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ABSTRACT

This thesis presents a simulation-based fault-tolerant control strategy for a
bidirectional Dual Active Bridge (DAB) converter, motivated by the growing demand
for reliable and efficient power conversion in applications such as electric vehicles,
battery energy storage systems, and renewable energy integration. Although DAB
converters are widely adopted due to their high efficiency and bidirectional capability,
their performance can be significantly degraded by open-circuit switch faults, which
may compromise system stability and power continuity. To address this issue, a fault
detection and diagnosis framework combining wavelet-based feature extraction and
Artificial Neural Network (ANN) classification is proposed. Inductor current signals
obtained from a MATLAB/Simulink model of the DAB converter are decomposed
using discrete wavelet transform to extract time—frequency features that characterise
both normal and faulty operating conditions. These features are used to train an ANN
classifier to distinguish between normal operation and open-circuit faults at individual
switches. The ANN training converged within six epochs and achieved a Mean Squared
Error (MSE) of 1.43 x 107", indicating fast convergence and stable learning behaviour
under the simulated conditions. Simulation results demonstrate that the proposed
method is capable of detecting open-circuit faults at switches T1, T2, TS, and T6 within
approximately 0.21-0.23 s. Following fault identification, a redundancy-based passive
fault-tolerant control strategy is activated, allowing the converter to recover stable
operation within approximately 0.28—0.29s. The post-fault current waveforms return to
within predefined tolerance bands with reduced oscillations, confirming the
effectiveness of the proposed approach in maintaining bidirectional power flow during
fault conditions. Overall, the results indicate that the integration of wavelet-based signal
processing and ANN-based fault diagnosis can enhance the reliability of DAB

converters under open-circuit fault scenarios in a simulated environment.
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CHAPTER 1
INTRODUCTION

1.1 Research Background

The Bidirectional DAB Converter has become a cornerstone in modern power
electronics due to its adaptability, efficiency, and ability to manage bidirectional power
flow [1]. Its architecture, which consists of DAB on both the input and output sides,
allows seamless power transfer in either direction [2]. This feature makes DAB
converters ideal for a wide range of applications, including electric vehicle (EV)
charging, renewable energy systems, energy storage, and grid support. With the
growing emphasis on sustainable energy and the need to stabilize power supply systems,
DAB converters are instrumental in managing energy flow between sources, storage,
and loads [3]. However, as these systems grow in complexity, ensuring their reliability
and resilience under various fault conditions has become critical. Fault tolerance is an
essential aspect of power electronics, particularly in applications where continuous
operation is vital [4]. Traditional converters are susceptible to faults, such as open
circuit and short circuit failures in semiconductor switches, which can lead to
catastrophic system failures, interrupt operations, and increase maintenance costs [5].

In the case of a DAB converter, the challenge is even greater, as bidirectional
power flow requires the system to quickly detect, isolate, and adapt to faults to maintain
stability. Without effective fault tolerance, faults in DAB converters could disrupt
power systems, leading to downtime and increased costs [6]. This has led to a growing
body of research focused on developing fault tolerant topologies and intelligent control
strategies for DAB converters to ensure they remain operational under fault conditions.

One of the most promising approaches in recent research involves integrating
artificial intelligence (AI) with signal processing techniques to enhance fault detection
and tolerance [7]. Specifically, the combination of artificial neural networks (ANNs)
with wavelet-based feature extraction has emerged as a powerful method for fault
management in DAB converters [8]. Wavelet analysis is particularly effective for
capturing transient behaviours and oscillations in electrical waveforms, which are often
indicative of faults [9]. Unlike Fourier analysis, which provides frequency information

without localization in time, wavelet analysis decomposes signals into both time and



frequency domains, making it ideal for detecting sudden changes associated with faults
[10]. By extracting these unique features, wavelet analysis can help identify distinct
patterns that correspond to different types of faults, thus enabling precise and rapid fault
detection. After extracting features with wavelet decomposition, these features can be
used to train an ANN, which is adept at recognizing complex patterns in data [11]. The
ANN learns to classify various operational states of the DAB converter, distinguishing
between normal and faulty conditions and identifying specific fault types [12]. Once
trained, the ANN can quickly analyse incoming waveform data to detect and classify
faults in real time, triggering appropriate responses to maintain system stability [13].
This intelligent fault management approach allows the DAB converter to not only detect
faults but also adapt its operation, accordingly, leveraging redundancy or adjusting
control strategies to ensure uninterrupted power flow [14].

The fault tolerant DAB converter topology proposed in this research integrates
redundancy with intelligent control mechanisms [15]. Redundant switches are included
in the design, which can be activated when faults are detected, thereby maintaining
continuous operation [16]. The ANN’s ability to identify faults based on the waveform
data alone augmented by wavelet extracted features enables the system to respond
swiftly to faults, reducing the risk of cascading failures. This design not only enhances
the reliability of the DAB converter but also contributes to the resilience of the larger
power system [17]. Such resilience is critical in applications like EV charging stations,
which require uninterrupted service, and in renewable energy systems, where
fluctuations in supply and demand make fault tolerance essential for grid stability [18].
The significance of this research extends beyond the technical advancement of DAB
converters. It demonstrates a paradigm shift in power electronics toward more adaptive,
intelligent systems that can handle the complexities of modern energy systems [19]. As
the grid evolves to accommodate decentralized and variable renewable energy sources,
the demand for converters that can adapt to fluctuating conditions and withstand faults
will only increase. This research provides a blueprint for designing next generation
power converters that incorporate Al driven fault tolerance, thus paving the way for
more resilient and sustainable energy systems.

Furthermore, the integration of wavelet-based feature extraction and ANN
classification represents a valuable contribution to the broader field of intelligent power
electronics [20]. This approach exemplifies how advanced data processing techniques

can be applied to power systems, enhancing their performance and robustness. By



leveraging wavelet transforms to capture subtle fault characteristics and using ANNs
for rapid classification, the proposed fault tolerant DAB converter showcases how Al
and signal processing can work in tandem to improve system reliability [21]. This
methodology has potential applications beyond DAB converters, extending to other
critical components in power systems that require fault tolerant capabilities. Ultimately,
this research addresses a critical need in the energy industry: the ability to maintain
reliable power flow in the face of faults. By developing an intelligent, fault tolerant
DAB converter, this work contributes to the advancement of resilient power systems
that are essential for modern applications such as renewable energy integration, smart
grids, and EV infrastructure. The proposed converter is not only a technical innovation
but also a step toward sustainable and reliable energy solutions, aligning with global

efforts to achieve a more robust and flexible energy grid.



1.2 Motivation for This Work

In today’s rapidly evolving energy landscape, reliability, efficiency, and
adaptability are more important than ever. As the world shifts toward renewable energy
systems, electric vehicles, and smart grid technologies, the need for robust and
intelligent power converters becomes critical [22]. At the heart of many of these
applications is the DAB converter, prized for its ability to transfer energy bidirectionally
with high efficiency and compact design.

However, as promising as DAB converters are, they also come with challenges
particularly when it comes to fault tolerance and real time fault detection [23]. In high
stakes systems like EV charging or grid connected batteries, even a brief power
disruption caused by an undetected fault can lead to equipment damage, energy loss, or
safety risks. Traditional fault detection methods often fall short in speed or accuracy,
especially in dynamic environments [24].

This is what drives the core motivation behind this work: the need to enhance
the fault tolerance of DAB converters using intelligent, fast, and accurate control
strategies. By integrating wavelet-based feature extraction with artificial neural
networks (ANNSs), this research aims to create a converter that can not only operate
efficiently under normal conditions but also quickly detect and recover from faults,
maintaining system stability with minimal downtime.

The ultimate goal is to contribute to the development of smarter, safer, and more
resilient power systems ones that can meet the growing demands of modern energy
applications while minimizing failure risks. This work combines power electronics,
signal processing, and Al to push the boundaries of what current converters can do and

to help pave the way for next generation energy solutions.
1.3  Problem Statement

Modern energy systems increasingly depend on advanced power electronic
converters to enable efficient and flexible energy exchange between multiple sources
and loads. Among these converters, the bidirectional DAB converter has gained
significant attention due to its high-power density, galvanic isolation, and capability for
bidirectional power transfer. Despite these advantages, maintaining stable, efficient,
and reliable operation of DAB converters under varying load and operating conditions

remains a significant challenge. Conventional switching and control strategies are often



based on fixed modulation schemes or simplified control assumptions, which may not
respond effectively to dynamic current variations. As a result, such methods can lead to
increased power losses, reduced efficiency, and degraded system performance,
particularly in applications requiring frequent bidirectional power flow. This highlights
the need for an improved switching strategy that incorporates current-based control to
ensure stable and efficient operation across a wide range of operating conditions.

In addition to control challenges, fault detection in bidirectional DAB converters
represents a critical concern for system reliability and safety. Traditional fault detection
techniques commonly rely on threshold-based monitoring, rule-based logic, or
hardware protection circuits. While these approaches are relatively simple to
implement, they often suffer from limited sensitivity, slow response time, and an
inability to accurately detect subtle or early-stage faults. In particular, open-circuit
switch faults can be difficult to identify using conventional methods because they may
not produce immediate or obvious changes in system signals. As a consequence, such
faults may remain undetected until they lead to severe performance degradation or
component damage. This limitation exposes a clear gap between existing fault detection
methods and the increasing reliability demands of modern power electronic systems.

Recent advancements in data-driven and intelligent diagnostic techniques
provide an opportunity to address these shortcomings. Artificial neural networks offer
the ability to learn complex nonlinear relationships from system data and can
distinguish between normal and faulty operating conditions with higher accuracy than
traditional methods. When combined with effective feature extraction techniques, such
as wavelet-based analysis, ANN-based fault detection can capture both time-domain
and frequency-domain characteristics of converter signals. This enables faster and more
reliable detection of open-circuit faults compared to conventional approaches,
particularly in dynamic operating environments. However, the application of such
intelligent fault detection methods to bidirectional DAB converters remains relatively
limited and requires further investigation and validation.

Furthermore, the effectiveness of any proposed switching strategy or fault
detection mechanism must be demonstrated through systematic evaluation before
practical deployment. Experimental validation, while desirable, is often constrained by
cost, time, and hardware availability. MATLAB and Simulink simulations provide a
flexible and powerful platform for modelling converter behaviour, implementing

control algorithms, and evaluating fault detection performance under controlled yet



realistic conditions. Without comprehensive simulation-based validation, it is difficult
to assess whether proposed techniques can achieve the desired improvements in
efficiency, stability, and fault tolerance. Therefore, there exists a clear need for a
structured simulation framework that can validate both an improved current-controlled
switching strategy and an intelligent ANN-based fault detection mechanism for

bidirectional DAB converters.

1.4  Research Objectives

The objectives of this research focus on addressing key challenges in the design
and operation of bidirectional DAB fault tolerant converter topology. These objectives
aim to ensure the reliability, efficiency, and seamless operation of the DAB converter

under normal and fault conditions.

a) Todevelop a current controller-based switching strategy to enables efficient and
stable bidirectional power transfer in a DAB converter.

b) To develop open circuit fault detection mechanism for BDC using feature
extraction method in ANN to enable fast and accurate identification of faulty
switches, thereby supporting reliable fault-tolerant operation.

¢) To validate both techniques using simulation for evaluating the performance,
reliability, and fault-tolerant capability of the proposed switching strategy and

fault-detection mechanism.

1.5 Research Question

1) How can a current controller-based switching strategy enhance the efficiency
and stability of bidirectional power transfer in DAB converter?

2) What are the major challenges in ensuring reliable operation of a DAB
converter under fault conditions, especially open circuit faults?

3) Can artificial neural networks (ANN) effectively detect open circuit faults in

Bidirectional DC Converters (BDC) through feature extraction techniques?



1.6  Significance of Study

This study aims to contribute meaningfully to the development of smarter, more
reliable power conversion systems, especially in today’s world where energy efficiency
and system resilience are more important than ever. The DAB converter has gained
popularity due to its ability to manage bidirectional power flow, but like any advanced
system, it faces real challenges especially when operating under unpredictable
conditions or faults [25].

By proposing a current controller-based switching strategy, this research hopes
to make DAB converters more efficient and adaptable, which can benefit a wide range
of applications, from electric vehicles to renewable energy systems [26]. Furthermore,
by introducing artificial neural networks (ANN) for detecting open circuit faults, this
study takes a proactive step toward making power systems smarter and more self-aware
capable of identifying problems before they lead to serious failures [27].

Validating everything through simulation in MATLAB ensures that the ideas
are not just theoretical, but practical and ready for future real-world application. In
essence, this research brings together modern control strategies and intelligent fault
detection to build a foundation for more robust, efficient, and reliable energy systems.
It’s a step forward not just in technology, but in creating solutions that matter in

everyday energy challenges.

1.7  Assumption

This study is built upon a few key assumptions to ensure the research remains
focused, manageable, and meaningful. Firstly, it is assumed that the simulation
environment in MATLAB accurately represents the real-world behaviour of the DAB
converter under both normal and fault conditions. While simulations cannot capture
every possible real-world factor, they are assumed to be reliable enough for validating
the proposed control and fault detection strategies.

