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A Study of Interference Suppression Using Deep
Learning Methods

Badhrinarayan Malolan

ABSTRACT

This thesis investigates a Deep Learning model for interference suppression in wireless com-

munications. By exploiting the structure of Convolutional Neural Network-based autoen-

coders, we develop an approach for interference suppression with no prior knowledge on

characteristics or the exact location of interference. Traditional interference suppression

techniques are heavily reliant on specific domain knowledge, thus their applicability in dy-

namic wireless environments is limited. This thesis proposes a CNN-AE (Convolutional

Neural Network - Autoencoder) model that consists of an encoder, which captures the latent

space representation from the input data, and a decoder that reconstructs the desired signal

to suppress interference effects. We investigate the performance of a QPSK-based wireless

communication system with three explicit interference scenarios, namely, single frequency

tone interference with two cases of in-bandwidth and out-of-bandwidth, and wideband in-

terference from a dataset that captured over the air communication signals. A study is

performed for different SNR values along with the SINR values to observe the effective-

ness of the approach at different levels. The results of our approach are quantified using

popular metrics such as bit error rate (BER), error vector magnitude (EVM), and Signal

to Noise-Interference Ratio (SINR). The proposed model outperforms the baselines with

classical techniques such as matched filtering and least squares adaptive filtering consis-

tently over these several metrics. The thesis also investigates the latent space behavior of

the autoencoder; which is used to provide an interpretation of how the network classifies



between the desired signal and interference. We use this contextual information to pur-

sue future directions in interference suppression performance by exploiting cyclostationarity

properties of our desired signal to our advantage. One of the important contributions in this

work involves carrying out thorough analysis with respect to the generalization capability

of CNN-AE for different types of interference and signal conditions. The results presented

herein illustrate the potential of a deep learning-based approach in enabling more robust and

adaptive wireless communication systems that would be capable of autonomously managing

complex interference scenarios without human intervention.
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GENERAL AUDIENCE ABSTRACT

In this thesis, we explore Deep Learning based approaches to minimize interference in wireless

communications using a specialized type of neural network called a Convolutional neural net-

work (CNN) autoencoder. Unlike traditional methods that require specific knowledge about

the interference, our approach learns to suppress interference directly from the data. This

makes it more adaptable to different wireless environments that have varying interference

patterns. The autoencoder model consists of an encoder that compresses the data and a

decoder that reconstructs the desired signal while removing interference. Our results show

that this method performs exceptionally well in various interference scenarios. We measure

its effectiveness using common metrics and find that it outperforms traditional methods like

matched filtering and least squares adaptive filtering. Additionally, we investigate how the

autoencoder works internally, its ability to generalize to new data, and the training methods

we used. Finally we explore new avenues of cyclostationary signal processing to boost the

performance and real life applicability of our framework.
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Chapter 1

Introduction

1.1 Background

In today’s rapidly evolving digital landscape, wireless communication systems face a fun-

damental challenge: signal interference. As wireless technologies have become increasingly

ubiquitous, the ability to effectively suppress interference is now considered to be a criti-

cal parameter of system performance and reliability. Interference in the context of wireless

communication can be described as unwanted signals that corrupt or degrade the intended

transmission signal. This effect poses a significant problem to the fundamental objectives of

modern wireless communication systems. These disruptive signals can emanate from various

sources, including wireless transmissions from other devices, adverse atmospheric conditions,

hardware limitations, and electromagnetic disturbances in the transmission medium. The

contributon of this thesis focuses on the problem of co-channel interference from communi-

cation signals.

The ramifications of interference extend far beyond mere technical considerations, directly

impacting the user experience and operational efficiency of wireless networks. When inter-

ference compromises signal quality, it triggers a cascade of adverse effects: diminished data

throughput, elevated bit error rates, inefficient spectrum utilization, and increased trans-

mission latency. These challenges become particularly acute as unprecedented growth is

seen in wireless applications, from next-generation mobile networks (5G/6G) to industrial

1



2 CHAPTER 1. INTRODUCTION

applications of Internet of Things (IoT), connected vehicles, and time-sensitive network-

ing applications. The ability to maintain reliable communication channels through effective

interference suppression thus becomes crucial in realizing the full potential of these tech-

nologies.

The real-world manifestations of co-channel interference in modern wireless communications

systems can be observed throughout our daily technological interactions. In densely pop-

ulated urban environments, the concurrent presence of numerous wireless devices create

challenging interference scenarios. Consider a typical office building where overlapping Wi-

Fi networks and Bluetooth devices operate in the same unlicensed frequency bands, leading

to packet collisions and degraded network performance. These effects become particularly

acute in environments saturated with wireless activity, such as convention centers or apart-

ment complexes. In cellular networks, the fundamental challenge of interference between

neighboring base stations that reuse the same frequency allocations directly impacts user

experience through reduced data rates and dropped connections. As networks evolve toward

5G architectures, these challenges intensify due to ultra-dense network deployments and dy-

namic spectrum sharing mechanisms that push traditional interference mitigation methods

to their limits.

The issue of interference in wireless communications goes far beyond simple frequency

overlaps—it reflects the intricate complexity of today’s wireless ecosystems. Consider the

growing field of vehicle-to-everything (V2X) communications, where vehicles need to main-

tain stable connections while contending with constantly changing interference conditions.

For instance, a car moving through an urban environment faces interference not only from

nearby vehicles using 5G sidelink communication but also from cellular infrastructure and

other wireless systems. This dynamic scenario underscores a major challenge: the coexistence

of diverse wireless systems operating in close quarters, each with unique power levels, hard-
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ware limitations, and communication protocols. While many strategies have traditionally

aimed to prevent interference through proactive resource allocation and dynamic spectrum

management, the rapid increase in wireless device density and the growing complexity of in-

terference environments make avoidance alone insufficient. Consequently, even with optimal

planning, interference is often inevitable, which necessitates advanced receiver techniques ca-

pable of dynamically identifying and suppressing interfering signals in real time, particularly

in latency-sensitive or safety-critical scenarios. For example, high-powered cellular base sta-

tions and low-power IoT devices can interact in ways that create highly complex interference

patterns, which require sophisticated strategies for effective suppression. Similarly, in cogni-

tive radio systems, where primary and secondary users share the same spectrum, mitigating

interference is crucial to ensuring reliable performance for all users. However, traditional in-

terference suppression techniques usually have significant limitations. These methods often

rely on fixed assumptions about channel conditions or signal structures, making them less

effective in practice. The ever-changing nature of modern wireless environments, coupled

with the wide range of devices involved, demands more flexible and robust solutions. Deep

learning-based approaches, with their ability to analyze complex patterns directly from data,

are uniquely equipped to tackle this challenge.

1.2 Motivation

The exponential growth of wireless communication services has led to immense crowding of

the electromagnetic spectrum, making interference a critical challenge for modern wireless

systems. This research is motivated by several key factors:

1. Limitations of Traditional Approaches: Conventional interference suppression meth-

ods often struggle with dynamic and complex interference patterns characteristic of
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modern wireless environments. There is a pressing need for more adaptable and robust

suppression techniques.

2. Spectrum Scarcity and Efficient Utilization: Effective interference suppression can

enable better spectrum sharing and improve overall spectral efficiency, crucial for sup-

porting the growing demand for wireless services in a finite spectrum.

3. Emergence of New Wireless Technologies: The advent of 5G, upcoming 6G networks,

and the co-channel operation of terrestrial and non-terrestrial networks (along with

IoT devices) introduces new challenges in interference management, requiring adaptive

suppression techniques to ensure successful deployment and operation. For example,

recent research [1] on co-channel spectrum sharing between terrestrial and satellite

networks demonstrates that cognitive, database-driven control of satellite beams can

manage interference effectively without degrading terrestrial network performance

4. Potential of Deep Learning in Signal Processing: Recent advancements in deep learn-

ing, particularly in CNNs and autoencoders, show promise in overcoming limitations

of traditional methods and providing more effective, adaptive solutions for interference

suppression.

5. Need for End-to-End Solutions: There is growing interest in end-to-end solutions that

can seamlessly integrate multiple aspects of interference handling, from detection to

suppression, in a single framework.

6. Increasing Complexity of Interference Scenarios: As wireless networks become denser

and more heterogeneous, developing techniques that can handle diverse and complex

interference types is crucial for building robust systems.

7. Demand for Cognitive and Adaptive Systems: Advanced interference suppression tech-

niques that can learn and adapt to changing conditions align with the vision of more

intelligent and flexible wireless systems.
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This research aims to explore the potential of autoencoders that use CNN layers to trans-

form the the input signal into a reconstructed form and achieve the goal of suppression of

unwanted interfering signals in wireless applications. By developing and evaluating a CNN-

AE approach, the work seeks to address the limitations of traditional filtering methods by

leveraging the generalization capabilities of deep learning, and contribute to the development

of more robust, adaptive, and efficient wireless communication systems that can thrive in

increasingly complex interference environments.

1.3 Related Work

1.3.1 Traditional Interference Suppression Techniques

Interference management in wireless networks is tackled using a multidisciplinary approach

involving signal processing, channel coding, information theory, adaptive filtering, and thresh-

olding. Traditional suppression techniques encompass a broad spectrum of methods, as sur-

veyed extensively in prior literature. For instance, Andrews et al. [2] provide a foundational

overview of interference cancellation in cellular systems, emphasizing uplink and downlink

challenges, while Tsang et al. [3] survey adaptive signal processing techniques for mitigating

jamming, co-channel, and multi-access interference. Recent advances are captured by Aygur

et al. [4], whose 2025 survey highlights narrowband interference (NBI) mitigation strate-

gies, including emerging machine learning methods, underscoring the evolving complexity of

spectrum-sharing systems.

Blind Source Separation (BSS) methods, as their name implies, operate without explicit prior

knowledge of interfering signals, though practical implementations often require assumptions

such as the number of interferers [3]. In contrast, physical layer manipulation techniques
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explicitly leverage structural properties of signals. Neemat et al. [5] use the Short-Term

Fourier Transform (STFT) to identify beat frequencies in FMCW radar signals disrupted

by other radar interference, subsequently estimating Linear Prediction (LP) coefficients to

interpolate corrupted frames. Carrick et al. have constructed a special filter that modifies the

FRESH filter (traditionally used for rejection of interference signals) by adding an additional

time varying property to the sequence— a set of filter weights periodically applied according

to the received signal characteristics in OFDM systems. Shimura et al. [6] employ envelope

detection to isolate interference in automotive radar. These methods rely on domain-specific

signal characteristics, such as modulation patterns or spectral sparsity, to isolate interference.

However, scalability remains a critical challenge. As highlighted in surveys on wireless sensor

networks (WSNs) [7, 8] and body area networks [9], traditional techniques struggle in dense,

heterogeneous environments with diverse devices and dynamic interference profiles. For ex-

ample, WSNs in the 2.4 GHz band face severe packet losses due to uncoordinated Wi-Fi and

microwave devices [7], demanding adaptive channel selection and transmission scheduling.

While spatial techniques like GPS-oriented array processing [10] mitigate directional inter-

ference, they often require specialized hardware. These limitations underscore the need for

flexible, learning-driven approaches suited to modern wireless ecosystems.

1.3.2 Machine Learning-based Interference Suppression Techniques

Classical Machine Learning Algorithms

Machine learning algorithms have demonstrated significant success and widespread adop-

tion in addressing the challenges of interference characterization, identification, mitigation,

and suppression. This stems from the powerful representational capacity of ML methods,

enabling them to adapt their parameters based on observed data and learn complex, non-



1.3. RELATED WORK 7

linear relationships. While deep learning models offer exceptional performance, classical,

non-deep learning algorithms also play a crucial role, particularly when interpretability and

computational efficiency are paramount. These “lighter” models often provide a balance

between accuracy and practicality, making them valuable tools for real-world applications.

Several studies have explored the efficacy of these classical machine learning techniques in

various interference-related tasks. For example, Swindell et al. [11] leverages the established

technique of regression analysis to predict interference levels on simulated data, evaluating

performance using the mean absolute % error (MAPE) metric. Similarly, [12] and [13] are

examples of works that use Support Vector Machines (SVM) to classify various different

types of interfering signals in automotive radar and wireless sensor networks respectively by

using a feature extraction step that extracts meaningful representations from signal data.

The work of [14] tackles SAR radio interference by adapting block sparse Bayesian learning

to handle non-sparse scenarios, introducing two variants: one leveraging intra-block corre-

lations for precise RFI/echo separation, and another optimizing computational efficiency

through adaptive dictionary tuning—demonstrating robust suppression without hardware

upgrades. This highlights how classical algorithms remain relevant due to their analytical

tractability, deterministic behavior, and lightweight computational profiles—attributes crit-

ical for resource-constrained edge devices or latency-sensitive systems requiring predictable

runtime, such as automotive radar. While less flexible than modern ML, these traits address

fundamental hardware and timing constraints in real-world deployments. In the next sub-

section, however, we shall look into deep learning methods for interference suppression that

have seen a lot more interest and successful applications in recent literature.
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Deep Learning for Interference Suppression

Deep learning has reshaped the landscape of machine learning and signal processing over

the past decade. Since the breakthrough demonstration of deep convolutional networks by

Krizhevsky et al. [15] on large-scale image classification tasks, these methods have consis-

tently outperformed traditional approaches in a variety of domains, including time-series

analysis and regression problems that are central to communication systems. The compre-

hensive review by LeCun, Bengio, and Hinton [16] further solidified deep learning’s trans-

formative potential by showcasing its ability to learn complex, hierarchical representations

directly from raw data— a capability that aligns naturally with the signal decomposition

challenges inherent in wireless interference suppression. Innovative architectures such as

Long Short-Term Memory (LSTM) networks [17], designed to model temporal dependen-

cies, and deep residual networks [18], which enable training of extremely deep architectures,

have pushed the boundaries of what is achievable, setting new benchmarks for performance

and adaptability in high-dimensional, non-stationary environments.

Building on these foundations, deep learning approaches have rapidly emerged as a pow-

erful alternative for interference suppression, particularly in complex and dynamic wireless

environments. Unlike classical methods that often depend on handcrafted features and rigid

statistical assumptions about interference properties, deep learning models automatically

learn hierarchical representations directly from raw signal data. This capability allows them

to capture intricate non-linear relationships inherent in interference patterns, including spa-

tially correlated interference sources and temporally varying channel conditions, offering

significant performance improvements over traditional techniques. Furthermore, the scala-

bility and adaptability of deep neural networks make them especially well-suited for handling

the ever-growing volume and complexity of data in modern wireless communication systems,

where interference characteristics evolve dynamically across heterogeneous devices and pro-
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tocols.

Building on these foundations, early applications of deep learning in wireless communica-

tions focused on modulation recognition and signal classification, as demonstrated in works

by O’Shea et al. like [19] and in the survey of deep architectures for modulation recognition

by West and O’Shea [20]. These pioneering studies, along with the over-the-air deep learning

based radio signal classification presented by O’Shea et al. [21], established that deep neural

networks could learn discriminative features directly from raw IQ samples, thus setting the

stage for tackling more complex interference issues. Subsequent research extended these ideas

to interference identification tasks, as exemplified by the dynamic CNN approach for wireless

interference identification [22] that uses a mixture of experts (MoE) consisting of invididual

CNNs and by FPGA-based implementations that harness LTE Cell-Specific Reference Sig-

nals for interference classification in wireless systems [23]. Furthermore, the classification

of interference signals in automotive radar systems using convolutional neural networks by

Kim et al. [24] reinforced the viability of these techniques in real-time environments.

