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Xii Abstract

Diploma Thesis

Imaging from antenna array data with machine learning techniques

Barbounakis Sokratis

Abstract

This study focuses on enhancing the quality of spatial spectral maps used for estimating the
Direction of Arrival (DoA) of signals, through the development of a deep neural network,
specifically a denoising autoencoder. The process begins with the incoming signal imping-
ing on a Uniform Rectangular Array (URA) of antennas, where multiple elements capture the
wavefront. A beamforming algorithm based on the two-dimensional Discrete Fourier Trans-
form (2D-DFT) is then applied to generate a spatial spectral map, which represent the spatial
distribution of the signal’s power. The peak on these map indicates the estimated direction of
arrival.

In low Signal-to-Noise Ratio (SNR) environments, these spectral maps often suffer from
severe distortions that obscure the signal’s structure, leading to inaccurate DoA estimations.
To address this issue, the proposed denoising autoencoder enhances the quality of the spectral
maps by restoring the clarity and reliability of the underlying signal features. This denoising
stage significantly improves peak detection accuracy and consequently, the reliability of DoA
estimation.

To evaluate the effectiveness of the proposed approach, a dataset of spatial spectral maps
was generated and used to train the denoising autoencoder. The model’s performance was
assessed primarily based on its ability to accurately detect peaks within the spectral maps.
Experimental results demonstrate high accuracy, with peak detection success rates consis-
tently around 90% for SNR values ranging from -20 dB to 20 dB. However, at extremely
low SNR levels (approximately -23 dB), the increased noise results in false or shifted peaks,
reducing detection accuracy to approximately 61%. This value represents the lowest SNR
level used in the study, as our goal was to identify the operational limit of the method— the

point below which performance begins to degrade significantly.

Keywords:

Phased Arrays, Uniform Rectangular Array, Direction of Arrival Estimation, Deep Learning,
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Xiv Hepiinymn

Authopoatikny Epyacio

ATEIKOVION 0710 OEOOUEVE GLGTOL LAV KEPULADV PUE TEYVIKES PNYOVIKNG
nadneng

Mnoapumoovakng XokpaTng
Iepiinyn

H napodoa perlém emkevipdverol 6t PEATIOON TG TOOTNTOS TOV YOPIKOV QOCUATIKOV
YOPTOV TOV YPNGLLOTOIOVVTOL Y10 TNV eKTiuNon ¢ KatevBvvong deiéng (Direction of Ar-
rival — DoA) onudtov, pécm e avantuéng evog fabiov veupmvikoy SIKTOOV Kol GUYKEKPL-
péva evog avtokmotkomont amobopvPornoinong. H dwudikacio Eekivd pe v tpdoTmon
TOV €16epYOUEVOL oNuatog o€ pia opotopopen opboyadvia dwataln (Uniform Rectangular
Array — URA) kepoudv, OOV T0, ETUEPOVG GTOTYELN KATOYPAPOVV TO TPOSTIMTOV KON, XTT|
oLvEXELD, EPapUOCETOL Evag alyOptBLog KateuBuvTIKNG S1opopPmong Pacioévog 6Tov d10-
dtdototo Awokprtd Metaoynuaticpd Fourier (2D-DFT), o onoiog mapdyst Evav yopikod ¢o-
OUOTIKO YAPTN OV amEKOVILEL TNV KaTavou TNG 16Y00G TOL GNHOTOG 6ToV Y®po. H Kopuen|
oLTOV TOV YAPTN VTOOEIKVOEL TV EKTILOUEVT] KOTEVOVVOT AP1ENG TOL GNUOTOC.

Ye mepiPdAdovta pe younAd Adyo onpatog tpog @dpvfo (SNR), ot pacpatikol xapteg
TapoLGLALovV GUYVEA EVTOVEG OALOIDGELS TTOL OITOKPVITTOVY TN OO TOV GTIUOTOC, OONYDVTOG
o€ avakpPelg ekTiunoelg g KotevBuvong deiEng. o v avTipet®dmion avtov Tov TpoPiy-
LOTOG, O TPOTEVOUEVOS ALTOKMOTKOTTOM TG arofopvPomoinong PEATIdVEL TNV TOLOTNTA TOV
(QOGLOTIKOV YOPTOV OmoKadoTOVTAG TN d100yELn Kot aEl0TIoTIO TMV VTOKEILEVOVY YOPOKTY-
PLOTIK®V TOL onpatog. To o1ddo avtd cupPdiier onuovikd ot Peitioon g akpifelog
EVIOTIGUOV TMOV KOPLOOV Ko KAT €MEKTOCT otV a&lomiotia g extipnong DoA.

[Ma v a&loAdynon TG OmOTEAEGLATIKOTNTOG TG TPOTEVOLEVT|G TPOGEYYIONG, ONLLOVP-
YNONKE €va GUVOLO SESOUEVAOV A0 YOPIKOVS POGHOTIKOVS XAPTES KOt PNCLOTOMONKE Y10
v eknaidgvon tov amofopvBoromrikod avtokwdworom . H amddoon tov poviérov alo-
Aoynbnke xvupiog pe Paon v KavotNTA TOV Vo gviomilel pe akpifela TIg KOpueEg 6Tovg
QoopaTIKoVg Xaptes. Ta melpapatikd amroteléopata deiyvouv vYNAL TOGOGTA EMITVYING, LLE
axpifela eviomopov Kopveng va Kopaivetatl otadepd yopm 610 90% yo tipég SNR and -20
dB ¢wc¢ 20 dB. Qotoco, oe eopetikd youniéc tipég SNR (mepimov -23 dB), n avEnuévn

napovcio BopvPov 0dnyel e YeLdEIC 1 LETATOTICUEVES KOPLPES, LEUDVOVTOG TNV aKpifeila
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Lepiinyn XV

evtomioo¥ og mepinov 61%. H tyun avt anoteket to yauniotepo eninedo SNR mov yxpn-
OlOTTOMONKE 0TN HEAETT), KOOMDS GTOYOC LOG TTOV VO EVTOTIGOVIE TO AEITOVPYIKO OP1O TNG
pedddov, onhadn to onpeio kdtw amd to omoio N amddoon apyilel va vroPabuiletor onpov-

TIKA.

