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Preface

Digital Signal Processing (DSP) has emerged as one of the most transformative and
influential fields in modern engineering and technology. As we navigate an increas-
ingly interconnected and data-driven world, the ability to efficiently acquire, analyze,
manipulate, and interpret digital signals has become fundamental to virtually every
aspect of our technological infrastructure. From the smartphones in our pockets to
the medical imaging systems that save lives, from autonomous vehicles navigating our
streets to the financial algorithms that power global markets, DSP techniques form
the invisible backbone that enables these remarkable capabilities.

The rapid evolution of computational power, coupled with advances in machine
learning and artificial intelligence, has opened unprecedented opportunities for DSP
research and applications. Today's signal processing challenges extend far beyond
traditional domains, encompassing complex multidimensional data, real-time pro-
cessing requirements, and the integration of intelligent algorithms that can adapt and
learn from the signals they process. This convergence of classical signal processing
theory with modern computational methods has created a rich landscape of research
opportunities and practical applications that continue to push the boundaries of what
is possible.

The importance of DSP research lies not only in its theoretical foundations but also

in its profound impact on society. Whether it’s enabling early detection of medical
conditions through advanced imaging techniques, improving communication systems
to connect remote communities, or developing more efficient energy conversion
systems, DSP research directly contributes to solving some of humanity’s most
pressing challenges. As we face an era of exponential data growth and increasing
computational demands, the development of efficient, robust, and intelligent signal
processing algorithms becomes more critical than ever.

This book presents a comprehensive exploration of contemporary DSP research

and applications, organized into four distinct sections that reflect the diverse and
interconnected nature of the field. Each section addresses different aspects of signal
processing, from fundamental image analysis techniques to cutting-edge neural net-
work implementations, providing readers with both theoretical insights and practical
applications.

The section on “Signal Processing Analysis” focuses on highly specialized signal pro-
cessing applications that address unique challenges in biological and acoustic signal
analysis. The chapter “Time-Frequency Functional Brain Networks: Application to
Newborn Seizure Analysis” presents groundbreaking research in time-frequency
functional brain network analysis, specifically applied to the detection of newborn
seizures. This chapter showcases advanced time-frequency analysis techniques

and multiplex network approaches for processing electroencephalogram signals,



demonstrating how sophisticated DSP methods can contribute to early medical
intervention and improved patient outcomes.

The chapter “Signal Processing for Estimating the Time of Arrival and Amplitude of
Nonlinear Underwater Acoustic Waves” addresses the complex challenges of under-
water acoustic signal processing, with a focus on estimating the time of arrival and
amplitude of nonlinear acoustic waves. This research is crucial for underwater com-
munication systems, marine exploration, and naval applications, as it illustrates how
DSP techniques must be adapted to handle the unique propagation characteristics and
nonlinear effects present in underwater acoustic environments.

The section on “Image Processing and Computer Vision” focuses on the founda-
tional aspects of visual signal processing and computer vision applications. This
section begins with the chapter “Analysis of the Characteristics of the Formation of
Multispectral Television Component Signals”, which examines the characteristics
of multispectral television component signal formation. This chapter explores the
technical aspects of color filter systems, adaptive demosaicing techniques, and
image recovery methods, offering essential insights into how multispectral imaging
systems process and reconstruct visual information across multiple spectral bands.

The chapter “Kimberley Road Degradation Detection Using Digital Image Processing”
continues the image processing theme by addressing practical applications in infra-
structure monitoring through the Kimberley Road Degradation Detection project.
This chapter demonstrates how digital image processing techniques, combined with
deep learning approaches, can be effectively applied to real-world problems such as
automated road defect detection and infrastructure maintenance, showcasing the
practical impact of DSP in civil engineering and urban planning.

The section concludes with the chapter “GDPR Compliance in Video Surveillance
Systems and Applications”, which explores the critical intersection of technology
and privacy through GDPR compliance in video surveillance systems. This chapter
addresses the growing importance of ethical considerations in signal processing
applications, examining how modern object detection algorithms, such as YOLO,
can be implemented while maintaining compliance with data protection regula-
tions, and highlighting the responsibility that comes with powerful signal processing
capabilities.

The section on “Deep Learning and Neural Networks” represents the cutting edge of
signal processing research, where traditional DSP techniques meet artificial intel-
ligence and machine learning. The chapter “Efficient DNN Algorithm Design and
Hardware Acceleration for Low-Level Vision” opens this section with an exploration
of efficient Deep Neural Network (DNN) algorithm design tailored explicitly for
low-level vision tasks. This chapter addresses the critical challenge of balancing
computational efficiency with performance in image and video processing applica-
tions, providing insights into hardware acceleration strategies that make real-time
deep learning applications feasible.

The chapter “Deep Learning Methods for Accelerated Cardiac MRI Reconstruction”
presents a specialized application of deep learning in medical imaging, focus-
ing on accelerated cardiac MRI reconstruction. This chapter demonstrates how

XIvV



advanced techniques such as Generative Adversarial Networks and diffusion models
can significantly reduce MRI acquisition times while maintaining diagnostic image
quality, representing a perfect example of how DSP research directly impacts
healthcare outcomes.

The chapter “Enhancing Speech Emotion Recognition through Bone-Conducted Speech”
explores the emerging field of speech emotion recognition through bone-conducted
speech processing. By combining BiLSTM networks with attention mechanisms,

this research opens new possibilities for human-computer interaction and assistive
technologies, demonstrating how novel signal acquisition methods can be enhanced
through sophisticated processing algorithms.

The section concludes with the chapter “Application of Artificial Neural Networks in
Economic and Financial Sciences”, which examines the application of artificial neural
networks in economic and financial sciences. This chapter illustrates the versatility
of neural network approaches in signal processing, showing how these techniques
can be adapted for economic trend prediction, resource allocation optimization,

and investment strategy development, thereby extending DSP applications beyond
traditional engineering domains.

The final section bridges the gap between theoretical signal processing concepts and
their practical implementation in hardware and control systems. The chapter “Robust
Flat Filtering DSP-Based Control of the Buck-Boost Power Converter” presents
research on robust flat filtering DSP-based control of buck-boost power converters.
This chapter demonstrates the application of advanced control theory and DSP imple-
mentation techniques in power electronics, showing how digital signal processing can
improve the efficiency and reliability of energy conversion systems.

The chapter “How Open-Source Wireless Networking Frameworks Can Contribute to
Advances in Adaptive Filtering: Theory and Application” concludes the book by explor-
ing how open-source wireless networking frameworks can contribute to advances in
adaptive filtering theory and applications. This chapter addresses the growing impor-
tance of open-source development in DSP research and highlights the potential for
collaborative approaches to solve complex signal processing challenges in 5G networks
and software-defined networking environments.

Together, these chapters represent the current state of digital signal processing research
and applications, demonstrating both the maturity of established techniques and

the exciting potential of emerging approaches. The diversity of applications—from
medical imaging to financial analysis, from infrastructure monitoring to underwater
acoustics—illustrates the universal applicability of DSP principles while highlighting
the need for specialized solutions to domain-specific challenges.

As we look toward the future, the integration of artificial intelligence with traditional
signal processing methods promises to unlock even greater capabilities, while the
increasing empbhasis on ethical considerations and privacy protection ensures that
these powerful techniques will be developed and deployed responsibly. This book
serves as both a comprehensive reference for current practitioners and an inspiration
for the next generation of researchers who will continue to push the boundaries of
what is possible in digital signal processing.
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We hope that readers will find in these pages not only technical knowledge but also
inspiration for their own research and applications, thereby contributing to the
continued evolution of this dynamic field.

Joceli Mayer

Department of Electrical and Electronics Engineering (EEL),
Federal University of Santa Catarina (UFSC),

Florianopolis, Brazil

Malek Karaim
Queen’s University,
Kingston, Canada
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Chapter 1

Time-Frequency Functional Brain
Networks: Application to Newborn
Seizure Analysis

Mohammad Al-Sa’d and Boualem Boashash

Abstract

This chapter describes a time-frequency (TF) signal processing framework for
constructing functional brain networks (FBNs) from multichannel electroencephalo-
gram (EEG) recordings. Standard methods often rely on time- or frequency-domain
connectivity measures, assuming local stationarity and thereby failing to capture the
dynamic and frequency-specific nature of brain interactions. To address this limita-
tion, we introduce TF-based extensions of amplitude and phase connectivity by
leveraging multi-sensor time-frequency distributions. These extensions preserve the
joint temporal and spectral structure of EEG signals, enabling localized analysis of
energy coupling and phase synchrony. The novelty of this framework lies in its ability
to compute connectivity directly from the TF domain using cross-sensor tempo-
spectral representations, thus revealing transient interactions and avoiding distortions
from temporal or spectral averaging. This unified approach allows for improved
spatial resolution, better handling of non-stationarity, and reduced sensitivity to spu-
rious correlations arising from volume conduction or sample bias. We demonstrate
the practical utility of the proposed framework through an application to neonatal
EEG, where pathological seizure networks are analyzed and contrasted with healthy
and seizure-free brain states. The results show that TF-based networks can more
reliably differentiate between clinical conditions, including disturbances during non-
seizure periods that are not captured by traditional methods. Overall, this chapter
offers a general, high-resolution methodology for functional connectivity analysis in
nonstationary multichannel signals, based on advances in signal processing theory and
clinical diagnostics.

Keywords: time-frequency analysis, functional brain network,
electroencephalogram, multiplex networks, coherence processing, synchrony,
connectivity analysis, seizure detection

1. Introduction

The analysis of nonstationary, multi-sensor signals is a central problem in modern
signal processing, with broad applications in communications, radar, and biomedical
engineering where precise localization of events and patterns is required [1-3].
Among biomedical signals, the electroencephalography (EEG) presents unique
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challenges due to its multichannel, nonstationary nature and the need to extract
meaningful structure from highly dynamic brain activity [4, 5]. EEG signals exhibit
strong temporal and spectral variability, motivating the use of time-frequency (TF)
analysis techniques to capture their evolving oscillatory content [5, 6]. In many appli-
cations, the goal of EEG analysis extends beyond analyzing individual sensor activity
to understanding how brain regions interact, giving rise to the computational model of
functional brain networks (FBNs) [4, 7]. These networks model statistical dependen-
cies between pairs of EEG channels, revealing the large-scale coordination underlying
cognitive function or neurological disorders [4, 8]. Nevertheless, most traditional
methods construct FBNs using time- or frequency-domain measures that assume local
stationarity and often fail to capture rapid, transient interactions crucial for real-time
analysis or clinical interpretation [9].

This chapter provides a general framework for constructing TF functional brain
networks (TF-FBNs) by extending widely used amplitude-based and phase-based
connectivity measures into the TF domain [4, 8]. The approach leverages multi-sensor
time-frequency distributions (MTFDs) to enable fine-grained, localized analysis of
brain connectivity across time, frequency, and space [3]. Specifically, we define TF
extensions of pairwise correlation and generalize various phase synchrony measures
to compute TF-localized connectivity from inter-sensor tempo-spectral representa-
tions [10]. These extensions address key limitations of conventional FBN methods: (1)
they preserve the nonstationary signal structure, (2) reduce reliance on temporal
averaging, and (3) mitigate the effects of volume conduction. As a demonstration of
the practical value of this framework, we apply it to the analysis of seizures from
neonatal EEG recordings, a clinically critical task where conventional measures often
fail to identify subtle or early-stage network disruptions [6]. This application high-
lights the framework’s capacity to detect both overt and latent patterns of abnormal
synchronization, particularly in dynamic and frequency-specific regimes.

A wide range of methods for FBN construction have been proposed, generally
categorized into amplitude-based and phase-based measures [9, 11, 12]. Amplitude-
based methods, such as pairwise correlation, quantify linear or monotonic dependencies
between EEG signal envelopes and have been applied to track developmental changes or
global synchrony fluctuations [9]. Phase-based methods, such as phase locking value
and phase lag index, exploit phase synchrony to reveal directional or coherent oscilla-
tory coupling [3, 4, 11, 12]. More advanced versions address common issues such as
volume conduction and sample-size bias. Despite their utility, these measures are typi-
cally computed in the time domain or within predefined frequency bands, relying on
windowed averaging and assumptions of signal stationarity [9]. This, however, restricts
their ability to capture fast, localized changes in connectivity, which are especially
relevant in dynamic neurological conditions such as epilepsy [7]. Time-frequency anal-
ysis, by contrast, enables simultaneous temporal and spectral resolution, making it well
suited for analyzing transient or task-related brain connectivity [1, 5]. In signal
processing terms, a time-frequency representation (TFR) characterizes how a signal’s
spectral content evolves, using tools such as the short-time Fourier transform, wavelets,
or bilinear distributions [1, 13]. This joint representation allows nonstationary features,
like bursts, shifts in oscillatory content, or brief synchrony changes, to be captured
without assuming global stationarity [2]. While some early efforts have attempted TF-
based coherence or synchrony measures using spectrogram, wavelet, and Rihaczek
distributions, they often lack adaptability or spatial generality [9, 11]. In other words,
there is a need for a signal processing framework that enables robust, high-resolution
FBN construction using multivariate TF signal representations.
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The remainder of this chapter describes the proposed approach and is structured as
follows. Section 2 reviews conventional functional brain network analysis methods,
including amplitude- and phase-based connectivity metrics, and discusses their limi-
tations in nonstationary environments. Section 3 introduces the proposed TF frame-
work, detailing the basis of multi-sensor TF signal processing and the extensions of
amplitude- and phase-based connectivity measures. Section 4 presents the application
to neonatal seizure EEG analysis, including clinical context, data processing, and
dynamic network construction. Section 5 discusses the results, contrasting traditional
and TF-based connectivity measures across clinical groups. Finally, Section 6 con-
cludes the chapter by summarizing the key contributions, discussing their novelty,
and outlining future research directions for improving and applying TF-based brain
network analysis in general signal processing and neuroscience.

2. Conventional functional brain networks

Functional brain network analysis characterizes neural interactions by examining
the relationships between signals recorded from multiple EEG sensors [4]. These
interactions can be quantified using different connectivity measures, broadly catego-
rized into amplitude-based and phase-based networks [9]. Amplitude-based networks
capture dependencies in the signal-level fluctuations, while phase-based networks
measure the synchronization of neural oscillations across brain regions [9]. By
constructing connectivity matrices from these measures, we can model large-scale
brain networks and analyze their topological properties to investigate the differences
between network configurations [4, 8].

2.1 Multi-sensor signal processing

EEG signals are inherently multicomponent and nonstationary, reflecting the
dynamic interplay of neural activity across distributed brain networks [5]. Analyzing
these signals requires a mathematical framework that effectively captures their time-
varying structure while accounting for both spectral and spatial complexities. In multi-
sensor EEG recordings, each electrode measures a merger of overlapping neural sources,
making it essential to model the signal as a combination of distinct components with
varying amplitude and frequency. A well-defined signal representation not only facili-
tates the extraction of meaningful neural features but also enhances the interpretation of
functional connectivity and transient oscillatory patterns. In the following, we formu-
late a multi-sensor signal model that provides a structured basis for EEG analysis,
enabling the precise characterization of neural dynamics across time and space.

Let s(¢) = [s1(£),52(2), -+, 5p(t)]" be a multi-sensor signal collected from P sensors,
such that s, (t) is a multicomponent waveform defined as:

K,

K, , ‘- Cp
5,(t) = ; spalt) = 3 Apa(t) cos (¢p,k (r))n(T>, 1)

k=1 Pk

byalt) =22 [, 0) @

H(t){1 1 -1/2<t<1/2 3

0 : otherwise
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where K, is the number of components in s, (¢), A, (¢), ¢, (t), and f’ ik (¢) are the

instantaneous amplitude (IA), instantaneous phase (IP), and instantaneous frequency
(IF) of the kth component, respectively, T, is the component’ duration, G, = 3" +

Ty /2 is its center time, and £,3" is the start time. This multi-sensor signal model

provides a structured representation of EEG signals by decomposing each recorded
waveform into time-localized components. Each component is defined by its IA and IF,
capturing the nonstationary nature of neural oscillations [5]. The rectangular window
function ensures temporal localization, allowing for precise modeling of transient neural
activity. By summing these components, the model effectively describes the
multifrequency composition of EEG signals, facilitating functional connectivity analysis
and distinguishing between normal and pathological brain dynamics.

Now, let 2(t) = [z1(£),22(), -+, zp(t)]" be the analytic associate of the multi-sensor
signal s(t) obtained via the Hilbert transform as follows:

a0 = st +7 | =2 )

where j = v/—1 and ¢ is an integration dummy variable. This analytic signal represen-
tation z(t) provides a complex-valued version of the original multi-sensor signal s(z),
enabling a detailed characterization of its IP law [13]. For instance, one can simply
compute the relative phases between two signals 2, (¢) and z,(t) as follows:

zp ()2 (1) )

T o0 @] ®

¢pq (t) = ¢p (t) - ¢q (t) = arg<

where p,q €[1,P] and 2, (¢) is the complex conjugate of z, (z).
2.2 Amplitude-based networks

Amplitude-based functional connectivity quantifies the statistical relationships
between the amplitude of the EEG signals [9]. In this chapter, Pearson’s correlation
and Spearman’s correlation are used to estimate amplitude-based connectivity. These
correlation measures describe how neural activity fluctuates in amplitude across brain
regions and provide insights into large-scale neuronal coordination, aiding in identi-
fying functionally coupled areas. The Pearson’s correlation captures linear amplitude
relationships and is suitable under the assumption of normally distributed data, while
the Spearman’s correlation measures monotonic associations and remains robust in the
presence of non-Gaussian distributions and outliers. Using both measures ensures that
amplitude-based connectivity can be reliably assessed across varying statistical prop-
erties of EEG signals, enhancing the generalization of the analysis.

2.2.1 Peavson’s correlation

It is a parametric measure that quantifies the linear relationship between two
continuous variables. It is most appropriate when the amplitude values are normally
distributed, and it assumes a bivariate normal distribution in the population [14].
Pearson’s correlation is highly sensitive to outliers and may be inflated or distorted
when the data contains extreme values. Moreover, Pearson’s correlation is sensitive to

6



Time-Frequency Functional Brain Networks: Application to Newborn Seizure Analysis
DOI: http://dx.doi.org/10.5772 /intechopen.1011395

the scale of measurement and its settings, meaning that correlation values computed
from one dataset may not be directly comparable to those from another if the under-
lying signal amplitudes differ, even when the strength of association is similar [14].

2.2.2 Spearman’s correlation

It is a rank-based, nonparametric measure that assesses monotonic relationships,
whether linear or nonlinear [15]. By ranking the amplitude values before computing
the correlation, the Spearman’s method reduces the impact of outliers and non-
Gaussian distributions, making it more robust for real data where amplitude distribu-
tions may exhibit heavy tails or skewness [15]. It is instrumental when the data exhibit
nonlinear but monotonic trends, ensuring that functional connectivity can still be
detected in the presence of nonlinearity.

2.3 Phase-based networks

Phase-based functional connectivity focuses on the synchronization of oscillatory
neural activity across EEG sensors [4, 8, 11, 12]. This chapter used multiple single-trial
phase-synchronization measures, including the phase locking value (PLV), imaginary
PLV (iPLV), corrected imaginary PLV (ciPLV), phase lag index (PLI), weighted PLI
(wPLI), and debiased weighted PLI (dwPLI). These phase-based measures provide
complementary insights into neural synchronization, with PLV capturing general
phase consistency and others minimizing spurious connections due to volume con-
duction and measurement biases.

The problem of volume conduction refers to the instantaneous spread of
electrical activity across the scalp due to the conductive properties of brain tissue
and the skull. This can create artificial zero-lag correlations between signals recorded at
different electrodes, leading to spurious indications of synchrony that do not reflect true
neural interactions [11, 12]. To address this, one must discount or suppress zero-lag
components, thereby focusing on non-instantaneous, physiologically meaningful interac-
tions [11, 12].

2.3.1 Phase locking value

The PLV measure quantifies the consistency of IP differences between two signals
over time, i.e., [12]:

PLV(p,q,1) = B[], (6)

where [;[.] is the expectation operator over a short moving window centered around ¢,
ensuring a localized estimate. A PLV value close to 1 indicates strong phase synchro-
nization, while a value near 0 suggests no phase relationship. The PLV is highly
sensitive to volume conduction, which can lead to overestimating connectivity, even
when no functional interaction exists [12].

2.3.2 Imaginary phase locking value

To reduce the effect of volume conduction, iPLV extends PLV by considering only
the imaginary component of the phase difference, such that [12]:
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PLV(p,q,¢) = [B [}, )

where J(x) is the imaginary part of a complex number x. Since volume conduction
typically causes zero-lag synchronization, iPLV helps remove spurious connections. Spe-
cifically, the imaginary part mitigates the issue by isolating non-zero-lag components of
the phase difference, which are less likely to result from volume conduction and more
indicative of genuine functional connectivity. However, iPLV suffers from biases related
to signal duration, potentially leading to inconsistent estimates in shorter recordings [12].

2.3.3 Corrected imaginary phase locking value

The ciPLV improves upon the iPLV by normalizing the imaginary component,
reducing bias from variations in data length, and improving robustness across differ-
ent EEG recordings as follows [12]:

(o Ppq(©)
PLV (g g,1) = — e S]] (8)

i (B[RO

where R(x) is the real part of a complex number x. The denominator in Eq. (8) serves
as a normalization factor. Specifically, it reflects the residual variance in the unit
phasor after removing the influence of the real part (zero-lag contribution). When the
real component has a high magnitude, indicative of strong zero-lag coupling, the
denominator becomes small, thereby emphasizing deviations from zero-lag effects.
Conversely, when the real component is negligible, the denominator approaches one,
allowing the imaginary part (non-zero-lag interactions) to dominate. This correction
ensures that ciPLV equals O when there is no consistent phase lag and approaches 1
when there is strong and consistent non-zero-lag phase synchronization.

2.3.4 Phase lag index

The PLI improves connectivity estimation by ignoring phase differences that are
too close to zero [11]. It focuses only on phase lags that are consistently positive or
negative, making it more resistant to volume conduction errors, i.e.:

s i s())]|.

Unfortunately, the PLI does not account for the magnitude of phase differences. In
other words, it only considers whether a phase lead or lag exists, which causes it to
discard valuable information [11].

PLI(p,q,t) =

2.3.5 Weighted phase lag index

The wPLI mitigates the PLI’s pitfalls using the cross-spectral density formulation
and by weighting the phase differences with their magnitude, i.e., [8]:

|s(z0z; )

, (10)
|[s(z)2; )| o

wPLI(p,q,t) =
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where Z,, (f) is the frequency representation of 2, (¢) obtained via the Fourier trans-
form over a short moving window around ¢ to ensure a localized connectivity estimate
and f denotes frequency. Unfortunately, the wPLI is still affected by small sample
sizes and can become unreliable due to statistical biases.

2.3.6 Debiased weighted phase lag index

The dwPLI corrects for the small-sample bias in wPLI, making it more robust while
preserving its advantages [4]. It provides the most refined measure of phase synchro-
nization, minimizing false connections while maintaining sensitivity to genuine neural
interactions as follows [4]:

2

[s(anzn) o] - [[s@nzn) v

dwPLI(p,q,t) = (11)

U‘s(zp(f)z;‘ (f))\ df}2 - J 5(20()2; (f))]z o ’

3. Advanced time-frequency functional brain networks

Functional connectivity analysis in EEG is traditionally performed in either the time
domain or in the frequency domain, often assuming that neural interactions remain stable
over time. However, as previously mentioned, brain connectivity patterns are inherently
nonstationary, meaning that interactions between neural regions evolve dynamically in
response to task demands, cognitive states, and pathological conditions [4, 6, 9]. To
address these limitations, we introduce a novel TF functional brain networks model by
extending conventional time- or frequency-based connectivity measures to the TF
domain. This TF extension provides several advantages over traditional approaches:

1. Capturing transient connectivity dynamics—Conventional connectivity
measures assume stable interactions across time, making them insensitive to
short-lived or event-related connectivity shifts. TF-based measures allow for the
detection of momentary synchronization and desynchronization events that
might otherwise be overlooked [9].

2.Providing frequency-resolved connectivity insights—Many brain functions rely
on frequency-specific oscillations that coordinate information flow within and
between neural networks. TF-based connectivity allows for the precise
identification of which frequency bands contribute to functional interactions
over time [4].

3.Tracking task-related and event-related connectivity changes—Unlike static
connectivity methods, TF-based measures allow analyzing the dynamic
evolution of neural interactions in response to cognitive tasks, sensory stimuli, or
pathological conditions. This is especially useful for studying working memory,
attention shifts, and seizure propagation [9].

4.Improving robustness against spurious broadband correlations—Conventional
measures often aggregate connectivity over broad time windows or frequency
bands, which can lead to misleading estimates. TF-based measures avoid
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artificial connectivity inflation by evaluating localized connectivity dynamics in
specific time-frequency regions [11].

5.Enhancing multi-scale network analysis—TF functional connectivity enables the
study of connectivity patterns across multiple temporal and spectral resolutions.
This is particularly important for investigating slow (e.g., delta-band) and fast
(e.g., gamma-band) oscillatory interactions, which play distinct roles in
cognition and neural processing [6].

3.1 Multi-sensor time-frequency signal processing

Time-frequency analysis is fundamental for characterizing nonstationary signals,
such as EEG, where spectral content varies over time [2, 5]. A time-frequency repre-
sentation (TFR), generated by a time-frequency distribution (TFD), is designed to
describe the signal’s temporal and spectral evolution, enabling the analysis of transient
oscillatory activity [1]. Multi-sensor TF analysis extends this notion by accounting for
spatial correlations across multiple channels to capture individual sensor dynamics
and interchannel relationships [3, 10]. The formulation of multi-sensor time-
frequency distributions (MTFDs) is structured to incorporate both intra- and inter-
sensor relationships. This formulation provides a comprehensive means of analyzing
the spectral and phase interactions across EEG sensors, supporting functional connec-
tivity and brain network studies.

The MTFD of the multi-sensor signal s(¢) utilizes the analytic associate representa-
tion in Eq. (4) and is expressed in this general matrix form [3]:

Pzizy (t’f) Pziz, (t’f) Pz (t’f)

pz(t,f) _ /)zzzl:(t!f) /)zzzz:(t’f) pZzZp:(t’f) ’ (12)
Pzpzy (t’f) Pzpz; (t’f) t Pzpzp (t’f)
b 0) = [| G- 6005 (4 5) 5 (6~ D)™ e, @)

where p, (t,f) is the MTFD matrix, p, . (¢,f) is the cross-TFD of the analytic signals z, (¢)

and z,(t), G(t, 7) is the time-lag kernel, and = denotes lag. The MTFD matrix in Eq. (12)
organizes the auto- and cross-TFDs of the analytic signals across different sensors. The
diagonal elements represent auto-TFDs, which describe the tempo-spectral energy dis-
tribution of individual sensor waveforms, while the off-diagonal elements correspond to
cross-TFDs, capturing the tempo-spectral interactions across different sensors [3].
These cross-TFDs quantify how spectral energy is shared across EEG channels over
time, which is key for assessing functional connectivity and neural synchronization.
Moreover, Eq. (13) provides an explicit formulation of the cross-TFD, where the time-
lag kernel G(t, 7) acts as a smoothing function to suppress interference patterns, named
cross-terms, that emerge because of the TFD’s bilinear nature [1, 13]. However, there is
a more convenient space, called the Doppler-lag domain, that simplifies this formulation
by converting convolutions to multiplications, i.e., [1]:

Pepe, ) = [0 )3 (£ +3) 77 (£ —5) e+ dedudr, (14)
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glv,1) = J G(t,7)e 7™ dt, (15)

where v denotes Doppler and g(v, 7) is the Doppler-lag kernel. This alternative for-
mulation allows the design of high-performing TFDs that exhibit excellent energy
concentration with minimal blurring. For instance, the compact support kernel (CSK)
has been identified as the most effective approach for generating high-resolution and
accurate TFRs [13]. It is well suited for analyzing various signal types in different
applications [5].

The CSK is a separable Doppler-lag kernel comprised of two independent smooth-
ing functions operating on the Doppler and lag axes, i.e., [1, 16]:

g(v,7) = e85) o(+553) L 11 <D, Jel <E, (16)

where D €[0,0.5] and E € [0,0.5] are normalized cut-offs along the Doppler and lag
axes, respectively, and ¢ > 0 defines the CSK shape. The CSK’s efficient implementa-
tion and design flexibility make it the best choice for accurately representing EEG
dynamics, enhancing connectivity analysis, and supporting TF feature extraction for
both cognitive and clinical applications [5, 16].

3.2 Time-frequency energy-based networks

Amplitude-based functional connectivity quantifies the statistical dependencies
between EEG signal amplitudes. However, raw EEG waveforms are noisy and can
exhibit rapid fluctuations, which can introduce instability in connectivity estimation
and obscure meaningful interactions [2]. Since neural activity is structured across
both time and frequency, its energy representation in the TF domain provides a
smoother and more stable characterization of the signal dynamics. To better capture
these properties, we extend traditional correlation measures to the TF domain, intro-
ducing TF-Pearson’s correlation (TF-Pearson) and TF-Spearman’s correlation (TF-
Spearman). Using both of these measures provides complementary insights: While
TF-Pearson is effective for detecting linear dependencies in energy fluctuations, TF-
Spearman captures broader, possibly nonlinear monotonic relationships. This dual
approach ensures robust energy-based connectivity estimation across different signal
dynamics.

3.2.1 Time-frequency Pearson’s correlation

Pearson’s correlation measures the linear association between two signals but does
not account for frequency-specific energy dependencies. In conventional EEG analysis,
amplitude fluctuations can exhibit rapid variations, leading to highly dynamic correla-
tion values that may obscure stable connectivity patterns. TF-Pearson resolves this by
computing the correlation between TFRs instead of raw amplitudes. Since the energy in
the TF domain is a smoother representation of signal dynamics, TF-Pearson provides a
more stable measure of connectivity while preserving spectral specificity. Moreover, it
captures frequency-dependent energy correlations, allowing for a refined analysis of
how neural interactions evolve across oscillatory components. This is particularly useful
for analyzing event-related connectivity and task-specific energy coupling, where
interactions within specific frequency bands may drive network activity.

11
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3.2.2 Time-frequency Spearman’s correlation

Spearman’s correlation quantifies monotonic relationships between signals, offer-
ing robustness against non-Gaussian-type distributions and outliers. It is applied in
the time domain to raw amplitudes, but the rapid fluctuations can introduce instabil-
ity in connectivity estimation. TF-Spearman extends this concept, similar to TF-
Pearson, by computing the correlation between TFRs rather than raw amplitudes.
This extension improves the detection of nonlinear dependencies in energy coupling,
making it particularly useful for analyzing dynamic functional connectivity in EEG,
including interactions influenced by cross-frequency coupling and nonstationary
neural dynamics.

3.3 Time-frequency phase-based networks

Phase-based functional connectivity quantifies the synchronization of EEG signals.
Traditional phase-based measures assume that synchronization remains stable over a
given time window, averaging connectivity values, sometimes, over long durations
[9]. However, brain connectivity is inherently nonstationary, meaning that phase
synchronization fluctuates dynamically over time and across frequency bands [4]. To
capture these transient connectivity dynamics, we extend phase-based functional
connectivity measures to the TF domain, ensuring a localized, frequency-specific
analysis of phase interactions. Specifically, instead of relying on the time-domain
analytic signals alone, we extract phase information directly from the cross-TFD. By
leveraging this formulation, we define a set of TF-based phase connectivity measures
that offer continuous tracking of time- and frequency-dependent phase synchroniza-
tion patterns.

3.3.1 Time-frequency phase locking value

The TF-PLV quantifies how consistently the relative phase difference between two
signals remains stable at each TF point. It is computed as:

TF-PLV(p, ¢, 1,f) — ‘Ef [garg [ M} ‘ (17)

where E¢[] is the expectation operator over a spectral moving window around f
ensuring localized spectral estimates. The use of the expectation requires an important
assumption. Since the operator is mathematically defined over a statistical ensemble,
its application to a finite set of TF samples is only valid under the assumption of local
ergodicity, i.e., the statistical properties of the underlying process can be estimated
from its TF realizations within that window. The expectation operator, by definition,
acts on an ensemble of realizations. In TF signal analysis, where only a single realiza-
tion is typically available, one assumes local ergodicity to treat samples within a TF
region as a surrogate ensemble. This assumption allows practical computation of
statistical averages over short spectral neighborhoods. For an in-depth discussion, see
Chapter I of Ref. [1].

Unlike conventional PLV, which provides a single connectivity value over a time
window, TF-PLV enables a fine-grained, time-resolved analysis of synchronization.
This makes it ideal for continuously tracking task-related changes in neural synchro-
nization, particularly in studies where phase coupling emerges and disappears within

12
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short time intervals. Additionally, the ability to compute PLV at specific frequency
points reduces the risk of masking frequency-specific phase-locking effects, which
often occur in traditional implementations where different oscillatory components are
averaged together.

3.3.2 Time-frequency imaginary phase locking value

Similar to iPLV, TF-iPLV refines TF-PLV by retaining the imaginary component of
the phase difference, effectively removing zero-lag synchronization that may arise
from volume conduction or common reference effects, i.e.:

TF-iPLV(p, g,t,f) = ‘Ef {5 <efarg [Py 1)) >] ’ (18)

The TF-iPLV allows the detection of non-instantaneous, frequency-dependent phase
interactions, which makes it particularly useful in studies of large-scale brain net-
works, where true long-range phase interactions are more relevant than spurious local
associations.

3.3.3 Time-frequency corrected imaginary phase locking value

The TF-ciPLV builds upon TF-iPLV by normalizing the imaginary component of
phase synchronization to address weak phase synchronization biases:

‘]E : [5 (garg [ )] )] ’
TF-ciPLV(p,¢,t,f) = (19)

(el

The denominator serves to normalize the imaginary part of the phase difference using the
real part, which captures potential zero-lag interactions. Since the real part of the unit
phasor is bounded between —1 and 1, the absolute value of its local average across the
frequency window lies in [0, 1], keeping the denominator well-defined. This normaliza-
tion reduces the influence of volume conduction artifacts, enabling more reliable detec-
tion of delayed, physiologically meaningful phase interactions across time and frequency.
Compared to ciPLV, TF-ciPLV ensures that phase synchronization is reliably tracked
across both time and frequency, enhancing its stability across different EEG conditions.
This is particularly beneficial in clinical EEG applications, where connectivity estimates
can be affected by variability in recording length or changes in neural activity.

3.3.4 Time-frequency phase lag index

TF-PLI extends PLI by accounting for the dynamic nature of phase lags, i.e.:

TF-PLI(p, ¢, t,f) = ’Ef {sign (5 (pzpzq (t, f)))} ‘ (20)

This is particularly advantageous for analyzing task-dependent or stimulus-driven
phase synchrony, where the directionality and strength of phase lag relationships may
change dynamically over time.

13
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3.3.5 Time-frequency weighted phase lag index
The TF-wPLI improves upon TF-PLI by incorporating magnitude-weighted phase

difference information, ensuring that small, unreliable phase differences contribute
less to connectivity estimates, i.e.:

|, S(rs ) &
J, |5 (pue ) ]

TF-wPLI(p,q,t,f) = (21)

where Q is the support of a short-spectral moving window around f. While wPLI
provides a single connectivity estimate over a time window, assuming stationarity,
TF-wPLI captures transient synchronization patterns, making it ideal for studying
dynamic neural interactions. Additionally, it preserves frequency specificity, avoiding
the issue of frequency band averaging that can obscure narrow-band phase-locking
effects in wPLI. Nonetheless, both methods suppress zero-lag phase synchronization,
reducing volume conduction artifacts, but the TF-wPLI further refines this correction
across time and frequency, ensuring spurious connectivity does not persist in differ-
ent spectral regions. This improvement enhances FBN mapping, providing a more
detailed view of task-related and event-driven connectivity changes, making TF-wPLI
particularly useful for nonstationary EEG analysis and neuroscience applications.

3.3.6 Time-frequency debiased weighted phase lag index

The TF-dwPLI refines TF-wPLI by further correcting for small-sample statistical
biases, ensuring that connectivity estimates are reliable, i.e.:

[ 09)4] et
“Q‘S(ﬂz,,z,, (t,f))‘ df]2 - JQ [S (pzpzq (t,f)ﬂ2 daf |

Traditional dwPLI is commonly used in clinical studies where short-duration trials are
analyzed, but assumes stationary phase relationships. TF-dwPLI eliminates this,
allowing connectivity to be analyzed dynamically across time and frequency, improv-
ing its robustness in real-world applications.

The advanced TF-based functional connectivity measures introduced above pro-
vide a flexible and localized framework for capturing dynamic brain interactions. In
the following section, we demonstrate their practical utility through application to
neonatal EEG recordings. By analyzing TF brain networks in a clinically relevant
context, we highlight how these measures uncover both overt and subtle neural
dynamics that are often missed by traditional approaches.

TF-dwPLI(p, q,t,f) = (22)

4. Application to newborn seizure analysis

Abnormal patterns of neural synchronization and connectivity often precede
the onset of seizures, reflecting an underlying shift in the brain’s functional

14



Time-Frequency Functional Brain Networks: Application to Newborn Seizure Analysis
DOI: http://dx.doi.org/10.5772 /intechopen.1011395

organization [6]. Seizure activity in the neonatal brain is not merely a localized event
but reflects disruptions in the structure and dynamics of large-scale functional net-
works [4, 7]. Analyzing seizure FBNs through EEG-derived functional connectivity
offers a deeper understanding of how seizures initiate, propagate, and evolve [9].
These network-level disruptions are especially prominent in neonates, where seizure
activity unfolds within immature and rapidly developing cortical circuits [6]. In this
context, seizure networks exhibit highly dynamic and transient connectivity shifts
that may not be evident through traditional analysis [9]. Therefore, by characterizing
the topological and temporal properties of seizure-related networks, it becomes pos-
sible to uncover mechanisms of seizure generation, track their spatial spread, and
evaluate their impact on global brain organization [5]. Such analyses have important
implications for early diagnosis, targeted interventions, and improving neurodeve-
lopmental outcomes in neonates with early life adversities [4, 6-8]. In this section, we
utilize the proposed TF-based FBNs to characterize seizure dynamics in newborns.
We investigate their ability to reveal deviations from healthy developmental
connectivity patterns and quantify their effectiveness.

4.1 Fundamentals of newborn seizure analysis

The analysis of neonatal EEG provides critical insights into the development and
function of the newborn brain. Unlike adult EEG, which follows more stable and well-
characterized patterns, newborn EEG is dynamic and evolves rapidly during early life
[6]. The detection and interpretation of newborn EEG are essential for diagnosing
neurological disorders, particularly seizures, which may not have clear clinical mani-
festations [6]. Advancements in EEG monitoring and modeling techniques have
improved seizure detection, particularly in neonatal intensive care units [2, 5]. While
amplitude-integrated EEG has been widely adopted due to its ease of use, it has
limitations, including the potential for missing short or low-amplitude seizures [6].
Multichannel continuous EEG, on the other hand, provides a more comprehensive
assessment of neural activity, allowing for precise detection of seizure patterns and an
assessment of therapeutic responses [6].

4.1.1 Healthy patterns

Neonatal EEG exhibits unique characteristics that evolve with gestational age. The
EEG signal transitions from discontinuous to continuous activity as the brain matures,
with distinct features emerging at different developmental stages [6]. Healthy EEG
activity is expected to be symmetrical across hemispheres, with synchronized patterns
between the left and right brain regions [5]. It consists of background rhythms that
are generally analyzed in the following bands [5, 7]:

6 (0.5-4 Hz): Dominant in neonates, particularly during deep sleep.

0 (4-8 Hz): Prominent in older infants and during transitional sleep states.

a (8-13 Hz): Appears with increasing postnatal age, associated with alertness and
early cognitive processing.

p (13-30 Hz): Less pronounced in newborns but more evident with
neurodevelopment.

15



Research and Applications of Digital Signal Processing

Another key consideration in assessing newborn EEG is the presence of sleep
cycling, which reflects healthy brain development [6].

4.1.2 Seizure patterns

Neonatal seizures are a critical neurological concern, often associated with
hypoxic-ischemic encephalopathy, perinatal stroke, metabolic imbalances, and
genetic epileptic syndromes [5-7]. Unlike in older patients, neonatal seizures are
frequently electrographic-only, lacking clear clinical manifestations, making EEG
essential for detection. They are characterized by rhythmic, evolving EEG patterns
that persist for at least 10 seconds with the following features [5, 6]:

* Rhythmic: They often begin as low-amplitude fast activity, then transition to
higher-amplitude rhythmic discharges with varying frequency [6].

* Oscillatory frequency: They manifest in the delta and theta bands, though higher
frequencies can appear depending on the underlying pathology [5].

* Focal vs. multifocal onset: Seizures are typically focal, originating from regions
affected by perinatal injury, though some may become multifocal, especially in
metabolic disorders [6].

* Spatial evolution: Seizures may remain localized or spread across the cortex, with
propagation influenced by brain maturation and connectivity [5].

4.2 Experimental design
4.2.1 The Helsinki newborn EEG dataset

We utilized the open-access Helsinki EEG dataset to investigate the effectiveness
of the proposed TF-based FBNs and contrast them to conventional techniques [17].
The dataset holds multichannel unipolar EEG recordings of 79 neonates collected in
the Helsinki University Hospital, Finland. The EEG signals were acquired with 19
electrodes positioned according to the international 10-20 standard and sampled at
256 Hz [17]. Each EEG recording lasted approximately 1 hour and was annotated for
seizures by three experts at one-second resolution using the standard longitudinal
bipolar layout. In brief, the dataset contains multichannel EEG from 33 healthy con-
trols and 46 neonates with seizures.

4.2.2 Data preprocessing

We filtered the newborn EEG data using a zero-phase band-pass infinite impulse
response (IIR) filter to retain neural information within [0.5-30] Hz. After that, we
resampled the filtered data to 64 Hz using a finite impulse response antialiasing
lowpass filter. Then, we split the resampled data into the standard four frequency
bands of interest using zero-phase band-pass IIR filters (§ [0.5-4] Hz, 6 [4-8] Hz, a
[8-13] Hz, and p [13-30] Hz); see the example EEG signal in Figure 1. We segmented
the time course of the decomposed signals via a 16-second sliding window with 25%
overlap. Moreover, we aggregated the three experts’ annotations via majority voting
and generated segment-level masks by checking if seizure activity existed for more
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Figure 1.

Example multi-sensor signal from the Helsinki newborn EEG dataset (subject 1, 19.48-20.28 minutes). The EEG
signal is decomposed into the four frequency bands of intevest (see the legends). The support of the seizure activity is
highlighted in gray between 9 and 37 seconds.

than 8 seconds. Finally, we computed the MTFD for each segment in each frequency
band using the CSK, with parameters set toc =1, D = 0.45, and E = 0.05; see the
example MTFD in Figure 2.

4.2.3 Functional brain network construction

We computed the conventional connectivity measures described in Section 2 for
each segment and each frequency band to build a tempo-spectral FBN for each
subject. The connectivity measures were calculated using the full segment length and
resulted in a 5-way FBN tensor of size N X 4 x 19 x 19 x 8 for each subject, where N
corresponds to the number of segments, 4 is the number of frequency bands, 19 is the
number of EEG electrodes, and 8 is the number of connectivity measures. Pairwise
correlations were calculated at 95% significance, and cross-spectral densities were
computed via the FFT algorithm at full resolution.

The proposed TF-based FBNs, described in Section 3, were computed similarly for
each subject, each segment, and each frequency band. Specifically, we calculated the
TF-extended connectivity measures using the complete support of each frequency
band of interest. Moreover, we averaged the time course of the measures within each
segment for simplicity, resulting in a 5-way FBN tensor for each subject. Note that this
step folds the time-varying nature of the TF-based measures within a segment;
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Figure 2.

A subset of the MTFD of the EEG signal presented in Figuve 1. The subset is shown for electrodes 14 (T4) and 19
(Pz) to demonstrate the nonstationary behavior of EEG and the CSK’s excellent TF readability.

however, it is necessary to allow associating connectivity with the segment-level
seizure annotations. Nonetheless, depending on the objective of the analysis, one may
replace the folding operator with other functions, such as temporal deviation, or omit
it altogether.