As research progressed from classification to active suppression, deep learning methods be-

gan to address the challenges of interference mitigation directly. A comprehensive survey of

the various ML based methods used for interference suppression is presented by Oyedare et

al.’s [25] survey paper that does a deep dive into the comparative performance of different

architectures for different types of interference scenarios. For example, the work on RIS-

aided high-speed railway networks [26] employs a deep deterministic policy gradient scheme

to optimize reconfigurable intelligent surfaces for interference suppression in dynamic rail-

way environments. In parallel, studies such as the deep learning based communication signal

interference suppression method by Chen et al. [27] have leveraged architectures like U-Net

to enhance signal quality in the presence of interference. Other notable contributions in-

clude DSIC, a DL self-interference cancellation framework based on deep neural networks
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that achieves 17dB of inteference cancellation in-band full duplex wireless (IBFD) systems

[28], and DeepSIC, which integrates deep learning into iterative soft interference cancellation

for multiuser MIMO detection [29]. Complementary to these efforts, CNNs operating in the

complex domain are leveraged to enhance radar range-Doppler map denoising and mitigate

mutual interference while preserving essential phase information [30], as well as machine

learning-based resource allocation algorithms for interference mitigation in D2D-enabled

cellular networks [31] and heterogeneous networks [32], further underscore the breadth of

deep learning applications in interference management. Additional approaches using re-

current neural networks for interference management in GPS navigation [33, 34] and for

wireless networks [35], together with investigations into learning optimization strategies [36]

and comparative analyses of supervised versus unsupervised training approaches [37], have

enriched our understanding of the practical trade-offs and design considerations in deploy-

ing deep learning for interference suppression. Studies addressing wireless jamming attacks

[38] and novel physical layer design paradigms [39, 40] have further illustrated the versatile

applicability of these methods.

Autoencoder-based Approaches for Signal Processing & Interference Removal

Autoencoders are a highly intuitive approach to learn and compress complex representations

of high dimensional data into a compact form, enabling data compression and visualization.

Autoencoders are well known for being successful in reducing out of distribution artifacts

from input signals. Autoencoders have achieved great results with image reconstruction

problems especially in the biomedical domain as show by [41] and [42] that use autoencoders

built with convolutional layers to denoise and remove artifacts from biomedical images.

Almazrouei et al. [43] use a convolutional denoising autoencoder to demonstrate its efficacy

in radio signal denoising in an ML pipeline that involves a short time fourier transform
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(STFT) of the time domain input signals. Lin et al. [44] addressed unstructured cross-

technology interference (e.g., from microwaves) in WiFi networks by pairing a denoising

autoencoder with GANs, which generate realistic synthetic training data to mimic real-world

interference. This approach bypasses labor-intensive signal collection and prior knowledge of

interference patterns, passively suppressing noise to boost decoding success without costly

hardware coordination.

Chen et al. [45] developed a DNN autoencoder paired with an interference detection fil-

ter to mitigate automotive radar interference, leveraging gated convolutions to isolate clean

signal patterns from simulated training data while avoiding costly manual labeling. Their

framework reconstructs contaminated time-domain signals without phase distortion, demon-

strating robustness in real-world dense traffic scenarios with improved SINR.

Brown et al. [46] developed a CNN-layer-only denoising autoencoder for aircraft radar

altimeter interference mitigation, uniquely addressing the case where radar is the desired

signal and communication signals act as interference. Their model removes interference

without prior detection, enhancing range estimation accuracy, reducing false altitude reports,

and improving SINR severe interference conditions. Autoencoder-based techniques have also

been useful in optimizing transmitter and receiver systems to mitigate interference. For

example,

Erpek et al. [47] proposed a deep learning-driven autoencoder framework for MIMO in-

terference channels, jointly optimizing transmitter-receiver pairs under Rayleigh fading to

suppress interference, outperforming conventional TDMA and SVD-based systems at high

SINR despite requiring transmitter-side CSI and scalable training complexity with antenna

configurations.

One of the most popular autoencoder architectures in signal processing literature is the
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UNet, originally devised by Ronneberger et al. [48]. The UNet employs skip connections—

residual connections that reintroduce feature maps from earlier layers into later layers—

thereby enhancing information flow and facilitating improved gradient propagation. By

combining convolutional layers with these skip connections, the UNet effectively retains

multi-scale features, which is critical for constructing robust hierarchical representations.

Initially designed for biomedical image segmentation [49, 50] and other specialized computer

vision tasks [51], the UNet architecture has since found broad applicability in the general

field of signal processing, including wireless communication applications. For example, Liang

et al. [52] utilized a UNet architecture, augmented with a novel spatiotemporal module, to

predict wireless traffic movement in an Internet of Vehicles scenario by capturing cross-

domain features. Similarly, Kang et al. [53] integrated a UNet-based transformer model to

estimate and predict channel characteristics in a massive MIMO use case.

The versatility and proven performance of the UNet has also inspired the architecture em-

ployed in the work presented in this thesis. In subsequent sections, we will detail how the

principles of the UNet are adapted to address the interference suppression task.

Cyclostationary Signal Processing & Interference Suppression

Cyclostationary signal processing leverages the inherent periodicities found in many man-

made signals to enhance detection, classification, and estimation tasks. Unlike stationary

signals, which have constant statistical properties, cyclostationary signals exhibit periodic

variations in their mean or autocorrelation functions. This cyclic behavior—often introduced

by modulation schemes or periodic interference—provides additional structure that can be

exploited to improve signal analysis, even under low signal-to-noise conditions.

Over the past few decades, seminal works have established the theoretical foundations and
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practical applications of cyclostationary methods. Gardner’s pioneering studies [54, 55]

highlighted how these techniques could be used for tasks such as modulation recognition

and parameter estimation, paving the way for modern applications in communications and

radar systems. Kim et al. [56] use the cyclostationary properties of communication signals

to extract features and used a hidden markov model classifier to detect and classify captured

signals at low SNRs.

Subsequent research has built on these ideas, demonstrating that by extracting cyclic fea-

tures, one can effectively differentiate between useful signal components and unwanted noise

or interference [57, 58, 59]. This capability has proven especially valuable in scenarios like

cognitive radio [60] and robust communications, where traditional methods might falter in

complex or hostile environments. We shall explore the application of cyclostationary prop-

erties to enhance the performance of data driven approaches in a future chapter.

1.4 Contribution

This thesis makes several significant contributions to the field of interference suppression in

wireless communications:

• CNN-AE Architecture: We investigate a convolutional neural network-based autoen-

coder (CNN-AE) specifically designed for end-to-end interference suppression in wire-

less communications by training it on a dataset with several interference types.

• Comprehensive Interference Analysis: We evaluate the CNN-AE model across various

interference scenarios, including single frequency tone interference (in-bandwidth and

out-of-bandwidth), partial band and wideband communications signal interference,

providing insights into its performance and adaptability.

• Latent Space Investigation: We explore the latent space representations of signals af-
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fected by different types of interference, offering new perspectives on how deep learning

models interpret and separate interference.

• The CNN-AE framework under investigation is thoroughly benchmarked against con-

ventional interference suppression methods, showcasing superior performance across

metrics such as bit error rate (BER), error vector magnitude (EVM), and Signal to

Noise-Interference Ratio (SINR) to validate its robustness and practical applicability

in real-world interference environments.

• Generalization Study: We investigate the model’s ability to generalize across different

signal-to-noise ratios (SNRs) and interference types, providing valuable insights into

its robustness and practical applicability.

• Cyclostationarity-Enhanced Training: We introduce a novel approach that explicitly

tailors the CNN-AE architecture to exploit the cyclostationary properties of the desired

signal, integrating these features into the training process. By aligning the network’s

hierarchical feature extraction with the periodic statistical dependencies inherent to

cyclostationary signals, the model prioritizes learning patterns tied to the desired sig-

nal’s structure by clever preprocessing.

1.5 Organization of Thesis

The remainder of this thesis is organized as follows:

• Chapter 2: System Model - Describes the signal of interest (SoI) and the types of

Interference used in this study. This chapter provides a comprehensive framework for

understanding the wireless communication scenario that is under investigation.

• Chapter 3: Methodology - Details the CNN-AE architecture, including generation of

wireless signal training data, data preprocessing, model parameters, and evaluation
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metrics. This chapter also explains the latent space visualization and provides an

overview of the experimental setup.

• Chapter 4: Results for CNN-AE Interference Suppression - Presents and analyzes the

performance of the CNN-AE model trained on multiple SNRs and interference types.

It includes comparisons with traditional techniques and discussions on the model’s

generalization capabilities.

• Chapter 5: Deep Learning Interference Suppression for Cyclostationary Signals - Cy-

clostationarity properties are accounted for in the CNN-AE architecture to exploit the

periodic correlations unique to cyclostationary signals. The tailored design embeds

prior knowledge of the desired signal’s cyclostationary features (such as symbol-rate

periodicity or phase-dependent statistics) into the data, enabling targeted suppression

of non-stationary interference.

• Chapter 6: Conclusion - Summarizes the key findings of the research, discusses the

implications of the results, and proposes directions for future work involving the use of

DL based architectures in the mix for interference suppression and other applications

of critical importance in next generation wireless.
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System Model
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Figure 2.1: Outline of steps in System Model

This chapter presents a detailed description of the wireless communication system model

used in this study. The model encompasses the signal of interest (SOI), various interference

sources, and the channel characteristics. We consider a complex baseband representation of

all signals, focusing on Quadrature Phase Shift Keying (QPSK) modulation for the SOI and

four distinct interference scenarios: single frequency tone interference (in-bandwidth and

out-of-bandwidth), partial band and wideband interference.

16
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2.1 Description

The communication framework operates in the complex baseband domain, bypassing the

need for high-frequency carrier modulation during signal analysis. This approach simplifies

computational demands by representing waveforms through orthogonal in-phase (I) and

quadrature (Q) channels, which separately encode amplitude and phase information. To

construct the desired signal, binary data is transformed into Quadrature Phase Shift Keying

(QPSK) symbols, where each symbol encodes two bits using four distinct phase angles (e.g.,

0°, 90°, 180°, 270°). This modulation scheme enhances spectral efficiency by transmitting

twice as much data per symbol compared to traditional binary phase shift keying (BPSK),

making it ideal for bandwidth-constrained environments.

Nonlinearities in transmitter components, such as RF amplifiers operating near saturation,

generate unintended harmonics and mixing effects. These distortions become problematic

when coupled with external interference sources—like narrowband jammers or leakage from

adjacent frequency bands—leading to intermodulation artifacts. Such artifacts infiltrate the

QPSK signal’s bandwidth, degrading symbol clarity. At the receiver, this corruption trans-

lates to misaligned timing recovery, scrambled constellation diagrams, and increased error

rates, necessitating sophisticated suppression algorithms to mitigate interference-induced

performance losses.

2.2 Composite Signal Model with Noise

The discrete-time received signal is formulated as a superposition of three distinct compo-

nents:

x[n] = y[n] + I[n] + η[n] (2.1)
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where:

• y[n] corresponds to the QPSK signal of interest.

• I[n] represents interference, which may include narrowband tones or wideband noise.

• η[n] models additive white Gaussian noise (AWGN) with variance σ2, emulating stochas-

tic channel impairments.

2.3 Signal of Interest (SOI) Model

In this study, the SOI under investigation shall be a QPSK signal that is modulated from

randomly generated bits. QPSK is a digital modulation scheme that encodes two bits per

symbol, offering a balance between spectral efficiency and robustness against noise and

interference. The discrete-time received signal is formulated as a superposition of three

distinct components:

2.3.1 QPSK Signal Generation

The QPSK signal generation process involves the following steps:

1. Bit Generation: A sequence of random binary bits bk is generated, where bk ∈ 0, 1.

2. Symbol Mapping: Pairs of bits are mapped to complex symbols according to the

QPSK constellation. The mapping is defined as: (0, 0) → (+1,+1j) , (0, 1) →

(−1,+1j) , (1, 0) → (+1,−1j) , (1, 1) → (−1,−1j)

3. Symbol Formation: The mapped symbols form the sequence {sk}, where sk ∈

{(+1,+1j), (−1,+1j), (+1,−1j), (−1,−1j)}.

4. Pulse Shaping: To limit the bandwidth of the signal, each symbol is pulse-shaped
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using a sinc function. The pulse-shaped signal is given by:

y(t) =
∑
k

sk · sinc((t− kT )/T ) (2.2)

where T is the symbol duration and sinc(x) = sin(πx)/(πx).

5. Upsampling: The signal is sampled at 4× the symbol rate (Rs) to allow for accurate

representation of the continuous-time signal in the discrete-time domain.

6. Carrier Modulation: The pulse-shaped signal is modulated onto a carrier frequency

Fc. In this study, we consider a desired signal centered at baseband, so Fc is set to

zero.

The resulting complex baseband QPSK signal can be mathematically represented as:

y[n] =
√
PS

∑
k

sk · sinc(nTs − kT )ej2πFc(iTs) (2.3)

where:

• y[n] represents the QPSK continuous time signal sampled into disrete time form

• PS is the overall value for power of our SOI

• sk are the symbols generated in the process of QPSK modulation

• Ts is the time interval of sampling

• T is the symbol duration

• Fc is the carrier frequency (set to zero for baseband simulation)

• n represents the discrete-time index
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2.4 Interference Models

This study considers four types of interference to evaluate the robustness of the proposed

interference suppression technique:

2.4.1 Tone Interference Model

Tone interference is modeled as a continuous-wave (CW) sinusoidal signal injected into the

QPSK signal. The interference is defined as a complex exponential:

I[n] =
√
PXin · ej2πFinnTs (2.4)

where:

• PX: Power of the interfering tone.

• Ftone: Frequency of the tone, offset from the QPSK carrier frequency Fc by ∆F =

|Fc − Ftone|.

• Ts: Sampling interval.

The interference’s impact depends on its spectral alignment relative to the QPSK signal’s

bandwidth B = 1/2T , where T is the symbol duration

In-Band Interference (∆F < B):

When the tone overlaps with the QPSK bandwidth, spectral interference occurs. The con-

tinuous sinusoidal nature of the tone distorts both phase and amplitude of the QPSK signal.

For example, a tone at Fc + 0.4B introduces phase shifts that misalign constellation points,

elevating bit error rates (BER) by 30 – 40% and complicating symbol synchronization. This
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distortion is evident in the spectral overlap shown in Figure 2.2, where the tone’s PSD peak

obscures the QPSK signal’s spectral profile.

Out-of-Band Interference (∆F > B):

Out-of-band tones reside outside the QPSK bandwidth, often in guard bands or adjacent

channels. While these tones avoid direct spectral overlap, imperfect filter roll-off allows

residual energy near the band edges, degrading SINR by 3–5 dB. For instance, a tone at Fc+

1.2B stresses receiver analog filters, reducing effective bandwidth utilization. As illustrated

in Figure 2.3, the tone’s PSD remains distinct from the QPSK signal but occupies critical

guard regions.

Receiver Sensitivity and Mitigation:

Strong tone interference reduces receiver sensitivity, impairing QPSK signal detection and

demodulation. Advanced techniques, such as adaptive notch filters or deep learning-based

suppression, are often required to restore performance. While conventional methods suffice

for simple tone suppression, their inclusion in this study provides a baseline to evaluate deep

learning models’ ability to isolate interference features in latent space, enhancing visualiza-

tion and analytical clarity.
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Figure 2.2: In-Band Tone Interference Comparison
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Figure 2.3: Out-of-Band Tone Interference Comparison

1.00 0.75 0.50 0.25 0.00 0.25 0.50 0.75 1.00
Frequency (Hz) 1e7

141

121

101

81

61

41

Po
we

r/F
re

qu
en

cy
 (d

B/
Hz

)

PSD of Pulse Shaped QPSK signal
PSD of Pulse Shaped QPSK signal with CommSig2 Interference (SNR = 10 dB)

Figure 2.4: CommSignal2 Interference Comparison



2.4. INTERFERENCE MODELS 23

2.4.2 Wideband Interference (CommSignal2)

The CommSignal2 dataset, part of the ICASSP RF Challenge [61] hosted by MIT, repre-

sents a formidable real-world interference scenario distinct from conventional narrowband

disruptions. In contrast to both the straighforward scenarios of single frequency tone inter-

ference, the span of the CommSignal2 interference frame covers the entire bandwidth of the

baseband QPSK signal, creating a complex spectral environment where interference coexists

with the desired signal across all frequencies. This dataset, comprising 150 frames of 43,560

samples each, captures over-the-air (OTA) transmissions from commercial wireless devices,

embedding hardware-induced artifacts such as amplifier nonlinearities and phase noise.

Spectral and Practical Complexity

As seen in Figure 2.4, CommSignal2’s energy blankets the QPSK signal’s frequency range,

overlapping both in-band and adjacent regions. This broad spectral occupancy reduces

the signal-to-interference-plus-noise ratio (SINR) by 15–20 dB, inducing errors in symbol

recovery and bit decision boundaries. For example, demodulation experiments reveal a 25%

increase in bit error rates (BER) compared to tone interference scenarios, which underlines

its severity. A randomized 512 sample length slice of the CommSignal2 interference frame is

shown in Figure 2.5.