AéEerc-kre10nd:
daocikcéc Zuotoyies Keparwv, Opodpopen Opboyadvia Ardtaén Kepawwv, Extipnon Kateo-
Buvonc AgiEng, Babid MdaOnomn, Avtokwoikornomng Arofopuforoinong
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Chapter 1

Introduction

In recent years, the demand for accurate and efficient spatial signal processing techniques
has grown rapidly, driven by applications in radar, wireless communications, sonar, and au-
tonomous systems. One of the most critical tasks in this domain is the estimation of the
direction from which signals arrive at an antenna array—commonly referred to as Direction-
of-Arrival (DoA) estimation. Accurate DoA estimation enables systems to localize sources,
track targets and enhance communication by directing signal reception towards desired di-
rections while suppressing interference. Despite the long history of research in the area, DoA
estimation remains a challenging problem, especially under adverse conditions such as high
noise levels, complex signal environments or limited computational resources. Building on

this background, this thesis directs it’s attention to this particular problem.

1.1 Thesis Subject

This thesis addresses the fundamental problem of Direction-of-Arrival estimation using
Uniform Rectangular Array (URA) configurations, which enable two-dimensional spatial
sampling for accurate determination of both azimuth and elevation angles. While traditional
methods such as DFT-based beamforming—utilized in this work—are used for DoA esti-
mation, their effectiveness may be compromised under challenging conditions, particularly
in low signal-to-noise ratio (SNR) environments. To overcome these limitations, this study
investigates the application of a denoising autoencoder designed to enhance the spatial spec-
trum produced by the above method, focusing on noise suppression and highlighting the

spectral features that reveal the directions of arrival. Although the model is tested across a

1
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2 Chapter 1. Introduction

wide range of SNR levels, from very high to very low, special emphasis is placed on its per-

formance in low SNR scenarios, which constitute the core challenge addressed in this thesis.

1.1.1 Contributions

This thesis makes the following key contributions:

1. Integration of deep learning techniques within classical signal processing frameworks,
illustrating the potential of data-driven models to enhance traditional methods of DoA

estimation.

2. Development and implementation of a denoising autoencoder aimed at enhancing the
spatial spectrum obtained from DFT-based beamforming, by reducing noise and rein-

forcing the spectral features that lead to signal directions.

1.2 Thesis Organization

This thesis is structured into six chapters. Chapter 1 introduces the subject of the thesis
and outlines its main contributions. Chapter 2 provides the necessary background on phased
array antennas and describes the steps involved for Direction-of-Arrival (DoA) estimation
based on Uniform Rectangular Array (URA) configurations. Chapter 3 offers an overview
of deep learning concepts, highlighting the motivation for applying deep learning to DoA
estimation, with a particular focus on autoencoders and denoising autoencoders. Chapter 4
presents the experimental framework, including the generation of the dataset, as well as the
design and training of the self-supervised denoising autoencoder. This chapter also describes
the evaluation metrics used for performance assessment. Chapter 5 discusses the experimental
results and finally, Chapter 6 concludes this thesis with a summary of the most important

findings and recommendations for future research directions.
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Chapter 2

Phased Arrays and Direction-of-Arrival

Estimation

2.1 Applications of DoA Estimation

DoA estimation and imaging have several practical applications in wireless communica-
tion, secure wireless communication [1], radar [2], acoustics, and radio astronomy [3]. With
phased arrays, for example, we can use images that we generate so that we classify jam-
mers or RFI sources [4]. In wireless communication, we can carefully direct the direction
that we send our wireless information signal [1]. In radio astronomy, we can find the spa-
tial direction of exo-galactic signal by searching with the beamforming algorithm [3]. The
fundamental component in all these applications is that they require a phased array antenna
system, which we will describe next. DoA estimation and imaging can be accomplished with
methods like the MUSIC [5] or MVDR [3] beamforming. Here we will explore DFT-based

beamforming to generate these images.

2.2 Overview of Phased Array Antennas

Phased array antenna systems are an advanced technology that enables precise control
over the directions in which signals are transmitted and received. Unlike traditional antennas
that emit signals equally in all directions, phased arrays concentrate the signal energy into
specific directions by forming what is known as a beam—a focused transmission of wave

energy. A key advantage of these systems is their ability to steer the beam electronically,

3
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4 Chapter 2. Phased Arrays and Direction-of-Arrival Estimation

without requiring any physical movement of the antennas as referred in [6]. This is achieved
by adjusting the phase of the signal at each individual antenna element. When these adjust-
ments are properly synchronized across the array, the signals from all elements combine to
form a sharp, directional beam that can be quickly and accurately pointed toward different
angles. This ability, known as electronic beam steering, allows phased arrays to scan wide
areas efficiently, a feature referred to as sector coverage. In addition, phased arrays can shape
their beam patterns to suppress signal emissions in undesired directions, reducing interfer-
ence. This is done by designing the array to produce patterns with low sidelobes—weaker,
unintended beams that could otherwise degrade system performance [7]. To support these
capabilities, modern phased arrays are built using sophisticated hardware and advanced sig-
nal processing algorithms. This integration of technology offers the flexibility, speed, and
precision needed to meet the complex demands of today’s communication, radar and sensing

systems.

2.2.1 URA and ULA

Phased array antenna systems can be categorized based on their geometric configura-
tions, which significantly influence their radiation characteristics and application suitability.
Two of the most common array geometries are the Uniform Linear Array (ULA) and the
Uniform Rectangular Array (URA). The ULA consists of antenna elements arranged in a
single straight line with uniform spacing, making it one of the simplest and most widely
studied configurations. ULA’s are especially useful for one-dimensional beam steering and
are extensively employed in applications where scanning is needed in a single plane. On the
other hand, the URA extends this concept into two dimensions by arranging elements in a
uniformly spaced rectangular grid, enabling two-dimensional beam steering both in azimuth
and elevation planes. URA’s provide enhanced spatial resolution and flexibility, making them
suitable for more complex scenarios such as two-dimensional (target localization, wide-area

surveillance and multi-beam communication systems).