4.3 Comparative analysis and evaluation framework

We categorized the computed FBN segments into healthy, non-seizure, and sei-
zure groups. The healthy group contained segments from the 33 healthy neonates with
no seizures. The seizure group included segments from the 46 neonates with seizure
diagnoses, annotated as containing seizures, while the non-seizure group included the
ones annotated as seizure-free. This grouping was performed because we seek to
investigate the differences in FBN organization between healthy controls and neo-
nates diagnosed with seizures. Additionally, we want to examine whether segments
that are behaviorally normal but originate from seizure-prone neonates (i.e., non-
seizure segments) differ from those of healthy controls. This distinction allows us to
explore whether the traditional or proposed TF-based FBN measures are sensitive
enough to capture subtle, possibly subclinical, alterations in brain network organiza-
tion that may persist even during seizure-free intervals. After that, we detected and
removed temporal outliers from each subject in each group using the rmoutliers tool
in MATLAB. We defined outliers as elements with more than three scaled median
absolute deviations from the median. Then, we computed the subject-level tensors by
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averaging the subjects’ FBNs across the segments. This results in a 19 x 19 matrix for
each subject, each frequency band, and each connectivity measure in each

group. Finally, we constructed the group-level FBNs by averaging across the subjects.
We assessed the group-level differences using the Kruskal-Wallis test and corrected
for multiple comparisons via the Bonferroni method.

5. Results and discussion
The findings in Figures 3 and 4 highlight critical differences between the tradi-

tional and TF-based FBN measures in distinguishing healthy neonates from those with
seizures, including during seizure-free intervals.
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Figure 3.

Group comparisons using traditional FBN measuves. Groups 1, 2, and 3 correspond to the healthy, non-seizure,
and seizure categories. Statistically significant differences with p-values below 0.05, 0.01, and 0.001 are indicated
by *, s, and *xx, respectively. The distributions are smoothed using normal kernels and plotted along with their
25%, 50% (median), and 75% percentiles, indicated by horizontal black lines.
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Figure 4.

Group comparisons using the TF-based FBN measuves. Groups 1, 2, and 3 correspond to the healthy, non-seizure,
and seizuve categovies. Statistically significant differences with p-values below 0.05, 0.01, and 0.001 are indicated
by *, sx, and *xx, respectively. The distributions are smoothed using normal kernels and plotted along with their

25%, 50% (median), and 75% percentiles, indicated by horizontal black lines.

On one hand, the results in Figure 3 demonstrate that traditional connectivity
measures, particularly amplitude-based FBNS, failed to reveal significant group dif-
ferences in the delta and theta bands. This suggests that amplitude coupling in these
bands may be either too subtle or too variable to serve as a reliable marker of pathol-
ogy in neonatal EEG. Similarly, the PLV networks did not distinguish seizure from
healthy networks in the same bands, highlighting the limitations of classical, phase-
consistent methods when applied to low-frequency neonatal activity. In contrast,
other traditional phase-based metrics were more sensitive and consistently showed
higher synchronization in the seizure group, followed by the non-seizure group, and
lastly, the healthy group. An exception was observed in the theta band, where the
healthy group exhibited higher synchronization than the non-seizure group,
suggesting that seizure-free epochs may be characterized by suppressed connectivity,
especially in this frequency range. In total, the traditional FBN measures showed
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26 (81.25%) and 20 (62.5%) statistically significant differences when comparing the
healthy group to the seizure and non-seizure populations, respectively.

On the other hand, the distributions in Figure 4 illustrate that the proposed TF-
based measures provide deeper insight into transient and frequency-specific neural
interactions. The TF-Spearman has effectively captured significant differences
between the seizure and healthy groups in the delta and theta bands, where its time-
domain counterpart failed. This highlights the benefit of incorporating the time-
varying spectral structure into energy-based connectivity metrics. Moreover, the TF
phase-based measures further emphasized this advantage. Specifically, the TF-PLV
preserved the same seizure > non-seizure > healthy ordering as its traditional coun-
terpart. However, the TF-iPLV and TF-ciPLV revealed the reverse trend, suggesting
that traditional metrics may overestimate synchronization due to spurious coupling
and that corrected measures reveal more physiologically plausible patterns, i.e.,
stronger phase organization in healthy neonatal networks. Interestingly, while the TF-
PLI and TF-wPLI did not exhibit consistent group-level differences, the TF-dwPLI has
preserved the expected group ordering across most bands. An exception was noted in
the delta band, where all groups showed elevated synchronization, likely reflecting
the dominance of early developmental oscillations that can mask pathological network
dynamics. Summing up, the TF-FBN measures showed 28 (87.5%) and 24 (75%)
statistically significant differences when comparing the healthy group to the seizure
and non-seizure groups, respectively.

The findings suggest that TF-based FBNs offer a more sensitive characterization of
seizure-related brain dynamics. Specifically, they yield 6.25 and 12.5 percentage-point
increases when contrasting healthy subjects to patients with seizure and non-seizure
segments, respectively. Moreover, they not only capture heightened synchronization
during seizures but also detect subtle alterations in seizure-free segments, potentially
indicating latent network dysfunction. The ability to reveal such patterns, particularly
through phase-based TF measures that discount artifactual synchrony, underscores
their promise for seizure monitoring, early diagnosis, and longitudinal assessment of
neurological health.

6. Conclusions

The time-frequency (TF)-based framework for constructing functional brain
networks (FBNs) using multi-sensor TF signal representations extends conventional
amplitude- and phase-based connectivity measures to the TF domain; it enables a
more accurate, temporally localized, and spectrally resolved characterization of neural
interactions. These TF-FBNs were constructed by leveraging multi-sensor TF distri-
butions, allowing both energy-based and phase-based coupling to be accounted for
and analyzed in a unified, nonstationary framework. The proposed TF approach offers
several advantages over standard time- or frequency-domain techniques: (1) it
enables the detection of transient connectivity dynamics; (2) it enhances sensitivity to
frequency-specific interactions; (3) it mitigates artifacts caused by volume conduction
or broadband averaging; and (4) the TF phase-based measures preserve or improve
their desirable properties while addressing their known limitation, the stationarity
assumption.

The utility of the proposed TF connectivity measures is demonstrated in a neuro-
science application that analyzed neonatal seizure FBNs and focused on the measures’
ability to differentiate between healthy, non-seizure, and seizure states. The results
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revealed that TF-FBNs, particularly those based on corrected phase synchrony met-
rics, were more effective by 12.5 percentage points when compared to their conven-
tional counterparts in capturing both overt and subtle differences in network
connectivity. These findings demonstrate that TF-FBNs can uncover latent patholog-
ical signatures and improve our understanding of dynamic brain network organiza-
tion, especially in early life.

These advances in functional brain network analysis define a TF framework
grounded in rigorous signal processing theory. They are validated in the clinical
application of neonatal seizure analysis, demonstrating that the proposed methods are
general and can be applied to a broad range of EEG-based studies in both healthy and
pathological contexts, as well as beyond.

The MATLAB package that is needed to reproduce the results of this chapter will

be provided freely at https://github.com/Al-Sad/TF-Connectivity.
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Abbreviations

EEG electroencephalogram

FBN functional brain network

IA instantaneous amplitude

IP instantaneous phase

IF instantaneous frequency

PLV phase locking value

iPLV imaginary phase locking value

ciPLV corrected imaginary phase locking value

PLI phase lag index

wPLI weighted phase lag index

dwPLI debiased weighted phase lag index

TF time-frequency

TF-FBN time-frequency functional brain network

TFR time-frequency representation

TFD time-frequency distribution

MTFD multi-sensor time-frequency distribution
TF-Pearson time-frequency Pearson’s correlation
TF-Spearman time-frequency Spearman’s correlation
TF-PLV time-frequency phase locking value

TF-iPLV time-frequency imaginary phase locking value
TF-ciPLV time-frequency corrected imaginary phase locking value
TF-PLI time-frequency phase lag index

TF-wPLI time-frequency weighted phase lag index
TF-dwPLI time-frequency debiased weighted phase lag index
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Signal Processing for Estimating the
Time of Arrival and Amplitude of
Nonlinear Underwater Acoustic
Waves
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Rafael Asorey-Cacheda

Abstract

In acoustic environments, many problems arise due to intermodulation distortions
that disturb both the timing and amplitude details, and traditional detection methods
often do not work well for long-distance communications. This chapter presents an
analysis of methods applied to the processing of nonlinear acoustic signals, by means
of two approaches, (i) the estimation of the time of arrival (ToA) and (ii) that of the
amplitude, two key aspects that usually receive little attention in the literature for this
type of signal. This chapter is focused on the nonlinear signals generated by sine-type
and sine-sweep modulations, which are characterized by the appearance of low-
frequency components due to intermodulation phenomena. These components have a
narrow directivity and a high propagation capacity, which is advantageous for long
distance transmission and detection applications. Three methods for the ToA estima-
tion are evaluated: threshold, power variance, and cross-correlation. In the amplitude
analysis, techniques in the time domain, in the frequency domain, and cross-
correlation method are applied. The proposed approaches are validated by a proof of
concept with experimental nonlinear signals, demonstrating their robustness, accu-
racy, and applicability in real scenarios of acoustic propagation.

Keywords: acoustic signal processing, time of arrival estimation, amplitude
estimation, underwater acoustics, nonlinear effect

1. Introduction

Underwater acoustic communications represent a highly relevant area of research
due to its ability to enable signal interaction in complex underwater environments.
Their application is crucial in sectors such as marine ecosystem monitoring [1, 2],
maritime traffic management [3], autonomous navigation, and defense and security
operations [4]. However, underwater acoustic systems face significant challenges due
to the nature of acoustic wave propagation in the marine environment. These chal-
lenges include attenuation, background noise and, most importantly, multipath
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effects, which introduce significant interference and distortion into the received sig-
nals. These factors severely degrade the quality and reliability of acoustic transmis-
sion, limiting the effectiveness of underwater communication systems.

To overcome these limitations, acoustic signal processing techniques have been
developed based on the nonlinear propagation phenomenon known as the parametric
effect. This effect was first described theoretically in the 1960s by Westervelt [5] and
later by Berktay, who developed a simplified formulation known as Berktay’s approx-
imation [6], which is particularly useful for underwater applications.

The parametric effect is produced by the propagation of high-frequency (primary
frequencies) at high acoustic intensity. The nonlinear interaction between these
waves, along with others, produces low-frequency components (secondary fre-
quency) that were not originally present in the emitted signal. This secondary signal is
characterized by a narrow directivity, more specific of high frequencies, which miti-
gates multipath effects and improves communication quality.

The analysis of underwater acoustic signals has emerged as a crucial area for
various applications, such as sound source localization and acoustic environment
characterization [7]. In particular, time of arrival (ToA) estimation is presented as an
essential tool for accurate source position determination, especially in complex acous-
tic conditions. Traditionally, ToA and time difference of arrival (TDoA)-based
methods have been used to address these challenges. A recent study compared the
performance of these approaches in underwater environments with multipath propa-
gation, using a ray-tracing-based propagation model and Bernoulli filters to mitigate
adverse effects. The results showed that the choice between ToA and TDoA depends
on the specific environmental conditions and application requirements [8].

With the advancement of deep learning techniques, innovative methods for ToA
and direction of arrival (DoA) estimation have been developed. For example, a
convolutional recurrent neural network (CRNN) that combines convolutional layers
for feature extraction and recurrent layers for modeling temporal information has
been proposed to improve the accuracy of DoA estimation in complex underwater
environments [9].

In addition, denoising algorithms have been explored to improve the quality of
underwater acoustic signals, which indirectly benefits ToA estimation by reducing
interference from ambient noise. A comprehensive review of these algorithms high-
lights the importance of developing more robust and adaptive denoising techniques to
address the unique challenges of the underwater environment [10].

Knowing the ToA of a received signal enables a more comprehensive analysis of its
amplitude. Accurately parameterizing the amplitude of the received signal opens up
possibilities for various studies, such as those on the propagation of acoustic signals in
the environment, the assessment of noise pollution in surrounding areas, and the
characterization of the acoustic properties of the medium, among others.

This chapter focuses on the treatment and analysis of nonlinear acoustic signals,
more specifically the phenomenon of the parametric effect. This phenomenon must
be carefully analyzed in order to obtain an accurate estimate of the relevant parame-
ters, such as ToA and amplitude. Despite its relevance, the specific analysis of this
type of nonlinear signals in underwater environments has been scarcely addressed in
the scientific literature, with the authors of this chapter being pioneers in proposing a
detailed study framework in [11].

A methodological approach divided into two main stages is proposed. The first
approach focuses on the estimation of the ToA using three methods: threshold, power
variation (Pvar), and cross-correlation. The selection of the optimal method depends
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on the propagation environment conditions, signal intensity, and the system’s com-
putational cost, as each method offers specific advantages depending on the noise
level, the complexity of the acoustic channel, and the processing time requirements.

Once the ToA has been detected, the second approach is applied, which focuses on
estimating the signal amplitude. This is done by time and frequency domain analysis,
complemented by the use of the cross-correlation method (also used in the time
domain). The time domain analysis allows the characterization of the evolution of the
signal, providing critical information on the propagation effects. Spectral analysis,
based on the Fourier transform, identifies the frequency components of the signal and
evaluates their contribution to the observed nonlinear behavior. The cross-correlation
method not only contributes to the accurate estimation of the ToA, but also enables
the evaluation of the similarity between the expected and received signals, even under
adverse conditions with a low signal-to-noise ratio (SNR), thus improving the reli-
ability of the acoustic detection and characterization process.

The use of sine-type and sine-sweep type signals, together with filtering techniques,
is key to separating the relevant components from the noise and improving the quality
of the ToA estimation. By comparing different processing methods and applying exper-
imental measurements, the aim is not only to characterize the behavior of underwater
nonlinear acoustic signals but also to validate the estimation techniques in real-world
scenarios where acoustic and environmental conditions can vary significantly.

This integrative approach is advancing the understanding and improvement of
underwater communication and sensing technologies, opening new perspectives for
applications ranging from ocean exploration to aquatic security communications.

2. Background for nonlinear signals

The parametric underwater acoustic communications take advantage of the
nonlinear effects generated in the underwater channel for efficient data transmission.
These communications are based on the use of bi-frequency signals, which allow for
generating nonlinear interactions that facilitate the propagation of the signal in the
medium. A bi-frequency signal of pressure p’(0,¢) can be expressed as follows:

p'(0,2) = A sin(w,t) + Ap sin(wyt), (1)

where w, and wj, are the high primary frequencies, which should be close to each
other, while A, and A, are the amplitudes of these frequencies, and they should
increase as the distance between the frequencies grows.

When a medium such as water is excited by a bi-frequency signal, as described in
Eq. (1), interactions between frequencies are generated due to nonlinear channel
effects. These interactions give rise to secondary waves whose frequency corresponds to
linear combinations of the primary frequencies, specifically the sums and differences of
these, a phenomenon known as beat frequencies. In addition, the medium has dissipa-
tive effects that attenuate the higher-frequency waves, causing them to disappear with
distance before the produced nonlinear low frequencies. As the signal propagates over
long distances from the source, the predominant signal is the one defined as the differ-
ence wy, the difference between the primary frequencies: w; = w, — wj.

This phenomenon is especially important because w,, the low-frequency signal,
suffers less attenuation and can propagate over longer distances, allowing more effi-
cient communication. This effect, known as the parametric effect, not only generates
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low-frequency signals but also produces narrower radiation patterns, a characteristic
of higher primary frequencies [12, 13]. Moreover, a remarkable property of this effect
is that it facilitates reliable signal detection and demodulation, which improves the
quality and reliability of transmission in underwater environments.

Assuming that A, = A, = A./2, Eq. (1) can be rewritten as follows:

p'(0,2) = A, cos(wy,t) sin(w,t) = Ac sin (((up + a)m)t) + A sin ((a)c - a)m)t) , (2)
2 —— 2 ——

Wg wyp

where w,, is the frequency of the modulating signal (low-frequency signal), o, is the
frequency of the carrier signal (high primary frequency), and A, is the amplitude of
the carrier signal. In this context, if the envelope E(t) is a harmonic signal, i.e.,
E(t) = sin(wnt), the excitation will be reduced to a bi-frequency signal. As a result,
the difference frequency w; = 2w,, will be twice the frequency of the modulating
signal.

Thus, for any signal containing an envelope, the demodulation is related to the
second derivative of the time-square envelope, E(¢), as shown in Eq. (3). This process
is fundamental for obtaining the parametric signal, which is defined as p,,,,,,,,,, and is

the way in which the modulated signal can be efficiently recovered from frequency
modulation and nonlinear interaction in the channel.

O*EX(t)
Ppavam ™ e (3)

The process of obtaining underwater acoustic parametric signals begins with a
modulated signal, as shown in Eq. (2). A parametric signal must be designed in such a
way that it can be decoded even under the effects of nonlinear propagation [14].

In this chapter, the parametric effect is presented through two different types of
amplitude modulated (AM) signals: a sine-type signal and a sine-sweep signal. In the
first case, w,, will remain constant (tone), while in the second case, @,, will vary. The
E(t) of the wideband (sine-sweep) signal is defined as presented in Eq. (4):

E(t) = sin < <M t+ wm1> t) , (4)

T

where w,,; is the initial frequency of the sine-sweep, @, is the final frequency of the
sine-sweep, 7 is the total duration of the sine sweep, and ¢ is time. Define
W,y = |wm2 - wm1‘~

The profile of the parametric signal in Eq. (3) can be obtained as:

. 2 2
Pparam ~4% sm(2<%t+wm1>) +2<ﬂt+wm1> cos(Z(%terml)) (5)

T T

In Eq. (5), the parametric signal has a frequency twice that of the modulating
frequency, and an initial amplitude of zero that increases proportionally to #*. In this
manner, the modulation scheme described in Eq. (4), along with the theories of
Westervelt [5] and Berktay [6], models the parametric transmission. For a more
detailed analysis of these developments, see [15].
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3. Experimental setup and measured signals

To demonstrate the generation of the parametric effect in the measured
signals, the experimental setup used consists of a cylindrical tank with a
capacity of approximately 19 m?. The acoustic signal transmitter used was the
Airmar P19, which has an emission sensitivity of 167 dB (re 1 pPa/V at 1 m)
and a resonance frequency of 200 kHz, making it a very effective device for
generating signals in the desired frequency range (carrier frequency, f .,
of 200 kHz).

The used receiver was the hydrophone Reson TC4040, which has a receiver sensi-
tivity of —206 dB (re 1 V/pPa at 1 m) from 2 kHz to 75 kHz. The choice of this
hydrophone is particularly suitable for the analysis of the parametric frequencies
measurements in the experiments, which are centered in the range from 2 kHz to
20 kHz, making it an ideal choice for obtaining accurate results.

The distance between the transducers, crucial for the analysis of acoustic
wave propagation, was set at 42 cm, ensuring the maximum separation without
interfering with the recordings due to reflections while considering the characteristics
of the tank.

Figure 1 illustrates in detail the experimental setup and the arrangement
of the necessary connections for the calibration of the equipment. The E&I
1040 L amplifier, combined with a data generation and acquisition system
consisting of a National Instruments PXI-1073 chassis, a PXIe-5433 waveform gener-
ator card, and a PXIe-5122 oscilloscope, is operated and controlled via a laptop using
the NI PXI ExpressCard-8360. Additionally, to ensure proper signal acquisition, a
Testec TT-HV-400 x100 attenuating probe was incorporated, which allows attenua-
tion of the signal at the amplifier output, facilitating its subsequent recording by the
PXIT system.

In real-world environments, where the receiver and transmitter operate
independently, synchronizing both devices using a common reference, such as
the global positioning system (GPS), becomes a critical factor for making
accurate ToA measurements. However, in cases where the primary goal is the
detection of signals containing information (such as bit strings), strict synchroniza-
tion may not be as crucial. In such cases, the detected signals can be recorded
according to the receiver system’s internal clock, whether using universal time coor-

dinated (UTC) or not.
—— Amplifier E ‘

 sonda 100x |

N N Y A AR A e e Wy

. (@)

Receiver Emitter

(a) (b)

Figure 1.

Experimental setup for measuring nonlinear signals. (a) Equipment used in the experiment, including the
computer, amplifier, and PXI system, which allow the generation and acquisition of acoustic signals. (b) View of
the tank and the transducers placed at a distance of ~ 42 cm, setup to study the propagation of acoustic waves.
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4. Time of arrival estimation of acoustic signals

Once the measurements have been taken, each recorded signal must be analyzed to
examine the parameters of interest. In this case, the recorded waveform will consist of
background noise and the signal emitted by the transducer, which will appear at a ToA
corresponding to the time of flight (ToF) between the emitter and the receiver. This
section will describe three different methods for estimating the ToA for the desired
signal.

4.1 Threshold method

The threshold method consists of determining the point at which the signal sur-
passes a predefined amplitude level (threshold level). This technique demands a good
SNR (more than 30 dB) and a detailed evaluation of the emitted signal to set an
appropriate threshold in the receiver point, which is defined as the minimum received
signal level. Furthermore, this method depends on the time transition of the received
signal; that is, if it takes longer to reach a noticeable level relative to the background
noise, the calculation of the ToA may not be very accurate. This issue is typically
linked to the resonance effect of the transmitter and/or receiver at the frequencies of
the emitted signal. In many instances, filtering is essential to capture the signal of
interest with greater precision. However, it is important to account for the delay it
may introduce to the signal, as this will need to be corrected for an accurate ToA
calculation. An example of the threshold method application is shown in Figure 2.

4.2 Pvar method (Pvar)

The Pvar method has similar requirements to the threshold method regarding the
SNR and the time transition of the received signal and may also require efficient signal
filtering. This method includes two variants: “cumulative Pvar” (Pvar,,) and “saw
Pvar” (Pvavy,).

To implement the mathematical formulas Pvar,,,, and Pvar.,,, a custom analysis
function was created. This function processes the signal using the Pvar-transform
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Figure 2.

An example of ToA estimation using the threshold method is shown for a theoretical sine-sweep type signal with a
SNR of 90 dB. The threshold level is set at 40% of the signal’s maximum amplitude. The estimated ToA is 0.26 ms.
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within a defined time window, identifying shifts in the slope of the transformed
signal.

The point of intersection between the two first slopes is then computed, which
corresponds to the estimated ToA.

4.2.1 Cumulative power variation (Pvar,)

The Pvar,,,, method computes the cumulative sum of the absolute values of the
recorded waveform’s amplitude, as represented in Eq. (6) [16]. This approach high-
lights an increasing trend in the values, with a distinct change in slope when the target
signal emerges. By modifying a specific power factor, the slope’s steepness can be
enhanced, facilitating the identification of the ToA.

no .k
Poareym(n] = ity (6)

Sxfn]*’

where k represents the power factor to which each data point x; is raised, and #
represents the total number of data points in the dataset. An example of this method is
illustrated in Figure 3 (orange color). In this case, k is 2.

4.2.2 Saw power variation (Pvarsy,,)

The Pvar,,, method involves subtracting the mean value of the recorded wave-
form from Pvarc,, (Eq. (6)), generating a sawtooth-like signal that compensates for
background noise contributions, which may reduce the need for extra filtering. The
ToA of the signal is identified by the first change in slope observed in Pvary,,, as
depicted in Figure 3 (yellow color).

Pvar,,, can be obtained as follows [17]:

Pvarg,[n] = Pvar,,|[n] — Noise[n] @)
Noiseln] =a -tn + b, (8)
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An example of ToA estimation using the Pvar method is shwon for a theovetical sine-sweep type signal with a SNR
of 90 dB. The orange and yellow lines represent the estimated ToA using Pvar ey, and Pvar,, respectively. The
ToA estimated by Pvar ,, is 0.31 ms, while Pvars,, yields an estimate of 0.27 ms.
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where, in Eq. (8), a and b represents the coefficients resulting from the
linear fit of Pvar,,, and t[n] represents the time vector of the discrete-mode
signal.

4.3 Cross-correlation method

The cross-correlation method analyzes the similarity between the transmitted
signal and the recorded waveform by generating the correlation signal [18]. The
amplitude peaks will increase as the two signals align, providing the ToA at its maxi-
mum peak. Unlike the previously mentioned methods, this approach is much more
effective in noisy conditions without the need for filtering, and yields better results
with sine-sweep type signals, since they contain more frequency components to
compare.

N
rglll = x[nly[n +1] )
i=1

In Eq. (9), x[#] y y[n] denote the signals digitized by the transmitting transducer
and the hydrophone, respectively. In this case, [ = 1,2, ..., N represents the number of
samples by which y is delayed relative to x.

An example of the cross-correlation method application is shown
in Figure 4.
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An example of ToA estimation using the cross-correlation method for a theoretical sine-sweep type signal with an
SNR of 90 dB. It shows in (a) the transmitted signal. (b) The received signal. (c) The cross-correlation waveform
between them, with a clearly defined peak in the ToA of 0.23 ms.
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5. Amplitude estimation of the acoustic signals

Once the ToA is estimated, its amplitude can be studied. To achieve this, three
different techniques are analyzed: the time domain, the frequency domain, and the
cross-correlation method (also used in the time domain). All these techniques provide
the same value for an ideal signal (free of noise). However, depending on the exper-
imental setup and background noise, differences may arise between them, which
should be considered. Each technique is described in detail below, highlighting the
specific information it provides about the received signal, which is measured in
voltage V in this study.

5.1 Amplitude in the time domain

Time domain refers to the detailed description of the behavior of a signal with
respect to time, which is the fundamental domain inherent to all acoustic signals.
Time is the most basic and universal variable used to characterize the evolution of any
dynamic phenomenon. In the case of acoustic signals, its temporal analysis allows for
the study of their propagation, attenuation, and variability along their trajectory.
Although this parameterization is the most basic, it is crucial for extracting essential
information from the signal, such as its amplitude, frequency, and duration, which are
necessary for a wide range of applications in acoustic signal processing.

In the discrete-time domain, the signal is observed only at specific moments along
the time axis. This means that the signal is represented by discrete values taken at
regular intervals. The amplitudes of these values are quantized, meaning they cannot
take any continuous real value, but are limited to those defined by the resolution of
the quantization, which is determined by the bit depth of the sampling system. This
discretization process allows the acoustic signal to be represented in digital form,
facilitating its processing with computational tools. The digitalization of the signal
involves taking a sequence of N samples at regular intervals, separated by a period
T =1/f, where f_is the sampling frequency, a fundamental parameter that must be
appropriately selected to capture the characteristics of the signal under study, in
accordance with the Nyquist-Shannon theorem, which limits the highest recorded
frequency to half of thef .

Once the signal has been digitized, it becomes particularly relevant within the
context of this study to obtain information about the signal in terms of specific
frequencies and/or frequency bands. To extract this information in the time domain,
filtering becomes an essential tool. This process is of utmost importance in the analysis
of acoustic signals, as it allows for focusing solely on the relevant characteristics of the
signal within a determined frequency range, discarding those frequencies outside the
range of interest.

In the digital processing of the acoustic signals in this study, filtering primarily
serves two functions: (i) remove unwanted noise and (i7) analyze the signal in specific
frequency bands.

In this work, to compare amplitudes between different analysis domains (such as
time and frequency domain), the peak value V, (ime is used as a reference parameter.
This value provides a measure of the maximum amplitude reached by the signal in the
time domain. The choice of the peak value as an amplitude measure is justified by its
ability to capture the extreme fluctuations of the signal. For stationary harmonic
signals, this peak value can be estimated as [19]:

35



Research and Applications of Digital Signal Processing

Vi time{x[n]} = Vs time{x[n]} - V2= \/% Zj\;(xi - 3_5)2 V2, (10)

where x(n] is the discretely sampled version of the continuous signal, x; is the i-th
sample of the signal, ¥ is the mean (DC component) of the signal, and N is the total
number of samples.

5.2 Amplitude in the frequency domain

The Fourier transform X(f') converts a signal from the time domain to the fre-
quency domain. It is a widely used technique for analyzing stationary signals, provid-
ing the spectral characteristics of one or more frequencies without altering their
content. This representation is fundamental for signal analysis because it allows the
study of how energy is distributed across different frequencies.

In the Fourier transform, the signal is interpreted as a superposition of sine waves
with periodic amplitude, constant frequency, and phase, that is, harmonic compo-
nents. The mathematical relationship that describes how the signal transforms from
the time domain x(¢) to the frequency domain X (f) explains how each frequency
component contributes to the overall behavior of the signal in time and is given by the
following expressions [20, 21]:

X(f) = \/% J:,x(t) e T dresx(t) = \/12_ﬂJWMX(f) e e (11)

The amplitude of the frequency method is determined by analyzing the energy of the
signal within a specified frequency range, defined by f,, and f,, frequencies. Initially,

the signal is transformed from the time domain to the frequency domain using the fast
Fourier transform (FFT) which provides information about the frequency components of
the signal [21]. Then, the amplitude at a specific frequency is calculated based on the
corresponding value in the frequency spectrum. The amplitudes across the specified
frequency range are summed to yield a total amplitude value, V) freq-

Vp freq = [X(f) }f low <f <f hign” (12)

where f},, and f,,, are the lower and upper frequency ranges to be analyzed.

5.3 Amplitude in the cross-correlation method

In cross-correlation, the resulting waveform reflects the degree of similarity
between two signals: the reference signal and the recorded signal. This process pro-
duces a time domain representation in which the amplitude of the peaks provides a
characteristic or identification of the signal, showing where these peaks occur in
relation to the time origin of the transmitted signal. It is possible to estimate the
maximum voltage amplitude, V), corr, of the received signal using the following
expression [22]:

2V max,corr (13)

V), corr ¥2 = >
r [ V“] Vp,send : Nsend
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where V), enq is the amplitude of the signal, Nenq is the number of samples in the
emitted signal, and V pax corr is the maximum value of the correlation waveform
between the reference signal and the recorded signal, occurring at the instant of
detection.

6. Implementation using the proposed methods

Once the methodology for estimating the ToA and the corresponding signal
amplitude is presented, this section analyzes two types of experimental parametric
(nonlinear) acoustic signals: (i) a sine-type signal and (i) a sine-sweep type signal.
For each signal type, five measurements were recorded to ensure repeatability and
robustness in the analysis.

As mentioned above, the distance between the transmitter and receiver in the
experimental setup is 42 cm. Assuming a sound propagation speed of 1500 m/s in
water, the received signal is expected to appear approximately 0.28 ms after the start
of the measurement. This value is used as a reference for the experimental ToA
estimations.

The transmitted signals have a carrier frequency, f, of 200 kHz and are recorded
with a sampling frequency, f, at 20 MHz. The sine-type signal is created with a
modulating frequency, f,,, of 15 kHz, and a duration of 500 ps, which is expected to
produce a parametric signal at twice the frequency, i.e., 30 kHz. For the sine-sweep
signal, the frequency range is 2 kHz to 20 kHz (f,; andf,,), so the expected para-
metric signal is 4 kHz to 40 kHz, with a duration of 1000 ps.

The structure used to implement the proposed approaches, which include (i) the
estimation of the ToA and (ii) the estimation of the amplitude of the signals, is
developed as follows: first, the recorded signal (already filtered to distinguish the
primary and secondary -nonlinear- frequency components) is presented in the time
domain. To visualize its spectral content and validate the presence of the parametric
effect, the corresponding spectrograms are shown. Once the parametric effect is
confirmed, the ToA of the primary signals is estimated. Subsequently, the amplitude
of the primary frequencies is determined in order to complete the analysis of the
nonlinear signal amplitude. For the amplitude estimation, the ToA is used to clip the
received signal in the time domain before the V), tim. and V) freq calculation (see
Appendix). This step is essential, and care must be taken to cut and isolate the signal
accurately, as these methods are sensitive to noise.

The objective is to implement the proposed methods within a representative sce-
nario, thereby establishing a methodological framework that will serve as a bench-
mark for future analyses of nonlinear acoustic signals.

6.1 Results of the sine-type signals

Once the sine-type signals were recorded, a detailed study of the appearance of the
parametric effect was carried out. Figure 5 shows a normalized comparison between
the primary and secondary signals in the time domain. The raw signal is processed
using a third-order Butterworth low-pass filter with a cut-off set to 5% above the
frequency of interest (f, +f, for the primary signal, and 2 - f, for the secondary
signal). The peak amplitudes, V,,, of the primary and secondary frequencies are 33.88
+ 0.00 mV and 25.56 + 2.85 pV, respectively. This corresponds to a difference of
33.86 mV, equivalent to —29.41 dB.
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Figure 5.

Regg'vedssine-type signal processed through a third-order Butterworth low-pass filter with a cut-off set to 5% above
the frequency of interest. The blue signal vepresents the primary frequency (around f,.) with a V, = 33.88 mV.
The orange signal corresponds to the secondary frequency component (twice the f,,) with a V, = 25.56 pV. Both
signals have been normalized to their V.

Regarding the SNR, there is a significant difference between the primary and
secondary frequencies, with values of 68.09 + 0.72 dB and 11.91 + 2.06 dB, respec-
tively. Therefore, the ToA was estimated using the primary signal, since, as shown in
the figure, the secondary signal exhibits high temporal fluctuations, making accurate
ToA estimation unfeasible in the threshold and Pvar methods.

A spectrogram is a powerful tool that displays the frequency components of a
signal over time. It can be used to verify the presence of both the primary and
secondary frequency components (i.e., the parametric signal) in the recorded data, in
accordance with the characteristics described in Section 2.

For proper display, these signals have been decimated by a factor of 25 for the
primary frequency and 50 for the secondary frequency using a second-order
Chebyshev filter. Figure 6 show the resulting spectrograms. An NFFT with 128
samples was applied, using a 75% overlap, resulting in a frequency resolution (Fp;,) of
1 kHz. This configuration yields a time resolution (Ti,) of 40ps for the primary signal
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Figure 6.

Spectrogram for the sine-type signal with an NFFT of 128 samples with a 75% overlap and Fy;, of 1 kHz. (a) The
received signal with primary frequency components around the f . with a Ty, of 40 ps. (b) The received signal
with a spectral component of the secondary frequency (parametric signal) at 30 kHz with a T, of 80 ps.
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ToA methods ToA estimation (us)

Threshold 283.09 £ 0.02

Pvarcym 288.51 +£0.01

Pvarsu, 288.49 + 0.01

Cross-correlation 287.37 £ 0.03
Table 1.

Estimation of the ToA of the received sine-type signal by the three methods under analysis of the primary frequency.

and 80 ps for the secondary signal. The minimum valid frequencies (Fjq) are 12.5
and 6.25 kHz, respectively, for the primary and secondary signals. A more detailed
development of this process can be found in [2].

The first approach proposed in this chapter focuses on the estimation of the ToA
for the sine-type signal received and filtered at high frequencies, corresponding to the
primary frequency. This choice is justified by the significantly higher SNR of the
primary component compared to the secondary one, which enables a more accurate
estimation using all the proposed approaches. In this occasion, for the threshold
method, a threshold level of 30% over the maximum signal value is used, while for the
Pvar method, an order of k = 2 is applied.

Table 1 presents the ToA for the threshold method, the Pvar method, and the
cross-correlation. In the case of the sine-type signal, it can be seen that the estimated
ToA values are consistent in all the methods analyzed.

Once the ToA values are obtained, the amplitudes of the primary frequency are
analyzed using the second proposed approach in this chapter: time domain analysis,
frequency domain analysis, and the cross-correlation method.

The amplitude of the secondary (parametric) frequency is evaluated using fre-
quency domain analysis and the cross-correlation method. Cross-correlation enables
the comparison of the received signals with reference signals, improving the accuracy
of amplitude estimation and providing a more robust assessment of their behavior
than either time or frequency domain analysis alone. Previous studies, such as those in
[11], indicate that amplitude detection in the time domain is unclear due to the low
SNR (less than 20 dB), which is why this approach is excluded from the current
analysis.

The advantage of the cross-correlation method is that it produces a distinct peak at the
location of the received signal, even when applied to the detection of the secondary
(parametric, low-frequency) component. The sharpness of this peak may vary, indicating
the accuracy of the ToA estimation. However, it also provides a useful indication of the
amplitude of the received signal, as shown in Figure 7.

Figure 7a shows the transmitted signal correlated with the received signal previ-
ously filtered at the primary frequency (blue signal in Figure 5). The result is a
correlation peak with a detection amplitude of 65.90, shown in Figure 7b.

On the other hand, the second derivative of the time-squared envelope of the
transmitted signal is shown in Figure 7c. This is correlated with the received signal
filtered at the secondary frequency (orange signal in Figure 5), giving a correlation
amplitude of 0.04, as shown in Figure 7d.

A summary of the second approach proposed in this chapter, related to
the amplitude estimation, for the primary and secondary frequencies is shown in
Table 2.
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Figure 7.

Crgouss-cowelation of the sine-type signal for the primary and secondary frequencies. (a) Transmitted modulated
signal. (b) Cross-correlation between the transmitted modulated signal and the received signal filtered at the
primary frequency, with a correlation amplitude of 65.90 in 287.4 ps. (c) Parametric signal corresponding to the
second derivative of the time-square envelope of the transmitted signal. (d) Cross-correlation of the parametric
signal with the received signal filtered at the secondary frequency, yielding a corrvelation amplitude of 0.04 in

294.4 ps.

Amp. methods Estimation of amplitude at primary frequencies (mV)
Vptime 20.10 £ 0.00
Vpfreq 18.28 + 0.00
Vp.corr 13.18 £ 0.00
Estimation of amplitude at secondary frequencies (uV)
Vp freq 7.44 £ 0.00
Vp.corr 7.72+0.46
Table 2.

Amplitude V, estimation of the received sine-type signal analyzed by time domain, frequency domain, and cross-
corvelation method, for the primary and secondary frequencies (parametric signal).

6.2 Results of the sine-sweep type signal

As in the previous case, the raw signal is processed using a third-order Butterworth
low-pass filter with a cut-off set to 5% above the frequency of interest (f, +f, , for the
primary signal, and 2 - f, , for the secondary signal). Figure 8 shows the normalized
comparison of the two signals in the time domain. The peak amplitudes, V,, of the
primary and secondary frequencies are 61.90 £ 0.03 mV and 48.89 + 2.39 pV,
respectively. This corresponds to a difference of 61.82 mV, equivalent to —24.20 dB.

The progressive decrease in the amplitude of the received signal with time can be
attributed to the frequency response of the Reson TC4040 hydrophone, whose sensi-
tivity drops significantly after 80 kHz. However, for the parametric frequency range
of interest in this study, it is essential to have as flat a sensitivity response as possible, a
criterion that this hydrophone adequately satisfies.

In this case, the SNR of the primary frequency is 71.86 + 1.02 dB, while that of the
secondary frequency is 14.73 £ 1.03 dB. As with the sine-type signal, there is a
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Received sine-sweep type signal processed through a third-order Butterworth low-pass filter with a cut-off set to 5%
above the frequency of interest. The blue signal represents the primary frequency (around f,) with a

V, = 61.90 mV. The orange signal corvesponds to the secondary frequency component (twice fromf, tof, )
with a V, = 48.89 uV. Both signals have been normalized to their V.
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Spectrogram for the sine-sweep signal with an NFFT of 128 samples with a 75% overlap and Fy;, of 500 Hz. (a)
The received signal with primary frequency components around the f . with a Ty, of 40 ps. (b) The received signal
with a spectral component of the secondary frequency (parametric signal) at 4 kHz to 40 kHz with a T, of

80 ps.

noticeable difference between the two components. Since the primary frequency has a
significantly higher SNR, its ToA can be estimated more accurately.

To verify that the parametric effect has been generated in the medium, the sine-
sweep type signal is analyzed by a spectrogram with the same NFFT used for the sine-
type signal. Figure 9(a) shows the content of the primary frequency, around the f ,
while Figure 9(b) clearly shows the expected parametric effect, manifested as a
frequency between 4 to 40 kHz.

The ToA estimation was performed using the primary received signal. The values
corresponding to the proposed methods are summarized in Table 3.

As mentioned above, the method that provides the most reliable results is the
cross-correlation method, as it demonstrates superior performance under high noise
conditions. This time, this effect is more noticeable, as the sine-sweep signal has a
longer rise time compared to the sine-type signal.
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ToA methods ToA estimation (us)

Threshold 313.34 + 0.02

Pvarcym 338.37 £ 0.01

Pvars, 338.36 + 0.01

Cross-correlation 267.534+0.03
Table 3.

Estimation of the ToA of the received sine-sweep signal by the three methods under analysis of the primary frequency.
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Cross-corvelation of the sine-sweep signal for the primary and secondary frequencies. (a) Transmitted modulated signal.
(b) Cross-correlation between the transmitted modulated signal and the veceived signal filtered at the primary
frequency, with a correlation amplitude of 145.71 in 267.55 ps. (c¢) Parametric signal corresponding to the second
derivative of the time-square envelope of the transmitted signal. (d) Cross-corvelation of the parametric signal with the
received signal filteved at the secondary frequency, yielding a correlation amplitude of ~ 0.05 in 294.80 ps.

Once the ToA values are determined, the primary frequency amplitudes of the
sine-sweep signal are estimated using the second approach proposed in this chapter:
time domain, frequency domain, and cross-correlation method.

The secondary frequency amplitude is estimated in the frequency domain and with
the cross-correlation method. As in the sine-sweep signal analyzed, the time-domain
approach is not considered in the sine-sweep signal.

For the amplitude estimation of the received signal using the cross-correlation
method, the results obtained for the primary frequency (high frequency) and the
secondary frequency (parametric signal) are presented in Figure 10. Figure 10(a)
shows the sine-sweep transmitted signal correlated with the received signal filtered at
high frequencies (Figure 8, blue), yielding Figure 10(b). This analysis presents the
cross-correlation results with a correlation amplitude value of 145.70 for the primary
frequency. On the other hand, Figure 10(c) shows the second derivative of the time-
squared envelope of the transmitted signal correlated with the received signal filtered
at low frequencies (Figure 8, orange). The resulting cross-correlation is shown in
Figure 10(d), with a correlation amplitude of 0.05 for the secondary frequency.

The correlation peaks in this type of signals are narrower than in a sine-type signal
because the sine-sweep has a wider bandwidth. This means that it includes many
frequencies, which makes it possible to better locate the exact moment at which the
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Amp. methods Estimation of amplitude at primary frequencies (mV)
Vp,time 32.59 £ 0.00
Vpfreq 6.35+ 0.00
Vp,corr 14.57 £ 0.00

Estimation of amplitude at secondary frequencies (pV)

Vp freg 3.14 + 0.00
Vpcor 5.39 + 0.15
Table 4.

Amplitude V, estimation of the received sine-sweep type signal analyzed by time domain, frequency domain, and
cross-correlation method, for the primary and secondary frequencies (parametric signal).

signal arrives. In contrast, a sine-type signal has only one frequency, which might
easily be confused with background noise, and its correlation produces a wider and
less defined peak, which makes it difficult to precisely identify the time of arrival.

The results of this second approach proposed in this chapter, related to the ampli-
tude estimation, for the primary and secondary frequencies are shown in Table 4.

Using this type of parametric signal, it is possible to design a communication
system based on binary coding, where bit 1 and bit 0 are represented, e.g., by ascend-
ing and descending sine-sweep signals, respectively. It is important to note that other
types of modulated signals are also capable of generating this parametric effect,
potentially enabling their use in binary transmission schemes [23, 24]. This approach
offers a significant advantage by exploiting the properties of low-frequency nonlinear
signals, as they can travel much longer distances due to lower absorption by the
medium, unlike high-frequency signals that experience greater attenuation. Despite
its lower frequency, the nonlinear signal can maintain a narrow directivity similar to
that of high frequency signals. This property enables the signal to be focused with high
precision on a specific receiver, facilitating communication over long distances with-
out the signal being picked up by other sensors in the same environment. This allows
for efficient and targeted transmission, ideal for scenarios where interference mini-
mization and long-range coverage are key factors.

7. Conclusion

In this chapter, the parametric effect of low frequencies has been presented in a
controlled environment as a proof of concept. The phenomenon was demonstrated
experimentally using both sine-type and sine-sweep signals. Further research is
needed to expand the understanding of this type of communication and to evaluate its
performance in real environments over longer distances. This would support the
optimization of a low-frequency, focused-beam bit transmission system.

The results presented indicate that threshold and Pvar methods for ToA estimation
are highly sensitive to the SNR and the temporal slope of the input signal. These
methods yield accurate estimates when the signal exhibits abrupt transitions such as in
sine signals waveforms, but their performance deteriorates significantly in the pres-
ence of gradual transitions, as seen in sine-sweep signals. This strong dependence on
signal morphology limits their applicability in scenarios where the temporal profile of
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the signal cannot be precisely controlled or predicted. By contrast, the cross-
correlation method demonstrates superior robustness to temporal variations, deliver-
ing more consistent and accurate ToA estimates. Nevertheless, its effectiveness relies
on the availability of a reference signal for correlation, which restricts its use in
passive detection contexts or in the analysis of acoustic signals of unknown origin, as
frequently encountered in bioacoustic applications.