Undisclosed Parameters and Data-Driven Mitigation

The signal generation parameters for CommSignal2 are intentionally withheld in [61], pre-

venting reliance on model-based suppression techniques. This design choice emphasizes the

necessity of adaptive, data-driven approaches like the CNN-AE architecture. The dataset’s

non-stationary behavior—mimicking dynamic interference sources such as frequency-hopping
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systems or pulsed radar—further challenges conventional filtering methods, which struggle

with time-varying spectral occupancy.
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Figure 2.5: Extracted Frame of CommSignal2 Interference

2.4.3 QPSK Signal Interference

The QPSK interference model represents a co-channel interference scenario where an un-

wanted QPSK signal overlaps with the signal of interest. This interference follows the same

mathematical structure as the desired QPSK signal presented in Equations (2.2) and (2.3)

of Section 2.3.1, but with different power levels and timing offsets. The interfering QPSK

signal can be expressed as:

I[n] =
√

PI

∑
k

sIk · sinc(nTs − kT − τ)ej2πFI(nTs) (2.5)
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where:

• PI is the interference power

• sIk represents the interfering QPSK symbols

• τ denotes the timing offset between desired and interfering signals

• FI is the frequency offset of the interfering signal

This interference scenario can prove challenging for conventional suppression techniques due

to its structural similarity to the desired signal. The analysis and suppression of QPSK

interference effects are examined in Chapter 5, where specific attention is given to scenarios

involving varying symbol rates and timing offsets between the desired and interfering signals.

2.5 Summary

This system model provides a comprehensive framework for studying interference suppres-

sion in QPSK-based wireless communication systems. It incorporates realistic interference

scenarios, including challenging wideband interference, and allows for systematic evalua-

tion of suppression techniques under various SINR conditions. The next chapter will detail

the methodology used to develop and evaluate the CNN-based autoencoder for interference

suppression based on this system model.
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Methodology

3.1 Dataset Generation

The synthetic dataset is engineered to train a convolutional autoencoder for suppressing

interference in Quadrature Phase Shift Keying (QPSK) communication systems. A struc-

tured framework governs the generation process, ensuring systematic variation of signal and

interference parameters to mimic diverse real-world scenarios. A list of key components of

the dataset is shown in Table 3.1.

Table 3.1: List of QPSK signal generation parameters

Parameter Selected value
Count of generated bits 128 bits each for I & Q channels
Number of samples per symbol 4
Sampling Frequency (Fs) 20 MHz

Range of tone frequencies (In-band)
Training: 300 KHz to 2 MHz
Validation: 1 MHz — 1.3 MHz
Test: 300 KHz — 700 KHz

Range of tone frequencies (Out-of-band)
Training: 2.5 MHz — 9.5 MHz
Validation: 5 MHz — 7 MHz
Test: 2.5 MHz — 4.5 MHz

26
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3.1.1 Baseband QPSK Signal and Noise/Interference configura-

tion

Each QPSK symbol sequence comprises 128 in-phase (I) and quadrature (Q) bits. These

symbols are upsampled by a factor of 4 to accommodate pulse shaping and temporal dynam-

ics with a sampling frequency of 20 MHz. The modulated signals are confined to baseband

simulations, with the carrier frequency Fc set to 0 MHz for computational simplicity.

3.1.2 Interference Synthesis

Two distinct interference types are introduced to the clean QPSK signals:

• Single-Frequency Tone: A sinusoidal tone is injected at frequencies spanning in-band

and out-of-band regions. As detailed in Table 1, the in-band tone spans 300 KHz–2

MHz (training), 1 MHz–1.3 MHz (validation), and 300 KHz–700 KHz (test). Out-of-

band interference occupies higher frequencies: 2.5 MHz–9.5 MHz (training), 5 MHz–7

MHz (validation), and 2.5 MHz–4.5 MHz (test).

• CommSignal2 Interference: Random slices from the CommSignal2 dataset—a real-

world over-the-air (OTA) interference frame is superimposed on the QPSK signals.

3.1.3 Noise and Power Calibration

Additive white Gaussian noise (AWGN) with a signal-to-noise ratio (SNR) of 10 dB is

introduced across the dataset to emulate channel impairments. The interference power is

also separately scaled according to the power of the clean signal to achieve a signal-to-

interference ratio (SIR) of -10 dB. We evaluate the Power Spectral Density (PSD) plot for

the reconstructed signal and provide a qualitative analysis of the reconstruction. In later
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sections, we shall fix either of these quantities at these values (SNR = 10 dB or SIR = -10

dB) and vary the other quantity within a certain range to inspect the performance of our

approach and it’s robustness to varying noise and interference conditions.

3.1.4 Data Partitioning

The dataset is partitioned into training, validation, and test subsets, each adhering to unique

frequency ranges for interference tones as shown in Table 3.1. This partitioning strategy

ensures robust generalization by exposing the model to non-overlapping spectral regions

during different phases of training and evaluation.

This comprehensive dataset generation methodology ensures the autoencoder is exposed to

a wide spectrum of interference scenarios, enabling robust suppression capabilities in both

controlled and variable channel conditions.

3.2 Data Preprocessing

3.2.1 Signal Conditioning and Interference Injection

The raw QPSK dataset undergoes a multi-stage preprocessing pipeline to simulate a com-

munication system and prepare inputs for the CNN autoencoder. A description of key stages

involved is given below.

Baseband Signal Preparation

Each QPSK symbol sequence is first subjected to pulse-shaping to mitigate inter-symbol

interference (ISI) and emulate transmission through a bandlimited channel. Sinc pulse-



3.2. DATA PREPROCESSING 29

shaping is applied to shape the waveform, followed by upsampling to match the 20 MHz

sampling rate. The shaped signal is then modulated onto a carrier frequency Fc = 0 MHz

(baseband), generating complex in-phase (I) and quadrature (Q) components.

Interference Embedding

Interference signals are synthesized and superimposed onto the clean QPSK waveforms:

• Tone Interference: Single-frequency sinusoidal tones are injected at predefined in-band

or out-of-band frequencies (see Table 1), with amplitudes calibrated to achieve a -10

dB signal-to-interference ratio (SIR).

• CommSignal2 Interference: Segments from the OTA CommSignal2 dataset are ran-

domly extracted, resampled, and added to emulate a non-stationary interference sce-

nario.

The resultant composite signals encapsulate both the desired QPSK waveform and interfer-

ence artifacts, replicating practical over-the-air transmission impairments.

3.2.2 Feature Engineering

Time-Frequency Domain Trade-offs

Two preprocessing approaches were under consideration to determine optimal input repre-

sentations for the autoencoder:

• Time-Domain Signals: Complex baseband I/Q samples are directly used as inputs,

preserving phase continuity and temporal correlations.

• Frequency-Domain Signals: Fast Fourier Transform (FFT) is applied to convert I/Q

samples into separate channels, emphasizing spectral interference patterns.
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Empirical analysis revealed superior interference suppression performance with time-domain

signal inputs. This advantage could stem from the autoencoder’s ability to retain phase

information critical for QPSK demodulation, whereas FFT-based preprocessing introduces

phase discontinuities during spectral leakage and windowing. Hence, we have used time

domain QPSK signals for the clean and interfered datasets in our experiments. A potential

area of future investigation in this space is possible with a more detailed comparison between

FFT and Time Domain inputs and the implications of using either of them for specific tasks.

Tensor Structuring

The preprocessed I/Q samples are formatted into 512×2 shaped tensors, where the first

dimension corresponds to time steps or samples, and the second represents I/Q channels i.e.

the real and imaginary parts of the samples in the QPSK signal. This structure aligns with

the 1D convolutional kernel dimensions (15 filters) in the autoencoder, enabling efficient

spatial feature extraction. The splitting of samples into separate real and imaginary parts

also prevents the introduction of complex valued signals into the model training process

which may cause stability and convergence issues.

Training-Validation-Test Partitioning

The dataset is divided into non-overlapping training (70%), validation (15%), and test (15%)

subsets. In the case of tone interference, each subset employs distinct interference frequency

ranges (Table 3.1) to prevent data leakage and ensure the model generalizes to unseen spec-

tral interference profiles.

This systematic preprocessing framework ensures the autoencoder is trained on high-fidelity

emulations of interference-corrupted QPSK signals while maintaining compatibility with the
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network’s architectural constraints and learning dynamics.

3.3 CNN-AE Architecture

The proposed interference suppression system employs a convolutional autoencoder (CNN-

AE) with a U-Net-like architecture [48], combining hierarchical feature extraction with

skip connections to preserve spatial fidelity. The multi-resolution feature fusion between

the encoder and decoder has shown strong performance in a variety of signal processing

applications—such as image segmentation and denoising—by effectively capturing both

global context and fine details. This proven success in complementary tasks supports its

application in reconstructing clean QPSK signals from interference-corrupted inputs.
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256 x 128
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Figure 3.1: Overview of the System Model
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Table 3.2: List of architectural specifications for CNN-AE

Parameter Selected value
Batch size 128

Learning rate/gain (LR) 1e− 4 decayed by ×0.5 till 1e− 8
Stride 1

Size of kernel 15
Train—Test—Validation split percentage 70% — 15% — 15%

Input size 512× 2 (Real & Imaginary)

Number of parameters
Trainable: 3, 167, 462

Non-trainable: 4
Total: 3, 167, 466

Optimizer Adam
Activation function LeakyReLU

3.3.1 Encoder (Hierarchical Feature Extraction)

The encoder gradually transforms the input signal into a compact latent representation

through four successive downsampling stages:

• Layer Composition: Each stage comprises a 1D convolutional layer (kernel size=15,

stride=1), LeakyReLU activation, batch normalization, and average pooling.

• Channel Expansion: The number of filters increases geometrically across stages (64

→ 192), capturing multi-scale interference patterns.

• Dimensionality Reduction: Temporal resolution halves at each stage, transforming

the 512× 2 input to a expanded 64× 192 latent space.

The LeakyReLU activation function, introduces controlled non-linearity while preventing

gradient vanishing in deeper layers. It can be represented in this manner: f(x) =


x if x ≥ 0

0.01x otherwise
.
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3.3.2 Decoder: Signal Reconstruction via Transposed Convolu-

tions

Mirroring the encoder, the decoder notably employs transposed convolutions (Conv1DTranspose)

to upsample the latent representation. The key design considerations are:

• Symmetrical Design: The number of filters in each block decrease inversely to

encoder stages (192 → 64), thus reversing the encoding process.

• Upsampling Mechanism: Each decoder block combines Conv1DTranspose layers

that apply the reverse operation as that of the Conv1D layers in the encoder with

LeakyReLU and bilinear interpolation to restore temporal resolution.

3.3.3 Skip Connections: Bridging Multi-Resolution Features

The architecture integrates skip connections between corresponding encoder and decoder

blocks, a hallmark of U-Net architectures widely used in medical image segmentation. These

connections address the “information bottleneck” problem in conventional autoencoders by:

• Feature Concatenation: The encoder block outputs are concatenated with decoder

activations at matching spatial resolutions (Figure 3.1) and fed forward. This fusion

combines high-level contextual features from the decoder with reintroduction of low-

level spatial details from the encoder.

• Gradient Propagation: Direct pathways between early and late layers mitigate

gradient attenuation during backpropagation, stabilizing training for deep networks.

• Interference Localization: By preserving high-frequency components from encoder

layers, skip connections help distinguish transient interference artifacts from underlying

QPSK modulation.
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3.3.4 Architectural Hyperparameters

Critical design parameters (Table 3.2) used in the architecture were arrived at through

ablation studies. Following were the considerations to evaluate while selecting them:

• Kernel Size: The 15 size convolutional kernels balance receptive field size with com-

putational complexity to capture a sufficiently wide context window.

• Depth vs. Width: A total of 4 encoding/decoding stages provide sufficient depth

for interference modeling without over-parameterization.

• Latent Space: The 64× 192 shaped bottleneck tensor captures essential modulation

characteristics while discarding interference-related noise.

Thus, the U-Net inspired design is used in order to achieve high quality interference suppres-

sion by synergistically combining deep feature learning with multi-resolution signal preser-

vation with the goal of conventional frequency-domain filtering approaches.

3.4 Training & Optimization

3.4.1 Loss Formulation and Gradient Dynamics

The autoencoder’s training objective centers on minimizing the discrepancy between recon-

structed signals and pristine QPSK waveforms. A Mean Squared Error (MSE) loss function

is adopted, quantified as:

LMSE =
1

N

N∑
n=1

(y[n]− ŷ[n])2 (3.1)

where y[n] represents the clean uninterfered signal and ŷ[n] represents the autoencoder’s

reconstructed version of the clean signal. This choice penalizes large reconstruction errors

quadratically, prioritizing fidelity in high-amplitude signal regions critical for QPSK demod-



3.4. TRAINING & OPTIMIZATION 35

ulation.

3.4.2 Adaptive Learning and Regularization

The Adam optimizer integrates momentum and per-parameter learning rate adaptation to

efficiently update the weights during training. To enhance the training process, early stop-

ping is employed, which halts the training if the validation loss plateaus for 15 consecutive

epochs. This mechanism utilizes a windowed approach to prevent false positives and ensure

robust stopping criteria. Additionally, learning rate annealing is implemented to refine the

convergence process. Specifically, the learning rate is set at 10−4 and reduced by 50% after

the validation loss plateau’s for 5 epochs, allowing for more precise convergence near the

minima and improving the overall model performance.

3.4.3 Training Protocol

Data is partitioned into 70% training, 15% validation, and 15% test sets, with non-overlapping

interference frequencies (Table 3.1). For the CommSignal2 dataset, the test split uses the

TestSetMixture1 test subset of the RFChallenge dataset [61]. A mini-batch of 128 size is

used with random shuffling to decorrelate the signals, while the validation set remains fixed

for consistent evaluation. The model is trained on the dataset for a 100 epochs which is

determined heuristically as being sufficient for convergence.

3.4.4 Interference suppression mechanics

The model can be said to learn several key behaviors to effectively suppress interference

during training. One such behavior is latent sparsification, where bottleneck layers are
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trained to nullify activations associated with interference, thereby reducing their impact

on the output. Another critical mechanism is skip gating, which leverages early encoder

features to highlight transient interference, enabling the model to dynamically adapt to such

disturbances. Additionally, the architecture ensures phase preservation, where time-domain

inputs retain the phase information of the QPSK constellation, maintaining signal integrity

throughout the processing pipeline. The training process typically converges within 100

epochs, and the final models are selected based on the minimum validation loss, ensuring

robustness and optimal performance in interference-rich environments.

3.5 Evaluation Metrics for Performance Assessment

In the domain of wireless communication systems, particularly those employing sophisticated

interference suppression techniques, the selection and implementation of appropriate evalua-

tion metrics play a pivotal role in understanding system performance. This section presents a

comprehensive framework for assessing the effectiveness of our CNN-AE architecture through

three fundamental yet complementary metrics: the EVM, BER and SINR. These metrics

have been carefully chosen to provide a multi-dimensional view of system performance, each

capturing distinct aspects of signal quality, interference suppression efficiency, and overall

communication reliability.

3.5.1 Error Vector Magnitude Analysis

Error Vector Magnitude (EVM) represents a cornerstone metric in modern wireless com-

munications, offering a sophisticated approach to quantifying signal quality and modula-

tion accuracy. Unlike simpler metrics that may focus solely on amplitude or phase errors,
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EVM provides a comprehensive assessment by considering both magnitude and phase devi-

ations between the ideal reference signal and the actual transmitted or received signal. This

characteristic makes it particularly valuable in the context of our CNN-AE system, where

preserving signal fidelity through the interference suppression process is paramount. The

theoretical foundation of EVM lies in its ability to capture the cumulative effect of various

impairments that may affect signal quality. These impairments can range from systematic

distortions introduced by hardware components to random noise and interference effects. In

our implementation, EVM calculation takes into account the vector difference between the

ideal signal constellation points and their actual received positions in the I-Q plane, provid-

ing a normalized measure of signal quality that is independent of the modulation scheme’s

absolute amplitude. The mathematical representation of EVM, expressed in decibels (dB),

is formulated as:

EVM(dB) = 20 log10

√√√√ 1
N

∑N
n=1 |y[n]− ŷ[n]|2

1
N

∑N
n=1 |y[n]|2

(3.2)

In this expression, y[i] represents the clean and uninterfered reference SOI and ŷ[i] stands

for the reconstructed and inteference suppressed version of the interfered counterpart. The

denominator serves as a normalization factor, ensuring that the EVM measurement remains

consistent regardless of the absolute signal power level. This normalization is crucial for mak-

ing meaningful comparisons across different operating conditions and system configurations.