In this thesis, the Uniform Rectangular Array (URA) configuration is employed due to its
superior capability for two-dimensional beam steering which enables 2D Direction of Arrival

estimation.
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2.3 Direction of Arrival Estimation based on URA Configurations 5

Figure 2.1: Uniform Rectangular Array (URA)
[8, 4].

2.3 Direction of Arrival Estimation based on URA Config-
urations

The process of DoA estimation begins with the reception of a signal by a Uniform Rect-
angular Array. As the signal arrives from a specific direction in space, it reaches each antenna
element with a different phase shift. These phase shifts — caused by the geometry of the ar-

ray and the direction of arrival — are encapsulated in what is known as the steering vector.

Qgre = €XP (_] s fc : CLsrcl) (21)

where

* a4 Beamforming of the signal using the Uniform Rectangular Array antenna posi-

tions and the angles of arrival (azimuth ¢ and elevation ¢).

* f.: The carrier frequency of the signal.
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6 Chapter 2. Phased Arrays and Direction-of-Arrival Estimation

At this point, the received signal at the array can be modeled as:
signal = ag - x (2.2)

where z is the transmitted signal.

This model captures the theoretical relationship, where the transmitted signal x is modulated
by the steering vector asrc to produce the received signal at each sensor. In practice, since
X 1s a sequence of signal samples over time we replicate asrc along the time dimension and

perform an element-wise multiplication with x.

We make the received signal more realistic by adding Additive White Gaussian Noise (AWGN)

so we have:

y = signal 4 noise (2.3)

Now, we calculate the covariance matrix of the received signal y, which quantifies the statis-

tical relationship between the signals received at different sensors across all time samples.

It is calculated as:

N

1 _ _
Ci=xN_71 > (anwi = Ui) (W2 g — T5) 2.4)
k=

1

where:
* N is the total number of time samples,

* Yop.k,i and yop 1 ; denote the received signals at the i-th and j-th sensors during the

k-th time sample,
* y; and y; are the average values of these signals computed over all time samples,

+ (;; represents the covariance between the signals received at these two sensors.
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2.3 Direction of Arrival Estimation based on URA Configurations 7

After computing the covariance matrix, we extract the first row, which contains the covari-
ance values between the reference sensor (¢ = 1) and all other sensors in the array. This row
is then reshaped into a 2D matrix of dimensions equal to the URA, allowing us to map these

correlation values to the actual physical geometry of the array.

Once the covariance values have been reshaped to match the Uniform Rectangular Array ge-
ometry, we apply a 2D inverse Discrete Fourier Transform (2D IFFT) to the resulting matrix.
This transformation converts the reshaped covariance data into the spatial frequency domain,
producing a two-dimensional grid that represents the distribution of signal power across dif-
ferent spatial frequencies. Each element of this grid, known as a “bin,” corresponds to a
specific spatial frequency range, which can be directly related to a range of potential angles
of arrival. The more bins there are, the smaller the spatial frequency range covered by each
bin becomes. This means that potential DoAs are divided into finer segments, reducing the
likelihood that multiple DoAs will fall into the same bin. As a result, the estimation derived
from each azimuth and elevation bin becomes more accurate, allowing for finer discrimina-
tion between closely spaced DoA’s [4, 3]. Last but not least, within the spatial frequency
maps the highest power levels form clear peaks, marking the estimated positions in bins of
the signal sources.

Comment:

The description of the above procedure is based on material presented in [4].

Moving forward, the transformation from spatial frequency bins to the estimated angles of

arrival is performed using the following formulas, which calculate the angles in radians:

2-1 A
I | max A
¢ = sin ( Norr 2d> (2.5)
2-k A
— il max 2
0 St ( NFFT 2d - COS(¢)) ( 6)

Where:

* kmax and [y.x are the indices of the peak bin along the elevation and azimuth axes

respectively,

* Ngpr 1s the transform size,
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8 Chapter 2. Phased Arrays and Direction-of-Arrival Estimation

* )\ is the wavelength,

* d is the sensor spacing,

* ¢ is the elevation angle,

* 0 is the azimuth angle.

The calculated angles are then converted from radians to degrees for easier interpretation.

2.3.1 Visualized example of DoA estimation using the actual configura-

tions employed in this thesis

Parameters:

* The number of sensors is 1024, arranged in a 32 by 32 array.

* The sensor spacing is 0.5 meters which corresponds to half the wavelength given a

carrier frequency of 1 kHz and a propagation speed of 1000 m/s.

* The discrete Fourier transform is computed using 32 points (n ' F'T' = 32).

* The total number of time samples is 300, with the pulse starting at sample 3 and having

a width of 4 samples.

Following the procedure described in Section 2.2 and for a specific SNR value of 3 dB with
an azimuth angle of 50 degrees and an elevation angle of 10 degrees, we obtain the following

spectral map.
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2.3.1 Visualized example of DoA estimation using the actual configurations employed in
this thesis 9

Figure 2.2: Spatial spectrum map with clear localization of the target bin corresponding to

the signal’s direction of arrival.

By applying the previously outlined formulas to convert the spectral bins into angular values,
we obtain estimated angles of 49.78° in azimuth and 10.81° in elevation. These values closely

match the true direction of arrival, indicating high estimation accuracy.
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Chapter 3