Regarding to amplitude V), estimation, the nonuniform spectral content of sine-
sweep type signals, compounded by the nonlinear frequency response of the sensor,
particularly at higher frequencies, poses significant challenges for accurate estimation
using conventional time domain methods. Specifically, these methods require both a
high SNR and a temporally constant amplitude, conditions that are not fulfilled by
weak parametric signals. As a result, alternative approaches based on frequency
domain analysis and cross-correlation are employed, offering improved noise resil-
ience and enabling more robust and reproducible amplitude estimation under
demanding experimental conditions.
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Appendix

This workflow is not suitable for scenarios where the transmitter and receiver are
separated by some of kilometers. At these distances, the secondary component of the
signal tends to dominate, while the primary component is significantly attenuated,
making it difficult, if not impossible, to accurately estimate the ToA. In such cases,
although it is recognized that the accuracy of the ToA may be compromised, it is
recommended to estimate it using correlation techniques applied to the secondary
frequency (Figure 11).

ToA estimation Amplitude estimation
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Figure 11.

Workflow summarizing the two proposed approaches: (i) ToA estimation, and (ii) amplitude estimation for
nonlinear (parametric) signals, where a controlled system receives both primary (typically good SNR) and
secondary (parametric) frequency components.
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Chapter 3

Analysis of the Characteristics of
the Formation of Multispectral
Television Component Signals

Ha H. Cao

Abstract

In color and multispectral television systems, the formation of a single color com-
ponent of the image signal as a function of the variables x, y, t (in a two-dimensional
rectangular coordinate system (x, y)) is typically performed by limiting the incoming
light flux to a specific i(1, 2, 3, ..., n) number of fixed wavelength values A. This
necessary limitation of the ith color component signal is achieved using the
corresponding ith color filter. If [(x,y,t, 1) represents the power of the light flux
emitted from objects, and s(1) denotes the sensitivity of the television (TV) system at
wavelength 1 (which determines the selection of the color component signal
corresponding to a specific wavelength 1), then the general signal /,(x,y,t) at the
output of the optical system of the TV system can be obtained by the algebraic
summation of all color component signals /;(x, y,t, 4;). Through the relative mutual
weighting of the spectral characteristics of the color filters, the transmission quality of
the corresponding color component signals during reproduction can be optimized.

Keywords: multispectral television, color filter, image recovery, adaptive
demosaicing, spectrum of video signals

1. Introduction

The development of high-quality single-image sensor (SIS) digital cameras holds
significant practical value. Most modern digital cameras employ a single sensor with a
color filter array (CFA) to minimize size and cost. Positioned between the lens and sensor,
the CFA separates incoming light into red (R), green (G), and blue (B) color channels.

Modern video cameras leverage advanced digital image processing techniques,
incorporating the latest innovations in video signal compression to enhance digital
television camera systems. A particularly promising research direction involves novel
approaches for generating color component signals through interpolation techniques
and light flux micro-shifting. Studies demonstrate these methods can potentially
improve both resolution and signal-to-noise ratio in digital television (TV) cameras.

This research focuses on developing sophisticated television image restoration
methods that utilize spatial, spectral, and temporal characteristics. The primary
objective is to analyze and create effective techniques and hardware solutions for
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enhancing image quality in digital TV cameras through video signal additional sam-
pling. Specific research goals include:

1.developing novel solutions that utilize light flux micro-shifting and additional
sampling of optical image signals to address current technological challenges in
digital television camera design;

2.examination of video signal processing through additional sampling and
subsequent reconstruction with different interpolation techniques;

3.development of a multi-dimensional spatially adaptive (MDSA) algorithm for
video signal reconstruction;

4.execution of machine modeling and effectiveness analysis for the novel video
signal processing method.

The reference [1] offers a comprehensive summary of color image demosaicing
techniques. None of the existing CFA designs [2, 3] can match the image quality of
Three-Image Sensor (TIS) cameras when used in SIS systems. To address this limita-
tion, a new CFA structure is introduced to enhance the resolution of SIS cameras. The
proposed color filter design enables the capture of full-resolution color signals by
employing an MDSA image reconstruction method (adaptive demosaicing) and
leveraging the spatial periodic micro-shifts of incoming light flux relative to the CFA
[4]. The second section is devoted to the analysis of image sampling in SIS cameras.
The third section is devoted to analyzing the recovery of video signal samples in the
SIS camera. With additional sampling [5], samples following a constant period of
primary sampling F,, are thinned out, forming groups of elements following with a
frequency of additional sampling F,,/N. In this section, a method for recovering
missing samples of a video signal has been developed.

2. Image sampling in SIS cameras

We consider a monochromatic two-dimensional image, and for clarity, it is
assumed that the geometric dimensions of the image along the axes (x, y) are limited.
IfI(x,y,t, A) is the power of the light flux emitted from objects, s(4) is the sensitivity of
the TV system at wavelength A, then the general signal at the output of the optical
system of the TV system is:

lo(x>ys t) = Zli(xyy,ta /11) (1)
i—1
Li(x, 9,8, 4) = s(A)l(x,9,8, 1) 2)

where 4; and [;(x, y,t, 4;)-fixed wavelength value and corresponding optical image
signal of a spectral zone i (i = 1, 2, 3, ..., ). If we neglect intermediate integral trans-
formations and changes in the dimensionality of video information in the photode-
tector (PD), optical image signal /;(x,y,t, 4;) - > electrical image signal u;(x,y,t, 4;)
then, the sampled video signal #;* (x,y,t, 4;) generated at the output of the PD is:

u; (2,958, 4i) = ui(%,9,t, 4)di(%,9,t, 4) (3)
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where d;(x,y,t, 4;) is the sampling function corresponding to the disposition of cells of
the ith color filter.

Time is fixed ¢t = o, when using a mosaic color filter, the cells of which are the
primary colors—red (R), blue (B), and green (G):

ug (%, Ar) = ur(x,y, Ar)dr(x,y, Ar) (4)
u(*; (x,)’, AG) = uG(x,;V, /IG)dG(xaya j'G) (5)
u; (x’y’ ),B) = Uug (x,)’, /1B)dB(x,;V, )'B) (6)

where dg(x,y,4r), dc(x,¥,4g), and dp(x,y,45)—sampling functions that take into
account the location of the cells of the corresponding primary colors R, G, B of the
color filters, ug(x,,Ar), uc(x, ¥, Ac), up(x,y, Ag)—the primary color component sig-
nals of the TV system.

In multispectral television, u1(x,y, A1), #2(x,9, 42), ... , 4 (x,y, 4, )—multispectral
image signals in 7 spectral selection zones.

In the SIS camera (with a CFA filter), by using the additional sampling, signals for
one coding color can be transmitted; in place of missing samples, signals for other
coding colors can also be transmitted. The following section examines the analysis of
one-dimensional additional sampling.

2.1 Analysis of the sampling function under one-dimensional additional sampling

Mathematically, a sampling process can be represented as the multiplication of a
continuous-time function by a sampling function, which is defined as follows:

=T, Z 5(t — kT)) )

k=—o0

here T) < 7/} represents the primary sampling interval, w4 denoting the signal’s
maximum (cutoff) frequency. In the frequency domain:

D(w Q, Z — 1<) (8)

n=—o0

where Q, = 27/T, denotes the sampling frequency. If (¢) is the original signal with
spectrum U(w), then the primarily sampled signal can be expressed as:

oo

u* (t,Ty) =u@d(t, Ty) =Ty Y _ u(kT,)5(t — kT,) )

k=—00

The spectrum of u* (¢, T,) is given as:
1
U(w, Q) = ZU(CD) ®D(w,Q,) (10)

where the symbol ® represents the convolution operation.
The additional sampling operation can be mathematically represented by multi-
plying u* (¢, T),) with a strobing function p,(t, M,N, T, ):
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u* (6, M,N,T,) =u*(t,T,)p,(t,M,N, T}) (11)

in this expression, M, N are both positive whole numbers where M < N. By applying
Eq. (9):

u* (6, M,N,T,) =u(t)d(t,Ty)p,(t, M,N, T,) = u(t)d(t,M,N, T,) (12)

where the generalized sampling function d; (t, M, N, T,) is given by the multiplication
ofd(t, Tp) and p, (t,M, N, Tp).

We will focus specifically on periodic additional sampling. In this scenario, the
deterministic functions p, (t,M,N, T, ), d;(t,M, N, T,) can be effectively analyzed via
the Fourier transform. The strobing function p, (¢, M, N, T}) is periodic, equaling 1 at
allocated sample points and O at missed sample points. Its periodicity is defined by the
additional sampling period Ts = NT),, and M ( <N) specifies the number of allocated
samples within one such period.

For analysis, it is useful to represent the strobing function p, (¢, M, N, T,) in the
following form:

M-
p,(tM,N,T,) = Z Z sincm (— —mT, kNTp) (13)
m=0 k

Figure 1 illustrates the graphical representation of Eq. (13). Its right-hand side
represents the convolution of sincz (¢/T),) with delta functions displaced by
(mT, + kNT,):

Mt t t NT, M=
ZZsinm(Tmep kNTp) = smc;r( ) VZ Zé(tfmTp kaTp)
m=0 k m=0 k

(14)

Since d (t, Tp) sincr (t/ Tp) = §(t), the expression for d; (t,M ,N, Tp) can be written as:
NT. M-
dy(t,M,N,T,) = 7225(:—7;@, —kNT,) (15)

The spectrum of the generalized sampling function d; (¢, M, N, T),) can be obtained as:

D pz i 5( ) —iwmT, (16)

m=0n=—oo
2.2 New mosaic color filter array proposal

In the SIS camera, light flux passes through a CFA before reaching the sensor.
When the CFA’s mosaic pattern precisely aligns with the sensor’s pixel grid during a
frame capture, the output generates three color matrices (R, G, and B) representing
the coding colors. Since the CFA cell count matches the pixel count, these matrices
initially contain zero-valued elements. These missing values can be reconstructed by

54



Analysis of the Characteristics of the Formation of Multispectral Television Component...
DOI: http://dx.doi.org/10.5772/intechopen.1010941

ps(t M.N.T;)

Tp

ps(t M.N.T})

o LUEALAN LA LA L

—

—

> LA AN AT

Figure 1.
Strobing function in periodic additional sampling for the case: (a) M =1, N=2; (b)) M=2,N=4; (c) M=3,N=5.

analyzing adjacent nonzero elements and leveraging the spatial periodic micro-
displacement between the light flux and CFA during frame acquisition. Therefore, the
mosaic CFA’s cell structure must be chosen considering the following criteria:

i. To optimize hardware implementation for real-time processing and minimize
memory requirements, the three color matrices (representing the coding
colors) should be partitioned into elementary groups (blocks) of adjacent
rows. Within each block, missing pixels must be accurately reconstructed
along horizontal, vertical, and diagonal directions. Notably, the pixel-
processing algorithms should maintain consistency across all directional
interpolations.

ii. The block size must contain a sufficient number of pixels to ensure precise
reconstruction of missing values through interpolation.

55



Research and Applications of Digital Signal Processing

iii. When needed, the light flux’s periodic micro-shift relative to the CFA can
provide more reference pixels.

Figure 2 presents the proposed mosaic CFA design, which meets all specified
requirements. By implementing a diagonal spatial micro-displacement of 2 pixels
through two half-frame captures, we acquire three distinct color matrices (Red,
Green, and Black), as illustrated in Figures 3-5. This approach necessitates doubling
the image sensor’s operational speed compared to conventional methods. Missing

G|G/R/IR|G|G|R|R|G|G|R|R|G|G
G|G|R|R|G|G|R|R|G|G|R|R|G|G
B|B|G|G/B|B|G|G|B|B|G|G|B|B
B/B/G|G|B|B|G|G|B|B|G|G|B|B
G|G/ R|R|G|G|R|R|G|G|R|R|G|G
G|G/R/R|G|G|R|R|G|G|R|R|G|G
B|/B|/G|G|B|B|G|G|B|B|G|G|B|B
B|B|G|G|B|B|G|G|B|B|G|G|B|B
G|G|R|R|G|G|R|R|G|G|R|R|G|G
G|G/R/R|G|G|R|R|G|G|R|R|G|G
B/B|G|G|B|B|G|G|B|B|G|G|B|B
B/B/G|G|B|B|/G|G|B|B|G|G|B|B
G|G/ R|R|G|G|R|R|G|G|R|R|G|G
G|G|R|R|G|G|R|R|G|G|R|R|G|G

Figure 2.

Structural configuration of the proposed CFA pattern.

G|G G|G G|G G|G
G|G G|G G|G G |G
G| G G|G G|G
G |G G|G G|G
G|G G|G G|G G |G
G|G G|G G |G G|G
G|G G|G G|G
G|G G|G G|G
G|G G|G G|G G|G
G|G G|G G|G G |G
G|G G |G G |G
G |G GG G|G
G|G G|G G|G G |G
G|G G|G G|G G|G

Figure 3.
Location of G-color cells and elementary recovering block.
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BlB B[B B[B
BB B|B BlB
B|B B (B B|B B |B
B (B B |B B |B B |B
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B|B BB B[B
B |B B |B B |B B |B
B |B B|B B |B B (B
B|B B[B B[B
BB B|B BB
B |B B|B B B B (B
B B B |B B (B B |B
BB BB BB
BB BB BB

Figure 4.
Combined B-color positions from both half-frames and the reconstruction block. B: first half-frame, B: second half-
frame.

R IR R|R R R
R|R R|R R R
R|R R[R R[R R[R
R|R R|R R[R R|R
R R R |R R R
R R R (R R R
R[R R|R R[R R[R
R[R R[R R[R R|R
R R R|R R (R
R R R|R R (R
R[R R|R R[R R[R
R[R R|R R[R R|R
R R R|R R|R
R|R R|R R R

Figure 5.
Combined R-color positions from both half-frames and the reconstruction block. R: first half-frame, R: second half-
frame.

pixels for each color channel are reconstructed within elementary blocks using the
MDSA interpolation technique.

The system utilizes a two-cell diagonal micro-displacement of light flux between
frames, doubling the reference pixels for B and R channels (Figures 4 and 5). During
the first half-frame, the image sensor accumulates optical signals aligned with G, B,
and R cell positions. The second half-frame captures additional B and R samples
through diagonally offset CFA cells when the light flux shifts downward by two cells.
This two-frame cycle repeats continuously. The process effectively performs two-
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dimensional sampling, with CFA cell count matching the sensor’s pixel resolution. To
achieve this, the light flux projection frequency must double the frame rate, with pixel
readout synchronized to projection intervals. The accumulated frame data is then
converted to television signals, effectively exchanging the sensor’s temporal resolution
for enhanced spatial resolution.

3. Analysis of video signal sample recovery in SIS cameras

Let us consider the sampling structure in Figure 6, corresponding to the disposi-
tion of the green cells of the color filter in Figure 3.

With additional sampling, the samples following a constant period of primary
sampling are thinned out, forming groups of elements following with a frequency of
additional sampling Fp/N. The use of the proposed structure of the color filter leads to
additional sampling with parameters N = 4 and M (the number of elements in the
group) = 2.

The recovery of missing samples is a process inverse to the process of additional
sampling. The principles of analysis of the process of recovery of missing samples will
be considered for the case of ideal recovery.

3.1 Analysis of ideal video signal recovery in additional sampling
3.1.1 Ideal recovery of a signal discretized into groups of adjacent samples

In such a recovery, additional sampling is considered as a case of “recurrent
sequential sampling,” that is, the case when the sampling points are divided into
groups of M points each, with a recurrent period NTp = N/2F where F is the maximum
frequency of a continuous function u(t) with a finite spectrum. It is possible to

Y

R

Y

Figure 6.
The sampling structure corresponds to the disposition of green cells of the selected color filter option.
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completely recover the function u(t) in the frequency band MF/N, preliminarily
limited by the maximum frequency F' = (M/N)F. This statement is based on
Shannon’s remark that the function u(t), limited by the band F and the interval T, can
be completely determined by its 2FT sampling points; these 2FT sampling points do
not necessarily have to be equidistant [6]. In Ref. [7], it is proved that if a signal with a
finite spectrum is uniquely determined by its values at the recurrent sampling points t
= Tyn =t +nM/(2F),m=1,2,...,M;n= ..., 0,1, 2,... the recovery is performed
using the formula:

=) M
Z > (T Wt (17)

m=1

where

N
II s1nﬁ(t—tq)

nM
q=1 (-1)
H sin Z&F (tm —tq) W(t_tm _T)
q=1,q#m

According to Eq. (17), the recovery of the function u(t) with additional sampling
by groups of adjacent samples can be considered as the sum of the responses of filters
with impulse responses determined by expression (18) when the corresponding sam-
ples arrive at them.

3.1.2 Ideal recovery of missing signal samples

The recovery of missing samples is a process that is the reverse of the process of
additional sampling. Its essence lies in the calculation of the specified samples from
the known (reference) ones. As a result of such an operation, the signal with addi-
tional sampling becomes a signal with primary sampling (equidistant samples). The
recovery of missing samples can be carried out using the circuit shown in Figure 7a.
Here, additional sampling is performed by the discretizer D; with the characteristic

u1(t) - = | u(kTy) ()
a) > D1 fi() do(t-tMN,T,) | ¥ Fa >
[ ;
de1(t, MUN, Tp) £®
F AE D DE T
t 2(kT, 5
)lﬂD fi(t) B+ d(OMNT) 8t vlkTy) . ux(t)
L2 >
ds (t M,N,Tp) | fa(t)

Figure 7.
Recovery of lost samples: (a) with a delay sampler and (b) with in-phase samplers and limiting filters.
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(a) Reference and (b) recovered samples.

ds1 (t,M,N, T, ). The analog signal is recovered from discrete samples by the interpo-
lator filter F; with the impulse response f', (¢), determined by the expression (18). The
recovered analog signal is secondarily sampled by the sampler D, with the response
dg (t —7,M,N, Tp)—with a delay of the interval 7 relative to D1, where 7 = MT),. The
adder adds two discrete sequences, one of which consists of recovered samples and the
other of reference samples. The primary signal is finally recovered by filter F, with the
impulse response f,(¢) (Figure 8).

For the analysis, it is more convenient to use a circuit with in-phase samplers
(Figure 7b), equivalent to the previous circuit, which includes an advance element
(AE) with a pulse characteristic: 5(t 4 7) and a delay element (DE) with a pulse
characteristic §(t — 7). The expression for the output signal u, (kT),) is written as:

u (kT,) = wa(t)ds (6, M,N, T))) ®f 1 (t) ® 8(t + 7)d (¢, M, N, T,) @ 8(t — 7) + u1(t)ds (t, M, N, T})
uy(t) = (ur(t)ds (6, M, N, Tp) ®f ,(£) ® 6t + 7)ds (¢, M, N, T},) ® 5(¢t — 7) + u1(£)ds (¢, M, N, T})) ) f, ()
(19)

Moving from here to the frequency domain, we get

Uz (@, Q,) = U1(®) @ Ds(w, Q,)F1(w)e'”” ® D (0, Q,)e ™" + Us(w) @ Dy (o, Q)
Us(0) = (Ur(0) @ Ds(w, Q,)F1(0)e"™” @ Dy (0, Q,)e ™" + Ui (w) ® Dy (w, Q,) ) Fa(w)
(20)

These expressions include the impulse and frequency characteristics of the recov-
ering filters F; and F5, which determine signals #;(¢) and u,(t) in frequency bands (M/
N)F and F. In order to simplify the studies, it is advisable to use the limiting filters F;
and F, with impulse responses f (t) and f,(t) determined not by expression (18) but
by the function sinc2z(M/N)Et, accordingly, frequency responses F1(w) =
rect(w/(MQ,/N)) and F>(w) = rect(w/(L,)) (at M = N, F1(w) -> F»(w)). Considering
that D, (w, Qp) is determined by expression (16), we finally get:
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Calculating the modulus (21) for different M and N allows us to obtain a spectral
picture of the distribution of the main and side spectra with ideal recovery of the

missing samples. In particular, expression (21) for M = 1, 2; N = 2, 4 has the form:
M=1,N=2:

> Q w—n& .
Uz(w) = Z Uy (a) —n{) [rect(%)e"m +1

M=2,N =4

QP
Z Z Uq < —-n —> [rect (_a) _Q; T) eim(3+1) + e"”"r;] (23)

(22)

m=0n=—oo 2

We will assume that the conditional boundaries of the signal spectrum U;(w) are
the frequencies —wj,4 and wy,; between which there is the following relationship:

@]

U1(a)) =

— (24)
|yl

Figure 9 shows the disposition of spectra U,(w) with additional sampling with the
specified M and N, after ideal recovery of missing samples, the analysis of which
allows us to make the following comments and conclusions:

C AT

=brd Dbed

U:((D)

b)

U»((o)

-Q, ~Obed @brd

Figure 9.
The disposition of the main and side signal spectra during additional sampling after recovery: (a) the primary
signal spectrum; (b) M =1, N =2; (c) M=2,N=4.
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1. With additional sampling with M = 1, N = 2 and ideal recovery of the missing
samples, the spectral components of the main and side spectra become
comparable and equal in the frequency range of 0.5wy,,, which causes Moire
distortion to appear in this range. Using formula (21), it can be shown that for
M =3 and N = 2 M, that is, in the case of equality of the number of samples in the
group to the number of missing samples, the appearance of Moire distortion will
also occur at these frequencies.

2.0nly for M = 2, N = 4 there is a shift of the specified frequency range toward the
boundary frequency w,, of the signal spectrum. This range corresponds to
frequencies of the order of 0.75wp;,.

3.2 Real recovery of missing samples in one-dimensional additional sampling

Perfect reconstruction of missing samples would theoretically require a recovery
filter with an infinite impulse response, which is physically unrealizable. In practice,
missing samples are estimated using neighboring known values, typically through
polynomial interpolation. However, hardware constraints limit the feasible order of
interpolation polynomials [8]. This estimation process is commonly executed using a
transversal filter. For instance, recovering a target sample % from adjacent samples

U_pyU_(5_1)s woos U1, U115 woes U (n_1), Uiy fOllows the mathematical relation:
n
uo = > (g + agu_y), (25)
k=1

where oy, k = +1, £2, ..., = n are weighting coefficients.
Let us consider some interpolation methods based on the use of expression (25).

3.2.1 Approximation of functions using algebraic interpolation polynomials

Given an unknown function #(¢) with known values ¢, #1, ..., 4, at discrete points

t0>t1, ... »t, within interval [a, b], we seek to construct an #n — th degree polynomial
approximation:
n .
un(t) = ait', t€la,bl, (26)
i=0

for which the following conditions are satisfied:

un () =uj, j=0,1, ..,n. 27)
In practice, Newton’s interpolation polynomial is often used to approximate func-
tions. This polynomial is introduced using divided differences of various orders found

from the values of the function u, ..., #y at the points 4, ..., tn.
The first-order divided difference is:

u(ti,ti1) = _7, i=0,..,n (28)
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The second-order divided difference is simply the first-order divided difference of
u(t;,t;i—1), which is:

u(tisti—1) — u(ti—1,ti2)

u(titic1,tin) = P
i —ti2

, 1=0,..,n (29)

The n — th order-divided difference can be recursively computed using its
(n — 1) — th order counterpart according to:
u(tn+i’ ey ti+1) - u(tn+1'—19 ti)

U(tntistngi-1s o> tiv1sbi) = ; : (30)
nt+i — Ui

the nth-order-divided difference can be represented as:

n

Ujti

Wtpristnrits s tiv1sti) = (31)
(tnsistnri i+15Li) ]; (ti+j — ti) (ti+j _ tz‘+1)"' (ti+j — ti+n)

It then follows that #(t) can be represented as:

u(t) =uo + (t —to)u(to,t1) + (¢ —to)(t — t1)u(to,t1,t2) + =+

32
(& —t0) -t —ty1)u(to, cwestu) + (. —to)--(t — tn)u(t, to, ..., ts) (32)
which can be rewritten in the following form:
u(t) =p,(t) +ra(t), (33)
where
P, () =uo + (t —to)u(to,t1) + (t —to)(t — t1)u(to,t1,t2) + - (34)
(& —to) - (t —tyu_1)u(to, - stu)
ru(t) = (t —to)---(t — tn)u(t,to, .. sln) (35)

Polynomial p, (t) is an interpolation polynomial, since we have the equalities
u (t]) =p, (tJ) ,j = 0,1, ...,n. This polynomial is usually called a Newton interpolation
polynomial, whereas 7, (t) is a remainder of the Newton formula.

3.2.2 Using splines to approximate functions

Image interpolation using Newton, Lagrange, and other polynomials is a non-local
procedure that requires significant hardware costs for implementation and is there-
fore unsuitable for real-time image processing. To ensure locality, the initial interval
[t1,t4] (e.g., one television line) is divided into n subintervals, where it is necessary to
recover the intermediate values of the function u(t), then an interpolation polynomial
of the first, second, or third degree, respectively, is recovered. Thus, the interpolation
procedure becomes local. Such interpolation is called spline interpolation, and a
piecewise polynomial interpolating function with a homogeneous structure (com-
posed of polynomials of the same degree) is called a spline function or spline.

To recover the missing samples in the interval (t,73) (see Figure 10), it is
advisable to use an interpolation spline of the fifth degree of defect three, denoted as
¢s3(t), which ensures both continuity and derivative matching—preserving first and
second derivative equality at all interpolation nodes. This approach additionally offers
computational efficiency by substantially reducing the required operations.
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Figure 10.
(a) Reference and (b) recovered samples interpolated using spline interpolation.
The interpolation function ¢s 3(¢) satisfies the following conditions:
On each interval (z},%,3), spline ¢53(¢) is a polynomial of degree 5:
S
1
Ps3(0) = o (t—1))" (36)
i=0

Spline ¢s 3(¢) belongs to the set of twice continuously differentiable functions on
[a,b], denoted by C?[a, b].

hs3(t)) = u(ty).
Ps5(t;) =u'(t).
53(t) =" (5).

For brevity, denote u; = u (t]) Then, from the above conditions, one obtains a
system of equations:

Uj = ag)

u = agi)
)

u' = Zag

n
w3 =1+ ui(t3 = ) + 5 (513 — )+
o (53— 5)" +af (53— 1) +ad (513 — )

Wy =+ (543 = 1) + 3ad (513 — )"+

(37)

40 (55~ 4)" + 50 (523 1))

W5 =uf +6a] (53— 1)+

127 (1.3~ )" + 200 (45 — 1;)’
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Solving the above system of equations determines the value agj ), ag), and ag). The
index j indicates that the j coefficient enters in the interpolation polynomial only on
the interval [tj, th]. The system of Eq. (37) has the following solutions:

& =
agj) =u;
n
G _ %
az = 2
; 1
agﬂ = {10 (423 —uj) — (4u](+3 + 6u]/) (tiz — ) + (O.Suj’»’+3 - 1.5u]{/> (03 — tj>2}
(543 — )
; 1
of = [ 150 — ) + (75 + 84)) (543 — ) — (s — 15)) (543 — 5)’]
(543 =)
; 1
) = [6luges — ) — (33 3 — ) + 05(ua — ) (05— )]
(43 =)

(38)

Since the exact values of u}, 4]’ are typically unavailable, this approach proceeds in

three stages: (1) approximates the first and second derivatives at interpolation nodes
using finite differences, (2) constructs spline ¢s 5(t) using these estimates, and (3)
computes intermediate values in [t, 73] by evaluating (36) with calculated azg) coef-
ficients across the interval.

The recovery interval is shown in Figure 10 (dotted lines = recovered samples). As
previously established, optimal interpolation within (#;,,3) is achieved using a spline
of the fifth degree of defect three. Assuming that#; 4 — 13 =tj;3 — 42 =t 12 —
=ty —t =t —ti1=1/3 ([tj,tj+3} = 1), the approximate values of the first and
second derivatives at the points ¢, ¢;, 3 are found from (28) and (29) as:

uj — Mj—l

e
W, = % = 3(uj4 — uj13) (39)
L
U3 = % =3(3uja — 4uji3 + 1))
j+4 j+3

Substituting (39) into (38) to calculate alg) (i =0,1, ...,5) and we obtain (36) as:

hs5(t) = [4(1 — 1) (7.5t + 3)]%-,1 + [(1 — )2 (—12568 + 72 + 5t + 1)} ui+

(40)
+[£*(12.52 — 30.5¢ + 18.5¢ + 0.5]ujo3 + [t (—7.5¢> + 18t — 10.5) Juj 4

Finally, substituting t = 1/3 and t = 2/3 into (38) yields formulas for calculating
missing samples #;,1 and u;, as:
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Ujp1 = —0.54314];1 + 132514] + 0.416uj+3 — 0.198u]-+4

41
Uity = —0.19814];1 + 041614] + 1.325uj+3 - 0.543uj+4 (41)

3.3 Development of an algorithm for MDSA image recovery

In the previous subsection, the method of one-dimensional recovery of video
signal samples using interpolation polynomials was investigated. For a two-
dimensional function, it is possible to select the direction of interpolation (extrapola-
tion), in which this function changes more smoothly than in other directions. Thus,
during MDSA image recovery, it is possible to bypass sharp transitions in the recov-
ered function. With additional sampling by groups of samples of adjacent lines,
missing samples can be recovered in both vertical, horizontal, and diagonal directions.
To recover each discrete sample, it is necessary to use all reference samples in a certain
two-dimensional spatial neighborhood surrounding this sample. The choice of the
recovery direction, based on the analysis of available samples in the neighborhood of
the one being recovered, makes it possible to increase the accuracy of recovery since
discrete samples of a smooth function are recovered most accurately.

In a digital television camera, it is usually impossible to recover missing samples in
all directions using standard color-coding filters. This is due to the rigidly fixed
structure of the disposition of the CFA cells and the lack of reference samples of the
signal being recovered. Using the proposed structure of the CFA cell disposition
(Figure 2) allows one to recover missing samples in the horizontal, vertical, and
diagonal directions. The discrete-group method of transmitting color components of
image signals makes it possible to use not only local (intra-group) changes in video
information for recovering missing samples but also inter-group changes, which
allows one to specify the direction of recovery or the choice of the recovered sample
value, taking into account the information changes in all adjacent sample groups and
the relative inter-group changes in the signal level of the recovered sample.

In the SIS camera, with the use of the proposed version of CFA (their cell disposi-
tion structures are shown in Figures 3-5), the current set of voltage values
(corresponding to the PD elements) is three matrices corresponding to three coding
colors. The matrices initially contain zero elements, which can be estimated from
surrounding nonzero values and applying a micro-displacement of the light flux
against the mosaic CFA itself during the frame. Therefore, in order to reduce the
amount of calculations and memory during hardware implementation in real time in
the form of a computer program, it is advisable to recover the missing frame samples
of the signal of one coding color of the television image by dividing the samples of this
frame into elementary blocks of samples, taking into account the following:

1.In each block, it is possible to recover lost samples, if possible, in horizontal,
vertical, and diagonal directions. The algorithms for processing samples in all
directions must be the same.

2.The number of samples in each block must be sufficient for relatively accurate
recovery of lost samples using interpolation methods.

Figure 11 demonstrates the reconstruction of missing (R, G, and B) samples within
each elementary block. The technique employs multi-directional interpolation (hori-

zontal, vertical, and diagonal) to estimate central pixel values, subsequently selecting
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Figure 11.
Reconstruction of central pixels within elementary processing block.

the reconstruction that minimizes deviation from adjacent samples in each respective
direction.

Figure 12 illustrates the developed algorithm for reconstructing missing green-
channel samples in a television frame of size M x N, where M = row pixels, N = row
count (similarly for red and blue channels). The frame is partitioned into 6 x 6
elementary processing blocks, with a horizontal rightward shift of 4 pixels between
successive blocks.

Figure 12.
Green-channel sample veconstruction algorithm for television frames.
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Figure 13.
The original black-and-white image of Lena. Size: 256 x 256 (pixels), zoomed in 2 times.

To evaluate performance, the proposed MDSA method was implemented in Visual
C++ and tested on standard image processing benchmarks (Figures 13-17). Key find-
ings include:

1.Non-adaptive recovery (Figure 14): acceptable quality in low-contrast regions.
Severe spiral distortions along high-contrast edges caused by mismatched
recovery directions relative to actual image gradients.

2.MDSA-based recovery (Figure 15): high-quality reconstruction across most
regions. Minor artifacts only on thin, high-contrast lines deviating from the
primary recovery axes (horizontal/vertical/diagonal) (Figure 17).

Figure 14.
Recovered Lena image using interpolation methods in each elementary 6 x 6 block (pixels), but without the multi-

dimensional spatial adaptation.
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Figure 15.
Lena test image reconstructed via MDSA interpolation.

Figure 16.
Zoomed 4-times view of slender high-contrast boundaries (original size 172 x 89) against background.

4. Conclusions

An analysis of the characteristics of the spectrum of the sampling structure
corresponding to the disposition of cells of the proposed CFA is carried out. A new
MDSA image recovery method has been developed and investigated.

1. An increase in the real resolution of SIS cameras occurs when discretizing into
groups of adjacent samples with values M = 2, N = 4, followed by recovery of the
missed samples.

2.Experimental studies have proven the possibility of interpolation image recovery
by using a local spline of the fifth degree of defect three in real time with high

quality of the recovered image.
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Figure 17.
Zoomed 4-times view (original size 172 x 89) demonstrating vecovery inaccuracies along slender high-contrast
boundaries velative to the background.

3.Computer modeling of the principles of image signal recovery developed in this
chapter has shown high accuracy in calculations of the values of missing samples.
Recovery errors in this case are preserved only on specifically oriented thin lines
and boundaries with a high degree of brightness changes in relation to the
background level when the directions of these lines do not coincide with the
horizontal, vertical, and diagonal directions of recovery.

4.The proposed MDSA image recovery method can also be applied to other video
compression systems.
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Kimberley Road Degradation
Detection Using Digital Image
Processing

Seemeen Wookey, Christopher Mhlongo, Unarine Mulkwevho,
Tlotlo Fanuel Sebati and Ibidun Christiana Obagbuwa

Abstract

The city of Kimberley in the Northern Cape province of South Africa faces
significant road degradation due to heavy traffic, poor road design, extreme weather,
and substandard construction materials, posing safety hazards and increasing main-
tenance demands. Traditional monitoring methods are costly and labor-intensive;
thus, this chapter explores a cost-effective solution using smartphone technology
to collect data and develop a model for detecting and classifying road defects. A
Kimberley-specific dataset was created with six classes of road defects, annotated
using the Roboflow platform, and aligned with TRH22 guidelines for pavement man-
agement systems. The YOLOv3-CNN developed on the Kimberley dataset achieved an
83.38% accuracy. Future work will focus on improving limitations and integrating the
solution into municipal road maintenance systems. This chapter provides a frame-
work for similar applications in other regions and aligns with industry standards for
civil engineering practices.

Keywords: image processing, digital image, road defects, road degradation detection,
deep learning

1. Introduction

The city of Kimberley in the Northern Cape province of South Africa faces traffic
congestion challenges, especially during peak hours, due to many factors, including
heavy-vehicle (truck) traffic and road network limitations. Kimberley also faces extreme
temperatures, which frequently fluctuate during the year, and the roads are known to be
constructed from poor-quality building materials. In general, road conditions worsen
over time due to traffic and weather. This can lead to potholes, cracks, and other types
of road degradation, which are safety hazards for vehicles and road users. Automatic
detection of these defects is important for improving road safety and comfort.

Traditionally, collecting road condition data is expensive and labor-intensive.
However, researchers are exploring using smartphones as a cost-effective solution
for data collection [1]. Regular and easy road surveys are important for developing
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maintenance plans and allocating resources effectively. Ideally, a low-cost, data-
driven solution would enable this [2].

Current research focuses mainly on collecting data using smartphone technology
and developing a model from the data [1, 3-5]. This chapter focuses on creating a
dataset and model specific to Kimberley that aligns with specific guidelines for pave-
ment management systems. As far as the author is aware, a Kimberley-specific dataset
does not yet exist.

Due to poor road maintenance, as well as extreme weather and climate conditions,
the roads of Kimberley are in deplorable condition and typically display multiple
signs of degradation, which are a hazard to road users and cause further degradation
down the line, which then puts more strain on the municipality for road maintenance.

2. Literature review

Asphalt pavement structures experience distress over time, primarily caused by
vehicle loads and weather conditions such as dry environments and temperature
decreases [1, 2]. Road deteriorations such as potholes [2], cracks [1], or loose gravel
[6] pose a threat to human and automobile safety, contributing significantly to road
accidents [1-7]. Potholes, in particular, can be life-threatening, and their severity can
be determined by their dimensions [1], especially their depth [2]. Automatic detec-
tion of road defects is crucial in ensuring safer and more comfortable roads [1-8].
Road condition monitoring systems are typically built using GPS, audio and image
data, and deep learning [1-6, 8]. Traditional methods for collecting road condition
data are expensive and labor-intensive [3, 4, 8]. Researchers, therefore, employ
smartphones to provide cost-effective solutions for data collection and implementa-
tion of road condition monitoring systems [2-5].

2.1 Datasets, data collection, and sensing tools

Our review of studies showed that researchers preferred collecting their data [1-8]
rather than using any pre-existing datasets. This is due to the different studies con-
sidering different factors to assess road conditions when carrying out their research
and needing more problem-specific data, as Roberts et al. explain about their data
collection process: “It was important for the exercise to establish a model that could
be used in the specific local conditions in Sicily, Italy” [4]. Roberts et al. [4] collected
7000 images for their deep learning pipeline and framework that does a hotspot
analysis for pavement distress in urban road networks. Kok et al. collected image data
of potholes with corresponding dimensions in Johannesburg CBD of South Africa for
their pothole severity estimation pipeline [2]. Arya et al. built upon the RDD-2019
dataset and created a large-scale dataset of 26,620 road images sourced from Japan,
Czech, and India, the RDD-2020 dataset, to create a detection and classification
model that can work in different countries [8]. Saeed et al. [6] collected image and
audio data from gravel roads in Switzerland to detect loose gravel conditions. Ramesh
et al. collected image, GPS, and motion data from roads in South Carolina, USA, for
their cloud-based collaborative road damage detection and monitoring system [3].
Hadj-Attou et al. only collected GPS and motion data with timestamp values for their
road surface condition monitoring system [5].

Guo et al. used specialized equipment in their full-scale track test on the newly
constructed highway in Gansu province, China, to collect IRI, Deflection value,
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Rutting depth, and Void rate of paving to analyze hidden structural damage used to
train their model for early detection of pavement structural damage [7].

Besides collecting their image and GPS data, as well as road network data from
urban management centers, Boucetta et al. was the only study to use existing open-
source image datasets, namely the SDNET2018, CIFAR10, and CIFAR100, MNIST
datasets, to train the CNN module for their crack notification and road condition
monitoring system [1]. SDNET2018 contains 56,000 images of different pavement
cracks and pavements with no cracks. CIFAR10 and CIFAR100 have 60,000 images
each, but CIFAR-10 has 10 classes, and CIFAR100 has 100 other classes. These two
datasets contain classes relevant to the study like “Truck, Automobile”, “Vehiclesl,
Vehicles2”, but also seemingly irrelevant classes like different types of animals,
insects, plants, “Household furniture”, etc. The MNIST dataset contains approxi-
mately 70,000 images of handwritten digits. Boucetta et al. [1] used image datasets
with the SDNET2018 dataset when training their detection and classification model
to avoid overfitting their model to only pavement crack images and to allow their
model to be more generalizable to the broader scene of a road and other unseen data.

To address the issue of traditional methods for collecting road condition data that
are expensive and labor-intensive, as in Guo et al’s study [7], other researchers uti-
lized smartphone technology for cost-effective and efficient data collection [2-5, 8].
Smartphones come with a variety of sensing features besides the camera, such as
location services (for GPS) and accelerometer, gyroscope, and magnetometer (for
motion and orientation data) [3, 5]. In addition to their first smartphone used for data
collection, Hadj-Attou et al. also used a second smartphone that connected to the first
smartphone using TCP/IP sockets connected to the local network to allow the second
phone to receive and sort the data gathered from the first phone [5]. Ramesh et al., Hadj-
Attou et al., and Roberts et al. also utilized smartphone applications to automatically
collect the data they wanted instead of relying on a manual approach [3-5]. Ramesh
etal. stored their data in a cloud database using their smartphone, allowing for the
collaborative cloud-based fusion that their study implemented [3]. The smartphones
were typically mounted in a car either at the windscreen [3, 4, 8] or close to the car’s gear
lever [5]. Other than smartphones, other studies also equipped cameras onto vehicles.
Boucetta et al. used a camera with an embedded GPS sensor [1], and Saeed et al. used
two HERO7 GoPro cameras inside and outside a car [6]. Cars with mounted cameras
and smartphones would keep a speed between 40 and 50 km/h while driving [6, 8].

2.2 Methodology, models, and limitations

The most common steps observed throughout different approaches to road
condition monitoring were data collection and storage, data pre-processing, training,
testing, and evaluating a detection and classification CNN, and then determining the
severity of the road’s condition. To evaluate the models, Intersection over Union (IoU)
and mean Average Precision (mAP) were used. Arya et al. define IoU as “the division
of the area overlap between predicted and ground-truth bounding boxes by the area
of their union” [8]. The ioU threshold is usually set to 0.5 [3, 4, 8]. Deep learning is
typically implemented using Python with Tensorflow [1, 4, 8].

Data pre-processing steps include filtering [3, 5], resampling, data transformation
[6], data normalization [1, 5, 7] and augmentation [1, 3, 4], and image segmentation
[2, 3, 6], sorting data into classes and also annotating with bounding boxes and class
labels using either Roboflow [6] or the Labellmg annotating tool where annotations
are saved in PASCAL-VOC format [2, 4]. During data transformation, Saeed et al.
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converted their audio data into spectrograms [6]. With image datasets, it is also
important to resize images before annotating; as Kok et al. explain, “Annotating
images first and then resizing results in loss of information as the ground-truth
bounding boxes no longer refer to the same image” [2]. Boucetta et al. explain the
importance of data augmentation “to expose the CNN to a wide variety of image types
for better learning” [1]. Data augmentation techniques include flipping, rotating, and
cropping [3, 4]. Boucetta et al. mention data normalization’s importance “to ensure
that each input image has a similar data distribution and to avoid the influence of
high- and very low-frequency noises” [1]. The data normalization techniques that
Guo et al. used were to remove outliers using the “squish method” and to scale the
data [7]. Guo et al. mention that some common methods for scaling data are decimal
scaling, min-max normalization, and Z-Score [7]. After pre-processing, Boucetta
etal. used the Hadoop framework to process and store all their data [1], and Ramesh
et al. stored their data in a cloud database [3].

Boucetta et al. developed their CNN on three different public datasets to identify
and categorize 10 types of road degradation features. The various classes in the data
were stored as vectors [1]. Boucetta et al. used stochastic gradient descent to minimize
loss Function E. Rectified Linear Unit was applied in convolutional layers, and log-
sigmoid activation function was used in fully connected layers. Data was resized to
256x256 [1]. The model achieved 95% mean accuracy across all 10 classes. The severity
index of the different cracks that appeared in road scans was computed. From road net-
work data, Boucetta et al. created a graph of the road network from which they sourced
their road scans [1]. They then added the severity indices to the road network graph as
edge weights to create a weighted graph. From this, they made a web application that
would alert drivers of road segments with high severity index and allow authorities
to monitor road conditions. However, Boucetta et al. mention that human expertise is
needed to supervise and update the model while it evolves with new data. This limita-
tion could be addressed by optimizing their model and adding a feedback system where
aroad structure inspection expert can supervise and correct the model [1].

Kok et al. used a dataset of pothole images to train an object detector model to
extract regions of interest and output bounding box coordinates [2]. The first model,
object detector, also reduces the dimensionality of input for the second model, depth
estimation. A dataset of potholes with corresponding depths was used to train a
VGG16-based pothole depth estimation CNN. The region of interest from the first
model was resized to 300x300 before passing to the second model. Kok et al. also
applied zero-padding to images to avoid loss of information [2]. Kok et al. used
intersection over union to evaluate the performance of the ROI extraction model
(first model) and Mean Absolute Error to evaluate the depth estimator model (second
model) [2]. VGG16 CNN achieved an MAE of 32.2852. Kok et al. mention that the
study can be improved by combining the two proposed models and implementing a
web-based application for pothole monitoring and remediation [2].

In Saeed et als study, a pre-trained VGG19 was used to extract features from
images and spectrograms, which were then concatenated to create a combined feature
representation [6]. To reduce dimensionality, feature reduction was applied using
principal component analysis, and the optimal features were selected using the elbow
method. Random forest, XGBoost, and MLP were then trained on this set. Random
forest achieved the best score compared to other models with an accuracy of 0.9018.
This showed how feature-level fusion affects the classification decision of a model.
Decision-level fusion was then investigated by training separate Densenet121-CNNs
on image and audio data and applying OR and AND gates for decision fusion in the
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model. The decision-level approach of using the OR gate produced the best overall
classification accuracy of 0.97. Saeed et al’s study showed the effect of multimodal
fusion on deep learning techniques [6]. However, the impact of different environ-
mental conditions on classification and detection was not considered during the
model development.

