.6: Classification Metrics per Modulation Class

5.4.3 Lightweight Design Efficiency

Our proposed model contains only 401,160 parameters, making it over 7× smaller
than SqueezeNet and 34× smaller than DenseNet-121. Despite the smaller size, it
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achieves competitive accuracy, demonstrating strong efficiency and suitability for
edge deployment.

5.5 Comparison with Baseline Models

The dual-stream CNN exhibits a competitive classification performance compared
with the standard baseline CNN and at a considerably lower level of model complex-
ity. Although DenseNet-121 and EfficientNet-Lite0 give slightly better accuracy and
F1-scores, they also have a much larger parameter count, more than 13 million and
6.7 million respectively. SqueezeNet being substantially more compact, yet it con-
tains almost eight times more parameters than our model. With 401160 parameters,
the current model achieves the same SqueezeNet accuracy (98%) and is more than
seven times smaller than it, thus making edge deployment possible with a trade-off
of a decreased size.

Table 5.2: Performance Metrics on Test Dataset

Model Precision Recall F1-Score Accuracy Parameters
DenseNet-121 0.989 0.976 0.990 0.990 13,911,560

EfficientNet-Lite0 0.984 0.979 0.982 0.985 6,761,352
SqueezeNet 0.978 0.983 0.980 0.980 3,150,984
Proposed 0.976 0.981 0.979 0.980 401,160

This figure shows the precision, recall, and F1-score for each modulation class. Most
classes such as B-FM, BPSK, GFSK, CPFSK, and SSB-AM have perfect or near-
perfect scores. These results confirm that the model correctly identifies these mod-
ulations with high reliability. Slight drops are observed in PAM4 and 64QAM due
to their similar signal patterns, which can confuse the classifier. QPSK also shows
minor recall reduction. Overall, the model performs consistently across both analog
and digital modulation types, ensuring robustness in classification.

Figure 5.7: F1-Score vs. Log(Parameter Count)
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This plot compares the performance and size of different models. DenseNet-121 has
the highest F1-score but also the largest number of parameters. The proposed model
achieves the same F1-score as SqueezeNet with far fewer parameters. It also closely
matches EfficientNet-Lite0 in accuracy while using fewer resources. This balance
between high accuracy and low complexity shows that the proposed model is both
efficient and effective. It is especially suitable for devices with limited processing
power.

Figure 5.8: Parameter Count (Log Scale)

This bar chart shows the number of parameters for each model on a logarithmic
scale. The proposed model has the smallest size, with just over 400 thousand pa-
rameters. In contrast, DenseNet-121 and EfficientNet-Lite0 have millions of param-
eters. SqueezeNet is smaller than these two but still much larger than the proposed
model. This figure highlights how compact the proposed model is. It proves that
a very small model can still achieve high classification performance, making it ideal
for real-time and embedded applications.

5.6 Discussions

The results indicate that the proposed model achieves comparable accuracy and F1-
score to state-of-the-art lightweight architectures while maintaining a significantly
smaller model size. This makes it well-suited for resource-constrained environments
like edge devices. However, while the architecture is efficient, it may still benefit
from further optimization for specific hardware. Additionally, scalability to more
complex signal scenarios and robustness to adversarial channel conditions remain
areas for future work.
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Chapter 6

Conclusion

6.1 Summary of Findings

Our research explores a new branch in image-based approaches for automatic modu-
lation classification. We demonstrate an innovative way to represent signal data for
lightweight deep learning models. Our dual-stream custom CNN model shows ex-
ceptional performance on the data with 98% accuracy. Other state of the art models
like DenseNet-121 and lightweight models SqueezeNet and EfficientNet-Lite0 have
shown similar performance on our dataset but at the cost of much higher parameters.
Our proposed model is 7x smaller than SqueezeNet, 16x smaller than EffcientNet-
Lite0 and 34x smaller than DenseNet121. This implies that our model is well suited
for edge deployment, as the two light baseline models are already great candidates for
resource-scarce environments. The accuracy and performance of these deep learning
methods also show the robustness of the data representation technique.

6.2 Contributions to the Field

Our contributions to this research are mentioned as follows:

• In our research, we propose an innovative approach to AMC and introduce
the lightweight deep learning model, particularly beneficial because of its size
and deployability in the computation-scarce scenarios. Therefore, by integrat-
ing the architecture into our work, we envision expanding the effectiveness of
AMC systems in challenging environments where computational power is a
constraint.

• Our work involves generating signals using MATLAB and converting them
into wavelet scalograms. These scalograms provide a visual representation
of signal characteristics across time and frequency, enabling more effective
feature extraction for classification. This facilitates further image-based AMC
implementations, particularly using wavelet transforms.

• To enhance classification performance, we incorporate a multi-modal approach.
This approach lets deep learning models to effectively extract features and
have better results compared to using single modalities. This demonstrates
that learning from multiple signal representations simultaneously allow deep
learning models to work with fewer parameters to output same results.
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Overall, our research aims to advance AMC techniques by combining lightweight
architectures and signal processing with continuous wavelet transform. These con-
tributions have the potential to benefit various applications, including wireless com-
munication systems and cognitive radios.

6.3 Recommendations for Future Work

To improve the performance and generality of the model, it can be adopted with at-
tention layers or transformer-based modules for more effective learning of the global
signal correlation information. Generalization could be improved by augmenting the
dataset with additional modulation types and a wide range of channel conditions,
low SNR scenarios, and sampling the models on a wider range of channel conditions.
Furthermore, the deployment and verification of the model on a RT embedded sys-
tems or edge devices can assist in quantifying the practical efficiency. Investigating
self-supervised or few-shot learning methods will also alleviate the requirement of
large annotated datasets in real applications.
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