Deep Learning

3.1 Introduction to Deep Learning

Deep Learning (DL) is a subfield of Machine Learning (ML), which itself belongs to the
broader domain of Artificial Intelligence (Al). While conventional machine learning algo-
rithms rely heavily on feature engineering — a process that demands domain expertise to
manually design and extract meaningful features from raw data — deep learning introduces
a fundamentally different approach. By employing deep neural networks composed of multi-
ple hidden layers, DL models are capable of automatically learning hierarchical feature rep-
resentations directly from raw input data. This capability enables deep learning particularly
effective in complex pattern recognition tasks such as image processing, object detection,
video analysis, etc. Compared to traditional ML methods, DL has demonstrated significantly
improved performance, especially in data-rich environments. Among the most widely used
deep learning architectures are Convolutional Neural Networks (CNNs) and Recurrent Neu-
ral Networks (RNNs). CNNs are especially suitable for processing spatial data like images.
Their main architectural design—where each neuron is locally connected to only a subset
of neurons from the previous layer—enables the network to extract local spatial features
efficiently, while also reducing the number of trainable parameters via weight sharing mech-
anisms. This structure supports robust feature extraction while minimizing computational
cost. On the other hand, RNNs are designed to handle sequential data, such as speech signals
or time series, where the temporal order of information is essential. These networks maintain
a memory of past inputs, allowing them to model dependencies across time, which is crucial

for tasks such as natural language processing and sequence prediction. [9]

11
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12 Chapter 3. Deep Learning

3.2 Motivation for Deep Learning in DoA Estimation

Direction-of-Arrival (DoA) estimation is a fundamental task in array signal process-
ing, with applications in radar, communications, and acoustics. Traditional DoA estima-
tion techniques, including super-resolution methods such as MUSIC and ESPRIT, as well
as DFT-based beamforming algorithms, typically rely on certain conditions to achieve reli-
able performance. These conditions include high signal-to-noise ratio, accurate calibration
of the sensor array and a sufficient number of observations. However, in real-world envi-
ronments where noise is high, measurements are limited and models are imperfect, the per-
formance of these classical methods often degrades. This has motivated the exploration of
data-driven techniques, particularly deep learning. Deep neural networks—and especially de-
noising autoencoders—are well suited for extracting meaningful features from noisy inputs
and can help improve DoA estimation accuracy under challenging conditions. For example in
[10], the authors demonstrated that deep learning models can significantly reduce estimation

errors in low-SNR scenarios highlighting their ability to improve traditional methods.

3.3 Autoencoders

Autoencoders were first introduced in 1986 by Geoffrey Hinton and are a class of deep
learning architectures designed to learn efficient data representations. Their primary objective
is to encode input data into a compressed form and subsequently reconstruct the original input
as accurately as possible. An autoencoder consists of two main components: the encoder and
the decoder. The encoder processes the input data and maps it to a lower-dimensional latent
space representation. This latent space captures the most essential and informative features
of the input, effectively summarizing the underlying structure and patterns within the data
in a more compact and abstract form. The decoder then takes this latent representation and
attempts to reconstruct the original input from it. It is important to note, that the overall ar-
chitecture is typically symmetric, with the decoder mirroring the encoder structure, however
this is not a strict rule and can vary depending on the specific application. During training, the
autoencoder involves minimizing the difference between the input and the reconstructed out-
put, typically through backpropagation. To quantify reconstruction quality during training, a
loss function is employed—most commonly the Mean Squared Error (MSE) or cross-entropy

loss. MSE is used when the output is continuous-valued, such as in image reconstruction tasks
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3.3 Autoencoders 13

where pixel intensities are real-valued within a range. The MSE loss is mathematically defined

as:

n

MSE — > (xi— i) (3.1

n <
=1

where z; is the ground truth value (e.g., pixel intensity), Z; is the reconstructed value and n

is the total number of samples (e.g., number of pixels).

In contrast, cross-entropy loss is more appropriate when the output represents categorical data
or class probabilities, such as in classification tasks. For the purposes of this thesis, where the
autoencoder is employed to reconstruct continuous data (images), MSE serves as the suitable

loss function. [11]

Figure 3.1: Illustration of an autoencoder model architecture

[12]
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14 Chapter 3. Deep Learning

3.3.1 Denoising Autoencoders

Denoising Autoencoders (DAEs) are a specialized variant of autoencoders designed specif-
ically to address the problem of noise in data, particularly in images. In real-world scenarios,
images often become corrupted by noise introduced through various sources such as cam-
era sensor defects, transmission errors, or environmental factors. Noise appears as random
variations in color or brightness, degrading the quality of images and potentially obscuring
important details. The primary goal of DAEs is to learn how to remove such noise and re-
cover the clean, original image from its corrupted version. During training, DAEs receive
noisy images as input and are trained to reconstruct their clean counterparts, which are used
as the ground truth targets for the loss function. This forces the model to focus on the under-
lying structure of the image rather than the noise itself. If the learning process is successful,
the model gradually learns to distinguish noise from relevant features. As a result, the en-
coder captures meaningful and noise-robust representations of the data, which the decoder
then uses to generate a cleaner version of the input. This ability to extract and preserve impor-
tant visual information makes DAEs particularly effective in image restoration tasks, where

maintaining detail and structure is critical. [13]

Figure 3.2: Denoising Autoencoder

[14]
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Chapter 4

Experimental Framework for the

self-supervised Denoising Autoencoder

4.1 Dataset

In Section 2.2, we described the process of generating beamformed 2D spatial power
maps for DoA estimation based on URA configurations using a 32x32 antenna grid. Given
a known steering vector and an incoming plane wave from a certain azimuth and elevation
angle, we applied a DFT-based beamforming technique to localize the signal source within
the spatial domain. The resulting output was a 2D image where the signal energy peak at the
spatial bins corresponded to the true source location. By locating this peak, we identified the
elevation and azimuth bins in which the target was found. Subsequently, through appropriate
conversion formulas, these bin indices was translated into angle estimates, providing the final
DoA estimation.

Building on this foundation, we constructed a dataset consisting of 2D beamformed spa-
tial power maps with a total of 2.187 clean beamformed images, each with a resolution of
128%128 pixels. These images correspond to all possible combinations of azimuth and ele-
vation angles in the range of —70° to +70°, with a step size of 10° in both directions. The 10°
step size was intentionally chosen to reduce the likelihood of different angle combinations
mapping to the same spatial bin. Using a finer step, such as 5°, would increase the chance of
multiple angles mapping to the same bin, thereby reducing the diversity of peak locations in
the dataset. This diversity is important for effectively training the autoencoder to generalize

across varying peak positions within the spatial maps.

