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SUMMARY

This thesis presents the development of a comprehensive dataset for wireless commu-
nication signal processing, aimed at supporting machine learning applications in signal
classification, interference detection, and general signal processing. A key distinction of
this dataset is that the signals are not generated from random bitstreams, as is common
in most related works, but rather from the actual encoding of real video files into binary
form. This design choice makes the dataset highly relevant for practical applications and
allows for advanced evaluation scenarios in which model performance can be analyzed
not only at the signal level but also at the application level (e.g., video reconstruction).
Moreover, it opens the door to future research in areas such as semantic communications,
where the goal is to preserve meaning rather than strictly bit-level accuracy.

To generate this dataset, a suite of custom MATLAB applications was developed.
These include tools for video encoding into bitstreams, wireless signal generation with
diverse modulation schemes, and additional modules for signal demodulation and visu-
alization. These tools allow end-to-end evaluation of any model trained on the dataset.
In parallel, Python tools were created for visualizing the generated signals, providing in-
sight into their characteristics and aiding in the evaluation of their suitability for machine
learning tasks.

While the primary focus of this work is the creation of the dataset, a machine learning
model, specifically the UNet architecture, is also applied to the dataset to assess its via-
bility for signal processing tasks. The results of this preliminary evaluation demonstrate
the potential of the dataset for future research in data-driven wireless communication sys-
tems, offering a valuable resource for advancing the field of machine learning-based sig-
nal processing. This work lays the foundation for future studies exploring more advanced
machine learning models for interference mitigation, signal separation, and wireless com-
munication optimization.

Keywords: Wireless Communications, RF (Radio Frequency), ISM (Industrial, Sci-
entific and Medical) Band, Dataset, Modulation, Interference, Interference Mitigation,

Machine Learning.
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1. Introduction

Wireless communications have been a cornerstone of modern society since the early
20th century, evolving from basic radio signals to the complex mobile networks and IoT
systems we rely on today. As the demand for higher capacity, lower latency, and more
robust networks continues to grow, the integration of artificial intelligence (Al) into wire-
less technologies presents groundbreaking opportunities. Al promises to optimize net-
work management, enhance signal processing, and address persistent challenges such as
interference and spectrum management, paving the way for smarter, more adaptive com-
munication systems and the next generation of self-optimizing networks.

To contextualize the contributions of this work, the first subsection of the introduction
is devoted to a review of the current state of the art in machine learning applications for
wireless signal processing. In particular, it focuses on existing datasets that support RF
signal classification as well as other tasks related to this subject, which directly motivate
the creation of the dataset proposed in this thesis.

1.1. State of the Art

1.1.1. General Datasets for RF Signal Classification and Processing

This subsection presents widely known datasets designed for RF signal classification and
processing tasks. These datasets include a variety of modulation schemes and signal types
and are specifically created for different wireless signal processing applications.

The RF Challenge: The Data-Driven Radio Frequency Signal Separation Challenge

The RF Challenge: The Data-Driven Radio Frequency Signal Separation Challenge is
an initiative that promotes the use of deep learning methods for source separation and
interference rejection in radio-frequency (RF) signals [1]. The challenge focuses on signal
interference scenarios where co-channel interference overlaps in both time and frequency
with the signal of interest (SOI). It aims to advance the development of robust algorithms
that can handle the intricacies of RF signals without relying on predefined models of the
interference. This dataset consists of various real-world RF signal mixtures and provides
a benchmark for testing data-driven interference mitigation approaches.

Dataset Details:

e (QPSK and OFDM-QPSK Signals: The dataset includes single-carrier QPSK and
multi-carrier OFDM-QPSK signals as SOls.

o Interference Signals: Four types of interference signals are included—EMISignall,
CommSignal2, CommSignal3, and CommSignal5G1. These interferences are recorded



from actual RF devices and are characterized by their non-Gaussian nature and
varying bandwidths. The generation process for some of these interference signals
is unknown, while for others, such as CommSignal5G1, it is known.

The RF Challenge dataset enables testing of interference rejection techniques, partic-
ularly for environments where interference is complex and unpredictable, and where the
signal generation process may or may not be available.

The RadioML 2018.01A Dataset: A Benchmark for RF Signal Classification

One of the most prominent datasets in the field of machine learning for wireless com-
munications is RadioML 2018.01A, introduced by O’Shea et al. in their influential work
on over-the-air (OTA) signal classification [2]. This dataset serves as a cornerstone for
benchmarking radio signal classification models, especially those leveraging deep learn-
ing.

RadioML 2018.01A consists of 24 distinct modulation classes, including a mix of
analog and digital schemes, and both low- and high-order modulations such as AM, FM,
GMSK, OOK, BPSK, QPSK, and up to 256-QAM and 128-APSK. The dataset is split into
two configurations: a “Normal” set (11 basic modulations) and a more challenging “Dif-
ficult” set (all 24 classes), designed to emulate realistic classification complexity. Each
sample consists of 1024 I/Q time-domain samples, simulating a short-time observation
typical in many real-world RF tasks such as burst signal classification or rapid scanning
scenarios.

The signals are synthetically generated using GNU Radio-based simulation chains, in-
corporating realistic channel impairments such as additive white Gaussian noise (AWGN),
carrier frequency and clock offset, symbol rate offset, and multipath Rayleigh fading. It
is worth noting, that these signals were generated based on purely random bitstreams, not
reflecting the structure nature of many real-world transmissions.

This combination of synthetic diversity and impairment realism positions RadioML
2018.01A as arobust dataset for evaluating RF classifiers under challenging signal condi-
tions.

The confusion matrices presented in the paper show frequent misclassifications among
high-order modulations (e.g., 64-QAM vs. 256-QAM) and among analog AM variants.
These results highlight the difficulty of discriminating between spectrally dense modula-
tions, especially in low SNR environments.

The WAIR-D Dataset: Wireless AI Research Data for Realistic Channel Modeling

The Wireless Al Research Dataset (WAIR-D) [3] represents a significant step forward
in the development of realistic datasets for wireless communication systems enhanced
by machine learning. Proposed by researchers from Huawei Technologies and Zhejiang
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University, WAIR-D was specifically designed to address the limited diversity and realism
found in existing wireless datasets, which are typically based on statistical models or
constrained ray-tracing simulations.

WAIR-D distinguishes itself by combining large-scale data generation with high en-
vironmental fidelity. It is constructed using the PyLayers 3D ray-tracing simulator and
environmental data from OpenStreetMap (OSM), allowing realistic modeling of urban
building layouts and propagation conditions across more than 40 global cities. The dataset
includes radio channel responses under five carrier frequencies (2.6 GHz, 6 GHz, 28 GHz,
60 GHz, and 100 GHz), supporting a wide range of communication scenarios from sub-6
GHz to millimeter-wave (mmWave) applications.

Two primary scenarios are included in WAIR-D:

e Scenario 1: Comprising 10,000 unique environments, each containing 5 base sta-
tions (BSs) and 30 sparsely deployed user equipments (UEs), generating 150 radio
links per environment. This scenario supports generalization studies across diverse
environments.

e Scenario 2: Featuring 100 dense environments selected from Scenario 1, each with
1 BS and 10,000 densely placed UEs. It enables fine-tuning and transfer learning
tasks under dense deployment settings.

The dataset structure is comprehensive and modular. Each environment includes
files with propagation path data (e.g., delay, angle of arrival/departure), environmental
metadata (BS and UE positions, region size), and simulated channel responses per fre-
quency. Additional scripts and example tasks such as environment reconstruction and
spatial beam prediction are provided to demonstrate dataset usage. Notably, the dataset
allows user-specific channel synthesis, facilitating experiments with different antenna ar-
rays, numerologies, and OFDM configurations.

The Panoradio SDR Dataset: HF Signal Classification with Simulated Impairments

The Panoradio SDR [4] dataset offers a collection of 18 waveform types primarily used
in the high-frequency (HF) band (3-30 MHz), generated to support machine learning-
based radio signal classification. Each signal is represented by 2048 complex I/Q sam-
ples at a sampling rate of 6 kHz, capturing a duration of approximately 340 ms. The
dataset includes typical communication impairments such as additive white Gaussian
noise (AWGN), Watterson fading (to emulate ionospheric propagation), and random fre-
quency and phase offsets.

Signals in this dataset are modulated using audio-based sources, including speech,
music, and text.



1.1.2. Technology-Specific RF Datasets

Beyond general-purpose RF signal datasets, there exists a broad set of resources tailored
for highly specific applications, technologies, or frequency bands. These datasets often
serve well-defined research objectives. While they contribute valuable insights within
their domains, their focus limits their applicability in more general signal processing or
machine learning frameworks aimed at broader wireless environments.

Nextly, several of these application-specific datasets are briefly reviewed and their
specific orientation are highlighted.

WiSig: RF Fingerprinting of WiFi Devices

The WiSig dataset[5] contains signal captures from 174 off-the-shelf WiFi transmitters
recorded across 41 USRP receivers. It was created to support research in RF fingerprint-
ing, where the objective is to uniquely identify devices based on physical-layer imper-
fections in their transmissions. While rich in WiFi-specific signal diversity, the dataset is
limited to a single technology and a specific application—device authentication—making
it unsuitable for tasks involving modulation diversity or cross-technology interference.

DeepMIMO: mmWave and Massive MIMO Modeling

DeepMIMO [6] is a synthetic dataset based on ray-tracing simulations designed for mmWave
and massive MIMO scenarios. It supports research in beamforming, channel estimation,
and user localization at frequencies up to 60 GHz. However, the dataset is entirely syn-
thetic and focuses solely on high-frequency scenarios with directional beam management,
which diverges from the objectives of studies centered on interference-rich, heterogeneous
wireless environments.

OPERAnet: Multimodal Activity Recognition

OPERAnet [7] provides multimodal sensor data—including WiFi CSI, passive radar, UWB,
and RGB/depth images—from indoor environments to support activity recognition tasks.
While it demonstrates the integration of RF and vision-based sensing, the dataset is geared
towards spatial and behavioral inference rather than communication-oriented signal pro-
cessing, and it lacks signal diversity across wireless technologies or modulation formats.

Bluetooth and WiFi Dataset for RF Fingerprinting

This dataset captures real-world Bluetooth and WiFi transmissions from commercial de-
vices to support RF fingerprinting studies. The signals were recorded over several days
and under variable conditions to reflect device-specific variations. Its focus on device



identification via physical-layer characteristics constrains its use to scenarios where trans-
mitter identification is the primary goal, rather than signal classification, modulation anal-
ysis, or interference mitigation [8].

1.1.3. Interference Datasets

This subsection provides an overview of key publicly available interference datasets, de-
tailing their structure, signal types, application domains, and limitations. Designed for
tasks like protocol classification, jamming detection, or technology coexistence studies,
these datasets focus on specific environments such as radar, WLAN, or Bluetooth. While
useful for targeted use cases, they are not suited for developing general-purpose machine
learning models for wireless interference recovery [9].

Radar Interference Dataset

One of the few public datasets designed for RF interference suppression is the Radar
Interference Dataset by Ristea et al. [10]. This dataset was generated to support deep
learning models in identifying and mitigating interference in automotive radar systems,
a domain where accurate perception is critical and where interference can originate from
neighboring vehicles operating similar radar systems.

The dataset comprises 48,000 samples, each corresponding to a simulated automotive
radar signal. It contains three categories: interference-free signals, signals with interfer-
ence, and a label vector indicating the complex amplitude values at the target location.
While fixed parameters such as bandwidth, sampling frequency, center frequency, and
sweep time were maintained across the dataset, other features like signal-to-noise ratio
(SNR), signal-to-interference ratio (SIR), target amplitude, distance, and phase were ran-
domly varied using uniform distributions.

Given the complex and dynamic nature of radar signals—exacerbated by the extensive
spectrum sharing between radar and communication systems—accurately simulating such
interference is challenging, which makes this dataset specially interesting. However, its
scope remains quite limited. It includes only a single interference source per sample and
focuses exclusively on FMCW automotive radar systems.

Radio Frequency Interference Dataset

The Radio Frequency Interference (RFI) Dataset presented by Ujan et al. [11] focuses
on real-time satellite-to-ground communication signals combined with multiple jamming
interferences. The dataset was generated by transmitting a digital video stream based on
the DVB-S2 standard using a Software Defined Radio (SDR) setup involving GNU Radio
and USRP hardware.



Three well-known types of jammers are incorporated into the dataset to simulate re-
alistic interference scenarios: Continuous Wave Interference (CWI), Multi-Continuous
Wave Interference (MCWI), and Chirp Interference (CI). These jamming signals are com-
bined with the signal of interest (Sol) at varying signal-to-noise ratios to increase the
dataset’s complexity and relevance.

A distinctive feature of this dataset is the use of scalograms — the squared magni-
tude of the continuous wavelet transform (CWT) — to represent received signals in the
time-frequency domain. These scalograms serve as inputs to several pretrained convo-
lutional neural networks (CNNs) such as AlexNet, VGG16, GoogleNet, and ResNet18,
facilitating direct feature extraction for interference recognition and automatic modulation
classification (AMC).

The dataset comprises 4800 observations with multiple modulation types (QPSK,
8APSK, 16APSK, and 32APSK) and varying interference conditions.

CRAWDAD Dataset

The Community Resource for Archiving Wireless Data at Dartmouth (CRAWDAD) [12]
was created to fill the gap in capturing real-world wireless network data, enabling a deeper
understanding of how users and devices interact in diverse environments. As of the latest
update, CRAWDAD hosts over 125 datasets covering various wireless communication
applications, contributed by more than 14,000 users across over 120 countries.

A notable dataset within CRAWDAD, contributed by Schmidt et al. [13], comprises
packet-level traces of IEEE 802.11b/g, IEEE 802.15.4, and Bluetooth transmissions with
varying signal-to-noise ratios (SNR) in the baseband. This dataset includes fifteen dif-
ferent device classes, featuring ten IEEE 802.15.1 devices, three IEEE 802.11 devices,
and two IEEE 802.15.4 devices. Additional datasets within CRAWDAD focus on HTTP
traffic measurements over 802.11 in dense wireless classrooms and RSSI traces collected
under controlled noise injections [14], [15].

Real-Time Interference Identification for IoT Devices

Grimaldi et al. [16] collected experimental data in four different environments, including
interference-free, controlled interference, and uncontrolled real-world interference sce-
narios. The dataset comprises over 100,000 labeled interference bursts originating from
Bluetooth and Bluetooth Low Energy (IEEE 802.15.1 and 802.15.1 BLE), ZigBee (IEEE
802.15.4), and WLAN (IEEE 802.11) devices.

A key contribution of this work is the heterogeneous nature of the interference, which
supports the development and evaluation of interference identification methods suitable
for diverse wireless coexistence scenarios.



1.1.4. Applications of Wireless Signal Datasets: Use Cases

Public wireless signal datasets play a crucial role in advancing machine learning tech-
niques for signal processing tasks such as interference rejection, modulation classifica-
tion, and signal recovery. These datasets provide standardized benchmarks that enable
researchers to develop, compare, and refine algorithms under realistic and challenging
conditions.