In Arya et al’s study, they trained and evaluated 16 deep neural network object
detection models based on data from three different countries [8]. The models
included three types: models trained on data from one country and tested on a mix of
data from all three countries, models trained and tested on data from only one coun-
try, and models trained and tested on a mix of data from two countries. The models
had an SSD MobileNet base pre-trained on the MSCOCO dataset for transfer learn-
ing. The image data was rescaled to 300x300 before training. Arya et al. used a batch
size of 24 with a Mini-batch gradient descent algorithm and a learning rate of 0.003,
RMSprop optimizer, 0.9 for momentum optimizer value, and trained the models for
250,000 steps [8]. They also used the formula to calculate the number of training
epochs as (batch size x training steps)/size of training data. Precision, recall, and
F1-score were used to evaluate the Intersection Over Union of the models and mean
Average Precision to evaluate the models’ performance. Arya et al’s study explored the
effect of data and their models developed from one country on road damage detec-
tion and classification models for other countries [8]. From their results, Arya et al.
offer recommended advice to future studies in this area, which is that using data from
different countries increases the generalizability of a model, but using local data for a
specific model improves the precision of the model and, therefore its performance as
well, it is hence important to find a good balance between these two factors to create
an optimum model for a specific country’s road damage monitoring system [8]. Arya
et al. also mention that the training data was limited to specific road conditions and
regions, limiting the generalization of the results to specific road environments [8].

Ramesh et al. trained a YoloV5 model on images extracted from video frames [3].
The model was trained for 200 epochs and evaluated using mAP, IoU, and a confu-
sion matrix. YoloV5 achieved 0.875 accuracy. A cluster of GPU nodes was used to
train an LSTM model with Adam optimizer, a Batch size of 64, and a learning rate of
0.005. The LSTM performed better than the YoloV5 and achieved an accuracy of 0.94.
Ramesh et al’s cloud-based system uses survey results from various smartphones to
generate a map with different road damage severity levels for drivers and authorities
accessible through a web page [3]. Ramesh et al’s study could be improved by further
research and development of the cloud-based fusion algorithm regarding processing
the duplicated and redundantly provided information [3]. The training dataset must
also include images taken under different weather and lighting conditions.

Roberts et al’s study uses transfer learning and several pre-trained models to avoid
heavy computational resource usage [4]. Roberts et al. used the tensorboard system
to monitor the progress of their model during training [4]. The Faster RCNN with
InceptionV2 performed the best with Average Precision and Average Recall at 0.933
and 0.938, respectively. Roberts et al’s hotspot analysis and pipeline works by imple-
menting the object detection and classification model to compute the severity of road
distress from the image input of road surveys and produces a road network graph
with different road distress severities that are then uploaded to a database for authori-
ties to monitor [4]. However, Roberts et al. mention that their model’s accuracy was
affected by weather conditions and a flexible pavement bias [4].

Hadj-Attou et al. used different kinds of sensor data from smartphone motion
sensors but did not use any image data to train CNN-LSTM and CNN-GRU models [5].
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Compared to another state-of-the-art CNN, the models outperformed that CNN. The
CNN-GRU performed the best overall with 0.9706 accuracy. Hadj-Attou et al. combined
accelerometer, gyroscope, and orientation data and found that combining the input
data resulted in higher accuracy from their models [5]. They also transformed their time
series data into frequency data using the Fast Fourier Transform (FFT) and Discrete
Wavelet Transform (DWT). In Hadj-Attou et al’s study, it was found that the FFT-DWT
combination provided superior classification performance compared to the initial time-
stamp input data [5]. Hadj-Attou et al. mention that to improve their model, they need
to apply data augmentation techniques to solve the issue of unbalanced datasets [5].
Guo et al. performed state-of-the-art analysis by comparing their optimized model
with a decision tree, random forest, and support vector machine models [7]. Their
model outperformed the other state-of-the-art models and achieved an accuracy of
0.8333. In Guo et al’s study, they developed their deep neural network model based
on complete track test data that resulted in specialized industry-standard data. From
this, their model could detect early structural damage to pavement that could not
be detected by human monitoring alone. However, the specialized equipment and
techniques used in Guo et al’s study are expensive and labor-intensive [7]. Variations
in track tests, road conditions, data volume, geographic regions, and pavement types
also constrain the model’s generalization ability.

2.3 Gapsinresearch

Across our broad review of the articles, we found multiple gaps in the available
research. The datasets’ limited scope affected the models’ adaptability and generaliz-
ability [3-8]. Models need to be optimized and performance improved using different
techniques like transfer learning and hyperparameter tuning [2, 7]. Implementing
research of models into applications for road monitoring and automating sys-
tems [1, 2]. Developing a model that can be used by many countries globally [8].
Estimating road damage in three dimensions [3].

This chapter aims to investigate a dataset’s effect on model performance and develop
aroad condition monitoring system specific to Kimberley. The chapter focuses on road
condition issues relevant to Kimberley of the Northern Cape in South Africa, such
as degradation caused by weather conditions and traffic overloading [9]. We created
our dataset with six different classes of road degradation and developed a model from
this dataset. We consulted a civil engineer to validate our assumptions and ensure our
project aligned with the TRH22 guidelines for pavement management systems [10].

3. Methodology

The methodology consisted of two main parts: dataset development and model
development. A model was trained and evaluated from the dataset, and the dataset’s
quality could be inferred from that model’s performance. Using an optimal dataset
with strong features, a well-performing model could be trained and improved in other
ways apart from its dataset and features. This process is shown in Figure 1.

3.1 Dataset development

Three sources of data were used. Images were sampled from the Road Crack
Dataset on the Roboflow website (https://universe.roboflow.com/newroadcrack/
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Project Workflow

Part 1: Dataset Development

Figure 1.
Diagram showing the proposed methodology.

my-road-crack-dataset) and the Pothole Dataset from the Kaggle website (https://

www.kaggle.com/datasets/sachinpatel21/pothole-image-dataset). Video data was
collected from Kimberley Roads.

3.1.1 Data collection

A Samsung Galaxy A52s smartphone was mounted in a car, as shown in Figure 2.
The smartphone recorded the road from Jacobus Smit Avenue to Gariep Mediclinic
and Lawson Street to Long Street. The routes are shown in Figures 3 and 4.

3.1.2 Dataset creation

The Roboflow platform (https://blog.roboflow.com/getting-started-with-
roboflow/) was used to create the dataset. Video recordings and collected images
were uploaded to the platform, and frames were automatically sampled from the

i

Figure 2.
Smartphone recording setup.
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video and uploaded as images. The six classes were “Crack’, “Pothole”, “Bump”, “Sand
build-up”, “Water build-up”, and “Loose gravel”. The images were manually annotated
on the Roboflow platform, as shown in Figure 5. Pre-processing techniques, such as
auto-orient and resizing to 300x300 pixels, and data augmentation techniques, such
as flipping, rotating, and cropping, were applied. After data augmentation techniques

were used, the size of Dataset-1 was 2107 images.
3.1.3 Dataset evaluation and improvement
3.1.3.1 Performance evaluation metrics

The Roboflow 3.0 models trained on the different datasets were evaluated using
mAP, Precision, and Recall.
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Roboflow annotation tool.

Precision measures how often the model’s predictions are correct. It is given by:

. True Positive
Precision = — — 1)
True Positive + False Positive

Recall measures what percentage of relevant labels were successfully identified. It
is given by:

Recall - 'I"r.ue Positive ‘ 2)
True Positive + False Negative

mAP (mean average precision) for object detection is calculated by averaging
the AP (average precision) across all classes, where AP represents the area under the
precision-recall curve. This metric compares the ground-truth bounding box with the
detected box, yielding a score that reflects detection accuracy. A higher mAP indicates
a more accurate model characterized by higher precision and recall, meaning the
model has both low false negative and false positive rates.

The results of the dataset development phase are summarized in Tables 1 and 2.

3.1.3.2 Dataset improvement

Dataset-1 had a big class imbalance problem despite its size, as shown in Figure 6.
The Roboflow 3.0 Object Detection model, pre-trained on the COCO dataset, was
then trained on Dataset-1 using the Roboflow platform. The results were mAP 48.5%,
Precision 55.3%, and Recall 45.1%. When checking the output of this model on the
Roboflow platform, a misclassification problem was identified where visually similar
classes (a pothole and the water that builds up in a pothole) were incorrectly pre-
dicted as water build-up and not always as the pothole as shown in Figure 7.
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Model Size No. of classes Precision Recall mAP
Roboflow 3.0 Object Detection 2058 6 82.6% 57.9% 66.6%
(Dataset-1.2)

YOLO-NAS Object Detection 2058 6 81.2% 64.5% 72.0%

(Dataset-1.2)

Table 1.
Roboflow 3.0 and YOLO-NAS models trained on Dataset-1.2.

Model Size No. of classes Precision Recall mAP
Roboflow 3.0 Object Detection 2107 6 55.3% 45.1% 48.5%
(Dataset-1)

Roboflow 3.0 Object Detection 505 6 48.1% 26.3% 25.5%
(Dataset-2)

Roboflow 3.0 Object Detection 2058 6 82.6% 57.9% 66.6%
(Dataset-1.2)

Roboflow 3.0 Object Detection 815 6 70.5% 46.0% 50.5%

(Dataset-3)

Table 2.
Results of Roboflow 3.0 model trained on the different datasets.

Figure 6.
Dataset-1 class distribution shown on Roboflow platform.

To improve upon Dataset-1s limitations of class imbalance and misclassification,
Dataset-2 was created where the same images collected for Dataset-1 were used,
except much fewer images were sampled from the Roboflow Road Crack and Kaggle
Pothole Datasets to eliminate the overrepresentation of the cracks and potholes
classes, and images with overlapping classes such as in Figure 7 were removed to elim-
inate the misclassification issue. Dataset-2 had a size of 505 images. The Roboflow 3.0
Object Detection model was then trained on Dataset-2. The results were mAP 25.5%,
Precision 48.1%, Recall 26.3%. The results show that a smaller dataset performs worse
regardless of eliminating the class imbalance.

To improve upon Dataset-1, which performed better than Dataset-2, Dataset-1.2
was created, where any images or annotations causing the misclassification issue in
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Figure7.
Misclassification of the “Pothole” class with the “Water build-up” class.

Dataset-1 were removed, however, as shown in Figure 8, Dataset-1.2 still retained the
class imbalance issue that was present in Dataset-1. Dataset-1.2 had 2058 images. The
Roboflow 3.0 Object Detection model was then trained on Dataset-1.2. The results of
the Roboflow 3.0 model were mAP 66.6%, Precision 82.6%, and Recall 57.9%. In addi-
tion to the Roboflow 3.0 Object detection model, the YOLO-NAS Object Detection
model, pre-trained on the COCO dataset, was trained on Dataset-1.2 to see which
would perform better. The YOLO-NAS model performed better with results mAP
72%, Precision 81.2%, and Recall 64.5%, which might imply that the YOLO series
models perform well overall. These results are summarized in Table 1.

Dataset-3 was created to eliminate the class imbalance problem while trying to
have a bigger dataset size than Dataset-2. Dataset-3 uses images web scraped from
the internet to supplement the underrepresented classes and then uses the original
images that were collected, excluding images causing the class imbalance, and only
sampled the cracks and pothole datasets instead of using the full dataset so that the
potholes and cracks classes were not overrepresented. Dataset-3’s size was 815 images,
as shown in Figure 9. The Roboflow 3.0 Object Detection model was then trained on
Dataset-3. The model results were mAP 50.5%, Precision 70.5%, and Recall 46.0%.

Class Balance I= Manage Classes | &3 Rebalance Splits
Crack 471 S )

Pothole 1,221 —

Loase-Gravel 314 o= under represented
Water-Buildup 179 @ under represented @
Bump 152 &= under represented ©
Sand-Buildup 9 under represented ©

Figure 8.

Dataset-1.2% class distribution is shown on the Roboflow platform.
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Class Balance I= Manage Classes | &a Rebalance Spiits
pothole 697 )
crack 561
loose-gravel 514
bump 440
sand-buildup 428
water-buildup 415
Figure 9.

Dataset-3 class distribution shown on the Roboflow platform.

The results of the Roboflow 3.0 model trained on all four datasets are summarized
in Table 2.

4, Results
4.1 Resource links

Dataset-1.2 and Dataset-3 were made available on the Roboflow platform. Links to
download Dataset-1.2 and Dataset-3 with annotation files in CSV format, as well as
links to the datasets with annotation files in any format and the link to the Roboflow
platform, are in Table 3.

4.1.1 Insights from the data

From working with and observing the collected data, a cause-and-effect relation-
ship between the road degradation classes and their associated factors was found,
as shown in Table 4 and Figure 10. These insights were also confirmed by the civil
engineering consultant to be valid.

Resource Description URL

Dataset-1.2 (for Automatic download 2050 images + CSV https://app.roboflow.com/ds/
Tensorflow Object  format annotations ca7/mAnbW7o?key = xaRIbZSosA
Detection)

Dataset-3 (for Automatic download 815 images + CSV https://app.roboflow.com/ds/
Tensorflow Object ~ format annotations SZoukZHxi5?key=xw3Ty6FQ4h
Detection)

Dataset-1.2 (for Dataset labeled as “models Image https://universe.roboflow.com/sota-analysis/
any format) Dataset” Can choose download format models-tc7jd/dataset/1

Dataset-3 (forany ~ Dataset labeled as “beta dataset road https://app.roboflow.com/sota-analysis/
format) degradation Image Dataset” Can choose beta-dataset-road-degradation/1

download format

Roboflow Platform  Quickstart tutorial https://blog.roboflow.com/
getting-started-with-roboflow/

Table 3.
Resource links.
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Cause

Issue

Effect

Soil erosion

Sand build-up

Road obstruction (Vehicle Hazard)
Traps moisture + obstructs water flow

Inefficient road design
Sand build-up

Rain

Pipe-bursts

Water build-up

Cracks

Potholes

Bumps

Reduced pothole visibility (Vehicle Hazard)

Water build-up Bumps/Undulation Vehicle Hazard
Excess vehicle loading Further road degradation
Extreme temperature changes Cracks Potholes
Water build-up Further road degradation
Excess vehicle loading
Cracks Potholes Vehicle Hazard
Water build-up Further road degradation
Excess vehicle loading Loose gravel
Potholes Loose gravel Vehicle Hazard
Road Degradation
Table 4.

Cause-and-effect relationship of road degradation and associated factors.
The main insights observed were:

* The main factors that caused the road degradation issues were water build-up,
excess vehicle loading, insufficient road maintenance, and roads constructed
from poor building materials.

* The main causes of water build-up were weather (rain), pipe bursts, sand build-
up, and poor storm drainage due to poor road design.

* The main causes of vehicle overloading were heavy-vehicle mobility on small
roads and traffic congestion not being managed well because of poor road
network design, as stated by Das et al. [9].

Further degradation

Loose gravel

Vehicle Hazard

A
'O-

Potholes

Figure 10.
Diagram showing cause-and-effect velationships of road degradation and associated factors.
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* Existing road degradation is a hazard to vehicles and causes further road
degradation.

* Possible solutions to combating road degradation on Kimberley roads include
preventing soil erosion by paving sidewalks or implementing roadside revegeta-
tion, designing better stormwater drainage, managing traffic and road network,
and implementing better road maintenance plans.

* The civil engineer mentions, “Data is fundamental in the development of
maintenance plans and budgeting correctly”. To improve road design and
maintenance plans, the municipality would benefit from a low-cost, data-driven
solution to allow better-informed decision-making and economical distribution
of resources. This kind of solution would entail surveying the roads regularly
and easily in a cost-effective manner, as well as monitoring the roads and track-
ing degradation and all the factors that cause it.

4.1.2 Images from the dataset

Different types or classes of road images from the datasets are depicted in
Figures 11-16, which include crack, pothole, bump, water build-up, sand build-up,
and loose gravel.

Figure 11.
Class: Crack.

Figure 12.
Class: Pothole.
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Figure 13.
Class: Bump.

Figure 14.
Class: Water build-up.
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Figure 15.
Class: Sand build-up.

Loose-Gravel 48%

Loosa-Gravel 28%|

Figure 16.
Class: Loose gravel.

4.2 Model
4.2.1 Model architecture

The CNN was designed to classify images into six categories. The model expects
input images to be 300x300 pixels with RGB color channels. It extracts features
from the images using three convolutional layers with increasing filter complexity.
ReLU activation is applied after each convolution to introduce non-linearity. Three
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mazx-pooling layers are inserted throughout the network to reduce data size and
control overfitting. After flattening the feature maps, a fully connected layer with

64 units further processes the data. Finally, a softmax output layer with six units
predicts the probabilities of each class for the image. Adam optimizer and categorical
cross-entropy loss function were applied.

4.2.2 Model evaluation

The models were evaluated using the accuracy metric. Accuracy measures how
often the model predicts the correct class for a given output. Its formula is given as:

True Positive + True Negative 3)

Accuracy =

True Positive + True Negative + False Positive + False Negative

5. Experiment, results, and discussion
5.1 Experiment
5.1.1 Model training and evaluation

The Google Colab environment was used for training and evaluation of the
models. The YOLOv3-CNN model was trained on 10 epochs on both Dataset-1.2
and Dataset-3 in Python, using Tensorflow and Keras libraries for deep learning.
Dataset-1.2 had 2058 images in total, and Dataset-3 had 815 images in total. The
images were split into three folders, 70%, 20%, and 10%, for training, validation, and
testing. Each folder also had a CSV file with annotations corresponding to the images
in that folder. CSV file format was used for annotations as that is the format required
by Tensorflow Object Detection.

The models were evaluated using an accuracy metric (Eq. (3)). The Model train-
ing log is shown in Figure 17 for YOLOV3 trained on Dataset-1.2 and Figure 18 for
YOLOWV3 trained on Dataset-3. The YOLOv3 model trained on Dataset-1.2 achieved
83.38% accuracy, and the YOLOv3 model trained on Dataset-3 achieved 64.08%
accuracy. Results are summarized in Table 5.

Found 435@ validated image filenames belonging to 6 classes.

Found 1194 validated image filenames belonging to 6 classes

Epoch 1/1@

136/136 [ssssssssssnnssnnnnnnnnnnnnnnns] - 6365 Ss/step - 1loss: 0.8356 - accuracy: 0.7209 - val_loss: 0.7179 - val_accuracy: ©.7278
Epoch 2/1@

136/136 [s===smsssssssssemssssssasnsnnn ] - 34s 25ems/step - loss: ©.6186 - accuracy: ©.7778 - val_loss: ©.7018 - val_accuracy: ©.7496
Epoch 3/18

136/136 [s=ssssssunssssssnnsssnssnsn=n=] - 345 253ms/step - loss: @8.5324 - accuracy: ©.7998 - val_loss: ©8.7895 - val_accuracy: 0.7538
Epoch 4/10

136/136 [s=s=ssssssssssssanssanssnsnns ] - 355 26ims/step - loss: ©.4852 - accuracy: 8.8117 - val_loss: ©.6898 - val_accuracy: 8.7563
Epoch 5/1e@
136/136 [==sssssssssssssnssnnasnsnsanns ] - 33s 242ms/step - loss: 0.4536 - accuracy: ©.8246 - val_loss: ©.7448 - val_accuracy: 8.7546
Epoch 6/1@

136/136 [s=szsssssssassssssssssssssssss] - 375 272ms/step - loss: @.4382 - accuracy: @.8278 - val_loss: ©.7588 - val_accuracy: ©.7529
Epoch 7/18

136/136 [=ssssszzssssssssssssssssnsanas ] - 33s 243ms/step - loss: ©.4190 - accuracy: ©.8283 - val_loss: ©.6962 - val_accuracy: 8.76e5
Epoch 8/1@
136/136 [==esemnwen sxssssEEsssEmE ] - 33s 245ms/step - loss: ©.3988 - accuracy: ©.8383 - val_loss: ©.7510 - val_accuracy: ©.7638
Epoch 9/1@
136/136 [=====ssssssascccsscassssssnans ] - 35s 254ms/step - loss: B.3998 - accuracy: 8.8294 - val_loss: @8.7688 - val_accuracy: 8.7596
Epoch 18/18

136/136 [===smmmmms=smsssammsmassamam== ] - 38s 279ms/step - loss: 0.3702 - accuracy: ©.8338 - val_loss: 2.7445 - val_accuracy: 0.7663
Found 618 validated image filenames belonging to 6 classes.

Figure 17.
YOLOv3 model training on Dataset-1.2.
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Found 2681 validated image filenames belonging to 6 classes
Found 233 validated image filenames belonging to 6 classes.

Epoch 1/1@
84/84 [emmmmsnsssnssnsssnennnenennnnn - 249s 3s/step - loss: 1.8363 - accuracy: ©.2227 - val_loss: 1.7642 - val_accuracy: 8.2275
Epoch 2/18
84/84 [#==ssssssssssssssssssasssssss=] - 24s 289ms/step - loss: 1.5959 - accuracy: B.3655 - val_loss: 1.7257 - val_accuracy: @.3219
Epach 3/18
84/84 [smmmmsmmssmssssssssssssssssse=] - 255 291ms/step - loss: 1.3488 - accuracy: 8.588@ - val_loss: 1.6661 - val_accuracy: ©.3691
Epoch 4/1@
g4a/84 [ - 255 383ms/step - loss: 1.1984 - accuracy: B.5632 - val loss: 1.7718 - val_accuracy: @.2961
Epoch 5/10
84/84 [====sss=ss==ssssssssssssss=s==] - 245 286ms/step - loss: 1.8761 - accuracy: B.6058 - val_loss: 1.9522 - val_accuracy: ©.3385
Epoch &/1@
84/B4 [sss==sssssssszsssssa=ssssssss=] - 245 287ms/step - loss: 1.8810 - accuracy: 8.627¢ - val_loss: 1.7626 - val_asccuracy: @.3777
Epoch 7/1@
ga/84 [ - 245 281ms/step - loss: ©.9414 - accuracy: ©.6248 - val_loss: 1.8165 - val_accuracy: @.3476
Epoch B/18
84/84 [======s==s==sssss=ss==========] - 245 289ms/step - loss: 0.8987 - accuracy: 8.6315 - val_loss: 1.8572 - val_accuracy: ©.3562
Epoch 9/1@
8a/84 [ ===] - 255 299ms/step - loss: @.8952 - accuracy: 8.6382 - val_loss: 1.7353 - val_accuracy: @.3562
Epoch 10/18
84/84 [ we=] - 245 289ms/step - loss: 8.8866 - accuracy: 8.6387 - val_loss: 1.9233 - val_accuracy: 9.3098
Found 141 validated image filenames belonging to 6 classes.
Figure 18.
YOLOuv3 model training on Dataset-3.
Model Dataset Size No. of classes Accuracy
YOLOV3 (Dataset-1.2) 2058 6 83.38%
YOLOV3 (Dataset-3) 815 6 64.08%

Tables.

YOLOw3-CNN trained on Dataset-1.2 and Dataset-3.

Models were able to classify classes correctly but were not correctly outputting
bounding boxes, as shown in Figures 19 and 20.

5.2 Results and analysis

Study Model Dataset No. of Accuracy Precision Recall mAP
Size classes
[1] CNN 1000 10 95%
[2] RESNET50 500 1 23.3%
Faster-RCNN
[6] Densenet121 885 2 97%
[8] InJa_14k SSD 15,000 4 15.7%
MobileNet
[3] YOLOV5 3000 2 91% 81.2% 87.5%
[3] LSTM 3000 2 90% 94%
[4] Faster R-CNN with 7000 8 93.3% 93.8%
Inception v2
[4] SSD with Inception 7000 8 90.9% 92.9%
v2
[4] SSD with 7000 8 88% 86.7%
MobileNetv2
Table 6.

Performance of some models from the literature.
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Actual Image Predicted Class: Crack

Figure 19.
YOLOw3 on Dataset-1.2 output.

Predicted Class: bump

Figure 20.
YOLOw3 on Dataset-3 output.

5.3 Discussion
5.3.1 Effect of dataset size

The graphs in Figures 21-23 illustrate Table 2. Results of Roboflow 3.0 model
trained on the different datasets.

Figures 21 and 22 show that there is a positive correlation between dataset size
and the performance of the model trained on it.

The graph in Figure 23 shows that the Roboflow 3.0 model trained on Dataset-1.2
performs best; therefore, eliminating misclassification and having a larger dataset
size makes for the best dataset. Figure 23 also shows that the Roboflow 3.0 model
trained on Dataset-3 performed better than the models trained on Dataset-1, which
shows that a smaller dataset with misclassification and class imbalance eliminated is
still better than a larger dataset with those issues.
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Dataset Size vs mAP
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Figure 21.
Graph showing that there is a positive correlation between dataset size and performance of Roboflow 3.0 model.
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Figure 22.
Graph showing relationship between datasets of different sizes and performance of Roboflow 3.0 model trained on
them.

These findings demonstrate the impact of dataset quality and size. This was also
proven by the experiment in this study, where the results of training the YOLOv3
model on Dataset-1.2 and Dataset-3, as shown in Table 5, demonstrate that the
YOLOvV3 model performed better on the bigger dataset.

However, these findings do not align with the results from the literature in Table 6,
which show that the InJa_14k SSD MobileNet model from Arya et al’s study [8] had the
lowest mAP compared to the other models [2, 3] while still having the largest dataset.
This shows that other factors that affect a model’s performance need to be considered.

5.3.2 Effect of different models

As shown in Table 5, the YOLOv3 model from this study trained and evaluated on
a dataset with 2058 images achieved an accuracy of 83.38%. It performs worse than
the custom-made CNN Boucetta et al’s study [1], which was trained and evaluated on
a dataset of 1000 images and achieved an accuracy of 95%.

Comparing the result in Table 5 of the YOLOv3 model trained and evaluated on
815 images, which achieved an accuracy of 64.08%, to the result shown in Table 6
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Figure 23.
Graph showing performance of Roboflow 3.0 model on different-sized datasets.

of Saeed et al’s study [6], which had the Densenet121 model trained on 885 images
achieved an accuracy of 97%, it shows that the YOLOv3 model performed worse.

The YOLOv3 model seems to perform worse than models from the literature. Still,
these findings cannot ascertain that the YOLOv3 models perform poorly in general, as
the datasets used in the literature and this study differed.

Comparing the results shown, which were trained on Dataset-1.2, the YOLO-NAS
model achieved 72% mAP, outperforming the Roboflow 3.0 model, which achieved
66.6% mAP.

When comparing the results of Ramesh et als study [3] shown in Table 6, the
LSTM model achieved 94% mAP, outperforming the YOLOV5 model, which achieved
87.5% mAP.

These findings demonstrate that the YOLO series models perform well enough but
underperform compared to other state-of-the-art models.

6. Conclusion

This chapter aimed to investigate a dataset’s effect on model performance and
attempted to develop a road condition monitoring system specific to Kimberley. The
results highlight the significant impact of dataset quality on model performance.
Models trained on Dataset-1.2, which was free of misclassifications and had a larger
size, achieved considerably higher accuracy than models trained on datasets with
potential issues. The YOLO series of models worked well enough for object detec-
tion. However, the authors could not develop a system further than this or create an
optimal model for the Kimberley dataset.

This chapter focused on road conditions relevant to Kimberley of the Northern
Cape in South Africa. A new dataset was created with six different classes of road
degradation, and a model was developed from this dataset. As far as the authors were
aware, a Kimberley-specific dataset did not previously exist.
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The research focuses mainly on collecting data using smartphone technology
and developing a model from their data. Still, most studies do not ensure that
their work is suitable in real-life implementation or if it aligns with any industry
standards for civil engineering. This project focused mainly on creating low-cost,
data-driven solutions for assisting the Kimberley municipality with road mainte-
nance planning, aligning with the TRH22 guidelines for pavement management
systems [10].

6.1 Practical implications

The methodology of this project could be used as a framework for creating a
dataset and model specific to a particular location. The authors used a smartphone
to capture data and a free version of a data annotation and dataset development
tool, allowing limited model training. This research could be replicated easily and
with minimal to no expenses. The two main datasets, Dataset-1.2 and Dataset-3, are
available for download with annotations in any format, so other researchers may
train any model they prefer. Table 3 shows download links for the datasets with CSV
file annotations used in this study for Tensorflow Object Detection and links to the
datasets with different annotation file formats and the dataset and model develop-
ment platform. This study also aligns with TRH22 guidelines [10] and is, therefore,
suitable for research or implementation of pavement management systems for South
African roads.

6.2 Limitations

This chapter created a new dataset for Kimberley, but only a small dataset with
no class imbalance (Dataset-3) or a bigger dataset that performed better but still had
a class imbalance (Dataset-1.2). If the authors collected more data, they could have
produced a much bigger dataset with no class imbalance.

The authors developed a CNN with an accuracy of 83.38% based on the Kimberley
dataset using the Yolov3 pre-trained model; however, the model could not output
predicted bounding boxes correctly. The YOLOv3-CNN from this study could not be
directly compared to any models from the literature, but the YOLO series models do
not seem to perform as well as other state-of-the-art models. The limitations of the
model from this study could be improved by investigating better pre-trained models
than the YOLO series and performing hyperparameter tuning.

6.3 Future work

The TRH22 manual explains that their guidelines specify four specific divi-
sions regarding Pavement Management Systems, namely “(1) Organizational
and implementation matters, (2) Facets of a basic pavement management system
and the related outputs, (3) Network level enhancement of the basic system and
interpretation of the outputs, (4) Updating of data and upgrading of the system”
[10]. This study relates to the 4th division of “Updating data and upgrading the
system” [10].

Future work would, therefore, entail improving the limitations of the dataset and
model and attempting to implement them into a system for road condition monitor-
ing that could be used by the Kimberley municipality. This might entail investigating
the scalability of datasets and models.
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Chapter 5

GDPR Compliance in
Video Surveillance Systems
and Applications

Roxana Elena Mihaescu, Marian Ghenescu and Serban Cavata

Abstract

With the evolution of video processing, the volume of video data has increased
significantly, and access to high-risk data is becoming very easy. This chapter will
classify the data regarded as high risk according to current regulations and detail both
the GDPR and EDPS regulations and how they affect the processing and recording
of personal data. Afterward, we will present a comprehensive review of the state-of-
the-art solutions in the literature, ensuring compliance with GDPR. Throughout the
chapter, we will describe the importance of ensuring compliance with the current
GDPR and the challenges that a video processing system faces in this process. To
exemplify the impact of GDPR on video systems, we will present our application for
detecting what is considered high-risk data and how GDPR affects these applications.
To adapt video surveillance systems and applications to be GDPR-compliant, we have
also implemented a lightweight software solution, which can be easily integrated
into any existing video processing system. This solution requires a minimal addition
of computational and hardware resources, being suitable for any video application.
Video surveillance systems and video analytics applications must align with GDPR
and protect sensitive and personal data.

Keywords: GDPR, CCTV, video surveillance, video processing, deep learning,
object detection, YOLO

1. Introduction
1.1 Evolution of video systems

The last decades have brought a considerable evolution in video surveillance [1],
representing the transition from the analog era to the digital one. Subsequently, in
recent years, the field has been reinvented by the introduction of artificial intelligence
[2]. This last-generation algorithmic leap brought a significant evolution in video pro-
cessing, adding complexity and efficiency to video processing algorithms. Along with
the evolution of the field, more and more performing hardware resources appeared
[3, 4]. If in the previous decade, the most used cameras were those with a resolution
of 720p (IMP), nowadays, most systems use resolutions in the range of 3-6 MP, even
higher. Thus, hardware resources become more efficient and more affordable.
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Figure 1.
Market size and trends in video surveillance systems [5-7].

As shown in Figure 1, specialists in the field continue to expect a considerable
market size evolution for video surveillance systems and surveillance cameras.
Considering the evolution of the last years and this field’s exponential growth, they
computed a measure called compound annual growth rate (CAGR), which represents
the average growth rate between two consecutive years. A CAGR of only 4.8% [5] is
expected for the digital camera market size, while the expansion for CCTV cameras
and surveillance systems is much faster. Therefore, a CAGR of 16.84% for CCTV
cameras was calculated according to [6], while in [7], the global video surveillance
market size was estimated at an annual growth of 9.3% . The specialists made all of
the analyses for the period 2024-2031.

This evolution will result in a considerable increase in video recordings for sur-
veillance and entertainment. Using and storing them safely, without endangering
people’s privacy, is becoming increasingly problematic and challenging [8]. Video
processing has become prone to less ethical attempts to acquire stored information
[9, 10], increasing the number of incidents such as hacks and other data leaks. In the
contemporary digital environment, which is full of challenges, the existing rules must
provide the necessary efficiency to ensure the right to protect personal data [11]. New
methods of sharing information through social networks and storing large amounts
of data have become a part of life for many of Europe’s 250 million Internet users.

1.2 Data protection in European Union

The General Data Protection Regulation (GDPR) is the instrument the European
Union has decided to use to protect consumers’ privacy and personal data [12]. The
EU has assumed the role of a world leader, adopting the most complex legislative
framework on privacy and data protection, starting on May 25, 2018. This GDPR
law [13, 14] applies at the union level in all 28 member states. These principles were
certainly known even before the introduction of the GDPR, the protection of privacy,
and the right to a private life being considered fundamental human rights at the same
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level of importance as freedom or property rights. This critical position of the right to
privacy did not appear in the GDPR legislation but has been recognized since 1948,
following the adoption of the Universal Declaration of Human Rights [15].

The evolution of the law on human rights, from the first declaration in 1948
until the adoption of the GDPR (May 25, 2018), is illustrated in Figure 2. Over
the years, the European Commission adopted a series of directives to strengthen
personal data protection without restricting their free circulation. In this sense, it
was adopted Directive 95/46/EC [16] on data protection on October 24, 1995, as
well as the Directive on the processing of personal data and the safety of private life
in the electronic communications sector, also known as the ePrivacy Directive [17],
on June 11, 2002.

Although all these regulatory instruments aimed to introduce a harmonized
approach to data protection, the lack of a common denominator at the level of the
member states required the adoption of a European regulation directly applicable to
all member countries without the need to transpose it into national legislation. Thus,
on April 27, 2016, the regulation on the protection of humans regarding the process-
ing of personal data and the free circulation of such data was adopted. This regulation
replaces Directive 95/46/EC.

The most significant thing to note about the regulations introduced is the pivotal
role they assign to companies in managing their user’s data, especially in the face of
hacking and other similar events. The actions companies and institutions need to take
can benefit them, as the public may boycott and disregard a company that does not
take the initiative to manage its data better.

1.3 Data protection in video footage

Ensuring compliance with GDPR represents a challenging task in video processing.
Data captured through surveillance systems and applications are considered person-
ally identifiable information (PII). This type of data symbolizes personal data, which
companies or persons who operate the surveillance system cannot share with third
parties. In video footage, PII covers an extensive category of data, such as information
from documents (name, surname, addresses, identity card, bank accounts, etc.), faces
or distinguishing marks (tattoos, scars), license plates numbers, locations, or location
indicators. For a video system to meet the GDPR standard, all information considered

General Dato Protection Regulation

29 July 2016

ePrivacy Directive

tion 11 June 2002

06 April 1981 i 19 March

Europea Convention no. 108 The Treaty of Lisbon

Human Rights

Figure 2.
Evolution of data protection in EU.
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personal must be completely blurred. This ensures that no personal data is made
public when the footage is shared, and the system does not violate people’s privacy.

2. The general data protection regulation

The evolution of video processing systems led to the introduction of regulations
aimed at defending the human right to a private life. As this field expanded and an
increasingly large volume of video data was stored, a set of laws became imperative
to ensure the processing of this data without affecting people’s privacy. GDPR is a set
of laws that establish detailed requirements relative to how personal data is collected,
stored, and processed. It applies to European organizations that process EU citizens’
personal data and non-EU organizations that target EU citizens. This set of laws
entered into force on May 25, 2018, and applies to all 28 EU member states. The GDPR
comprises 99 articles [18] and 173 recitals [19] and contains precise requirements
describing how a company or organization must manage personal data.

2.1 Principles of GDPR

Today, with the proliferation of video systems, it is crucial for companies to ensure
their systems comply with GDPR. With its 99 articles, this regulation forms the
bedrock of laws governing personal data. The scope of personal data involved in vari-
ous aspects makes GDPR compliance a significant challenge [20]. The seven essential
principles of the GDPR outlined in Article 5 from [18] are critical to this compliance.

2.1.1 The principle of legality

In Article 5, the first principle described is data legality. Personal data must be
collected legally, fairly, and transparently [21]. Data legality denotes the existence of a
legal basis to process personal data. For companies, there are six such legal grounds:

* the consent of the person in question to process his data. Obtaining consent is the
most common way to ensure GDPR compliance on video systems. The consent
must be explicit, and the company must list why they use the stored data.

* the existence of a contract between the company and the data subject by which
he gives his consent to the processing of his data;

* the legal obligation to process specific personal data;

* vital interest, such as medical information essential for the life of the person
concerned (e.g., the medical history of a patient);

* the public interest, for instance, processing data for statistical or research
purposes that benefit the public.

* the legitimate interest, which means the processing is necessary for the legiti-
mate interests of the data controller or a third party unless these interests are
overridden by the interests or fundamental rights and freedoms of the data
subject.
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To be GDPR compliant, a system must determine one of the legal grounds for
processing personal data before starting to do so. The fairness and transparency of
personal data require the companies to use personal data correctly, as the data subject
has been informed. Also, the company must notify the data subject about processing
its data and of the way the system will collect and store it.

2.1.2 The principle of purpose-related limitation

The second paragraph of Article 5 stipulates that companies must collect data for
precise, explicit, and legitimate purposes and subsequently process it in a manner
compatible with the primary purpose [22]. If the system processes data for another
purpose, a new legal basis is necessary, and the concerned person will have to give
new permission. According to Article 89 (from [18]), the archiving of data for subse-
quent processing for public, historical, or scientific purposes is considered compatible
with the initial purpose.

2.1.3 The principle of data minimization

The principle of data minimization assumes that the system that collects the data
processes the minimum amount of data to achieve its purpose. The requested, stored,
and processed data are only appropriate, relevant, and limited to what is necessary,
depending on the purposes of their processing [23].

2.1.4 The principle of accuracy

The data stored and processed must be accurate and up-to-date. If necessary,
they must be deleted or updated without delay. Hallinan, D., describes this principle
extensively in [24].

2.1.5 The principle of limitation related to storage

According to Article 5, paragraph 1(e), a system that stores personal data must
keep it only as long as it is necessary for the intended purpose. As in the case of
purpose limitation, according to paragraph 89 of the GDPR, personal data can be
stored longer for archiving them for the public interest or subsequent historical or
scientific research. The GDPR does not define a time limit available for data storage.
This storage duration depends on the initially defined purpose and the time required
to achieve that purpose. In addition, for a company not to violate the documentation
laws applied by the GDPR, it will have to establish a data storage policy to inform the
public how long the various categories of data are retained.

2.1.6 The principle of integrity and confidentiality

One of the most important GDPR principles is securing personal information. Any
system that collects and stores data must ensure its confidentiality to not endanger
the people to whom it belongs. For a system to comply with the GDPR, it should have
an adequate level of cybersecurity to avoid any attack on the data and, implicitly, any
leakage of personal data [25]. For this, no one should have access to personal data
except for authorized employees. In addition, any system that stores data must be
able to protect the data against damage and recover it in the situation in which it was
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damaged. According to the GDPR, system operators must conduct periodic tests to
ensure the security measures work within optimal parameters.

2.1.7 The principle of responsibility

Any system that processes personal data must demonstrate at any time that it
complies with the GDPR and applies these regulations in all its aspects. A data subject
has the right to ensure that a system that uses his data complies with GDPR laws. Video
surveillance systems and state-of-the-art applications that use artificial intelligence
must notify the data owners of the purpose for which they use personal data. To
ensure the principle of responsibility, the GDPR introduced the position of data pro-
tection officer (DPO) [26]. This role represents one of the novelties of the regulation
compared to the former data protection directive and is described in detail in [27].

According to the GDPR standard, the role of the DPO is to ensure compliance
with the protection of personal data and propose new measures for alignment. First,
the DPO must facilitate and implement internal data protection policies and train
employees on their responsibilities. DPO must also advise the staff and the manage-
ment team on managing personal data security incidents. The DPO must permanently
monitor the personal data processing procedures carried out by the system operators,
analyze the requests from the concerned persons, and support in formulating the
answer. Furthermore, according to GDPR, DPO must identify areas for improvement
to maintain as much data protection as possible and train the staff and the manage-
ment team regarding legislative news and good practices in data protection. When
necessary, DPO must cooperate with the control authority.

2.2 Legal ground

GDPR comprises 99 articles and 173 recitals, in which the authorities define the
rights of individuals relative to personal data and the obligations of companies to
protect these rights. While the articles aim to define the legal ground and the require-
ments imposed on companies that collect personal data, the recitals provide more
information about the laws contained in the articles. In this way, a company’s obliga-
tions to comply with the GDPR standard are explained more clearly.

2.2.1 Key articles of GDPR

The GDPR insists on the most noteworthy rights: the rights of individuals, the
right to be forgotten, and the right to be informed.

As it emerges from the GDPR principles described previously, this regulation is
designed to protect customers’ rights and secure personal information. The principle
of legality requires companies to collect customer data legally and transparently.

The principle of data minimization requires the collection of a minimum volume of
personal data from customers from the beginning. Finally, the principle of limited
storage requires that the data be deleted after a certain period. There are several
articles in the GDPR introduced specifically to protect these rights of individuals,
among which the most important are:

Article 6. This describes the situations in which collecting and processing an
individual’s data is legal. Among the legal circumstances are listed the direct consent
of the person concerned, the protection of the vital interests of the person concerned,
or particular legal circumstances that concern the individual.
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Article 15. This article gives data subjects the right to obtain information about
processing their data. In addition, the individual can request access to the stored data
anytime.

Article 18. This article gives the individual the right to restrict the company’s access
to his data if he considers them inaccurate or disagrees with the purpose for which
they are used. From that moment, it becomes illegal for the company to continue
using the individual’s data.

Data transparency is the main attribute of collected data and the basis of the
GDPRss first principle. To ensure that the right to be informed is respected, the GDPR
introduced several articles and recitals.

Article 12. This article concerns the transparency of information, communica-
tions, and ways of exercising the rights of the person concerned. According to this
article, the information companies provide to collect personal data must be clear,
concise, transparent, understandable, and accessible.

Recital 58. This recital was introduced to supplement Article 12, clearly describing
the data transparency principle. It describes a company’s obligation to provide EU
citizens with details about the information to be collected. To comply with the GDPR,
each system or company that collects personal data must have a privacy policy link
accessible to all users. In addition, users must be notified of changes in terms and
policies.

Among the rights of data subjects is the right to delete data, named by EU
Regulation no. 679/2016 on the protection of personal data and the right to be forgot-
ten. The right to be forgotten is more relevant, given the development of technologies
that have democratized access to information and remote communications. The
possibility of obtaining vast amounts of data from the World Wide Web that can
be processed for purposes that are not always transparent demonstrates the need to
regulate this right. To ensure this right of citizens, authorities introduced Article 17
and recitals 65 and 66 in GDPR.

Article 17. This article describes the obligation of companies to delete any personal
information of an individual who withdraws his consent and the circumstances in
which an individual has the right to be deleted.

2.2.2 GDPR violations and fines

With the rapid evolution of systems and technologies, the volume of data compa-
nies collect has grown exponentially. In this context, systems must comply with the
GDPR rules and protect personal data. As per Article 83, failure to do so empowers
supervisory authorities to levy administrative fines on companies that breach any
GDPR laws. These fines are designed to be proportionate to the breach, the damages
suffered, and the company’s financial capacity to pay.

To determine the amount of the fine, the authorities, which are designated to
monitor compliance with the GDPR, analyze the data breach using several tools. The
seriousness and duration of the GDPR violation will be considered, as well as the
number of affected persons and the damages they suffered. In addition, it is essential
to determine the intention or negligence of the data processor and if he has taken any
action to reduce the damage to the data subjects. At the same time, the history of the
processor is also accessed, taking into account whether it had previous GDPR viola-
tions and whether it cooperated with the authority to resolve the breach. The total
amount of the administrative fine cannot exceed the amount provided for the most
severe violation.
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Figure 3.
GDRPR fines [28].