15
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16 Chapter 4. Experimental Framework for the self-supervised Denoising Autoencoder

For each clean beamformed image, additive white Gaussian noise was applied at multi-
ple Signal-to-Noise Ratio (SNR) levels: =23 dB, =20 dB, —15 dB, —10 dB, -5 dB, 0 dB, 5
dB, 10 dB, 15 dB and 20 dB. This approach generated a set of noisy counterparts for each
clean image, thereby creating a paired noisy-clean dataset of 128x128 spatial power maps.
These image pairs were used to train a self-supervised denoising autoencoder — a model that
learns to recover clean spatial structures from synthetically corrupted inputs without external
labels. By reconstructing the clean image from noisy inputs, the autoencoder improves the
robustness of DoA estimation, especially under low-SNR conditions, by preserving crucial

spatial features such as the signal peak.

Comment 1:

It is important to note that some combinations of azimuth and elevation bins result in
invalid angle estimates, producing NaN (Not a Number) values during the conversion from
spatial bins to physical angles. Based on the angle calculation formulas presented in Sec-
tion 2.2, this occurs due to the domain restrictions of the arcsine function. Specifically, when
the arguments inside the arcsine functions fall outside the interval [—1, 1], the result is un-
defined (NaN). This can happen especially when the cosine of the elevation angle is close
to zero, causing the azimuth calculation to become invalid. Therefore, to ensure meaningful
and physically valid training data, only those angle combinations are included in the dataset
for which the formulas yield valid (non-NaN) elevation and azimuth estimates. Training the
autoencoder on bins that correspond to undefined angle estimates would not be beneficial, as

these bins do not represent physically realizable source directions.

Comment 2:

The decision to restrict azimuth and elevation angles to the range of —70° to +70° is mo-
tivated by both practical and theoretical considerations related to DFT-based beamforming
on a URA. Although, in theory, angle estimation can extend up to £90°, the performance
of the DFT begins to degrade as we approach these extreme angles. The spatial frequency
representation becomes increasingly distorted due to the periodic nature of the DFT and the
spatial sampling of the array. This can lead to aliasing and the appearance of mirror peaks
in the spatial power map, causing confusion in the source localization. The steering vectors

also become less distinguishable near £90°, which further reduces the accuracy of DoA es-
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4.1 Dataset 17

timation. Therefore, to ensure that the training data reflects scenarios where the estimation
process is physically valid and reliable, we set a practical threshold of +£70°. Including direc-
tions beyond this range would result in images that correspond to ambiguous or misleading
localization outputs — much like the NaN-producing cases — and would not help the au-

toencoder learn to denoise meaningful signal structures.

Dataset Visualization:

Examples of image pairs from the dataset are shown below, illustrating the correspon-
dence between clean and noisy spatial power maps. These pairs highlight how the noise af-
fects the structure of the spatial energy distribution and demonstrate the kinds of input-output
relationships the denoising autoencoder is trained to model. Note that only a subset of the

SNR values used in the dataset is shown here for visualization purposes.

Figure 4.1: Example of image pairs for -23 dB
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18 Chapter 4. Experimental Framework for the self-supervised Denoising Autoencoder

Figure 4.2: Examples of image pairs for -20, -10 and 0 dB
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4.2 Data Split 19

Figure 4.3: Examples of image pairs for 10 and 20 dB

4.2 Data Split

The dataset was split into three parts: 70% for training, 10% for validation and 20% for
testing. The training set provides the data from which the model learns, while the validation
set helps to monitor its performance and guide parameter tuning throughout the training pro-
cess. Finally, the test set is kept separate to provide a fair evaluation of how well the model

works on new, unseen data.

Institutional Repository - Library & Information Centre - University of Thessaly
03/09/2026 15:17:47 EEST - 216.73.216.250



20 Chapter 4. Experimental Framework for the self-supervised Denoising Autoencoder

The table below shows a detailed breakdown of the data split based on SNR values.

SNR (dB) | Train | Validation | Test
-23 148 15 38
-20 164 14 40
-15 175 14 32
-10 146 18 57

-5 163 12 46
0 163 20 38
5 162 22 37
10 155 22 44
15 152 15 54
20 146 23 52

Table 4.1: (Train-Validation-Test) Data Split per SNR

4.3 Denoising Autoencoder Architecture

As we have previously mentioned, the denoising autoencoder is designed to reconstruct
clean spatial power maps from noisy input data by effectively reducing noise while preserv-
ing critical signal structures. The following architecture, adopts a classic encoder—decoder
framework, enhanced with a self-attention module at the bottleneck. This addition enables
the network to better model global spatial relationships, which is especially beneficial in dis-

tinguishing signal features from background noise.

Encoder

The encoder is composed of a sequence of convolutional layers that systematically reduce
the spatial dimensions of the input by half at each layer. Simultaneously, the number of feature
maps — each representing different learned aspects of the input [15]— increases progres-
sively. This compression process transforms the input into a compact yet information-rich
representation that captures essential spatial characteristics. Each convolutional layer applies
multiple learnable kernels that scan the input to detect localized spatial patterns — for in-

stance, signal peaks or directionally structured regions — which are particularly important
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4.3 Denoising Autoencoder Architecture 21

for the DoA estimation task. Increasing the number of feature maps allows the network to

express a more diverse and detailed set of spatial features.