Secondly, it is assumed that the system components such as switches,
transformers, and sensors operate under ideal or near ideal conditions in the simulation.
Factors like component aging, noise, and environmental effects such as temperature or
humidity are not included in this stage of the research. Third, the artificial neural

network (ANN) model used for fault detection is assumed to be properly trained with



clean and relevant input data. It is also assumed that the selected features for training
are representative enough to allow the model to recognize patterns and detect open
circuit faults accurately.

Lastly, this study assumes that the focus on open circuit faults is sufficient to
demonstrate the capability and value of using ANN for fault detection in bidirectional
DC converters. While other fault types exist, this research concentrates on a specific
type to maintain clarity and depth. These assumptions help keep the research scope clear
and enable a deeper exploration of the proposed strategies, laying a strong foundation

for future studies that can build upon or expand these ideas.

1.8 Ethical Committee

This research was conducted with careful attention to ethical standards, ensuring
that all activities carried out during the study were aligned with principles of honesty,
integrity, and respect for academic and professional norms.

Since this project is simulation based and does not involve human participants,
animals, or sensitive personal data, the ethical risks are minimal. However, the
researcher has remained committed to upholding ethical practices throughout the study.
All simulation tools, particularly MATLAB and any machine learning (ML) libraries,
were used with proper licensing and within the allowed scope of use. Data used to train
the artificial neural network was generated within the simulation environment and does
not involve any third party or proprietary datasets. No part of the work was copied or
plagiarized from other sources, and full credit has been given to all references,
frameworks, and tools used in the development of this project.

Should this study progress toward hardware implementation or real-world
testing in the future, ethical approval will be sought from the appropriate institutional
review board or ethics committee to ensure the continued responsible conduct of
research. This project has been developed in good faith, with the intention of

contributing positively to the field of electrical and electronic engineering.

1.9 Thesis Scope and Limitation

This study focuses on the development of a fault-resilient control and fault

detection framework for a bidirectional DAB converter, which is widely used in modern



energy systems such as electric vehicles, renewable energy integration, and battery
energy storage applications. The scope of the research is defined by the objective of
improving both power transfer efficiency and system reliability under normal operating
conditions as well as under specific fault scenarios. In this work, a current controller-
based switching strategy is investigated to enhance the stability and efficiency of
bidirectional power flow within the DAB converter. In parallel, an intelligent fault
detection mechanism is developed with particular emphasis on identifying open-circuit
faults in converter switches. This fault detection approach employs wavelet-based
feature extraction combined with an artificial neural network to enable accurate
classification and early detection of fault conditions. The performance of the proposed
switching strategy and fault detection mechanism is evaluated and validated entirely
through MATLAB and Simulink simulations, allowing systematic analysis under
controlled and repeatable operating conditions.

At the same time, several limitations are inherent in the scope of this research
and must be acknowledged. All modelling, analysis, and validation are conducted in a
simulation environment, and therefore real-world hardware effects such as temperature
variation, electromagnetic interference, switching noise, component aging, and
unpredictable load behaviour are not fully captured. As a result, hardware
implementation, real-time testing, and experimental verification are beyond the scope
of the present study. Furthermore, the fault detection framework is limited to open-
circuit faults occurring in individual switches of the DAB converter. Other fault types,
including short-circuit faults, soft or incipient faults, sensor failures, transformer-related
faults, and component-level degradations, are intentionally excluded. The analysis also
assumes that only one switch is faulty at any given time, and scenarios involving
multiple simultaneous switch failures are not considered.

In addition, the artificial neural network used for fault identification is trained
and tested exclusively using data generated from simulations. Its performance therefore
depends on the quality and representativeness of the simulated signals, and its
effectiveness may vary if applied to different converter topologies or real-world systems
without additional retraining or parameter tuning. While the proposed switching
strategy is designed to improve efficiency and stability, its application in larger or more
complex power systems involving multiple converters, fluctuating grid conditions, or
hybrid energy sources may require further optimization. Despite these limitations, the

study provides a focused and in-depth investigation into intelligent control and fault



detection for DAB converters and establishes a solid foundation for future work.
Potential extensions include hardware implementation, real-time wvalidation,
consideration of multiple and mixed fault types, and deployment in large-scale energy

conversion systems.

1.10 Thesis Qutline

This thesis is thoughtfully organized to guide the reader through the
development, implementation, and evaluation of an Al enhanced fault tolerant control
strategy for a DAB converter. Each chapter builds upon the last, presenting a clear and
logical progression from foundational understanding to technical execution and final
insights.

The first chapter, Introduction, lays the groundwork for the study by explaining
the importance of fault tolerance in modern power converters especially in critical
applications like electric vehicle charging and renewable energy systems. It outlines the
research motivation, defines the problem being addressed, and clearly states the
objectives and significance of the study. This chapter also introduces the core concept
of using artificial intelligence, specifically neural networks, paired with wavelet-based
feature extraction to enhance fault detection in power conversion systems.

In the second chapter, Literature Review, the thesis explores existing methods
and technologies related to fault tolerant control, fault diagnosis, and Al applications in
power electronics. It reviews the use of artificial neural networks and wavelet transform
techniques in similar contexts and critically analyses previous work on DAB converters.
This helps identify research gaps and provides a solid justification for the proposed
approach, positioning it within the broader context of current technological
advancements.

Chapter three, Methodology, details how the proposed system was designed and
developed. This includes the structure of the DAB converter, the use of wavelet analysis
to extract relevant signal features, and the configuration of the neural network model
used for fault classification. The simulation setup, data generation, and training
procedures are also described in this chapter to ensure the work is transparent, logical,
and reproducible.

The fourth chapter, Results and Discussion, presents the outcomes of the

simulation-based testing and offers a detailed interpretation of the findings. This chapter
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evaluates how the proposed strategy performs under both normal and fault conditions
using MATLAB and Simulink environments. Various performance metrics such as
detection accuracy, response time, and system robustness are discussed. Graphical
results and statistical analyses are used to show how effectively the system can detect
and classify open circuit faults. This chapter also reflects on the findings in relation to
the research goals and existing literature, while acknowledging limitations and potential
improvements.

Finally, chapter five, Conclusion and Future Work, wraps up the research by
summarizing the key contributions and outcomes of the study. It reinforces the
importance of integrating Al and wavelet-based methods in building smarter, more
resilient DAB converters. This chapter also outlines possible directions for future
research, including real time hardware implementation, expanding the fault detection
system to handle a wider variety of faults, and experimenting with alternative Al
models. The goal is to provide a strong foundation for future innovation and encourage

the continued advancement of fault tolerant power conversion technologies.
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CHAPTER 2
LITERATURE REVIEW

2.1 Introduction

As energy systems become increasingly reliant on power electronics, ensuring
the reliability and fault tolerance of converters has emerged as a key area of research
[28]. Among the various converter topologies, DAB converter has gained significant
attention due to its bidirectional power transfer capability, high power density, and
galvanic isolation [29]. DAB converters are especially well suited for applications such
as electric vehicle (EV) charging, renewable energy systems, and energy storage, where
power needs to flow efficiently in both directions. However, like all power converters,
DAB systems are vulnerable to faults that can severely disrupt performance and reduce
system lifespan [30].

Traditional methods of fault detection in converters often rely on threshold-
based techniques, look up tables, or predefined rule sets [31]. While these approaches
are straightforward, they tend to lack adaptability and struggle to detect complex or
subtle faults, such as early-stage open circuit failures in switches or components. These
limitations have motivated researchers to explore more intelligent and data driven
approaches to fault detection particularly those that can learn from patterns in electrical
signals.

One area that has shown great promise is the use of Artificial Neural Networks
(ANNGs) for fault classification [32]. ANNs can recognize non-linear relationships in
large datasets, making them well suited for interpreting converter behaviour under
various operating conditions. Prior studies have used ANNs for fault diagnosis in
different types of converters and power systems, reporting improved detection speed
and accuracy compared to conventional methods [33].

Wavelet Transform (WT) has become a widely accepted method for analysing
non-stationary signals in power electronics [34]. Unlike Fourier transforms, which
focus only on frequency content, wavelets provide both time and frequency localization,
making them ideal for capturing sudden changes or transient behaviour common during
fault events [35]. Several researchers have successfully applied wavelet transforms to

detect disturbances in power systems, extract fault signatures, and even improve the
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training of Al models like ANNs and Support Vector Machines (SVMs) [36]. The
combination of wavelet analysis and ANN provides a powerful framework, wavelets
extract rich, localized features from electrical signals, and ANNs use these features to
classify or detect faults with high confidence [37].

In the context of DAB converters, however, there is still a noticeable gap in the
literature. While Al and wavelet methods have been applied to other converter types
such as buck, boost, or multilevel inverters, studies focusing specifically on DAB fault
detection remain limited [38]. Most existing work on DAB systems centres on control
optimization or efficiency improvements, rather than fault diagnosis [39]. Furthermore,
much of the prior research on ANN-based fault detection tends to focus on short circuit
faults or general disturbances, leaving open circuit faults relatively underexplored [40].

This research aims to address those gaps by developing a fault tolerant control
strategy for DAB converters that leverages both wavelet-based feature extraction and
neural classification techniques, with a particular focus on detecting open circuit faults.
By combining these modern tools, the goal is to build a more intelligent, adaptive, and
reliable system one that not only improves fault detection but also contributes to the

growing body of knowledge on Al based diagnostics in power electronics.

2.2 Artificial Intelligent Control in Power Electronics and Fault Detection

2.2.1 Multiple Linear Regression (MLR) and Support Vector Regression (SVR)

in Fault Diagnosis

Multiple Linear Regression (MLR) and Support Vector Regression (SVR) are
commonly employed data-driven techniques for modelling and fault diagnosis in power
electronic systems [41]. These methods are often used as benchmark or comparative
models to evaluate the effectiveness of more advanced learning approaches, such as
Artificial Neural Networks (ANNSs). Their inclusion in fault diagnosis studies enables a
structured comparison between linear, kernel-based, and nonlinear modelling
techniques.

MLR is a classical statistical approach that establishes a linear relationship
between a set of input features and an output variable. In fault diagnosis applications,
MLR has been used to estimate fault severity or classify fault conditions based on

extracted signal features due to its simplicity, low computational cost, and ease of
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interpretation [42]. However, power electronic converters, including the DAB
converter, exhibit highly nonlinear behaviour under switching faults, transient
conditions, and parameter variations. As a result, the linear modelling assumption of
MLR limits its ability to accurately capture complex fault signatures [43]. Despite this
limitation, MLR remains valuable as a baseline method for assessing the relative
performance improvements offered by more sophisticated models [44].

SVR extends the Support Vector Machine framework to regression problems
and is designed to handle nonlinear relationships through the use of kernel functions
[45]. In power electronics fault diagnosis, SVR has been widely applied to analyse
current and voltage signals, particularly when wavelet-based or frequency-domain
features are used. Compared to MLR, SVR provides better robustness to noise and
improved generalisation performance in nonlinear systems [46]. However, its
effectiveness strongly depends on kernel selection and hyperparameter tuning, which

can increase design complexity and computational effort.

2.2.2 Artificial Neural Network in Fault Diagnosis

ANNSs have become an increasingly important tool in modern power electronics
due to their ability to model nonlinear relationships, learn complex patterns, and
perform rapid classification under dynamic operating conditions [47]. Traditional
control and diagnostic techniques in converter systems such as threshold-based fault
detection, rule-based logic, or fixed-parameter controllers often struggle in
environments characterised by high-frequency switching, transient disturbances, and
nonlinear waveform behaviour [48]. As a result, ANNs have emerged as a promising
solution for enhancing both converter control and fault detection capabilities,
particularly in topologies such as the DAB converter [49].

ANNSs consist of interconnected computational nodes (neurons) arranged in
layers, enabling them to approximate nonlinear functions based on training data [50].
In power electronic applications, this allows ANNs to capture subtle variations in
voltage, current, and switching patterns that typically indicate abnormal conditions or
early-stage faults [S1]. Unlike classical model-based approaches, ANNs do not require
an exact mathematical representation of converter dynamics, instead, they learn system

behaviour directly from operational data [52]. This characteristic is particularly
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valuable in converters where parasitics, harmonics, and load-dependent variations
complicate analytical modelling.

In the context of fault detection, ANNs have been widely adopted for identifying
open-circuit faults, short-circuit faults, and sensor abnormalities in DC-DC converters,
inverters, and other power electronic interfaces [53]. Their performance improves
significantly when paired with signal processing techniques such as the Wavelet
Transform (WT). Wavelet decomposition isolates non-stationary and transient features
within converter signals, producing meaningful time frequency representations that
highlight irregular switching behaviour [54]. These wavelet-extracted features serve as
high-quality inputs for ANN classifiers, enabling faster detection times, reduced false
positives, and improved robustness under noise and load wvariations compared to

conventional methods [55].
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Figure 2.1 Wavelet Decomposite Structure

Figure 2.1 illustrates this multi-level wavelet decomposition process, in which
the original signal is filtered into approximation and detail components at successive
levels [56]. Fault-induced transients appear predominantly in the detail coefficients,
allowing the ANN to differentiate between normal and faulty operating conditions with
higher accuracy. This integration of wavelet analysis and ANN classification forms the
basis of many advanced fault diagnosis frameworks in the literature [57].