Article 83 of the GDPR regulation categorizes violations into two types, each
with its own upper limit of fines. For less severe violations, a maximum fixed fine
of 10,000,000 Euros or a variable fine of up to 2% of the firm’s worldwide annual
revenue from the preceding financial year is imposed. However, these maximum
values can double for more severe violations, underscoring the seriousness of non-
compliance. Figure 3 shows the evolution of the number of fines granted at the level
of the European Union and their total value. The evolution is followed from 2018,
when the GDPR entered force, until the current year. It can be observed that, with
the passing of the years, the number of fines granted for non-compliance with the
regulation and their value increased exponentially. The most common violations of
the GDPR are non-compliance with the general principles of the GDPR, specified in
Article 5, insufficient legal basis for storing and processing personal data, insufficient
fulfillment of information obligation, and insufficient technical and organizational
measures to ensure information security.

3. Video surveillance and GDPR

With the expansion of video systems and the technologies used, more and
more people use them in their ordinary lives. Surveillance systems are increasingly
used for personal purposes, to ensure the home’s safety, or to supervise a business.
These videos often contain images of people or other information considered
personal data. Footage including a person’s face or other features, medical, reli-
gious, or political information, locations such as hospitals or homes, and children
under 18 years of age is considered sensitive and must be protected according to
the GDPR.

In this context, closed-circuit television (CCTV) systems are one of the main
subjects of complaints, reports, and notifications regarding security incidents.
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Among the most common complaints, the authority received is image processing
using video surveillance systems, including illegal video surveillance. Regarding
security incidents, unauthorized access to closed-circuit video surveillance systems
was among the most common causes. Video surveillance is a real challenge in aligning
with GDPR and a real test of responsibility.

In a video surveillance system, operators must ensure compliance with GDPR
throughout the process, from the cameras to the footage storage. Ensuring the
system’s GDPR compliance while it processes personal images presents several chal-
lenges. This chapter illustrates the challenges encountered while operating a video
surveillance system, starting with installing surveillance cameras, transmitting and
processing the stream safely, and storing the data. In addition, compliance with the
GDPR principles described in the previous chapter must be considered even before
installing the surveillance systems. Furthermore, this section describes existing solu-
tions in the field, such as last-generation encryption techniques or state-of-the-art
anonymization algorithms.

3.1Legal bases

One of the primary challenges is the regulatory framework, from establishing the
legal bases to process data to implementing privacy principles for internal regulation.
Companies must understand the legislation very well before installing a video surveil-
lance system. A video system can base data processing on one of the legal grounds: the
fulfillment of a legal obligation, the legitimate interest of the operator, or the consent
of the persons concerned. The company must achieve those three legal grounds in this
particular order.

First, they must see if the system may fulfill a legal obligation. Then, when there
is no legal obligation to video monitor a particular area, but the operator still justifies
installing a surveillance system, he can invoke the legitimate interest. An example
could be installing a video surveillance camera in an area with a high risk of an occu-
pational accident. Consequently, the surveillance system may be necessary to inves-
tigate a possible incident. Obtaining the consent of the person concerned represents
the last option when there is no legal obligation, and the legitimate interest cannot
be proven. One of the essential characteristics of consent is that it can be withdrawn
at any time, which could lead to the impossibility of processing the video recording.
The erasure of any information regarding a specific person represents the right to be
forgotten, according to Article 17 of GDPR.

3.2 Location of surveillance cameras

The operators should strategically place surveillance cameras so that they do not
violate any person’s privacy but can capture images to serve their intended purpose. In
the public domain, cameras can be installed in crowded places with high traffic vol-
ume to protect people. In shops or other public spaces, they should be installed toward
the entrances and exits or the cash registers so that customers have as much privacy
as possible. For example, in clothing stores, the cameras should not be installed
anywhere near the fitting rooms. When surveillance is conducted on a private house,
the system’s owner must ensure that he does not also capture the neighbors’ entrances
or other private places. Otherwise, the owner must obtain the neighbors’ consent to
install a surveillance system that is compliant with GDPR.
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3.3 Security of video surveillance system

One of the most significant challenges is ensuring the security of an end-to-end
video system [29], which involves securing surveillance cameras, the video stream for
transmission and further processing, and the safe storage of data.

3.3.1 Choosing a password

The first and most accessible level of camera security is the password [30]. The
GDPR has not defined a concrete way of setting the password, but it must be as
complex as possible so that it is not easily broken following a cyberattack. First, the
surveillance camera password must be long enough, preferably at least eight charac-
ters long, and contain at least one character from the five categories: uppercase and
lowercase letters, numbers, special characters, and Unicode characters. In addition,
security experts also advise that passwords should not contain personal information
or words found in the dictionary, as they are easier to guess by outside sources. It is
preferable that passwords be changed periodically and that the same password not be
repeated several times.

In a study conducted in 2023, a cybersecurity center identified the most com-
monly used passwords globally. Among them were 123,456, admin, password, 000000,
Admin123, and user. None of these passwords adhere to the security guidelines
mentioned earlier. A surveillance system that complies with GDPR regulations should
be designed to prevent users from setting weak passwords, thereby enhancing overall
system security.

3.3.2 Encryption techniques

The password, as the only level of security, does not provide any degree of security
to the surveillance system. It is imperative to use data stream encryption strategies in
parallel [31, 32]. Encryption strategies differ in two situations: encryption of static
data and encryption of data in motion. The second data category is considered more
susceptible to attacks and less secure. Therefore, using encryption strategies is not just
arecommendation but a necessity for a robust security system.

Encryption, the process of converting digital information into a coded format
(ciphertext) to prevent unauthorized access, is a cornerstone of cybersecurity and
privacy protection. In today’s digital landscape, no video system can be considered
secure without robust data encryption techniques.

There are two types of static data encryption: symmetric and asymmetric. [33]
describes the most known and used encryption techniques. Symmetric encryption
[34] uses a single encryption key and is generally used for mass data protection
and local storage. Asymmetric encryption uses a public key to encrypt video
streams and a private key to decrypt them and is used to secure communications
on the Internet.

Symmetric encryption is also known as private key encryption. The key for
encryption and decryption is a randomly generated string. The best-known algorithm
with a symmetric key is the Advanced Encryption Standard (AES) technique [35, 36],
considered one of the most robust encryption techniques. Currently, the AES-256
technique [37] is regarded as the most secure encryption technique, and although it is
usually used for static data, it can also be applied to data in motion. Other variations
of the standard, depending on the length of the key used, are AES-128 and AES-192.
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Although the 128-bit key is considered safe for many systems, in the case of systems
that capture sensitive images, it is preferable to use a 192-bit or even 256-bit key [38].
The AES encryption standard appeared in 2001 and replaced the Data Encryption
Standard (DES) standard [39], which was widely used in the 1970s but can be easily
broken nowadays.

Another known encryption method is Blowfish [40], a faster method than AES.
The encryption key has a variable length from 32 to 448 bits. Blowfish was replaced
in the 1990s by the Twofish algorithm [41], which, although known for its increased
security, is not as widely used as AES in video systems due to its much higher
complexity.

Regarding asymmetric encryption methods, the best known and widely used is the
Rivest-Shamir-Adleman (RSA) algorithm [42], implemented in 1977.

3.3.3 Secure flow transmission

To safely transmit the video data stream, it is necessary to create secure channels
between the surveillance cameras and the servers in the system. Video surveillance
systems generally use transport layer security (TLS)/secure sockets layer (SSL),
hypertext transfer protocol secure (HTTPS), or secure real-time transport proto-
col (SRTP) protocols to transmit data. TLS [43] is the most used protocol in video
systems. It was implemented in 1999 and evolved from the SSL protocol [44]. TLS
uses a combination of the two types of encryption presented previously. It ensures the
best compromise between performance and security when transmitting data between
surveillance cameras and the servers where they will be stored later.

HTTPS [45] implements TLS encryption over the hypertext transfer protocol
(HTTP) [46] transport protocol, which is used globally. Usually, video data is trans-
mitted using the real-time transport protocol (RTP) [47]. SRTP [48] is an extension
of this protocol and can be used in 1-to-1 or multi-point transmissions. HTTPS and
SRTP protocols differ because the latter can only be used for media streams. While
HTTPS creates a secure channel between the camera and the servers, SRTP encrypts
the RTP packets. If the clients of a surveillance system need to communicate admin-
istrative tasks to the cameras, the system will only use the HTTPS protocol. Both
HTTPS and SRTP usually use AES-128 as an encryption technique.

3.3.4 Cryptographic certificates

An X.509 [49] certificate is a standardized digital credential system defined by the
Internet Engineering Task Force (IETF) and represents a fundamental component of
systems security. The X.509 standard defines the format and encoding of public key
certificates and represents an essential part of public key infrastructure (PKI). These
certificates are commonly used in secure Internet communications, such as SSL/TLS
encryption. X.509 certificate is like a digital passport, providing proof of identity to
a Web site or server. The certificate is issued by a trusted Certificate Authority (CA),
which guarantees the entity is who it claims to be.

X.509 certificates can also be used as an authentication method instead of pass-
words. They are considered much more secure, improving authentication for video
surveillance systems. In addition, they represent a tool that manages the identities of
system users to ensure the safe sharing of personal data and not to a third party who
can use the data for illegal purposes. In this way, data security and GDPR compliance
of the video surveillance system are ensured.
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3.3.5 Anonymization of footage

Data anonymization is an essential part of a surveillance system’ security. To
comply with GDPR principles, the video system must minimize users’ access to the
original data. Thus, access to personal data is minimized. To meet GDPR standards,

a system should have a limited number of operators with access to personal data, the
rest being able to access only the anonymized video streams.

Video anonymization is a powerful tool that enables the video system to adhere to
GDPR rules by concealing PII. This process, which must be precise and robust, instills
confidence in the system’s capabilities. Regardless of changes in lighting or weather con-
ditions that may appear in the footage, personal data must be anonymized, ensuring the
confidentiality of personal data. Moreover, anonymization should be irreversible, pre-
venting the original information from being obtained once the stream is anonymized.
The anonymization of streams involves the anonymization of faces or other features
by which a person can be identified, the anonymization of registration numbers, or the
anonymization of certain areas of the footage. The process is complex and involves the

detection of the object of interest in the first phase, followed by its anonymization.
Face detection has been one of the most researched applications in video process-
ing in recent years. The emergence and improvement of deep learning models have
considerably evolved this field. Various face detection techniques are presented in
Table 1. The same evolution occurred in the registration plate detection (see Table 1).

Method name

Technologies used

Description

Face Detection

Haar Cascade

A machine learning algorithm that uses a set of Haar-like features

Classifier [50] to distinguish facial features such as eyes, nose, or mouth. Haar-like
features represent rectangular patterns of pixel values.
Support Vector A machine learning algorithm that searches the optimal line or

Machine [51]

hyperplane to maximize the distance between two classes. It will return
abinary value, which represents the belonging to the object’s class: face
or non-face.

YOLOVS5 [52]

A computer vision model based on a convolutional neural network.
It was developed for object detection and is very accurate in detecting
small objects, such as faces.

License Plate
Detection

HOG & SVM [53]

HOG generates the feature vectors, by calculating the gradient for
each cell in the image and subsequently aggregating this data into a
histogram. The object will thus be distinguished from the background.
Then SVM decides if it is a registration plate.

SIFT [54]

It generates the feature vectors by identifying distinct key points,
invariant to changes of scale, rotation, or illumination.

CNN [55]

Deep learning architectures that require less preprocessing than other
classifiers. It learns to identify features such as geometry or texture,
being able to detect plates in a new image.

Anonymization

Pixelization [56]

Reduces the resolution of an image, to make parts of it difficult to
identify.

Masking [57]

Altering sensitive data and replacing it with another set of data in real
time, often using a filter over the desired areas.

GAN [58]

GANs are used to generate synthetic data, thus replacing the original
image.

Table 1.

Detection and anonymization methods.
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Once the area of interest is detected, anonymization methods are applied to hide
personal information. Several techniques for anonymizing video streams exist, such
as pixelization, masking, techniques based on deep learning, or even real-time anony-
mization. Table 1 presents some of the best-known anonymization methods.

3.3.6 Data storage

A video surveillance system offers two robust data storage methods: on-premise
and on-cloud. On-premise storage involves saving data on a local network video
recorder (NVR), while on-cloud storage involves storing data online, often hosted by
a trusted third-party company. To fortify the stored data, surveillance systems employ
advanced encryption methods and implement stringent access control techniques,
ensuring the utmost security and minimizing operators’ access to sensitive data.

Due to the exponential growth of data in the last ten years, companies are migrating
to cloud storage facilities. Virtual private network (VPN) and virtual private cloud
(VPC) are two essential components for accessing resources for on-cloud storage. The
storage process involves establishing an encrypted connection via VPN [59] between
the camera network and the private network of the NVR in the VPC cloud [60]. VPC
represents a private cloud hosted in a public cloud, which offers both the advantages
of a private network and the scalability and isolation of the levels between the private
network and the virtual one of the cloud.

3.4 Integrity and redundancy of stored data

According to the GDPR’s accuracy principle, described in the previous section,
the surveillance system operator must ensure that the stored data is accurate and
up-to-date. Otherwise, they must delete and update the data with the accurate one. At
the same time, according to the GDPR principle of integrity, any video surveillance
system must protect its stored data to avoid alteration. However, it is challenging for
such systems to keep the data intact, especially in system failure or other external
circumstances. The same GDPR principle stipulates that if the data stored on the
system is damaged, the system must be able to restore it. Two leading solutions to this
problem are implementing a redundant system or making frequent backups.

Both data redundancy and backups play a crucial role in preventing data loss. While
backups allow the system to revert to a previous state, data redundancy ensures system
continuity in the event of a failure. Both practices are essential for maintaining data
accuracy and integrity. To restore the data when lost or altered, they must have at least
one backup copy in several locations, such as databases or storage systems. In this way, if
data on the system is lost due to an event, it can restore the missing information using the
copies on the external systems. The backup represents a copy of the data up to a previous
point. In contrast, redundancy represents a clone of the entire system, so all copies of the
data will be synchronized and updated with the original data. From this point of view,
restoring the altered data is safer and more efficient in the case of a redundant system [61].
These copies also ensure high data accuracy because it is easier for a data management
system to identify and evaluate any differences between the original data and their copies.

One of the most used forms of data redundancy is redundant array of independent
disks (RAID) [62]. It is used against broken hard disk drives (HDDs) and involves
duplicating the information in several locations, which will take over the tasks in case
the first HDD breaks down [63]. There are several levels of RAID [64], but the safest
and most frequently used in video surveillance systems is RAID1, which involves
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mirroring devices. This level offers 100% redundancy because it is unnecessary to
reconstruct the data, only to copy it.

3.5 Operational procedures

Companies with video surveillance systems must regularly conduct internal audits
and systematic reviews of the system to monitor its compliance with the GDPR. In
addition, the operators must handle the requests of the people who appear in the
videos, such as the right of access, rectification, or deletion of data. Managing a large
volume of requests and maintaining a centralized system to track and respond to
these requests is an additional challenge for organizations.

One solution companies resort to is forming an internal or external team of
experts in personal data protection. This team’ role is to monitor the system’s
compliance with GDPR permanently and update the internal processes constantly.
It is also essential that the rest of the operators with access to personal data are
periodically trained about GDPR requirements to understand their responsibility
to protect personal data and the importance of GDPR compliance in the system
they operate.

4. Proposed method

In this section, we propose a software solution that ensures the anonymization of
video streams from a surveillance system to ensure compliance with the GDPR. The
proposed solution is lightweight and simple from a computational point of view and
can be easily attached to a video processing system. In addition, it requires a mini-
mum of additional resources, making it suitable for any application and video system.

4.1 Description

Figure 4 shows the diagram of the proposed solution. The first module is the
video capture device, which can open any video file stored in a database. The fol-
lowing module is the software configuration. The operator can select one or more
intervals from the footage where the anonymization is necessary. In addition, he can
select a trimming interval to save only a part of the original footage. After mak-
ing the necessary configurations, the next step is the working mode selection. The
surveillance system can use this solution to anonymize a wide range of PII: faces,
people, cars, and license plates. Depending on the need, the operator can select one
of the three working modes.
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Figure 4.
Diagram of proposed method.
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Regarding the detection stage, this solution starts from the YOLOvS5 [65] detec-
tor. This model is based on a convolutional neural network (CNN) and is specially
developed for object detection. We preferred this model due to its higher processing
speed than other models and its increased accuracy in object detection. In addition, it
is an easy model to train to fit the desired scenarios [66]. Using YOLOVS, it was pos-
sible to train and obtain a high-performance detector capable of working in real time,
generating good results when detecting the classes of interest.

The software solution also ensures the blurring of certain areas or locations
considered personal and prohibited by GDPR laws so that the system can be fully
adapted to GDPR requirements. The background anonymization step involves manu-
ally selecting the desired footage areas that are considered sensitive.

Next is the video processing module. In this step, the video stream is anonymized
according to previous configurations. For anonymization, the solution involves
using the method of blurring the original stream. Thus, on each detected or manu-
ally selected area, the blurring operation is performed in two simple steps. First,
the area of interest is resized to a minimal resolution of the order of 10-1 of its
original size. Afterward, the area thus obtained is resized to its initial resolution.
In this way, the algorithm blures sensitive information from the video stream, and
the final stream complies with GDPR standards. These anonymized flows will be
saved in the system database. Subsequently, only authorized operators will be able
to access the original streams, while the rest of the operators will only see GDPR-
compliant footage.

4.2 Key features
4.2.1 Wide applicability

One of the primary goals during the implementation of this software solution was
to have a broad applicability. Therefore, the final solution supports any video format:
.mp4, .avi, .mkv, and others. Additionally, depending on the scenario and scope of a
video system, the solution can be set to anonymize a wide range of PII, such as faces,
people, cars, license plates, or areas and locations. Thus, once attached to the surveil-
lance system, regardless of its field, it can adapt it to comply with GDPR standards.

4.2.2 Simple and lightweight solution

We designed our solution to be simple and lightweight. It uses a straightforward
blurring method with minimal computational complexity and a small detector, mak-
ing it efficient and easy to use.

4.2.3 Real-time solution

One of the noteworthy features considered when implementing this software
solution was the time required for processing. In order to minimize the processing
time, we take several actions. First of all, the detector used is a real-time detector.
Once the detections are obtained, the anonymization method is straightforward from
a computational point of view, with insignificant added processing time and comput-
ing power. Another method of saving processing time is the possibility of selecting
processing intervals. In this way, the whole footage is no longer processed, but only
the intervals of interest, drastically reducing the processing time.
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4.2.4 Simplify the camera positioning process

According to the rules in force, the installed cameras must minimize access to the
public space but also not affect the privacy of other people. It is difficult to find a com-
promise in the positioning of the cameras so that the system captures the necessary
images but ensures the privacy of the citizens. The algorithm offers as a solution the
anonymization of public areas or other information that appears in the footage and
must be disguised so that cameras can be positioned with a greater level of freedom.

4.2.5 Anonymization of PII

The algorithm ensures the anonymization of all categories considered personal
information. Figure 5 presents a capture of the anonymized flow generated by
the algorithm. It can be seen that the algorithm blurred all the faces of the people
involved, making them unidentifiable for those who see the footage. In addition,
certain areas of the frame were blurred, which were wanted to be kept confidential
not to affect the system’s GDPR compliance.

4.2.6 Irreversibility

Along with the improvement of anonymization methods, there are also many
methods of obtaining the original information from a distorted image. It is essen-
tial that the anonymization, once achieved, is an irreversible process to ensure the
confidentiality of the data. In the proposed solution, once an area is resized to a very
small resolution and then again to the initial resolution, most of the information of
the original flow is lost. In this way, the original image cannot be recreated, and the
solution ensures the irreversibility of the anonymization process.

4.2.7 Principle of data integrity and confidentiality

The presented solution ensures the principle of data integrity and confidential-
ity described by GDPR. The stored information will, first of all, be anonymized,

Figure 5.
Video anonymization using our proposed method.
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ensuring the confidentiality of the people appearing in the video. In addition, data
integrity and confidentiality are ensured by minimizing the access of unauthorized
operators to the original data. In this way, only a small number of people have access
to personal data, which is in line with GDPR.

5. Conclusions

Given the evolution of video processing technologies and the exponential increase
in the volume of stored video data, the video surveillance systems and applications
developed must comply with the GDPR standard. A surveillance system collects a
considerable volume of personal data, from users’ personal information, such as
first and last names and IP addresses, to images containing sensitive information.

For a system to be compliant with GDPR rules, it must ensure both the encryption of
information and the anonymization of video streams.

GDPR was introduced to protect human rights to private life. For this, some basic
principles have been described, which must be considered when implementing a
system that collects and processes personal data. One of the most important is the
principle of legality, which specifies that the data must be collected legally, correctly,
and transparently. Any deviation from this principle brings fines up to 20 billion
euros. Other important principles are purpose-related and storage limitation, but also
limiting the volume of stored data. A final principle is responsibility, for which GDPR
introduced the position of DPO. The DPO is entrusted with the essential task of
ensuring GDPR compliance of the entire system, a responsibility that cannot be taken
lightly. Finally, several GDPR articles stipulate the need for data encryption, which
brings one of the most important principles of GDPR: the obligation of data proces-
sors to ensure data integrity and confidentiality.

Along with the evolution of security systems and techniques, cyberattack
frequency has also increased. That is why surveillance systems must implement
various security techniques to limit the access of unauthorized persons to the sys-
tem. Symmetric and asymmetric key encryption techniques (AES, RSA) have been
proven effective for securing static information from surveillance cameras and
storage spaces. To secure the flow of information while it is transmitted over the
network, systems must use secure transport protocols, such as TLS/SSL, HTTPS (for
transmitting confidential data, camera configurations, and video stream), or SRTP
(for transmitting the video stream). Finally, any video system must use an X.509
certificate, a digital passport that provides proof of identity to a website or server.
Simultaneously, using these techniques secures personal data, ensuring the system’s
GDPR compliance.

In addition to system security, data anonymization is equally critical. The anony-
mization process involves the detection of information that is considered sensitive
(faces, cars, license plates, and locations) and their anonymization using the various
available methods such as pixelation, masking, or deep-learning techniques that are
considered irreversible and, therefore, safer.

The method proposed in this chapter is a method of anonymizing personal data
and can ensure compliance with GDPR in any situation. The developed application
has several working modes, detecting and anonymizing people’s faces, persons, and
license plates, depending on the system’ needs. In addition, the application also
ensures the anonymization of other areas or places considered sensitive in the footage
by manually selecting those areas. We presented a simple software solution from a
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computational and lightweight point of view, which ensures irreversible anonymiza-
tion of the video stream and all categories of information considered personal. Once
integrated into the video system, it complies with the GDPR rules and can ensure the
confidentiality of stored video streams.

This chapter presented the need for the emergence of the GDPR regulation and the
urgency of ensuring compliance with the rules in force. In addition, the technologies
and algorithms that must be implemented in the video surveillance system in order
for it to adapt to GDPR principles were presented in detail. Video surveillance systems
and applications developed in video analytics have the responsibility to align with the
GDPR standard and to protect people’s rights and sensitive and personal data.
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Chapter 6

Efficient DNN Algorithm Design
and Hardware Acceleration for
Low-Level Vision

Wendong Mao, Siyu Zhang and Zhongfeng Wang

Abstract

Deep learning has garnered widespread attention in low-level vision tasks due to
its automatic feature learning capabilities. However, high computational complexity
and memory requirements hinder deployment at the edge. This chapter provides a
top-down solution for efficiently implementing intelligent image and video comput-
ing across algorithm, hardware, and deployment levels. Firstly, we design high-
accuracy DNN algorithms for specific visual tasks, exemplified by the first text style
transfer algorithm using complex image features. Secondly, we explore hardware-
friendly algorithm optimizations and design efficient DNN hardware accelerators for
typical visual applications such as image generation, video compression, and super-
resolution. Thirdly, we introduce a precision-scalable computing method and an agile
hardware mapping framework to achieve efficient deployment of algorithms. We
unify convolution, deconvolution, and deformable convolution into an input-adaptive
deformable convolution and design a versatile accelerator for various image enhance-
ment tasks. Finally, we provide extensive experimental results to validate the effec-
tiveness of the proposed hardware acceleration solutions.

Keywords: hardware design, deep learning, low-level vision tasks, image processing,
video processing

1. Introduction

With the development of information technology, Artificial Intelligence (AI) has
deeply permeated many aspects of human society. Al technologies have penetrated
and integrated into various fields of the economy and society. The new formats,
models, and products related to Al have been achieved in multiple fields such as
healthcare, finance, security, transportation, logistics, industrial IoT, and more. Due
to its outstanding performance, deep learning has become a significant driving force
in the current development of Al, attracting attention from research institutions and
industries worldwide.

In recent years, with the rise of the short video industry and 5G era, human-
generated data has shown explosive growth. The abundant data provides a solid
foundation for the further development of Al and increases the demand for image and
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video processing tasks. For example, images captured by security cameras at night
have significantly lower quality compared to images taken in well-lit conditions,
necessitating low-light enhancement techniques to improve image visibility. Simi-
larly, medical images captured under endoscopes may lack clarity, requiring image
super-resolution (SR) techniques to generate clear pictures. There is also an urgent
need for tasks such as the transmission and storage of large-capacity videos. However,
traditional visual analysis and understanding techniques are no longer sufficient to
meet the demands of the modern visual imaging world, and the introduction of deep
learning algorithms for image and video processing tasks such as low-light enhance-
ment, SR, video compression, and depth estimation has become a prevailing trend. To
achieve better performance, people tend to adopt deeper neural networks to carry out
retrieval and processing of massive visual information. In addition, new DNNs are
continuously being developed, with algorithm scales and complexities steadily
increasing.

Figure 1 summarizes the typical applications of deep learning, common forms of
input data, and types of DNN models. Common models include Convolutional Neural
Networks (CNN), Generative Adversarial Networks (GAN), Deformable
Convolutional Networks (DCN), Transformers, Graph Neural Networks (GNN), and
others. A growing variety of data from different modalities can now be analyzed and
processed, such as images, videos, text, language, graph structures, point cloud data,
etc.

In general, due to their large number of parameters, DNNs have longer computa-
tion times on CPUs, which restricts the possibility of real-time deployment. DNN
models like SRCNN, FSRCNN, and VDSR [1] have significantly higher average com-
putation times on Central Processing Units (CPUs) compared to GPUs. Therefore,
most CNN-based algorithms are currently implemented using Graphics Processing
Units (GPUs). GPUs greatly enhance the speed of CNN-based algorithms compared to
CPUs, but the abundant computational resources of GPUs come with significant
power consumption. Therefore, for platforms with limited hardware resources and
power constraints, GPUs are not the best choice. The Analyses from OpenAlI indicate
that the computational power required for Al training tasks has grown exponentially
since 2012, doubling roughly every 3.5 months. In contrast, Moore’s Law doubles
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Figure 1.
Summaries of various Al application domains and their commonly used DNN models.
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every 18 months. Since 2012, the demand for computational power has increased by
over 300,000 times, compared to a 12-fold increase following Moore’s Law. The
compute and storage-intensive networks directly pose severe challenges for low-
power and low-latency deployments in practical applications. In modern society,
visual information systems are prevalent in various fields such as industry, daily life,
and education.

With the rise of new generation Al technologies like Transformers and generative
large models [2], DNNs are playing an increasingly important role in image and video
processing tasks, including tasks such as style transfer, enhancement, compression of
images and videos. These tasks are widely applied in visual devices in fields such as
intelligent robots, digital twins, autonomous driving, virtual reality, and others.
Hence, designing Al hardware accelerators for real-time embedded systems has
become crucial. To address the issues from algorithm design to practical deployment
of DNNs, designing high-precision visual algorithms and developing efficient hard-
ware architectures that meet platform constraints, is one of the significant research
topics in the current field of intelligence vision.

2. Recent development of low-level vision acceleration

This section briefly introduces and analyzes the differences and optimization
opportunities between low-level vision tasks, such as compression, SR, and depth
estimation, and high-level vision tasks, such as image classification and object detec-
tion, in terms of algorithms, hardware, and deployment. These comparisons aim to
inspire the motivations behind researches into low-level vision acceleration.

In the field of SR, some advanced solutions to implement high-speed and low-
power edge deployments for SR models are being gradually exploited. In Chang [3],
the deconvolution (DeConv) operation, which was widely employed in SR algorithms,
was converted to convolution (Conv) operations by a load balance-aware method.
The designed SR system achieved promising energy efficiency for various upsampling
factors. Kim ez al. [4] developed a hardware-friendly SR method by stacking 1D Convs
and depthwise separable Convs to reduce model complexity and maintain large
receptive fields. They also designed effective fixed-point quantization and feature
map compression strategies to save memory resource overhead. To further solve video
super-resolution (VSR) task, Sun et al. [5] extracted temporal information by an
FPGA-based recurrent CNN model to improve the temporal consistency for multiple
video frames. Meanwhile, low-cost operations, normalization, and quantization were
also incorporated to reduce the model complexity.

For image and video compression, due to the inherent conflict between the com-
putational complexity of advanced neural codecs and the limited resource of mobile
devices, realizing energy-efficient and high-quality image and video compression is
non-trivial. To achieve efficient neural image codecs, FPX-NIC [6] extended the
image compression task from software-based to FPGA-based lossy compression. The
proposed system effectively accelerates the image encoding and decoding process
extremely. Video compression is a more computationally intensive process than image
compression. Once a video is encoded, the encoded bitstream can be transmitted to
multiple mobile devices and decoded multiple times, ensuring that users can watch it
anytime, anywhere. To address this issue, Rozendaal et al. [7] developed an efficient
neural inter-frame video decoder working on a commercial mobile phone. However,
relying solely on algorithmic optimizations may lead to inefficient utilization of
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hardware resources, resulting in a waste of performance advantages. So far, achieving
high-performance video compression on embedded and mobile devices remains a hot
research topic in the field of multimedia technology.

Designing dedicated stereo vision accelerators is crucial for enhancing the overall
performance of robotic system. Many studies have proposed efficient solutions to
improve processing speed and energy efficiency. For example, Dadu-Eye [8]
constructed a cost volume and estimated optical flow by traditional methods, followed
by using learnable encoders and decoders to extract depth information. However, it is
limited by the reliance on handcrafted features and independent module designs,
resulting in bad fault tolerance. Moreover, operations in hybrid depth estimation
frameworks include not only DNN operations like Conv, pooling, and DeConv but
also traditional methods’ operations such as Census transform and Hamming distance.
Therefore, it is necessary to allocate hardware resources separately and conduct inde-
pendent designs to support these incompatible operations. Besides, most stereo vision
accelerators utilize high-precision multiply-accumulate (MAC) units to perform all
computations. While these precision-fixed accelerators can meet the worst-case
bitwidth requirements, it faces under-utilization of computational resources. In fact,
the bitwidth can be adjusted individually for each layer in the stereo-matching net-
works to achieve an optimal balance between bitwidth and matching score.

Compared to plain models designed for high-level tasks such as image classifica-
tion and object detection, low-level vision models face numerous challenges when
deployed on resource-constrained mobile devices. These challenges include: (1) Low-
level vision models typically feature a topology comprising multiple independent
modules and intricate connections, resulting in irregular data dependencies and
extensive memory access. (2) Low-level vision models integrate a variety of hetero-
geneous operations, such as Convs, DeConvs, deformable convolutions (DfConvs),
and attention mechanisms. The diversity of operations may lead to severe memory
conflicts and computational imbalances. (3) In contrast to high-level vision models
that predict semantic labels, low-level vision models reconstruct visual contents at the
pixel level, making them highly sensitive to model compression techniques like light-
weight structures, pruning, and quantization. (4) In practical applications, there is an
increasing demand for real-time processing of high-definition (HD) and ultra-high-
definition (UHD) images or videos, leading to significant data transmission pressures
due to the high-resolution intermediate feature maps in low-level vision models.

In summary, the stringent requirements for resource usage, latency, energy effi-
ciency, and visual quality highlight the importance of joint optimization across algo-
rithms, hardware, and deployment for accelerating low-level vision models.

3. High-precision visual algorithm design
3.1 The coarse-to-fine framework for text style transfer

This section will focus on the aspect of visual algorithms and describe an example
of high-precision visual algorithm design. In the field of image processing, style
transfer involves transferring the style of a source image to a target image, and it is
widely used in artistic design. Text style transfer is an important subtopic of style
transfer, used for generating artistic fonts. Existing works only can transfer simple
image features and control the scale of style to a limited extent. However, complex
and intricate image features commonly used in artistic design, are challenging to
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transform into artistic fonts using current stylized text generation methods [9-11].
However, in the field of image processing, complex but exquisite image features have
significant application demands in various areas of artistic design, while existing
issues in font style transfer methods face difficulties in mapping style features, limited
specialized datasets, and other key problems.

To address this issue, [12] has designed the first academic style transfer algorithm
tailored to complex image features, aiming to generate refined artistic fonts with
intricate textures and structures in an unsupervised manner. In addition, the method
can achieve real-time control over multiple style scales. The key idea of [12] is to
decompose the entire task into two steps: prototype generation and detail refinement,
employing dedicated networks for each step to learn features at different levels. By
cleverly combining structural characteristics of texture extrapolation and image SR
reconstruction networks, the proposed framework significantly reduces the task dif-
ficulty of network learning.

The algorithm framework proposed by [12] transfers style into the targeted texts
from coarse to fine granularity, as illustrated in Figure 2. It decomposes the style
transfer task into two subtasks: (1) artistic font prototype generation and (2) image
detail optimization. As shown in Figure 2, the generation of artistic font prototypes is
modeled by a newly designed GAN model, namely pro-gen GAN (G,), which gener-
ates a coarse stylized font from a given binary mask and clipped texture. The second
subtask is executed by the Structure Network (IV;) and the Texture Network (IN;),
which refine the structural and textural features meticulously. This algorithm frame-
work extracts style features at multiple levels through these three networks, allowing
each network to focus on specific levels to sequentially accomplish the overall transfer
task. Due to the lack of text-effect datasets with paired data, the framework also
introduces a one-shot learning method for unsupervised training. During the training
steps, preprocessing of style images (Y) and binary masks (M) generates paired data,
which are then used to update G, in reverse. Subsequently, N; is trained using a
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Overview of the coarse-to-fine framework in [12].
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general image dataset to learn the ability for structural refinement. In the

testing steps, the text mask is provided to a deformable module to adjust

different style scales, obtaining masked and styled images with specific style

scales, which are then fed into the networks G,, N;, and N; to perform forward style
transfer.

In the context of style controllability, a concise style controllable module has been
proposed, enabling a smooth transition of font styles from condensed to flowing
without the need to retrain the network. During the detail refinement process, two
networks are introduced to refine texture and structural details. Additionally, a train-
ing scheme with a hybrid attention mechanism has been proposed, allowing the
network to learn more natural and comprehensive image features from different
dimensions.

3.2 Visual result of the proposed framework

Figure 3 presents a qualitative comparison with five state-of-the-art methods: NST
[13], T-effect [9], TET-GAN [10], Shape-Matching GAN [11], and UT-Effect [14].
Experimental results demonstrate that this method can generate artistic text with
complex styles, surpassing existing research significantly in terms of texture, con-
tours, and other visual effects.

At the same time, it can be seen that to address complex visual tasks, such as the
mapping issue of complex texture structures mentioned in [11], more networks and
deeper computational structures are being introduced, leading to an increase in algo-
rithm processing time and the subsequent demand for computational acceleration.
The characteristics of using various Conv operators have also sparked considerations
for hardware acceleration design.

4. Algorithm and hardware co-optimization for low-level vision
4.1 Hardware acceleration for generative adversarial network

In recent years, GANs have been widely applied in the visual domain for tasks such
as image and video generation, encoding and decoding, style transfer, and more, due
to their superior performance. GAN models usually contain numerous DeConv oper-
ations, and involve a large amount of redundant computation, increasing computa-
tional complexity. However, the high computational complexity and parameter
counts of GAN models, make it challenging to efficiently deploy them on hardware
devices with limited resources and power constraints.

4.1.1 The proposed fast transformation algorithm

In [15], a widely used GAN model in visual generation tasks, a mathematical
analysis and deconstruction of the abundant DeConv operators in the model were
conducted. As shown in Figure 4, a highly universal fast transformation algorithm
(FTA) was proposed for network computation acceleration, featuring concise
preprocessing and postprocessing parameters that significantly reduce the
corresponding hardware overhead. The two-dimensional transformation formula is
shown as Eq. (1). This algorithm can reduce the complexity of the original operations
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(a) NST (b) T-Effect () TET-GAN (d) Shape- (e) UT-Effect  (f) proposed
Matching GAN

Figure 3.
Qualitative comparison with existing methods under different styles in [12]. (a) NST, (b) T-Effect, (c) TET-
GAN, (d) Shape-Matching GAN, (e) UT-Effect, (f) proposed.
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by approximately half under the premise of algorithmic equivalence. A comparison of
the computational complexity before and after applying this algorithm to DeConv
operators of different sizes can be listed in Table 1.
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K382 K482 K582 K9S2 K583 K9S4
CPU-based 9 16 25 81 25 81
IOM [16] 2.25 4 6.25 20.25 9 5.0625
TDC [17] 4 4 9 25 9 9
Win-T [18] 1.78 177 4 11.11 4 4
1-FT (ACOX1) 2.25 4 6.25 20.25 2.77 5.0625
2-FT (ACOX;) 1.5625 2.25 3.06 7.5625 1.78 2.64

Table 1.
The comparison with computational complexity, where v-FT denotes the r-order FTA.

Y=AT[H-g-H")o(PT -d-P)]A. (1)

In addition to significantly reducing computational complexity, the algorithm also
possesses multiple advantages, including:

* The algorithm does not generate overlapping parts during computation,
eliminating the need for storing intermediate results, thus reducing memory
requirements.

* It offers a universal block-balanced allocation scheme designed for various
DeConv computations, ensuring an equal number of multiply and add
calculations for each batch of data. The scheme completely resolves the
issue of resource wastage due to computational imbalances present in existing
methods.

* The algorithm has the simplest preprocessing parameters among published works
to date, minimizing the hardware complexity of the accelerator. Based on this
algorithm, an efficient hardware architecture, with a storage scheme with block-
wise ping-pong storage scheme, is designed to perform different GAN models,
such as EB-GAN, DCGAN, and GP-GAN.

4.1.2 Implementation result

As shown in Table 2, the experimental results show that work [15] can achieve
2211 GOPs under 185 MHz, surpassing previous works in various aspects notably. It is
estimated that approximately 50.9% of arithmetic computing resources in regular
DeConv with a 5 x 5 kernel can be saved by applying FTA. FTA produces up to 3x
performance improvement over other works. Compared with the works using the
DeConv splitting method [19], the design avoids computation imbalance and
reduces computation complexity, which obtains 1.8 x speedup than their designs.
Compared to the state-of-the-art GAN hardware accelerators, the proposed
accelerator can improve computational efficiency by 2 to 20 x. This work addresses
the critical issue of deploying computationally intensive GAN algorithms on
chips, advancing the efficient deployment and practical applications of computer
vision tasks.
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[19] [20] [21] [21] Proposed
Year 2020 2019 2020 2020 2020
Model FSRCNN DCGAN DCGAN DCGAN DCGAN
EBGAN WGAN
ArtGAN EBGAN
Frequency 130 MHz 200 MHz 200 MHz 167 MHz 185 MHz
Precision 13bit 16-8bit 16bit 16bit 12-8bit
DSP Usage 1512 576 2520 900 1568
Multipliers 2326 576 2520 900 3136
Logic 167 k(LUTs) 22 k(LUTs) 265.8 k(LUTs) 197.7k(LUTs) 69.3 k (in ALMs)
Utilization 158 k(FFs) 20 k(FFs) -(FFs) -(FFs)
BRAM Usage 0.9Mbyte  0.8307Mbyte  0.3610Mbyte  1.36Mbyte 1.15Mbyte
performance (GOPS) 1184.84 205.95 639.2 162.5 22111

Table 2.
The comparison with traditional GAN accelerator.

4.2 Neural video compression

The rapid growth of video requires efficient compression to reduce transmission
and memory costs. Several standards have been established, but they struggle with
complex textures and fast motions, lacking versatility for diverse scenarios. Recent
years have seen the rise of advanced neural video compression (NVC) models [22]
that integrate DNNSs into traditional methods and achieve impressive compression
efficiency. However, NVC models face many challenges in real-time deployment due
to irregular data dependencies from multiple modules, computational imbalances
from complex operations, sensitivity to model compression methods, and transmis-
sion burdens from real-time HD video processing. Thus, it is necessary to enhance
NVC performance and deployability on resource-limited devices. In this section, we
propose a sparse NVC model by combining the pruning and fast algorithms and
develop a dedicated hardware architecture.

4.2.1 Sparse NVC network

As shown in Figure 5, all stages in the NVC model execute in the latent space to
achieve accurate motion estimation and compensation. In the feature extraction stage,
the current frame X, and the reference frame X;_; are transformed from the pixel
space to the latent space by several stacked Convs and produce frame representations
F, and F;_;. To analyze the inter-frame motion relationships, the motion estimation
stage learns motion vectors O, and compresses redundant temporal information
between F; and F;_;. In the motion compression and compensation stages, O; is
encoded in a lossy way by an auto-encoder style network. Then, the encoded motion
information is quantized and formed as bitstreams. After that, the reconstructed
motion feature O, is compensated for F;_1, and the predicted frame feature F; is
generated. Although the spatial positions of F; and F; have one-to-one correspon-
dences, there is still prediction error due to intrinsic differences such as color and
brightness. Thus, the residual feature R, is encoded to ensure highly compressed video
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Figure 5.
Visualization of the entire process for the end-to-end NVC network.

quality in the residual compression stage. Combining the reconstructed residual fea-
ture R, with F,, the reconstructed feature F; is deducted and transformed from the
feature space to the pixel space, and the compressed frame X; is restored and saved in
the decoded frame buffer.

Considering that substantial computational resources are needed to achieve high
processing speeds for NVC, this work aims to reduce the computational complexity of
NVC model through a dual approach combining weight pruning and fast algorithms.
In specific, the differences between Conv and DeConv operations make concurrent
acceleration challenging, a unified pruning strategy based on fast algorithms is pro-
posed to reduce complexity. Inspired by Winograd algorithm [23] and FTA [15], the
fast Conv and DeConv can be expressed by a common formula:

V =AT[(GWGT)o(B"XB)]A, )

where X, W, and V denote the input, weight, and output patch, respectively. ©
signifies the Hadamard product, and A, B and G are transform matrices. Instead of
calculating each element in the output feature map separately, fast algorithms exploit
structural similarities to produce output patches, significantly lowering the computa-
tional complexity for both Convs and DeConvs.

Next, a mask matrix M is created based on a predefined sparsity p to identify the
redundant weights in the transform domain. Subsequently, the sparse Conv and
DeConv operations can both be expressed as follows:

V = AT[(MoGWGT)o(B"XB)|A. 3)

4.2.2 Hardware architecture for NVC

Figure 6 illustrates the designed NVC accelerator, which comprises a Sparse Fast
Transform Core (SFTC), a DfConv Core (DCC), and a Global Controller. The SFTC
performs reconfigurable sparse fast Convs and DeConvs of the NVC model in a time-
multiplexed manner. The Preprocessing Unit array (PreU array), Postprocessing Unit
array (PostU array), and united Sparse Computation Unit array (SCU array) handle
domain transforms and the Hadamard product of valid data, respectively. In terms of
memory resource management, the Weight and Index Buffers store non-zero weights
and their corresponding indices, while the Input Buffer is reused to store inputs and
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Top-level block diagram of the NVC accelerator.

inter-layer features. Finally, the output of DeConvs is sent to the Output Buffer and
then transferred to the external memory.

Video compression typically involves processing and transmitting large amounts of
motion and residual information, leading to significant energy consumption. To
address this, a novel heterogeneous layer fusion dataflow is proposed that not only
supports pruning and fast algorithms but also enables on-chip fusion of Convs and
DeConvs. In other words, valid data is temporarily stored in on-chip buffers to serve
as input for adjacent layers, significantly reducing off-chip interactions. Invalid data
that has already been processed is overwritten by new data from other layers, thereby
conserving on-chip resources.

4.2.3 Implementation vesults

The proposed accelerator is compared with commercial GPU and CPU products, as
well as several ASIC-based pixel processing accelerators [24, 25]. As shown in Table 3, the
proposed design achieves an 11.1x increase in throughput and a 1783.9x improvement in
energy efficiency compared to the CPU, and a 2.4 x increase in throughput and a 799.7x
improvement in energy efficiency compared to the GPU. Additionally, when compared to
pixel processing accelerators [24, 25], the proposed accelerator offers an 8.7x increase in
throughput and a 2.2x improvement in energy efficiency.