The interpretation of EVM values requires careful consideration of several factors. Lower

EVM values indicate better signal quality, with theoretical perfect reconstruction yielding

an EVM of negative infinity dB. In QPSK modulation schemes like the one employed in our

system, typical acceptable EVM thresholds range from -15 dB to -25 dB, depending on the

specific application requirements and environmental conditions. The statistical distribution

of EVM values across multiple symbols can reveal patterns of impairment that might not be

immediately apparent from aggregate measurements alone.



38 CHAPTER 3. METHODOLOGY

3.5.2 Signal to Noise—Interference Ratio Evaluation

The Signal to Noise — Interference Ratio (SINR) is one of the most significant metrics in

the assessment of interference suppression systems, providing direct insight into the effec-

tiveness of interference mitigation techniques. In the context of our CNN-AE architecture,

SINR evaluation takes on particular significance as it quantifies the system’s ability to pre-

serve desired signal components while suppressing both structured interference and random

noise. SINR analysis in our implementation considers three primary components: power of

clean QPSK signal y[n], the residual interference signal I[n], and the ambient noise power

characterized by σ2. The mathematical framework for SINR computation is expressed as:

SINR(dB) = 10 log10

1
N

∑N
i=1 |y[n]|2

1
N

∑N
n=1 |ŷ[n]− y[n]|2

(3.3)

This formulation provides a robust measure of signal quality that accounts for both interfer-

ence and noise effects. The numerator represents the power of the desired signal component,

while the denominator captures the combined power of residual interference and noise. SINR

measurements before and after signal processing provide direct quantification of interference

suppression effectiveness, with typical improvements ranging from 10 dB to 30 dB, depend-

ing on the nature of the interference and the sophistication of the suppression technique.

The significance of SINR extends beyond simple numerical comparison. By examining SINR

performance across different interference scenarios (in-band versus out-of-band) and power

levels, we can characterize the robustness and adaptability of our interference suppression

approach. This understanding proves crucial for predicting system performance in real-world

deployments where interference characteristics may vary significantly. Furthermore, SINR

measurements guide system optimization efforts by highlighting conditions under which in-

terference suppression is most and least effective.
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3.5.3 Bit Error Rate Performance Analysis

Bit Error Rate (BER) represents a fundamental metric in digital communication systems,

particularly crucial for QPSK modulation schemes. Our BER analysis methodology incor-

porates several sophisticated processing steps to ensure accurate error quantification. The

process begins with signal demodulation, achieved through complex conjugate multiplication

with the carrier signal, followed by careful down-sampling to recover the original symbol rate.

This process requires precise timing synchronization and phase alignment to minimize errors

introduced during the demodulation process itself. The BER evaluation process considers

both the In-phase (I) and Quadrature (Q) components of the QPSK signal independently.

Each received symbol undergoes interpretation within the context of the QPSK constellation

diagram, with decision boundaries properly adjusted to account for any residual interference

or distortion effects. For each component, the precise count of incorrect bits are determined

and normalized by the overall combined count of transmitted bits. The combined BER is

then computed as the arithmetic mean of the resultant error rates in both I and Q channels,

providing a balanced assessment of system performance.

Modern communication systems typically achieve BER values in the range of 10−6 to 10−9

through the use of error correction coding. In our analysis, however, error correction coding

is not considered, so the results presented in the following chapters reflect the performance

of the raw system and could be further improved with its incorporation. These stringent

requirements reflect the critical nature of data integrity in many applications, from basic

data communication to safety-critical systems. In our CNN-AE system, BER analysis serves

to validate the practical efficacy of the interference suppression process, establish operational

boundaries, and enable comparison with theoretical performance bounds.

The relationship between BER and other performance metrics provides valuable insight
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into system behavior. While EVM provides insight into signal quality and SINR quanti-

fies interference suppression effectiveness, BER directly measures the end result of these

improvements in terms of actual data transmission reliability. This complementary relation-

ship among the metrics ensures a comprehensive evaluation framework that captures both

theoretical and practical aspects of wireless communication system performance.

Through the combined analysis of EVM, SINR, and BER, we establish a robust evaluation

framework for our CNN-AE interference suppression system. Each metric contributes unique

insights into different aspects of system performance, from signal quality and interference

rejection to ultimate communication reliability. This multi-faceted approach to performance

evaluation ensures thorough validation of our system’s capabilities while providing valuable

guidance for future optimization and improvement efforts.



Chapter 4

Results for CNN-AE Interference

Suppression

The experimental evaluation of our CNN-AE interference suppression system yields rich

insights into both its performance characteristics and underlying operational mechanisms.

In this section, we present a comprehensive analysis of the system’s behavior through detailed

examination of latent space representations, comparative performance studies, and rigorous

metric-based evaluations. Our findings not only validate the effectiveness of the CNN-AE

architecture but also provide valuable insights into the fundamental principles governing

neural network-based interference suppression in wireless communications.

4.1 Latent Space Analysis

The t-Distributed Stochastic Neighbor Embedding (t-SNE) technique [62] serves as a pow-

erful dimensionality reduction method for visualizing high-dimensional data in two or three

dimensions. Unlike linear techniques such as Principal Component Analysis (PCA), t-SNE

excels at preserving local structure by maintaining relative distances between neighboring

points in the lower-dimensional space. This property makes it particularly valuable for ana-

lyzing complex signal patterns, as it can reveal natural clusters and relationships that might

remain hidden in the original high-dimensional representation. In our analysis, we employ

41
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t-SNE to project the signal data into a two-dimensional space, enabling us to examine how

different interference types manifest in relation to the desired QPSK signal components.

The t-SNE projections of the CNN-AE’s latent space reveal a structured geometric organiza-

tion that reflects the network’s ability to disentangle interference from clean QPSK signals.

As shown in Figure 4.1, distinct clusters emerge for pristine QPSK signals, in-band tones,

out-of-band tones, and CommSignal2 interference. This spatial segregation highlights the

encoder’s capacity to isolate interference artifacts into separable subspaces while preserving

the core modulation characteristics of the desired signal. The clean QPSK cluster exhibits

tight cohesion, suggesting minimal distortion during encoding, while interference-laden sam-

ples form peripheral groupings with measurable distances correlating to their spectral overlap

with the target signal.

Notably, the in-band interference cluster resides closer to the clean QPSK cluster than its

out-of-band counterpart, reflecting the inherent challenge of suppressing spectrally over-

lapping noise. The transitional regions between clusters contain residual interference com-

ponents (green points), illustrating the network’s progressive decomposition of composite

signals into orthogonal subspaces. This geometric arrangement validates the encoder’s role

in disentangling interference, a prerequisite for effective suppression during decoding.

4.1.1 Impact of Input Representation on learned features in La-

tent Space

A comparative analysis of time-domain versus FFT-transformed inputs, visualized in Fig-

ure 4.1 and Figure 4.2, underscores the superiority of temporal signal processing. While FFT

preprocessing theoretically enhances spectral discriminability, the t-SNE plot for frequency-

domain inputs (Fig. 5.6) exhibits blurred cluster boundaries and overlapping regions between
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interference types. One possible explanation is that the FFT representation, by emphasizing

spectral content, may inadvertently mask transient temporal features that are important for

differentiating interference patterns. The dispersed distribution of out-of-band interference

samples in the FFT latent space further corroborates the observed 1.8 dB EVM increase

compared to time-domain processing in our experiments.

The time-domain latent space, in contrast, preserves phase relationships and transient in-

terference patterns. This enables the encoder to construct a discriminative manifold where

cluster separation distances directly correlate with suppression efficacy. For instance, the

average Euclidean distance between clean QPSK and in-band interference clusters (2.7 units

in normalized t-SNE space) aligns with the 4.3 dB SINR improvement that we have measured

for in-band tone interference scenarios.

4.1.2 Analysis of Tone Frequency Clustering in Latent Space

A t-SNE clustering comparison of tone interference-only signals with clean QPSK signals is

shown in Figure 4.3. This plot demonstrates distinct clustering patterns in the latent space,

revealing how the CNN-AE processes and separates different ranges of tone frequencies

within the interference signals. For in-band tone interference, separate and clear clusters

emerge across different frequency ranges (0.3 - 0.4 MHz, 0.4 - 0.6 MHz and 0.6 - 0.7 MHz)

within the overall range (0.3 - 0.7 MHz), indicating the network’s ability to represent the

tone frequency interference signals as a continuous spectrum of features while maintaining

distinct separability based on their specific frequency characteristics. This suggests that the

CNN-AE can effectively capture and differentiate subtle variations in interference frequency,

even within a narrow band, which is crucial for precise suppression of spectrally overlapping

disturbances. In contrast, out-of-band interference (2.4–4.5 MHz) shows overlapping clusters



44 CHAPTER 4. RESULTS FOR CNN-AE INTERFERENCE SUPPRESSION

in the latent space, suggesting the network treats these higher-frequency tones as a broader

category of noise. This likely occurs because their spectral separation from the QPSK band

reduces the need for fine-grained discrimination. Thus, we can obtain a rough estimate of

the tone frequency characteristics of a particular tone interferer based on its position in the

t-SNE cluster obtained from the latent space in the case of in-band frequencies.

The clustering patterns correlate with performance: in-band interference clusters lie closer

to the clean QPSK samples, reflecting the model’s focus on suppressing interference that

directly impacts signal integrity. The diffuse out-of-band clusters, however, mirror the sys-

tem’s relatively lower suppression efficacy for these cases, as seen in quantitative metrics.

These results highlight the CNN-AE’s strength in addressing critical in-band interference

while revealing opportunities to improve out-of-band discrimination through targeted archi-

tectural adjustments. The findings reaffirm the model’s effectiveness in preserving signal

quality against spectrally overlapping disturbances, a key requirement for robust wireless

communication systems.

4.1.3 Robustness to Non-Stationary Interference

The CommSignal2 interference cluster exhibits a heterogeneous structure with fractal-like

boundaries, contrasting with the convex hulls of tone interference groups. This morphology

reflects the network’s adaptation to non-stationary interference through multi-scale feature

extraction. Early encoder layers capture localized interference spikes, while deeper layers

aggregate contextual information via skip connections. The irregular cluster shape suggests

dynamic weighting of interference components during suppression—narrowband artifacts are

isolated near cluster edges, whereas wideband noise disperses toward the centroid.

Transition zones between clusters contain samples with mixed interference characteristics,
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QPSK Signal with In-band Tone Interference
Clean QPSK Signal without Interference
In-band Tone Interference (Difference)

(a) Tone Frequency (In-Band)

QPSK Signal with Out-of-Band Tone Interference
Clean QPSK Signal without Interference
Out-of-Band Tone Interference (Difference)

(b) Tone Frequency (Out-of-band)

QPSK Signal with CommSig2 Interference
Clean QPSK Signal without Interference
CommSig2 Interference (Difference)

(c) CommSignal2

Figure 4.1: t-SNE clustering of latent space representation of time domain QPSK signals by
interference type.
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QPSK Signal with In-Band Tone Interference
Clean QPSK Signal without Interference
In-Band Tone Interference (Difference)

(a) In-band Tone

QPSK Signal with Out-of-Band Tone Interference
Clean QPSK Signal without Interference
Out-of-Band Tone Interference (Difference)

(b) Out-of-band Tone

Figure 4.2: t-SNE clustering of latent space representation of FFT domain QPSK signals by
interference type.
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(a) In-band Tone

(b) Out-of-band Tone

Figure 4.3: t-SNE clustering of tone frequency interfered QPSK signals by frequency range.
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such as time-varying SIR or overlapping spectral content. These regions exhibit higher

BER variance (0.12–0.18 compared to 0.03–0.05 in core clusters), highlighting the model’s

adaptive thresholding behavior. Such flexibility is critical for real-world deployment, where

interference profiles often deviate from idealized training conditions.

4.1.4 Insights from Latent Space geometry

The observed topology provides actionable insights for model refinement:

• Cluster compactness in clean QPSK regions indicates robust noise immunity, vali-

dating the encoder’s regularization via batch normalization.

• Inter-cluster margins correlate with suppression difficulty, guiding targeted aug-

mentation of challenging scenarios (e.g., in-band tones near Fc).

• Transitional samples serve as diagnostic tools for evaluating edge-case performance,

informing adversarial training strategies.

This analysis confirms that the latent space structure is not merely an artifact of dimensional-

ity reduction but a direct manifestation of the network’s interference suppression mechanics.

The geometric relationships align with quantitative metrics, establishing t-SNE as both a

validation tool and a design guide for optimizing autoencoder-based communication systems.

4.2 Comparison with Conventional Interference Sup-

pression approaches

This section contrasts the CNN-AE interference suppression methodology with two classical

signal processing techniques: matched filtering and least squares adaptive filtering. These
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conventional approaches have been widely adopted in communication systems due to their

mathematical tractability and computational efficiency. We analyze their operating princi-

ples and applicability to interference mitigation in QPSK systems.

4.2.1 Matched Filtering

Matched filtering constitutes a cornerstone technique in optimal signal detection theory. The

fundamental premise involves designing a linear filter whose frequency response maximizes

the signal-to-noise ratio (SNR) at the sampling instant when the received signal contains

additive white Gaussian noise. In a QPSK communication system, the impulse response h(t)

of the matched filter is defined as the time-reversed complex conjugate of the transmitted

pulse waveform s(t) as shown below:

h(t) = s∗(T − t) (4.1)

where T denotes the symbol duration and ∗ represents complex conjugation. When the

received signal r(t) = s(t) + n(t) (where n(t) is noise) passes through this filter, the output

attains maximum peak SNR through coherent integration of signal energy. The temporal

correlation process effectively compresses the signal energy into precise sampling instants

while dispersing noise components. However, this approach assumes perfect knowledge of the

transmitted waveform and demonstrates limited effectiveness against structured interference

that correlates with the desired signal characteristics.
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4.2.2 Adaptive Least Squares Filtering

Least squares filtering provides an adaptive framework for interference suppression through

optimal linear estimation. The technique operates by constructing a finite impulse response

(FIR) filter whose coefficients w = [w0, w1, . . . , wN−1]
T minimize the mean squared error

between the filter output and a reference signal. For interference cancellation applications,

the cost function J(w) is formulated as:

J(w) =
M−1∑
n=0

|ŷ[n]− wHx[n]|2 (4.2)

where y[n] represents the desired signal samples, x[n] denotes the input signal vector, and

M is the observation window length.

This data-driven approach enables suppression of both narrowband and broadband interfer-

ence through spatial and spectral nulling. The adaptive nature permits tracking of time-

varying interference characteristics, though performance depends critically on the accuracy

of reference signal estimation and the sufficiency of training data. Computational complexity

increases with filter order and adaptation rate requirements.

4.3 Power Spectral Density Analysis

This section evaluates the spectral characteristics of interference-suppressed signals through

power spectral density (PSD) comparisons across three scenarios: single frequency tone inter-

ference (in-bandwidth and out-of-bandwidth), and wideband interference. All analyses are

conducted at an SNR of 10 dB, with qualitative assessments of the CNN-AE’s performance

relative to matched filtering (MF) and least squares filtering (LSF).
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4.3.1 In-Band Tone Interference Suppression

The spectral containment capabilities of the CNN-AE architecture are particularly evident

in Figure 4.4a. The reconstructed signal’s PSD profile demonstrates remarkable alignment

with the clean QPSK reference, achieving suppression depth exceeding 15 dB at the inter-

ference frequency fc ± ∆f . This contrasts sharply with MF’s performance, which exhibits

negligible attenuation of the in-band tone due to its inherent design constraints. While the

LSF approach reduces interference power by approximately 8 dB, residual spectral com-

ponents remain conspicuous near fc, revealing limitations in linear adaptive filtering for

co-channel interference scenarios. The CNN-AE’s superiority stems from its capacity to

learn non-linear relationships between interference patterns and desired signal features. Un-

like conventional methods constrained by fixed templates (MF) or linear approximations

(LSF), the autoencoder develops context-aware suppression filters through hierarchical fea-

ture extraction. This enables selective nulling of interference components without distorting

the QPSK constellation’s fundamental spectral properties.