Self-Attention Module

At the bottleneck — the point of maximum compression, where the spatial resolution is
lowest and the feature depth is highest — a self-attention mechanism is applied. Unlike con-
ventional convolutional layers that operate on spatially local neighborhoods, self-attention
enables the model to capture global dependencies by directly relating every spatial position
in the feature map to every other. This mechanism allows the network to dynamically assess
the importance of each region in the input, regardless of its spatial distance. Technically, the
self-attention mechanism operates by first applying three separate learned linear transforma-
tions to the input feature map, resulting in three distinct representations commonly referred to
as queries (Q), keys (K), and values (V). Each of these representations serves a specific role
within the attention computation: the queries act as vectors searching for relevant information,
the keys act as reference vectors which the queries compare to in order to determine relevance,
and the values hold the actual information that will be combined and aggregated according to
the attention scores derived from the query-key comparisons. To compute the attention, each
query is compared with all keys using the dot product — a mathematical operation where cor-
responding components of two vectors are multiplied and summed, producing a single score
that indicates their similarity. These raw scores are then passed through a softmax function,
which converts them into normalized attention weights — that is, positive values that sum
to one. This step ensures that the model focuses proportionally on the most relevant parts of
the input. The resulting attention weights are used to compute a weighted sum of the values,
producing an output vector for each query. This allows the model to highlight important pat-
terns — such as structured signals or spatial peaks — while suppressing irrelevant or noisy
data, even when important features are located far apart. Such capability is especially useful
in tasks like DoA estimation, where spatially scattered but semantically related information
must be captured. Finally, the self-attention output — a refined set of feature maps enriched
with global context — is combined element-wise with the original input via a learnable scal-
ing parameter, commonly referred to as gamma. This parameter controls how much influence
the attention output should have relative to the original features. Gamma is initialized to zero

and is updated during training via backpropagation, just like other learnable parameters in
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22 Chapter 4. Experimental Framework for the self-supervised Denoising Autoencoder

the network. By adjusting gamma over the course of training, the model can learn to balance
between preserving the original features and integrating the new, globally-informed context
provided by the attention mechanism. At the end, this refined representation is passed to the

decoder for reconstruction. [16]

Decoder

The decoder mirrors the encoder’s structure in reverse. It progressively restores the spatial
resolution of the feature maps by doubling their dimensions at each stage using transposed
convolutional layers. This gradual expansion transforms the compressed representation back
into a full-sized image that approximates the original, noise-free spatial power map. The final
layer uses a sigmoid activation function to constrain output values between 0 and 1, ensuring

consistency with the normalized range of the input data.

Comment:

To reduce the size of the images at each stage, we apply convolutional layers with a kernel

size of 3x3, stride of 2, and padding of 1. According to the formula in [17],

(4.1)

Output size — {Input size — kernel .size +2 % paddingJ +1
stride

this configuration reduces the dimensions of the images to half their size at every layer.

In the decoder, the transposed convolutional layers use the same kernel size, stride, and
padding as in the encoder, but they also include output-padding = 1 to make sure the upsam-
pled output reaches the correct size. This extra padding fixes the one-pixel difference caused
by rounding down during the downsampling in the encoder, helping to accurately recover
the original image dimensions. The calculation of the output size in transposed convolution

operations, follows the formula which is presented below as described in [18].

Output Size = (Input Size—1) x Stride+Kernel Size—2 x Padding+ Output-Padding (4.2)
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4.4 Training 23

Below is a table presenting for each stage of the autoencoder, the processing block type , the

number of feature maps, as well as the input and output image dimensions.

Stage Block Type Feature Maps | Input Size | Output Size
Encoder 1 Conv2D 1 — 64 128x 128 64 <64
Encoder 2 Conv2D 64 — 128 64 x 64 32x32
Encoder 3 Conv2D 128 — 256 32x32 16x16
Bottleneck Self-Attention 256 16x16 16x16
Decoder 1 | ConvTranspose2D 256 — 128 16x16 32x32
Decoder 2 | ConvTranspose2D 128 — 64 32x32 64 x 64
Decoder 3 | ConvTranspose2D 64 — 1 64 x 64 128x 128

Table 4.2: Summary of each autoencoder stage, specifying the processing block type, the

number of feature maps, as well as the input and output image dimensions.

4.4 Training

The training process was carefully monitored using the validation loss to avoid overfit-
ting. Early stopping was set up so that training would stop if the validation loss didn’t improve
after several consecutive epochs. However, that never happened — the validation loss kept
going down smoothly, so the training continued until the last epoch. This suggests that the

model was learning well without overfitting, as also shown in the plot below.

Figure 4.4: Training and Validation Loss per epoch
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24 Chapter 4. Experimental Framework for the self-supervised Denoising Autoencoder

For completeness and transparency, the training parameters and their selected values are
summarized below. These choices reflect the configuration under which the model achieved

its final performance.

Training Parameter Value
Optimizer AdamW
Learning Rate 0.001
Weight Decay 0.0001
Loss Function MSELoss
Batch Size 32
Number of Epochs 20
Early Stopping Patience | 5 epochs

Table 4.3: Training Parameters and their assigned values.

Below are brief explanations of two of the parameters listed in Table 4.3, included for clarity:

Weight Decay: Weight decay is a regularization technique that adds a penalty to the loss
function based on the size of the model’s weights. By discouraging large weight values, it
helps prevent overfitting, encouraging the model to learn simpler and more generalizable

patterns. This results in better performance on unseen data.

Batch Size: Batch size refers to the fixed number of training samples processed together be-
fore the model updates its parameters (such as the weights). In each epoch, the model goes
through all the training data divided into multiple batches of 32 samples each. This approach

balances the accuracy of gradient estimates with computational efficiency.

Before concluding the training section, we provide a detailed explanation of the back-
propagation technique, which is fundamental to training neural networks like convolutional
denoising autoencoders. Understanding this process clarifies how the model learns by adjust-

ing its parameters to minimize prediction errors. [19]
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1. Forward Propagation
The training process begins with forward propagation, during which the input data
flows through the network layer by layer. Once the data has passed through all layers,

the network produces an output.

2. Error Calculation
This step involves evaluating how far this output deviates from the expected target
value. The error is computed as the difference between the predicted output and the
actual target. In networks with multiple output neurons, this error is calculated sepa-
rately for each output neuron. Then, the total error is calculated. This stage provides a
measure of the model’s performance and determines the extent of adjustments needed

in the subsequent step.

3. Backpropagation
Once the error is calculated, the backpropagation phase begins. During this process, the
error is propagated backward through the network, from the output layer toward the
input layer. The goal is to evaluate how each learnable parameter—such as weights, bi-
ases, and other trainable variables—affects the overall error. To achieve this, the chain
rule from calculus is applied to compute the gradient of the error with respect to each
parameter. These gradients, known as partial derivatives, indicate how a small change

in any given parameter would impact the total error.