4.3 Video super-resolution

VSR enhances low-resolution (LR) videos into high-resolution (HR) versions.
DCN can effectively achieve multi-frame alignment in the latent space to maintain
temporal continuity, which is highly beneficial for enhancing the visual perception in
VSR [26]. However, due to the high computational complexity introduced by offset
generation and spatial deformation, as well as the dynamic and irregular memory
access patterns, deploying DCNs on resource-constrained devices is challenging.

To address these challenges, a lightweight 3D-CNN and an efficient hardware
architecture for deformable 3D Convs are developed to accelerate VSR tasks.
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CPU GPU [24] [25] Proposed
Technology (nm) 14 8 28 65 28
Frequency (MHz) 3500 1700 700 800 400
Precision (A-W) FP 32-32 FP 32-32 FXP 16-16 FXP 16-16 FXP 12-16
Gate Count (M) — — 1.12 3.03* 5.01
On-Chip Memory (KB) — — 480 512 373
Power (W) 121.21 257.12 0.19 0.33* 0.76
Throughput (GOPS) 317 1493 403 833 3525
Energy Efficiency (GOPS/W) 2.6 5.8 2121.1 2524.2 4638.2

“They ave the scale vesults from 65 nm technology.

Table 3.
Comparison with other pixel processing accelerators.
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4.3.1 Lightweight VSR network

To restore an HR frame IR g RN*>NY*NI from an LR reference frame

€ RN*NNif and Niz — 1 supporting frames, a hardware-inspired deformable 3D-
CNN is developed for edge devices, where Nix x Niy is the size of the LR frame, s is
the upsampling factor, and Nif denotes the number of input channels.

As shown in Figure 7, a depthwise separable 3D Conv is first employed to extract
spatio-temporal information. Then, ResD3D blocks perform spatial deformations and
temporal alignments at the tile level for intermediate features F € RN**Ny*NexNif g3 ch
ResD3D block is stacked by two depthwise separable deformable 3D Convs. The
obtained Niz frames F4 € RNox*NoyxNozxNef are fyrther aggregated across the temporal
dimension by a temporal pooling layer. ResC2D blocks, which are built by depthwise
separable 2D Convs, capture deep spatial representations F " e RN NoyxNof | Afrerward,

the LR reference frame I'X and F ' are fused and upsampled to yield the final SR frame.

LR
I z
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Figure 8.
Hardware architecture of deformable 3D Conv module.

4.3.2 Hardware architecture of deformable 3D Convs

As shown in Figure 8, the proposed design parallel computes in the temporal
dimension by using an Input Buffer with several banks to store video frames, with a
similar setup for the Offset Buffer. Weights are streamed into DwConv3D and
PwConv3D Weight Buffer for DwConv3D and PwConv3D, and results are stored in
an Output Buffer. Next, based on the scale determined by fixed-point quantization,
the integer and fractional parts of the offsets are assigned to the address converter and
coefficient generator, respectively, to produce the sampling indices and Bilinear coef-
ficients. To address irregular memory access patterns and enhance input reuse in
DfConvs, a block-level interleaving storage scheme is designed to cache sampling
values and enable parallel execution of Bilinear operations. After the Bilinear array
performs spatial deformation based on the sampled features, the aligned intermediate
features are sent to the DwConv3D and PwConv3D computation arrays.

GPU [4] [3] [27] Proposed
Platform RTX Kintex Kintex-7 Virtex Intel Stratix
2080Ti UltraScale UltraScale+ 10GX 2500
Frequency (MHz) 1350 150 130 200 200
Precision (W-A) FP FXP 10-14 FXP 13-13 FXP 8-10 FXP 8-12
32-32
DSP Usage — 1920 1512 1539 1305
Logic — 151.0 k (LUTs) 167.0 k (LUTS) 158.0 k (LUTs) 311.2 k (in
Utilization 121.0 k (FFs) 158.0 k (FFs) 319.5 k (FFs) ALMs)
BRAM Usage — 0.194 (7.19%) 0.945 (26.42%) 8.120 (83.54%) 6.018
(Mbyte) (24.16%)
Power (W) 210.54 5.69 5.40 — 9.60
Throughput 194.04 639.57 780.00 295.29 2265.07
(GOPS)
Energy Efficiency 0.92 112.48 144.90 — 235.94
(GOPS/W)
Table 4.

Comparison with other FPGA-based SR accelerators.
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4.3.3 Implementation results

The proposed accelerator is implemented on an Intel Stratix 10GX 2500 FPGA
board and compared with previous FPGA-based SR accelerators [3, 4, 27] and a
commercial GPU product (RTX 2080T1i). As shown in Table 4, the proposed design
delivers 11.67x higher throughput and 256.46 x better energy efficiency compared to
the GPU. Additionally, our design achieves 2.75x higher throughput and 1.63x better
energy efficiency than other FPGA-based designs [3, 4, 27].

5. Efficient hardware design and agile development for multiple neural
networks

5.1 Variable precision accelerator for depth estimation

Scene depth serves as a crucial reference for the perception and decision-making of
robots. Stereo matching determines scene depth by comparing pixel disparities
between corresponding points in two or more images. However, intelligent robots
often need to perform complex tasks under limited resources. Therefore, designing
dedicated stereo vision accelerators is crucial for enhancing the overall performance of
robotic system. In this section, a precision-scalable accelerator is designed for depth
estimation tasks.

5.1.1 Novel bit-level computing strategy

Since the multiplication of two signed numbers can be flexibly implemented by
fusing sub-products spatially or temporally, it can be decomposed into multiple sub-
products involving signed-signed, unsigned-unsigned, and signed-unsigned pairs.
Figure 9(a) and (b) illustrate the computational process of 1011x 0110 using both Bit
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Figure 9.

Description of the computation process for 1011 x0110 using (a) bit fusion and (b) proposed strategy. (c) micro-
architecture of efficient BitBrick.
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Fusion [28] and the proposed bit-level computing strategy. Bit Fusion performs sign
extension, followed by executing 3-bit multiplications. All signed partial results
undergo different shifts and accumulations to obtain the final result. In contrast, the
proposed strategy does not require sign extension, and all results of 2-bit multiplica-
tions are unsigned numbers. Merging signed-signed and unsigned-unsigned 2-bit
products eliminates one-shift operation.

Based on the bit-level optimization, an efficient BitBrick (EB) is developed for all
kinds of decomposed 2-bit multiplications. As shown in Figure 9(c), four-bit input is
initially calculated through four AND operations in a 2-bit multiplication. All
decomposed multiplications can be uniformly integrated using XOR operations to
determine whether the outputs of the AND operations should be inverted. For the
accumulation of partial products, each EB requires only two half adders, whereas a
normal BitBrick needs to set up four full adders and two half adders, reflecting the
significant simplification achieved by the proposed strategy.

5.1.2 Precision-scalable avchitecture design

Dynamic combination of EBs enables the achievement of different quantization
granularity. Therefore, four EBs along with some shifting and addition (S&A) logic
are initially employed to construct a bit-level processing unit (BPU), which calculates
four partial sums (psums) by running the four EBs simultaneously, thereby facilitat-
ing the 4-bitx4-bit and 2-bitx2-bit working modes. The specific combination scheme
is illustrated in Figure 10(a). Thanks to the introduction of calibration factors [29], all
outputs to the EBs are unsigned 4-bit numbers, significantly simplifying the circuit
design of the BPU.

To enhance the computational resource utilization and inference speed, a large
number of BPUs are arranged within a precision-scalable computing engine (PSCE),
as depicted in Figure 10(b). A PSCE comprises 4 x d x m BPUs. To perform Conv or
DeConv operations, the input channel dimension is unrolled along the row direction,
while the output channel dimension is unrolled along the column direction.
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(a) Description of bit-level processing unit. (b) Structure of precision-scalable computing engine.
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Hence, the developed computing engine executes m x d 8-bit multiplications, or 4 x
d x m 4-bit multiplications, or 16 x d x m 2-bit multiplications per cycle.

5.1.3 Implementation results

The proposed design is synthesized with the TSMC 28 nm CMOS technology. Mixed
precision quantization is applied to an unsupervised monocular depth estimation net-
work [30]. This quantization scheme has a negligible impact on the mean absolute
relative error. Table 5 presents a comparison between the proposed design and relative
accelerators. The proposed design demonstrates higher energy efficiency across three
precision modes, while also supporting massive operations for vision tasks.

5.2 Efficient hardware mapping method for DNNs
5.2.1 Reconfigurable hardware accelerator for Conv and DeConv

DNNss used for image processing typically require Conv and DeConv layers for
feature extraction and expansion. However, using conventional Conv accelerators to
handle both Conv and DeConv operations can lead to a significant waste of computa-
tional resources.

For image processing tasks, [20] introduces an efficient Conv-DeConv
transforming method that converts DeConv into Conv operations, skipping redun-
dant computations related to zero-value elements during the calculation process. This
method allows flexible transformation for DeConv kernels of different sizes. Com-
pared to other computational methods, this approach effectively avoids computa-
tional imbalance issues and greatly enhances computational efficiency.

Furthermore, a reconfigurable computing unit is proposed based on fast FIR algo-
rithm, which can flexibly support different Conv kernel sizes, reducing computational
complexity by 1.2 to 1.5 times. Leveraging the characteristics of FIR FIR algorithm,
improvements have been made to the dataflow of DeConv computations, designing a

PSEA [31] Dadu-eye [8] Proposed
Technology (nm) 90 40 28
Frequency (MHz) 500 500 500
Bit precision 2b, 4b,8b 8b 2b, 4b, 8b
PE number 256 4635 4096
Area (mm?) 0.71 (@28 nm) 7.8 (@28 nm) 47
Throughput 0.274 (8b) 4.65 (peak) 4.05 (8b)
(TOPS) 5.96 (mixed)
Energy efficiency  3.87 (8b, @28 nm), 15.3 (4b, @28 nm) 4.43 4.11 (8b), 16.0 (4b) 55.5
(TOPS/W) 49.8 (2b, @28 nm) (2b), 6.05 (mixed)
Area efficiency 0.386 (8b,@28 nm) 0.596 0.862 (8b)
(TOPS/mm?) (@28 nm) 1.27 (mixed)

Table 5.
Comparison with other precision-scalable accelerator.
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shift storage-computation data flow to ensure the synchronization of all intermediate
results in the parallel computing array. This approach avoids the repeated access
problem of overlapping results in traditional DeConv computation methods, thereby
reducing storage requirements. Experimental results demonstrate that this design can
support different types of network structures while reducing the consumption of
storage resources. Compared to existing works, it exhibits significant advantages in
computational efficiency and energy efficiency. The design is implemented on Xilinx
Virtex-UltraScale platform and it surpasses other works by around 3 to 60 times in
computation effciency. The work further enhances the computational capacity of chip
design under hardware resource constraints, advancing the application of deep learn-
ing algorithms in various visual scenarios.

5.2.2 Agile development framework for DNNs

As rapidly evolving of new visual algorithms, designing specialized hardware
accelerators for each specific algorithm significantly increases design time and man-
power costs, restricts the hardware’s application scenarios, and slows down the pro-
cess of algorithm deployment and implementation. It is necessary to building a bridge
between algorithm models and hardware design to imbue hardware with high flexi-
bility across different network. Hence, agile hardware development and deployment
has become another urgent research topic.

To address the aforementioned issues, [16] has focused on various visual tasks,
developing a flexible and unified hardware architecture that supports multiple opera-
tions, as shown in Figure 11. The study explores agile hardware deployment and rapid
development of computing cores. By considering the computational characteristics of
classical DNNs in visual tasks, the study first proposes field-unified algorithm based
on adaptive receptive fields, standardizing various types of computations into the
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Figure 11.
The application of FUA for Dilated Conv.
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FPGA device Xinlin Zynq UltraScale+ ZCU102

degree of parallelism (m,n,q) 8,8,8 8,8,16 12,12,16

clock frequency 230 225 220

DSP usage 513(20.36%) 1025(40.67%) 2350(91.47%)

LUT usage 15.4 k(5.6%) 19.9 k(7.23%) 21 k(8.02%)

FF usage 5k(0.91%) 8.2 k(1.5%) 10.84 k(2%)

BRAM usage 104(11.4%) 200(21.9%) 258(28.29%)

GOPS 178 330.21 712.3
Table 6.

Resources of image processing core in different parameter settings.

same operational paradigm and resolving memory access conflicts in DfConvs. The
computing process can be unified as Eq. (4).

y(po) = Zw(pn)u(po +p, +4,). (4)

p,EQ

Furthermore, it introduces a computing flow that maintains consistency in input-
output pixel arrangement, completely eliminating the additional overhead caused by
data rearrangement. Lastly, to expedite the deployment process of algorithms on the
edge, this work also designs a highly flexible hardware architecture and an agile
development framework that can automatically generate computing cores based on
specific application requirements. The proposed design is implemented on a Xilinx
Zynq UltraScale+ FPGA board. Experimental results demonstrate that this framework
can be flexibly configured to support multiple DNN models, achieving a computa-
tional efficiency 1.4 times higher than similar works. Table 6 shows hardware
resources of different computing cores developed by the proposed framework.

6. Conclusions

This paper focuses on enhancing visual effects and addressing hardware deploy-
ment issues in the field of intelligent vision. It explores efficient algorithms that can
maintain or even improve the accuracy of image and video processing from the
perspectives of algorithm model design, hardware architecture implementation, and
system deployment. Additionally, it develops hardware optimization solutions to
effectively reduce hardware overhead in VLSI implementation while achieving higher
processing speeds. Furthermore, it introduces an agile deployment approach from
algorithm to hardware, effectively reducing the hardware development cost.
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Chapter 7

Deep Learning Methods for
Accelerated Cardiac MRI
Reconstruction

Mertcan Ozdemir and Osman Erogul

Abstract

Cardiac magnetic resonance (CMR) imaging has emerged as the cornerstone of
modern cardiovascular diagnostics, but its clinical utility has historically been limited
by long acquisition times and complex reconstruction requirements. This chapter
examines the transformative impact of deep learning approaches on CMR reconstruc-
tion, examining how computational methods are revolutionizing accelerated image
acquisition and processing. We provide a comprehensive overview of current recon-
struction methodologies, from traditional compressed sensing and low-rank modeling
to state-of-the-art deep learning architectures, including generative adversarial net-
works and diffusion models. These methods have achieved speedup factors of 8-12x
compared to fully sampled acquisitions, while maintaining diagnostic accuracy of over
95%. The integration of these techniques has enabled significant acceleration of CMR
protocols in a variety of applications, reducing scan times to 15-20 minutes while
maintaining diagnostic accuracy. Despite current challenges in clinical validation and
computational efficiency, the ongoing development of deep learning-based recon-
struction methodologies holds the potential to optimize both the clinical accessibility
and diagnostic capacity of CMR and ultimately improve the quality of cardiovascular
patient care.

Keywords: cardiac magnetic resonance imaging, deep learning reconstruction,
generative adversarial networks, diffusion models, compressed sensing, low-rank
modeling, neural networks, k-space undersampling, image reconstruction, parallel
imaging

1. Introduction

Cardiac magnetic resonance (CMR) imaging is used for cardiovascular assessment,
providing detailed information about the cardiac structure, function, flow dynamics,
perfusion, and tissue properties [1, 2]. CMR is considered the gold standard for
measuring left ventricular ejection fraction and has been effective in diagnosing
various cardiac pathologies, from myocardial infarction to congenital heart defects
[3]. CMR requires high spatial resolution to identify precise anatomical structures and
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high temporal resolution to capture the rapid motion of the beating heart. This process
makes the reconstruction process particularly challenging [4, 5].

The CMR technique differs from other modalities in its versatility in tissue char-
acterization. Using protocols such as late gadolinium enhancement (LGE) and T1/T2
mapping, clinicians can identify conditions ranging from extensive myocardial fibro-
sis to fatty infiltration and necrotic areas with this technique [6-8]. This technique
extends to congenital heart disease, where the flow imaging capabilities of CMR
facilitate a detailed analysis of hemodynamics, including intracardiac shunts between
the right and left lungs and pulmonary flow distribution [9, 10].

One of the main disadvantages of CMR is the long scanning times [11]. A compre-
hensive cardiac examination usually takes 45-60 minutes, during which patients must
remain still and follow breath-holding instructions. However, especially in cardiac
patients, the difficulties experienced during breath-holding increase motion artifacts,
which lead to a decrease in image quality [12]. This process negatively affects not only
cardiac patients but also a wide range of patients such as children, the elderly, or those
who have difficulty holding their breath due to respiratory conditions.

Traditional reconstruction techniques based on Nyquist sampling theory and com-
pressed sensing methods have made significant progress in speeding up CMR scans
[13]. However, these approaches are usually based on complex iterative algorithms
and require accurate parameter settings, resulting in long reconstruction times. These
methods usually provide only a 2-3-fold speedup, which is insufficient for most
cardiac applications [14]. In contrast to traditional techniques, deep learning-based
methods have significantly transformed image reconstruction processes. In the litera-
ture, it is seen that deep learning algorithms support accelerated reconstruction pro-
cesses, increase image quality, and enable higher subsampling rates [15-17]. Deep
learning-based approaches allow the development of complex models capable of
learning directly from past data. These methods effectively reduce aliasing artifacts
with data-driven pattern recognition processes [18, 19].

In the context of CMR, these developments have greatly benefited especially
pediatric cases and patients with respiratory problems from the reduction of the need
for breath holding. These clinical successes have increased the interest in research on
innovative network architectures that can learn spatiotemporal precursors [12, 20,
21]. However, there are still various challenges in image reconstruction processes. The
need for large data processing, the complexity of parameterization calculations, and
the difficulties in accessing clinical data stand out as important problem areas.

All these issues constitute a research area that requires comprehensive solutions
that address both the theoretical basis and practical applications of deep learning-
based CMR reconstruction methods. This chapter provides a comprehensive review of
CMR reconstruction methodologies, starting from traditional techniques to modern
deep learning approaches. Various architectures ranging from neural networks to
complex generative models are discussed; how physics-based models are integrated
with data-driven learning methods and how hybrid image reconstruction approaches
are developed with undersampled data are examined in detail.

2. Image reconstruction theory

Traditional methods such as Parallel Imaging and Compressed Sensing have been
considered as the cornerstones of this process. However, with the advent of deep
learning (DL), reconstruction techniques have undergone a major transformation in
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terms of speed and accuracy, creating a paradigm shift in the field. In this section, the
theoretical foundations of image reconstruction are examined in detail.

2.1 Inverse problem

Inverse problems arise when we aim to infer unknown causes from observed
effects and are an opposite approach to forward problems where we try to predict
effects from known causes. The reconstruction task in CMR represents a classical
inverse problem in this context: to obtain an image from measured k-space data. This
problem is inherently more difficult than the forward process of generating k-space
data from an image, because multiple different images may produce similar measure-
ments. Like most medical imaging methods, CMR reconstruction is classified as an
inverse problem.

In CMR, the goal is to reconstruct an unknown image (transverse macroscopic
magnetization) from sampled measurements (k-space data). However, the MRI
reconstruction problem is often described as an ill-posed problem because it violates
one or more of the Hadamard conditions (as shown in Figure 1) [22].

The three Hadamard conditions for a well-posed problem are as follows:

* Solution existence: The problem must have at least one solution. In CMR, if the
forward model fails to capture the physics of data acquisition correctly, no
solution may exist that perfectly matches the measurements.

* Solution uniqueness: If solutions exist, there should be exactly one solution. CMR
reconstruction violates this condition when estimating a continuous

s A N
Existence f Uniqueness
—|—< D F @
Like Following a Recipe: Like a Key and Lock: Like a Thermostat:
Given valid ingredients and Each key fits exactly Small input changes cause
instructions, you can always one lock - no ambiguity proportionally small
make the cake in the solution output changes
. J

Application to MRI Reconstruction
Existence:
* Every valid k-space measurement should produce a meaningful MR image
Unigqueness:
* Each k-space dataset should reconstruct to exactly one possible image
« No ambiguity in what the final image should look like
Stability:

* Small measurement noise shouldn't cause large artifacts in the final image

Figure 1.

Visg:al representation of Hadamard’s three conditions for well-posed problems. Existence is analogous to a recipe
where ingredients guarvantee a cake can be made. Uniqueness resembles a key-and-lock system where only one
solution fits. Stability is similar to a thermostat, where small input changes lead to proportional adjustments. These
conditions directly apply to MRI veconstruction, where k-space measurements should produce valid, unique images
with minimal artifacts from noise.
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magnetization distribution from discrete k-space samples. This non-uniqueness is
exacerbated by undersampling, where insufficient data is collected to determine
a unique solution.

* Solution stability: Small changes in the input should lead to small changes in the
output. The Fourier transform central to MRI is particularly sensitive to noise in
high-frequency components, leading to potential instability in the reconstruction
process, as described by the Riemann-Lebesgue lemma [23].

The MRI reconstruction problem can be reframed, and the difficulties arising from
malpositioning can be resolved by incorporating constraints and regularization terms.
The following sections will consider a general formulation of the MRI reconstruction
problem, examining various methodologies for decomposing the continuous MR sig-
nal and handling its complexity.

3. Fundamental principles of k-data undersampling

K-space represents the raw data acquired during MRI scans, where data points
correspond to spatial frequencies rather than direct spatial locations. In fully sampled
acquisitions, k-space is populated by the Nyquist sampling criteria. However, cardiac
imaging often requires acceleration that exceeds traditional sampling methods. The
selection of k-space trajectories is one of the unique applications used in MRI acquisi-
tion strategies, as each pattern offers advantages and trade-offs in time-lapse imaging.
Traditional Cartesian sampling is simple to implement and reconstruct, but requires
long acquisition times to completely fill the linear k-space grid. Undersampling in
Cartesian acquisitions can reduce scan time by systematically skipping phase encoding
lines; however, this approach can cause consistent aliasing artifacts that appear as
ghosts in the final image.

Non-Cartesian methods, such as radial and spiral trajectories, provide more effi-
cient k-space coverage and offer inherent advantages for dynamic imaging. Radial
sampling, which collects data along wire-like trajectories from the center of k-space, is
excellent at handling motion and naturally oversamples the central region where
critical contrast information is located. Spiral trajectories provide even more efficient
coverage by traversing k-space in an outward spiral, allowing for fast acquisitions
with reduced gradient demands. However, they present challenges related to off-
resonance effects (Figure 2).

Carlesian [Fully Sampledi Cartesan (Undersampled)

Figure 2.

Comparison of different k-space sampling patterns used in MRI acquisition: fully sampled Cartesian (left),
undersampled Cartesian with regular spacing (center-left), radial sampling (center), spiral trajectory (center-
right), and random sampling (right). White pixels indicate sampled locations in k-space.
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Random or pseudo-random sampling patterns have gained momentum with the
rise of compressed sensing, as inconsistent aliasing artifacts can be effectively miti-
gated through iterative reconstruction algorithms. The optimal trajectory selection
depends on the specific clinical application, available reconstruction techniques, and
hardware capabilities. Many novel protocols use hybrid approaches that combine
multiple sampling strategies to take advantage of their advantages [24, 25].

3.1 Reconstruction of undersampled CMRI

The challenge of recovering CMR images often presents itself as ill-posed prob-
lems. Leading methods, such as SENSE, tackle this issue through an optimization
framework, mathematically expressed as x = arg min . #(x), where the objective
function takes the following form [14]:

Z(x) = [|[Ax—y|} + A%(x) (1)

data consistency  regularization

This formulation combines two key components: a data consistency measure and a
regularization term, denoted as the prior % : C* — R, for acceptable solutions. Nota-
bly, this prior exhibits a unique characteristic: It assigns lower values to images
aligning with expected properties, while assigning higher values to those deviating
from them. In the context of compressed sensing, wavelet domain sparsity emerges as
a prominent prior for recovering images, characterized by a small number of nonzero
wavelet coefficients or a specific subset thereof.

Algorithm 1 outlines the pseudocode for a basic iterative reconstruction algorithm
tailored for MRI. This algorithm reconstructs images from undersampled k-space data
through the following steps: (1) initializing the image estimate, (2) iteratively
updating it by enforcing consistency with sampled k-space values and applying the
Fourier transform, and (3) terminating the process once the change in the estimate
becomes sufficiently small.

From a Bayesian perspective, this approach can be reframed as a posterior estima-
tion problem. The objective is to identify an image x that maximizes the posterior
distribution:

p(ylx) -p(x) @

P(X|Y) = I (Y)

Equivalently, this estimation can be obtained by minimizing the negative log posterior:

—logp(xly) = —logp(ylx) — logp(x). €)

This reformulation provides valuable insights: The data consistency term emerges
as the mean-squared error when the likelihood p (y|x) is modeled as a Gaussian
distribution.

Algorithm 1. Reconstruction of Undersampled MR Image.

Require: k_space_data (Undersampled k-space data)
Require: sampling_mask (Binary mask indicating sampled locations)

147



Research and Applications of Digital Signal Processing

Ensure: Reconstructed image x

1: Initialize x «— O (array of zeros with the same shape as k_space_data)
2: max _iter — 100

3: tolerance «— 10~°

4: for i «— 0 to max_iter — 1 do

5 xp, < FourierTransform(x)

6:  for all sampled locations in sampling_mask do
7: xp[location] «— k_space_data[location]

8 end for

9:  x_mew « InverseFourierTransform (x;)

10:  x_new «— ApplyRegularization (x_new)

11:  if Norm(x_new — x) < tolerance then

12: break

13: endif

14: x «— x_new

15: end for
return x

3.2 Compressed sensing

Compressed sensing enables accelerated CMR by employing pseudo-random
undersampling strategies to reduce the amount of k-space data required. This
approach introduces incoherent aliasing artifacts, which necessitate robust recon-
struction algorithms to recover high-quality images [26].

The image reconstruction problem can be formulated as an inverse optimization
problem:

1
x* :argrrgcinille —y||%+AR(x), (4)

where x represents the reconstructed image or a time series of images, y is the
acquired k-space data, and A denotes the MRI forward operator that incorporates the
Fourier transform and coil sensitivity maps. The term R(x) acts as a regularization
function imposing prior constraints such as sparsity or low-rank structures, while 1 is
a tunable parameter balancing data fidelity and prior enforcement. The optimization
balances consistency with acquired data and adherence to prior knowledge.

3.3 Parallel imaging

Multiple receiver coils and their spatial sensitivity patterns can be used to perform
MRI scanning. Since its introduction in the late 1990s, parallel imaging has become a
widely used technique in clinical MRI. This technique reduces scan times by requiring
fewer k-space measurements, while eliminating image quality degradation [27]. Since its
introduction in the late 1990s, parallel imaging has become a widely used technique in
clinical MRI.

3.3.1 Image domain methods (SENSE)

SENSitivity Encoding (SENSE) operates directly in the image domain by utilizing
known coil sensitivity profiles to unwrap aliased images. The reconstruction can be
formulated as:
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p = (SPw1s) sty Yy (5)
where:
S11 S12 0 Sig
s= | e T ©
SNa SN2 v SNR
Here:

p = unfolded/reconstructed image

S = sensitivity matrix containing coil sensitivities

SH = conjugate transpose of S

¥ = noise correlation matrix

y = vector of aliased images from each coil

N = number of coils

R = acceleration/reduction factor

Si; = sensitivity of coil i at aliased position j

In cardiac applications, SENSE reconstruction takes into account the complex
motion of the beating heart [4]. Acceleration factors are usually varied between 2 and
3 to preserve diagnostic image quality [28]. The accuracy of coil sensitivity estimation
can be achieved with various calibration techniques [29]. Recent deep learning
approaches are leading the way by providing more robust sensitivity estimation
methods [30].

3.3.2 K-space methods (GRAPPA)
GRAPPA operates by synthesizing missing k-space lines using spatial correlation

patterns learned from acquired data. The reconstruction process can be expressed
as [31]:

L
Sj(kx ky +mAky) => "> " n(j,1,b,m) - S (ky + byAky, ky + by Ak, ) 7)
=1 be®n

where:

* S;(ks, ky +mAk,) represents the target k-space point to be synthesized for coil j

S (kx + byAky, ky, + by Ak,) are the acquired source points from coil /

* n(j, I, b, m) are the GRAPPA weights learned from auto-calibration data
* L is the total number of coils

* 3% represents the set of spatial offsets in the kernel

* m is the distance between the target point and acquired points

* (bx,by) are the kernel offset coordinates.
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A key advantage of GRAPPA is its robustness to phase errors and motion artifacts,
making it particularly suitable for cardiac imaging. The method requires an auto-
calibration signal (ACS) region in k-space, which provides training data for deter-
mining the reconstruction weights.

3.4 Low-rank and sparse modeling

At the intersection of compressed sensing and low-rank image modeling lies a
powerful mathematical synergy. While these approaches may appear distinct—one
utilizing fixed sparsifying bases, the other employing adaptive bases—they share a
remarkable compatibility in their data acquisition requirements, often achieved
through randomized sampling techniques.

The optimization framework can be expressed through three fundamental equa-
tions [32]:

{A 0} = argmin IE(Ag) — yI + A1, (Ag) (8)

X = argmin||E(X) - ylI3 + 1%, (X) I )

X = argmin [[E(X) — yll3 + 41)_ Reank(P:X) + L2II¥, (X)Ily (10)
i>1

The transform function ¥ can take multiple forms:
¢ Fixed transform as in [33, 34]
* Direct sparse transform on X
Adaptive transform with ¢ : ¥(X) = ¥X¢' = VA.
3.5 Low-rank plus sparse decomposition
Low-rank plus sparse (L + S) decomposition has emerged as a powerful framework

for dynamic CMR reconstruction [35, 36]. The approach separates temporal variations
into low-rank background components and sparse dynamic components:

1
min 5 A (L, +xs) — ylI5 + ALIM (x) Il + AsliSxslly (11)
where || - ||, denotes the nuclear norm (sum of singular values), x;, and xg repre-

sent the low-rank and sparse components, respectively, and M(-) reshapes the data
into a Casorati matrix. This decomposition is particularly effective for cardiac cine
imaging, where the beating heart motion can be captured in the sparse component,
while background structures remain in the low-rank component.

3.6 Low-rank Hankel-structured matrix

The Hankel matrix approach leverages the relationship between spatial domain
sparsity and spectral domain rank used. It is proposed as a general framework for a
sparsity-driven k-space interpolation method that unifies parallel imaging and
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compressed sensing MRI [37]. For sparsely sampled measurements on
Qc{0,1, ...,n — 1}, the reconstruction problem becomes:

argnrlneiqrslﬂ||H(n,d)(m)||* s.t. Pgo(m) = Pg(x) (12)

with the Hankel matrix structure:

m(0) m(1) - om(d-1)
H(n,d)(m) = : : :
mmn—d) mn—d+1) - mmn-—1)

This approach has shown particular promise in accelerated cardiac imaging when
combined with parallel imaging techniques [35].

4. Relevance to deep learning

Although traditional methods provide reliable solutions, due to their computa-
tional complexity and limited adaptability to undersampled data, it has been necessary
to develop DL-based approaches. These methods combine traditional frameworks
with data-driven priors learned from historical datasets. By replacing the priors with
learned priors, DL-based techniques generate higher-quality images, enable higher
undersampling rates, and accelerate CMRI.

4.1 Regularization techniques

Modern DL-based regularization approaches have significantly improved tradi-
tional sparsity constraints by incorporating sophisticated learning mechanisms that
can capture complex image features and anatomical patterns. These techniques can be
broadly categorized into several complementary approaches:

4.1.1 Transform domain regularization

The learned transform space regularization offers significant advantages over tradi-
tional fixed transforms like wavelets or Fourier basis by enabling the network to adapt
its representation basis specifically to CMRI data characteristics. The network can
develop learned wavelet-like transforms that automatically discover optimal multi-scale
decompositions for cardiac structures, while adaptive sparsifying operators evolve dur-
ing training to capture both spatial and temporal patterns specific to cardiac motion.
Through multi-scale decomposition networks, the system can simultaneously process
features at different spatial resolutions, enabling better preservation of both fine details
and global structure. This data-driven approach allows for automatic identification of
relevant anatomical and physiological patterns, making the overall system more flexible
and effective at handling the unique aspects of cardiac imaging data.

4.1.2 Temporal regularization

Cardiac imaging faces distinct challenges due to its dynamic nature, but modern
temporal regularization techniques have developed effective solutions to address
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these complexities. Motion-aware constraints work by explicitly modeling both car-
diac and respiratory motion patterns, while cardiac phase-specific priors take into
account the varying appearance and motion characteristics that occur throughout the
cardiac cycle. The approach incorporates dynamic feature learning mechanisms that
can adapt to different temporal resolution requirements as needed, allowing for flex-
ible processing of time-varying data. Additionally, coherence constraints play a crucial
role in ensuring temporal consistency across frames while simultaneously preserving
the natural motion patterns essential for accurate cardiac imaging.

4.1.3 Anatomical priors

Deep learning enables the incorporation of sophisticated anatomical knowledge
into the reconstruction process through multiple key mechanisms. The use of cardiac
structure preservation techniques helps maintain anatomical fidelity even when deal-
ing with high acceleration factors, while motion pattern consistency constraints work
to ensure physiologically plausible deformation throughout the reconstruction. The
approach also leverages physiological constraints that are derived from large-scale
analysis of both normal and pathological cardiac motions, providing a robust founda-
tion for accurate reconstruction. Additionally, shape and texture priors learned from
population-level studies further enhance the reconstruction quality by incorporating
broader statistical patterns observed across many cases.

4.2 Optimization methods

The optimization problem can be solved using various iterative approaches. Prox-
imal gradient methods are commonly used when the regularization function has a
closed-form proximal operator. These methods alternate between data consistency
and proximal regularization steps. For instance, the Fast Iterative Shrinkage-
Thresholding Algorithm (FISTA) uses the following updates [38]:

=5k — aAM (Ax* —y), (13)

k+

x**1 = prox,,, (zk“), (14)

where a is the step size. For more complex regularization terms, methods like Half-
Quadratic Splitting introduce an auxiliary variable z to provide greater flexibility. The
updates in this case are:

1

#1 = argmin - 1Ax ~ | +§||Tx s (15)
, p

241 = argmin 4Q(z) + Sz = Tok 12, (16)

where T is a sparsifying transform. These approaches are foundational for tradi-
tional reconstruction methods.

The Alternating Direction Method of Multipliers (ADMM) [39] has proven to be an
effective optimization algorithm for accelerating cardiac MRI reconstruction, particularly
in cases involving undersampled k-space data. Its ability to decompose optimization
problems into separable components makes it a suitable approach for reconstruction
problems where both data consistency and regularization play critical roles.

152



Deep Learning Methods for Accelerated Cardiac MRI Reconstruction
DOI: http://dx.doi.org/10.5772 /intechopen.1009289

In the context of cardiac MRI reconstruction, the problem can be formulated as:

minf(x) +g(z) subject to Ax+Bz=¢, (17)

where:
* x represents the reconstructed MRI image,
* z corresponds to auxiliary variables enforcing constraints or regularization terms,

* f(x) encodes the data fidelity term to ensure consistency with the acquired k-
space data,

* g(2) incorporates regularization terms, such as sparsity or smoothness (e.g., Total
Variation or wavelet-based regularization),

* A and B are system model and transformation matrices,
* ¢ is the acquired undersampled k-space data.
4.3 Deep learning-based reconstruction

Supervised deep learning methods address this ill-posed problem by leveraging
prior knowledge obtained during offline training. The reconstruction process can be
formulated as:

1
I'=argmin - lly — F,CII}} + AR(D), (18)

where: I is the reconstructed MR image, R(I) is the regularization term guided by
prior knowledge, such as sparsity or learned features, 1 is the regularization weight,
balancing data fidelity, and prior knowledge.

In supervised reconstruction frameworks, the regularization term R(I) encapsu-
lates the mapping between undersampled and fully sampled acquisitions learned
during the training phase. Neural networks, particularly convolutional neural net-
works (CNNs), are trained on large datasets of paired undersampled and fully sam-
pled images, enabling them to predict high-quality reconstructions directly from
undersampled data.

In recent years, deep learning methods have shown great promise for accelerating
CMR acquisition while maintaining high-quality image. This chapter provides an
overview of the main categories of deep learning methods for accelerated CMR
reconstruction, as depicted in Figure 3.

4.3.1 Plug-n-Play (PnP) methods

PnP methods modularly combine conventional reconstruction algorithms with deep
learning models. For cardiac MRI specifically, PnP approaches like Deep ADMM-Net
[40] integrate learned CNN denoisers into traditional optimization frameworks while
preserving their mathematical properties. They have proven to be particularly effective
for challenging cardiac applications like free-breathing imaging [41] and dynamic cine

153



Research and Applications of Digital Signal Processing

DLfor CMR
reconstruction

X i T
(PlugnplayPnP)) ( Self Supelmsed ) Endtoeud \Ifmorka ( Unsupervised ) Generative Vi ﬂdels) Hybrid Models
Leaming Learning ( [ l

RARE SURE-based methiods Tmage-ta-image networs GaNbased rel}[ﬂs Denaisirg Diftosion Frobabiliste SPIRT-Ditfusion
Prip-CHN (e, 550U {e, U-Het, ResNler)
k-hand K-sgare-1o- uu[_a newartks

Tinde:s DiffGAN

G, DIICASH, SfabdiT, M) IS
FI+CS Beoonstiucton
FIET-net

{eg, MolL, DL ESFINT)

Figure 3.

Overview of deep learning (DL) approaches for cardiac MRI (CMR) reconstruction, categorizing methods into six
main branches: Plug-n-Play, Self-Supervised Learning, End-to-end Networks, Unsupervised Learning, Generative
Models, and Hybrid Models.

MRI [42]. Key advantages include flexibility in adapting to different cardiac protocols,
preservation of data consistency, better interpretability compared to pure deep learning
methods, and ability to handle complex cardiac motion. Recent work has demonstrated
their effectiveness for real-time cardiac MRI reconstruction [30], enabling high acceler-
ation factors while maintaining diagnostic quality.

4.3.2 Self-supervised learning

Self-supervised learning approaches aim to learn representations from the data
itself without requiring fully sampled ground truth images for training. SURE-based
methods [43, 44] train networks to minimize Stein’s Unbiased Risk Estimator, which
provides a surrogate for the reconstruction error that can be computed from
undersampled data alone. Another example is k-band [43], which learns to interpolate
missing k-space samples by exploiting correlations within and across nearby k-space
bands. Self-supervised learning enables training on large datasets of undersampled
acquisitions, which can improve robustness and generalization compared to super-
vised methods that require fully sampled data.

4.3.3 End-to-end networks

End-to-end networks learn a direct mapping from undersampled k-space data or
aliased images to high-quality reconstructions. U-Net [45] and ResNet [46] architec-
tures have been popular choices for this category, demonstrating strong performance
on various CMR reconstruction tasks. Unrolled networks, such as MoDL [42] and
RAKI [47], incorporate domain knowledge by unrolling iterative optimization algo-
rithms and learning the algorithm parameters end-to-end. VN-Net [48] is another
unrolled network that combines a variational network with a gradient descent scheme
for improved reconstruction. End-to-end networks offer a streamlined approach to
CMR reconstruction, but may require larger training datasets and careful design to
avoid overfitting.

4.3.4 Unsupervised learning and generative models

Unsupervised learning approaches aim to learn image representations or genera-
tive models without paired training data. Generative adversarial networks (GANs)
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have been widely used for this purpose, with examples including DAGAN [49] for
dynamic CMR reconstruction and MustGAN [50] for multi-contrast synthesis. These
methods train a generator network to synthesize realistic images, while a discrimina-
tor network learns to distinguish real from synthesized images. Cycle-consistent
adversarial architectures like DiamondGAN [51] enable unsupervised learning from
unpaired data by enforcing forward and backward consistency.

GANSs consists of two components that compete during training: a generator G(-)
and a discriminator D(-). The generator aims to produce realistic data, while the
discriminator attempts to distinguish between real data and the data generated by G(-)
[52]. The input to a GAN is typically represented as z ~ p, (), where z is a noise
variable sampled from a probability distribution p, (z). The generator maps this noise z
to the data domain, generating outputs G(z). These outputs are expected to resemble
the real data distribution p 4., (x). The discriminator, in contrast, outputs a scalar value
indicating the likelihood that its input is real data rather than generated by G(-)
(Figure 4).

This framework leads to the following optimization problem, based on cross-
entropy:

me max Eyp, . logD(x)] + E.p o)[log(1l — D(G(2)))], (19)

where D is optimized to maximize the probability of correctly classifying real and
generated data, that is, maximizing D(x) and minimizing 1 - D(G(g)) (both in loga-
rithmic form). Meanwhile, the generator G is trained to minimize log(1 - D(G(z))),
effectively improving its ability to produce realistic data. Both optimizations are
performed in expectation over their respective distributions. Over time, several
improvements to GANs have been proposed, focusing on better loss functions and
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Figure 4.

Argc-l}:itectuml variants of Generative Adversarial Networks (GANs). Left: Standard GAN with generator G and
discriminator D. Center: Enhanced GAN with separate encoder-decoder discriminator (De, Dd). Right: Advanced
GAN architecture featuring both encoder (Ge) and decoder (Gd) components in the generator, where 2 vepresents
latent noise, xg the genevated samples, xr the real samples, and y the output classification.
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network architectures. Notable examples include WGAN [53], which replaces the
cross-entropy loss with the Wasserstein distance-based loss; LSGAN [54], which uses
a least-squares loss; the VGG19-based GAN [55]; and the consistency-enforced
CycleGAN [56].

Generative models learn the distribution of high-quality CMR images, allowing for
realistic image synthesis and reconstruction from undersampled data. Denoising dif-
fusion probabilistic models (DDPMs) [57] have recently emerged as a powerful class
of generative models, demonstrating impressive performance on various inverse
problems. In CMR reconstruction, DDPM-based methods such as Score-based Diffu-
sion Models [58] and Adaptive Diffusion Priors [59] have shown promising results,
enabling high-quality reconstruction from highly undersampled data (Figure 5).
Other generative approaches include the Deep Decoder [60], which learns a low-
dimensional manifold of CMR images, and Noise2Noise [61], which trains a denoising
network using only noisy image pairs.

4.3.5 Hybrid models

Hybrid models combine aspects of different deep learning approaches to leverage
their complementary strengths. For example, SPIRiT-Diffusion [62] integrates the
SPIRIT parallel imaging model with a diffusion prior, enabling high-quality reconstruc-
tion from multi-coil data. DiffSPIRIT [63] combines a pre-trained diffusion model with
a self-supervised k-space interpolation network, demonstrating strong generalization to
different acquisition settings. JS-MoCo [64] jointly estimates coil sensitivity maps and
motion parameters using a score-based diffusion model, enabling motion-robust recon-
struction. Hybrid models offer a promising direction for future research, potentially
combining the benefits of physics-driven and data-driven approaches.

4.3.6 Novel architectures and advanced techniques

Recent developments have seen the emergence of more sophisticated architec-
tures. The variational network approach, introduced by Hammernik et al. [48], rein-
terprets the traditional optimization-based reconstruction as a deep learning problem,
leading to improved reconstruction quality. Similarly, the model-based deep learning
(MoDL) framework [42] combines data consistency with learned regularization in an
end-to-end trainable network.
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Figure 5.

The figure illustrates the forward diffusion process in a diffusion model for MRI reconstruction, showing the
progressive degradation of an initial cardiac MR image (x,) through multiple timesteps (x1,%5, ..., %;) by
gradually adding Gaussian noise. Each transition p,(x,_.|x;) represents a step in the diffusion process, with
q(x¢|x;—) denoting the conditional distribution at each timestep, ultimately resulting in pure noise (x,) at the final
timestep.
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A particularly promising direction has been the development of diffusion models
for CMR reconstruction [65]. These models have shown remarkable ability to generate
high-quality images from highly undersampled data, while providing uncertainty
estimates in their reconstructions. The integration of transformer architectures has
also begun to show promise, particularly in capturing long-range dependencies in the
image data [66].

4.4 Cardiac cine imaging

Cardiac cine imaging represents one of the most important applications of deep
learning-based reconstruction in CMR. The need to capture both spatial and temporal
dynamics of cardiac motion while maintaining high-quality image makes this a par-
ticularly challenging problem [67]. Recent advances have shown remarkable success
in accelerating cine imaging while preserving diagnostic quality.

DL-ESPIRIT, proposed by Sandino et al. [5], demonstrated that deep learning
reconstruction could achieve up to threefold reduction in scan time while maintaining
image quality comparable to standard protocols. This method combines traditional
parallel imaging principles with learned priors, showing particular robustness in han-
dling reduced field-of-view acquisitions common in cardiac imaging. The clinical
validation of this approach showed only minimal differences in diagnostic quality
compared to conventional acquisitions, with scan times reduced from approximately
3 minutes to under 1 minute [20].