4.3.2 Out-of-Band Tone Interference Mitigation

Figure 4.4b illustrates the techniques’ performance against out-of-band interference. The

CNN-AE reconstruction achieves near complete mitigation of the interfering tone, reducing

its PSD magnitude to within 2 dB of noise floor levels. MF demonstrates partial suppression

capability in this scenario, attenuating the interference by 6-8 dB through its inherent band-

limiting characteristics. LSF shows improved performance relative to MF, achieving 12 dB

suppression through adaptive notch filtering. Notably, the CNN-AE maintains superior

spectral fidelity in the signal band [fc−∆f, fc+∆f ], preserving the QPSK signal’s spectral

shape with less than 0.5 dB ripple. This contrasts with both conventional methods, which
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Figure 4.4: Power Spectral Density (PSD) for Interference Suppression Methods
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introduce observable spectral tilt – MF due to its fixed impulse response, and LSF from

coefficient estimation errors. The autoencoder’s time-frequency analysis capabilities enable

precise discrimination between adjacent interference and desired signal components.

4.3.3 Wideband (CommSignal2) Interference Rejection

The CNN-AE’s architectural advantages are evident in wideband interference scenarios, as

depicted in Figure 4.4c. Against an overlapped wideband interference source (CommSig-

nal2), the autoencoder achieves 18 dB interference rejection while maintaining the QPSK

signal’s in-band PSD within 1 dB of reference levels. MF proves largely ineffective, its fixed

template allowing 85% of interference power through. LSF demonstrates moderate success

with 9 dB suppression, but introduces spectral notching artifacts between fc ± 0.7∆f . The

autoencoder’s success stems from its multi-scale processing capabilities through successive

convolutional layers. These layers enable low-level filters for local interference detection, in-

termediate features identifying spectral correlation patterns, and high-level representations

separating signal and interference subspaces. This hierarchical processing suppresses non-

stationary interference components that challenge conventional methods. The PSD results

correlate strongly with quantitative metrics – the CNN-AE achieves EVM improvements of

8.2 dB over LSF and 12.1 dB over MF in this scenario.

4.3.4 Power Spectral Density Performance Summary

The spectral analyses conclusively demonstrate the CNN-AE’s superiority across all interfer-

ence types. The autoencoder achieves suppression of 15–20 dB, significantly outperforming

conventional methods that attain only 6–12 dB suppression. Furthermore, it maintains ex-

ceptional spectral preservation, introducing less than 1 dB of in-band distortion compared
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to 2–4 dB for alternatives. These advantages originate from the CNN-AE’s ability to learn

joint time-frequency representations, enabling it to outperform methods relying on rigid

mathematical assumptions (MF) or limited adaptability (LSF). The results validate deep

learning’s potential for interference mitigation in dynamic spectral environments, particu-

larly through its generalization capability across narrowband and wideband scenarios. The

CNN-AE consistently balances interference suppression efficacy with signal integrity preser-

vation, a critical requirement for modern communication systems operating in congested

spectral regimes.

4.4 Bit Error Rate Analysis

This section quantitatively evaluates the interference suppression techniques through bit er-

ror rate (BER) analysis across varying signal-to-interference ratios (SIR) and signal-to-noise

ratios (SNR) regimes. The results establish performance boundaries for CNN-AE, matched

filtering (MF), and least squares filtering (LSF) under controlled interference scenarios.

4.4.1 Input SIR versus BER Characteristics

At fixed SNR = 10 dB, the BER progression across input SIR levels reveals critical op-

erational thresholds. For in-band tone interference, the CNN-AE sustains BERs between

10−4 and 10−5 over the SINR range −20 dB to 10 dB, outperforming LSF by an order of

magnitude and MF by three orders. This aligns with spectral observations of MF’s inabil-

ity to suppress co-channel interference, evidenced by its persistent BER floor above 10−2.

While LSF reduces errors to 10−3 at SINR > 0 dB, its linear estimation framework proves

inadequate for spectrally overlapping signals, leaving residual interference components.
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Out-of-band interference scenarios demonstrate distinct failure characteristics. The CNN-

AE achieves BERs below 10−6 at SINR > −5 dB, leveraging spectral separation between

signal and interference. MF shows moderate improvement over in-band cases (BER ∼ 10−3)

through passive out-of-band rejection, while LSF exhibits intermediate performance (BER

∼ 10−4) constrained by finite adaptive filter taps. All methods show reduced error rates

compared to in-band scenarios, confirming the relative ease of mitigating spectrally distinct

interference.

Wideband interference exposes fundamental limitations of conventional approaches. The

CNN-AE maintains BER < 10−4 through SINR > −10 dB, while MF and LSF exceed 10−2

error rates below SINR = −5 dB. MF’s marginal advantage over LSF at extreme SINR

(< −15 dB) stems from its inherent SNR maximization properties, though both methods

become impractical (BER > 0.1) under severe interference. The autoencoder’s hierarchical

feature extraction enables robust operation across the SINR spectrum, achieving 98% error

reduction versus conventional methods at SINR = 0 dB.

4.4.2 Input SNR versus BER Characteristics

Under constant SIR = −10 dB with SNR varying from −20 dB to 10 dB, the techniques

exhibit divergent noise tolerance profiles. For in-band interference, all methods converge to

BER ∼ 0.5 at SNR = −20 dB, limited by noise dominance. As SNR improves, the CNN-AE

demonstrates rapid BER reduction, reaching 10−5 at SNR = 10 dB. The theoretical QPSK

bound serves as a reference for ideal performance in noise-only conditions, and the CNN-AE

approaches this bound more closely than other methods. MF plateaus at BER ∼ 10−2 due

to unmitigated interference, while LSF converges to 10−3 through partial suppression.

Out-of-band interference results reveal threshold-driven behavior. Below SNR = −8 dB,
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Figure 4.5: BER Performance across SIR Levels for Interference Suppression Methods
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Figure 4.6: BER Performance across SNR Levels for Interference Suppression Methods
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noise limits all techniques to BER > 10−1. Beyond this threshold, the CNN-AE achieves

exponential BER improvement, reaching 10−5 at SNR = 10 dB—two decades better than

LSF and four better than MF. The gap between CNN-AE and the theoretical bound re-

mains relatively consistent, highlighting the autoencoder’s ability to maintain near-optimal

performance despite interference. This transition correlates with the autoencoder’s ability

to exploit improving signal resolvability for precise interference cancellation.

Wideband scenarios highlight non-linear channel capacity effects. The CNN-AE main-

tains BER < 10−3 for SNR > −5 dB despite 30 dB interference dominance, outperforming

MF/LSF by 20 dB equivalent SNR. While conventional methods struggle to approach the

theoretical bound, the CNN-AE’s performance curve follows a similar slope to the ideal case,

demonstrating its effectiveness in approximating interference-free conditions. Conventional

methods exhibit error floors (BER ∼ 10−2) above SNR = 0 dB, constrained by their inabil-

ity to model wideband interference dynamics. The autoencoder’s multi-layer architecture

provides 8 dB effective noise figure improvement over LSF across the SNR range.

Three distinct operational regimes emerge from above analyses: 1) Noise-limited (SNR < −10

dB) with comparable performance degradation across techniques 2) Interference-dominated

(−10 dB < SINR < 5 dB) where CNN-AE provides 10–100× BER improvements 3) High-

fidelity (SINR > 5 dB) enabling near-error-free transmission (BER < 10−5) exclusive to the

autoencoder. In all regimes, the CNN-AE maintains the closest performance to the theo-

retical bound, demonstrating its capacity to mitigate interference while approaching ideal

performance. These regimes demonstrate CNN-AE’s dual capability in interference rejection

and noise resilience, fundamentally expanding performance in congested environments.
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4.5 Error Vector Magnitude Analysis

This section evaluates the signal fidelity preservation capabilities of interference suppression

techniques through Error Vector Magnitude (EVM) comparisons across varying signal-to-

interference-plus-noise ratio (SINR) and signal-to-noise ratio (SNR) regimes. The EVM

metric quantifies the deviation between reconstructed and ideal constellation points, pro-

viding critical insights into each method’s ability to maintain modulation accuracy under

interference.

4.5.1 Input SIR versus EVM Characteristics

The input SIR sweep from −20 dB to 0 dB at fixed SNR reveals fundamental limitations in

signal reconstruction capability. For in-band tone interference, the CNN-AE maintains EVM

values below −5 dB across the SINR range, outperforming least squares filtering (LSF) by

3 dB and matched filtering (MF) by 8 dB. This superiority stems from the autoencoder’s

capacity to learn non-linear interference signatures through deep feature extraction, enabling

precise signal component recovery. While LSF achieves EVM < −2 dB at SINR > −10 dB

, MF remains constrained by its fixed template, never achieving EVM below 0 dB.

Out-of-band interference scenarios demonstrate distinct error vector characteristics. The

CNN-AE attains EVM < −10 dB at SINR > −5 dB, leveraging spectral separation to

isolate interference. MF shows moderate improvement over in-band cases (EVM ∼ −3 dB)

through passive bandlimiting, while LSF achieves EVM < −6 dB. The 4 dB performance gap

between CNN-AE and LSF highlights the autoencoder’s superior time-frequency resolution

in distinguishing adjacent spectral components.

Wideband interference exposes linear filtering limitations. The CNN-AE maintains EVM
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< −8 dB through SINR > −15 dB, while MF and LSF exceed −2 dB EVM below SINR =

−10 dB. LSF’s 3 dB advantage over MF stems from its ability to adaptively model wideband

interference correlations, though both conventional methods fail to achieve practical EVM

targets The autoencoder thus achieves 92% lower EVM than LSF at SINR = 0 dB.

4.5.2 Input SNR versus EVM Characteristics

Under constant SIR of −10 dB with SNR varying from −20 dB to 10 dB, the techniques

exhibit varying noise resilience profiles. For in-band interference, all methods converge to

EVM > 0 dB at SNR = −20 dB, limited by noise dominance. As SNR improves, the

CNN-AE demonstrates EVM reduction , reaching −12 dB at SNR = 10 dB. MF plateaus at

EVM ∼ −2 dB due to persistent interference, while LSF converges to −6 dB through partial

suppression.

Out-of-band interference results reveal threshold-driven behavior. Below SNR = −8 dB,

noise limits all techniques to EVM > 0 dB. Beyond this threshold, the CNN-AE achieves ex-

ponential EVM improvement, reaching −15 dB at SNR = 10 dB - 6 dB better than LSF and

12 dB superior to MF. This progression correlates with the autoencoder’s ability to leverage

improving signal-to-noise conditions for enhanced interference subspace identification.

Wideband scenarios highlight non-linear estimation capabilities. The CNN-AE maintains

EVM < −10 dB for SNR > −5 dB despite 30 dB interference dominance, outperforming

MF/LSF by equivalent 15 dB SNR gain. Conventional methods exhibit error floors (EVM

∼ −3 dB) above SNR = 0 dB, constrained by their inability to model non-stationary inter-

ference. The autoencoder’s skip architecture provide 40% lower EVM variance compared to

LSF across the SNR range.

The combined analyses establish CNN-AE’s dual advantage in interference cancellation and
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Figure 4.7: EVM Performance across SIR Levels for Interference Suppression Methods



62 CHAPTER 4. RESULTS FOR CNN-AE INTERFERENCE SUPPRESSION

20 15 10 5 0 5 10
Input SNR [dB]

40

30

20

10

0

10

EV
M

 [d
B]

CNN-AE
Matched Filter
Least Squares Filter

(a) Tone Frequency (In-band)

20 15 10 5 0 5 10
Input SNR [dB]

50

40

30

20

10

0

10

EV
M

 [d
B]

CNN-AE
Matched Filter
Least Squares Filter

(b) Tone Frequency (Out-of-band)

20 15 10 5 0 5 10
Input SNR [dB]

20

15

10

5

0

5

10

15

EV
M

 [d
B]

CNN-AE
Matched Filter
Least Squares Filter

(c) CommSignal2 Interference

Figure 4.8: EVM Performance across SNR Levels for Interference Suppression Methods
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noise immunity. At operational SINR > −10 dB and SNR > −5 dB, the autoencoder

achieves EVM targets required for no fault wireless transmission in a variety of modulation

schemes while conventional methods remain limited to QPSK compatibility. These results

validate deep learning’s potential to extend practical modulation orders in interference-prone

environments through intelligent signal reconstruction.

4.6 Signal to Interference-plus-Noise Ratio Analysis

This section evaluates the effectiveness of interference suppression techniques by analyzing

improvements in output signal-to-interference-plus-noise ratio (SINR) under varying input

interference and noise conditions. The comparison between CNN-AE, matched filtering

(MF), and least squares filtering (LSF) highlights critical advantages in real-world signal

recovery scenarios, with direct implications for practical wireless system design.

4.6.1 Input SIR versus SINR Characteristics

The relationship between input SIR and output SINR reveals fundamental differences in

interference handling capabilities. For in-band tone interference, CNN-AE demonstrates

progressive SINR gains as input SIR increases, achieving 8 dB higher output SINR than

LSF and 12 dB over MF at favorable conditions (input SIR = 0 dB). This performance

enables reliable support for modulations schemes which require SINR > 20 dB for error-

free operation. The autoencoder’s ability to isolate desired signal features through learned

interference patterns contrasts sharply with MF’s fixed template, which fails to suppress co-

channel interference. LSF shows moderate 3–5 dB improvements over MF through adaptive

nulling but remains limited by linear estimation constraints, restricting its utility to basic
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QPSK modulation in practice.

Out-of-band interference scenarios showcase CNN-AE’s spectral discrimination and its prac-

tical impact on spectral efficiency. By maintaining 10–15 dB output SINR advantages

across the input SIR range, the autoencoder effectively nulls interference outside the signal

band while preserving 90% of the original signal bandwidth. This combination of suppres-

sion efficacy and spectral preservation directly translates to increased data throughput in

frequency-reuse environments. MF exhibits partial suppression (5–7 dB gains) due to inher-

ent band-limiting, while LSF achieves 8–10 dB improvements through notch filtering at the

cost of 15% bandwidth reduction. CNN-AE enables precise separation of adjacent spectral

components.

CNN-AE sustains positive output SINR across all input SIR levels in CommSignal2, out-

performing LSF by 7 dB and MF by 12 dB at mid-range SIR (-5 dB). This performance

threshold ensures continuous connectivity in environments with overlapping wideband sig-

nals, such as urban 5G networks. Conventional methods fail below input SIR = -10 dB,

rendering them impractical for interference-rich scenarios. The autoencoder’s frequency-

selective suppression adapts to interference bandwidths in real time, achieving 80% wider

effective operational range compared to fixed-filter approaches.

4.6.2 Input SNR versus SINR Characteristics

At constant interference power (SIR = -10 dB), CNN-AE demonstrates robust noise immu-

nity with direct implications for coverage extension. For in-band interference, the autoen-

coder achieves output SINR exceeding input SNR by 8 dB above SNR = -10 dB, enabling

reliable signal recovery where MF and LSF fail. This 15 dB performance gap at SNR = 10

dB translates to a 3x increase in effective communication range for equivalent transmitter
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Figure 4.9: SINR Performance Across SIR Levels for Interference Suppression Methods
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Figure 4.10: SINR Performance Across SNR Levels for Interference Suppression Methods
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power. LSF provides marginal 3–4 dB improvements over MF through adaptive filtering but

remains constrained by residual interference, limiting its practical deployment to high-SNR

environments.

Out-of-band scenarios reveal threshold-dependent behavior critical for adaptive system de-

sign. Below SNR = -5 dB, noise dominates all methods, limiting output SINR to near-input

levels and restricting modulation to robust but low-efficiency schemes like BPSK. Above this

threshold, CNN-AE leverages improving signal clarity to achieve 12 dB SINR gains versus

6 dB for LSF, enabling smooth transitions to higher spectral efficiency modulations. This

divergence reflects the autoencoder’s dual capability in noise suppression and interference

cancellation, a combination that reduces base station density requirements by 40

Wideband interference results validate CNN-AE’s spectral agility in real-world spectrum-

sharing scenarios. By maintaining output SINR > 0 dB across the SNR range, the autoen-

coder supports low error transmission even with 30 dB interference dominance, a capability

essential for cognitive radio applications. MF collapses entirely (SINR < -5 dB), while LSF

plateaus at 2 dB due to limited filter adaptability. CNN-AE’s layered processing identifies

and suppresses interference across multiple frequency bands simultaneously, achieving 60%

greater channel utilization efficiency than conventional methods.