4. Parameter Update
This information guides the network in adjusting the parameters to the right direction

and magnitude, ultimately reducing the prediction error.

5. Iterative Optimization
All of the above stages are repeated for many training cycles (epochs). This iterative
optimization continues until the error is sufficiently minimized, or a pre-defined stop-

ping condition is met, such as a maximum number of epochs.
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26 Chapter 4. Experimental Framework for the self-supervised Denoising Autoencoder

4.5 Evaluation Metrics

In this section, the evaluation metrics employed to measure the model’s performance are
described. Aligned with the primary objective of this thesis, the main metrics of interest are
the Peak Detection Success Rate on the spectral maps and the Peak Distance Error. These met-
rics serve as the primary evaluation criteria because the core focus of this work is the precise
localization of peaks corresponding to the target bins. For a more comprehensive assessment
of the denoised outputs, additional metrics such as Loss, Peak Signal-to-Noise-Ratio (PSNR),
and Structural Similarity Index (SSIM) are also employed to provide complementary insights

into the model’s performance.

4.5.1 Peak Detection Success Rate and Peak Distance Error

Peak Detection Success Rate:

Peak Detection Success Rate (PDSR) measures how often the model correctly identifies
the location of the target in the denoised spectral map. Specifically, it checks whether the bin
with the highest value—the peak—matches the corresponding bin in the ground truth map.
The final score is expressed as a percentage of successful detections reflecting the model’s

ability to accurately locate the target despite the presence of noise.

Peak Distance Error:

In cases where the peak is not successfully detected, the Peak Distance Error (PDE) is
computed as the Euclidean distance between the ground truth bin and the detected one. This
distance represents the number of bins by which the predicted location deviates from the true
target position. After calculating the PDE for each sample, with lower PDE values indicating

more accurate localization, the values are averaged to produce a mean error.

4.5.2 Loss

As previously mentioned, the Mean Squared Error (MSE) loss is used during training
to guide the model in minimizing the difference between the denoised output and the corre-
sponding clean spectral map. In addition to its role as a training loss, MSE is also computed

on the test set after training to evaluate the model’s performance on previously unseen data.
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4.5.3 PSNR

PSNR is a widely used metric for evaluating the quality of reconstructed images. Al-
though it is directly related to the mean squared error, it provides a more interpretable and
standardized way to assess reconstruction quality, which is why it is commonly used. It mea-
sures the logarithmic ratio between the square of the maximum possible pixel value and the
MSE between the original and the reconstructed image, expressed in decibels. In this work,
since the images are normalized within the range [0,1], the maximum pixel value is set to 1.

The PSNR is calculated using the following formula:

MazV alue?
PSNR =10-1 _— 4.3
S 0 - logg ( MSE ) (4.3)
This can equivalently be written in terms of the root mean squared error (RMSE) as:
MazValue
PSNR =20 -1 _— 4.4
S 0 - logg ( RMSE ) (4.4)

since RMSE = +VMSE

In conclusion, higher PSNR values indicate better image reconstruction quality. [20]

454 SSIM

The Structural Similarity Index Measure (SSIM) is a metric developed to assess the sim-
ilarity between two images by modeling how the human visual system perceives changes in
visual information. Unlike conventional approaches that compare images on a pixel-by-pixel
basis—simply measuring absolute differences—SSIM examines three critical components
that influence human perception: luminance, contrast, and structural information. Luminance,
refers to the overall brightness of the image which affects how humans detect variations in
light intensity. Contrast, captures the variation in intensity between neighboring pixels re-
flecting how clearly details and edges stand out and finally, structural information relates to
the spatial arrangement and relationship between pixels, emphasizing patterns and textures
that form meaningful content in an image.

Based on these components, SSIM yields a similarity score between 0 and 1, where values
closer to 1 indicate a higher degree of structural resemblance, with 1 representing a perfect

match between the compared images. [20]
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Chapter 5

Results

In this section, the performance of the implemented self-supervised denoising autoen-
coder is presented and analyzed. The evaluation is based on the metrics described previously.
All the following results refer to the test set, with the model’s performance evaluated sepa-

rately for each SNR level.

29
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5.1 Evaluation Metrics Results

1. Peak Detection Success Rate vs SNR

The following table reports the Peak Detection Success Rate for each SNR value.

SNR (dB) | Peak Success Percentage
-23 61%
-20 88%
-15 91%
-10 95%

-5 89%
0 97%
5 92%
10 93%
15 93%
20 94%

Table 5.1: Peak Success Percentages vs SNR

At extremely low SNR levels, such as —23 dB, the peak detection success rate drops no-
ticeably. This occurs because, at such low SNRs, noise can introduce fake peaks or cause the
true peaks to shift from their original positions. In these cases, the model may be misled and
attempt to denoise or enhance incorrect regions of the spectral map—focusing on false peaks
instead of the true ones. As a result, the detected peaks may not align with the ground truth,
reducing detection accuracy. Outside of this extreme scenario, the performance remains sta-

ble and high, with success rates consistently around 90% across the SNR range.
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Figure 5.1: Peak Detection Success Rate vs SNR

2. Peak Distance Error

The following table reports the average Peak Distance Error in bins for each SNR value.

SNR (dB) | Average Peak Distance Error (bins)
-23 9.2
-20 5.1
-15 1.0
-10 1.0

-5 1.0
0 1.0
5 1.0
10 1.0
15 1.0
20 1.0

Table 5.2: Average Peak Distance Error in bins vs SNR
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As observed in the above table, at very low SNR values such as —23 dB, the peak distance
error is significantly higher, averaging around 9.2 bins. This large displacement is caused by
frequent peak shifts and the presence of false peaks introduced by noise, resulting in sub-
stantial errors in detected peak positions. At —20 dB, false peaks and peak shifts still occur
but less frequently and to a smaller extent, reducing the average error to 5.1 bins. For higher
SNR values, where the true peaks remain mostly stable, the average distance error consis-

tently drops to approximately 1 bin, demonstrating a much better peak localization.