For 3D cardiac cine imaging, CINENet [21] introduced a novel approach using 4D
spatio-temporal convolutions, enabling the acquisition of whole-heart coverage in a
single breath-hold of less than 10 seconds. This represents a significant advancement
over traditional multi-slice 2D acquisitions that require multiple breath-holds and
several minutes of scan time.

4.5 Flow imaging and quantification

Four-dimensional flow MRI (4D Flow) has emerged as a powerful tool for com-
prehensive assessment of cardiovascular hemodynamics [68]. However, the need to
encode velocity in three directions while maintaining temporal resolution traditionally
results in long acquisition times. Deep learning reconstruction has shown particular
promise in this domain.

Vishnevskiy et al. [69] demonstrated that deep variational networks could enable
acceleration factors of up to 12.4x while maintaining accuracy in flow measurements.
Their approach showed comparable measurements of peak velocity and flow rates com-
pared to conventional parallel imaging methods, while significantly reducing scan time.

A particularly innovative approach was demonstrated by Kim et al. [70], who
developed a method to produce three-directional velocities from only three flow
encodings, eliminating the need for a separate reference scan. This approach not only
reduces scan time but also shows robustness to background phase errors, a common
challenge in flow imaging.

4.6 Late gadolinium enhancement and tissue characterization

Late gadolinium enhancement (LGE) imaging is crucial for myocardial viability
assessment and scar characterization. Deep learning reconstruction has enabled sig-
nificant improvements in both acquisition speed and image quality. El-Rewaidy et al.
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[71] developed a complex-valued network for reconstructing 3D LGE volumes,
achieving high acceleration factors while preserving the ability to accurately quantify
scar extent.

For parametric mapping, novel deep learning approaches have emerged that com-
bine reconstruction with direct parameter estimation. Recent work by Jeelani et al.
[72] demonstrated the feasibility of simultaneous T1 mapping and image reconstruc-
tion using recurrent neural networks, potentially streamlining the quantitative imag-
ing workflow.

5. Conclusions

The field of CMR imaging has witnessed transformative advancements, particu-
larly in the realm of image reconstruction. Traditional methods such as parallel imag-
ing and compressed sensing have laid the foundation for faster acquisition and high-
quality image reconstruction. However, these approaches often face limitations in
computational complexity and adaptability to highly undersampled data.

DL has emerged as a revolutionary solution, offering unprecedented capabilities in
tackling the inherent challenges of CMR reconstruction. From convolutional neural
networks (CNNs) to GANs and DDPMs, DL methods have demonstrated remarkable
potential in reducing scan times, enhancing image quality, and improving diagnostic
accuracy. These approaches leverage data-driven priors, enabling higher
undersampling factors and integrating seamlessly into clinical workflows.

Despite these advancements, challenges remain. The need for robust, generalizable
models, access to diverse and high-quality training datasets, and efficient computa-
tional resources are critical areas for continued exploration. Innovations such as
hybrid models, self-supervised learning, and the integration of novel architectures like
transformers and diffusion models are promising directions that hold the potential to
address these gaps.

The ongoing evolution of DL-based techniques in CMR reconstruction underscores
their significance in improving patient outcomes and expanding the scope of clinical
applications. Future research should focus on refining these methodologies, optimiz-
ing their integration into clinical settings, and addressing the practical challenges to
realize their full potential. Through collaborative efforts across disciplines, the
advancements in DL-based CMR reconstruction will continue to shape the future of
cardiovascular imaging, ultimately enabling faster, more accurate, and patient-
centered diagnostics.

Abbreviations

ADMM alternating direction method of multipliers
ACS auto-calibration signal

CMR cardiac magnetic resonance

CNN convolutional neural network

DAGAN deep attention generative adversarial network
DDPM denoising diffusion probabilistic model

DL deep learning

DL-ESPIRIiT deep learning extended SPIRIT

FISTA fast iterative shrinkage-thresholding algorithm
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GAN generative adversarial network

GRAPPA generalized autocalibrating partially parallel acquisitions
JS-MoCo joint score-based motion compensation

L+S low-rank plus sparse

LGE late gadolinium enhancement

LSGAN least squares GAN

MoDL model-based deep learning

MRI magnetic resonance imaging

NRMSE normalized root mean square error

PnP Plug-n-Play

PS partial separability

PSNR peak signal-to-noise ratio

RAKI robust artificial-neural-networks for K-space interpolation
SENSE sensitivity encoding

SPIRiIT self-consistent parallel imaging reconstruction

SSIM structural similarity index measure

SURE stein’s unbiased risk estimator

VN-Net variational network

WGAN Wasserstein GAN

4D Flow four-dimensional flow MRI
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Chapter 8

Enhancing Speech Emotion
Recognition through
Bone-Conducted Speech

Md. Sarwar Hosain and Tetsuya Shimamura

Abstract

In this chapter, we analyze the EmoBone dataset, a new and large multinational
audio dataset of emotional bone-conducted (BC) speech using advanced deep
learning techniques, specifically focusing on bidirectional long short-term memory
(BiLSTM) networks combined with attention mechanisms. Although BC speech pro-
vides notable benefits in noisy environment and improves user privacy, deep learning
models sometimes encounter difficulties like as deterioration and information loss
as network depth escalates. To tackle these issues, our proposed model effectively
employs attention mechanisms, allowing the network to focus on the most pertinent
characteristics and temporal patterns in the BC speech data. This concentrated
emphasis substantially reduces the negative impacts of deterioration, resulting in a
notable enhancement in emotion recognition accuracy. Our findings indicate that the
BiLSTM model incorporating attention mechanisms attains an accuracy of 91.45%,
in contrast to 85.17% without attention. This improvement not only illustrates the
model’s resilience across all emotional categories but also highlights the capacity of
attention-based deep learning methods to transform emotion detection systems in BC
speech applications, enhancing their reliability and applicability in practical contexts.

Keywords: speech emotion recognition, BiLSTM, bone-conducted speech,
air-conducted speech, EmoBone dataset

1. Introduction

In recent years, the development of human-computer interaction (HCI) systems
has increasingly focused on making interactions more natural and responsive. A key
aspect of achieving this goal is the ability to accurately recognize human emotions
from speech. By identifying human emotions from voice signals, speech emotion
recognition (SER) finds applications in diverse areas such as robotics, mobile services,
contact centers, gaming, and psychological assessments [1]. A lot of research has been
done on air-conducted (AC) speech in the SER system, but bone-conducted (BC)
speech has its benefits, especially in noisy locations and when privacy is important.
BC speech propagates auditory signals directly to the cochlea using bone conduction
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of the skull [2]. Despite its potential, research on emotion recognition from BC speech
remains largely unexplored [3].

The process of creating efficient SER systems comprises several stages, starting
with the construction of a strong dataset specifically designed for the desired lan-
guage and mode of communication. Emotional databases can be created in different
formats, such as acted, simulated, or evoked, and may contain audio-only, audio-
visual, or face expression data. Choosing suitable features for emotion categorization
is a crucial component of constructing a SER system. Acoustic characteristics, such
as prosodic elements, spectral properties, voice quality, and energy operators, are
frequently employed and can be classified as either temporal or spectral qualities. Due
to the lack of a real dataset of BC speech, we created an EmoBone dataset, the first of
its kind specifically created for BC speech emotion recognition [3].

With the growing complexity of SER tasks, deep learning models have gained
popularity because of their capacity to autonomously acquire complex patterns in
data. The temporal dynamics of speech have been captured with encouraging results
by recurrent neural networks (RNNs), especially BILSTM networks. To improve
the accuracy of emotion categorization, attention mechanisms are added to these
models. This tells the network to concentrate on the numerous important sections of
the input, which in turn improves their performance. The combination of BiLSTM
with attention mechanisms has proven to be effective in various SER tasks [4]. We
desire to solve problems that come up a lot in SER tasks, like the degradation problem
and information loss in the higher layers of deep neural networks. These problems
can make emotion detection systems less accurate and less reliable. Utilizing BILSTM
and attention mechanisms in this context presents a new strategy for enhancing the
precision and robustness of SER systems, especially in situations where conventional
AC methods may struggle.

For these problems, we suggest using a Bi-LSTM network that has an attention
algorithm added to it (Figure 1). The attention method lets the model focus on the most
important parts of the input data. This lowers the bad effects of degradation and raises
the system’s total performance [5]. The results of our experiments clearly show that this
strategy is effective. The BILSTM model achieved an overall accuracy of 85.17% without
the use of the attention mechanism. However, when the attention mechanism is incorpo-
rated, the model’s accuracy significantly improves, reaching 91.45%.

The confusion matrices, classification accuracy, training and testing loss and accu-
racy data, and receiver operating characteristic (ROC) curves show that the attention
mechanism improves not only the overall recognition accuracy but also classification
performance for certain emotional categories. The present research signifies a notable
advancement in the domain of speech emotion identification by bone conduction,
offering a promising new approach that could be applied in various real-world
scenarios where traditional air-conducted methods may not suffice.

Bone-conducted speech BiLSTM %Q\mmiun\—A Context Vector Fully Connected | OQutput

Summation

Figure 1.
BiLSTM with attention mechanism for BC speech emotion recognition.
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These outcomes, which constitute the main contributions of the chapter, are as
follows:

* This research develops a deep learning-based model incorporating an atten-
tion mechanism, achieving a high perception accuracy of more than 91% using
the largest emotional speech corpus, EmoBone, specifically designed for this
purpose.

* A relative analysis is provided, demonstrating that the suggested architecture
significantly improves emotion detection capabilities compared to other compa-
rable models.

* This achieves state-of-the-art performance on the EmoBone dataset, establishing
a new benchmark for emotion recognition in BC speech.

The remainder of this chapter is classified as follows: Section 2 introduces a
thorough review of current literature on BC speech, deep learning (DL), BiLSTM,
and attention techniques. Section 3 outlines the detailed protocol and evaluation
methodology employed in this investigation. In Section 4, we deliver the comparative
experimental results and engage in a thorough discussion of the findings. This section
also addresses related topics and constraints. Finally, Section 5 finalizes the chapter,
outlining the key discoveries and implications of our research.

2. Literature review

The use of speech in emotion recognition, particularly focusing on pitch or funda-
mental frequency, has been extensively studied. Pitch, as a speech characteristic, has a
significant role in defining emotional nuances. Several researchers have discussed and
validated the prominence of various pitch statistics in conveying emotions [6, 7]. On
the other hand, a recent report has highlighted the advantages of BC speech over AC
speech in pitch detection, especially in noiseless environments [8, 9]. This distinction
is crucial because BC speech captures the body’s vibration, resulting in more accurate
pitch detection, which can be critical for SER.

The noise-robust feature of BC speech, which captures the body’s vibrations
and makes it less susceptible to outside noise, is what drives its application in SER.
This property of BC speech not only enhances the low-frequency components but
also improves the accuracy of speech analysis [10]. In Ref. [10], although SER takes
AC speech as input, there have been promising results in converting AC speech to
equivalent BC speech using an infinite impulse response (IIR) filter. The expectation
is that BC speech provides more valuable information for SER due to its enhanced
low-frequency components, which are essential for recognizing emotions. They got
72.50% accuracy for recognizing BC speech emotion using convolutional neural
networks (CNNs) with synthetic data. The authors of Ref. [11] have also emphasized
the improved accuracy rates for speaker recognition when AC and BC speech are used
together under noiseless conditions. Their findings indicate that the error rates for BC
and AC speech are comparable, which suggest that BC speech can serve as a compen-
satory feature, potentially leading to better accuracy in SER models.

DL techniques have become a cornerstone in advancing SER, particularly using
CNNs and LSTM networks. According to Ref. [12], three convolutional layers and
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three fully connected (FC) layers made up their CNN architecture. They trained it
on the Berlin database of emotional speech (Emo-DB) to tell the difference between
seven emotions using spectrograms and got an average prediction accuracy of 56%. In
the same way, the researchers in Ref. [13] used a CNN-LSTM architecture for SER and
computed log-spectrograms as feature vectors. For the interactive emotional dyadic
motion capture (IEMOCAP) dataset, they got prediction rates of 66% for convolu-
tion-only and 68% for convolution-LSTM deep neural networks. In Ref. [14], they
explored a CNN-LSTM framework for classifying emotions using spectrogram infor-
mation. The researchers conducted many experiments, testing different combinations
such as a shallow CNN with a deep BiLSTM, a deep CNN with a shallow BiLSTM, and
a deep CNN with a deep BiLSTM. They found that the most successful configuration
consisted of four convolutional layers and one BLSTM layer. They got a weighted
accuracy (WA) of 64.5% using IEMOCAP. The researchers in Ref. [15] employed
3-D attention-based convolutional recurrent neural networks (ACRNN) to classify
emotions. They trained the model using the Emo-DB corpus and supplemented it with
data from the IEMOCAP corpus. The resulting recognition accuracies were 82.82 and
64.74% for the two datasets, respectively. A different research conducted a deep learn-
ing model for end-to-end speech emotion recognition, which combined a CNN with
an LSTM [16]. The WA of this model, which was trained and evaluated using spectro-
grams from the IEMOCAP dataset, reached 68%. The architecture utilized attention-
based BiLSTM layers to extract sequential features and fully convolutional network
(FCN) layers to learn the spectro-temporal characteristics of the spectrograms.
Various speech emotion datasets have been used in SER studies, including the
IEMOCAP, Ryerson audio-visual database of emotional speech and song (RAVDESS),
Emo-DB, crowd-sourced emotional multimodal actors dataset (CREMA-D) and
others. The IEMOCAP and RAVDESS datasets are widely used benchmarks, offering a
rich collection of emotionally charged dialogs. Several studies have demonstrated the
effectiveness of deep learning models on this dataset. For instance, researchers [17]
employed a connections temporal classification (CTC) approach combined with an
attention-based BLSTM for SER, achieving a 69% accuracy on the IEMOCAP dataset
in 2019. Their method involved extracting log mel-spectrograms from each audio file
for classification. The researchers in Ref. [18] introduced a deep stride convolutional
neural network (DSCNN) model that attained mean accuracies of 81.75 and 79.5% for
the IEMOCAP and RAVDESS datasets, respectively. In contrast, the newly developed
EmoBone dataset, designed specifically for BC speech, has shown state-of-the-art
performance in recent studies. The dataset’s unique features, such as enhanced
low-frequency components and noise-robust characteristics, make it particularly
suitable for SER using deep learning techniques. The attention mechanism, applied
successfully in image processing and later adopted in natural language processing, has
been integrated into LSTM networks for SER, optimizing the network’s output and
improving accuracy [19, 20]. Arjun et al. [21] utilized a CNN with an attention frame-
work and an LSTM model with a channel-attention autoencoder. They conducted
experiments on three databases: the Database for emotion analysis using physiological
signals (DEAP), the SJTU emotion EEG dataset (SEED), and the children’s hospital
Boston-Massachusetts institute of technology scalp EEG database (CHB-MIT). Using
the DEAP dataset, their method achieved an average accuracy of 65.9 and 69.5% for
valence and arousal classification, the positive-negative classification accuracy in the
SEED dataset is 76.7%. In the CHB-MIT dataset, the accuracy for Pre-Ictal Vs Ictal
classification is 69.1%, for Inter-Ictal Vs Ictal classification is 67.6%, and for Pre-Ictal
Vs Inter-Ictal classification is 72.3%. BILSTM networks have been extensively used in
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SER tasks, with or without attention mechanisms. Wollmer [22] was among the first
to apply LSTM to continuous emotion recognition, extracting numerous features for
each utterance as input for the LSTM. The authors in Ref. [23] introduced a pooling
operation of CNNs to the output of LSTM for emotion classification tasks. Another
research in Ref. [24] suggested an attention mechanism that utilizes an attention
parameter vector to calculate weights for frames, hence optimizing the output of the
LSTM. This approach considers the memory capacity of LSTM and assigns higher
weights to the most relevant outputs, often taken as the final output of the LSTM.
Applying the attention mechanism to the feature dimension of the output of LSTM
improves its ability to be distinguished.

The application of BC speech in SER using deep learning techniques has shown
significant promise, especially when compared to traditional AC speech. The integra-
tion of attention mechanisms with LSTM networks has further improved the accu-
racy and efficiency of SER models. The development of new datasets like EmoBone
has also contributed to advancing the field, providing more robust and accurate
models for speech emotion recognition.

3. Methodology and structure

This research explores the use of BILSTM networks in the field of speech emotion
recognition. To test this idea, we examine how well the model works with and without
an attention mechanism. We think that attention can help the model focus on impor-
tant parts of the speech data. The methodology is well organized to cover all stages of
the study, which include data collection, preprocessing, model architecture design,
training processes, and evaluation measures. This thorough approach ensures the
validity and reliability of our results.

3.1 EmoBone dataset

The dataset comprises a collection of 28 speakers from 10 separate countries. It is
composed of 15,680 files, representing 7 emotions (anger, calm, fear, happy, sad, sur-
prise, and neutral), 10 sentences, and 8 repetitions for each sentence. The sentences
were recorded in a dedicated audio recording studio. Sufficient time was allocated for
speakers to thoroughly prepare themselves to effectively deliver the appropriate emo-
tions. During the recording sessions, the principal investigator visually monitored the
recordings on a laptop and provided immediate feedback to the speakers using speci-
fied gestures. Headphones connected to a control device linked to the microphone in
the recording room were utilized to listen to the recordings. The prominent audio edi-
tor “Ocenaudio” was employed for recording and editing the speech files. Audio clips
that did not meet the specified criteria were eliminated, and the remaining recordings
were stored on the computer for future processing, pending expert validation. All
sentences representing the intended emotional categories were recorded separately
for each speaker, necessitating the scheduling of multiple sessions. The recordings
were post-processed to prepare the data for prosodic analysis and automatic feature
extraction. Each speaker delivered approximately 700-800 recordings, requiring
arecording time of 3 to 4 hours. From those takes, eight were selected as the most
effective, resulting in each speaker having 560 final tracks. The audio recordings were
edited to have an average duration of 4.5 seconds, ensuring that no words were cut off
and that any periods of quiet were removed during the editing process.
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Each speaker was assigned an individual serial number according to their gender,
and the statements were recorded in a preset sequential manner. Serial numbers were
allocated based on the speakers’ intended recording schedules. After the editing
procedure, each audio file was given a unique and distinctive file name. For example,
the file name “BC_F_14_SH_Angry_S6(7) wav” provides information on the speech
type (BC), speaker gender (M), identification number (14), speaker name (SH),
emotional state (angry), sentence number (6), take number (7), and file extension
(wav).

The reliability of the audio recordings was assessed by evaluating how accurately
unskilled raters could identify the emotions conveyed in the recordings. Higher
identification accuracy is indicative of superior recording quality. For this assess-
ment, a total of 80 university students from Bangladesh were selected as evaluators.
The group comprised 40 males and 40 females, all within the age range of 18 to 25.
Only individuals, who were native speakers of Bengali, had normal auditory abilities,
and had no history of speech or language impairments were included. To eliminate
potential bias, the raters were not present during the recording sessions and did not
receive any specific training. To assess speech emotion, 40 random audio sets, each
containing an equal number of stimuli representing each emotion, were utilized,
with each set comprising 392 stimuli. Each audio set was assigned to pairs of raters to
ensure that each clip was evaluated twice, once by a male and once by a female rater.
The raters assessed the speech samples and determined the emotion conveyed by the
speaker. Their evaluations were subsequently compared against the speaker’s intended
emotion. Both correct and incorrect responses were counted, and percentage scores
were computed for each emotion. To mitigate potential biases arising from raters’ ten-
dencies to select certain emotion categories, the unbiased hit rate was calculated using
Wagner’s approach [25]. Wagner’s unbiased hit rate, Hu, is determined by squaring
the number of correct predictions for a certain emotion, such as sadness, and dividing
it by the total number of recordings of sad emotions and the total number of guesses
made for sad emotions.

3.2 Data collection and preprocessing

The EmoBone dataset utilized in this research comprises 15,680 audio files,
systematically organized within a directory structure that categorizes files by
actor and emotion class. Each audio file represents a unique utterance expressing
one of seven emotions: neutral, calm, happy, sad, angry, fear, and surprise. This
dataset was accessed through a publicly available repository, providing a diverse
set of vocal samples to train and evaluate the models. The files were processed
using Python’s torchaudio library, which facilitated the reading and transforma-
tion of raw audio data into a form suitable for model consumption. To maintain
consistency across all audio samples, we resampled the audio files to a uniform
sample rate of 16,000 Hz. This standardization ensures that the temporal resolu-
tion of the audio signals is consistent, thereby eliminating potential discrepancies
arising from variable sampling rates.

Once resampled, the audio files were transformed into a feature representation
using mel-frequency cepstral coefficients (MFCCs). MFCCs are commonly used
in speech processing because they effectively capture the timbral texture of sound,
which is crucial for distinguishing between different emotional states. The transfor-
mation involved computing a MelSpectrogram for each audio file, followed by a dis-
crete cosine transform to derive the MFCC features. This process resulted in a feature

170



Enhancing Speech Emotion Recognition through Bone-Conducted Speech
DOI: http://dx.doi.org/10.5772/intechopen.1008939

vector of 23 coefficients for each audio frame. The parameters for the MFCC compu-
tation were carefully selected to optimize the feature representation: the number of
Mel bins was set to 40, the fast Fourier transform (FFT) window size was fixed at a
constant value of 400, and the hop length was established as 160. These parameters
were picked based on established practices in speech processing to ensure the features
accurately capture the nuances of the audio signals. After computing the MFCCs, the
features were standardized using StandardScaler from the sklearn library, ensuring
that each feature had a mean of zero and unit variance. This normalization step is
critical as it enhances the model’s ability to learn by preventing any single feature
from disproportionately influencing the training process.

3.3 Model architecture: BiLSTM without attention

The LSTM is a variant of the RNN that consists of memory blocks connected and
capable of maintaining temporal states through self-connections. It has three gate
units: input, output, and forget gates. LSTM solves long-term dependence issues in
RNNs and implements refined internal processing units for better storage and updat-
ing context information. It also overcomes gradient vanishing or explosion problems
in standard RNNs. The BiLSTM model utilizes contextual information in both the
forward and backward directions, enhancing its robustness by detecting hidden emo-
tions through directional analysis [26].

The initial model architecture developed in this study was a BILSTM network
without an attention mechanism. This model was built to take advantage of the
sequential structure of voice data by capturing both forward and backward
temporal dependencies. The architecture consists of several layers that hierarchi-
cally process the input data. The input layer receives the MFCC feature vectors,
which serves as the model’s raw data input. This layer is followed by a stack of
two bidirectional LSTM layers, each with 128 hidden units. These LSTM layers
are responsible for processing the input sequences and generating a sequence of
hidden states that capture the temporal dependencies within the data. The LSTM
layers in the model can include both past and future context when processing
each time step due to their bidirectional nature, enhancing its ability to capture
relevant features for emotion classification.

The final output of the LSTM layer is sent into a fully linked layer, which trans-
forms the LSTM’s output into the seven emotion classes. This mapping is achieved
through a linear transformation, followed by a Softmax activation function. The
Softmax function converts the raw scores into probabilities, providing a measure
of the model’s confidence in each emotion class. The choice of a Softmax activation
function is motivated by its ability to normalize the output probabilities, ensuring
that they sum to one. This property is essential for multi-class classification tasks,
as it allows the model to express uncertainty in its predictions. The model was
implemented using the PyTorch framework, which offers a versatile and effective
framework for constructing and instructing deep learning models. To optimize the
parameters of the model, we employed the Adam optimizer, a modified version of
stochastic gradient descent that adjusts the learning rate for each parameter using
estimates of its first and second moments. The learning rate was set to 0.001, a
commonly used value that balances the need for quick convergence with the risk of
overshooting the optimal solution. The model performed 100 epochs of training,
utilizing a batch size of 8, to achieve sufficient exposure to the training data while also
retaining computational efficiency.
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3.4 Model architecture: BILSTM with attention

To enhance the performance of the BILSTM model, we incorporated an attention
mechanism. The attention mechanism enables the model to pick and focus on those
segments of the input process that are more essential for classification, hence poten-
tially enhancing the model’s capacity to distinguish between comparable emotions.
The architecture of the BiLSTM with attention is similar to the vanilla BILSTM model,
with the addition of an attention layer after the second LSTM layer. The attention
layer computes a context vector by assigning weights to the hidden states of the LSTM
layer. These weights, or attention scores, are learned during training and indicate the
relative importance of each hidden state for the final prediction. By adding up all of
the hidden states with weights derived from attention scores, we can get the context
vector. This context vector is then fed into a fully connected layer, which maps it to
the seven emotion classes.

The attention mechanism was implemented using a linear layer with a dimen-
sionality of 1, allowing the model to assign a single weight to each hidden state.

A tanh activation function was applied to the attention layer’s output before the
Softmax function was used. The tanh activation function introduces nonlinearity
into the attention scores, enhancing the model’s ability to differentiate between
important and unimportant hidden states. Highlighting the most important por-
tions of the input sequence, the attention mechanism helps the model make more
accurate predictions, particularly for challenging cases where the differences
between emotions are subtle.

3.5 Training and evaluation

Both the BiLSTM model and the BiLSTM model with attention were trained using
the same training dataset and procedure to ensure a fair comparison. In order to
train the model, we minimized the cross-entropy loss, which is the difference between
the actual emotion labels and the predicted probabilities. To avoid overfitting, we
checked the accuracy of the model on a validation set while it was being trained. We
used an early stopping mechanism to cease training after three consecutive epochs if
the validation loss failed to improve. This method is useful for preventing the model
from becoming “overfit” to its training data, thereby improving its generalization
performance. If the validation loss did not improve, a learning rate scheduler was
employed to lower the learning rate, so assisting the model in achieving a more
optimal minimum.

The performance of both models was evaluated using classification accuracy on a
held-out test set. The vanilla BILSTM model achieved an accuracy of 85%, indicating
its ability to capture temporal dependencies in the speech data. However, the BILSTM
model with attention significantly outperformed the vanilla model, achieving an
accuracy of 91.45%. The ability of the model to distinguish between various emotions
is improved because the attention mechanism may zero in on the most important bits
of the input sequence. To further analyze the models’ performance, we computed
confusion matrices and classification reports for both models. The confusion matrix
for the BILSTM with attention model showed a significant reduction in misclassifica-
tions compared to the vanilla model, particularly for similar emotion classes like calm
and happy. The classification report highlighted the improvement in precision, recall,
and F1-score for most of the emotion classes, indicating a more balanced and robust
performance.
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The experimental results demonstrate the effectiveness of the attention mecha-
nism in improving the performance of BiLSTM models for speech emotion recogni-
tion. The attention-based BiLSTM model not only achieved higher accuracy but
also provided more interpretable results by highlighting the most relevant features
for classification. This study underscores the importance of incorporating attention
mechanisms in sequential models, particularly for tasks that require fine-grained
analysis of temporal data.

4. Experimental results

The EmoBone dataset was utilized to train and evaluate the BILSTM models. The
dataset’s distribution across the seven emotion classes (neutral, calm, happy, sad,
angry, fear, and surprise) is visualized in Figure 2. The figure illustrates a relatively
balanced distribution, with each emotion class represented by a substantial number
of samples. This balance is crucial for preventing the model from being biased toward
any particular emotion class during training.

The performance of the BILSTM model without the attention mechanism is
depicted in Figure 3. The figure presents the training and validation loss and accu-
racy curves over 100 epochs. The loss curves demonstrate a steady decrease in both
training and validation loss, indicating that the model is learning to fit the training
data effectively. The accuracy curves show a corresponding increase in both train-
ing and validation accuracy, further confirming the model’s learning progress.

The intersection of the training and validation curves implies that the model is not
overfitting, which is a positive sign for its generalization capabilities. The confusion
matrix for the BILSTM model without attention is presented in Figure 4. The matrix
provides a thorough analysis of the approach estimates, highlighting its advantages
and disadvantages in categorizing various emotions. The diagonal elements of the
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Figure 2.
Emotion class distribution.
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ROC curve of emotions.

matrix represent the number of correct predictions for each emotion class, while the
off-diagonal elements indicate misclassifications. The matrix shows that the model
performs well for most emotion classes, with high accuracy for emotions like angry
and surprise. However, there is some confusion between similar emotions like calm
and neutral, suggesting room for improvement.

Figure 5 presents the ROC curves for the BILSTM model. ROC curves graphically
represent the relationship between the true-positive rate and the false-positive rate
across various classification levels. The curves illustrate the ability of the model to
differentiate across several emotion categories. The area under the curve (AUC) for
each emotion class is also provided, serving as a quantitative measure of the model’s
performance. The AUC values are generally high, indicating good discriminative
power for most emotions.

The overall classification accuracy for the BILSTM model without attention is pre-
sented in Figure 6. The figure shows that the model achieves an accuracy of 85.17%,
which is a respectable performance considering the complexity of the task. This result
serves as a baseline for comparison with the Bi-LSTM model with attention.

The performance of the BILSTM model with the attention mechanism is illus-
trated in Figure 7. The figure presents the training and validation loss and accuracy
curves, similar to Figure 3. The curves show a similar trend of decreasing loss and
increasing accuracy, indicating that the model with attention is also learning effec-
tively. However, the validation accuracy for the model with attention is consistently
higher than that of the vanilla model, suggesting that the attention mechanism is
contributing to improved performance.
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Loss and accuracy with attention.

The confusion matrix for the BILSTM model with attention is shown in Figure 8.
The matrix reveals a significant reduction in misclassifications compared to the
vanilla model. The diagonal elements are more prominent, indicating higher accuracy
for each emotion class. The presence of the attention mechanism in the model appears
to be diminishing the ambiguity between calm and neutral, indicating that it aids in
directing its focus toward the most significant characteristics for discerning between

these emotions.
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Figure 8.
Confusion matrix with attention.

The accuracy for each emotion class for the Bi-LSTM model with attention is
presented in Figure 9. The figure shows a consistent improvement in accuracy for
all emotion classes compared to the vanilla model. The accuracy for calm is notably
higher, confirming the positive impact of the attention mechanism.

The overall classification accuracy for the Bi-LSTM model with attention is shown
in Figure 10. The figure reveals a significant improvement in accuracy, reaching
91.45%. The detail values are presented in Table 1. This outcome emphasizes how well

Emotion Classification Accuracy
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Emotions

Happy

Calm

Neutral

0 20 40 60 B0 10C
Accuracy (%)

Figure 9.
Emotion accuracy with attention.
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Classification accuracy with attention.
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Emotion Precision Recall F1-Score Support
Neutral 0.900844 0.932314 0.916309 458.000
Calm 0.929825 0.915767 0.922742 463.000
Happy 0.856823 0.896956 0.876430 427.000
Sad 0.926887 0.889140 0.907621 442.000
Angry 0.942350 0.944444 0.943396 450.000
Fear 0.906040 0.886214 0.896018 457.000
Surprise 0.940367 0.936073 0.938215 438.000
Accuracy 0.914514 0.914514 0.914514 0.91451
Macro avg 0.914734 0.914416 0.914390 3135.00
Weighted avg 0.915037 0.914514 0.914593 3135.00

Table 1.

Classification accuracy with attention.
Work Dataset Accuracy
Proposed model (BiLSTM + Attention) EmoBone 91.45%
Zhao et al. (2019) [19] IEMOCAP 69%
Mustageem and Kwon (2020) [27] IEMOCAP 81.75%
Mustageem and Kwon (2020) [27] RAVDESS 79.5%
Chen etal. [15] Emo-DB 82.82%
Chenetal. [15] IEMOCAP 64.74%
Etienne et al. [14] IEMOCAP 64.5%
Zhao et al. [16] IEMOCAP 68%
Sattetal. [13] IEMOCAP 66%
Badshah et al. [12] Emo-DB 56%
Hosain et al. [10] Synthetic BC speech data 72.50%

Table 2.
Comparison of accuracy across different studies.
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the attention mechanism improves the accuracy of the emotional classification of the
model. A comparative analysis is presented in Table 2.

5. Conclusions

This chapter examined the use of BILSTM networks, with and without an atten-
tion mechanism, for speech emotion recognition employing the EmoBone dataset.
The findings indicate that the BILSTM model with attention outperforms the stan-
dard Bi-LSTM model, with an accuracy of 91.45 versus 85.17%. The attention mecha-
nism’s capacity to concentrate on pertinent characteristics in the speech data was
essential for enhancing classification accuracy, especially in differentiating between
identical emotions. The research demonstrates that attention-based BiLSTM models
can markedly enhance speech emotion identification systems, facilitating more
precise and dependable emotion detection in practical applications. Future study may
investigate the incorporation of more advanced methodologies, such as transfer learn-
ing and multi-modal fusion, to further improve the efficacy and resilience of speech
emotion identification systems.
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Abbreviations

BiLSTM bi-directional long short-term memory

HCI human-computer interaction

SER speech emotion recognition

AC air-conducted

BC bone-conducted

RNNs recurrent neural networks

ROC receiver operating characteristic

CNNs convolutional neural networks

IEMOCAP interactive emotional dyadic motion capture

ACRNN attention-based convolutional recurrent neural networks
FCN fully convolutional network

RAVDESS Ryerson audio-visual database of emotional speech and song
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Chapter 9

Application of Artificial Neural
Networks in Economic
and Financial Sciences

Roya Seifipour and Azadeh Mehrabian

Abstract

Neural networks excel in handling complex, non-linear relationships, mak-
ing them suitable for predictions where traditional linear models fall short.
Applications include forecasting exchange rates, stock prices, and bankruptcy
risks, demonstrating superior accuracy compared to conventional methods. In the
realm of economics, neural networks facilitate the integration of theories like the
Kuznets curve with advanced modeling techniques, allowing for nuanced analyses
of economic development and environmental impacts. They also play a critical role
in identifying financial risks, enabling policymakers to respond effectively during
economic crises. Furthermore, neural networks are instrumental in business and
marketing, providing insights into consumer behavior and market demand. They
enhance decision support systems, guiding strategic investments and financial
decisions. By classifying data sets, they assist in predicting bankruptcy among vari-
ous economic entities. Overall, the diverse applications of neural networks across
disciplines underscore their significance in contemporary research and practical
implementations, paving the way for future advancements in artificial intelligence
and data analytics. Thus neural networks a type of machine learning, are increas-
ingly used in economics and management due to their ability to analyze complex
data and make predictions.

Keywords: artificial neural networks, forecasting, non-linear relationships,
consumer behavior, bankruptcy prediction, stock price prediction

1. Introduction

Artificial neural networks are among the latest achievements resulting from
rapid progress in science and knowledge. These networks are analytical and train-
able tools designed to imitate the patterns of information processing in the human
brain. In fact, an artificial neural network is a concept for information processing
inspired by the nervous system, processing information similarly to how the brain
does. Neural networks not only have the ability to learn, but they can also adapt
themselves to the environment in order to maintain their performance by changing
the environment.

185 IntechOpen



Research and Applications of Digital Signal Processing

In general, neural networks are computational models that can determine the
relationship between the inputs and outputs of a physical system through a network
of interconnected nodes. The activity level of each connection is influenced by past
information. The learning process should be regulated, allowing the model to dis-
cover the rules that relate the inputs to the outputs. However, these relationships are
complex and non-linear [1].

Artificial neural networks simulate the functioning of the human brain by using
mathematical functions and processors and are able to model unknown and highly
non-linear relationships. Therefore, they are considered powerful tools for analyz-
ing data and formulating non-linear relationships. Neural networks consist of many
interconnected non-linear information processing units (neurons or nodes) that are
involved in learning. The role of neurons in the neural network is information pro-
cessing, which is done through a mathematical process that is the same as the activa-
tion function. The activation function can be linear or non-linear, which is chosen by
the designer based on the specific needs of the problem that is supposed to be solved
by the neural network. New activation functions are used in parts of the network
to make real use of the ability of neural networks. Nowadays, the use of intelligent
systems and neural networks is so common that these tools can be classified in the
line of basic mathematical operations and as general and common tools in different
sciences. Therefore, neural networks are used in most sciences that require analysis,
decision making, estimation, prediction, design, and construction. In this study of
neural networks and their different models, the importance of these networks and
the reasons for their use in different sciences are examined. Neural networks, a type
of machine learning, are increasingly used in economics and management due to their
ability to analyze complex data and make predictions. Also, the use of neural net-
works in economic, financial, and management sciences and the superiority of this
method over other methods are discussed.

2. Different models of neural networks

In neural networks, there are different models for prediction, each of which, in
some way, sets the brain as a model and tries to imitate the human mind’s learning
process by using computational methods to automate the knowledge acquisition
process. These models aim to solve complex and large problems using samples or data.
In these calculations, the normal or expert human brain is modeled.

2.1 Artificial neural network (ANN)

An artificial neural network (ANN) is composed of several perceptron-neurons
in each layer. This network is also called a Feed Forward Neural Network because the
inputs are processed only in the forward direction. An ANN consists of input, hidden,
and output layers, with each layer taking a certain weight. In comparing the neural
network model with regression models, it can be said that the inputs of the neural
network are the independent variables, and the outputs are the dependent variables.
The different weights of the network are similar to the parameters of the regression
model, and the bias term is also the same as the intercept or constant term in the
regression model. The main difference is that the understanding of the rules between
input and output is considered by a linear function or similar form for all functions.
This is while searching in the neural network to understand these rules both linearly
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and non-linearly. Especially in models that have more complications, there is a higher
probability of non-linear relationships in them. Therefore, the search space for
finding regularities between inputs and outputs in the neural network model is much
larger than in simple linear regression models.

Figure 1 shows a simple picture of an artificial neural network. Neural networks
usually consist of several layers. Input layer contains neurons that receive input data.
Each neuron in this layer represents one of the input features. Hidden layers are
located between the input layer and output layer and are responsible for processing
information. Each hidden layer can contain several neurons that are connected to each
other. These neurons process information using activation functions. Output layer
produces the final result of network processing. The number of neurons will be equal
to the number of classes. Weights are parameters that determine the importance of
each connection between two neurons. Each connection between two neurons has a
weight that indicates the influence of that neuron on the other neuron. During the
training process, the weights are updated to improve the performance of the network.
Larger weights indicate a greater influence of one neuron on another. While weights
closer to zero indicate little or no influence [2].

These networks can be deep or shallow. Surface networks have one hidden layer
(one layer between input and output), but deep networks have more layers.

The flow methodology of the artificial neural network model is depicted in
Figure 2.

In a neural network, each neuron has a linear regression [3]. For example, if each
neuron has three inputs and one output, the linear regression for each function is as
follows:

Y=WX, +W,X,+W, X, +D 1)

In Eq. (1), Y, output, X’s, input, coefficients W, weight, and D, constant value are
also called bias.

Input Layer Hidden Layer Output Layer

Weight

Figure 1.
A diagram of a simple artificial neural network.

187



Research and Applications of Digital Signal Processing

Collection of Data

|
y

=

Identification of Input and Output

A
y

Data splitting for training and testing

y

@ |

Architecture setting for hidden layers

Awd
Y

=

Output extraction and interpretation

A
y

Figure 2.
Methodological flow of ANN model.

In neural networks, output would have desired parameters and the predicted error
would be minimal. Let F: x, e R* -y, eR' be a projection assigning k-dimensional
vector of inputs X; =(X,,X,,...,X,, ) one dimensional output y, in specific time

moment t. let G: G(X,,W,): X, R}, -y, R}

train train

be arestriction of F. The task
is then to find the values of w, so that functional values of G would be so close to

known sample as it is possible. Let E(w) is a function defined as:

E(wr): Z (G(xt’wt)_yt) (2)

k
X¢>Yr €Rirain

Eq. (2) will represent squares of deviations of function G from expecting values of
function F. If a minimum is found, G is adapted for approximation of F. Training or
adaptation is performed on the training set. Validation set is used for the validation of
training network.

Neural networks can be used to solve problems related to tabular data, photo data,
and text. These networks, which are data-oriented, have few initial assumptions when
designing the model for the issue under study. This feature makes them valuable for
many forecasting issues. These networks can obtain relationships and correlations
between data, even if the law governing them is unknown and very complex.

Other advantages of this method are the storage of information in the entire net-
work, the ability to work with incomplete knowledge, the ability to tolerate errors, not
having too many assumptions, the ability to generalize, the high speed in processing
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information, and having distributed memory. However, depending on the hardware,
inexplicable behavior of the network and determining the appropriate structure for
the network are some of the disadvantages of this method.

2.2 Multi-layer perceptron neural networks (MLP)

One of the most common neural networks used in economic and financial sciences
is the multi-layer perceptron neural network. A multi-layer perceptron is a standard
combination of inputs, linear and non-linear neural units, and outputs. All process-
ing units from each layer are connected to all processing units of the next layer. The
processing units of the input layer are homogeneous and linear, while neurons with
non-linear and continuously differentiable functions are used in the hidden layer [4].

2.3 Recurrent neural network (RNN)

A recurrent neural network (RNN) is a complex architecture designed to process
data and information that are time series. In an RNN, due to its internal memory,
past information and data are stored, allowing the network to utilize this memory to
process a sequence of inputs. In these networks, the outputs from processing nodes
are stored, and the results are returned to the model.

These types of networks do not transmit information in only one direction. Each
node in this network functions like a memory cell, continuously calculating and exe-
cuting operations. If the network makes an incorrect prediction, the system performs
self-learning and adjusts its predictions during backpropagation. One of the disadvan-
tages of this method is the difficulty associated with working with this network [5].

2.4 Dynamic neural networks

In dynamic networks, the output depends not only on the current input entering
the network but also on the inputs, outputs, and current or previous states of the
network. A dynamic network has memory; its response at any given time depends not
only on the current input but also on the history of the input sequence. Time Delay
Neural Networks (TNN) are an example of this type of network. The structure of the
neural network with time delay was first introduced by Waibel et al. [6]. Additionally,
Autoregressive Neural Networks with Exogenous Variables (NNARX) are another
example of dynamic neural networks.

3. The reasons for using neural networks in different sciences

Due to their unique capabilities, neural networks have been widely used in
various scientific fields. In many areas of science, artificial neural networks hold
the potential to solve problems that are difficult or impossible to simulate through
logic or other methods. Like the human brain, neural networks continuously learn
and adapt to their environment. This means that if a small change occurs in existing
conditions, they can account for it and remain effective under new circumstances.
In a neural network, the malfunction of a part of the neurons does not lead to the
complete failure of the system. Therefore, this method can provide logical answers
for data under conditions of uncertainty, whether the data is incomplete or received
in a fragmented manner.
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In general, neural networks possess several advantages that have contributed to
their widespread use in various scientific disciplines.

* Recognizing complex patterns and relationships: Neural networks excel at
recognizing complex and non-linear patterns compared to traditional models
and many competing approaches.

* Management of large data sets: Many scientific fields deal with vast amounts of
information, variables, and data. Neural networks can effectively manage these
datasets and extract meaningful patterns and results.

¢ Adaptive learning: Neural networks can learn from data and their past values,
adjusting their parameters to improve prediction accuracy over time. This
capability is particularly important in dynamic systems.

* Resilience, parallel processing, and extensive memory: Thanks to their parallel
processing capabilities and extensive memory, neural networks exhibit high
processing speeds. These features are significant advantages that have facilitated
their adoption across various scientific domains.

* Feature extraction: Neural networks can automatically and quickly extract
relevant features from data without requiring specialized expertise.

* Robustness to errors: Neural networks are generally insensitive to the presence of
errors in the available statistics and information.

The significance of neural networks in human sciences can be illustrated as
follows:

1. Social sciences: neural networks are employed to analyze social networks, un-
derstand social interactions, and predict behavioral patterns.

2. Political science: these networks are utilized for modeling political trends and
predicting election outcomes.

3.Economic, financial, and management sciences: neural networks play a crucial
role in these fields and have numerous applications, which will be discussed
further.

4. Application of neural networks in economic, financial and management
sciences

With many advances in fast information processing with computers and applica-
tion software, the motivation to use and apply non-linear models in many sciences
has increased. Since artificial neural networks can identify and justify patterns and
non-linear relationships between variables, this method has found many applications
in economic, financial, and management sciences and also provides great help in
analyzing data and information in these courses. The use of artificial neural networks
in economics and financial issues started in the late 80s with the study of White [7]

190



Application of Artificial Neural Networks in Economic and Financial Sciences
DOI: http://dx.doi.org/10.5772/intechopen.1007604

on financial markets and forecasting the stock price of IBM. White’s main goal was
first to investigate the efficiency of the market, which then led to the prediction of the
company’s stock price. Although the results of this study showed that the minimiza-
tion algorithms used in econometrics are better than the neural network algorithms,
due to the simplicity of this network, different researchers used the results of this
study a lot in their works. Therefore, after White, several studies were conducted in
the field of using neural networks in predicting various economic variables. Neural
networks can help economists by creating a series of economic and financial models
to analyze the relationships between variables and predict them, which brings very
useful results for them. With these models, you can gain better knowledge and
understanding in relation to economic issues and make more informed and better
decisions in this regard. Therefore, we will have a better and more successful future in
economic and financial terms.