Beyond diagnostics, ANNs have also been successfully applied to real-time
converter control, forming what is commonly referred to as a Neural Network

Controller (NNC). In this role, the ANN replaces or supplements traditional controllers
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such as PI, PID, or sliding-mode controllers by generating control actions based on
learned system behaviour [58]. This approach offers substantial performance
advantages in nonlinear and time-varying systems. For example, in a DAB converter
where current ripple, phase-shift modulation, and bidirectional power flow create
dynamic operating conditions, an ANN controller can adaptively produce optimal

switching commands without requiring continuous retuning of controller parameters.
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Figure 2.2 ANN as Network Controller

Figure 2.2 illustrates the general structure of an ANN when applied as a network
controller. The process begins with reference commands that specify desired operating
conditions such as voltage, current, or state-of-charge setpoints. These are combined

with real-time measurements from the converter typically voltage and current and
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supplied to the ANN as input features [59]. Through one or more hidden layers of
nonlinear neurons, the ANN learns the mapping between input conditions and the
required control action. The output layer then produces a control signal, such as a
modulation index or phase-shift angle, which governs the switching behaviour of the
DAB converter [60]. The resulting converter output is fed back to the ANN, forming a
closed-loop system that supports continuous adaptation, error correction, and stable
control performance. This structure highlights one of the key advantages of ANN-based
controllers: their ability to provide intelligent, data-driven, and adaptive responses
under dynamic or nonlinear operating conditions [61].

Despite their advantages, ANN-based systems also introduce certain challenges.
Their performance depends heavily on data quality, proper network architecture design,
and effective training. Poorly trained networks risk overfitting or poor generalisation.
In addition, deploying ANN controllers in real hardware requires attention to
computation time, sampling rates, and embedded implementation constraints [62].
Nevertheless, as power electronic systems evolve toward higher efficiency and
reliability demands, ANN-based fault detection and control strategies continue to gain
prominence.

Overall, the integration of ANNs in power electronics especially when
combined with wavelet-based feature extraction represents a significant step toward
intelligent, self-adaptive, and fault-resilient converter systems [63]. Their ability to
interpret non-stationary electrical waveforms, classify fault behaviours, and generate
dynamic control actions makes them highly suitable for DAB converters operating
under demanding conditions. As the energy sector transitions toward smarter and more
autonomous systems, ANN-enhanced methods are expected to play an increasingly
central role in ensuring converter stability, reliability, and long-term operational

performance.

2.3 Fault-Tolerant in Power Electronic

Fault-tolerant control (FTC) has become an essential design consideration in
modern power electronic systems due to the increasing demand for reliability, safety,
and uninterrupted operation [64]. Power converters, especially those employed in
energy storage systems, electric vehicles, and DC microgrids, continuously operate

under high switching frequencies, elevated temperatures, and dynamic loading
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conditions. These harsh environments make converters particularly susceptible to
semiconductor device failures, most commonly open-circuit and short-circuit faults in
MOSFETs or IGBTs. In a system such as the DAB converter, where efficient
bidirectional power transfer relies on precise switching behaviour, even a single switch
fault can lead to severe performance degradation, excessive current stress, or complete
system shutdown [65]. Therefore, incorporating an effective FTC mechanism is critical
to ensure that the converter continues operating despite component failures.

In the broad landscape of FTC strategies, power electronics researchers
generally categorize fault-tolerant designs into two major groups: Passive Fault-
Tolerant Control (PFTC) and Active Fault-Tolerant Control (AFTC) [66], [67]. While
each method offers unique advantages, their suitability depends on the converter
topology, application domain, real-time requirements, and complexity constraints.
Although both approaches have been extensively studied, the passive redundancy-based
strategy is selected for this thesis due to its immediate response capability and
compatibility with high-frequency DAB converters[68]. Nevertheless, a clear
understanding of both approaches is necessary to contextualize the choice of PFTC

within current research trends.

2.3.1 Comprehensive Analysis of Fault-Tolerant Control (FTC) Strategies in

Modern Power Electronics

As power electronic systems advance toward higher power density, faster
switching frequencies, and more compact designs, the need for robust FTC becomes
increasingly important. Modern applications place stringent requirements on reliability,
uptime, and safety. Semiconductor devices such as SiC and GaN switches operate closer
to their thermal and electrical limits, making them more susceptible to ageing, stress-
related failures, and unexpected faults. Consequently, FTC strategies must not only
detect faults quickly but also ensure that the converter can continue operating without
significant degradation.

FTC approaches in power electronics can be broadly classified into model-
based, signal-based, hardware-based, and intelligence-based strategies. Model-based
techniques rely on mathematical representations of converter dynamics, detecting faults
when measured variables diverge from predicted behaviour [69]. Signal-based methods

analyse the characteristics of electrical waveforms to identify abnormal patterns
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associated with faults. Hardware-based approaches incorporate redundant components
or robust design features that allow the converter to withstand predefined faults without
active reconfiguration. Intelligence-based approaches employ Al and machine learning
algorithms for fault detection, diagnosis, and sometimes corrective action.

As converters become more complex and operate under nonlinear switching
patterns, hybrid FTC frameworks that combine multiple techniques are becoming more
widely adopted. For example, wavelet-based feature extraction (signal-based)
combined with ANN classification (intelligence-based) provides powerful diagnostic
capability, while redundancy (hardware-based) ensures immediate response and
uninterrupted operation. This layered approach aligns with trends in modern power
electronics, which increasingly integrate intelligent diagnostics with robust hardware

solutions for enhanced system resilience.

2.3.2 Active Fault-Tolerant Control (AFTC)

Active Fault-Tolerant Control (AFTC) is an adaptive and intelligent strategy in
which the system continuously monitors its operating conditions, detects faults in real
time, and subsequently reconfigures its control mechanism to minimise the impact of
the fault. Unlike passive approaches, AFTC depends heavily on online diagnostic
processes that analyse system behaviour to identify abnormal patterns [70]. These
diagnostic techniques may include observers, machine learning algorithms, parity
checks, or parameter estimation methods. Once a fault is detected such as an open-
circuit failure in a semiconductor switch the controller adjusts its control parameters or
modifies the switching pattern to ensure that the converter continues to operate safely
and efficiently.

The main advantage of AFTC lies in its adaptability. It is capable of
accommodating a wide range of faults, including unexpected or evolving fault
conditions, while maintaining system performance through real-time modifications.
This adaptability makes AFTC highly suitable for intelligent power converters and
applications where uninterrupted operation is essential.

Despite its flexibility, AFTC also presents several limitations. It requires
substantial computational resources to perform real-time fault diagnosis and control
adjustments. Moreover, it depends on fast and accurate diagnostic algorithms and often

requires additional sensors or feedback loops to provide sufficient data for analysis. The
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resulting control structure is typically complex, which can introduce latency [71]. Such
delays are particularly problematic in high-frequency converters like the DAB, where
even small delays can cause current overshoots, voltage distortions, or further damage
to the system. Due to these constraints, AFTC is discussed in this thesis for

completeness within the literature but is not adopted in the proposed system.

2.3.3 Passive Fault-Tolerant Control (PFTC)

Passive Fault-Tolerant Control (PFTC) is widely regarded as one of the most
practical and reliable approaches for ensuring continuous operation of power electronic
converters during fault conditions [72]. Unlike Active Fault-Tolerant Control (AFTC),
which depends on real-time diagnostic algorithms and adaptive controller
reconfiguration, PFTC does not require any online decision-making during the
occurrence of a fault. Instead, the system is designed in advance to tolerate specific fault
scenarios using hardware-level measures or inherently robust control strategies [73].
This preconfigured approach makes PFTC highly suited for converters operating at high
switching frequencies such as the DAB where any delay in fault compensation can
result in significant current surges, waveform distortion, or even irreversible damage.

PFTC is grounded on the principle that reliability must be embedded into the
converter’s structure before faults occur [74]. This eliminates dependency on
computational resources or diagnostic latency, enabling immediate fault compensation.
From the literature, PFTC is commonly implemented through three core strategies:
robust system design, component overrating, and redundancy. Each of these strategies
contributes differently to overall system resilience, and together they form a

comprehensive framework for high-reliability power electronic operation.

2.3.3.1 Robust System Design

Robust system design focuses on ensuring that the converter and its control
algorithms can maintain stable performance even when faults or disturbances occur. In
this strategy, converter parameters, modulation methods, and control structures are
intentionally designed with additional tolerance margins. Such design practices may
include using modulation techniques that remain functional despite partial device

failures, adopting conservative control tuning that maintains system stability even under
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degraded conditions, and incorporating current-balancing or voltage-limiting
mechanisms that prevent cascading failures [75]. While robust design alone cannot fully
compensate for severe switching faults, it strengthens the system’s inherent ability to
cope with unexpected variations and reduces sensitivity to minor disturbances. This

layer of robustness forms an essential foundation for overall fault tolerance.

2.3.3.2 Component Overrating

A second strategy frequently seen in PFTC is the overrating of components.
Semiconductor devices, capacitors, inductors, and magnetic components are often
selected with voltage, current, and thermal ratings that exceed the expected operating
conditions. By providing surplus electrical and thermal capacity, overrated components
are less likely to experience catastrophic failure during transient surges or periods of
elevated stress. This approach is especially relevant for converters used in safety-critical
or harsh environments where reliability must be prioritised. Although overrating
inevitably increases material cost and may lead to a slightly larger converter footprint,
the enhanced durability and failure resistance it provides can significantly extend
system lifespan. In many applications, this trade-off is justified by the substantial

reduction in the likelihood of interruption during critical system operation.

2.3.3.3 Redundancy

Among all PFTC strategies, redundancy stands out as the most effective for
high-speed switching converters such as the DAB. Redundancy-based PFTC introduces
an additional set of backup switches or hardware paths that remain inactive during
normal operation but immediately take over when a primary switch fails [76]. This
ensures uninterrupted current flow, prevents distortion in the converter’s switching
sequence, and maintains stable output despite the presence of faults [77]. The
instantaneous nature of redundancy is its most significant advantage. Because the
corrective action occurs at the hardware level, the converter does not depend on
diagnostic algorithms, real-time computation, or control reconfiguration [78]. This
eliminates the delays commonly associated with AFTC and makes redundancy ideal for

converters where precise and continuous switching is critical.
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Redundancy also enhances the predictability and robustness of the system. Since
the backup switch is already integrated into the circuit and ready to activate, the overall
behaviour of the converter under fault conditions becomes highly deterministic. This
contrasts with adaptive control methods, where fault responses may vary depending on
algorithmic accuracy, sensor quality, or computational load [79]. In DAB converters,
maintaining steady power transfer and avoiding transformer saturation are paramount;
the immediate substitution provided by redundancy preserves these operational
requirements without compromising performance or safety.

In the context of this thesis, redundancy-based PFTC is the selected strategy due
to its suitability for managing open-circuit switch faults in the DAB converter. To
complement this hardware-level resilience, an ANN is employed to detect and classify
switch faults using wavelet-extracted features. While redundancy alone is sufficient to
keep the converter operational during a fault, the integration of ANN-based detection
provides valuable diagnostic insight, enabling precise identification of the faulty switch
and supporting maintenance decisions. This hybrid structure offers both immediate fault
mitigation through PFTC and intelligent fault awareness through Al-based

classification.

2.3.4 Advantages and Limitations of Choosing Redundancy as a Fault-Tolerant
Strategy

Redundancy is one of the most dependable strategies for achieving fault
tolerance, especially in systems where reliability and continuous operation are critical
like in power electronics, energy converters, aerospace equipment, or industrial
automation. The core idea is simple which is by having backup components ready to
take over, the system can keep running smoothly even if something fails [80]. There's
no need to wait for diagnostic routines or reconfiguration just an instant switch to a
standby path.

This quick response is one of redundancy’s biggest advantages. In fast switching
systems like DAB converters, even a brief delay during a fault can cause serious
problems power surges, voltage spikes, or damage to sensitive parts. Redundancy helps
avoid these issues by reacting immediately [81], [82]. It's also predictable and reliable.

Unlike software-driven fault-tolerant methods that might make wrong decisions or take
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time to compute a solution, redundancy systems are pre-engineered to kick in the
moment a fault is detected, with no room for misclassification or delay.

Another plus is the positive impact on component longevity. In some designs,
the primary and backup systems share the load. This reduces stress on any single part,
which can help prevent wear and tear and extend the system’s life. Some architectures
even allow faulty parts to be swapped out without shutting the system down this is a big
advantage when continuous uptime matters.

In short, redundancy offers speed, simplicity, and strong reliability, which
makes it a great fit for systems like DAB converters. But it comes with trade-offs cost,
space, energy, and passive use of backup components that need to be carefully weighed

when deciding whether it’s the right strategy for a given application [83].

2.3.5 Justification for Choosing the Redundancy Technique

In the context of bidirectional DC-DC converters like DAB, fault tolerance is
vital for maintaining system reliability and continuous power flow, especially in high
performance applications such as EV charging and energy storage. Among various
fault-handling approaches, the redundancy-based technique was selected for this work
due to its rapid response, minimal system disruption, and hardware compatibility.

Unlike reconfiguration-based strategies or software-dependent control
algorithms, redundancy enables immediate response to critical faults such as open-
circuit failures in power switches without requiring complex real-time diagnostics or
computational overhead [84]. This is especially relevant for DAB converters, where
even brief interruptions in switching can lead to current imbalances, voltage distortion,
and potential transformer saturation. By employing backup switches that can instantly
take over when faults are detected, redundancy ensures continuous power delivery with
no need for system reconfiguration.

