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1. Introduction

Overview of Digital Modulation

Digital modulation is a core technique in modern communication systems, where
digital data is encoded into analog carrier waves by varying amplitude, frequency,
or phase. Common schemes include ASK, FSK, PSK, and QAM, each offering
trade-offs in data rate, power efficiency, and robustness. These techniques are
widely used in systems like wireless, satellite, and cellular networks.

The Need for Classification

Accurate modulation classification is critical for effective signal detection,
interference handling, and network optimization. It supports functions such as
adaptive demodulation and dynamic spectrum management. With the growing
number of modulation types, efficient and reliable classification becomes
increasingly important, especially in dynamic or noisy environments.

Introduction to Deep Learning

Traditional classification methods rely on manual feature extraction and statistical
models, which can be limited in noisy or complex channels. Deep learning,
particularly Convolutional Neural Networks (CNNs), addresses these challenges
by learning features directly from raw I/Q signal data. CNNs are effective at
recognizing patterns in high-dimensional data and have shown strong performance
in signal classification tasks.

Objective of the Report

This report investigates the use of CNNs for classifying digital modulation schemes
under varying noise conditions (simulated using AWGN and SNRs from 10 to 30
dB). The goal is to evaluate model performance and highlight the strengths and
limitations of deep learning in practical communication environments.




2. Background

Digital Modulation Techniques
Digital modulation is essential for transmitting data over communication channels.
Common modulation schemes include:

. Amplitude Shift Keying (ASK): Varies the carrier’s amplitude to represent
binary data. It’s simple but highly sensitive to noise.

« Frequency Shift Keying (FSK): Changes the carrier frequency to represent
data. More robust than ASK and widely used in low-frequency
communication.

. Phase Shift Keying (PSK): Modifies the phase of the carrier. BPSK and
QPSK are common variants, offering higher data rates.

« Quadrature Amplitude Modulation (QAM): Combines ASK and PSK by
varying both amplitude and phase. Used in high-capacity systems like cable
modems (e.g., 64QAM, 256QAM).

. Amplitude Phase Shift Keying (APSK): Uses both amplitude and phase
changes with improved power efficiency, often in satellite communications.

These techniques are fundamental to systems like Wi-Fi, 5G, and satellite links.
Choosing a modulation depends on factors like bandwidth, noise tolerance, and
power efficiency.

Challenges in Modulation Classification
Several factors make modulation classification difficult:

. Noise and Interference: Distortions from AWGN, interference, or channel
impairments can blur signal distinctions, especially at lower SNRs.

« Complex Modulations: Higher-order modulations like 256QAM or
128 APSK have dense constellations that are harder to separate under noisy
conditions.

« Channel Effects: Real-world issues such as multipath fading, Doppler shifts,
and reflections introduce signal variations that degrade classifier performance.

Traditional Methods of Classification

Conventional approaches rely on manually engineered features (e.g., higher-order
moments, spectral and cyclostationary features) fed into statistical classifiers such
as SVM, k-NN, or GMM. While these methods can perform well in clean
environments, they have limitations:




« Manual Feature Engineering: Requires expert knowledge and tuning for
each modulation.

« Poor Scalability: Performance degrades with more classes or channel
complexity.

. Limited Adaptability: Struggles with dynamic or unpredictable signal
conditions.

Deep Learning in Modulation Classification

Deep learning, especially CNNs, offers a powerful alternative. CNNs automatically
learn features from raw I/Q samples, reducing reliance on domain-specific
preprocessing. Their advantages include:

« End-to-End Learning: Directly learns from raw input, adapting well to
various modulation types.

. Noise Robustness: Learns hierarchical features that help distinguish signals in
noisy or distorted conditions.

« Scalability: Handles a large number of modulation classes effectively.

« Superior Performance: Demonstrated high accuracy and generalization in
both simulated and real-world wireless environments.

CNNSs’ ability to learn complex, noise-resilient features makes them well-suited for
modern modulation classification tasks in dynamic, real-world communication
systems.

3. Related Work

Overview of Existing Approaches

Digital modulation classification has evolved from traditional signal processing
techniques to deep learning models, particularly Convolutional Neural Networks
(CNNs). Early methods involved manual feature extraction from signals followed
by statistical classifiers, but these methods were sensitive to noise and channel
distortions.

Traditional Methods

Classical techniques extracted features like higher-order moments, spectral, and
cyclostationary features, and used classifiers such as Support Vector Machines
(SVM), k-Nearest Neighbors (k-NN), and Gaussian Mixture Models (GMMs).
While effective in controlled environments, these methods struggled with
scalability and handling complex channel impairments.




Deep Learning Approaches

The rise of deep learning, especially CNNs, has significantly advanced modulation
classification. CNNs automatically learn features from raw I/Q samples, eliminating
the need for manual feature engineering. Studies have demonstrated the
effectiveness of CNNs in noisy environments:

« Zhang et al. (2017) showed CNNs outperforming traditional classifiers using
raw [/Q samples.

« Liuetal. (2019) found that CNNs surpassed SVMs in multi-class scenarios,
achieving high accuracy even in noisy environments.

« Cai et al. (2020) applied CNNs to a wide range of modulations, including
higher-order QAM and PSK, showing their robustness and accuracy.

Comparison with Traditional Methods

While traditional methods require significant preprocessing and struggle in real-
world conditions, CNNs excel by automatically extracting features and adapting to
complex modulation schemes and noisy environments. CNNs have consistently
shown higher accuracy, better scalability, and improved generalization across
different modulations and SNR conditions compared to traditional classifiers.