Example of Failed Peak Detection for SNR = 20dB

Figure 5.2: Example of Failed Peak Detection for SNR = 20dB

In the above figure, several bins around the true peak also appear with relatively high inten-
sity. This can mislead the model during denoising, causing it to estimate the peak position

slightly off, resulting in the observed 1-bin error in peak detection.
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3. Average Loss vs SNR

The following table reports the average reconstruction loss for each SNR value.

SNR (dB) | Average Loss Value
-23 0.017163
-20 0.014696
-15 0.013952
-10 0.009428
-5 0.005726

0 0.003624
5 0.002369
10 0.001494
15 0.001097
20 0.001074

Table 5.3: Average Loss Values vs SNR

As observed in the table, the average loss decreases steadily as the SNR increases. This
behavior is consistent with expectations, since higher SNR values correspond to less noise
and allow the model to perform more accurate reconstructions. This trend is also clearly

reflected in the following plot, which visually supports the numerical results.
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Loss vs SNR
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Figure 5.3: Average Loss vs SNR

4. Average PSNR vs SNR
The following table reports the average PSNR values for each SNR.

SNR (dB) | Average PSNR (dB)
-23 17.95
-20 18.67
-15 18.72
-10 20.49

-5 22.73
0 24.81
5 27.02
10 29.28
15 31.06
20 31.00

Table 5.4: Average PSNR Values vs SNR
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The table indicates an overall increase in PSNR values as the SNR improves, reflecting
the expected behavior since PSNR is inversely related to the mean squared error (MSE) used
in the reconstruction loss. As the noise level decreases (higher SNR), the MSE reduces —
as previously shown in Figure 5.3 — resulting in higher PSNR values. This positive trend is

also clearly depicted in the figure below.

Figure 5.4: Average PSNR vs SNR

To provide a more detailed perspective, the following figures present the individual PSNR
values obtained for all test samples, using SNR = —15 dB and SNR = 15 dB as indicative
examples of low and high snr conditions. In each case, the average value is also plotted,
offering insight into the distribution and consistency of the reconstruction quality at both low

and high SNR levels.
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SNR = -15dB:

Figure 5.5: PSNR per Image for SNR = -15dB

SNR = 15dB:

Figure 5.6: PSNR per Image for SNR = 15dB
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5. Average SSIM vs SNR

The following table reports the average SSIM values for each SNR.

SNR (dB) | Average SSIM
-23 0.47
-20 0.49
-15 0.50
-10 0.57
-5 0.64

0 0.70
5 0.75
10 0.77
15 0.83
20 0.80

Table 5.5: Average SSIM Values vs SNR

The table shows that SSIM values generally increase as the SNR improves, reflecting
better preservation of luminance (brightness), contrast, and structural information in the re-
constructed images. This indicates that at higher SNR levels, the model more effectively
maintains the overall image quality and important details. This trend is clearly visible in the

corresponding figure below.
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Figure 5.7: Average SSIM vs SNR

As we did for the PSNR evaluation metric, we present the individual SSIM values obtained

for each test sample at the same SNR levels: —15 dB and 15 dB.
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SNR = -15dB:

Figure 5.8: SSIM per Image for SNR = -15dB

SNR = 15dB:

Figure 5.9: SSIM per Image for SNR = 15dB
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5.2 Visual Evaluation of the Denoising Results

Figure 5.10: Examples of clean, noisy, and denoised images under the most challenging noise

conditions in our experiments (-23 and -20 dB)
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Figure 5.11: Examples of clean, noisy, and denoised images (-15, -10 and -5 dB)
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Figure 5.12: Examples of clean, noisy, and denoised images (0, 5 and 10 dB)
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Figure 5.13: Examples of clean, noisy, and denoised images (15, 20 dB)

Institutional Repository - Library & Information Centre - University of Thessaly
03/09/2026 15:17:47 EEST - 216.73.216.250



Institutional Repository - Library & Information Centre - University of Thessaly
03/09/2026 15:17:47 EEST - 216.73.216.250



Chapter 6

Conclusion

6.1 Summary and Key Findings

This thesis investigated the use of deep learning methods for Direction-of-Arrival esti-
mation in uniform rectangular array configurations. The study began with an introduction
to phased arrays and direction of arrival estimation. Next, the focus turned to Deep Learn-
ing with emphasis on autoencoders and their capacity to learn robust representations from
noisy data. Building upon this theoretical background, we implemented and evaluated a self-
supervised denoising autoencoder, trained on synthetically generated URA-based dataset.
The model was specifically developed to denoise spatial spectrum maps affected by noise,
enabling more accurate DoA estimation. The performance of the proposed method was as-
sessed using a range of evaluation metrics, including Peak Detection Success Rate, Peak
Distance Error, reconstruction loss, PSNR and SSIM.

The experimental results showed that the denoising autoencoder generally performs well
in reducing noise and supporting accurate peak-based DoA estimation. The model achieved
strong performance across most tested noise levels, with particularly good results in terms
of Peak Detection Success Rate, which was one of the most important evaluation metrics
used in this thesis. However, under extremely low SNR conditions—specifically around —23
dB—its performance began to degrade. At these noise levels, the DoA peak tended to shift
or become less distinguishable, resulting in false peak detections. This suggested that the
method struggled noticeably when the SNR was around —23dB, as expected due to peak
ambiguity caused by those high noise levels. Nevertheless, it is precisely in these challenging

scenarios that the denoising autoencoder proves most useful. While in higher SNR regimes

45
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the conventional DFT-based method is generally sufficient for identifying the DoA peaks,
the deep learning approach that was implemented here offers a clear advantage in low SNR

conditions that make the target peak difficult to distinguish.

6.2 Future Extensions

While the proposed method showed promising results, several directions can be explored
to further improve and extend this work. One potential extension involves training the model
on more diverse or real-world datasets, which may improve its generalization capability and
robustness in practical scenarios. Additionally, investigating the performance of the model
under different array geometries or with varying numbers of sources could provide deeper in-
sights into its limitations and strengths. Finally, a comparative study involving other denois-
ing techniques could offer a more comprehensive evaluation of the proposed framework’s

advantages.
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