The RF Challenge

Building on the earlier discussion of the RF Challenge dataset [17], the RF Challenge
[18] further explores the issue of single-channel RF signal separation in the presence of
overlapping interference from diverse wireless technologies such as WiFi, Bluetooth, Zig-
Bee, and 5G. This dataset includes mixtures where interference overlaps with the signal of
interest in both time and frequency, often with minimal or no prior knowledge of the inter-
ference’s generation process, making it a challenging real-world scenario for traditional
methods.

The RF Challenge has significantly advanced data-driven interference mitigation tech-
niques, with teams developing deep learning models like UNet and WaveNet architec-
tures. These models outperform classical methods by orders of magnitude in bit error
rate and mean squared error, setting a new benchmark for testing interference rejection
approaches and pushing the development of solutions that can generalize across various
interference types.

The RF Challenge dataset [1] was designed to replicate realistic RF interference con-
ditions, featuring four signal mixtures that combine up to four wireless technologies, in-
cluding WiFi, Bluetooth, ZigBee, and 5G. Captured using software-defined radios, these
mixtures reflect real-world channel effects and hardware imperfections. Presented as
single-channel complex time-domain signals without source labels, the task is framed as
blind source separation. Its realism and diversity make it a key benchmark for evaluating
deep learning approaches in RF signal recovery.

The Automotive Radar Use Case

Another illustrative example of how publicly available datasets are employed in wireless
signal processing is found in the domain of automotive radar systems. Ristea et al. [10], as
discussed in Oyedare’s thesis [9], developed a dataset of FMCW radar signals annotated
for interference presence and target location. While previously described in Section 1.1.3,
its relevance here lies in its use for training supervised deep learning models capable of
identifying interference and extracting spatial features from radar returns.



1.2. Motivation and Relevance of the Study

The primary motivation for this work arises from the growing need for high-quality,
large-scale datasets specifically tailored for wireless communication signal processing.
While fields like image and audio processing have an abundance of publicly available
datasets, the same cannot be said for radio frequency (RF) signals. This lack of structured
and versatile datasets limits the development of robust machine learning models for appli-
cations such as signal classification, interference rejection, and signal recovery in wireless
environments. Existing datasets are often narrow in scope, limited in diversity, or tied to
very specific use cases or technologies.

A review of current datasets highlights these gaps clearly. The RF Challenge dataset
is valuable for signal separation and interference mitigation in RF environments, but it has
limitations as a general benchmark. Many signals, such as EMISignall, CommSignal2,
and CommSignal3, lack detailed information on their generation process, limiting their
use for models that rely on understanding signal structures. Additionally, the dataset is
focused on specific RF scenarios and does not include a variety of wireless technologies
or higher-layer protocol behavior, making it more suited for interference testing rather
than general wireless communication tasks [18].

The widely used RadioML 2018.01A dataset provides a rich variety of modulations
under controlled impairments, including an over-the-air (OTA) component, but it lacks
cross-technology interference scenarios and is based solely on randomly generated bit-
streams without application-level structure or temporal coherence. Additionally, it is cen-
tered around basic modulation formats such as PSK and QAM, without targeting specific
wireless technologies like Wi-Fi, Bluetooth, or 5G. As a result, the dataset does not in-
corporate higher-layer protocol behavior or realistic network-level traffic structures that
would be encountered in practical wireless communication systems [2].

WAIR-D, while comprehensive in its modeling of radio channels and environmental
realism, focuses exclusively on channel-level information and does not include different
modulated baseband signals or structured traffic patterns relevant to signal classification
tasks. This makes this dataset solely focused on the study of propagation characteristics
and environment-aware modeling, rather than on the analysis of modulated signals or
communication protocols [3].

Similarly, the dataset introduced by Scholl [4] focuses on HF radio transmissions us-
ing synthetic signals based on modulated audio sources, such as speech or music, which
may lack the consistent temporal structures or complexity found in higher-layer appli-
cation traffic like video streams. Moreover, its scope is restricted to the high-frequency
(HF) band, which, while relevant for long-range communication and amateur radio, is
not representative of modern wireless systems that operate predominantly in the UHF and
microwave ranges, such as Wi-Fi, LTE, or 5G [4].

Other datasets are highly specific in their design: WiSig is devoted to RF fingerprint-
ing of WiFi devices, offering signal diversity across transmitters but only within a single



technology and task [5]. DeepMIMO is synthetic and focused on mmWave and massive
MIMO modeling for beamforming and localization applications [6]. OPERAnet com-
bines RF and vision data for activity recognition, emphasizing behavioral inference rather
than signal analysis [7]. Similarly, the dataset from Jagannath et al. captures real-world
WiFi and Bluetooth transmissions for fingerprinting, but focuses on prolonged emissions
and lacks the signal diversity and traffic structure required for broader signal processing
studies [8].

Finally, regarding datasets focused specifically on interference, the Radar Interference
Dataset by Ristea et al. [10] focuses exclusively on FMCW automotive radar signals with
a single interference source under controlled simulation parameters. While valuable for
radar interference studies, it lacks diversity in signal types and interference scenarios.
Also, dataset’s controlled conditions and lack of signal diversity make it unsuitable for
training general-purpose foundation models intended to operate across a wide range of
wireless scenarios.

The Radio Frequency Interference (RFI) Dataset by Ujan et al. [11] includes satellite
communication signals with several jamming types, represented as scalograms for deep
learning. However, its scope is limited to a specific satellite communication setting and
predefined jammers, without support for flexible modulation schemes or layered traffic
structures.

The CRAWDAD repository [12], [13] provides extensive real-world traces from Wi-Fi,
Bluetooth, and IEEE 802.15.4 devices. Although rich in real-world diversity, CRAWDAD
datasets primarily consist of packet-level captures lacking detailed physical-layer impair-
ments or controlled interference injection. This limits their use for training models that
require fine-grained signal degradation knowledge.

Grimaldi et al. [16] gathered over 100,000 interference bursts from heterogeneous
wireless devices in various environments to enable real-time interference identification
on IoT hardware. While providing valuable insights into interference classification, their
dataset focuses on specific 2.4 GHz band technologies and hardware constraints, limiting
generalization.

In light of the limitations observed in existing datasets and the inherent complexity
and diversity of modern wireless communication scenarios, this research proposes the
creation of a dataset designed not around a single technology or fixed interference con-
ditions, but to reflect the broad range of modulations, impairments, and traffic structures
found in real-world systems. While the dataset itself does not include interference signals
directly, it is designed with modularity and extensibility in mind, providing flexible tools
to easily incorporate synthetic and real interference, as well as to customize impairments
and signal conditions. This approach, combined with structured traffic patterns derived
from application-level sources such as video streams, aims to support a wide variety of
machine learning applications in signal recovery, classification, interference mitigation or
any other signal processing technique applicable. Additionally, unlike in challenges such



as the RF Challenge [18], where no prior information about the signals is provided, our
framework allows full access to metadata and signal properties, facilitating reproducibil-
ity, interpretability, and debugging. Ultimately, this work seeks to lay a more realistic,
robust, and reproducible foundation for data-driven wireless communications research,
empowering users to tailor datasets and scenarios to their specific needs.

1.3. Contributions and Structure of the Thesis

The main contribution of this thesis is the generation of a diverse and high-quality
dataset for wireless communication signal processing. This dataset includes several differ-
ent modulation techniques and configurations and has been designed to support machine
learning applications, specifically for tasks like signal classification, interference detec-
tion, and general signal processing. Unlike other datasets based on random bitstreams,
the signals in this dataset are generated from structured video data, which introduces mul-
tiple layers of complexity and temporal coherence. This additional structure provides a
more realistic representation of real-world communication scenarios, allowing for more
detailed evaluation and revision. Importantly, the dataset will be released as a free and
open-access resource, enabling the research community to use, reproduce, and extend the
experiments presented in this work.

To facilitate the generation of this dataset, several applications and tools have been
developed in both MATLAB and Python languages, complementing each other. This
applications will be provided and explained throughout this project.

e MATLAB Tools for Signal Generation and Visualization of Interferences: A
set of MATLAB applications was developed to generate wireless signals with vari-
ous modulation schemes and noise conditions. These tools also allow for the com-
parison of multiple signals simultaneously, facilitating the analysis of different sig-
nal types and interference scenarios.

e Python notebook and scripts for Signal Visualization and Interference Gener-
ation: A Python-based framework has been developed to visualize the signals gen-
erated in MATLAB. This includes visualizing time-domain signals, spectrograms,
constellations, and signal power distributions. Additionally, some other Python
scripts have been developed with functions for generating new datasets containing
interfered signals by combining and manipulating the original clean datasets among
themselves. These capabilities offer insights into signal characteristics and the im-
pact of noise and interference, helping to assess and extend the dataset’s suitability
for diverse machine learning tasks.

These contributions provide a solid foundation for future research in machine learn-
ing for wireless communication. The dataset and associated tools enable researchers to
explore new methods for signal processing using machine learning techniques. Moreover,
the framework developed throughout this thesis serves as a comprehensive, data-driven
solution for wireless communications. It is intuitive and easy to use across a wide range
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of applications, particularly in the realm of wireless signal processing. This framework
not only includes the tools for dataset generation and visualization, but also provides the
necessary utilities to evaluate the performance of machine learning models in real-world
tasks, such as interference mitigation.

This work demonstrates the use of the entire system to evaluate interference mitigation
models. The dataset generation tools, along with signal visualization and manipulation
capabilities, are employed to assess model performance. This integrated framework high-
lights the practical and scalable potential of machine learning for signal processing in
wireless communications.

1.3.1. Structure of the Thesis

This document is organized into four main chapters, each addressing a fundamental part
of the project. The first chapter serves as an introduction to the overall context and goals
of the thesis. It begins by outlining the motivation behind the work and reviewing the
current state of the art in wireless communication datasets, highlighting their structures,
signal types and limitations. This chapter also explores some of the main applications of
these datasets. It concludes with a brief overview of the proposed dataset and a description
of the software tools and environments used throughout the project.

The second chapter focuses on the generation and organization of the dataset. It ex-
plains the types of signals included, the rationale behind their selection, and how they
were generated using MATLAB tools and application-level traffic sources such as video
streams. It also describes the structure and format of the dataset files, stored using HDFS5,
and the additional tools created in Python to assist with visualization and signal interfer-
ence. Particular attention is given to the development of a modular structure that allows
for the future addition of other signals or impairments in a controlled and reproducible
way.

In the third chapter, a case study is presented to demonstrate the usefulness and flex-
ibility of the dataset. A UNet-based neural network is trained using the generated sig-
nals, and its performance in recovering signals under synthetic interference conditions is
evaluated. The chapter includes both quantitative metrics and visual comparisons using
MATLAB applications to assess the effectiveness of the interference mitigation process.

Finally, the fourth chapter summarizes the results and conclusions of the project. It
highlights the effectiveness and flexibility of the developed dataset, emphasizing its abil-
ity to support a wide range of wireless signal processing tasks. The chapter also outlines
several promising future directions for extending the framework, such as incorporating
additional wireless technologies, expanding the dataset’s diversity, and enhancing ma-
chine learning models for more robust signal recovery and interference mitigation. The
potential of this dataset and framework as a foundation for advanced research in data-
driven wireless signal processing is thoroughly discussed, opening pathways for further
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exploration in the field.

1.4. Tools and Software Used

This section presents the main tools and software environments used throughout the
development of this project, both for signal generation and processing, as well as for
dataset construction and machine learning experimentation.

1.4.1. MATLAB

MATLAB has been the primary environment used for signal generation, signal process-
ing, and data preparation. Leveraging the Wireless Waveform Generator toolbox [19],
custom scripts were developed to synthesize realistic wireless communication signals,
ranging from basic signals such as PSK or QAM, even OFDM, to more complex signals
including WiFi or Bluetooth transmissions. These scripts allow flexible configuration of
modulation schemes and the injection of AWGN.

In addition, MATLAB was used for demodulating and decoding received signals, en-
abling a clear evaluation of signal recovery performance. It was also instrumental in
preparing visual comparisons between clean, interfered, and recovered video streams,
helping validate the qualitative impact of interference suppression.

Custom MATLAB functions were also developed to facilitate dataset generation in
HDFS5 format, to ensure proper organization of signal metadata and consistency across
training samples.

1.4.2. Python

Python was used primarily for signal visualization and dataset augmentation. A dedicated
Jupyter notebook framework was built to visualize time-domain waveforms, frequency-
domain characteristics (via spectrograms), constellation diagrams, and signal energy dis-
tributions. This visualization suite allowed for fast qualitative assessment of the impact
of impairments and interference.

Additionally, the Python framework includes utilities for generating new datasets by
combining clean signals with synthetic or captured interference, enabling controlled ex-
perimentation. These tools ensure reproducibility of experiments and flexibility in sce-
nario construction for machine learning tasks.

The development and execution of Python code were carried out mainly using Google
Colab and Visual Studio Code, providing an efficient and flexible environment for exper-
imentation, visualization, and collaboration.
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1.4.3. Computational Resources

The training of deep learning models for signal recovery was conducted using an NVIDIA
RTX 6000 Ada Generation GPU, which provided the necessary performance for handling
large datasets and complex architectures. This machine is part of the computational in-
frastructure of the Signal Theory Department, and its use was carried out under the su-
pervision of Dr. Alejandro Lancho, the advisor of this thesis. All signal generation and
dataset preparation tasks were carried out on a local workstation (HP 15s laptop), which
was sufficient for running MATLAB and Python tools efficiently. This separation of com-
putational workloads allowed for a streamlined workflow from signal synthesis to neural
network evaluation.
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2. Dataset Generation and Description

As already introduced, the main objective of this project is to generate a sufficiently
large dataset of wireless communication signals that can serve as a reference for training
future models in signal processing.

This dataset will be designed to provide all the necessary resources for working with
wireless signals, covering the entire process from signal generation to the proper evalu-
ation of processing techniques applied to them. To achieve this, the dataset will include
not only the waveform representations of the signals but also the original bit sequences
used for their generation.

2.1. Overview of Wireless Signals and Datasets

Wireless communication systems rely on the transmission and reception of radio fre-
quency (RF) signals to convey information over the air. These signals are typically repre-
sented in their baseband form using in-phase (I) and quadrature (Q) components, which
together constitute the complex envelope of the waveform. The I/Q representation pro-
vides a complete description of the signal’s amplitude and phase variations, which are
essential for both modulation and demodulation processes. In practical digital implemen-
tations, these I and Q components are sampled at discrete time intervals, resulting in a
sequence of complex-valued samples—each containing a real (I) and an imaginary (Q)
part—that represent the time-domain waveform of the signal. These complex samples are
the standard input for signal processing algorithms and machine learning models, as they
encapsulate all the dynamic information required to reconstruct and analyze the signal
behavior. Therefore, these complex-valued sequences of samples will be the components
of the waveform of our datasets [20].