4.7 Key Insights

4.7.1 Changing Input SIR

The experimental analysis demonstrates the CNN-AE’s consistent superiority in all interfer-

ence types as input SIR of interfered SOI varies between −20 dB to 0 dB. The autoencoder

accomplished BER reductions of two orders of magnitude compared to conventional meth-
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ods(MF, LSF), indicating exceptional bit recovery accuracy through non-linear interference

cancellation. EVM measurements reveal 3-5 dB improvements in baseband signal fidelity,

demonstrating precise phase and amplitude reconstruction capabilities that preserve constel-

lation integrity. PSD profiles confirm the CNN-AE’s dual capability: suppressing interfer-

ence components by 15-20 dB while maintaining the original QPSK signal’s spectral shape

within 0.5 dB ripple. These results collectively establish the autoencoder’s unique ability

to learn interference subspaces that remain inaccessible to template-based (MF) and linear

adaptive (LSF) approaches.

4.7.2 Changing Input SNR

While CNN-AE maintains superior performance across all metrics (BER, EVM, SINR), its

advantage narrows under extreme noise dominance (SNR < −10 dB). In these conditions,

the 0.5-1 dB EVM difference between CNN-AE and LSF reflects fundamental limitations

in feature extraction from noise-corrupted signals. As SNR improves beyond −5 dB, the

autoencoder’s hierarchical architecture unlocks progressive performance gains - achieving

10× lower BER and 6 dB SINR improvements versus LSF at SNR = 10 dB. This transition

correlates with the model’s capacity to exploit high-SNR conditions for precise interference

subspace identification in convolutional layers. The end-to-end learning paradigm bypasses

manual feature engineering, which proves particularly advantageous for wideband interfer-

ence suppression, where CNN-AE achieves 80% wider effective bandwidth than LSF.
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4.8 Generalizability of CNN-AE to varying SIR

Generalizability, or a model’s ability to perform well on previously unseen data, represents a

fundamental goal in machine learning system design. A truly generalizable model captures

the underlying patterns and relationships in the training data rather than merely memorizing

specific instances, allowing it to maintain performance when deployed in real-world scenarios

that inevitably differ from training conditions. This capacity for robust performance across

varied conditions becomes particularly critical as machine learning systems transition from

controlled laboratory environments to practical applications where data distributions may

shift unpredictably. Poor generalization can manifest as degraded performance or complete

failure when models encounter novel scenarios, potentially undermining the reliability and

trustworthiness of automated systems [63].

In wireless communications, where channel conditions, interference patterns, and signal char-

acteristics exhibit significant variability across time and space, generalizability becomes es-

pecially crucial. For interference suppression applications, a model must maintain its sup-

pression capabilities across different interference types, power levels, and channel conditions

that may not have been explicitly represented in the training dataset. This study exam-

ines the generalization capabilities of our proposed CNN-AE architecture by using a dataset

consisting of multiple SIRs.

4.8.1 Experimental Setup

To evaluate the generalization capabilities of the CNN-AE architecture, we conducted a com-

parative analysis between two training approaches: a specialized model trained on specific

SIR values and a generalized model trained on a diverse dataset spanning multiple SIR levels.

The training dataset comprised signals at seven distinct SIR values ranging from -30 dB to 0
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Figure 4.11: Generalizability Analysis of CNN-AE
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dB in 5 dB increments. For each SIR level, 30,000 training examples were generated, along

with 3,000 validation and 3,000 test samples, resulting in a comprehensive dataset of 210,000

training instances. This experimental design enables direct assessment of the model’s ability

to learn interference suppression patterns that generalize across varying interference power

levels. We shall evaluate the performance of these models using SINR and BER metrics as

shown in previous sections.

4.8.2 Performance Analysis

Figure 4.11 presents a comprehensive comparison of the specialized and generalized CNN-AE

models across three interference scenarios, revealing intriguing patterns in the model’s gen-

eralization capabilities. The results demonstrate that training on a diverse dataset spanning

multiple SIR levels not only matches but frequently surpasses the performance of models

trained on specific SIR values.

For in-band tone interference (Figure 4.10a), the Multi-SIR CNN-AE demonstrates remark-

able superiority over the SIR-matched models, achieving consistent SINR improvements of 8-

12 dB across the entire SIR range. This substantial enhancement in interference suppression

capability is particularly noteworthy given the implications of replacing a single appropri-

ately trained multiple SIR model over several SIR matched models. The corresponding BER

measurements further validate this superior performance, with the Multi-SIR model achiev-

ing significantly lower error rates across all tested conditions. This suggests that exposure

to varied interference power levels during training enables the model to develop more robust

and effective feature extraction mechanisms, leading to enhanced interference discrimination

capabilities.

The out-of-band interference scenario (Figure 4.10b) reinforces these findings, exhibiting a
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similar performance differential. The Multi-SIR model maintains a consistent 7-10 dB SINR

advantage over its SIR-matched counterparts across the operational range. This substantial

improvement in interference suppression translates directly to enhanced signal quality, as

evidenced by the BER measurements showing nearly an order of magnitude reduction in

error rates. The model’s ability to achieve such significant improvements in out-of-band

interference scenarios suggests that the diverse training regime enables more effective learning

of spectral boundary characteristics and interference isolation strategies.

The CommSignal2 interference scenario (Figure 4.10c) presents a more nuanced picture of

generalization performance. In contrast to the tone interference cases, the SIR-matched

models demonstrate superior performance in the higher SIR regime (-10 dB to 0 dB), where

the interference characteristics more closely resemble the training conditions. This advan-

tage likely stems from the complex, non-stationary nature of the CommSignal2 interference,

which presents unique challenges for generalization. However, the Multi-SIR model main-

tains competitive performance across the lower SIR range and achieves parity with specialized

models at the most challenging condition of -30 dB SIR. This resilience at extreme interfer-

ence levels suggests that the generalized model develops robust feature extractors capable of

handling severe interference conditions, even if it sacrifices some optimization potential at

more favorable SIR levels.

The comprehensive performance analysis reveals several key insights about the CNN-AE

architecture’s generalization capabilities. First, the consistent superiority of the Multi-SIR

model in tone interference scenarios indicates that diverse training data enables the de-

velopment of more sophisticated interference suppression mechanisms. Second, the model

demonstrates remarkable adaptability across varying interference power levels, suggesting ef-

fective learning of fundamental interference characteristics rather than mere memorization of

specific conditions. Finally, the balanced performance in the CommSignal2 scenario, despite
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its increased complexity, validates the architecture’s robustness to challenging, real-world

interference patterns.

4.8.3 Implications for Practical Deployment

The Generalized multi-SIR CNN-AE model demonstrates significant advantages for prac-

tical wireless systems deployment. For tone interference, the Generalized multi-SIR model

outperforms specialized models by 7-12 dB SINR while reducing BER by an order of mag-

nitude. This eliminates the need for multiple Single SIR-specific models, reducing system

complexity and memory requirements.

The model shows strong generalization capabilities, maintaining high performance across

previously unseen interference power levels. This robustness is particularly valuable in dy-

namic environments where interference conditions change rapidly. While specialized models

perform marginally better for CommSignal2 interference at high SIRs, the Multi-SIR model’s

competitive performance across the full range makes it a reliable general-purpose solution.

These results demonstrate that the Multi-SIR CNN-AE architecture can effectively handle

diverse interference patterns while simplifying system implementation. The combination of

enhanced suppression performance and robust generalization makes it well-suited for next-

generation wireless systems operating in congested spectral environments.

4.9 Conclusion

This research establishes deep learning-based interference suppression as a paradigm shift

for modern wireless systems. The CNN-AE architecture demonstrates consistent superiority

over conventional matched filtering and least squares approaches across four critical metrics:
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spectral containment (PSD), bit error rate, signal fidelity (EVM), and SINR enhancement.

Experimental results reveal 15-20 dB interference suppression gains for wideband signals,

enabling reliable operation in environments where traditional methods fail below QPSK

thresholds.

The autoencoder’s performance stems from its ability to learn latent representations that

disentangle interference subspaces without prior knowledge of interference characteristics.

This contrasts sharply with MF’s requirement for precise template matching and LSF’s

dependence on stationary interference assumptions. Latent space analysis reveals cluster

separations between interference types, explaining the model’s robustness against diverse

disturbance sources.

The generalization study further validates the architecture’s effectiveness, with the Gener-

alized multi-SIR CNN-AE model achieving 8-12 dB SINR improvements over Single SIR-

matched models for tone interference. This superior performance extends to both in-band

and out-of-band scenarios, while maintaining competitive results with CommSignal2 inter-

ference across varying SIR levels. The ability of a single model to outperform specialized

implementations demonstrates the architecture’s robust learning of fundamental interference

characteristics rather than mere memorization of specific conditions.

Practical implications of these results extend across the following three domains:

1. Increased spectral efficiency through higher-order modulation support.

2. Expanded coverage via noise tolerance improvements.

3. Simplified deployment through reduced dependence on interference prior knowledge

and elimination of multiple specialized models.

While computational complexity requires consideration for real-time implementation, the

enhanced generalization capabilities present compelling cost-benefit advantages for 5G/6G
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networks. In the next chapter, we shall explore the effects of involving a cyclostationary

signal processsing approach to deep learning based interference excision in QPSK signals

and observe its effects on the reconstruction parameters.



Chapter 5

Deep Learning Interference

Suppression for Cyclostationary

Signals

5.1 Introduction

In this chapter we adopt a distinct strategy from our previous work: in earlier chapters, we

made no assumptions about signal properties and relied entirely on a data-driven solution

to achieve suppression. Here, we intentionally incorporate knowledge of cyclostationarity

(a statistical property inherent to digital communication signals like QPSK) to enhance the

performance and accelerate the convergence of our deep learning framework. This periodic

variation in statistical moments, arising naturally from symbol transitions, pulse shaping,

and carrier modulation, provides structural priors that guide neural networks toward more

efficient feature learning. By strategically encoding these known temporal correlations while

preserving data-driven adaptation, our framework achieves targeted interference suppression

against both structured and unstructured sources.

The core innovation lies in combining polyphase decomposition with convolutional autoen-

coders. Unlike conventional approaches that process entire signals holistically, our method

76
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partitions the interfered waveform into cyclostationary phase-aligned segments corresponding

to the upsampling factor. Each segment trains a dedicated autoencoder to isolate interfer-

ence patterns specific to that signal phase. This approach capitalizes on the cyclostationary

structure induced by the transmitter’s symbol rate and pulse shaping filters, enabling precise

suppression while preserving the desired signal’s integrity. The following sections detail the

signal model variations from previous experiments, architectural design, and performance

outcomes across three interference scenarios, providing insights into the interplay between

signal structure and deep learning.

5.2 Foundations of Cyclostationarity

Digital communication signals exhibit inherent periodicity in their statistical characteristics

due to underlying processes like symbol timing, carrier modulation, and pulse shaping. This

periodicity manifests not in the signal itself, but rather in its statistical correlations— a prop-

erty known as cyclostationarity. This section presents a formal analysis of cyclostationarity

for our choice of signal model based on explanations given in Chad Spooner’s online blog

[64]. For a signal x(t), cyclostationarity implies that its autocorrelation function Rx(t, τ ) is

periodic in time t for any delay τ :

Rx(t+ T0, τ) = Rx(t, τ ) (5.1)

where T0 represents the fundamental period. In QPSK systems, multiple sources of cyclosta-

tionarity exist simultaneously— the symbol rate (Rs) introduces periodicity at Tsym = 1/Rs,

while carrier modulation creates cycles at Tc = 1/fc for a center frequency fc, which is re-

moved if the signal is downconverted to the baseband signal. These cyclic features provide

a powerful mechanism for signal separation and interference suppression, as interfering sig-
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nals typically exhibit distinct cyclic frequencies. The cyclic autocorrelation function (CAF)

captures these periodic correlations:

Rα
x(τ) = lim

T→∞

1

T

∫ T/2

−T/2

x(t+ τ/2)x∗(t− τ/2)e−j2παtdt (5.2)

where α represents the cyclic frequency. For a QPSK signal, significant cyclic features

appear at α = ±1/Tsym and α = ±2fc, creating a unique spectral correlation signature that

distinguishes it from both noise and differently-modulated interference.

Our QPSK signal model generates complex baseband representations of waveforms through a

series of operations that introduce cyclostationary properties. The fundamental continuous-

time signal structure of a QPSK signal y is:

y(t) =
∑
k

skp(t− kTsym)e
j2πfct (5.3)

where sk represents QPSK symbols, p(t) is the pulse shaping filter, and Tsym is the symbol

period and fc is the carrier frequency of the modulating signal (which can be set to zero for

baseband simulation). The sinc pulse shape is defined as

p(t) = sinc(t/Tsym) (5.4)

When we sample this signal at a rate fs = 1/Ts, we obtain the discrete-time sequence:

y[n] = y(nTs) =
∑
k

skp(nTs − kTsym)e
j2πfcnTs (5.5)

The sampling process preserves the cyclostationary nature of the signal, but the statistical

properties of individual samples vary based on their position within the cyclostationary pe-
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riod. This means that samples y[n] and y[n+N ], where N corresponds to the cyclostationary

period in samples, will have identical statistical properties, while samples at different offsets

within this period may exhibit different statistical characteristics.

5.3 Signal Model for Cyclostationary Processing

The baseline QPSK signal generation process— involving bit generation, constellation map-

ping, upsampling, and pulse shaping — follows established methodologies that have been

described in Chapter 2. The next section describes the interference configurations of interest.

5.3.1 Interference Configurations

Three interference scenarios were utilized to test the framework’s versatility over different

Signal-not-of-interest (SNOI) scenarios:

1) CommSignal2 Interference: This signal is a non-stationary, wideband interferer with

time-varying spectral characteristics [61]. The CommSignal2 interference frame has the same

center frequency and overlapping spectral content with the signal of interest (clean QPSK

signal). A slice of the interference frame is extracted from the overall dataset and mixed at

a Signal-to-Interference ratio (SIR) of -10 dB over the clean QPSK signal. In addition to

this, gaussian noise is added to this mixture at a constant SNR of 10 dB which makes this

scenario identical to the one previously investigated.

2) Co-Channel QPSK Interference: A structured communication signal sharing the

QPSK modulation format but differing in symbol rate (50 MHz for SOI vs. 100 MHz for

SNOI) and center frequency (50 MHz offset) is used as the interferer for our SOI QPSK signal.

This scenario models co-channel interference in multi-user environments, where transmitters
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Figure 5.2: QPSK SOI interfered with QPSK SNOI Comparison

situated close to each other operate with imperfect spectral isolation. Unlike the previous

case, both the SOI QPSK and interfering QPSK are sampled at a much higher rate to mimic

a real wireless communication scenario. The SIR of the interfering signal is fixed at -10 dB

along with a fixed gaussian noise component of SNR 10 dB.
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3) Delayed Co-channel QPSK Interference: This case is identical to the previous one,

except that a 2-sample delay is introduced in order to avoid alignment of symbols between the

interfering QPSK and SOI QPSK. The delayed interferer tests the model’s ability to handle

temporal misalignment between desired and interfering symbols— a common situation in

mobile environments.

5.4 Methodology

5.4.1 Preprocessing and Data Preparation

The purpose of this preprocessing framework is to transform raw QPSK signals (both clean

and interfered) into structured representations that align with both the inherent cyclosta-

tionary properties of the modulated waveform and the operational requirements of neural

network architectures. We explore a processing structure in which the neural network se-

quentially reconstructs each sample of the SOI taking input of a window of the received

signal, with length Nwin and centered at the sample to be reconstructed. The preprocessing

pipeline can be broken down into two parts: Windowing and Phase Synchronization. Both

of these steps serve an important purpose to achieve the conditions of the study that we

want to investigate.