Below are some applications of artificial neural networks in economics, manage-
ment, and financial issues.

4.1 Prediction in the future

The main and most important application of artificial neural network models in
the fields of economics and financial management is the prediction of economic vari-
ables. With this method, good forecasts can be made for many economic issues in the
branches of microeconomics and macroeconomics. Using methods for more accurate
estimation of forecasts will help researchers and people who want to use these fore-
casts a lot. The use of advanced linear models sometimes provided good forecasts in
the short- and medium-term periods. But in many cases, because the behavior of the
investigated variable does not follow a linear model, therefore, linear models cannot
accurately identify and predict this behavior. However, neural networks are one of the
methods that have been successful in this field and have brought good results.

By learning from past experiences, this method predicts non-linear algorithms
and provides images and numerical signals related to data. Due to the structure of
the internal dynamic system of neural networks in forecasting, information error
changes occur without the need for additional input data. As a result, the use of
neural networks has become prevalent in various forecasting issues in economics and
finance. A major problem in using neural networks as a prediction tool is the lack
of objective guidelines for choosing the appropriate dimensions (i.e., the number of
layers or hidden neurons) for the network. Neural network models predict numer-
ous macroeconomic and microeconomic variables, such as economic growth, gross
domestic product (GDP), exchange rates, inflation, stock price indices, total produc-
tivity of production factors, energy consumption, and more. These models have been
applied in different countries around the world and have sometimes provided better
and more acceptable results compared to other forecasting models.

4.1.1 Exchange rate forecast

In exchange rate forecasting, we can refer to the studies of Lisi and Schiavo [8]
and Ince and Trafalis [9]. Bosarge [10] predicted various exchange rates and crude
oil prices using neural networks, which were highly accurate. Kuan and Liu [11] also
used Feed Forward Neural Network and Recurrent Neural Network (RNN) meth-
ods to predict different exchange rates and make more accurate predictions than
traditional methods.
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Wu and Gao [12] predicted the exchange rate with two combined methods of
Support Vector Neural Network and Variational Mode Decomposition. With this
method, they were able to correctly identify the high and irregular fluctuations of the
exchange rate and predict the exchange rate with high accuracy.

Forecasting the exchange rate using the neural network method requires accurate
selection of inputs in order to identify the factors affecting the exchange rate. These
inputs and variables that can explain the behavior of the exchange rate and help
predict this variable more accurately are determined according to the theoretical
foundations related to the exchange rate in economic matters. In this part of the study,
a number of important and effective variables on the exchange rate, according to the
various studies that have been done in connection with this variable by authors in
different countries, and also according to the theoretical foundations of the exchange
rate, are introduced as follows:

1. Interest rate: the difference in interest rate between countries significantly affects
the exchange rate. The higher the interest rates, the more foreign investment is at-
tracted to that country, and as a result, the demand for currency increases.

2.Inflation rate: high inflation causes a decrease in the value of a country’s cur-
rency.

3. Gross domestic product: the higher the gross domestic product and economic
growth in a country, the stronger the country’s currency value and affects the
exchange rate.

4.Government debt: high bank debt causes financial instability in the country and
potentially leads to a decrease in the value of the country’s currency and affects
the exchange rate.

5.Trade balance: if exports are more than imports and the current balance of a
country is positive, the value of the country’s currency increases and strengthens
due to the increase in demand for it, and vice versa.

6. Any variable that leads to the creation of economic uncertainties in society, such
as types of political instability (types of economic and political sanctions, civil
wars, and types of international conflicts) and natural disasters (floods, earth-
quakes, etc.)) affects the exchange rate.

7.Central bank policies: the decisions of the central bank in relation to various
types of monetary policies, such as interest rate changes or any foreign exchange
interventions, directly affect the exchange rate.

4.1.2 Stock price prediction

In economics and financial management, there are various forecasts in different
stock exchange companies related to stock prices, profit, bankruptcy, risk assessment
and lending, portfolio and securities management, planning and registration of
future contracts and customer classification in financial institutions. It has been done
using the method of artificial neural networks, which have had higher prediction
accuracy.
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Therefore, the extent of the use of neural networks in financial markets is not
hidden to anyone.

Olson and Mosman [13] used neural network in addition to predicting stock
returns for financial market grouping and grouped companies based on their returns.

Forecasting the stock price index is important for economic policymakers due to
the high dynamics of the market and its importance and its effect on most macro-
economic variables. Neural network models are one of the most efficient models in
predicting stock market prices., Soni [14], Dase and Pawar [15], Jibendu et al. [16], Li
and Liu [17], Mandziuk and Jaruszewicz [18], Thenmozhi [19], Yamashita et al. [20]
and Phua et al. [21] forecasting the stock market in different countries using artificial
neural network models and obtained accurate predictions in this connection, which
showed the superiority of this method.

Sutheebanjard and Premchaiswad [22], Mehrara et al. [23] and Tong [24] have
estimated stock prices by different methods of neural networks and obtained accurate
predictions in this regard. Back Propagation Neural Network (BPNN), Group Method
of Data Handling (GMDH), Multi Branch Artificial Neural Networks (MBNN), and
Adaptive Neuro-Fuzzy Inference Systems (ANFIS) There are different models of neu-
ral networks that have been used in these studies, and in all these studies, the results
obtained confirmed the high prediction accuracy of different neural network models.

By considering the appropriate inputs and choosing the right variables in the
neural network model, valid and meaningful models can be obtained for it, which
also have high predictive power. According to the history of studies related to the
stock price and also according to the theoretical foundations in this regard, the most
important factors affecting the stock price are introduced as the most important
inputs as follows:

1. Stock price in the past: one of the most important effective factors in predicting
the stock price is looking at the past trend of this variable.

2. Volume of transactions: the number of shares traded every day is an indication of
the profit and loss situation in the market and price fluctuations. Therefore, it is
considered as an effective factor on the stock price.

3.Macroeconomic indicators: interest rate, inflation, unemployment, economic
growth, government policies, and economic and political uncertainties (such as
embargo and international wars) are important factors that affect the stock price
index.

4.Internal factors of listed companies: amount of assets.

5.Internal and internal factors of listed companies: the amount of assets, price-
to-profit ratio, profitability, news and financial reports related to the company,
liquidity, and development plans are important and effective factors on the stock
price.

4.1.3 Prediction of bankruptcy

Bankruptcy prediction is one of the other topics that is done by different neural
network models. Bredart [25] predicted the bankruptcy of companies using the
neural network method, which had a very high accuracy.
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With various types of financial and operational data, one can understand the
health of a company and its potential to deal with financial issues and problems.
Common input variables in neural networks to predict bankruptcy according to
related theories are:

1. Ratios including liquidity ratios, leverage ratios (debt), activity ratios (function-
al), profitability ratios and valuation ratios (market).

2.Internal information about the company such as its competitive outlook, quality
of management, corporate governance, and legal issues and regulations.

3.Macroeconomic conditions such as economic growth, interest rate, inflation,
and market tension.

Due to the fact that predicting bankruptcy is a very complicated task, therefore,
using the opinions of experts and experts in this field helps a lot in reaching accurate
predictions.

4.1.4 Predicting the impact of per capita income on envivonmental pollution

Neural networks can predict the effect of per capita income on environmental pol-
lution. Neural networks are capable of modeling non-linear relationships that can be
useful in Kuznets curve analysis. Kuznets curve is an economic theory that describes
the relationship between per capita income and environmental pollution. According
to this theory, in the initial stages of economic development, pollution increases, but
after reaching a certain level of income, pollution decreases. In the early stages of
development, countries may experience more pollution due to rapid industrialization
and lack of attention to environmental issues. With increasing income and economic
development, social awareness of environmental issues increases and countries move
toward using cleaner technologies. In the next stages, the government’s policymak-
ing may try to enact environmental laws that will help reduce pollution. Using past
data of income and pollution, these networks can predict how changes in per capita
income may affect pollution. Also, artificial networks can be used to analyze the
sensitivity of different factors (such as environmental policies) on pollution.

Sah et al. [26] and Bennedsen et al. [27] conducted studies on the effect of per
capita income of countries and the level of energy consumption on the level of
environmental pollution using the neural network method, with significant results in
this regard.

According to the background of the studies and theoretical foundations in order
to model the Kuznets curve and its relationship with pollution (e.g., carbon dioxide in
the air) in neural networks, different input variables can be used, some of which are
as follows:

a.Economic factors

1. Per capita income: the main variable that shows the level of economic develop-
ment of a country.

2.Economic growth rate: changes in Gross Domestic Product (GDP) as an indica-
tor of economic development.
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3.The level of industrialization: the percentage of industrial production to the
total production, which can indicate the intensity of pollution.

4.Investment in clean technologies: amount of investment in renewable energies
and green technologies.

5.The amount of energy consumption.
6. Amount of renewable energy consumption.
b.Social factors
1. Population: the number of population and its density that affects the pollution.

2. Transportation systems: type and quality of public and private transportation
systems.

3.Health indicators: the rate of respiratory diseases that may be affected by air
pollution.

c. Environmental factors

1. Environmental awareness: a set of indicators that show public awareness and
environmental policies.

2. Natural resources: access to natural resources and how to manage them.

3.Environmental policies: existence or non-existence of environmental laws and
regulations.

4.2 Identification of risks and dangers

With the method of artificial neural networks, it is possible to predict some of the
economic and financial issues such as financial bubbles and financial risks and trace
their existence. This will help the policymakers and give them time to prevent the
deterioration of the economic conditions and show an appropriate response.

Wittkemper and Steiner [28] predicted the operational risk of stocks for 67
German companies using neural networks. Persio et al. [29] predicted the risk of
investment strategies using recurrent neural networks (RNN). Lingzi [30] used
neural networks for risk prediction along with financial management and obtained
accurate results in this connection. Huangn et al. [31] investigated credit risk in China
using neural network models.

In the investigation of credit risks and their prediction through neural networks,
the input variables of the network in most studies are the amount of capital and the
amount of purchases, the amount of bounced checks, the history of membership, and
the number of members.

4.3 Understanding of consumers

Another application of artificial neural networks is the recognition of types of
business by consumers and how to treat them. In general, neural networks are widely
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used in business and marketing to better understand consumers and get to know their
preferences and needs. With these patterns, it is possible to know the market demand
and the factors affecting it, and to predict the willingness of consumers to pay, as well
as the amount of people’s purchases in the market.

Kruzsztof et al. [32] predicted the amount of customer purchases according to
the number of transactions made using the neural network method, which also had
high accuracy. Hansi et al. [33] obtained consumer preferences using artificial neural
networks.

A set of input variables in neural networks in relation to the recognition of con-
sumers’ behavior according to the studies conducted in these fields are as follows:

* Information about the type of purchase of goods and services by consumers in
the market and identification of goods and services that were not welcomed by
people and the producer could not sell them to consumers.

* The points earned by a product and the level of customer loyalty in buying that
product.

* Internet search of consumers in relation to the product and its features.
* Comments and feedback from customers regarding the desired products.

In addition to these indicators, a set of personal information such as age, gender,
education level, income, wealth, and lifestyle can also be taken into account; with
these indicators, it is possible to understand consumer behavior and preferences.

A number of macroeconomic variables such as inflation, employment rate, and
economic growth can also affect these preferences.

By combining these inputs and using the capabilities of the neural network
method, a deeper understanding of consumer behavior in markets can be obtained.

4.4 Decision support systems

Artificial neural networks can provide valuable information for decision making
in all economic aspects. They can help businesses choose the right investment, and
policymakers can use the results to develop effective strategies. Also, people should
make better financial choices by making appropriate decisions. Decision support
systems are a suitable process for decision making. It is very important that decision
support systems are meant to strengthen human decisions and not to replace them.
According to the opinions of experts and experts, these systems are powerful tools in
the final decision of the investor.

Ashwood [34], Shun and Lei [35], and Wei Zhou et al. [36] presented a suitable
portfolio for investment using neural networks.

Fazlollahtabar [37] pointed out that one of the important issues in e-commerce
and electronic marketing is determining optimal markets. Decision support systems
are a suitable process for making decisions in these matters. In his study, he con-
sidered different markets using neural networks and introduced optimal markets
according to consumer behavior and decisions made.

If we want to find an acceptable result in connection with a suitable investment
portfolio or determine the optimal markets in business using the neural network
method, the selection of suitable independent variables and correct inputs is very
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important. According to the studies conducted in these fields, stock prices in the past,
volume of transactions, profit and loss of listed companies, risk tolerance, interest
rate, inflation, unemployment, economic growth, exchange rate, economic and
political uncertainties (such as sanctions and international wars), government poli-
cies are important inputs in neural networks for the purpose of making appropriate
financial choices.

4.5 Classification of economic agents

One of the abilities of neural networks is to classify a set of data into differ-
ent groups. Neural networks can replace a series of traditional methods such as
logistic regression. One of the features of neural networks that distinguish them
from traditional methods is their ability to classify data that cannot be separated
linearly.

Most of the articles that use the neural network method for classification work in
economics can be found in the field of predicting the bankruptcy of economic actors,
mainly banks, production units, stock exchange companies, consumers, etc.

Most of the studies that have been conducted in this regard have been published in
the early 1990s, the period when most bank failures occurred in the United States of
America.

With this model, economic units can be classified economically and predict
whether they are exposed to bankruptcy or not. Oldom and Sharda [38] and
Rahimian et al. [39] used five financial ratios in their studies which were proposed
and calculated by Altman [40]. Both papers used a two-layer neural network.

The approach is to use the financial ratios calculated from the company’s bal-
ance sheet as input to the neural network to obtain an estimate for the probability of
bankruptcy as output.

Tam [41] and Tam and Kiang [42] analyzed a neural network with 19 input
neurons and using 19 financial ratios. In their studies, they compared a simple
feed-forward network with a pull-layer network trained using the backpropagation
method, and the performance of the second method was on average better than the
first method. In general, the classification with both types of networks were better
than the classifications in traditional methods.

Poddig [43], Salchenberger et al. [44], and Altman et al. [45] are other studies that
obtained results similar to previous studies.

There have been many discussions related to classification features. Brockett et al.
[46] for insurance companies and Marose [47] to examine the suitability of customers
to obtain bank credits and their classification, Grudnitzki [48] to evaluate the charac-
teristics of residence in San Diego, Jagielska and Jaworski [49] to predict The prob-
ability of credit card holders not being cashed, they used the neural network method.
Martin and Serrona [50] also classified Spanish companies into more than one group
using the neural network method in their study. In their study, Colman et al. [51] also
integrated the neural network model with an expert system in such a way that mea-
sures can be taken to prevent bankruptcy.

Most of the studies that have been done regarding the classification of units using
artificial networks have had acceptable results compared to other methods. These
classifications will help consumers and production units to make the right decisions
regarding their financial issues. In connection with the classification of economic
units and consumers, according to several studies that have been conducted in this
regard, a set of input data of neural networks are as follows:
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A. Demographic information: age, gender, level of education, size of the household
and place of residence of the person, occupation, age of the company, size of the
company.

B. Financial information: level of income and wealth, amount of savings, financial
transactions, consumption patterns, income status of the company, amount of
profit and loss of the company.

4.6 Modeling bounded rational economic agents

Modeling limited logical economic factors with neural networks makes it possible
to obtain human decisions with all the complexities related to economic issues. Many
people’s decisions are complex and certainly not rational, but neural networks are
powerful tools that can simulate these complexities. Therefore, one of the applica-
tions of neural networks is that they can be used to model the learning process of
rational economic units. With this method, complex relationships between variables
can be found and non-linear relationships between variables can be extracted. In this
application, neurons are divided into units that update their inference from the envi-
ronment based on the received information. Then, their decisions (neuron output)
affect the environment, which may be given feedback to the agent.

Sargent [52] used artificial neural networks in this field for the first time. Beltratti
etal. [53] argued that neural networks are suitable for modeling human behavior
because they can interpolate between learned patterns and introduce a degree of
uncertainty in their responses. Luna [54] used neural networks to model economic
institutions. These models allow us to model the interaction between the learning
environment and information of institutions. Orsini [55] proposed a neural network
model to model the consumption behavior of people whose expectations about group
behavior play an important role on individual and group outcomes.

The types of inputs that may be used in the modeling of rational economic units in
neural networks are as follows:

A set of information related to people and demographic characteristics such as age,
gender, education level, income, wealth, risk-taking or risk-aversion of people, the
way a person interacts in a social network, the goals of a person, etc., which each can
influence people’s preferences.

Information related to macroeconomic issues of the country that are effective in
these modeling with neural networks such as inflation, interest rate, and exchange rate.

5. The superiority of the neural network method over other forecasting
methods

There are various methods for predicting and modeling economic and financial
variables in the form of time series. Among these, Auto Regressive (AR), Moving
Average (MA), and Auto Regressive Moving Average (ARMA) processes are linear
models that are widely used for forecasting numerous time series variables. These
processes generate predictions based on the past values of the variables themselves.
Due to their simplicity and reliance on historical data, these methods are of great
interest to many experts and researchers in economic and financial sciences.
However, many economic and financial variables exhibit non-linear behavior, which
means that accurate predictions cannot be obtained using these linear methods alone.
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To address the limitations of linear models, various non-linear models can
be employed. Examples include Auto Regressive Conditional Heteroskedasticity
(ARCH), Generalized Auto Regressive Conditional Heteroskedasticity (GARCH), as
well as Bilinear and Threshold Auto Regressive (TAR) models. However, the applica-
tion of these models is generally limited, as they are designed for specific non-linear
patterns and may not effectively model other types of non-linear time series. In
addition to these, Bayesian models and the Wiener Process are other examples of non-
linear models used in time series forecasting.

Intelligent methods offer a promising alternative to traditional statistical methods
for predicting complex and non-linear time series. These methods include neural
networks, fuzzy inference systems, genetic algorithms, and their combined forms,
such as the Adaptive Neuro-Fuzzy Inference System (ANFIS), Multi-Branch Artificial
Neural Network (MBNN), and Back Propagation Neural Network (BPNN). These
intelligent methods are increasingly utilized in economic studies and are considered
suitable for forecasting due to their ability to handle complexity and non-linearity
effectively.

6. Conclusion

Neural networks are among the most fundamental and widely used algorithms
in the field of artificial intelligence. These networks are expanding rapidly and
have established their place among data analysis methods. One of the most
important features of neural networks is their ability to learn independently and
improve through experience and data repetition. This capability has enabled them
to solve complex problems and make accurate predictions, leading to their appli-
cation in various fields and disciplines. Additionally, the management of models
with many variables and high sample volumes, adaptive learning, parallel process-
ing, and extensive memory are other notable features of these networks. Neural
networks encompass different models that are utilized across various sciences,
depending on the subject under study. Artificial neural networks, in particular,
are among the most common types, capable of identifying relationships and
correlations between data, even when the underlying laws governing them are
unknown or highly complex.

Multi-layer perceptron neural networks, recurrent neural networks, and dynamic
neural networks are other methods that have been used in various studies to predict
and investigate the relationships between variables.

Neural networks have found a special place in various scientific disciplines, par-
ticularly in the human sciences. In the social sciences, they are widely used to analyze
social networks, understand social interactions, and predict behavioral patterns. In
political science, they are employed to model political trends and predict election
results.

These networks are crucial and widely utilized in economic, managerial, and
financial sciences, which are specifically addressed in this study.

One of the most important applications of the neural network model in these
fields is prediction. In many cases, because the investigated variable does not follow
a linear model, therefore, linear models were not effective, but neural networks were
successful in this field and had high accuracy in prediction. Researchers have used
these models to predict many variables such as exchange rate, stock price index, bank-
ruptcy, etc., which have been highly accurate compared to other methods.
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Also, one of the economic issues that can be achieved with neural networks is the
combination of the Kuznets curve theory with the neural network technique, which
can help in a deeper analysis of the relationship between economic development and
environmental pollution, and effective tools for provide policy making in the field of
environmental protection.

Another application of neural networks in economic and financial sciences is
the identification of various risks, dangers, and uncertainties in economic markets.
Financial bubbles, financial risks, etc., are examples of these studies that can be pre-
dicted and traced with the neural network method. This helps policymakers prevent
the deterioration of economic conditions and show an appropriate response in times
of crisis and uncertainty.

Neural networks are also widely used in business and marketing for a better
understanding of consumers and familiarity with consumer preferences. With these
patterns, it is possible to know the market demand and the factors affecting it and to
predict the willingness of consumers to pay and the amount of people’s purchases in
the market.

Decision support systems are also one of the other subjects in which valuable
information can be provided for decision making in all economic aspects by using
artificial neural networks. For example, choosing the right investment in businesses
that policy makers can use the results to develop their effective strategies. Or making
appropriate decisions by people that lead to better financial choices.

Classifying a set of data into different groups is essential in predicting the
bankruptcy of economic actors, including banks, production units, stock exchange
companies, and consumers. Additionally, modeling rational economic units is another
capability of neural networks. By considering appropriate inputs and selecting the
right variables in the neural network model, valid and meaningful models can be
obtained that possess high predictive power. Therefore, in this study, we introduce
and propose the theoretical foundations of the required inputs in relation to the
investigated variables to facilitate their separation.

In general, intelligent methods are superior alternatives to statistical methods for
predicting complex and non-linear time series. Examples of these intelligent methods
include neural networks, fuzzy inference systems, genetic algorithms, and their com-
bined forms, such as Adaptive Neuro-Fuzzy Inference System (ANFIS), Multi-Branch
Artificial Neural Network (MBNN), and Back Propagation Neural Network (BPNN).
These methods are widely used in economic studies and are effective for forecasting.

Considering the advancements in artificial intelligence worldwide and the
numerous methods available in this field, research and study in this area have gained
significant importance across various disciplines. Each of the methods mentioned
above offers unique opportunities for researchers to explore.
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Robust Flat Filtering DSP-Based
Control of the Buck-Boost Power
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Abstract

The chapter deals with designing and implementing a flat filter regulation digital
controller for a buck-boost DC-DC power converter. A highly perturbed, switched
buck-boost power converter circuit is shown to be efficiently controlled in a regula-
tion task for its non-minimum phase output using a suitable linear filter, addressed to
as a flat filter. The flat filter control method is calculated from a transfer function, as
in adaptive filtering control theory. It uses integral reconstructors regarding the input
and output and finally employs partial state dynamics. Flat filtering is a natural, robust
version of generalized proportional integral control (GPIC), by which the effects of
arbitrary time-varying exogenous disturbances, unknown endogenous nonlinearities,
and unmodeled dynamics can be jointly attenuated in a conceptually similar fashion to
observer-based active disturbance rejection control (ADRC) and algebraic
identification-based model-free control (MFC) but: a) without using linear extended
state observers and b) respecting the original system order in a time-varying simpli-
fied model, while avoiding algebraic estimation techniques. The proposed control
technique is implemented on the TMS320F28335 digital signal processor chip, with
tests employing realistic simulations and an experimental setup.

Keywords: flat filter controller, buck-boost power converter, differential flatness,
active disturbance control, generalized proportional integral control, adaptive
filtering control, partial state

1. Introduction

The DC-DC buck-boost converter is a classical power converter that provides a DC
output voltage lower or higher than the DC input voltage [1]. It is essential to design a
robust controller for the power converter so that the output voltage provided to the
load is unaffected by significant endogenous and exogenous disturbances [2].
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Additionally, the controller should improve the regulation performance and system
dynamics, considering the control design’s simplicity, applicability, and cost. Classical
linear controllers developed using the linearized system model are less effective under
extensive line and sudden load variations, mainly when the linearized system works
far from the equilibrium point where it is linearized [3].

However, the buck-boost power converter is differentially flat [2, 4]. This critical
feature generally alleviates and trivializes the control design problem in more aspects
(exact linearization, trajectory planning, etc.), provided all endogenous nonlinearities
are perfectly known. Our purpose is to propose a method which handles those cases of
exogenously perturbed nature where the acting endogenous nonlinearities are pri-
marily unknown or disregarded.

Flat filtering constitutes a reinterpretation of the Generalized Proportional Integral
Controller (GPIC) [5] in the form of classical compensation networks (CCN). Roughly
speaking, any linear controllable system whose output is Brunovski’s output (Flat Output)
can be output regulated with the help of a well-tuned proper linear filter and a suitable
linear combination of the available internal states of such filter. Here, it is shown that such
a classical tool is also capable of efficiently handling control tasks on perturbed
linearizable nonlinear systems (i.e., flat systems [6, 7]), such as the boost converter,
including unknown or neglected nonlinearities, exogenous disturbances, and unmodeled
dynamics; in a fashion similar as these uncertainties are handled in ADRC schemes [8-15].

Our proposed flat filter control is more than just a theoretical concept within
the context of adaptive filtering control [16-18]. It is a practical solution, calculated
from a transfer function and employing state integral reconstructors in terms of
the system’s input and output [5]. The state partial approach [19] is used to find
the state partial dynamics and then to estimate the unknown parameters to adapt the
flat filter control in a closed loop [20-22]. Unlike other adaptive filtering controls
[17, 18], the tuning of our FFC is realized through a Hurwitz polynomial [20, 21],
eliminating the need for an optimization algorithm and instilling confidence in its
practicality. However, this FFC technique is similar to adaptive filtering control in
that the system adapts to a changing environment, especially under internal and
external disturbance. It carries the output signal to a desired reference signal despite
the disturbances.

The paper is organized as follows: Section 2 describes the background of physical
interpretations based on a generalized proportional-integral controller and the partial
state concept for the proposed flat filter controller. Section 3 presents the buck-boost
power converter circuit design and the flat filter controller’s performance in closed-
loop for the buck-boost power converter. Section 4 shows the experimental setup and
results of the flat filter controller’s performance in closed-loop. Finally, Section 5 gives
the conclusions of the proposed flat filter controller.

2. Background of physical interpretations

Our solution was centered on reviewing the polynomial criterion z(s)a(s) + w(s)
b(s) =1 for the coprimeness of [a(s), b(s)]. To better understand the physical signif-
icance of this condition, we note that [b(s), a(s)] are not arbitrary polynomials but are
related to the system input and output by

~—

b(s
a

y(s) = TM(S) ¢))

~—
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Now, we can rewrite (1) as
¥(s) = b(s)&(s), als)E(s) = uls) ()

We should recall that the partial state £(¢) and its time derivatives entirely deter-
mine the state of any realization [19].

On the other hand, we expose the validity of flat filters or robust GPIC for han-
dling simplified models of perturbed controllable systems [5, 20, 21]. We briefly
illustrate this in the context of an output stabilization task for a pure integration,
third-order system. Consider the linear time-invariant system:

y(t) = u(t) 3)

Integrating the system expression once and again while purposefully neglecting
the effects of the unknown initial conditions, one obtains two expressions for the
unknowns y and j, which we subsequently address as the structural estimates: y and j
of those variables. These two variables, in terms of iterated integrals of inputs, are just
given by

9= J;u(r)dr, y= Jt ru(r)drdﬂ (4)

0J0

These estimates, or integral reconstructors [5], of the phase variables, JA/ and jA), are
off by a first-degree time polynomial and by a constant term depending on the
unknown initial conditions. Using these faulty estimates in any stabilizing linear
feedback scheme demands additive integral output compensation, including up to a
double integral of the available output signal. A stabilizing controller proposed to be

e 1

After substituting the expressions of the integral reconstructors for y and j, the
following implicit expression for the controller is obtained.

e[l enfern(B) ()]

Simple association of the iterated integrals leads to the following equivalent
expressions, fully explaining the controller representation depicted in Figure 1a.

o (ORI

Applying Laplace transforms in the last expression and after rearrangement, it yields

_ [ s+
o) = |5 el ®
or
_ [SHrstr __[pl)
ye) = [7252 +ris+ 70] uls) = [4(5)] “b) ©)
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Figure 1.
Buck-boost converter. (a) Switch implementation. (b) Transistor diode implementation.

Employing the partial state approach (1) and (2), thus we have the following

y(s) = (> + 745 +73)E(s) (10)

Applying the inverse transforms of Laplace to (7) yields the following

y(e) = £0) +74E0) + 138(0) (11)
Therefore, we calculate the partial state dynamics as follows.
&) = &)
& (1) = —1361(t) — 7462(t) + (1) (12)

Substituting the partial state dynamics in (5) to calculate the input control, we
have

u(s) = =[ras" + 71 + 10 £(5) (13)
Once again, applying the inverse transforms of Laplace to (11), we have
u(t) = —1(t) — 1:16(t) — 1oé(2) (14)
Employing the dynamics of (10) into (12), finally, we have the input control as
u(t) = 12| 7361(8) = 1a&l®) +3:0)]| = &) — 7081(0)
= (rar3 = 10)61(t) + (vara = 71)&2(0) —r9(2) (15)

Notice that the partial state dynamics &(¢) helps filter the output, considering y(t)
as an input.

3. The buck-boost power converter circuit

Figure 2 illustrates the buck-boost converter, which can produce an output voltage
lower than, equal to, or higher than the input voltage. Unlike the buck and boost
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Figure 2.
Average model equivalent circuit of the buck-boost converter.

converters, this topology generates a negative output voltage when operating without
isolation [1].

3.1 Continuous conduction mode

In the buck-boost converter’s continuous conduction mode (CCM), the current
through the inductor L never drops to zero. The operation is divided into two stages:
when the switch S is closed, the inductor is charged with the potential of the input
source E, storing energy in its magnetic field while the switch S is open. In the second
stage, when the switch S; is open, the inductor attempts to maintain current continu-
ity by releasing the stored energy via S,, allowing energy transfer to the load.
Remember, the output voltage can be either higher or lower than the input voltage but
always has a negative polarity (see Figure 1(a)). Without loss of generality, we
introduce a change in terminology and now define the inductor current as i, the
supply voltage as E, the diode as D, the output voltage as vc, the load as R, and the
converter’s duty cycle as #. Consequently, the equivalent transistor diode implemen-
tation is shown in Figure 1(b). In that sense, the steady-state analysis assumptions for
the buck and boost converter follow now: 7, is given by

i (1) = B(O) +1,(0) 16)

where I1,(0) represents the initial inductor current, corresponding to its minimum
value, evaluating (16) at ¢ = T, the moment when the switch turns off, yields the
maximum inductor current. This results in the following relationship:
1
It max —Ipmin = ZEMT 17)
Similarly, in mode 2, the inductor current is given by

in(t) = — ”fc (t — uT) + I, (uT) (18)

Evaluating (18) at¢ = T, and since we assume steady-state operation, we use
I1(0) =I1(T) to obtain the following

I,(0) = — ”fc (T — uT) + I, (uT) (19)
Thus, we have
ILmax - ILmin = Ufc (1 - M)T (20)
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Equating (17) with (20), we obtain the following voltage conversion ratio:
e u
E (1-u)

(21)

The output voltage can be either smaller or more significant than the input voltage:
u > 0.5 Boost.
u < 0.5 Buck.
u = 0.5 Unity gain.
We calculate the average input current as follows.
(ILmax + IL min )u

Iy = ~“tmax T Tbmin /7 po)
_ e2)

and the average output current is given by

(ILmax + ILrnin )(1 - M)
2

I, = (23)

As we know that the power held, we use the following relation I;,E = I, to obtain

(24)

To solve for I}, max and I, min in terms of the converter components, we substitute
for I, = vc/R. Hence, from (20) and (23) we obtain

u uT
Ilmax =E|———=+=— 25
e = | 2
while the minimum inductor current value is given by
u ul
Itmin =E| ——— — =+ 26
L min |}2(1—u)2 ZL] ( )

In the above equation, the critical inductor value that keeps the buck-boost
converter in the discontinuous conduction mode (DCM) mode can yield through
It min = 0.

RT(1—u)* R(1—u)’

Lerie = > = (27)

Notice that for the same frequency of operation and load resistance, the buck
converter has the highest critical inductor limit compared to the boost and buck-boost
one. In contrast, the boost converter has the smallest L, resulting in a broader range
of inductor designs.

3.1.1 Output voltage ripple

It shows that the capacitor current of the buck-boost converter is the same as that
of the boost. Thus, the capacitor voltages are given by
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Av, uT u

. 28

v. RC RCf (28)
3.1.2 Buck-boost nominal values
The value of the critical inductance from (27) is given by
47(1—0.5)?

Lo = A7 02)  130uH 29

‘T s x10%) 29)

To have a small ripple in the input current, we choose the inductance value L as
follows

L = 3.85 X Loy = 500 uH (30)

with this nominal value and employing (17), the input current error is

1 20 x 0.
Ai, = = FuT = (20 x 0.5)

= 0.444A 31
L (500 x 107°) (45 x 10%) (D

On the other hand, the ripple level of the output voltage is calculated as:

0.5
Av, = 20 =10 x 1073V 2
) <47(470 % 1075) (45 103)> . (32

Table 1 shows all the nominal values of the buck-boost power converter. These
values were calculated to work in continuous conduction mode (CCM). The next
subsection will deal with the Flat Filter Controller design based on the buck-boost
average model.

3.2 Average model of the buck-boost power converter

We designed the buck-boost power converter to work in continuous
conduction mode (CCM) to guarantee that the buck-boost average model is
always continuous. For this, we average the input control at the time interval fixed
as follows

T
oo (£) = 1J w(@yde — =

f)u(r)dr + JTM<T)dT] (33)

2

=

When we calculate the average value of the input control shown in Figure 2. Thus,
we have the following

: T :
W):;lemjonT]:;ledT:;g:; 69

0 7

=

Employing the laws of Kirchhoff, we calculate the average dynamical model of the
buck-boost power converter shown in Figure 2, which is described by
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Parameter Nominal value
L 500 uH

Cc 470 uH

R 47 Q

E 20V

f 45 kHz

Aig 0.444 A

Av, 10 mV

Table 1.

Buck-boost parameters.

diy,

L% = (1 —stgy)vc + Ettgy (35)
d . 1
C% = —(1—uy)i, — (E>vc (36)

where v is the output capacitor voltage, 7y, is the inductor current, E is a constant
voltage value of the main power supply voltage, R is the load resistance, while L and C
are the inductance and capacitance parameters of the power converter. The average
control input #,, is the average value of the binary-valued switch position function
u €{0, 1}, which is defined in the closed-interval value u,, € [0, 1]. Thus, we obtain a
state average model of the buck-boost circuit, described in Ref. [1].

The buck-boost converter average model assumes that power-switching devices
and converter components are lossless. Then, a precise average model is not required,
which justifies the use of model-free control methods [8], such as Classical PID
Control [5], Sliding Mode Control [4], and Active Disturbance Rejection Control
(ADRC) such as the one proposed in the present paper [20, 21].

Then, the equilibrium points of the buck-boost power converters system (35)-(36)
can be obtained in a parameterized form as a function of the corresponding output
voltage equilibrium (constant desired reference), oc = V; <0, that is

_ Vu :
Uy = =, 1
“"v,-E "

_ Va(Va - E)
=" RE (37)

with #,, € [0, 1]. Note that if #,, = 0.5, then ¢ = E. For #%,, > 0.5, then ¢ > E.
Finally, if %,, < 0.5, then 9¢ < E. Consequently, the buck-boost power converter circuit
has three modes of operation to regulate its output voltage. The zero-dynamics

corresponding to the desired output voltage: D¢ = V, is given by the unstable differ-
ential equation for the average inductor current:

dip, Vy

E
i LRi, (E—-Vy) + I (38)

thus, the output voltage is a non-minimum phase variable [2, 6]. The state average
buck-boost power converter model is locally differentially flat, that is, feedback
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linearizable. The output function (flat output or linearizing output) leading to the
state space exact linearization system is the following [2, 4]:

. 1 .
H(iz,vc) = 5 [sz +CE - vc)z] (39)
we have then the following coordinate transformations:

1 .
ELli +C(E —vc)’

[’“} — (i, vc) = (40)

. 1
x2 Ei;, +Uc}—2(E — Z)C)

According to Proposition 2.1 [23] the Jacobian matrix at x(0) = (0, 0)” of the
function (40) is nonsingular, hence ¢(x) is a local diffeomorphism in an open subset
x € R" including x (0). The flat output H is, as it is easily verified, the relative degree
r=2. According to the coordinate transformation in (40), the original system
(35)-(36) can be transformed into the following normal form:

561 = X2 (41)
%2 = a(x) + p(x)tay (42)

where, x1 and x; are states, #,, is the average control input, and y(t) = x is the Flat

output. The variables a(x):=Evc/L + (2vc — E) (Ié’z—cc + I%C) and f(x):=E(E —v¢)/L +
L (E — 2vc) are the nonlinear scalar functions of x. The last equation, which involves
the control variable #,, is nonlinear. We know f(x) # 0, considering that the relative
degree ' is well-defined. The equilibrium of the average total stored energy,
corresponding to an operating point (i.,7¢), is given, in terms of the voltage equilib-
rium value, ?¢, by:

H(i,¢) = % [Liﬁ + C(E - EC)Z} (43)

where H is the constant desired reference of the Flat Output, which has a direct
dependency on the desired output voltage V. Thus, we have

1
2

LV%(V, —E)*

= (RE)?

+ C(E — V) (44)

3.3 Flat filter controller design

We define the energy error as: ey = H — H, and instead of using the transformed
canonical dynamics (40) and (41) in terms of (x1,%,) = (H JH ), for the total average
stored energy dynamics, we examine the relation between the second-order time
derivative of ey and the average control input #,, in terms of the original average
model state variables i;, and v¢. Thus, the energy error dynamics are given by

én(t) = a(x) + B(x)ua (45)
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Borrowing concepts from ADRC, which are intimately related also to the model-
free controller (MFC), we intend to ignore the nonlinearities largely appearing in the
total stored energy second derivative expression H. We simplify the model to a
completely unstructured model. Consider the input channel modified dynamics with a
state and dependent total perturbation term:

éH(t) = é(iL’ ve, uav) + aey

g(iLa ve, um}) = a(x) +ﬁ(x)uav —aey (46)

where a €R,a # 0, the error of the input control is defined as: e, = #,, — %,y. The
next crucial and controversial step has been recently rigorously justified in Refs. [8-
14] in the context of ADRC and the work [20, 21] in the context of MFC. This consists
of replacing the internal nonlinearity £(ir, v¢, #s ) = 21 by a low degree, unstructured
time polynomial model represented as a local internal disturbance model (described
by a corresponding low-order homogeneous linear state model) in the simplified
dynamics. This is achieved by either letting: 21 = 0 in the zeroth degree polynomial
model case. This step is performed disregarding the state and control input depen-
dence of the additive nonlinearities in the additive term: £(ip, v¢, #,, ). The choice of
the nonzero constant, a, replacing the nonlinear, state, and input-dependent gain,
which turns out to be, more surprisingly, quite arbitrary [20, 21]; although educated
guesses, or, alternatively, local algebraically-based parameter identification proce-
dures may prove to be substantially effective [21]. The model to be controlled, using a
first-order local homogeneous state model for the state and input-dependent non-
linearities, &(ir,, vc, #a) = 21, is thus given by

eu(t) =21+ aé, (47)

we calculate the integral reconstructors ¢y, and ey from (47) as follows

t

by = aey, ey = MJ ey(7)dz (48)
0

From (5), we propose a regulation controller in terms of the energy error

7 t (A
ey = |:—j/4é}_1 — }’3é;_] — ¥2€H — V1 (Jo eH(T)dT> —7%0 (L Jo €H(T)de/1>:| (49)

Substituting (48) into (49) and combining common terms, we have the following

0 0J0

2 t t (A
(14 ay,)e, + ay3J eu(t)dt = —yen — 11 <J eH(T)dT> —70 (J J €H(T)d’l'd/1) (50)
0
We calculate the time derivative twice to (50) and yield the following

(14 ay4)éu(t) + ayséu(t) = —v2én(t) — rién — yoen(?) (51)

Applying the Laplace transform to (49) and after rearrangement,

(1 +ayy)s® + ayss
(r252 + 715 +70)

eu(s) (52)

ey(s) = —
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Employing the partial state approach to (52), thus we have the following
en(s) = [(1+ ayq)s* + ayss|&(s) (53)

From (53), we calculate the partial state dynamics as follows:

&1(t) = &(t)

&) =— [(1:1_%} &(t) +en(t) (54)

Therefore, the Flat Filter Controller (FFC) law is proposed from (8) as follows:
eu(s) = = [r25® + 115 +70]8(s) = —125%8(5) — 1158(5) — 10£(s) (55)
Applying the Laplace inverse transform to (55), we obtain the following:
eult) = —12f(t) = 11(X) — 1o€() (56)

Substituting the partial state dynamics (54) together with the input control nomi-
nal value in (56), finally, we have the FFC law

) = () + (37— )alo) - o) - (112 Jewl) )

1+ﬂ}/4 1—|—ﬂ]/4

The Flat Filter Controller is based on the partial state dynamics (54), this approach
of control constitutes a reinterpretation of GPIC [5] in the form of classical compen-
sation networks (CCN). Roughly speaking, any linear controllable system whose
output is Brunovski’s output can be output regulated with the help of a well-tuned
proper linear filter and a suitable linear combination of the available internal states of
such filter. The characteristic polynomial of the normalized closed-loop system,
ignoring the attenuated effects of the nonlinearities and disturbances, is given by

Pals) = (5 + 2,5 + 02) (s + ) (58)

with { = 0.707, w, = a = 10, a = 5. Thus, the gains of the flat filter controller
(FFC) are given by

74 =0+ ¥w,,r7; = 4alw, + Zwﬁ + 4{250,” Yy = Zaa)ﬁ + 4a§2a)n + 4(0)2,

Y1 = a)i + 4§awz, Yo = aa)i (59)
3.4 Simulation results

This subsection compares two controllers: our FFC proposal and the digital pre-
dictor controller (DPC). We can observe that the DPC has a regulation error higher
than the FFC. On the other hand, the response of the DPC inductor current presents a
ripple current content longer than the FFC. FFC and DPC reach the desired constant
value reference in a short time. Under the sudden output load changes, both
controllers show a speedy recovery. Figure 3 shows the simulation results for both
controllers.
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Performance of the FEC versus DPC. (a) Output voltage responses. (b) Inductor current responses. (c) Input
control responses.

4. Experimental results

The controller performance tests are performed using the experimental platform
shown in Figure 4 and the parameters shown in Table 1. The performance is studied
based on changes in the output voltage reference, load resistance, and the converter
supply voltage level variation.

In this sense, Figure 5 shows the output voltage response when varying the refer-
ence voltage V,; between three levels: 10, 20, and 30 V. In this test, you also measure
the current response in the inductor, and it is shown in Figure 6. The results show that
the control scheme adequately follows the desired reference.

On the other hand, changes are made to the converter’s output load resistance. The
load resistance of the converter is 4742 to which a resistor of the same value is connected
in parallel for approximately 3 s. Figure 7 shows the performance response of the control
scheme at three different output voltages: 10, 20, and 30 V. Figure 7(a) shows the
output voltage response, which remains regulated at the desired voltage during changes
in load resistance, with minimal output voltage variations. Figure 7(b) shows the
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Figure 4.
Connecting the experimental platform.
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Figure 6.
Current response in the inductor during variations of the output voltage reference.

current response in the inductor, where it is observed that the current doubles during
the time interval of the output resistance disturbance. Figure 7(c) shows the control
maneuver to compensate for the load resistance disturbance.

Finally, tests are performed with variations in the supply voltage of the buck-boost
converter. The supply voltage variation range goes from 15 to 25 V. Figure 8(a) shows
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Response of the buck-boost converter when varying the converter supply voltage level: (a) output voltage response,
(b) inductor current vesponse, and (c) supply voltage.

the response of the converter output voltage when the supply voltage level is varied.
In this figure, the output voltage remains at the desired reference level. Figure 8(b)
shows the compensation maneuver of the control input signal. The variation of the
supply voltage level of the buck-boost converter is shown in Figure 8(c).

5. Conclusions

The buck-boost power converter’s flat filter controller design is robust to sudden
output load changes and sudden voltage supply. The flat filter control methodology
begins with the transfer function, after employing the integral reconstructors and
finishes with the state partial to find the controller. FFC is easy to implement and
tune, since a Hurwitz polynomial makes the tuning. The TMS320F28335 digital signal
processor chip helped demonstrate the static and dynamic performance of FFC in
closed-loop in the output voltage regulation of the Buck-boost power converter, even
though the output voltage is a state variable of non-minimum phase.
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