Modulation is a fundamental process in wireless systems, whereby digital informa-
tion (bitstreams) is encoded onto an analog carrier wave by varying one or more of its
properties—typically amplitude, frequency, or phase. Common modulation schemes in-
clude phase-shift keying (PSK), quadrature amplitude modulation (QAM), and orthogo-
nal frequency-division multiplexing (OFDM), each offering different trade-offs in terms
of bandwidth efficiency, resilience to noise, and complexity. Some of them will be studied
more deeply throughout this projects.

These modulated baseband signals are then upconverted to a carrier frequency suitable
for transmission over a specific wireless channel. The RF spectrum is typically divided
into different bands, such as the 2.4 GHz and 5 GHz industrial, scientific, and medi-
cal (ISM) bands used by technologies like Wi-Fi and Bluetooth, or the sub-6 GHz and
millimeter-wave (mmWave) bands used in LTE and 5G systems.

The received signals are usually corrupted by various channel impairments, including
additive white Gaussian noise (AWGN), fading, Doppler shift, and interference from other
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users or technologies. The I/Q signal format allows these effects to be captured faithfully,
making it an ideal representation for processing and machine learning applications.

Concerning signal processing tasks based on ML/AI techniques, access to large col-
lections of labeled I/Q samples (organized in well-structured datasets) is essential. Such
datasets must not only include the raw signal waveforms, but also metadata such as the
modulation type, signal-to-noise ratio (SNR), interference characteristics, and the original
bit sequences, to enable proper training and evaluation of these machine learning models.

2.1.1. Signal Types to be Covered in the Dataset

The dataset developed in this work is designed to encompass a broad spectrum of wireless
communication signal types, ranging from simple, well-understood modulation schemes
to complex real-world communication standards. Initially, the dataset will include base-
band waveforms generated using canonical modulation formats such as phase-shift key-
ing (PSK), quadrature amplitude modulation (QAM), and orthogonal frequency-division
multiplexing (OFDM). These fundamental modulations serve as a controlled baseline for
evaluating signal processing and machine learning algorithms.

Beyond these, it will also incorporate more sophisticated wireless communication sig-
nals. Specifically, it will cover signals operating in the ISM radio bands, such as Blue-
tooth and several Wi-Fi standards. These signals present a higher level of complexity due
to their protocol stack structure, time-varying traffic patterns, and coexistence behavior in
dense spectrum environments.

Canonical Modulation Schemes

Canonical digital modulation schemes form the foundation of most wireless communica-
tion systems. In this dataset, we include a range of commonly used modulations to provide
a controlled environment for evaluating machine learning models and signal processing
algorithms.

Phase-Shift Keying (PSK) is a family of modulation schemes where the phase of
the carrier wave is varied according to the digital information. The dataset includes bi-
nary PSK (BPSK), quadrature PSK (QPSK), and 8-PSK to represent low- to moderate-
complexity systems [20].

Quadrature Amplitude Modulation (QAM) combines both amplitude and phase
variations, allowing for higher spectral efficiency. The dataset includes widely used vari-
ants, up to 4096-QAM, which are prevalent in standards like Wi-Fi and LTE [20].

Orthogonal Frequency-Division Multiplexing (OFDM) is a multicarrier modula-
tion scheme that divides the signal bandwidth into multiple orthogonal subcarriers, each
modulated independently. OFDM is used in nearly all modern wireless systems due to
its robustness against multipath fading and frequency-selective channels. The dataset
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includes pure OFDM signals modulated using QAM on each subcarrier, enabling experi-
ments on time-frequency domain behavior [20].

Direct Sequence Spread Spectrum (DSSS) is a spread-spectrum technique in which
the transmitted signal is spread over a wider frequency band than the original signal
bandwidth using a pseudo-random code. DSSS improves resistance to narrowband in-
terference and enhances signal security and reliability. It is employed in technologies
such as IEEE 802.11b and early versions of Bluetooth. Including DSSS signals in the
dataset enables the study of spreading effects and their interactions with various types of
interference and noise [21].

These canonical modulations are generated in isolation and they form the baseline for
more complex signal environments addressed later in the project.

Technology-Specific Communication Signals: Bluetooth and Wi-Fi

In addition to basic modulation formats, the dataset also includes waveforms extracted
from real-world communication technologies that operate in both the ISM bands and li-
censed cellular spectrum. These signals reflect the complexity and diversity of practical
communication environments, where higher-layer protocol structures, bursty traffic pat-
terns, and technology coexistence play a crucial role.

Bluetooth signals, primarily operating in the 2.4 GHz ISM band, are characterized by
short-range frequency-hopping spread spectrum (FHSS) transmissions. The dataset in-
cludes both classic Bluetooth (BR/EDR) and Bluetooth Low Energy (BLE) modes, which
differ in their data rates, access methods, and channel usage [22].

Wi-Fi signals are generated using various versions of the IEEE 802.11 standard, in-
cluding 802.11ac [23], 802.11n [24], 802.11b [23] and 802.11ax (HE) [25]. These signals
incorporate complex MAC-layer structures and exhibit dynamic behavior based on user
activity, channel conditions, and quality of service mechanisms.

These technology-specific waveforms were selected to replicate real-world multi-
standard wireless environments. By including such diverse sources, the dataset supports
experimentation with cross-technology interference, multi-user detection, and signal clas-
sification under realistic traffic patterns.

2.1.2. Role and Limitations of Existing RF Datasets

Datasets play a fundamental role in the development of Al and machine learning applica-
tions for RF signal processing. As discussed previously, large-scale and well-annotated
datasets are essential for training, testing, and benchmarking models capable of operating

in complex wireless environments.
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Classification of RF Signal Datasets

As we have already discussed, several training dataset for RF signals have been devel-
oped and published lately with different purposes and, therefore, different characteristics.
According to Panoradio SDR [26], some key differentiating factors are the following:

e Data classes or labels: The specific set of modulation types or signal categories
included.

e Source of RF data: Whether signals are generated via software simulation, recorded
in controlled laboratory environments, or captured from real-world wireless sys-
tems.

e Augmentation: The extent and nature of signal impairments introduced, such as
noise, fading, and frequency offsets.

e Data format: Representation of the signals, e.g., I/Q samples versus spectral fea-
tures, sampling rates, and observation duration.

e Number of data samples: The overall size and diversity of the dataset.

e Quality of data and labels: Accuracy of labeling, presence of noisy or corrupted
samples, and dataset biases.

2.1.3. Proposed Dataset

Attending to this classification, we could say that our dataset will be a fully synthetic
dataset generated using MATLAB’s Wireless Waveform Generator app. It will cover a
variety of modulation types and wireless technologies, with signals generated by modu-
lating structured video data instead of random bitstreams. For each waveform, the dataset
provides two sequences representing the real (in-phase) and imaginary (quadrature) com-
ponents of the complex baseband samples (I/Q samples) along with the modulated bits
(from the video). The number of bits modulated per signal is kept constant, so the num-
ber of samples for each modulation or technology in the dataset will vary, but always
representing the exact same bitstream. Although the dataset itself does not include im-
pairments or interference, it is designed with flexibility to easily incorporate such effects,
supported by dedicated tools. The dataset also specifies different SNR values for each
signal as controlled by the waveform generator, facilitating comprehensive evaluation
scenarios.

2.2. Signal Generation from Videos

A key advantage of our dataset generation process is the use of structured bitstreams
derived from real video files in .mp4 format, rather than conventional randomly gener-
ated bits. By modulating these actual video bitstreams, the resulting wireless signals
encapsulate meaningful data that should be recoverable from the received signals. This
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approach provides an additional layer of validation: beyond traditional analytical met-
rics, the quality of signal recovery can be assessed visually by reconstructing the original
video content, offering a more intuitive and comprehensive evaluation of the processing
algorithms’ effectiveness.

Also, the bits extracted from real videos maintain an inherent structure that reflects
the temporal and spatial dynamics of the video content. This structure is not only relevant
for signal modulation, but it also provides an additional layer of information that machine
learning models can leverage. This allows the model to not only base its understanding on
the modulation but also on the temporal and spatial relationships that the video-derived
bits inherently contain, improving its performance in signal recovery and reconstruction
tasks.

Coherent Length of the Signals in the Dataset An important point to take into account
is that every video format of common use is based on a dynamic compression method,
meaning that the length of the video depends on the video content, not only on the number
or size of the frames. This makes these video formats unideal for the generation of a
dataset, where it is wanted for all signals to be the same length. With this in mind, the
bits to be modulated for the dataset will be the raw bits from the video, which, by using
the same number of frames and frame size, will generate equally long videos.

Video Source The video content primarily consists of stock footage obtained from
Vecteezy [27], a publicly accessible online platform offering free videos for download.
These videos cover a variety of scenes and motion complexities, ensuring a diverse range
of bitstream structures that enrich the dataset and challenge machine learning models to
generalize over realistic, temporally correlated data.

2.3. MATLAB application for Dataset Generation

The tool for the generation of these datasets has been developed in MATLAB as a
graphic user interface, allowing plenty of freedom for the user to select different configu-
rations of the datasets.

The tool is accessed by calling the function DatasetGeneration.m, which will open
a window to select the folder with the videos (that must be in .mp4, even though the
implementation of other formats in the future should not be a problem). Once this folder
is selected, a new window will appear, where the user must choose the videos that will be
used for generating the signals. These videos will be divided into smaller videos of several
frames so that the waveforms are easier to work with. Therefore, in addition to choosing
the videos, the user must also decide the number of videos into which the original video
will be divided and the number of frames that each subvideo will have. It is interesting
to mention that, as all videos are processed in the same way at the same time, the total
number of frames to be used (number of subvideos x number of frames per video) must
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not be larger than the total number of frames of the video with the least number of frames
from the selected ones. This value is displayed right below the boxes to complete with
the number of subvideos and frames per video for the user to take into account. There is
also an option to select a random number of videos.

In addition, the original videos can be previewed in this window (shown in Figure
2.1).

4 Select Videos to Modulate = @ X

Select All Unselect All
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Video Name Click on View to preview
vid1.mp4 View
vid10.mp4 View __ Video Preview
vid11.mp4 View
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vid16 mpd View
vid17 mpd. View
vid18 mp4 View

vid19 mp4 View
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Vid20,mp4 View
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Videos selected: 22
Number of subvideos per video
Number of frames per subvideo 6| More than 6 frames may generate large waveforms

Max total frames available: 151

Fig. 2.1. Window to select the videos to modulate

Once this initial configuration is set, the Continue button must be clicked. This will
open a new window displaying the list of the new videos to be modulated. Just like
in the previous window, these videos can also be previewed. These are not simply the
subvideos with the previously defined number of frames, but also a processed version of
them. The videos are converted to black and white, reduced in quality and cropped to a
uniform frame size of 50x50 pixels (padded with black frames if needed). This ensures
that all videos have the same length and makes them lighter (for any future use with
machine learning algorithms or any other processing) while keeping the video images
and motion. This also eliminates the need for compression, which would otherwise alter
their duration and create inconsistencies in the dataset. The bits used for modulation are
extracted directly from these processed videos (Figure 2.2).

Again, after clicking on the Continue button, a new window will appear showing the
different modulations we can apply. For every available modulation, a set of parameters
must be configured, as shown in Figures 2.3a and 2.3b, where an example for the OFDM
modulation is selected.

It is worth mentioning that several different modulation configurations can be selected.
This means, the user can select several modulations but also the same modulation sev-
eral times but with different configurations. In case the same modulations with the same
parameters are selected, an error will appear and will force the user to select another
configuration.
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As the user adds these modulations (or configurations), these will be appearing in the
box at the right part, where these configurations can be selected for consulting their pa-
rameters or for eliminating. In case the user wants to alter some (or all) of the parameters
of one configuration already saved, the user should eliminate it, select it and save it again.
All these can be seen in Figures 2.4a and 2.4b.
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|

FFTLength 4
Select how you want to modulate the videos selected:
Import configuration from JSON

cyclicPrefixLength 6

PSK PSK_1
QAM PSK_2
OFDM DSSS_1
DSSS WIfiVHT_1
WIfiVHT Configure Modulation Bluetooth_1 Consult Parameters
WifiNonHT OFDM_1
WIHESU
Bluetooth

numSymbols

subcarrierSpacing 1000000

5G (NR) Remove Selected
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r - @
=}
=]
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(a) Selected and saved modulations (b) Consultation of OFDM parameters

Fig. 2.4. Selected and consulted configuration windows

It is also worth mentioning the Import configuration from JSON feature in this win-
dow. As will be explained later, in addition to saving the datasets containing the signals,
the configurations used for modulation and other relevant parameters are stored in a JSON
file located in the same folder. With this in mind, it was considered a valuable enhance-
ment to allow users to reuse these configurations. This feature can save time when gener-
ating a new dataset with the same configuration, but with different signals or lengths, or
simply when it is necessary to repeat the dataset creation process.

Finally, after clicking on the Continue button, the user will be redirected to the final
window. In this one (Figure 2.5) a list of the selected modulations is displayed again and
there is a box for the user to input the name of the folder where the dataset folder will be
saved. By default, this creates a datasets folder in the parent directory of the path where
the function DatasetGeneration.m is being run and a new folder with the input folder
name will be created with all corresponding folders (in case the datasets folder already
exists, no folder will be created and this one will be used). These will be explained lated.
By default, the name of the new dataset folder is dataset_yyy_mm_dd_n, corresponding
to the date and a cardinal number, in case several dataset are created on the same day.

When the Start Modulation button is pressed 2 progress bars will appear (Figure 2.6),
one for the progress of the current modulation and one for the total progress of the dataset
creation.

When all the modulations have been performed and saved, the window in Figure 2.7
will pop, indicating that the dataset has been generated successfully.
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2.3.1. Types of Signals and Modulations

For each of the modulations, a MATLAB function has been created, where the inputs
are the bits to be modulated (from the videos) along the parameters for each modulation
(a struct with different fields depending on the modulation). All functions are based on
the WirelessWaveformGenerator toolbox from MATLAB [19], with little modifications
to allow longer bitstreams, so that instead of generating several waveforms for each bit-
stream, a longer waveform, product of the concatenation of these other waveforms, is
generated. In the following subsections, the different modulations or technologies imple-
mented, along with the parameters needed for each, will be explained.

PSK (Phase Shift Keying)

Phase Shift Keying (PSK) [20] is a digital modulation technique where the phase of a
carrier signal is varied in proportion to the input data signal. In PSK, each symbol repre-
sents a specific phase shift, and the number of distinct phase shifts determines the order
of the modulation. The more phase shifts there are, the more bits can be encoded per
symbol, increasing the data rate. PSK is widely used in communication systems due to
its relatively simple implementation and robustness to noise. Variants of PSK include
Binary Phase Shift Keying (BPSK), Quadrature Phase Shift Keying (QPSK), and higher-
order PSK schemes like 8PSK, 16PSK, and beyond, although in this work the higher PSK
modulation to be used will be 8-PSK.