This technique aligns seamlessly with the ANN-based detection and
classification system proposed in this thesis. While the ANN quickly identifies faulty
switches using wavelet-transformed current signatures, the redundancy mechanism
ensures that backup hardware seamlessly maintains system operation [85]. This synergy
between intelligent fault detection and immediate hardware recovery eliminates

downtime and protects other system components from damage.
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Moreover, redundancy simplifies system design by avoiding the need for
adaptive reprogramming or predictive analytics, making it easier to implement in real
time, hardware intensive environments [86]. It also enhances safety and long-term
reliability by avoiding the risks of misdiagnosis and delays associated with software-
based fault recovery methods.

In summary, the redundancy-based method complements the goals of this thesis
by offering a robust, low-latency solution for fault handling in DAB converters allowing
intelligent detection through ANN while ensuring uninterrupted operation through

hardware-level fault mitigation.\
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CHAPTER 3
RESEARCH METHODOLOGY

3.1 Introduction

This chapter explains the step-by-step approach used to develop and test a fault-
tolerant DAB converter with a built-in redundancy mechanism. The goal of this
methodology is to design, simulate, and evaluate a system that can continue operating
smoothly even when faults occur. The main parts of the approach include system
modelling, building the fault-tolerant features, setting up simulations, and evaluating
the system’s performance.

It starts by introducing the DAB converter’s basic structure and how it operates,
followed by an explanation of how faults especially open-circuit faults in power
switches are modelled. Then, it describes the redundancy mechanism, which involves
switching to backup components during a fault, including how and when the backup
system kicks in and how it helps the system recover.

To test everything, the design is simulated using MATLAB. The chapter also
discusses the current control strategy and highlights how intelligent fault detection is
integrated using wavelet-based signal processing and artificial neural networks (ANNSs).
These tools help the system predict and respond to faults effectively.

The system is evaluated using performance indicators like efficiency, response
time, and how quickly it recovers from a fault. One of the key strengths of the proposed
method is that it can detect and react to faults in under 0.1 seconds, helping prevent
major disruptions. The redundancy system ensures that power transfer remains stable,
with minimal voltage or current issues. By combining smart fault detection with a fast
backup strategy, the proposed DAB converter proves to be robust, efficient, and well-

suited for modern bidirectional power systems.
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3.2 Research Workflow

This section outlines the research workflow for designing a bidirectional fault-
tolerant DAB converter topology. The workflow is structured into four key phases:
Phase 1: Research study, Phase 2: Software design and simulation of DAB, Phase 3:

Faulty switch verification and control strategy and Phase 4. Analysis and reporting.

Phase 1: Research Study

The research begins with an extensive literature review to understand
bidirectional power conversion, fault-tolerant topologies, and control strategies for
DAB converters. This phase focuses on defining the problem statement, research
objectives, and technical requirements. A comparative analysis of existing fault
detection and recovery methods is conducted to identify the research gaps and establish

a clear framework for the proposed system design.

Phase 2: Software Design and Simulation of DAB

This phase involves the modelling and simulation of the DAB converter system
using MATLAB/Simulink. This includes implementing circuit models, applying
control strategies such as current control with PI regulation, simulating fault conditions
like open-circuit switch failures, and analysing power transfer efficiency, voltage
regulation, and system stability. The simulation results provide critical insights into
system behaviour, allowing necessary refinements to optimize performance. This phase
ensures that the design meets the project requirements before proceeding to hardware

validation and fault detection strategies.

Phase 3: Faulty switch verification and control strategy

This phase is dedicated to detecting and verifying faulty switches using
advanced signal processing techniques. Wavelet decomposition is applied to current
waveforms to extract key features that characterize different fault conditions. The
extracted data is then used to train an Artificial Neural Network (ANN), enabling
accurate classification and identification of faulty switches. The verification process
involves simulating multiple fault conditions, extracting fault signatures, classifying
faults using ANN-based detection, and validating the system’s detection accuracy.

Redundant switching mechanisms are implemented to facilitate seamless fault recovery,
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and the system is tested under various operational scenarios to assess its reliability and

overall efficiency.
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Figure 3.1 Flowchart for Phase 1 and Phase 2.

In Phase 2, the DAB converter is modelled and simulated, and its parameters are
adjusted according to the battery characteristics to enable realistic bidirectional power
transfer. A suitable control strategy is then designed and tested to ensure stable
bidirectional operation. Once correct bidirectional power flow is achieved, the converter

undergoes faulty switch diagnosis, followed by wavelet-based feature extraction.
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Figure 3.2 Flowchart for Phase 3.

The flowchart in Figure 3.2 illustrates the faulty switch diagnosis process in Phase 3.
After normal operation, an electronic switch fault is introduced, which causes changes
in the inductor current. These changes indicate abnormal converter behaviour. Based
on the current characteristics and extracted signal features, the ANN is used to identify
the type of fault and determine which switch is faulty before proceeding to the fault-

tolerant control stage.
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Flowchart in Figure 3.3 shows the fault diagnosis and fault-tolerant control process after
current signals are collected. The measured current signal is analysed using wavelet
decomposition to extract relevant features. These features are then classified using a
trained ANN to identify the fault condition and determine the faulty switch. Once the
fault is confirmed, the redundant switch is activated as part of the passive fault-tolerant

control strategy, and the system is restored to steady-state operation.
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33 Research Framework

The research framework focused on the design of bidirectional fault tolerant dual active bridge converter topology, highlighting the problem

statement, objectives, methodology and outcomes.
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3.4  Development and Design of DAB Converter

3.4.1 Theoretical Equation of DAB converter

Inductor Current Dynamics

The describes the fundamental voltage-current relationship governing the
inductor current (i) in the DAB converter. This equation is derived from Faraday’s Law
of Induction, which states that the rate of change of current through an inductor is

proportional to the applied voltage across it.

diy ’ (3.1)

where:
e represents the series inductance of the transformer, which includes both the

leakage inductance and any intentionally added inductance in the circuit,

is the rate of change of current through the inductor over time,

is the voltage applied by the primary-side H-bridge,

is the voltage at the secondary-side H-bridge, which is reflected across the

transformer.

Power Transfer with current control

With current feedback control, the power transfer equation becomes;

P =Vl (3.2)

where:
e s the reference current set by the controller,

e is the power transferred from the primary to secondary.
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Power Relationship in the Converter System

The following equations define the relationship between input and output power
in the system. Equation (3.3) represents the input power (Pin) as the product of the input

voltage (Vin) and input current (Iin):
Pin = Vinlin (3.3)

Similarly, the output power (Pout) is defined as the product of the output voltage

current (Iout), as shown in Equation (3.4):

Pout = Voutlout (3~4)

Alternatively, the output power can also be expressed in terms of the load

resistance (R) as given in Equation (3.5):

2
P _ Vout
out —

R (3.5)

Transformer Turn Ratio and Voltage Transfer Ratio

The transformer turn ratio (K) is a key parameter in determining voltage and
current transformation between the primary and secondary sides of the converter. This
ratio, given in Equation (3.4), is the proportion of the number of turns in the primary

coil (Np) to the number of turns in the secondary coil (Ns):

Ny

K =-L
Ns (3.6)

Additionally, the voltage transfer ratio (m) is used to evaluate the power transfer
efficiency in DAB converters. As expressed in Equation (3.7), it is the ratio of the output

voltage (Vout) to the product of the transformer turn ratio (n) and input voltage (Vin):
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Vout

nVi (3.7)

Switching Frequency and System Efficiency

To The switching frequency (fs) is an essential parameter influencing the
operating speed, stability, and reliability of the converter. It is defined as the inverse of

the switching period (T), as shown in Equation (3.8):

f:q:

==

(3.8)

The efficiency (1) of the system is a crucial performance indicator. It represents

the ratio of output power (Pout) to input power (Pin), as expressed in Equation (3.9):

Pin (3.9)

Efficiency metric determines how effectively the system converts input energy
into usable output, with a higher efficiency value indicating improved performance and

reduced power losses.

3.4.1.1 Proposed DAB Topology

The designed DAB converter circuit consists of two active full-bridge circuits,
one on the primary side and another on the secondary side, connected via a high-
frequency transformer. Unlike conventional DAB designs that rely on phase shift
modulation, this design utilizes current control to regulate power flow, ensuring precise
bidirectional energy transfer. This method provides enhanced controllability and
improved fault tolerance, making it suitable for applications that require stable current

regulation.
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Figure 3.4 Proposed topology for DAB converter

The circuit design of DAB converter as shown in Figure 3.4 above is a
bidirectional DC-DC power conversion topology designed to facilitate efficient energy
transfer between two battery storage units. This topology consists of two active full
bridges, one on the primary side and another on the secondary side, connected through
a high-frequency transformer. Unlike conventional DAB converters that rely on phase
shift modulation to control power flow, this design employs current control, which
provides more precise regulation over energy transfer. The ability to manage power
flow based on current makes this design particularly advantageous for applications
requiring stable power exchange, such as electric vehicle (EV) charging stations,

microgrids, and renewable energy storage systems.

Table 3.1
Parameter for DAB design in simulation
Parameters Value
Input Voltage (V) 100V - 600V
Output Voltage (V) 100V - 400V
Switching Frequency (Hz) 300e3
nl:n2 1:1 (Ideal Transformer)
Input Capacitor 330e-6
Output Capacitor 660e-6
Rated battery for both side 100Ah

The table presents the main design parameters of the proposed DAB converter
used in this study. It summarises the selected voltage ranges, switching frequency,
transformer ratio, and DC-link component values that define the operating conditions

of the converter. These parameters are chosen to support stable bidirectional power
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transfer between two battery systems and to provide a suitable platform for fault
analysis and control evaluation.

The primary side of the converter is powered by Battery [, which serves as the
initial energy source. A filter capacitor (C1) is placed at the input to stabilize the DC
voltage by smoothing out any fluctuations that may arise due to variations in the
battery's output. The first full-bridge circuit (PWM Bridge 1), consisting of four power
switches (77, 17, T°, and T7) along with their corresponding diodes (D;, D>, D3, and Dy),
converts the DC voltage into high-frequency AC. Unlike conventional DAB designs
that regulate power using phase shifts between bridges, this system regulates power
flow based on current control strategies. This approach allows for more accurate
regulation of current levels, ensuring smooth energy transfer while minimizing
switching losses and component stress.

The high-frequency transformer plays a crucial role in power transfer and
electrical isolation between the two battery banks. It ensures that the energy transferred
from the primary side is effectively converted to the appropriate voltage level required
by the secondary side. Additionally, the leakage inductance (/r) of the transformer acts
as an energy buffer, improving soft-switching conditions and enhancing overall
efficiency. The transformer turns ratio (#/:n2) determines the voltage scaling between
the two sides, allowing the system to adapt to different battery voltage levels.

On the secondary side, the second full-bridge circuit (PWM Bridge 2), which
consists of four power switches (7°, 7°, 77, and 7%) and their corresponding diodes (Ds,
Ds, D7, and Ds), functions as a rectifier or inverter, depending on the direction of power
flow. If power is being transferred from Battery 1 to Battery 2, the secondary bridge
rectifies the high-frequency AC back into DC, ensuring that Battery 2 is charged
efficiently. Conversely, if power needs to flow from Battery 2 back to Battery 1, the
secondary bridge inverts the DC power into high-frequency AC, which is then
transferred through the transformer and converted back into DC by PWM Bridge 1 on
the primary side. This bidirectional energy transfer capability makes the DAB converter
particularly suitable for applications such as vehicle-to-grid (V2G) and grid-to-vehicle
(G2V) charging, where EVs can act as energy storage units that supply power back to
the grid when needed.

A filter capacitor (C2) is placed at the output of the secondary bridge to smooth
the rectified DC voltage, minimizing ripples and ensuring that Battery 2 receives a

stable voltage. The system's current control mechanism ensures that power transfer
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remains stable under varying load conditions, preventing excessive current surges that
could damage the components. Unlike phase-shift control, which primarily manipulates
voltage waveforms, current control offers a more robust mechanism by directly
regulating power flow based on real-time current feedback. This enhances the overall
system reliability and allows for better fault tolerance, especially in scenarios where

sudden changes in battery voltage or load conditions occur.

3.4.1.2 Operation Mode for Bidirectional

The operation mode is essential for managing the bidirectional energy transfer

between Battery 1 and Battery 2, ensuring efficient charging and discharging processes.

a) Charging Battery 2
Charging Battery 2 involves transferring energy from Battery 1 to Battery 2
through a bidirectional converter operating in buck mode. This process is particularly
useful during power shortages or peak demand periods, serving as a backup power
source. The converter steps down the voltage from 600V in Battery 1 to 400V, which
is required by Battery 2. By ensuring continuous power availability, this operation

enhances system resilience and overall reliability.

b) Charging Battery 1
Charging Battery 1 is using a bidirectional converter in boost mode. This mode
is crucial when Battery 1 needs recharging or when the external power supply is
insufficient. In this configuration, the converter steps up the voltage from 400 V in
Battery 2 to 600 V for Battery 1. This operation maximizes energy utilization,
stabilizes power distribution, and ensures system efficiency under varying power

demands.

3.4.2 Experimental Assessment of Converter Efficiency

Table 3.1 presents the operating parameter ranges and testing conditions used to
evaluate the power efficiency of the converter. The study examines efficiency across
three critical parameters: output power, output voltage, and switching frequency. The

output power is assessed within the range of 5 kW to 45 kW, where the output voltage
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remains constant at 400 V, while the output current is varied between 10 A and 40 A.