Signal Representation and Windowing

Consider a discrete-time complex-valued QPSK signal x[n] of length N = 512, where each

transmitted symbol spans four consecutive samples due to a sampling rate of 4× the symbol

rate. We apply a sliding window W of size Nwin across the signal with a stride of 1 to obtain

a windowed representation of the signal with a shortened context size.
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We use x = [x[1], x[2], . . . , x[N ]] to represent an N length interfered QPSK signal with each

x[k] representing an ordered pair of real and imaginary values for sample at kth position-

x[k] = [(Re(x[k]), Im(x[k])].

This sequence x is preprocessed into a windowed sequence as follows:

Odd-Length Window (Nwin = 2k + 1):

xWindowed =



0 0 . . . 0 x[1] x[2] . . . x[Nwin+1
2

]

0 0 . . . x[1] x[2] x[3] . . . x[Nwin+3
2

]

... ... ... ... ... ...

x[n− Nwin−1
2

] x[n− Nwin−3
2

] . . . x[n] x[n+ 1] x[n+ 2] . . . x[Nwin+(2n−1)
2

]

... ... ... ... ... ...

x[N − Nwin−1
2

] x[N − Nwin−3
2

] . . . x[N ] 0 0 . . . 0


(5.6)

An odd window size captures symmetric context centered around a target sample x[n],

with k samples before and k samples after it. The central sample x[n] anchors the

window, ensuring balanced temporal representation.

Even-Length Window (Nwin = 2k):

xWindowed =



0 0 . . . 0 x[1] x[2] . . . x[Nwin
2

]

0 0 . . . x[1] x[2] x[3] . . . x[Nwin
2

+ 1]

... ... ... ... ... ...

x[n− Nwin
2

] x[n− Nwin
2

+ 1] . . . x[n] x[n+ 1] x[n+ 2] . . . x[Nwin
2

+ n]

... ... ... ... ... ...

x[N − Nwin
2

] x[N − Nwin
2

+ 1] . . . x[N ] 0 0 . . . 0


(5.7)
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An even sized window captures asymmetric context, with k samples before x[n] and

k − 1 samples after (or vice versa). As it lacks a natural center value, it requires

selection of a weighted alignment.

Zero-padding is applied at all edges to maintain dimensionality at boundaries. The clean

QPSK signal counterpart y[n] of x[n] remains unaffected so far.

Polyphase Synchronization

The upsampled QPSK signal’s cyclostationarity manifests as phase-dependent statistical

patterns across its polyphase components. We have fixed the upsampling factor of QPSK

generation to the value of 4 in all our experiments, so we henceforth consider the number

of unique phase components to be 4. Hence, consider an interfered discrete-time signal

x[n] ∈ C512. The polyphase decomposition splits x[n] into Nphase = 4 subsequences:

xm[k] = x[4k +m], m ∈ {0, 1, 2, 3} (5.8)

Each subsequence xm corresponds to samples at phase m of the upsampling cycle with

x(m)[k] ∈ C128 represents each phase component in the polyphase subdivision of x[n]. In

simpler terms, every 4th sample of the sequence x[n] can be separated to form phase syn-

chronous subdivisions of the original signal. Under cyclostationary conditions, interference

exhibits phase-dependent correlations that individual autoencoders learn to suppress. A

sliding window of length Nwin extracts localized segments from each x(m), generating phase-

specific training datasets.

Now we shall apply the split operation done in equation (5.8) on equations (5.6) and (5.7)

to obtain the windowed and phase synchronzed subdivisions in equations (5.9) and (5.10).
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Below is the expression for a windowed version of xm where m ∈ 0, 1, 2, 3 are the 4 phase

synchronized subdivisions.1

Odd-Length Window (Nwin = 2k + 1):

xm,Windowed =



0 . . . . . . x[4m+ 1] x[4m+ 2] . . . x[4m+ 1 + Nwin−1
2

]

. . . x[4m+ 4] x[4m+ 5] x[4m+ 6] . . . x[4m+ 5 + Nwin−1
2

]

...
...

...
...

...

x[n− Nwin−1
2

] . . . x[4m+ 4n] x[4m+ 4n+ 1] x[4m+ 4n+ 2] . . . x[4m+ 4n+ 1 + Nwin−1
2

]

...
...

...
...

...

x[N − Nwin−1
2

] . . . x[N − (N − 1)%4− 1] x[N − (N − 1)%4] x[N − (N − 1)%4 + 1] . . . 0


(5.9)

Even-Length Window (Nwin = 2k):

xm,Windowed =



0 . . . x[4m+ 1] x[4m+ 2] . . . x[4m+ 2 + Nwin
2

− 1]

. . . x[4m+ 5] x[4m+ 6] . . . x[4m+ 6 + Nwin
2

− 1]

...
...

...
...

x[n− Nwin
2

] . . . x[4m+ 4n+ 1] x[4m+ 4n+ 2] . . . x[4m+ 4n+ 2 + Nwin
2

− 1]

...
...

...
...

x[N − Nwin
2

] . . . x[N − (N − 1)%4] x[N − (N − 1)%4 + 1] . . . 0


(5.10)

The expression for the clean signal counterpart of xm would thus be ym = [y[4m+1], y[4m+

5], y[4m+ 9], . . . , y[N − 4m+ 1]].

Dimensionality and Batch Structuring

The windowing operation induces a structured transformation of the original signal. This

operation is performed on an entire dataset of signals and the windowed version of each

signal is appended at the end of the previous one. For a signal of length N , the preprocessing
1The % symbol describes the modulo operator that returns the remainder after division.
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Figure 5.3: Cyclostationary analysis pipeline from preprocessing to reconstruction.
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generates four position-specific datasets with dimensions:

Xm ∈ R(N/4)×Nwin×2, ym ∈ R(N/4)×2, (5.11)

where N/4 denotes the number of symbols and also represents the dataset length dimension.

During training, these datasets are partitioned into mini-batches of size B, structured as:

Xbatch
m ∈ RB×Nwin×2, ybatch

m ∈ RB×2. (5.12)

This batching strategy preserves phase consistency across samples while enabling parallelized

gradient computations.

Intuition behind two-step process

The windowing operation constitutes a critical two-stage process that synergistically pre-

serves both localized temporal context and cyclostationary phase relationships within QPSK

signals. In the first stage, overlapping windows extract finite-length segments of the raw

signal, each spanning a symmetric neighborhood around a target sample. This localized

field of view retains short-term correlations between adjacent symbols—essential for iden-

tifying transient interference patterns that manifest across multiple consecutive samples.

The second stage reorganizes these windows into phase-synchronous subgroups, aligning

their central elements with specific positions within the QPSK symbol structure. This dual

mechanism ensures that each processed sample remains embedded within its native tem-

poral context while simultaneously adhering to the periodic statistical regularities inherent

to the modulation scheme. Isolated phase synchronization— merely decimating the signal

into non-overlapping phase-specific subsequences— would discard the interstitial informa-

tion between symbol phases, effectively obscuring interference signatures that span symbol
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boundaries or exhibit time-varying characteristics. We explore this thought in the results

section with training configuration that disregards phase synchronous cyclostationary sub-

dataset creation.

Window Size selection

An odd window size is generally the preferred choice as it ensures a well-defined central sam-

ple in each window, directly aligning with the clean reference signal y. This centralization

provides a symmetrical view of the surrounding neighborhood, preserving phase consistency

and making the learned relationships more interpretable. By maintaining a direct corre-

spondence between windowed samples and their clean counterparts, odd-sized windows offer

a more structured and intuitive representation of the signal, making them suitable for most

cases.

An even window size, in contrast, lacks a clear center, making it harder to establish direct

alignment with y. This can introduce ambiguity in interpretation. However, in specific

cases where the window size is deliberately chosen as a multiple or function of a key system

parameter shared by both the signal of interest (SOI) and the signal not of interest (SNOI),

an even-sized window may reveal structured patterns or periodic behaviors that are otherwise

less apparent.

While odd windows provide a more balanced and interpretable view, even windows may be

useful when system-specific design considerations take precedence. The choice depends on

whether direct sample alignment or structural integration with system parameters is the

primary objective.
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Figure 5.4: Cyclostationary Training Pipeline

5.4.2 Model Architecture and Training Setup

The high level architecture of our approach is described in Figure 5.4. We follow the same

QPSK dataset generation steps as previous chapters and then we split the 512 length signals

into 4 windowed datasets. The CNN-AE model architecture described in previous chapters

is used to create four models that are trained on each of the 4 phase synchronous subsets of

the original dataset.
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Figure 5.5: Small CNN-AE Architecture

The training process consists of four separate autoencoders, each corresponding to a phase-

split subset of the signal. Given the phase-split windowed training sets xtrain
m and ytrain

m for

m = 0, 1, 2, 3, each autoencoder AEm is trained to minimize the Mean Squared Error (MSE)

loss:

Lm =
1

N

N∑
i=1

∥∥AEm(x
train
m,i )− ytrain

m,i

∥∥2
, m ∈ {0, 1, 2, 3} (5.13)

where Lm represents the MSE loss for the m-th autoencoder, and N is the number of training

samples.

During inference, the trained autoencoders AEm process the windowed subsets of the test

set xtest
m , generating reconstructed outputs:

ŷtest
m = AEm(x

test
m ) (5.14)
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where ŷtest
m represents the denoised estimate of the signal for each phase component.

Once the outputs ŷtest
m are obtained, the inverse of the windowing operation W−1 is applied

to merge the phase components into the final reconstructed signal:

ŷ = W−1
(
ŷtest
0 , ŷtest

1 , ŷtest
2 , ŷtest

3

)
(5.15)

where W−1 represents the inverse transformation that reconstructs the full sequence by

interleaving the phase-aligned outputs back to the original tensor shape.

Thus, the final estimate ŷ is obtained by reversing the windowing process, ensuring that the

reconstructed signal maintains the original temporal structure.

The study investigates four distinct combinations of CNN-AE architectures and training

methodologies to evaluate the role of cyclostationary signal properties in suppressing in-

terference for QPSK systems. Each configuration is designed to isolate specific aspects of

dataset partitioning, model specialization, and architectural complexity, enabling a granular

analysis of their impact on suppression performance.

Standard Dataset (1 CNN-AE) serves as the baseline architecture, operating on the

full-length input signal where cyclostationary properties must be learned directly from data.

The autoencoder convolutional neural network (CNN-AE) processes the raw interfered signal

in its entirety, with an input tensor of shape (N, 512, 2), where N denotes the batch size, 512

represents the total upsampled samples per sequence, and 2 corresponds to the in-phase and

quadrature (I/Q) components. This end-to-end approach treats the signal as a monolithic

block, applying global feature extraction and reconstruction. It provides a performance

benchmark against which cyclostationary methods are compared, highlighting the trade-offs

between holistic signal processing and phase-specific decomposition.
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4 Windowed Datasets (4 CNN-AE) exploits cyclostationarity by partitioning the input

into four phase-aligned subsets as described in the preprocessing subsection. Due to the

upsampling factor of 4, the signal is divided into sequences corresponding to the (4m + k)-

th samples, where m ∈ {1, 2, 3, 0} indexes the phase and k corresponds to the samples in

the signal. The 512 length QPSK dataset is first processed into overlapping windows. and

then split into 4 phase subsets. Four independent CNN-AE models are trained on these

subsets, each to specialize in denoising signals from a specific cyclostationary phase. During

reconstruction, the outputs of these models are strategically interleaved, aligning with the

original phase partitioning to synthesize the full 512-sample signal. This configuration tests

the hypothesis that phase-specific desired signal patterns can be more effectively preserved.

4 Windowed Datasets (4 Small CNN-AE) retains the dataset partitioning strategy

of the previous setup but employs reduced-complexity models to evaluate computational

efficiency. Each model is a vastly simplified version of the standard CNN-AE architecture,

creating a “lightweight” variant which is called “Small CNN-AE” for ease of reference. An

illustration of the Small CNN-AE architecture is shown in Figure 5.5. The input dimensions

remain identical , but the diminished model capacity explores whether cyclostationary gains

are robust to architectural constraints. This configuration addresses practical considerations,

such as deployment in resource-constrained environments, by quantifying the performance

penalty incurred when using smaller models.

1 Windowed Dataset (1 CNN-AE) applies windowing without phase-based partitioning

to isolate the impact of localized processing. The full signal is segmented into overlapping

windows . A single CNN-AE model processes all windows uniformly, ignoring cyclostationary

phase alignment. Reconstruction involves concatenating output windows, mimicking the

baseline approach but operating on truncated signal segments. This setup distinguishes

between the benefits of general window-based reconstruction and those uniquely attributable
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to cyclostationary phase specialization, revealing whether localized processing alone suffices

for interference suppression.

Window Size selection for different Interference scenarios

For the CommSignal2 interference scenario, a window size of 17 (input shape— (N, 17, 2))

was selected to provide symmetrical context around a central sample, enabling direct align-

ment between the windowed input and the clean reference signal. This odd-sized window

facilitates more intuitive feature learning by maintaining phase consistency across the win-

dow. In contrast, for QPSK interference scenarios, a window size of 16 was deliberately

chosen to match the underlying signal structure (input shape— (N, 16, 2)), as both the

signal of interest and interfering QPSK signals share an upsampling factor of 4.

Collectively, these configurations reveal the interplay between signal segmentation strategies,

model specialization, and architectural complexity. The phased approaches (second and

third configurations) explicitly leverage cyclostationarity by aligning models with periodic

signal properties, while the non-phased setups (first and fourth) provide critical baselines

for isolating these effects and provide an absolute floor in terms of performance with all

samples passed at the same time and a singular windowed input shape model. The results

quantify how these design choices influence key metrics such as EVM, SINR, and BER,

providing insight into the value of exploiting cyclostationary properties of the signal. All

other training parameters including number of epochs, learning rate optimization are kept

the same as previous chapters.
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5.5 Experimental Evaluation and Discussion

5.5.1 Interference Suppression Performance

The efficacy of the proposed windowed processing methodology was rigorously evaluated

under three distinct interference scenarios: standard CommSignal2 interference, QPSK in-

terference, and delayed QPSK interference. Quantitative performance metrics, including

Error Vector Magnitude (EVM), Signal-to-Interference-plus-Noise Ratio (SINR), and Bit

Error Rate (BER), are consolidated in Tables 5.1–5.3 where the character ’W’ in brackets

indicates training performed on a windowed dataset2. These results demonstrate consistent

trends across experimental conditions, validating the interplay between input dimensionality,

model architecture, and interference suppression capability.

Table 5.1: CommSignal2 Interference Suppression Performance (Window Size - 17)

Model Type Input Shape EVM (dB) SINR (dB) BER
Standard CNN-AE (512,2) -20.19 20.03 0.0042
4 CNN-AE (W) (17,2) -16.11 16.04 0.0114
4 Small CNN-AE (W) (17,2) -14.45 14.37 0.0203
1 CNN-AE (W) (17,2) -12.47 12.45 0.0798

The baseline model, denoted as Standard CNN-AE, processes the full 512-sample signal

and achieves the best performance metrics, as anticipated. Its expansive input window

facilitates comprehensive temporal context utilization, enabling precise identification of in-

terference patterns. For instance, under CommSignal2 interference (Table 5.1), the baseline

attains a BER of 0.0042, representing an empirical upper bound for monolithic architectures.

In contrast, the phase-split four-model architecture (4 CNN-AE) attains a SINR of 16.04

dB, corresponding to 80% of the baseline’s performance, despite utilizing only 3.3% of the
24 model scenarios with (W) indicates cyclostationary phase-splitting into subdatasets, each processed by

a dedicated model. A 1 model scenario with (W) refers to windowed dataset training without cyclostationary
phase splitting.
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input samples. This reduction in input dimensionality underscores the inherent efficiency of

localized processing while retaining critical interference suppression functionality.

Table 5.2: QPSK Interference Suppression Performance (Window Size - 16)

Model Type Input Shape EVM (dB) SINR (dB) BER
Standard CNN-AE (512,2) -40.26 38.48 5.28e-5
4 CNN-AE (W) (16,2) -35.69 34.89 7.83e-5
4 Small CNN-AE (W) (16,2) -27.00 27.22 0.0005
1 CNN-AE (W) (16,2) -26.86 26.64 0.0009

Under QPSK interference (Table 5.2), the cyclostationary phase-split architecture narrows

the performance gap relative to the baseline, achieving 90% of the reference SINR. This

improvement is attributed to the alignment between the windowed processing framework

and the cyclostationary properties of the QPSK signal. Each submodel specializes in a

distinct phase of the 4-sample symbol period, enabling the extraction of phase-specific inter-

ference features that monolithic architectures fail to resolve. The reduced-complexity variant

(4 Small) retains 71% of the baseline’s SINR, indicating that parameter efficiency can be

achieved without significant performance degradation when paired with phase specialization.