In the function we have implemented, the number of input bits must be a multiple of
log(M), where M is the modulation order. If the number of bits provided does not meet
this requirement, the excess bits are discarded, as seen in the functionality of the PSK
modulation function in the toolbox [19].

The parameters needed for this modulation are:

e Modulation Order: Defines the number of distinct phase shifts used in the mod-
ulation scheme. For example, BPSK has 2 phase shifts, QPSK has 4, 8PSK has 8.
The modulation order determines the number of bits per symbol. A higher mod-
ulation order allows more bits per symbol, which increases the data rate but also
requires a higher signal-to-noise ratio (SNR) to achieve reliable communication.

e Symbol Rate: The rate at which symbols are transmitted. It represents the number
of symbols transmitted per second (baud rate). The symbol rate affects the band-
width of the communication system.

PSK modulation is a fundamental technique used in many communication systems,
including as the base for more complex schemes like OFDM. It is widely used due to
its simplicity and efficiency. It is also one of the basic modulation techniques found in
various datasets mentioned in the State of the Art 1.1, which is why we considered it
important to include it in our project.
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QAM (Quadrature Amplitude Modulation)

Quadrature Amplitude Modulation (QAM) [20] is a digital modulation technique that
combines both phase and amplitude modulation to increase the data rate. In QAM, each
symbol represents a unique combination of amplitude and phase, allowing for the trans-
mission of multiple bits per symbol. Similar to PSK, the modulation order determines
the number of distinct symbols, with higher orders allowing more bits per symbol but
requiring a higher signal-to-noise ratio (SNR) for reliable transmission.

In the function we implemented, the number of input bits must be a multiple of
log(M), where M is the modulation order. Unlike PSK, which discards excess bits, QAM
uses padding to handle bits that do not perfectly fit the symbol size. This ensures that
no information is lost, and the original video length, stored in the modulation parameters
archive, can be recovered by ignoring the padding bits.

The parameters needed for this modulation are the same as PSK:

e Modulation Order: Defines the number of distinct amplitude-phase combinations.
For example, 16-QAM has 16 distinct symbols, 64-QAM has 64, and so on. The
modulation order determines the number of bits per symbol.

e Symbol Rate: The rate at which symbols are transmitted, affecting the bandwidth
of the system.

QAM is widely used in communication systems, such as WiFi and cellular networks,
due to its ability to transmit large amounts of data efficiently. It is closely related to PSK
and serves as the basis for more advanced modulation schemes like OFDM. Given its
presence in various datasets mentioned in the State of the Art 1.1, again, it was essential
to include QAM in our project.

OFDM (Orthogonal Frequency Division Multiplexing)

OFDM [20] 1s a digital modulation technique that splits a high-data-rate signal into mul-
tiple lower-rate subcarriers, which are orthogonal to each other. Each subcarrier is mod-
ulated individually using traditional schemes like BPSK, QPSK, or QAM. It is the foun-
dation of many modern wireless standards, including WiFi (802.11a/g/n/ac/ax), 4G LTE,
and 5G NR. Being the base of several standards makes this modulation an excellent basis
for training future models, and therefore interesting to add to this tool.

The parameters needed for this modulation are:

e FFT Length: Defines the number of subcarriers used in the OFDM system.

e Cyclic Prefix Length: A portion of each OFDM symbol that is copied to its begin-
ning to combat inter-symbol interference (ISI) caused by multipath propagation.

e Number of Symbols: Specifies the total number of OFDM symbols in a transmis-
sion. This determines the duration of the transmission block.
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e Subcarrier Spacing: The frequency separation between adjacent subcarriers.

e Insert DC Null: A boolean parameter indicating whether a null subcarrier is in-
serted at the DC (center) frequency.

e Modulation Type: The digital modulation scheme applied to each subcarrier. It
can be one of BPSK, QPSK, 16QAM, 64QAM, 256QAM, or 1024QAM.

If the Insert DC Null option is disabled, the input bitstream is processed in batches
of 5300 bits. However, when DC Null is enabled, the bitstream is instead processed in
batches of 5200 bits. Regardless of this setting, the resulting waveform generated from
each batch will always consist of 8000 samples. This way, the final waveform will be a
multiple of 8000 depending on the length of the input bits.

DSSS (Direct Sequence Spread Spectrum)

The second modulation implemented is Direct Sequence Spread Spectrum (DSSS) [21].
DSSS is a spread spectrum technique in which the input data is multiplied by a spreading
code that increases the signal bandwidth before transmission. This spreading operation
enhances resistance to interference, jamming, and multipath fading. DSSS is widely used
in wireless communication systems, including the IEEE 802.11b WiFi standard, which,
as in the previous case, makes it a good choice to add to the dataset.

The DSSS modulation scheme varies depending on the data rate selected. At lower
rates, a Barker code of length 11 is used for spreading, while at higher rates, Comple-
mentary Code Keying (CCK) is applied. The modulated symbols are transmitted using
DBPSK, DQPSK, or CCK, depending on the chosen rate.

The only parameter required for this modulation is the Data Rate. It determines
the transmission rate and the corresponding modulation scheme. Supported values are 1
Mbps (DBPSK), 2 Mbps (DQPSK), 5.5 Mbps (CCK), and 11 Mbps (CCK).

This function is not implemented using the WirelessWaveformGenerator toolbox, but
has been developed for this project. The modulation process is as follows:

e 1 Mbps and 2 Mbps: The input bits are mapped to BPSK (DBPSK) or QPSK
(DQPSK) symbols. These symbols are then spread using a Barker sequence of
length 11, resulting in an expanded signal.

e 5.5 Mbps and 11 Mbps: The input bits are directly mapped using CCK modulation,
which does not require a separate spreading code.

The final transmitted waveform length depends on the spreading rate:

e For 1 Mbps, each input bit is mapped to 11 chips.
e For 2 Mbps, each input bit pair (2 bits) is mapped to 11 chips.
e For 5.5 Mbps and 11 Mbps, the chips are directly generated by the CCK encoder.
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Wi-Fi HE-SU (802.11ax)

The High-Efficiency Single-User (HE-SU) mode of Wi-Fi 802.11ax [25] enhances spec-
tral efficiency, increases data rates, and improves interference management. HE-SU uses
Orthogonal Frequency Division Multiple Access (OFDMA), allowing multiple devices to
share the same channel simultaneously, and supports advanced Modulation and Coding
Schemes (MCS) to adapt to different network conditions.

The parameters required for this modulation are [28]:

e Channel Bandwidth (CBW): Transmission bandwidth (CBW20, CBW40, CBWS0,
CBW160).

e Modulation and Coding Scheme (MCS): Defines the modulation type and coding
rate.

e Channel Coding: Error correction scheme (LDPC or BCC).

This table shows the modulation type and coding rate for each valid value of MCS
(Table 2.1):

MCS | Modulation | Coding Rate FEC

0 BPSK 1/2 LDPC/BCC
1 QPSK 1/2 LDPC/BCC
2 QPSK 3/4 LDPC/BCC
3 16-QAM 12 LDPC/BCC
4 16-QAM 3/4 LDPC/BCC
5 64-QAM 2/3 LDPC/BCC
6 64-QAM 3/4 LDPC/BCC
7 64-QAM 5/6 LDPC/BCC
8 256-QAM 3/4 LDPC/BCC
9 256-QAM 5/6 LDPC/BCC
10 1024-QAM 3/4 LDPC

11 1024-QAM 5/6 LDPC

Table 2.1. Modulation and Coding Scheme (MCS) in Wi-Fi HE-SU
802.11ax [28]

The waveform length remains fixed at 90,960 samples for every 32768 bits (4096
bytes), ensuring dataset consistency.

Wi-Fi VHT (802.11n/ac)

The Very High Throughput (VHT) mode of Wi-Fi 802.11n/ac [24] [29] is based on OFDM
(Orthogonal Frequency Division Multiplexing), allowing higher data rates and improved
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spectral efficiency. It supports wider bandwidths and advanced modulation schemes, mak-
ing it a key technology in modern Wi-Fi networks.

The parameters required for this modulation are the same as for the previous modula-
tion [30]:

e Channel Bandwidth (CBW): Transmission bandwidth (CBW20, CBW40, CBWS80,
CBW160).

e Modulation and Coding Scheme (MCS): Defines the modulation type and coding
rate.

e Channel Coding: Error correction scheme (LDPC or BCC).
Only, the Modulation and Coding schemes are different. They are the ones shown

in table 2.2, which presents the modulation type and coding rate for each valid value of
MCS:

MCS | Modulation | Coding Rate FEC
0 BPSK 1/2 LDPC/BCC
1 QPSK 1/2 LDPC/BCC
2 QPSK 3/4 LDPC/BCC
3 16-QAM 1/2 LDPC/BCC
4 16-QAM 3/4 LDPC/BCC
5 64-QAM 2/3 LDPC/BCC
6 64-QAM 3/4 LDPC/BCC
7 64-QAM 5/6 LDPC
8 256-QAM 3/4 LDPC
9 256-QAM 5/6 LDPC

Table 2.2. Modulation and Coding Scheme (MCS) in Wi-Fi VHT
802.11n/ac [30]

The waveform length is fixed at 93,120 samples, ensuring a standardized dataset struc-
ture for every (4096 bytes).

Wi-Fi Non-HT (802.11b)

The Non-High Throughput (Non-HT) mode of Wi-Fi 802.11b [23] is based on DSSS
(Direct Sequence Spread Spectrum), enabling reliable low-data-rate transmission. It is
widely used in legacy Wi-Fi networks and 10T applications due to its robustness in noisy

environments.

Just like in the DSSS modulation, the only required parameter is Data Rate, which,
defines the transmission speed (1, 2, 5.5, or 11 Mbps) and modulation, as explained in the
DSSS subsection [31].
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The waveform length for every 32760 bits (4095 bytes) depends on the data rate:

e For 1Mbps, the waveform length is 362472 samples.
e For 2Mbps, it is 182292 samples.

e For 5.5Mbps, the waveform length is 67632 samples.
e For 11Mbps, the length is 34872 samples.

2.3.2. Dataset Format and Organization (HDFS Format)

For the organization of the waveforms generated, the HDF5 file format has been chosen.
For each type of modification used, an HDFS file will be generated to include the datasets,
which are typed multidimensional arrays.

For our specific use case, we will actually have 2 different HDFS files for each mod-
ulation: bits_mod.h5 and mod.h5, where we will store the bits of the videos that will be
modulated (or any other sequence of bits to be transmitted), as well as the waveforms
generated from these bits, respectively for each type of modulation.

Since most of the waveforms are complex signals, they will be stored in the dataset
using 2 channels: one for the real part of the waveform and another for the imaginary one.

Inside the HDF5 files, all datasets must be stored in individual datasets with proper
names. In our case, as each dataset is generated independently for one kind of modulation,
only one dataset per file will be created, and all of them will be named dataset within each
file. Additionally, each signal within the dataset will include an attribute specifying the
framesize of the video used to generate that particular signal as an array of 2 values. In
our case, this framesize will be consistent for all generated signals (independently from
the modulation used), but we consider this is an important parameter to take into account,
since it provides essential metadata linking the signal back to the original video frame
structure, enabling consistent interpretation and processing of the waveform data, and
could be useful in future works where our framework can be reused. In Figure 2.8 we can
see one example of one of the generated datasets. In this case, a dataset of 16000x2x400
samples can be observed. This means that in this example dataset there are 400 signals of
16000x2 samples, corresponding to one complex signal of 16000 samples (first dimension
corresponding to the In-phase component and the second to the Quadrature component).
Also, we can see the corresponding bitstream for each of the generated signals, with
100.000 samples each. Additionally, in both, bits and waveform datasets, the Framesize
attribute can be appreciated (50x50).

Also in the same folder as these files, there will be a .mat file along with a json file for
each pair of HDFS5 files, corresponding to the modulation and related parameters, which
could be used as metadata for each of the signals in each HDF5 file (In Figure 2.9 an
example of the structure of the resulting folder for one OFDM modulation can be seen).
Each one of these files will have different parameters according to the corresponding
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>> h5disp('CFDM_l.h5')
HDFS OFDM 1.h53
Group /"'
Dataset 'dataset'
Size: 16000x2x400
MaxSize: 16000x2x400
Datatype: H5T_TIEEE_F32LE (single)
Chunksize: []
Filters: none
Fillvalue: 0.000000
Attributes:
'"FrameSize': 50.000000 50.000000
>> hSdisp('bits OFDM_1.hS')
HDFS bits OFDM 1.h5
Group '/'
Dataset 'dataset'
Size: 100000x400
MaxSize: 100000x400
Datatype: H3T STD IBLE (int8
ChunkSize: [1
Filters: none
Fillvalue: 0
Attributes:
'FrameSize': 50.000000 50.000000

Fig. 2.8. Example of structure of generated HDFS files

modulations, though some parameters will be common to all of them, such as:

mod: word representing the modulation and main parameter used for each dataset,
e.g. OFDM_QPSK (representing OFDM modulated with QPSK), wifiVHT _2 (rep-
resenting the wifiVHT standard with a MCS of 2).

Fs: sampling frequency. It is important to note this because, although each modula-
tion has one sampling frequency, oversampling might be used, so we need to know
the Fs.

oversamplingFactor: Oversampling factor used. In case oversampling was not
used, this value will be 1 (default).

BW: Bandwidth.

ChannelCoding: Forward-error-correction (FEC) coding type specified as "LDPC’
for low-density parity-check (LDPC) coding or "BCC’ for binary convolutional
coding (BCC).

payload: The payload parameter represents the number of bits that can be mod-
ulated at each time. If the total number of bits to be encoded exceeds this value,
the bits will be divided into fragments of payload bits, and each fragment will be
modulated separately. The resulting waveforms will then be concatenated to form
a single continuous waveform.

waveformLength: number of samples of each of the concatenated waveforms. The
resulting number of samples will be a multiple of this value. If oversampling was
used, this number must be multiplied by the oversampling factor.

In figure 2.10 we can see an example of the json and mat files corresponding to the
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: bits_ OFDM_1.h3 Archivo H3 11.721 KB
: OFDM_1.h3 Archivo H5 15.002 KB

_ OFDM_1jsen 21/04/2025 23:43 Archivo de origen JSON 1KB
“ OFDM_1.mat 21/04/2025 23:43 MATLAE Data 1KB

Fig. 2.9. Example of dataset folder structure

OFDM modulation used in the examples we are seeing.

Apart from these fields, these files will also have a specific field for the parameters of
each modulation (explained before), as well as other parameters derived from these ones.