Similarly, to evaluate efficiency under different voltage levels, the output voltage is

adjusted from 100 V to 450 V, while maintaining a constant output current of 40 A,

which is regulated by the PI controller. Furthermore, the impact of switching frequency

on power efficiency is analysed by varying the frequency from 10 kHz to 300 kHz, with

the output voltage and current fixed at 400 V and 40 A, respectively. These evaluations

provide a comprehensive insight into the system's efficiency performance under varying

operating conditions.

Table 3.2

Operating Parameter Ranges and Testing Conditions for Power Efficiency

Parameters

Range

Details

Output Voltage

100 V - 450V

To analyse power efficiency under
varying voltage conditions, the
output voltage is incrementally
increased from 100 V to 450 V,
while the output current is regulated
at 40 A through PI controller
feedback.

Output Power

SkW —-45kW

The efficiency of the system is
examined by adjusting the output
current between 10 A and 40 A
while keeping the output voltage
constant at 400 V. This allows the
evaluation of power efficiency

across different power levels.

Switching Frequency

10 kHz — 300 kHz

The impact of switching frequency
on power efficiency is investigated
by varying the frequency from 10
kHz to 300 kHz while ensuring a
fixed output voltage of 400 V and

an output current of 40 A.
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3.4.4 Controller Design

3.4.2.1 Pi Controller for DAB

In this study, the proposed bidirectional power flow control for the DAB
converter is realized using a Proportional-Integral (PI) controller with current feedback.
Unlike conventional voltage-mode controllers, this method directly manipulates the
current reference to control the direction and magnitude of power flow between the
Battery 1 and the Battery 2. The system dynamically responds to changes in current
demand, enabling seamless transitions between charging and discharging modes.

Figures 3.5 and 3.6 present the bidirectional current control strategy used in the
DAB converter, with each figure serving a distinct but complementary purpose. Both
figures are based on the same control principle, namely the regulation of power flow
using a current reference signal, and both employ current feedback to achieve stable
bidirectional operation. However, the level of detail and the focus of each figure are

different.

Pl Controller

—» Plz) —»D P

40 o
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Figure 3.5 Mode 1 — Reference Current Charging Battery 2 for PWM control.

Figure 3.5 illustrates the conceptual control principle of bidirectional operation. It
shows how the direction of power flow is determined by the sign of the reference
current. A positive reference current commands power transfer in one direction, while
a negative reference current commands power transfer in the opposite direction. This
figure does not show the internal controller structure or PWM generation logic; instead,
it provides a high-level view of how bidirectional power flow can be achieved using a

single current reference without changing the converter topology or control mode.
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Figure 3.6 Mode 2 — Reference Current discharging Battery 2 for PWM control.

In contrast, Figure 3.6 shows the detailed implementation of the same current
control concept. While the fundamental principle remains the same as in Figure 3.5, this
figure explicitly illustrates how the reference current is compared with the measured
inductor current to generate an error signal, which is then processed by a Proportional—
Integral (PI) controller. The figure further demonstrates how the output of the PI
controller is used to generate complementary PWM signals. The polarity of the PI
output determines which PWM signal is activated, thereby controlling the direction of
power flow. This detailed representation explains how the conceptual idea shown in
Figure 3.5 is practically realised in the DAB converter control system.

In summary, Figures 3.5 and 3.6 are closely related and describe the same
bidirectional current control strategy, but at different levels of abstraction. Figure 3.5
provides a simplified overview of the control concept based on the sign of the reference
current, while Figure 3.6 presents the complete PI-based control structure used to
implement this concept in practice. Together, these figures clarify both the operating
principle and the practical execution of bidirectional current control in the proposed
DAB converter.

By using a signed current reference, the controller simplifies the interface for
managing power direction while providing precise current regulation. This enhances the
converter’s responsiveness, especially during mode transitions, and ensures effective
power balancing between the battery and the storage system. The current-feedback PI
control approach is particularly well-suited for DAB converters in EV applications,

where reliable and efficient bidirectional energy flow is critical.
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Amplitude:
1

Period (secs):
1/50 0.02

Pulse Width (% of period):
50

Phase delay (secs):
1/50/2 0.01

Figure 3.7 Pulse Generator for DAB converter.

Figure 3.7 above illustrates the parameter settings of the pulse generator used to
control the switching operation of the DAB converter. The pulse generator produces
square wave signals required to drive the high-frequency switches in both the primary
and secondary bridges of the converter. The amplitude is set to 1, indicating a binary
output that toggles between logic levels 0O and 1, suitable for gating power
semiconductor devices. The period is configured as 1/50 seconds, corresponding to a
switching frequency of 50 Hz. A 50% pulse width ensures that the ON and OFF
durations of the square wave are equal, resulting in a symmetrical waveform.
Furthermore, a phase delay of 1/50 divided by 2 is applied to introduce a 180-degree
phase shift between the gate signals of the two bridges. This phase shift is a fundamental
mechanism for enabling and controlling power transfer across the high-frequency
transformer, where the direction and magnitude of power flow are modulated based on

the relative timing between the input and output waveforms.
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Figure 3.8 Typical waveform for DAB converter.
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Figure 3.8 shows the typical switching waveform of the DAB converter used in
this study. Unlike conventional DAB systems that rely on phase-shift modulation to
control power flow, the system implemented here uses current feedback control via a
Proportional-Integral (PI) controller. As such, no intentional phase shift is introduced
between the switching signals of the primary and secondary bridges. Instead, the
direction and magnitude of power flow are governed by the reference current value,
which is processed through the PI controller to generate appropriate gating signals.

The waveform above illustrates the ON and OFF states of the switches (T _ON
and T OFF) across different converter legs. Each switch operates with a fixed 50% duty
cycle, creating a symmetrical square wave for both bridges. The switching signals are
complementary within each leg, ensuring proper full-bridge operation. The PI controller
determines which set of switches (either pwm1 or pwm?2) is activated based on the sign
of the current reference: a positive reference current triggers discharging mode, while a
negative reference initiate charging mode. The NOT gate ensures that the two switching
signals remain logically inverted, maintaining safe and consistent switching behaviour.

This current-based control approach simplifies the modulation strategy while
still enabling precise bidirectional power flow. The switching waveforms remain
consistent in structure regardless of power direction, with the control logic determining
the active path through real-time current regulation. This ensures stable and efficient
operation of the DAB converter without the need for phase-shifted control, making it
well-suited for applications requiring direct and responsive current control, such as

battery energy management in electric vehicle systems.

3.4.2.2 Pi Controller Tuning using Ziegler-Nichols Method

Tuning a Proportional-Integral (PI) controller is a crucial step to ensure that a
control system achieves optimal performance, stability, and responsiveness [87]. One
of the most widely adopted methods for tuning controller parameters is the Ziegler-
Nichols closed-loop method, an empirical technique based on the system's dynamic
behaviour. The process begins by configuring the controller in a proportional-only
mode, temporarily disabling the integral component. The proportional gain (KP) is then
gradually increased until the system output begins to exhibit sustained and stable
oscillations. The value of the gain at this point is known as the ultimate gain (Ku), and

the time period of the oscillations is referred to as the ultimate period (Tu). These two
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parameters are then used to calculate the final PI controller settings using the standard

Ziegler-Nichols tuning formulas:

K, =045 X K, (3.10)
Ty (3.11)

=13
K (3.12)

K, ==L

l Tl

This method offers a practical and effective approach to tuning, particularly
when a precise mathematical model of the system is not available. By applying these
tuning rules, the controller can be adjusted to ensure fast transient response while
minimizing steady-state error, making it ideal for applications such as battery current

regulation.

3.4.4 Faulty Switches

Faulty switches are a critical consideration in the design of fault-tolerant power
converters, particularly in applications where uninterrupted operation is essential. In the
context of the proposed DAB converter, switch faults specifically open-circuit
conditions are among the most common and impactful failure modes. These faults may
arise due to aging, thermal stress, manufacturing defects, or transient overvoltage,
resulting in the permanent disconnection of one or more switches within the full-bridge
circuits.

To simulate the effects of such faults, predefined fault scenarios are injected into
the switching elements in the primary and secondary full bridges of the converter. An
open-circuit fault is modelled by forcing a specific switch to remain permanently off,
thereby disrupting the conduction path and altering the current flow through the
converter. This disruption affects the energy transfer process and may lead to
unbalanced voltages, increased current stress on adjacent components, and degraded

power quality.
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3.4.2.3 Scenario 1 — fault at T

In this study, one of the critical fault scenarios considered is the open-circuit
failure at switch T!, located in the upper left leg of the primary-side full-bridge of the
DAB converter, as shown in Figure 3.9. This type of fault occurs when T! is
permanently unable to conduct due to gate drive failure. Although T!is no longer active,
its anti-parallel freewheeling diode Di remains functional and can conduct when
forward biased, allowing partial current continuity during specific intervals of the
switching cycle. However, since T! cannot actively switch, the primary-side bridge
becomes unbalanced, and the converter loses full control over the voltage waveform
applied across the transformer.

Under normal operation, switches T! and T* operate in a complementary manner
to create a positive current path through the transformer, enabling balanced bidirectional
power transfer. In the faulty condition, with T! open circuit, this active path is broken.
As a result, current can only flow through D; when it is forward-biased, and even then,
only during limited intervals dictated by the inductor's stored energy. This forces the
system into an asymmetric conduction pattern, where current flow is restricted and

primarily favours one direction.
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Figure 3.9 Faulty switch at T for typical DAB converter.

Under It is also important to recognize that a fault occurring at T* the switch
diagonally opposite T! in the full-bridge configuration would lead to a similar system
response. Since T! and T* together form one of the two key current conduction paths
across the transformer during the positive transfer cycle, an open-circuit fault at either
switch disrupts the same power delivery phase. Both result in an unbalanced bridge,
asymmetric current waveforms and increased DC bias in the inductor current. Due to

the structural and operational symmetry of the full-bridge converter, the effects of a T*
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fault closely mirror those of a T! fault. Therefore, in this study, the analysis is limited
to the T! fault scenario, with the understanding that a fault at T* would yield nearly
identical behaviour and conclusions. The impact of this behaviour is clearly reflected in
the waveform shown in Figure 3.10, where the inductor current exhibits a noticeable
negative bias. This indicates that the system is no longer achieving balanced current
oscillations between the primary and secondary sides. The missing positive half-cycles,
previously supported by T!, are no longer effectively formed, resulting in an
accumulation of negative current. This DC bias increases the risk of core saturation in
the transformer, degrades overall power quality, and leads to elevated current stress on
the remaining switches. Additionally, the lack of proper switching by T! disrupts soft-
switching conditions like ZVS, causing higher switching losses and efficiency
degradation.

Although the freewheeling diode provides a limited alternative path for current,
the system’s ability to regulate current direction and magnitude is severely
compromised. These changes in current flow and waveform symmetry highlight the
significant consequences of a single switch failure and establish the necessity for precise

fault detection and mitigation strategies, which are addressed in the following sections.
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Figure 3.10  Voltage and current waveforms of DAB converter with faulty switch
Tl
Figure 3.10 presents the inductor current and voltage waveforms over an

extended simulation period under an open-circuit fault at T!. The current becomes

increasingly negative over time, confirming that the loss of active switching on the
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upper-left leg results in asymmetric energy transfer. This causes transformer flux
imbalance and risks core saturation. The current waveform no longer oscillates around
zero but drifts downward, indicating that energy contribution from the positive half-
cycle is insufficient to counterbalance the negative side. This emphasizes the impact of
TVs failure on system behaviour and underlines the need for effective fault detection

and mitigation strategies.

3.4.2.4 Scenario 2 — fault at T?

In Scenario 2, the DAB converter is analysed under an open-circuit fault
condition at switch T2 located in the upper-right leg of the primary-side full-bridge, as
illustrated in Figure 3.11. Under standard operation, T2 cooperates with T° to generate
the negative half-cycle of the AC voltage applied across the primary of the high-
frequency transformer. This switching pattern is essential to establish symmetrical
bidirectional power transfer. When T is subjected to an open-circuit fault, such as due
to gate signal failure or internal device damage, it becomes permanently non-
conductive. As a result, T? is unable to participate in the required switching operation,

and its intended conduction path is effectively removed from the bridge topology.
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Figure 3.11  Faulty switch at T2 for typical DAB converter.

The absence of T%'s switching capability prevents the formation of a complete
conduction path during the negative half cycle. Specifically, during the interval where
T2 and T° are expected to conduct simultaneously to apply a negative voltage across the
transformer primary, current is unable to flow through the upper right leg. The switching
device cannot allow conduction in the intended direction without a control signal, and
no alternative path exists to support this current flow. As a result, the voltage across the

transformer becomes asymmetrical only the positive half-cycles, generated by the
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remaining functional switches T! and T, are fully realized. This leads to an imbalance
in energy transfer, as energy is delivered to the load during the positive interval but not
equally extracted during the negative interval.

It should be noted that a fault occurring at T°, the switch located diagonally
opposite T? in the bridge configuration that causing a nearly identical disturbance in
system behaviour. Since T? and T form the switching pair responsible for generating
the negative voltage across the transformer, an open-circuit failure at either switch
breaks the same conduction path. As such, both faults lead to the loss of the negative
half-cycle, positive biasing of the inductor current, risk of core saturation, and degraded
efficiency due to poor soft-switching conditions. Given this functional symmetry, the
analysis of the T° fault is omitted from this study, as its impact is analogous to that of
the T fault discussed in this scenario.