Challenges and Limitations in Prior Work

Despite the promising results, several challenges remain in applying deep learning
for real-world modulation classification:

« Data Scarcity: Many deep learning models require large amounts of labeled
data for training. In practical systems, obtaining such data can be expensive
and time-consuming.

« Channel Impairments: Although CNNs have shown robustness to noise, they
still struggle in highly impaired channels where phenomena like severe
fading, reflections, and non-linear distortions occur. These factors are difficult
to simulate in controlled environments and remain an open area of research.

« Computational Complexity: Deep learning models, particularly CNNs, can
be computationally expensive. While this is manageable with modern
hardware, deploying these models in resource-constrained environments (e.g.,
embedded systems or mobile devices) requires optimization.




4. Methodology

Dataset and Preprocessing

The dataset used in this study is the RadioML 2018 dataset, which contains I/Q
signal samples from 20 different digital modulation schemes. The data includes
Signal-to-Noise Ratios (SNR) ranging from 10 to 30, with 4096 frames per
modulation type. Each frame consists of I/Q samples, represented as a (1024, 2)
array.

The preprocessing steps involve normalizing the I/Q signals to standardize the data,
and the dataset is then split into training, validation, and test sets. To ensure
consistency across the different modulation schemes, the labels are padded.

Model Architecture

The model is based on a Convolutional Neural Network (CNN) designed to
classify digital modulation schemes. The architecture includes:
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General Model and Specialized Models
1. General Model:

o

The general model is trained to classify across all modulation schemes
(ASK, PSK, APSK, QAM, FSK). It includes all layers and uses a
softmax output layer with 24 classes (for 24 modulation types).

2. Specialized Models:

o

The general model is used as the foundation to create five specialized
models that focus on specific modulation groups:

ASK Model: Trained specifically on ASK modulations (e.g., OOK,
4ASK, 8ASK).

PSK Model: Focuses on PSK modulations (e.g., BPSK, QPSK, 8PSK,
16PSK).

APSK Model: Specializes in APSK modulations (e.g., I6APSK,
32APSK, 64APSK).

QAM Model: Focuses on QAM modulations (e.g., 16QAM, 32QAM,
64QAM).

FSK Model: Designed for FSK modulations (e.g., 2FSK, 4FSK, 8FSK).

For each specialized model, the architecture is similar to the general
model, but the output layer is adjusted to the number of classes in that
specific modulation group.

Evaluation

The model is evaluated based on accuracy and confusion matrices, which show
how well the model classifies each modulation scheme. These metrics help assess
performance across both the general and specialized models.




5. Results

The performance of the model was evaluated using both individual modulation
tests and a final comprehensive test across all modulation types.

General Model:

o Test Accuracy: 99.76%

« ASK Model:

o Test Accuracy: 99.93%

« FSK Model:

o Test Accuracy: 91.65%

. PSK Model:

o Test Accuracy: 99.95%

« APSK Model:

o Test Accuracy: 98.33%

. QAM Model:

o Test Accuracy: 91.35%

The final test, which
evaluates all modulation
types at once, yielded a Test
Accuracy of 97.215%,
demonstrating the model's
robust generalization across
diverse modulation schemes.
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6. Discussion

The model's performance, with a final test accuracy of 97.215%, is impressive,
particularly given the complexity of classifying various modulation schemes in
noisy environments. The general model achieves near-perfect accuracy (99.76%)
on the broad set of modulations, while specialized models for ASK, PSK, and FSK
also show strong performance, especially for simpler modulations like OOK and
4ASK.

In terms of real-world applicability, the results are promising but not flawless.
While the model performs well in controlled environments with AWGN noise, real-
world channels introduce additional challenges such as multipath fading, Doppler
shifts, and non-linear distortions. These impairments can degrade signal quality,
potentially reducing classification accuracy, particularly for higher-order
modulations like 256QAM and 128 APSK, which are more sensitive to small
variations in the signal.

To improve these results further, a few enhancements can be made:

1. Data Augmentation: Introducing synthetic data that simulates multipath
fading, reflection, and Doppler shifts could help the model generalize better
to real-world conditions.

2. Longer Signal Lengths: For complex modulations like QAM and APSK,
increasing the signal length (e.g., 2048 or 4096 samples) may provide more
detail for accurate classification.

3. Advanced Architectures: Exploring hybrid models or using techniques like
transfer learning could help capture more complex patterns, especially for
real-world noise and fading effects.

Overall, the model shows great potential for real-world use, but further
improvements and testing under diverse channel conditions will be key to achieving
even higher robustness.




7. Conclusion

In this report, we demonstrated the effectiveness of deep learning, specifically
CNNes, for digital modulation classification. The model achieved high accuracy
across various modulation schemes, with the general model reaching 99.76%
accuracy and the final test accuracy of 97.215%. These results indicate that deep
learning can significantly improve the robustness and efficiency of modulation
classification in controlled conditions.

However, while the model performs well in ideal settings, challenges remain when
applied to real-world conditions with complex channel impairments like fading and
multipath. Future work could involve expanding the dataset to include more
realistic channel effects, increasing signal lengths, and exploring more advanced
architectures to further enhance the model's performance.

Overall, this work highlights the potential of deep learning in communication
systems and paves the way for future research and development in digital signal
classification.
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