>> OFDM 1 params = load('OFDM 1.mat')

OFDM 1 params =

F]{"mod":"OFDM 1024QaM",

struct with fields: "type" - MO EDM" ,
mod: 'OFDM_1024QRM' T'T-;dl:]._atlor_" :"10240mM"
type: 'OFDM' L5 Tl
modulation: '1024QAM' "oversamplingFactor™:
£s5: 64000000 "chw": ’
oversamplingFactor: 1 Tlpayload" . ;
cbw: 20000000 leaveformLengthﬂ . ,
payload: 33000 "cyclicPrefixLength":
'u.favefOJ.meenqth: 8000 TEFTLenath" -
cyclicPrefixLength: 16 - =
FFTLength: 64 "guardBandCarriers":[6, 5],
guardBandcarriers: [2x1 double] "I‘.L;I‘.’lSYI‘JbOlS"Z r
numSymbols: 100 "subcarrierSpacing™:
subcarrierSpacing: 1000000 "DChull™: false,
benull: 0 "lengthBits":
lengthBits: 300000 "SI‘.I; : }
snr: 100
(@) mat (b) json

Fig. 2.10. Example files for modulation parameters

2.4. Python Notebook for Signal Visualization from Dataset

The generated datasets, as explained before, consist of waveforms (signals) modulated
according to different modulations or standards from several videos. Since all of the
information contained is temporal signals, a tool for visualizing these signals should be
very useful. For this purpose, a Jupyter notebook in Python has been developed.

Every kind of signal generated is different and has different parameters, all of them
stored in .mat and .json files, easily readable in Python. These metadata files (the .json
ones, specifically) are used in the notebook to get information about the signals and rep-
resent them.

Initially, in the notebook, all the available datasets in the selected folder are shown by
running the print_mods () function (Figure 2.11). In case no folder path is passed to the
function, it will assume that the folder is the one where the notebook is being run.
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[v]

# In case current folder is not the datasets folder, add the path to the function: print mods(path)
print_meods ()

)

D555_1 :
Modulation D5SS 1Mbps

DSsS5_2
Modulation D555 2Mbps

DSS5_3 @
Modulation D555 5.5Mbps

DSSS_4 :
Modulation DS5SS 11Mbps

OFDM_1 :
Modulation OFDM BPSK

OFDM 2 :
Modulation OFDM QPSK

OFDM_3 :
Modulation OFDM 16QAM

OFDM_4 :
Modulation OFDM G4QAM

OFDM_5 :
Modulation OFDM 256QAM

OFDM_6 :
Modulation OFDM 1024QAM

Fig. 2.11. List available datasets in folder

Then, a dropdown is added in case the user wants to get more information about one
of the modulations specifically (Figure 2.12).

Modulation... | OFDM_4 v

OFDM_4 : Modulation OFDM 64QAM
fs : 64000000.0
oversamplingFactor : 1
bw : 20000000.0
payload : 31800
waveformLength : 8080
cyclicPrefixlength : 16
FFTLength : &4
guardBandCarriers : [6, 5]
numSymbols : 1680
DCnull : False

Fig. 2.12. Display metadata about a selected modulation

Finally, there is one last cell where we can eventually visualize the signals in the time
domain as well as their spectogram (along with the constellation diagram in case it is
available, as not all modulations or standards are based on constellation symbols). After
running this last cell, a first dropdown is displayed where the user must choose between
Single Signal or Interference. By choosing the first one, another dropdown will appear,
asking for which kind of modulation the user wants to display. Once selected, some other
options can be chosen, just like the number of signals the user wants to display (from the
kind of modulation already selected) as well as the graphics the user wants to display.
The signals shown will be the n first signals of the dataset. In Figure 2.13a, the interface
of this application is shown. In Figure 2.13b, an example of the plotted graphics can be
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seen.

Choose type: |—
Single Signal
Interference

Signal of interest: | OFDM_1 -

Num Signals: ( 1
Visualize Time Domain waveform

Visualize Spectrogram

Visualize Constellation (Only for OFDM, Wifi NonHT or Bluetooth modulations)

Visualize

(a) Options for visualizing the signals

Time domain waveform

1

Amplitude
N

-0z { a4 f d & e wk kil B al ; . hi B i
| I ' 1 ' ; [ ! ‘ 4 I | ! i
i -~ imaginary
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Time (s)
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(b) Example of signal from dataset plotted

Fig. 2.13. Cell for selecting and visualizing the signals

If the Interference option is selected, the process is similar, although in this case the
user will have to choose 2 types of signals to interfere with each other and also select the
mix_factor, a factor that defines the proportion of power the interfering signal will have
with respect to the Signal of Interest (main one).

The Interference option is important because, as discussed in the dataset generation
section (Section 2.3), our dataset does not inherently include interference signals. How-
ever, as highlighted in the various existing datasets from the State of the Art (Section 1.1),
interference is a key application for RF datasets. By incorporating this feature in the final
notebook, users can visualize the different types of interference that can be generated with
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(b) Example of interference signal and Sol from dataset plotted

Fig. 2.14. Cell for selecting and visualizing the interference signals



the dataset. After reviewing the results, they can proceed to handle these interferences us-
ing the Python functions detailed in the following section.

2.5. Generation of Interferences

The process of generating interference signals is crucial for augmenting the original
dataset with additional complexities that simulate real-world scenarios. By combining
clean signals (referred to as Signal of Interest, or Sol) with interference signals, new
samples are created with controlled interference levels. These augmented samples can
then be used to train models aimed at mitigating such interferences.

Firstly, the script requires the user to specify three directories: one containing the
Sol signals, another containing the signals to be used for interference and a final one
for storing the generated interferences. These directories should contain the respective
datasets in .h5 file format. As for the metadata or bits dataset files, they should only be
present in the Sol folder, as the metadata for the interfering signals is not relevant for this
process.

The attenuation factor(s) to be applied to the interference signals must be specified at
the beginning of the script. This can be provided as a single floating-point value or as an
array of floating-point values. The function will then generate all possible combinations of
interferences, which will be the product of the number of signals in the Signal of Interest
(Sol) folder, the number of signals in the interfering folder, and the specified attenuation
factors.

The interference signals are typically modeled to represent common types of noise or
interference found in wireless communication systems. Although this specific function
is designed to work with datasets generated by the previously described application, the
interference signals can be sourced from any similar .45 dataset. The goal is to simu-
late realistic interference scenarios that challenge the performance of signal processing
algorithms by introducing noise or unwanted signals into the original clean signals.

2.5.1. Process of Generating Interference Signals

Interference is added to the Sol signals using the Python function create_interferen-
ce_dataset.py from the interf_utils.py module. This function works as follows:

e Signal Length Adjustment: First, the function ensures that both the Sol and in-
terfering signals have the same length. If their lengths do not match, the interfering
signal is adjusted using the adjust_signal_length function, either by trimming
or repeating the signal to match the length of the clean signal.

o Interference Application: Once the lengths are aligned, the interference signal
is applied to the clean signal with a specified attenuation factor. This attenuation
factor controls the strength of the interference relative to the clean signal.
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e Saving the Resulting Signal: The resulting signal, which is the Sol combined
with the interference, is saved into a new . h5 file. This file is stored in the specified
directory with a name derived from the original clean signal file name.

2.5.2. Storage of Generated Interference

The generated interference signals are stored in a new directory structure under the base
output directory, which is specified in the generate_interferences.py script. For
each pair of clean and interference signals, the following steps are taken:

e Subdirectory Creation: A subdirectory is created for each interference level (at-
tenuation factor) and each pair of clean and interference signal files. The subdirec-
tory is named using the format interference_SoI_file_att, where SoI_file
is the base name of the Sol file, and att is the attenuation factor (e.g., interferen-
ce_signall_050 for 50% attenuation).

e File Saving: The resulting interfered signals are saved in the corresponding subdi-
rectory with the Sol’s name. These files are saved as .h5 files, preserving the same
format as the original Sols.

e Auxiliary File Copying: In addition to the interference signals, auxiliary files re-
lated to the clean signals (such as . json, .mat, and bits_*.h5 files) are copied
into the subdirectory. These files contain metadata and the original bits dataset,
ensuring that all necessary data is preserved and accessible.

2.5.3. Final Folder Structure
The final structure of the output directory will look like the following:

interferences_folder/

interferencel_050/
SoI.h5
SoI. json
Sol.mat
bits_SoI.h5

interferencel_075/
SoI.h5
SoI.json
Sol.mat
bits_SoI.h5

interference2_050/
SoI.h5
SoI. json
Sol.mat
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bits_SoI.h5
interference2_075/

SoI.h5

Sol. json

Sol.mat

bits_SoI.h5

Here, each subdirectory corresponds to an interfering signal at a specific attenuation
factor and its datasets (despite being named after the Sol) correspond to the resulting
interference dataset. The interference dataset, along with the related files from the Sol,
are stored together for easy access.

In Figure 2.15 an example of the resulting folder structure is shown. The Sol and
interfering folders correspond to the initial folders with the clean signals to be mixed,
while the interference folder is the output folder where the interferences will be stored.
In this example, we see we have 12 files in the Sol folder, corresponding to 3 signals
(remember that for each signal there is 4 files associated: .mat. .json and 2 .h5, one for
the waveforms and one for the original bits). We want to mix these signals with 5 other
signals (20 files in interfering folder), which are 4 different configurations of OFDM and
1 of Bluetooth. And finally, 2 mixing factors: 0.5 and 0.75. This way, the interference
folder has 10 subfolders (2 mixing factors x 5 interfering signals) with 4 datasets each (12
files, corresponding to the Sols).

Usage of the Generated Interference Dataset

Once the interference signals are generated, they can be used in training and testing ma-
chine learning models, particularly those designed to mitigate interference in communica-
tion systems. By including these generated interference signals in the dataset, the models
can be exposed to more realistic, noisy conditions, improving their robustness and perfor-
mance in real-world scenarios.
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=N gen_interf
— [ interference
—-[7 interference_OFDM_4_075
+-[12 Archivos en C:\Users\346
—+ [ interference_OFDM_4_050
+-[12 Archivos en C:\Users\346
— [ interference OFDM_3_075
+-[12 Archivos en C:\Users\346
—- [ interference_OFDM_3_050
+-[12 Archivos en C:\Users\346
—- [ interference_OFDM_2_075
+-[12 Archivos en C:\Users\346
—- [ interference_ OFDM_2_050
+-[12 Archivos en C:\Users\346
— [ interference OFDM_1_075
+-[12 Archivos en C:\Users\346
—- [ interference_OFDM_1_050
+-[12 Archivos en C:\Users\346
—+[ ] interference Bluetooth 1 07
- [12 Archivos en C:\Users\ 346
—+ [ interference_Bluetooth_1_0'

+-[12 Archivos en C\Users\ 346
—-[7J interfering
++ [20 Archivos en C:\Users\34692\
—-[3 Sol

e [12 Archivos en O Usersh 34652%

Fig. 2.15. Folder Structure for Interference Generation
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3. Use Case: Machine Learning Evaluation for Interference
Mitigation

In this chapter, we present a practical use case to demonstrate the applicability and
utility of the proposed dataset for machine learning-based interference mitigation in wire-
less communication systems. Rather than focusing solely on performance benchmarks,

the objective is to validate the dataset’s capacity to support the development and evalua-
tion of deep learning models within the scope of RF signal processing.

3.1. Machine Learning Model: UNet

As a first approach to evaluate the applicability of the generated dataset, a UNet-based
architecture was chosen due to its proven success in similar tasks. UNet has demonstrated
robust performance in various signal separation and interference rejection scenarios, par-
ticularly in single-channel settings, where the signal of interest and interference overlap
in the same time-frequency domain and are received through a single input channel, typi-
cally from a single antenna. Its architecture has been widely validated in the context of RF
interference rejection tasks, where it has been shown to effectively separate signals and
mitigate interference. Given its demonstrated success with other datasets, such as the one
presented in [18], UNet was considered an ideal choice for evaluating the performance of
the generated dataset in interference mitigation tasks.

Originally proposed for biomedical image segmentation, the UNet model architecture
is particularly well-suited for structured prediction tasks that require detailed spatial or
temporal localization. In the context of RF signal processing, the temporal dimension
of the signal plays a key role, and convolutional layers are adapted to operate over one-
dimensional sequences.

Figure 3.1 illustrates the UNet architecture adopted for this study. The model em-
ploys 1D convolutional layers to extract temporal features from baseband time-series
data. Since the input signals are complex-valued, the real and imaginary components are
handled as separate input channels, allowing the network to learn complex interactions
without requiring complex-valued operations.

The architecture consists of an encoder-decoder structure with skip connections. The
encoder path progressively reduces the temporal resolution via convolutional and down-
sampling layers, capturing increasingly abstract representations. The decoder path then
reconstructs the signal using upsampling layers, while reintroducing fine-grained details
through skip connections that concatenate encoder features at matching resolutions. This
structure allows the network to integrate both local and global temporal information ef-
fectively, which is crucial in recovering signals degraded by interference or noise.

The base UNet code and functions were originally sourced from [1], where the model
was implemented using TensorFlow. However, in this study, we sought to adapt the model
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anr—1r— # batch normalization % 1D-conv 1 x k (ReLU) max-pool 2, dropout 0.25 % ID-deconv 1 x 3, strides = 2 (ReLU) R
% ID-conv 1 x 3 (ReLU) # max-pool 2, dropout (.5 dropout 0.5+1D-conv 1 x 3 (ReLU)
1D-conv 1 x 1 (no activation)

|t

Fig. 3.1. Architecture of the UNet DNN used in our Use Case [18].
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to our dataset and specific application needs, as well as to transition the implementation to
PyTorch. The reason for this transition was primarily driven by PyTorch’s more intuitive
and flexible interface, which is particularly advantageous for research and development.
PyTorch’s dynamic computational graph also allows for easier debugging and more con-
trol over the model, making it a more suitable option for experimentation. The modified
scripts used in this work, including those for training, inference, and dataset preparation,
are available in the already mentioned GitHub repository [32], ensuring transparency and
reproducibility of the results.

It is interesting to discuss the choice of the kernel size k = 101 for the first convo-
lutional, which is not arbitrary. According to the findings in [18], x must be carefully
chosen to align with the effective correlation length of the signals involved. This insight
comes from the recognition that RF signals exhibit temporal structures, both in the signal
of interest (SOI) and the interference, which extend over multiple samples.

If the kernel size is too small, the network may fail to capture the necessary tempo-
ral dependencies required for effective separation. Conversely, a kernel size that covers
at least the temporal span of the autocorrelation of the SOI and the cross-correlation be-
tween the SOI and the interference ensures that the network can access and leverage
these structures. As a result, adjusting « to match or exceed this correlation span signifi-
cantly improves performance, in some cases achieving near-optimal MMSE performance
in structured scenarios, such as cyclostationary Gaussian signals.

For this study, we chose a comparatively large kernel size for the first convolutional
layer (e.g., k = 101), as this enables the network to capture long-term temporal dependen-
cies crucial for recovering signals affected by overlapping interference and noise. This
choice was empirically validated and aligns with domain-informed architectural modifi-
cations proposed in the original UNet adaptation for RF signal separation.

The model’s objective is to learn a mapping from corrupted input signals (e.g., WiFi
degraded by Bluetooth interference) to their clean counterparts. This is conceptually sim-
ilar to source separation, where the goal is to isolate the desired signal from unwanted
overlapping transmissions.