The effects of this fault are clearly observed in the illustrated waveform
presented in Figure 3.12. While the primary and secondary voltages retain a nominal
square-wave profile, the current waveform tells a different story. The inductor current
becomes positively biased, repeatedly ramping up during each switching cycle with
limited reversal. This behaviour confirms that energy is accumulating in the system due
to the functional positive side switching and the absence of energy extraction during the
faulty negative half-cycle. The current fails to return to a balanced oscillation around

zero, and instead, each cycle begins at a higher baseline.
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Figure 3.12  Voltage and current waveforms of DAB converter with faulty switch
T2

Such asymmetrical current behaviour introduces the risk of magnetic saturation
in the transformer core, especially under continuous operation. Additionally, the
unbalanced current flow leads to increased thermal and electrical stress on the
remaining active switches, particularly T! and T* which now operate with higher
conduction demands. These conditions also hinder soft-switching performance,
reducing system efficiency and increasing switching losses. This scenario underscores
the critical dependence of the DAB topology on synchronized and complete full-bridge
operation. It also highlights the need for effective real-time monitoring and fault
isolation strategies to prevent long-term damage and to maintain stable and efficient

converter performance under fault conditions.

3.4.2.5 Scenario 3 — fault at T’

In this scenario, the DAB converter is analysed under an open-circuit fault
condition at switch T°, located in the upper-left leg of the secondary-side full-bridge, as
shown in the schematic diagram. Under normal operation, T works in coordination
with T® to apply a positive voltage across the secondary winding of the high-frequency
transformer, facilitating symmetrical bidirectional power transfer. This switching pair

is crucial for forming one half of the secondary-side conduction cycle. However, when
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T° experiences an open-circuit fault due to internal device failure or a gate drive issue
it becomes permanently non-conductive. As a result, the corresponding switching leg is
disabled, and T° can no longer contribute to voltage generation, which immediately

disrupts the converter’s balance and operation.
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Figure 3.13  Faulty switch at T° for typical DAB converter

The loss of T° prevents the formation of a complete conduction path during the
positive half cycle on the secondary side. During intervals when T° and T® are expected
to conduct and transfer energy to the load, current is unable to flow through the upper-
left leg of the bridge. Without a replacement path, the converter fails to establish the
correct voltage polarity across the secondary side of the transformer. Consequently,
only the negative half cycles formed by the remaining operational switches T® and T’
are fully realized, while the positive half-cycles are partially or entirely missing. This
leads to unbalanced energy transfer and degrades the symmetrical operation essential
for stable and efficient DAB performance.

The impact of the T° fault is clear in the simulation waveform, where the
inductor current becomes increasingly negatively biased over time. Like faults at T! and
T* on the primary side, this behaviour indicates that energy is transferred during only
one half of the switching cycle. The resulting current imbalance causes the inductor
waveform to drift away from its nominal zero centred oscillation, significantly
increasing the risk of magnetic core saturation, especially during extended operation.
Additionally, the unidirectional current flow places increased thermal and electrical
stress on the remaining active switches, particularly T® and T’, which must compensate
for the missing half cycle of conduction.

A distinct feature in the T° fault waveform is the slight fluctuation observed in
the voltage signal at the beginning of the simulation a phenomenon less apparent in the

T! fault case. This early irregularity is likely caused by transient conditions as the
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system stabilizes after the sudden loss of T°. During this period, the current control loop
may still operate as if all switches are functional, leading to temporary switching
attempts or diode conduction. These effects may be further amplified by the reverse
recovery of diode Ds and the influence of parasitic inductance and capacitance in the
secondary circuit. Although the steady state waveform under a T° fault closely mirrors
that of a T! fault, these initial voltage fluctuations highlight the unique transient
characteristics of secondary side faults and emphasize the importance of robust

detection and mitigation strategies for both converter bridges.

3.4.2.6 Scenario 4 — fault at T°

The schematic highlights a fault at switch T®, which is located in the upper-right
leg of the secondary side full bridge of the DAB converter. Under normal conditions,
T® works in coordination with T’ to apply a negative voltage across the secondary
winding of the high-frequency transformer, enabling the converter to deliver energy to
the load during the negative half-cycle. However, when T® experiences an open-circuit
fault due to a gate signal failure or internal device damage, it becomes permanently non-
conductive. This prevents the formation of the required conduction path for the negative

half-cycle, disrupting the converter’s ability to sustain symmetrical bidirectional energy

transfer.
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Figure 3.14  Faulty switch at T® for typical DAB converter.

This waveform behaviour is almost identical to the fault at T? on the primary
side, where one half cycle is also missing due to a broken conduction path. As a result,
current accumulates in the positive direction, shifting the inductor current away from
its usual zero centred oscillation. This imbalance increases the risk of magnetic core

saturation, particularly under prolonged operation, and places significant thermal and
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electrical stress on the remaining functional switches especially T°> and T®, which are
now responsible for the majority of energy conduction.

Similar to the behaviour observed during a fault at T°, the waveform of the T®
fault shows a slight fluctuation or irregularity in the voltage at the beginning of the
simulation. This early voltage ripple likely arises due to transient conditions as the
system attempts to stabilize following the sudden loss of T®. During this brief period,
the current control algorithm may not yet recognize the fault, resulting in unintended
switching activity or brief conduction through freewheeling diodes, such as Ds, which
may attempt to carry the current when T° fails to conduct. These fluctuations can also
be influenced by parasitic inductance and capacitance on the secondary side, along with
diode reverse recovery effects, creating short-lived voltage disturbances until the
system reaches a new, degraded steady state.

In summary, a fault at T® causes the same core effect as a T? fault, as both
switches form part of a corresponding leg in their respective full-bridges and support
the same half-cycle of transformer current. The inductor current becomes unidirectional
and biased, reflecting an imbalance in energy delivery. Although the overall waveform
characteristics under the T® fault mirror those seen in T? and T faults, the initial voltage
disturbances are unique to the secondary side and underscore the importance of careful
fault monitoring, detection, and compensation. This reinforces the DAB converter's
sensitivity to faults on either bridge and the need for robust protection schemes that

account for both steady-state and transient responses.

3.5  ANN-Based Fault-Tolerant Control Strategy

3.5.1 ANN Architecture

An ANN was developed as the core of the proposed fault-tolerant control
strategy for the DC-DC bidirectional converter. Its primary role is to classify the
system’s operating conditions normal or faulty based on distinct features extracted from
current waveforms [88]. This classification mechanism enables the system to identify
specific open-circuit faults in the converter’s switching devices and respond
accordingly.

The ANN structure, illustrated in Figure 3.16, consists of three layers: an input

layer with three neurons, a hidden layer with ten neurons, and a single output neuron.
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This architecture was implemented using MATLAB’s Neural Network Toolbox,
specifically the (feedforwardnet) function. Each neuron in each layer is fully
connected to the neurons in the subsequent layer, ensuring complete signal propagation

and learning capability.

Hidden Layer
(10 neuron)

Input Layer
(3 neuron)

Output Layer
(1 neuron)

119
1000000000

Figure 3.15  ANN Architechure

Rather than using raw current signals as input, a signal processing step was
employed to extract meaningful features. The Discrete Wavelet Transform (DWT) with
Daubechies 4 (db4) wavelet was applied to the current signals to analyse their time-
frequency characteristics [89]. The energy values of the detail coefficients at levels 1,
2, and 3 (denoted as cD1, ¢cD2, and c¢D3) were computed to represent the transient
behaviours typically associated with switching faults. These three energy values form
the input feature vector fed into the ANN.

The hidden layer applies a nonlinear activation function commonly (tansig),
allowing the network to model complex relationships between input features and fault
categories. The output layer contains a single neuron, which produces a scalar output
corresponding to the detected operating condition. The output classes are defined as

follows:

e 0 — Normal operation

e 1 — Fault at switch T!
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e 2 — Fault at switch T?
e 5 — Fault at switch T°

e 6 — Fault at switch T®

This scalar classification approach simplifies the output structure, enabling
straightforward interpretation and efficient implementation for real-time applications.

The compact design also supports faster training and reduced computational load.

3.5.2 Reference Models for Performance Evaluation

To ensure a fair evaluation of the proposed Artificial Neural Network (ANN)
model, two additional models were implemented for comparison: Multiple Linear
Regression (MLR) and Support Vector Regression (SVR). MLR was chosen as a simple
statistical baseline to evaluate linear relationships, while SVR was selected as a classical
machine learning method capable of modelling non-linear relationships through kernel
functions. Both models were trained and tested on the same dataset as the ANN,
following identical preprocessing steps and evaluated using the same performance

metrics.

3.5.3 Dataset Preparation and ANN Training

To train the ANN for fault classification, a dataset was constructed using current
waveform data obtained through MATLAB simulations of the DC-DC bidirectional
converter. The dataset includes five operating conditions: normal operation, and open-
circuit faults at switches T!, T2, T°, and T®. These conditions represent common fault
scenarios that affect the converter’s switching devices and system behaviour.

Each current waveform was processed using the Discrete Wavelet Transform
(DWT) to extract time-frequency domain features. Specifically, the Daubechies 4 (db4)
wavelet was applied using MATLAB’s (wavedec) function to perform a level-4
decomposition of the current signal. From the resulting decomposition, detail
coefficients at levels 1, 2, and 3 were isolated using the (detcoef) function. The energy
of each of these detail levels was calculated by summing the squares of the coefficients,

capturing key transient behaviours within the waveform
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The feature matrix and label vector were transposed and formatted to meet the
input requirements of MATLAB’s neural network functions. Training was conducted
using MATLAB’s (train) function, with the Levenberg—Marquardt (trainlm)
backpropagation algorithm selected due to its efficiency and rapid convergence,
particularly for small to medium-sized datasets.

The trained ANN model was designed to learn the mapping between the three
wavelet energy features and the corresponding fault classes. It consists of an input layer
with three neurons, a hidden layer with ten neurons, and a single output neuron
producing a scalar value representing the class index. The key architectural and training
settings used in the ANN development are summarized in Table 3.2.

Table 3.2
Training Configuration Summary

Parameters Value
Network Type Feedforward Neural Network (feedforwardnet)
Input Features 3 (Energy of cD1, cD2, cD3)
Hidden Layer 1 layer, 10 neurons
Output Later 1 neuron (scalar output class index)
Activation Functions Hidden: tansig, Output: purelin
Training Function trainlm (Levenberg-Marquardt)
Epochs Default (early stopping enable)
Learning Rate Adaptive control

Table 3.2 summarises the input features and output labels used for training and
testing the ANN fault classification model. The ANN is designed to perform fault
diagnosis by identifying the operating condition of the DAB converter based on
extracted signal features.

The inputs to the ANN consist of three features, which are derived from the
inductor current signal using discrete wavelet transform (DWT). Specifically, the
energies of the detail coefficients at three decomposition levels, namely ¢cD1, ¢cD2, and
cD3, are used as input features. These coefficients capture the transient and high-

frequency characteristics of the current signal that are sensitive to switching faults. By
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using wavelet-based energy features instead of raw signals, the ANN is able to
distinguish fault conditions more effectively and with reduced sensitivity to noise.

The output of the ANN is a single scalar value, which represents the fault
classification result. This scalar is used as an index to indicate the operating condition
of the converter. A value of 0 corresponds to normal operation, while values of 1, 2, 5,
and 6 represent open-circuit faults occurring at switches T1, T2, TS, and T6,
respectively. This output encoding allows the ANN to identify both the presence of a
fault and the specific faulty switch using a single output neuron.

To illustrate the data used, an example input output pair is as follows when the
DAB converter operates under normal conditions, the extracted wavelet energies [cD1,
cD2, ¢cD3] may take values such as [0.12, 0.08, 0.05], and the corresponding ANN
output is 0, indicating normal operation. In contrast, when an open-circuit fault occurs
at switch T1, the wavelet energy features change significantly, for example to
[0.35/0.22-0.18], and the ANN output becomes 1, indicating a fault at switch T1.

Similar feature label relationships are established for faults at other switches.