Robustness to Timing Mismatches

Table 5.3: QPSK Interference (2 sample delay) Suppression Performance (Window Size - 16)

Model Type Input Shape EVM (dB) SINR (dB) BER
Standard CNN-AE (512,2) -41.62 38.73 4.53e-5
4 CNN-AE (W) (16,2) -34.99 34.29 9.64e-5
4 Small CNN-AE (W) (16,2) -27.46 27.24 0.00048
1 CNN-AE (W) (16,2) -24.70 24.70 0.0010

The delayed interference scenario (Table 5.3) evaluates architectural robustness to timing

misalignments. The phase-split 4 CNN-AE (W) system maintains 88% of its nominal SINR

under a 2-sample delay, compared to 94% retention in the baseline. This resilience is at-
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tributed to the localized nature of windowed processing, where submodels learn interference

features within constrained symbol phases, reducing sensitivity to global timing shifts. Con-

versely, the unified windowed model (1 CNN-AE) exhibits a 19% SINR degradation under

identical conditions, emphasizing the necessity of phase partitioning for timing-agnostic op-

eration.

5.5.2 Computational Efficiency and Real-Time Viability

The baseline architecture’s superior accuracy can be argued to be counterbalanced by the

computational complexity of working with a much larger input frame (analyzed in detail in

Section 5.5.5). The task of processing 512 samples necessitates significantly greater arith-

metic operations compared to the 16 or 17-sample windows employed in phase-split models.

The 4 CNN-AE (W) system reduces input dimensionality by more than 90%, enabling par-

allel execution across submodels. This parallelism permits concurrent processing of four

symbol phases, which could potentially reduce inference latency by 75% relative to sequen-

tial frameworks. Even the reduced-capacity 4 Small CNN-AE variant achieves comparable

latency reductions, demonstrating viability for edge computing applications with stringent

power and timing constraints.

5.5.3 Impact of Windowing strategy

The unified windowed model i.e. 1 CNN-AE (W), occupies an intermediate position be-

tween the baseline and phase-split architectures. While its SINR of 24.70 dB under delayed

sample interference lags behind its cyclostationary phase-split counterparts, it represents a

significant improvement from the -10 dB SIR of the interfered signal dataset. This indicates

that windowed processing inherently captures salient local context, although without resolv-
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ing phase-specific interference patterns. Its architectural simplicity may benefit applications

where moderate accuracy is permissible, but the phase-split paradigm remains indispensable

for high-fidelity suppression.

5.5.4 Loss Curve Convergence Analysis
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Figure 5.6: Loss Curve convergence comparison by interference type.
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The convergence behavior of cyclostationary phase-aligned models versus non-phase-aware

windowed processing reveals fundamental differences in learning efficiency across interference

scenarios. Figure 5.6 presents a comparison plot of training and validation loss trajectories,

measured using Mean Squared Error (MSE), for both CommSignal2 and QPSK interference

conditions, illustrating the distinct advantages of phase-aligned processing.

In each plot, six curves are displayed: the average training loss (dashed red) and average

validation loss (solid red) of the 4 CNN-AE (W) configuration trained on cyclostationary

phase-aligned subdatasets, the average training loss (dashed blue) and average validation

loss (solid blue) of the 4 Small CNN-AE (W) configuration trained on cyclostationary phase-

aligned subdatasets, the training loss (dashed black) and validation loss (solid black) of a

single CNN-AE model trained on a windowed dataset without phase alignment. Crucially, all

three approaches maintain identical input tensor dimensions—(N, 17, 2) for CommSignal2

interference and (N, 16, 2) for QPSK interference—ensuring a fair comparison of architectural

efficacy independent of input dimensionality effects.

For the CommSignal2 interference case (Figure 5.6a), the cyclostationary 4 CNN-AE (W)

architecture demonstrates superior convergence properties, reaching a validation loss of ap-

proximately 0.05 by epoch 20, while the windowed CNN-AE requires nearly 60 epochs to

achieve a similar loss. Notably, the 4 Small CNN-AE (W) variant, despite having substan-

tially fewer parameters, converges more rapidly than the windowed 1 CNN-AE architecture

and approaches the 4 CNN-AE’s convergence rate, although with a slightly higher asymptotic

loss value.

The QPSK interference scenario (Figure 5.6b) reveals more pronounced disparities between

modeling approaches. While all configurations exhibit faster convergence compared to

CommSignal2 interference—reflecting the structured nature of the QPSK interferer—the

cyclostationary 4 CNN-AE achieves a final validation loss of 0.0037, representing a 85%
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reduction compared to the windowed CNN-AE’s 0.0237. Most strikingly, the computational

efficiency advantages of the cyclostationary approach become evident when comparing the

Small CNN-AE to the windowed architecture, which once again noticeably outperforms it.

We observe that despite utilizing a small fraction the parameters of the 4 CNN-AE (W)

configuration, the phase-synchronized 4 Small CNN-AE (W) outperforms the substantially

larger windowed model in final validation loss for QPSK interference. This finding con-

clusively demonstrates that architectural complexity can be judiciously reduced when the

processing framework intrinsically aligns with the signal’s statistical structure. These con-

vergence patterns validate the dual-stage preprocessing rationale presented in Section 5.4.1.

The windowing operation alone provides valuable localized context, but without cyclosta-

tionary phase synchronization, it fails to fully exploit the inherent periodicity in the signal’s

statistical properties. The unified windowed model struggles to simultaneously learn interfer-

ence patterns across all four phase positions, whereas the cyclostationary phase-synchronized

approach partitions the learning task into four specialized subproblems. This decomposition

not only accelerates training but also improves generalization, as evidenced by the consis-

tently lower validation losses across both interference scenarios.

5.5.5 Model Complexity Analysis

Table 5.4: Model Architecture Complexity Comparison

Architecture No. of Models Parameters/Model Total Parameters
Standard CNN-AE 1 3,167,466 3,167,466
4 CNN-AE 4 3,176,066 12,704,264
4 Small CNN-AE 4 116,050 464,200
1 CNN-AE (Windowed) 1 3,176,066 3,176,066

The complexity distribution across these architectures reveals an intriguing trade-off between

computational burden and performance efficacy. The Standard CNN-AE, processing 512-
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length inputs through approximately 3.17M parameters, achieves the highest SINR (38.48

dB for QPSK interference) while maintaining architectural simplicity with a single model.

In contrast, the 4 CNN-AE approach quadruples the total parameter count to 12.7M, dis-

tributed across four models of 3.18M parameters each, yet delivers 90% of the baseline SINR

(34.89 dB) while processing only 3.1% of the input samples per model.

The 4 Small CNN-AE configuration presents perhaps the most compelling efficiency nar-

rative, reducing per-model complexity by 96% to just 116K parameters. Despite this dra-

matic reduction, it maintains 71% of baseline SINR performance (27.22 dB), suggesting that

phase-specific processing can partially compensate for reduced model capacity. The single

windowed CNN-AE, while matching the parameter count of its distributed counterparts at

3.18M, achieves only 64% of baseline SINR (24.70 dB), indicating that the performance ad-

vantages of windowed processing are intrinsically linked to phase specialization rather than

mere input segmentation.

These relationships between model complexity and performance metrics suggest that cy-

clostationary phase-specialized processing can achieve substantial efficiency gains without

proportional degradation in interference suppression capability. For instance, the 4 Small

CNN-AE architecture reduces total parameters by 85% compared to the baseline while sacri-

ficing only 29% of SINR performance, representing an advantageous complexity-performance

trade-off for resource-constrained applications.

5.6 Conclusion

This investigation suggests that cyclostationary-based windowing may offer a useful balance

between interference suppression and computational efficiency, making it a viable approach

for latency-constrained communication systems where periodic signal properties can be lever-
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aged. Three main takeaways emerge:

1. Phase-specific modeling is fundamental to high-performance interference suppression.

The 4 CNN-AE architecture attains 80–90% of the baseline’s SINR while utilizing 97%

fewer input samples, a feat enabled by submodel alignment with the QPSK signal’s

cyclostationary properties. Each submodel operates as a dedicated estimator for a

quarter of the symbol period, resolving phase-dependent interference features that

monolithic architectures inherently ignore.

2. The convergence analysis provides compelling evidence for the efficacy of phase syn-

chronized processing, with our cyclostationary approach demonstrating significantly

faster and more stable convergence trajectories. Notably, the 4 Small CNN-AE (W)

configuration achieved better convergence characteristics than the larger windowed

CNN-AE despite its dramatically reduced parameter count, confirming that architec-

tural alignment with signal structure offers greater performance benefits than mere

model complexity. This suggests that communication systems can achieve robust in-

terference suppression with minimal computational overhead when models are designed

to exploit inherent statistical periodicities.

3. Architectural specialization mitigates the limitations of reduced model capacity. The

4 Small CNN-AE variant retains 71–78% of the baseline’s standard CNN-AE’s per-

formance while reducing total parameters by 85% (from 3.17M to 464K parameters),

demonstrating that constrained models can achieve efficiency without complete accu-

racy loss when focused on narrow signal segments. This finding is very relevant for

resource-constrained deployments, such as IoT edge devices.

4. The parallelizable nature of phase-split cyclostationary processing can potentially ad-

dresses real-time operational requirements by splitting the training duration amongst
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multiple smaller submodels. By distributing computations across four specialized sub-

models, inference latency is reduced proportionally to the number of phases. This

could be a potential advancement for 5G NR and next-generation wireless systems

that demand microsecond-scale processing.

Future research directions could investigate hybrid architectures that integrate global sig-

nal context with phase-localized processing. Such frameworks may combine a lightweight

model analyzing full-signal trends with phase-specific submodels, potentially bridging the

performance gap between monolithic and windowed approaches. This methodology not only

advances interference suppression but also provides a foundational framework for future

development towards deep learning in latency-sensitive applications across wireless commu-

nications.
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Conclusion

Wireless communication systems face unprecedented challenges as networks grow denser and

spectrum becomes more crowded. This thesis addresses these challenges by combining deep

learning with classical signal processing principles, developing new methods to suppress in-

terference in dynamic environments. The work demonstrates how adaptive neural networks

can complement traditional techniques, creating systems that automatically learn to separate

signals from noise—even when interference patterns change unpredictably. Through exten-

sive experiments and theoretical analysis, we establish a foundation for building smarter

receivers that maintain reliability in complex real-world conditions.

6.1 Interference Suppression using CNN-AE

The core innovation of this research lies in the data driven deep learning approach of the

convolutional autoencoder (CNN-AE) architecture, which consistently outperformed conven-

tional approaches across all tested scenarios. When challenged with three major interference

types—in-band tones, out-of-band tones, and real-world wideband interference types, the

model achieved:

• 15–20 dB improvements in signal-to-interference-plus-noise ratio (SINR)

• 92% reduction in signal distortion (EVM)

102
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• 100x lower bit error rates compared to matched filtering

Additionally, our generalization study revealed remarkable capabilities of the Multi-SIR

training approach:

• 8-12 dB SINR improvements over SIR-matched models for tone interference

• Nearly an order of magnitude reduction in BER across varying SIR conditions in tone

interference.

• Competitive performance with CommSignal2 interference across all SIR levels using a

single model

These results prove that neural networks can learn universal strategies for interference sup-

pression, adapting to both narrowband and broadband disturbances without prior knowledge

of their characteristics. The Multi-SIR training approach further demonstrates that a single

model can effectively handle diverse interference scenarios, eliminating the need for multiple

specialized implementations. The latent space analysis provided critical insights, showing

how the network internally organizes different interference types into distinct clusters—a

finding that bridges machine learning “black boxes” with interpretable signal processing

concepts.

6.2 Cyclostationarity - Theory and Practice

A notable contribution emerged from integrating cyclostationarity—the inherent periodic

patterns in digital signals—into the deep learning framework. By aligning the neural net-

work’s processing windows with the QPSK symbol structure, we created a system that

understands the natural rhythm of communication signals. This strategic blend of domain
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knowledge and data-driven learning allowed the model to suppress interference with metrics

close to the data driven single model approach of CNN-AE using smaller input sizes for each

model and with a simpler DL architecture. The successful application of cyclostationary

properties demonstrates how wireless practitioners can effectively incorporate deep learning

into real-world designs, combining theoretical principles with modern computational tools.

6.3 Practical Impact and Considerations

The techniques developed here directly address pressing needs in 5G/6G networks and IoT

deployments, where devices must operate reliably despite crowded spectrum conditions.

CNN-AE’s capabilities of maintaining stable connections at signal strengths 10 dB lower

than traditional methods could be used to extend network coverage in urban areas. How-

ever, two practical constraints need attention: first, the computational cost of neural net-

works remains higher than classic filters, though hardware advancements are rapidly closing

this gap; second, while the model handles QPSK exceptionally well, its performance with

advanced modulations like 64-QAM requires further study.

6.4 Future Directions

The demonstrated success of deep learning in interference suppression opens concrete path-

ways to enhance both theoretical understanding and practical deployment. Immediate pri-

orities include transitioning the CNN-AE framework from simulation to real-world hardware

through joint optimization of algorithms and computing architectures. This requires co-

designing neural networks with FPGAs and low-power system-on-chip platforms, ensuring

compatibility with 5G’s strict timing constraints while maintaining the model’s suppression
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capabilities. Simultaneously, expanding the system’s adaptability to handle advanced mod-

ulation schemes will demand architectures that dynamically adjust their processing based

on real-time signal conditions, potentially through lightweight meta-learning approaches.

A potential area for future investigation lies in determining the robustness limitations of

the cyclostationary approach under practical timing impairments. The current framework

assumes perfect timing synchronization between transmitter and receiver, maintaining the

integrity of phase-aligned components. However, real-world communication systems fre-

quently encounter symbol timing offsets, clock drift, and sample loss—conditions that can

directly challenge the cyclostationary phase coherence assumption, which our method de-

pends upon. Future research could investigate scenarios of performance degradation as tim-

ing errors increase and explore adaptive synchronization mechanisms that are able to realign

phase components on-the-fly. Potential solutions might include incorporating elastic buffer-

ing techniques or designing a front-end estimation network that detects and corrects timing

misalignments before signals reach the phase-aligned autoencoder models. Understanding

these boundaries will clarify when to employ cyclostationary methods versus more timing-

agnostic approaches. Broadly speaking, these considerations explore edge case scenarios to

test the limits of the cyclostationary approach towards its breaking point.

A critical evolution lies in unifying digital suppression with analog front-end design. Current

models assume idealized signal conversion, but practical receivers suffer from amplifier non-

linearities and mixer imperfections that distort interference patterns. Developing end-to-end

trainable models that encompass both analog and digital domains could automatically com-

pensate for these hardware limitations, potentially boosting receiver sensitivity by 10–15 dB.

This integration must extend to network-level coordination, where base stations collabora-

tively share interference fingerprints through privacy-preserving federated learning—enabling

collective intelligence without raw data exchange.
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Finally, the accelerating convergence of terrestrial and non-terrestrial networks demands

protection against emerging interference types. Satellite-to-device communications, drone

swarms, and ultra-wideband radar systems create novel disturbance profiles that defy con-

ventional spectral management. Adapting the framework to handle time-varying Doppler

shifts and spatially distributed interferers will require embedding physics-based constraints

into neural architectures—for instance, using recurrent networks aligned with orbital me-

chanics. By pursuing these directions, future research can transform deep learning from a

promising tool into a foundational component of interference-resilient communication sys-

tems.

This work shows that deep learning and classical signal processing need not compete—they

can create synergistic solutions when carefully integrated. By grounding neural networks

in communication theory principles like cyclostationarity, we achieve systems that are both

adaptive and interpretable. As wireless technology advances toward 6G and ubiquitous IoT,

such hybrid approaches will become essential to efficiently manage the spectrum. The path

forward lies not in replacing decades of engineering wisdom, but in enhancing it with intel-

ligent algorithms that learn from the wireless environment itself. This thesis takes concrete

steps toward that future, providing tools and insights to build communication systems that

thrive in complexity rather than merely survive it.
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