This use case simulates a realistic receiver scenario, in which some signals coexist in
time and frequency with other transmissions in the same band (ISM in this case). The
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UNet is trained to reconstruct the Sol (signal of interest) signal from these interfered
signals. The model’s effectiveness is later evaluated through signal reconstruction quality
and communication-level metrics, such as Bit Error Rate (BER) and Mean Squared Error
(MSE).

This architecture serves as a proof-of-concept to validate the generated dataset’s util-
ity, establishing a baseline for future experiments with more advanced neural architectures
or multi-signal input scenarios.

3.2. MATLAB Application for Signal Demodulation and Visualization

In order to facilitate the analysis and validation of the wireless signal datasets in a
real ML application, a dedicated MATLAB tool has been developed. This application
provides two distinct modes of operation, each tailored to different user needs and levels
of analysis complexity.

The first mode, referred to as the Simple Visualization, allows users to demodulate a
selected signal and directly compare the demodulated bits with the original transmitted
bits. The signal to be demodulated can be either a clean signal or an interferenced one,
as well as any other the user may want. The only thing is that the metadata files (.json or
.mat) must be in the same folder, along with the dataset with the original bits, following
the folder and file strcture that has been followed throughout this project. This mode is
ideal for quick validation and basic inspection of the signals and their integrity.

The second mode, called Inference Visualization, is designed for more advanced sce-
narios where signals obtained through inference methods (such as interference mitiga-
tion, signal separation, or other enhancement algorithms) are compared side-by-side with
original signals and their respective interference. This mode enables a comprehensive
comparative analysis involving three synchronized visualizations: the inferred signal, the
interference signal, and the original signal from its bits, providing deeper insights into the
effectiveness of the applied processing techniques.

The initial screen of the application allows the user to select between these two modes,
streamlining the workflow depending on the analysis requirements (Figure 3.2).

4 Select Visualization Type = [m] X

How do you want to visualize the signals?

Demodulated Signal vs Original Bits
(Simple)

vs Original Bits

Inference Signal vs Interference
(Inference)

Fig. 3.2. First screen of the MATLAB demodulation and visualization application.
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In the following subsections, we will first describe the Simple Visualization mode in
detail, covering the user interface, signal selection, demodulation process, and visualiza-
tion features.

It is important to point out that the application currently supports demodulation for a
selected set of modulation schemes, including PSK, QAM, OFDM, and Bluetooth signals.
These choices are based on the availability of well-established demodulation algorithms
and the feasibility of implementation within the scope of this project. More complex
standards such as Wi-Fi and 5G, which involve intricate protocols and signal processing
chains, have been deliberately excluded to maintain focus on core modulation techniques
and to ensure robustness and reliability of the demodulation tool. The implemented de-
modulation functions are developed by adapting and inverting the corresponding mod-
ulation routines provided by the MATLAB Wireless Waveform Generator [19] toolbox,
providing a consistent and accurate approach across supported schemes.

3.2.1. Simple Visualization Mode

Upon selecting the Simple Visualization mode, the user is first prompted to choose the
dataset folder they wish to analyze. As previously described, this folder must adhere to
the established dataset structure, containing the modulated signal files (.45), the corre-
sponding original bits datasets, as well as the associated .mat and . json metadata files
for each modulation or standard.

After selecting the appropriate folder, the application proceeds to the Dataset Selec-
tion screen. Typically, each dataset folder contains multiple modulation types, each corre-
sponding to a different dataset file. This screen automatically scans the selected folder and
retrieves all available modulation datasets. The user is then presented with a dropdown
menu listing the detected modulation schemes (Figure 3.3a). Upon selecting a modula-
tion from the list, the relevant modulation parameters are displayed, allowing the user to
review key characteristics of the chosen dataset. This preview functionality helps ensure
that the user selects the desired modulation configuration before continuing (Figure 3.3b).

Only after confirming the modulation choice can the user proceed to the next stage,
which is to select the specific signals to visualize (and demodulate) within the chosen
dataset.

This next window shows the total number of signals available and lets the user specify
how many signals to process. Signals can be chosen manually by entering their indices
or selected randomly via a checkbox, with the interface adjusting accordingly to show or
hide manual selection fields. This interface is shown in Figure 3.4.

To ensure valid input, duplicate signal selections are checked and flagged to the user.
The window also provides standard navigation buttons to proceed to the next step or return
to the previous screen to select any other of the modulations without needing to exit the
tool.
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4 Load Dataset

Select a modulation:

Modulation Info

Parameter

OFDM_1
OFDM_2
OFDM_3

(a) List of available modulations in folder

(b)

4 Load Dataset

Select a modulation:

OFDM_1

Modulation Info

Parameter Value
mod OFDM_QPSK
type OFDM
modulation QPSK

fs. 64000000
oversamplingFactor 1

chw 20000000
payload 10600
waveformLength 2000
cyclicPrefixl ength 16

Fig. 3.3. Window for Dataset Selection

4 Select Signals for Demodulation

Total signals available: 5

Number of signals to demodulate:

["]Random selecticn

Select Specific Signals

[ Back

Information about
(OFDM_1)

selected

Fig. 3.4. Interface for selecting signals to visualize

modulation
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When clicking on the Next button the last window pops as the primary interface for
demodulating and visualizing the user-selected signals. Upon loading the modulated sig-
nals dataset (.45 file), the corresponding original bitstreams (bits_*.h5), and modulation
parameters (.mat file), the application begins demodulating the signals.

This interface displays the current signal index and calculates the Bit Error Rate (BER)
between the original and demodulated bits, providing a quantitative measure of demod-
ulation accuracy. Additionally, it offers synchronized playback of videos reconstructed
from both original and demodulated bitstreams, enabling direct visual comparison (Fig-
ure 3.5).

4. Demodulation and Visualization = [m} X

Signal 1 of 3

Next Video

N

BER: 0.1356

Video Comparison

Original Video Demodulated Video

Fig. 3.5. Original video vs Demodulated Signal Interface

In Figure 3.5, an example visualization is shown of an OFDM signal modulated with
QPSK, combined with a Bluetooth interference signal attenuated by a factor of 0.5. As il-
lustrated, the resulting Bit Error Rate (BER) is 0.1356, which introduces some noise to the
reconstructed video while still allowing the original image to be discernible underneath.

The primary objective of this application is to add an extra layer of measurement
beyond traditional numerical metrics (such as loss functions used in machine learning) by
providing a visual and intuitive assessment of the signal processing performance. This
visual layer enables users to better understand the impact of interference and algorithm
effectiveness in a more tangible and interpretable way.

3.2.2. Inference Visualization Mode

In contrast to the Simple Visualization mode, the Inference Visualization mode requires
the user to select two dataset folders: first, the folder containing the signals with inter-
ference (referred to as the interference signals), and second, the folder containing the
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processed signals, hereafter called the inference signals. The original clean signal is not
selected explicitly as a separate folder; instead, it is obtained from the dataset of original
bits associated with either of the two selected folders, since these should be identical.

Although this mode is described in the context of interference and inferred signals, it
is flexible enough to handle other types of signal processing or video modifications, as
long as the datasets share the same structure and naming conventions. This allows for
comparing different versions of the same signals or videos processed by various algo-
rithms.

Prior to folder selection, the user is presented with an instructional screen indicating
the required order for folder selection—first the Sol folder and then the inference folder
(see Figure 3.6). This ensures clarity and reduces user error.

4 Select Datasets Folders - a X

Select the folders:
- Interfence Signal Dataset
- Inferred Signal (clean) Dataset

Select Folders

Fig. 3.6. First screen prior to selecting folders.

It is essential that both selected folders contain datasets with the same file structure
and, more importantly, that they share identical file names. This compatibility guarantees
that the application can match corresponding signals between the two datasets correctly.
By enforcing this naming convention, when the user selects modulations in the subsequent
screen (see Figure 3.3), the available modulation types will be consistent across both
datasets, simplifying the comparison process.

Similarly, in the signal selection window (see Figure 3.4), the user is restricted to
choosing signals that exist in both datasets, ensuring that the selected indices correspond
exactly to matching signals. To guarantee this synchronization, it has already been veri-
fied that all files in both folders have the same names, and then the original bits datasets
from both folders are compared to confirm that the original signals themselves are iden-
tical. This process ensures that the signals selected for demodulation and comparison
correspond precisely across both datasets, enabling accurate and meaningful visualiza-
tion.

The final and main visualization screen changes significantly from the simple mode.
Here, three synchronized video visualizations are presented side by side: the original
clean signal, the interference-affected signal, and the inference (processed) signal. This
interface allows the user to directly compare the effects of processing algorithms on the
signal quality and the resulting video reconstruction (Figure 3.7).
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4. Demodulation and Visualization = [m} X

Signal 1 of 3

Next Video

Play

BER (Interference): 0.2043 BER (Inference): 0.0000

Video Comparison

|
|

Original Video Interference Video Inference Video

Fig. 3.7. Original video vs Demodulated Interference Signal vs Demodulated Inferred Signal
Interface

In Figure 3.7, an example for this interface is presented, this time with a different
modulation-interference combination. The Signal of Interest (Sol) is an OFDM signal
modulated with 64QAM, and the interference signal is an OFDM signal modulated with
256QAM. Similarly to thr previous example, the user is presented with three synchronized
video streams: the original signal, the interference signal, and the inference signal after
processing. The interference signal shows a Bit Error Rate (BER) of 0.2043, introducing
noticeable noise to the reconstructed video, but still retaining some visual representation
of the original image. After applying the corresponding algorithm (in this case an in-
terference mitigation technique), the inference signal yields a completely clean image,
achieving a BER of 0. This demonstrates the success of the applied processing algorithm
not only through traditional model performance metrics but also through the comparison
of BER values. Furthermore, this approach allows the user to visually assess the improve-
ment in signal quality, thereby fulfilling the objective of this tool: offering both numeric
and visual feedback on the effectiveness of signal processing methods.

3.3. Evaluation of UNet Model over Generated Dataset for Interfer-
ence Mitigation

3.3.1. Dataset Description and Interference Scenarios
To evaluate the proposed dataset under controlled but realistic conditions, a simplified
use case was defined where only Orthogonal Frequency Division Multiplexing (OFDM)

signals are used as the signal of interest (Sol). This decision was motivated by the balance
OFDM strikes between structural complexity and tractability. While simpler modulation
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schemes such as PSK or QAM offer limited variation, fully standardized protocols like
WiFi or Bluetooth introduce considerable additional complexity due to protocol overhead
and signaling structures. Thus, OFDM provides a versatile yet manageable middle ground
for preliminary evaluations.

The dataset includes three distinct types of OFDM signals, each employing a different
modulation scheme: QPSK, 64-QAM, and 1024-QAM. These three types were selected
to cover a wide range of constellation complexities, enabling the model to generalize
to various signal structures using only a limited set of examples. Each waveform was
generated with consistent OFDM parameters such as a cyclic prefix length of 16, an FFT
length of 64, a subcarrier spacing of 1IMHz, and a channel bandwidth of 20MHz. All
signals were sampled at 64MHz with no oversampling.

The parameters for each signal type are summarized below:

e OFDM with QPSK: payload of 10,600 bits per waveform segment, resulting in a
total of 10 concatenated segments to reach 100,000 bits. The final waveform length
is therefore 10 x 8000 = 80, 000 samples.

e OFDM with 64-QAM: payload of 31,800 bits per waveform segment, leading to 4
concatenated segments. The total waveform length is 4 x 8000 = 32, 000 samples.

e OFDM with 1024-QAM: payload of 53,000 bits per segment, requiring 2 concate-
nated segments, yielding a total of 2 X 8000 = 16, 000 samples.

To construct the dataset, 40 video samples were segmented into 10 sub-videos each,
yielding a total of 400 training instances for each modulation configuration. Each instance
contains one of the OFDM signals described above, embedded in a video-derived struc-
ture, with metadata such as modulation type, waveform parameters, and bit length stored
in accompanying JSON or MATLAB ‘.mat" files.

Interference Dataset

To assess the robustness of the UNet model and the generalization capabilities of the
dataset, an interference dataset was constructed using a diverse set of signals not included
in the original training set. This allowed for the emulation of several realistic interference
scenarios with varying degrees of similarity to the signals of interest (Sol).

For generating interfering signals, two groups of video data were used:

e 10 videos selected from the same pool as the training dataset (i.e., reused video
sources).

e 25 videos from a disjoint set, ensuring non-overlapping content with the Sol signals.

Each of these 35 videos was divided into 10 subvideos (each containing 5 frames),
resulting in 350 distinct interference instances. These were then paired with the first
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350 Sol signals (400 Sol signals originally, but 350 were used to match dimensions) to
generate interfered signal pairs used in evaluation.

The interference signals were designed to represent three distinct categories:

1. OFDM signals with same modulation as one set of the Sol signals: 1024-QAM.
2. OFDM signals with different modulation types: 256-QAM.

3. Non-OFDM signals: Bluetooth BR (Basic Rate).

All OFDM-based interference signals were created using the same waveform genera-
tion process as for the Sol, but with one of two parameter configurations:

e The original OFDM parameters used in training.

e A modified set of parameters, differing in aspects such as FFT length, cyclic prefix
length, etc. Also, some noise was introduced when generating, selecting a SNR
of 10dB instead of the original 50dB (or 100dB in case of OFDM 1024QAM)
(noiseless) we were using.

Table 3.1 outlines the comparison between the initial and modified OFDM parameter

configurations:
Parameter Original Configuration | Modified Configuration
FFT Length 64 16
Cyclic Prefix Length 16 8
Subcarrier Spacing 1MHz 1MHz
Number of Symbols 100 40
SNR 50dB/100dB 10dB

Table 3.1. Comparison of OFDM Parameter Configurations for
Interference Signals

In addition to OFDM signals, Bluetooth BR (Basic Rate) signals were introduced as
a fundamentally different modulation type, representative of frequency-hopping spread
spectrum (FHSS) systems that coexist with WiFi (which is based mainly on OFDM) in
the ISM band.

To simulate varying interference power levels, each interfering signal was scaled using
one of two attenuation factors: 0.5 or 0.75. This models different signal-to-interference
scenarios and introduces diversity in interference intensity.

This setup allows for evaluating three key generalization dimensions:

e Intra-class interference: OFDM vs. OFDM (same modulation, different parame-
ters).

e Inter-class OFDM interference: OFDM vs. OFDM (different modulation types).
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e Cross-protocol interference: OFDM vs. Bluetooth BR.

These scenarios are critical for testing whether the model can distinguish and recover
the original signal when exposed to modulations and signal characteristics not seen during
training.

3.3.2. Evaluation Metrics

To quantitatively evaluate the performance of the UNet model in reconstructing signals
from interfered observations, two primary metrics were employed: the Mean Squared Er-
ror (MSE) and the Bit Error Rate (BER). These metrics capture different but complemen-
tary aspects of model performance: numerical similarity in signal space, and correctness
in digital communication terms, respectively.