3.5.4 Integration with Fault Detection Mechanism

Following training, the ANN was integrated into the converter model’s control
framework as a fault detection component. During converter operation, the system
continuously monitors current waveforms. When fault detection is needed, the
waveform is processed using the same wavelet-based feature extraction method. The
extracted features are passed to the trained ANN using MATLAB’s simulation
interface. The ANN then outputs a numerical value that corresponds to the identified
operating condition or fault type. While the scope of this methodology focuses on
detection only, the ANN’s output can be extended or connected to external control logic

for handling fault-tolerant responses in future work.
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CHAPTER 4
RESULTS AND DISCUSSION

4.1 Introduction

This chapter presents the simulation work carried out to test the performance of
a fault-tolerant DAB converter under real-world energy flow conditions. The system
was tested in two key modes: first, where Battery 1 charges Battery 2. and second,
where Battery 2 discharges to power Battery 1. The simulation, done in MATLAB,
confirmed that the DAB converter can transfer power smoothly in both directions,
maintaining stable voltages and balanced current levels throughout. To handle potential
faults, especially open-circuit faults in switches like T!, T2, T°, and T® the system uses
wavelet transform to break down the current waveforms and extract useful patterns.
These patterns were then used to train an ANN to recognize faults quickly and
accurately. The ANN model performed exceptionally well during training, reaching a
very low error rate (1.43 x 107'°) and stabilizing in just 6 training cycles (epochs). It
was able to correctly detect and classify faults based on the wavelet features, and the
system responded rapidly within 0.1 seconds by triggering a redundancy mechanism to
restore normal operation. The simulation results clearly showed that the converter could
return to stable and balanced performance immediately after a fault. This proves that
the combination of wavelet-based signal processing and ANN intelligence offers a fast,
reliable, and accurate way to detect faults and keep the converter running without
interruption. Altogether, the results demonstrate that this approach makes the DAB
converter much more resilient and suitable for modern energy systems like EV

charging, renewable integration, and energy storage.
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4.2 Simulation Development

4,2.1 Validation of Bidirectional Power Transfer in DAB Converter

4.2.1.1 Mode 1 — Charging of Battery 2

Figure 4.1 shows a clear and controlled energy transfer between Battery 1 and
Battery 2 over a 10-second period. The State of Charge (SOC) for Battery 1 steadily
drops from 50.00% to 48.90%, confirming it is discharging. At the same time, Battery 2
shows a steady SOC increase from 50.00% to 50.08%, indicating it is charging. This
demonstrates a well-regulated, unidirectional energy flow from Battery 1 to Battery 2.
The result effectively simulates scenarios like battery-to-battery (B2B) charging, energy
balancing, or power sharing in a multi-battery system, where one battery supplies power

while the other receives it.
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Figure 4.1

Figure 4.2 shows the current flow between the two batteries during the energy
transfer process. Battery 1 consistently outputs a positive current of 40 A, confirming
it is discharging. In contrast, Battery 2 receives a steady negative current of —40 A,
indicating it is charging. The current remains stable throughout the 10-second period,
showing that the system maintains a balanced and controlled power exchange. This
stability suggests that the current is being well-regulated, likely using a PI controller,

with no major fluctuations or disturbances during the transfer.
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Figure 4.3 shows the voltage levels of both batteries during the energy transfer.
Battery 1 holds a steady voltage of 650 V, while Battery 2 remains at 480 V. This
voltage difference is what enables the power to flow from Battery 1 to Battery 2.
Throughout the 10-second duration, both voltages stay flat and stable, which confirms
that the converter is working reliably and maintaining proper voltage regulation. This
steady performance reflects the effectiveness of the DAB converter in handling

bidirectional power transfer without voltage drops or instability.
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Figure 4.3 Mode 1 — Voltage of Battery 1 and Battery 2 vs Times.

The simulation results clearly show that the converter is capable of charging
Battery 2 efficiently and reliably. It keeps both the voltage and current stable while
allowing smooth energy transfer from Battery 1 to Battery 2. There are no signs of

fluctuations or instability during the process. The steady rise in Battery 2’s state of
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charge (SOC), along with consistent current and voltage levels, proves that the
converter is doing its job well under controlled conditions. This makes the system a
strong fit for battery-to-battery energy transfer, especially in real-world setups like
distributed energy storage or peer-to-peer energy sharing, where dependable and

efficient energy flow is crucial.
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Figure 44 Mode 1 — Efficiency vs Output Power.

The efficiency curve in Figure 4.4 illustrates above the performance of the
proposed DAB converter as a function of output power during battery charging
operation. At very low output power levels, the efficiency is relatively low. This
behaviour occurs because fixed losses, such as switching losses, core losses of the high-
frequency transformer, and control-related losses, dominate the overall power flow
when the transferred power is small. As a result, a significant portion of the input power
is dissipated as losses, leading to reduced efficiency in the low-power region.

As the output power increases from approximately 5 kW to 15 kW, the
efficiency improves rapidly. In this region, the proportion of useful transferred power
becomes significantly larger compared to the fixed losses. Consequently, the converter
operates more effectively, and the efficiency rises above 90%. This trend indicates that
the DAB converter is well suited for medium-power operation, where conduction losses
and switching losses are better balanced.

Beyond approximately 20 kW, the efficiency reaches a plateau and remains
consistently high, exceeding 95% up to the maximum tested output power of 45 kW.

This stable high-efficiency region demonstrates that the converter is optimally designed
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for high-power operation. In this range, although conduction losses increase with
current, they do not significantly degrade efficiency due to effective control, appropriate
component selection, and efficient transformer design. The flat efficiency profile also
indicates stable operation without excessive thermal or switching stress.

Overall, the efficiency characteristic shows that the proposed DAB converter
performs best at medium to high output power levels, which correspond to practical
operating conditions in battery charging, energy storage systems, and electric vehicle
applications. The results confirm that the converter is capable of delivering high
efficiency while maintaining stable bidirectional power transfer, validating the

suitability of the proposed design for high-power energy conversion.

4.2.1.2 Mode 2 — Charging of Battery 1

Battery 2 is clearly discharging while Battery 1 is charging. As shown in
Figure 4.5, the state of charge (SOC) of Battery 2 drops steadily from 50% to 48.9%
over 10 seconds, confirming that it is releasing energy. At the same time, Battery 1's
SOC rises from 50% to 50.08%, showing that it is actively receiving power. This
confirms a one-way energy flow from Battery 2 to Battery 1, effectively reversing the
direction seen in Mode 1. The result demonstrates a well-managed battery-to-battery
energy transfer, supporting proper load sharing and energy balancing between the two

batteries.
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Figure 4.5 Mode 2 — SOC of Battery 1 and Battery 2 vs Times.
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Figure 4.6 below provides a clear look at the current behavior during Mode 2.
Battery 2, acting as the energy source, shows a steady current of +40 A, confirming
continuous discharge. At the same time, Battery 1 displays a constant —40 A current,
indicating it is being charged. The consistency of these current levels throughout the
process reflects the effectiveness of the control system likely a proportional-integral
(PD) controller in maintaining smooth and balanced power flow. This stable and
symmetrical current profile proves that the system manages energy transfer reliably,

which is essential for protecting battery health and ensuring overall system stability.
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Figure 4.6 Mode 2 — Current of Battery 1 and Battery 2 vs Times.

Figure 4.7 shows the system's voltage behaviour, confirming that the power
conversion is working effectively. Battery 2 holds a steady voltage at 480 V, while
Battery 1 operates at 650 V. Even with the energy flow reversed, both voltages remain
stable, allowing smooth and uninterrupted power transfer. The flat, disturbance-free
voltage curves highlight the performance of the bidirectional DC-DC converter most
likely the DAB which adjusts seamlessly to the reversed power flow while keeping the

operation well-regulated.
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The waveform results for Mode 2 clearly show that the system can reverse the
energy flow and allow Battery 2 to discharge effectively. The converter handles this
reverse power transfer smoothly, keeping both current and voltage well-regulated, while
ensuring that Battery 1 charges without any issues. The drop in Battery 2’s SOC, along
with the stable current and voltage, confirms the system’s ability to manage discharge
operations reliably. This demonstrates the converter’s capability to operate in both
directions, making it a strong fit for modern energy storage setups that require flexible

charging and discharging between multiple batteries.
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Figure 4.8 Mode 2 — Efficiency vs Output Power.
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Figure 4.8 clearly shows how well the bidirectional converter performs during
reverse power flow, with Battery 2 discharging and Battery 1 receiving energy. This
is the opposite of Mode 1, and the converter maintains strong performance in both
directions. With very low output power, efficiency starts near 0% which is expected due
to fixed system losses at minimal load. As power increases to 5 kW, efficiency quickly
rises to 70%, just like in Mode 1. It continues to improve steadily, reaching 90% at 15
kW. From 20 kW to 45 kW, the converter operates consistently above 95% efficiency,
confirming it runs optimally across a wide range of power levels.

This performance directly matches the simulation, where Battery 2 discharged
at 480 V with around 40 A of current, delivering about 16 kW well within the high-
efficiency zone. Even with reversed power flow, the system kept voltage and current
stable, and SOC trends remained smooth for both batteries. This reflects the converter’s
ability to adjust seamlessly to reverse operation without sacrificing efficiency.

Overall, the Mode 2 efficiency graph confirms that the converter delivers
excellent performance when Battery 2 is discharging. It maintains over 95% efficiency
at practical power levels and runs consistently under load. This proves the converter is
well-suited for advanced energy storage systems that require reliable bidirectional
power flow, such as battery-to-battery transfers, load balancing, and distributed storage.
High efficiency in both modes helps minimize energy loss, improve battery lifespan,

and enhance the system’s overall effectiveness.

4.2.1.3 Comparative Analysis for Mode 1 and Mode 2

The table 4.1 below compares Mode 1 and Mode 2 operations of the DAB
converter. Both modes show similar behaviour in terms of current, voltage, SOC
changes, and efficiency. The current remains stable at around +40 A, and the voltage
levels are well regulated in both directions. Efficiency exceeds 95% in the medium to
high power range for both modes. These results confirm that the converter performs
equally well during charging and discharging, ensuring reliable and efficient

bidirectional power transfer.
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Table 4.1
Comparison of Charging and Discharging Battery 2 Parameters

Parameter Mode 1(Charge =~ Mode 2(Discharge Remarks
Battery?2) Battery?2)
Initial SOC Battery1: 50% / Battery2: Batteryl: 50% / Battery2: Balanced  test  start
50% 50% condition
Final SOC Battery1:~49.90% / Battery1:~50.08%/ Symmetrical SOC shift
Battery2: ~50.08% Battery2: ~48.90%
Charging Current Battery2: 40 A Batteryl: 40 A Stable negative charging

current

Discharging Current

Batteryl: +40 A

Battery2: +40 A

Stable positive

discharging current

Voltage Source

Batteryl: ~650 V

Battery2: ~480 V

Voltage difterential

supports transfer

Voltage Load Battery2: ~480 V Batteryl: ~650 V Confirmed via waveforms
Peak Efficiency >95% @ 30-45kW >95% @ 20-45kW Nearly identical
Achieved efficiency profiles
Voltage Ripple Minimal Minimal Indicates excellent
regulation
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Controller Stability High High PI controller performs
reliably in both

4.2.2 Open-Circuit of Dual Active Bridge
4.2.2.1 Feature Extraction (Wavelet Decomposition)

This section presents the results of using wavelet-based feature extraction on the
converter’s current waveforms. Current signals were collected from MATLAB
simulations under both normal operation and fault conditions, specifically open-circuit
faults in switches T!, T2 T°, and TS. These signals were then analysed using Discrete
Wavelet Transform (DWT) to uncover frequency components that indicate faults. The
Daubechies 4 (db4) wavelet was used for decomposition up to level 4, which allowed
the current waveform to be broken down into different frequency bands. From this, the
detail coefficients at levels 1, 2, and 3 (cD1, cD2, and cD3) were extracted. These
coefficients capture high-frequency changes in the signal and are especially useful for
spotting sudden spikes or irregularities that might not be visible in the original

waveform. This approach helps clearly highlight the presence of faults in the system
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Figure 4.9 Wavelet decomposition of normal operation: Original waveform and
detail coefficients (Level 1-3).
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Figure 4.10

Wavelet decomposition of faulty switch (T?): Original waveform and

detail coefficients (Level 1-3).
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Figure 4.11

Wavelet decomposition of faulty switch (T?): Original waveform and

detail coefficients (Level 1-3).
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Original Current Waveform in Faulty Switch (T5)
o O T I EIL EEEREEEE] ] : i
° \ It VA | i\ \ \
3 s0 ‘ \ \ A\l IR ‘ ‘ \ A \
] \ \ \ \ \ ! VY |
< { S AR | v ¥ ¥ 1YY L X3 NA AN T * ¥ %Y '} ¥ \ I
-100 | | | | | 1
0 01 0.2 03 04 05 06 07 08 03 1
Time (s)
Detail Coefficient cD3 (Level 3)
100 T
]
3 s
e | [ ! L4
E 0 I I I I
< | 1] |
50 [ | | | |
0 2 4 6 8 10 12 14
x 10%
Detail Coefficient cD2 (Level 2)
0 1 — f f f f f f f f =
o
©
2
= 20 ‘ ‘ —
E
<
-40 | |
0 05 1 15 2 25
x 10"
Detail Coefficient cD1 (Level 1)
0 4 g o ey s e s e I I T=1—% 1 § 1 ! == =
@
3
2 -10— ‘ —
=
£
20 |
. L I | L
0 1 2 3 4 5 6
o
Samples *10

Figure 4.12  Wavelet decomposition of faulty switch (T°): Original waveform and
detail coefficients (Level 1-3).
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Figure 4.13  Wavelet decomposition of faulty switch (T®): Original waveform and
detail coefficients (Level 1-3).

Figures [4.9 to 4.13] show the current waveforms along with their corresponding
wavelet detail coefficients. Under normal operating conditions, the waveforms and their
detail coefficients appear smooth and stable, reflecting steady-state behavior. However,
when a fault occurs such as an open circuit in switches T! or T the current waveform
becomes noticeably irregular. These disruptions are clearly highlighted in the wavelet
detail coefficients, especially in cD2 and cD3, where we see sharp spikes and increased

fluctuations during the fault.
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By comparing the plots of normal and faulty conditions, it’s clear that the energy
in the wavelet coefficients increases significantly when a fault happens. This rise in
high-frequency content points to sudden disturbances in the system, which are typical
during switching faults. These visual and measurable changes are used to build feature
vectors that serve as input for the ANN.