Mean Squared Error (MSE)

The Mean Squared Error (MSE) [33] is a widely used loss function in regression tasks and
neural network training. It measures the average of the squares of the differences between
predicted values and the true values. Given a model output X and the ground-truth signal
x, both of length N, the MSE is computed as:

1 & o
MSE = — ;(x,- — %) (3.1)

In the context of signal recovery, x represents the original clean signal, while X is the
signal estimated by the neural network. A lower MSE indicates that the reconstructed
signal is closer to the original in a Euclidean sense, which generally reflects better perfor-
mance.

While MSE is sensitive to amplitude and phase mismatches, it does not directly reflect
the impact of reconstruction quality on communication performance. Therefore, MSE is
often complemented by domain-specific metrics in communication systems.

Bit Error Rate (BER)
The Bit Error Rate (BER) [20] is a fundamental metric in digital communications, used to
measure the proportion of received bits that are incorrectly decoded. Given a transmitted

bit sequence b = [by, b, ..., by/] and a received bit sequence b= [lA)l, 132, - BM], the BER
is defined as:

M
1
BER = Z: Ly (32)
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where 1,5, 1s an indicator function that returns 1 if the bit b; is incorrectly received,
and 0 otherwise.

In RF signal recovery tasks, BER serves as a highly interpretable and objective metric.
It not only quantifies how well the model reconstructs the waveform, but also evaluates
whether the demodulated data is correct — a core requirement in communication systems.
Importantly, BER evaluation is performed after demodulating the recovered waveform,
thereby assessing the end-to-end impact of interference and recovery on communication
integrity.

Moreover, using BER in this context offers a unique advantage: it enables a direct
link between quantitative analysis and qualitative visual verification. Since each wave-
form corresponds to a video segment, visual inspection of the recovered video (e.g., blank
vs. intelligible frames) can be used to cross-check and interpret BER results. This dual
evaluation approach enhances the reliability and interpretability of the experimental con-
clusions.

3.3.3. Training and Testing Setup

The proposed model is trained using a two-stage procedure, structured to first extract
the inherent characteristics of the signal of interest (Sol) and later focus on interference
mitigation. The input and output of the model are both complex-valued time-domain
signals, represented as two real-valued channels corresponding to the in-phase (I) and
quadrature (Q) components, hence the model is designed to process two input and output
channels.

Stage 1: Clean Signal Autoencoding

In the first training stage, we aim to train the UNet model as an autoencoder. This means
the model is provided with clean OFDM signals as both the input and the expected output.
Specifically, we train with 400 clean signals for each of three OFDM modulation types:
QPSK, 64-QAM, and 1024-QAM, totaling 1200 training samples. These modulation
schemes were selected as representative samples covering a wide range of constellation
complexities. In practical wireless communication systems like WiFi, OFDM is widely
used with modulations from BPSK to 1024-QAM, so by selecting a subset from the low,
medium, and high complexity range, we aim to induce generalization over all possible
intermediate modulations.

As indicated, the model is firstly trained on OFDM signals with QPSK modulation,
followed by 64-QAM, and finally 1024-QAM, making the model to be progressively ex-
posed to more intricate modulation schemes. This strategy ensures that the model is
well-equipped to generalize across a broad spectrum of signal types, providing a robust
foundation for effectively addressing interference in subsequent stages.
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This setup encourages the model to learn a compressed latent representation of OFDM
signal structures, exploiting the UNet’s encoding path to capture spectral and temporal
dependencies, and then reconstructing the original waveform through the decoding path.
The learning objective is to minimize the Mean Squared Error (MSE) between input and
output, helping the model abstract the typical temporal and spectral characteristics of
OFDM signals.

Data is loaded from HDFS5 files using a custom PyTorch dataset class. Each signal is
converted to a torch.FloatTensor of shape (2, N) where N is the number of samples,
and the batch size is set to 16. We use the Adam optimizer with a learning rate of 3 - 1074,
and employ gradient scaling via PyTorch’s GradScaler for mixed-precision training on
CUDA devices. Early stopping is implemented based on validation loss, with a patience of
10 epochs to prevent overfitting. The dataset is split into 90% training and 10% validation.

After this training, the model is evaluated on unseen signals, including different mod-
ulations such as 16-QAM or BPSK, to verify whether it has acquired transferable repre-
sentations of general OFDM behavior.

Stage 2: Interference Mitigation

In the second stage, the model transitions from the autoencoder task in Stage 1 to inter-
ference mitigation, where the goal is to suppress interference and recover the clean Signal
of Interest (Sol). The model used in this stage is initialized with the weights from the
final model trained in Stage 1, ensuring that it retains the learned representations of the
OFDM signal structure. This prior knowledge from Stage 1 provides the foundation for
the model to build upon as it adapts to more complex tasks involving interference. In
this stage, the model is trained on signals that are corrupted by various interference types,
while the clean Sol remains the target output. By leveraging the pre-learned signal struc-
ture, the model is better equipped to handle interference scenarios and recover the clean
signal even under different distortion types.

The interference dataset includes signals with various OFDM modulations (e.g., 256-
QAM and 1024-QAM with alternate parameters), as well as classical Bluetooth BR sig-
nals. Two attenuation levels are considered (0.5 and 0.75) to simulate varying interference
strengths. The clean and interference datasets are matched using their JSON metadata
files, ensuring that each pair corresponds to the same signal except for the added distor-
tion.

A custom dataset class HDF5DenoisingDataset is used to load matching pairs of
clean and interfered signals. These are converted into batches with the same configura-
tion as before, and training proceeds similarly with early stopping and MSE as the loss
criterion. The dataset is split into training (90%), validation (5%), and test (5%) sets.

During inference, the model processes interfered signals to generate restored versions,
which are stored in HDF5 format for later quantitative and qualitative evaluation. This

50



step validates whether the model has effectively learned to separate and reconstruct the
Sol even under different interference types and configurations.

3.3.4. Results and Analysis

This subsection presents the outcomes obtained from the two-stage training process de-
scribed previously, alongside a detailed interpretation of the results. First, we evaluate the
model’s performance in reconstructing clean OFDM signals from the initial autoencoder
training, assessing its ability to generalize across different modulation schemes. Then, we
analyze its effectiveness in mitigating interference through the denoising training phase,
where the model aims to recover the original signal from degraded inputs. The evalua-
tion is based on both objective quantitative metrics (MSE and BER) and qualitative visual
inspection of the regenerated signals, allowing for a comprehensive assessment of the
model’s behavior under various signal conditions.

Stage 1: Clean Signal Autoencoding

Before evaluating the model’s capacity to generalize or mitigate interference, it is essential
to assess its training behavior. This first analysis focuses on the evolution of the training
and validation loss during Stage 1, where the UNet model is trained as an autoencoder
on clean OFDM signals. The training was carried out in three sequential phases, each
corresponding to a specific OFDM modulation scheme: QPSK, 64QAM, and 1024QAM.
This setup allows the model to gradually learn signal structures of increasing complexity.
The performance during these three phases is visualized in the following figures: Fig-
ure 3.8 and Figure 3.9 show the evolution of the training and validation loss during the
autoencoder-based training phase, where the model was successively trained on OFDM
signals modulated with QPSK, 64QAM, and 1024QAM.

In the first figure, the training and validation loss values are presented in their natural
scale. As observed, the loss rapidly decreases during the early epochs, especially during
the QPSK phase (first one), indicating that the model quickly captures the fundamental
structure of the lower-complexity modulation. As training progresses through the more
complex modulation schemes (64QAM and 1024QAM), the loss continues to decrease
steadily, although with smaller margins, showing that the model is able to learn more in-
tricate structures as well. It is worth noting how the loss temporarily increases at each
modulation transition, suggesting that the model initially expects signal characteristics
from the previous modulation scheme. However, it quickly adapts to the new modula-
tion. Interestingly, the second transition (from 64QAM to 1024QAM) results in a smaller
spike compared to the first, indicating that the model progressively internalizes general-
izable features across modulation types. The vertical dotted lines indicate the boundary
between training phases for each modulation type, with clear transitions visible in the loss
behavior.
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Fig. 3.8. Training and validation loss across the three consecutive training phases with OFDM
signals (QPSK, 64QAM, and 1024QAM).

To better appreciate the progression of the loss, particularly in the lower ranges, Figure
3.9 shows the same curves on a logarithmic scale. This representation reveals the fine-
scale convergence behavior of the network and highlights the periods of minor overfitting
or instability, which appear as small spikes. The log-scale plot confirms that even for the
highest-order modulation (1024QAM), the loss eventually stabilizes to very low values
(< 107%), indicating that the model successfully reconstructs the signals in the autoencoder
setting regardless of modulation complexity.

These results demonstrate that the model can adapt to signals of increasing complex-
ity, from QPSK to 1024-QAM, and learn general features of OFDM signals. As more
complex modulations were introduced, the model continued to reduce loss, albeit at a
slower rate, indicating ongoing learning. This progress prepares the model for more chal-
lenging tasks like interference mitigation. The low final MSE values suggest that the
learned latent representation is effective and generalizable, setting the stage for the next
training phase focused on interference mitigation.

Now, in order to assess the generalization capabilities of the trained model beyond the
specific configurations used during training, we conducted several inference tests using
the MATLAB demodulation and visualization application described previously. For this
purpose, we evaluated the model on a variety of OFDM signals modulated with schemes
that were either not used during training or altered in terms of their modulation parame-
ters. Table 3.2 summarizes the Bit Error Rate (BER) along with the MSE results obtained
in each scenario.
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Fig. 3.9. Training and validation loss plotted on logarithmic scale, showing improved detail of
convergence behavior.

Modulation Type Configuration MSE BER
OFDM BPSK Original 7.03-1077 0
OFDM QPSK Original 8.99-1077 0
OFDM 64QAM Original 7.40-1077 0
OFDM 256QAM Original 1.05-107% | 0.0014
OFDM 1024QAM Original 4.11-1077 | 0.0221
OFDM QPSK Modified Parameters 1.22-10°° 0
OFDM 64QAM Modified Parameters 2.00-107° 0
OFDM 256QAM Modified Parameters 2.42-107° 0
OFDM 1024QAM Modified Parameters 2.48-107% | 0.0037
OFDM 64QAM Original + Noise (SNR=10dB) 0.0013 0.3281

Note. The reported MSE values in the table correspond to the average mean squared
error across all video sequences for each modulation and configuration. In contrast, the
BER values are computed from a single representative video per modulation, kept

consistent across experiments for fair comparison.

Table 3.2. Results on test OFDM Signals
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As shown, the model demonstrates robust performance across a range of OFDM mod-
ulations, achieving zero BER for BPSK, QPSK, and 64QAM signals, even those not
explicitly included in the training process. This aligns with their extremely low MSE
values, typically below 1075, indicating that the model reliably reconstructs these signals
with minimal deviation.

For higher-order modulations such as 256QAM and 1024QAM, the model still per-
forms well, though both MSE and BER increase slightly. This is expected, as higher-order
constellations have more closely spaced symbols, making them inherently more sensitive
to interference and reconstruction errors. Notably, the BER for OFDM-1024QAM with
original parameters is 0.0221, and the corresponding MSE remains low at 4.11-1077, sug-
gesting that symbol-level errors may not always be reflected in large overall distortions.
This could be expected in denser constellation modulations, such as this one, where sym-
bols are closer to each other.

Interestingly, for the 256QAM signal using the original parameters, the visual result
was remarkably clean despite the BER of 0.0014. The MSE in this case was 1.05 - 1075,
reinforcing the idea that minor symbol-level errors may not significantly affect perceived
quality—particularly when signal energy remains well-preserved.

Furthermore, the results indicate that when using signals generated with modified
modulation parameters, such as a shorter FFT length and fewer symbols, the model of-
ten performs even better—especially for 256QAM and 1024QAM. These configurations
simplify the signal structure, making them easier for the model to interpret. This implies
that the model has effectively learned the underlying structure of OFDM signals and is
able to generalize across parameter variations to a considerable extent.

On the other hand, the test involving 64QAM signals with added noise (SNR = 10dB)
reveals a notable degradation. While the average MSE is relateviley moderate (yet signif-
icantlly higher than for the other cases) at 0.0013, the BER spikes to 0.3281, confirming
that the model is not equipped for denoising tasks. The MSE reflects some level of recon-
struction consistency, but the high BER indicates that many symbols are misclassified,
likely due to small shifts around decision boundaries. This is consistent with our design,
where the training dataset did not include noisy signals.

To complement the quantitative results, Figure 3.10 presents visual comparisons of
five representative cases, highlighting the effects of different modulation types and con-
figurations on the model’s performance.

Stage 2: Interference Mitigation Training

After validating the feasibility and effectiveness of the UNet model on clean signals in
Stage 1, where the model learned to reconstruct undistorted OFDM signals, the second
training phase introduces a significantly more complex challenge: the mitigation of inter-
fering signals. For this purpose, the model trained in Stage 1, with its weights initialized
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Fig. 3.10. Visual comparison of inference results for various OFDM configurations and conditions

after stage 1 of training (autoencoder).
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based on the learned representations of clean OFDM signal structures, is fine-tuned to
handle interference. The dedicated interference dataset, which contains OFDM signals of
interest (Sol) corrupted with various types of interference (including other OFDM mod-
ulations and Bluetooth BR signals), is used in this stage. These interfered signals are
processed with different attenuation factors, simulating varying degrees of interference
strength, as detailed in the Interference Dataset Section (3.3.1). The transition from Stage
1 to Stage 2 is crucial, as the model builds upon the knowledge gained from clean signal
recovery to adapt and learn to separate and recover the clean Sol under more challenging

interference conditions.

Figure 3.11 and Figure 3.12 show the training and validation loss curves for this stage.
Unlike the previous phase, the loss evolution extends across nearly 2900 epochs, high-
lighting the increased complexity of the task. This is expected, as not only are there much
more samples and are the signals more diverse, but the goal of interference suppression
requires disentangling the signal of interest from an overlapping source that can be both
structurally similar (e.g., OFDM) or drastically different (e.g., Bluetooth).
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Fig. 3.11. Training and validation loss across all interference signals.

An interesting observation is that the training curves can be intuitively analyzed in
segments of three, corresponding to the Sol modulation types (QPSK, 64QAM, and
1024QAM) trained together within each interference setup. This structural grouping is
a direct result of the dataset organization, where each interference source and attenuation
factor combination is paired with the three Sol types in separate subfolders.

The name labels over the segments follow the pattern mod1_a_mod2, where:

e mod1 corresponds to the interfering signal modulation type.

e a is the attenuation factor applied to the interference (either 0.5 or 0.75, which
would be 050 or 075, respectively).

e mod2 represents the modulation used for the Sol.
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Training and Validation Loss Across Inference Modulations (Log Scale)
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Fig. 3.12. Training and validation loss across all interference signals in logarithmic scales.

In our specific experiments:

e Sol modulations are mapped as: OFDM1 — QPSK, OFDM2 — 64QAM, OFDM3 —
1024QAM.

e Interfering modulations include:

e OFDM1 — 1024QAM

e OFDM2 — 1024QAM with modified parameters
e OFDM3 — 256QAM

e OFDM4 — 256QAM with modified parameters
e Bluetoothl — Bluetooth BR

It is also noticeable that when the attenuation factor is increased from 0.5 to 0.75,
the loss tends to rise accordingly. This observation aligns with expectations, as a higher
attenuation factor implies a stronger interference component, making the separation task
more demanding for the model.

Another relevant point is the model’s difficulty in reducing the loss during the later
stages of training, particularly when dealing with Bluetooth BR interference. This is not
surprising considering the structural disparity between Bluetooth signals and the OFDM-
based Sols seen during training, reinforcing the idea that generalization to cross-standard
interference is considerably harder.

Moreover, the final loss values achieved in this phase are consistently higher than
those observed during clean signal training. This again is coherent, as the task complexity
is significantly elevated, and interference suppression poses greater challenges than pure
denoising.

Additionally, we observe that Sol signals with higher-order modulation (such as 1024
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QAM) tend to result in slightly higher losses compared to QPSK and 64QAM. This could
indicate that the model learns to leverage the less dense constellation characteristics to
better discriminate between useful and interfering components.

Once the model had been trained to handle a wide range of interference scenarios,
we evaluated its performance on the test dataset, which included diverse combinations of
interference types, attenuation factors, and signal of interest (Sol) modulations. Table 3.3
summarizes the results using two key metrics: the mean squared error (MSE) over the
recovered signal and the bit error rate (BER) computed on a representative video over all
video frames. BER values are presented both before and after applying the interference
mitigation model. All image outputs corresponding to each entry in the table are included
in Appendix A.1, which visually reinforce the numerical results discussed here.

Overall, the results reflect the complexity of the task. While the model is successful
at suppressing interference in some specific cases (especially when the interfering signals
are relatively weak or simple) it generally struggles to fully recover the clean signal in
the presence of strong, high-order modulation interference. This is consistent with the ex-
pected difficulty of the task: high-order QAM modulations are more sensitive to distortion
and overlap more in constellation space, which complicates the model’s job in separating
the Sol from the interference.

Among the positive observations, we note:

e Strong mitigation for low attenuation factors (0.5): In scenarios where the in-
terference power is lower relative to the Sol, the model achieves near-zero BER for
low-order modulations like QPSK. For instance, with OFDM 1024QAM interfer-
ence and attenuation factor 0.5, the model eliminates almost all errors when the Sol
is QPSK, as can be seen in Figure A.la from Appendix A.1.

e Improved performance with simpler Sols: Regardless of the interference type,
QPSK consistently benefits the most from mitigation, which is expected due to its
robustness and lower constellation density. This suggests the model is effective at
recovering structurally simpler signals even in the presence of significant interfer-
ence.

e Impact of modified parameters: Interfering signals with modified OFDM param-
eters appear to be easier to mitigate in some settings. This might be because the
structural mismatch between the interfering signal and the training distribution of
the Sol helps the model disentangle the two sources more effectively.

However, there are several limitations and challenges reflected in the results:

e Limited mitigation for high-order Sols: In most configurations where the Sol is
1024QAM, the post-mitigation BER remains high. This can also be visualized in
any of the Figures A.lc, A.1d, A.2a, A.2d, A.3a, A.3d, A.5a, A.5d. The complex-
ity and fragility of such modulations under interference likely exceed the model’s
learned generalization capabilities.
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Interference

Interference Configuration Att. Sol Type MSE Interference Mitigation
Type Factor BER
BER
QPSK 0.00563 0.2079 0.0000
0.5 64QAM 0.00549 0.2891 0.3582
. 1024QAM | 0.00541 0.4165 0.3769
Original
QPSK 0.00682 0.2643 0.1333
0.75 | 64QAM 0.00664 0.3735 0.4006
OFDM 1024QAM | 0.00655 0.4417 0.4230
1024QAM QPSK 0.01666 0.3640 0.2975
0.5 64QAM 0.01655 0.4318 0.4489
Modified 1024QAM | 0.01654 0.4711 0.4610
Params QPSK 0.03068 0.4056 0.3623
0.75 | 64QAM 0.03054 0.4558 0.4672
1024QAM | 0.03057 0.4810 0.4748
QPSK 0.00558 0.2043 0.0000
0.5 64QAM 0.00542 0.2748 0.3527
. 1024QAM | 0.00541 0.4158 0.3687
Original
QPSK 0.00680 0.2580 0.1313
0.75 | 64QAM 0.00654 0.3582 0.3936
OFDM 1024QAM | 0.00655 0.4391 0.4225
256QAM QPSK 0.00498 0.1733 0.0507
0.5 64QAM 0.00491 0.1663 0.2934
Modified 1024QAM | 0.00487 0.3763 0.2789
Params QPSK 0.00559 0.1790 0.0877
0.75 | 64QAM 0.00553 0.2201 0.3081
1024QAM | 0.00549 0.3857 0.3265
QPSK 0.00695 0.0075 0.2077
0.5 64QAM 0.00690 0.3434 0.0576
Bluetooth 1024QAM | 0.00692 0.1598 0.3884
BR ) QPSK 0.00034 0.0686 0.1356
0.75 | 64QAM 0.00033 0.2990 0.1508
1024QAM | 0.00033 0.2686 0.3624

Note. The reported MSE values in the table correspond to the average mean squared

error across all video sequences for each modulation and configuration. In contrast, the

BER values are computed from a single representative video per modulation, kept

consistent across experiments for fair comparison.

Table 3.3. Interference Mitigation Results for Various Interference

Signals
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e Bluetooth interference is particularly difficult: Despite being structurally differ-
ent from OFDM, the model has mixed success with Bluetooth interference. While
MSE is sometimes low (especially with strong attenuation), the BER after mitiga-
tion often remains significant. This implies that while the signal may look visu-
ally clean, symbol errors still persist, highlighting the limitation of relying solely
on pixel-domain losses during training. It is interesting though, the cases when
64QAM is used as the Sol (Figures A.5b, A.5e), where the BER significantly de-
creases, and the image is much more clearer. This results of interest because in
all previous cases where the Sol was an OFDM signal of any kind, the best results
where obtained for QPSK, as could be expected because of its constellation.

e Attenuation factor plays a critical role: As expected, increasing the attenuation
factor from 0.5 to 0.75 makes the interference stronger, and the performance gen-
erally deteriorates. This is seen consistently across all interference types and Sol
combinations.

e Performance saturation in complex scenarios: In many high-interference cases
(e.g., OFDM 1024QAM with 0.75 attenuation), the post-mitigation BER remains
close to that of the interference, suggesting that the model is unable to meaningfully
recover the original signal under these difficult conditions. This may be due to the
model overfitting to simpler interference scenarios during training, or to limitations
in the capacity of the model architecture itself.

These results demonstrate that, although the model does exhibit generalization ca-
pabilities and can effectively mitigate interference in favorable settings, there remains
significant room for improvement.
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4. Discussion and Conclusions

4.1. Analysis of Resulting Dataset

The results obtained throughout the experimental section demonstrate the overall suc-
cess of the generated dataset in supporting the development and evaluation of machine
learning-based solutions for signal recovery under interference.

Despite relying on a relatively simple model architecture such as UNet, the model was
able to learn effective representations and achieve signal reconstruction in a wide range
of interference scenarios. This is particularly encouraging given the complexity of the
RF environment and the diversity of modulations, signal configurations, and interference
types tested.

One of the key strengths of the dataset lies in its flexibility and scalability. The
MATLAB- and Python-based functions developed for generating both clean and inter-
fered signals allow for rapid expansion and reproducibility of experiments. Additionally,
the Python classes implemented to load and process the HDF5-ormatted datasets, both in
single-signal and interference modes, facilitate seamless integration into machine learning
workflows, enabling consistent data access and preprocessing.

The dataset’s unique design stands out due to the generation of signals based on real
video content. Unlike traditional datasets that rely on randomly generated bitstreams, this
dataset uses videos as a source to encode the signals, which adds a layer of realism and
complexity to the data. This approach offers a significant advantage: the signals generated
from video content are more structured, allowing models to learn temporal and spatial
relationships inherent in the video data. By doing so, the signals obtained for training
and testing have a higher degree of richness, enabling more advanced machine learning
applications. This unique aspect not only provides a more accurate representation of
real-world signals but also adds an extra dimension to the model’s interpretation, which
is not typically found in other datasets. This video-based approach opens the door to
applications such as semantic communications, where the understanding of content is
crucial for recovery, making this dataset particularly valuable for tasks requiring higher-
level understanding of transmitted information.

Additionally, the modular nature of the signal generation process further enhances the
dataset’s flexibility. The system is designed in such a way that components involved in
signal generation, such as the video encoding or modulation blocks, can be replaced or
adjusted easily. This means that if other types of content, such as audio or text, need to be
encoded into signals, the corresponding blocks can be swapped out without altering the
core structure of the signal generation pipeline. This feature ensures that the dataset can
be adapted to new use cases, providing both scalability and versatility for future research
and model development.

Overall, the dataset has proven to be a robust and versatile tool for prototyping RF
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signal restoration tasks with machine learning, offering both high fidelity and structured
complexity. These results lay the groundwork for further exploration using more ad-
vanced model architectures, including transformer-based or foundation models, with the
confidence that the data pipeline is reliable and informative.

4.2. Potential Impact of Dataset Generation on Future Research

The dataset developed in this work introduces a new paradigm in wireless dataset con-
struction, especially suited for machine learning-based signal recovery and interference
mitigation. Compared to existing benchmarks such as RadioML 2018.01A [2], WAIR-
D [3], or RF Challenge datasets [1], our dataset offers several unique features that enhance
its long-term research utility.

First, unlike datasets focused solely on classification tasks or limited to specific hard-
ware and modulation scenarios, our dataset captures realistic structured transmissions
embedded in video signals. This enables not only modulation recovery but also direct
evaluation in terms of perceptual quality and application-layer impact (e.g., frame-level
BER).

Second, the flexibility of the dataset generation framework, implemented in MATLAB
and Python, allows researchers to simulate a wide range of interference types, power
ratios, and signal configurations. This modularity ensures the dataset can be continuously
extended to include emerging standards or more complex impairments, a limitation noted
in other datasets such as Panoradio SDR [4] and DeepMIMO [6].

Third, by explicitly modeling cross-technology interference this dataset aligns more
closely with practical coexistence challenges faced in dense wireless environments. Many
existing datasets, including Radar [10] and WAIR-D[3], tend to focus on intra-technology
scenarios or idealized signal conditions.

As such, this dataset provides a foundation not only for benchmarking denoising and
source separation models, but also for the development of generalized wireless foundation
models capable of operating across a spectrum of environments and technologies. This
positions our dataset as a potential cornerstone for future open research efforts in RF
signal understanding, intelligent receivers, and multi-technology communication systems.

4.3. Future Works and Developments Directions in the Data-Driven

Framework for Wireless Signal Processing
The framework developed in this thesis is highly modular and adaptable, offering sig-
nificant opportunities for future advancements in wireless signal processing. Given its

design, any potential extensions or enhancements to the system are relatively straightfor-
ward, making it an ideal platform for evolving research and experimentation.

Future work could focus on expanding the capabilities of this framework in the fol-
lowing key areas:
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Input Signal Diversity: Support for new video formats (e.g., higher-resolution,
variable frame rates) or non-video bitstreams (e.g., audio or textual data) can further
diversify the dataset and help assess generalization across content types.

Technology Expansion: The framework can be upgraded to include other wireless
technologies such as 5G NR. This, along with many others, could be implemented,
just like the ones already supported by the application, based on the Wireless Wave-
form Generator toolbox from MATLAB [19].

Demodulation Capabilities: Incorporating WiFi demodulation and visualization
functions would enable full end-to-end pipelines (from bitstream to video recovery)
for these technologies (already implemented for modulation).

Real-World Capture Integration: Adding capabilities for loading and augment-
ing real hardware captures (e.g., from SDRs) could enable domain adaptation and
mixed-reality scenarios.

Channel State Information (CSI) Estimation: The framework can be adapted
to support Channel State Information (CSI) estimation, which is crucial for many
modern wireless communication systems. With minimal modification, the current
setup can incorporate techniques for estimating channel parameters, which would
help improve the performance of communication systems, particularly in challeng-
ing environments with varying interference and signal degradation.

Foundation Models for Wireless Channels: The current framework offers a solid
foundation for the development of foundation models for wireless communica-
tion systems. These models aim to understand and generalize over different wire-
less channel behaviors and interference scenarios, similar to the approach in [34]
that can learn generalized representations across diverse wireless technologies. By
leveraging the rich and varied datasets, future versions of the framework could en-
able training of deep models capable of handling various wireless channel condi-
tions, including dynamic changes in network load, environment, and interference
types, improving robustness and adaptability.

Waveform Design and Optimization: Thanks to the modularity of the framework,
it can be adapted for waveform design, allowing for the optimization of transmitted
signals based on specific communication tasks, content types, and environments.
This includes tailoring waveforms for particular use cases (e.g., video or audio
transmission) and enhancing robustness against interference. By leveraging ma-
chine learning, the framework can dynamically generate and optimize waveformes,
improving communication performance in diverse and challenging wireless condi-
tions.

Quality Assessment with Computer Vision Metrics: Since, in the presented use
case, we are using a ML model to recover (or clean) signals that correspond to
videos, incorporating computer vision metrics such as Peak Signal-to-Noise Ra-
tio (PSNR), Structural Similarity Index (SSIM), and object detection accuracy can
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provide a more detailed evaluation of the recovered video quality, offering insights
directly relevant to video transmission and restoration applications.

¢ Interference Mitigation Specifics: Building on the use case explored in this the-
sis, further work can be focused on improving interference mitigation strategies.
Specifically, new models and techniques could be developed to better handle strong
interference scenarios, such as those encountered in dense urban environments or
with high-power interfering signals. The framework could be extended to allow
more granular modeling of interference, including jamming detection, adaptive fil-
tering, and real-time interference classification. By simulating a variety of inter-
ference types and signal distortions, we can enhance the effectiveness of machine
learning models in real-world applications, making them more resilient to dynamic
and complex interference conditions.

These advancements would push the boundaries of current wireless signal processing
capabilities, enabling the development of more intelligent, adaptive, and efficient systems.
The modularity and flexibility of the proposed framework ensure that it can easily evolve
to meet the demands of future research and real-world communication systems.
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A. Appendices

A.1. Appendix I: Visual Results of Interference Mitigation
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Fig. A.1. Recovered video frames after interference mitigation across different interference types,

attenuation factors, and signal of interest (Sol) modulations (I).
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Fig. A.2. Recovered video frames after interference mitigation across different interference types,

attenuation factors, and signal of interest (Sol) modulations (II).
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Fig. A.3. Recovered video frames after interference mitigation across different interference types,

attenuation factors, and signal of interest (Sol) modulations (III).
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If you have ticked YES, please complete the following 3 parts of this document:
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Please be aware that the use of Generative Al carries some risks and may generate a series
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