In short, the wavelet transform does an excellent job of converting raw current
signals into meaningful data in the frequency domain. The extracted features
specifically the energy from ¢D1, ¢cD2, and cD3 are reliable indicators of fault presence
and form the foundation for accurate classification in the ANN. This step is crucial in
the process, acting as both a filter and simplifier, while keeping all the important fault-

related details intact.

4.2.2.2 Failure Switch T!

Figure 4.14 shows the schematic of the bidirectional DC-DC converter with an
open-circuit fault introduced at switch T!, which is in the upper-left leg of the input-
side full-bridge. Normally, T! works together with T* to produce the positive half of the
square-wave voltage that drives the transformer. This switching pair plays a key role in
maintaining balanced, bidirectional power flow by alternating the voltage polarity.
However, when T! fails open due to issues like a faulty gate driver, hardware damage,
or internal malfunction it stops conducting completely. This interrupts the path needed
to generate one side of the voltage waveform, throwing off the symmetry of the

converter and disrupting its proper operation.
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Figure 4.14  Faulty switch at T! for purposed DAB converter.

III
I

T
al [_1
Tapan!
Daz

@

When T! fails, the most immediate effect is the loss of the positive half-cycle in
the transformer’s primary-side voltage. As seen in the simulation results in Figure 4.15
below, the voltage signals (red and blue) still show a square-wave pattern, which means

the control system is still active and the remaining switches are working. However,
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because T! is no longer contributing, the waveforms are incomplete. Specifically, the
converter can no longer produce the correct positive voltage when T! and T* should be
switching together. As a result, only the negative half cycle appears correctly, while the
positive half cycle becomes distorted or fails to appear at all. This causes an imbalance

in the waveform, which disrupts proper energy transfer through the transformer.
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Figure 4.15  Voltage and current waveform of the DAB converter under normal and

faulty condition at T'.

This issue becomes even clearer when looking at the inductor current waveform
(green), which shows a strong shift in the negative direction over time. Normally, the
current would swing evenly above and below zero, showing balanced power flow in
both directions. But with T! not working, current flows mostly in one direction, proving
that only half of the converter is actively handling power. This imbalance causes uneven
magnetic flux in the transformer, increasing the risk of core saturation, especially if the
fault continues for too long. If the core gets saturated, it can seriously affect
performance or even cause permanent damage to the transformer.

The fault also puts extra strain on the rest of the power circuit. Since only part
of the full bridge is functioning, switches like T? and T® are forced to handle more
current and switch more often, which can lead to overheating, reduced efficiency, and
long-term reliability issues. Additionally, with proper bidirectional control disrupted,
the converter loses access to soft-switching techniques like Zero Voltage Switching
(ZVS), which normally help reduce energy losses. This makes the system less efficient

and more prone to wear.
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In short, a fault at T! throws off the converter’s energy balance and breaks its
bidirectional functionality. While the system might still run, its performance is
noticeably degraded. The current drift and unbalanced power delivery clearly shows
that the converter is no longer operating as intended. That’s why early fault detection,
continuous monitoring, and smart protection mechanisms are critical. These tools help
prevent further damage and keep the system, including the transformer, switches, and

batteries, safe and running reliably.
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Figure 4.16  Efficiency vs Output Power at T'.

Figure 4.16 presents the efficiency of the DAB converter under an open-circuit
fault at switch T!. T! is responsible for generating the positive half-cycle of the square-
wave voltage on the primary side of the transformer, working together with T*. When
T! fails open, this half-cycle is lost, resulting in an unbalanced voltage waveform and
unidirectional current flow through the transformer.

The graph shows that efficiency is significantly reduced across all power levels.
At 0 kW, the efficiency is 0%, and at 10 kW, it rises to only 30%. As output power
increases, efficiency gradually improves, reaching a maximum of 48% at 45 kW. This
is considerably lower than the typical efficiency of 85% during normal operation. The
reduction in efficiency is caused by several factors. The loss of the positive half-cycle
limits energy transfer, and the converter is no longer able to achieve ZVS, resulting in
increased switching losses. The inductor current becomes unidirectional, leading to

magnetic flux imbalance and potential core saturation. Additionally, the remaining
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switches (T2, T3, and T*) are forced to carry increased current, which adds further
conduction losses and thermal stress.

This fault condition clearly degrades the converter’s performance and highlights
the importance of early fault detection and protective control mechanisms in

maintaining efficient and reliable operation.

4.2.2.3 Failure Switch T?

Figure 4.17 shows the converter circuit with an open-circuit fault at switch T2,
which is positioned in the upper-right leg of the primary-side full-bridge. Under normal
conditions, T? works together with T to create the negative half of the square-wave
voltage that drives the transformer. This part of the switching process is crucial for
maintaining balanced, bidirectional power flow. But when T? fails whether due to a
hardware issue or a lost gate signal it stops conducting entirely. This breaks the path
needed to generate the negative voltage cycle, meaning the converter loses half of its

switching capability and can no longer operate as intended.

Battery_1

i 1

Battery_2

]

3.-
), , @,

Figure 4.17  Faulty switch at T2 for purposed DAB converter.

Figure 4.18 below clearly shows how the fault at T? affects the system. While
the primary and secondary voltage waveforms (red and blue) still appear as clean square
waves, the inductor current (green) tells a different story. Instead of oscillating evenly
around zero, the current becomes heavily biased in a positive direction and follows a
one-way ramping pattern. This means the converter is mainly transferring energy during
the positive half-cycle handled by switches like T' and T* while the negative half-cycle
is missing because T? is no longer working.

Without this negative cycle, the current doesn’t flow back and forth as it should.
Instead, it stays mostly above zero, rising and falling in a single direction. This
imbalance causes uneven magnetic flux in the transformer, which can lead to core

saturation if the fault persists. When the core saturates, it can overheat and distort the
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voltage waveform, damaging performance. On top of that, the switches that are still
working, especially T! and T, have to carry more current than usual, which puts them

under extra electrical and thermal stress.
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Figure 4.18  Voltage and current waveform of the DAB converter under normal and
faulty condition at T2.

In addition, the converter’s failure to complete the negative switching cycle
causes serious disruption in how energy is transferred. Even though the voltage
waveforms might still look normal, they no longer represent proper energy exchange
between the input and output. Because the switching is no longer symmetrical, the
system also loses the ability to use efficient techniques like ZVS, which usually help
reduce energy losses. Without ZVS, switching losses increase especially during low to
medium power operation making the converter less efficient overall.

To sum it up, the fault at T? prevents the converter from conducting during the
negative cycle, so energy is only transferred during the positive cycle. This results in
distorted current flow, lower efficiency, and more stress on the components that are still
working. The waveforms show that while the system keeps running, it's doing so in an
imbalanced and less effective way. This highlights why real time fault detection and
isolation are so important to protect the system and ensure safe, reliable operation even

when faults happen.
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Figure 4.19  Efficiency vs Output Power at T2.

Figure 4.19 shows the efficiency of the DAB converter when switch T2
experiences an open-circuit fault. T?is located on the primary side and works with T3
to generate the negative half-cycle of the voltage waveform applied to the transformer.
When T? fails open, the converter loses this negative half-cycle, resulting in
unidirectional power transfer. Only the positive half-cycle, formed by T! and T*,
remains active. This incomplete waveform significantly affects efficiency, especially at
lower output power levels. At 0 kW, the efficiency is 0%, and at 10 kW, it increases to
50%. As output power continues to rise, efficiency improves to 70% at 45 kW. Although
the converter is still operational, it does not perform as efficiently as under normal
conditions.

The efficiency drop is caused by several factors. The absence of the negative
half-cycle disrupts symmetrical power transfer and prevents the use of ZVS, which
normally reduces switching losses. The inductor current becomes biased in one
direction, causing magnetic imbalance in the transformer and increasing the risk of core
saturation. Additionally, the remaining switches, especially T' and T*, must handle
higher currents, leading to increased conduction losses and additional stress on the
components. Overall, the T? fault leads to moderate efficiency degradation. The
converter remains functional but operates with lower performance, particularly at low
power levels. This highlights the importance of fault-tolerant design and real-time

detection strategies to maintain system reliability and efficiency.
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4.2.2.4 Failure Switch T°

Figure 4.20 shows the bidirectional DC-DC converter with an open-circuit fault
at switch T°, located on the upper left leg of the secondary-side full-bridge. Normally,
T° works together with T® to generate the positive half-cycle of the square wave voltage
on the secondary side of the transformer an important part of maintaining balanced
power transfer. But when T° fails, either due to a hardware issue or a problem with the
gate signal, it stops working completely. This disrupts the voltage formation on one side
of the waveform and breaks the path needed for proper power delivery from the

secondary side.
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Figure 420  Faulty switch at T° for purposed DAB converter.
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As shown in Figure 4.21 below, the primary and secondary voltage waveforms
(in red and blue) still appear as square waves, which means the switching signals are
active. However, because T° is not working, the secondary voltage becomes
unbalanced. Only the negative half-cycle is properly generated by the remaining healthy
switches, T® and T7, while the positive half-cycle is either missing or much weaker. This
imbalance causes energy to be transferred mainly during one part of the cycle. As a
result, the inductor current as shown in green, starts to drift negatively over time,

indicating uneven power flow.
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Figure 421  Voltage and current waveform of the DAB converter under normal and
faulty condition at T°.

This current behavior is quite like what was seen when T! failed where the
inductor current drifted in one direction because one half of the switching cycle was
missing. But with the T° fault, there are some noticeable differences. For example, the
waveform shows small voltage spikes and minor fluctuations, especially during the
transitions between square-wave cycles. These spikes are likely caused by leftover
energy in the secondary side or the transformer windings suddenly releasing when
current flow is interrupted. Since T° isn’t switching anymore, the system might briefly
depend on its body diode (Ds), which can lead to short bursts of voltage ringing when
it recovers.

There are also parasitic capacitances in the transformer and switching areas that
make these spikes worse. At the beginning of the simulation, the converter also seems
to take some time to adjust to the fault. During this phase, the control system might still
think T° is working, causing short misfires, unintended diode conduction, or
overlapping switching activity.

The resulting inductor current not only flows in one direction, but it’s also more
unstable than in the T! fault scenario. Both faults disrupt the normal back-and-forth
energy transfer, but T*’s fault introduces more high-frequency noise, which can increase
electromagnetic interference (EMI) and switching losses. Switches T¢ and T” are also
under more pressure, working harder and without the benefit of soft switching, which

adds thermal stress and affects long-term reliability.
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In short, while the T° and T! faults share a similar pattern of unbalanced current,
T>’s position on the secondary side creates extra disturbances like voltage spikes and
noise. These differences make it important to have fault detection systems that can
recognize where the fault is happening so that the system can respond quickly and

protect both the converter and transformer.
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Figure 422  Efficiency vs Output Power at T°.

Figure 4.22 shows the efficiency of the DAB converter when an open-circuit
fault occurs at switch T°. T° is located on the secondary side of the converter and is
responsible for generating the positive half-cycle of the voltage waveform on that side.
Under normal conditions, T° works with T® to complete this function. When T° fails,
the positive half-cycle on the secondary side is lost, and energy can only be transferred
during the negative half-cycle, like what happens when T! fails on the primary side.

From the graph, the converter’s efficiency is significantly affected. At 0 kW, the
efficiency is 0%, and at 10 kW, it only reaches 32%. Efficiency gradually improves
with higher output power, reaching 50% at 45 kW. However, this is still far below the
expected efficiency during normal operation, which typically reaches above 85%.

The reason for this performance drop is the incomplete voltage waveform and
unidirectional energy transfer. Without the positive half-cycle, power transfer is limited,
and the converter cannot achieve ZVS, leading to higher switching losses. transformers,
the inductor current becomes unbalanced, and the transformer experiences magnetic
flux drift. The remaining switches on the secondary side, such as T® and T’, are forced

to carry more current, increasing conduction losses and stress on those components.
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In summary, a fault at T° has a strong impact on efficiency, very similar to the
fault at T!, because both switches are responsible for the same half-cycle just on
opposite sides of the transformer. The converter remains functional, but its performance

is significantly degraded, especially at lower output power.

4.2.2.5 Failure Switch T°®

Figure 4.23 shows the bidirectional DC-DC converter with an open circuit fault
at switch T®, which sits in the upper right leg of the secondary side full bridge. Normally,
T® works together with T to create the negative half of the voltage waveform on the
secondary side of the transformer. This pair is crucial for maintaining balanced, two-
way energy flow to Battery 2. But when T® fails whether due to hardware damage or a
gate signal issue it can no longer conduct. This breaks the path needed to form the
negative half cycle, leaving the converter unbalanced and limiting energy transfer to

only the positive half of the cycle.
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Figure 423  Faulty switch at T® for purposed DAB converter.

The waveform in Figure 4.24 shows what happens when T® fails. Even though
the primary and secondary voltage signals (in red and blue) still look like square waves,
the converter’s behaviour changes noticeably. The inductor current (green) shifts
upward and stays mostly positive, which means current is only flowing in one direction.
This is very similar to what happens when T? fails on the primary side where the
converter also loses the negative half of its operation. In both situations, the current
stops swinging evenly around zero, which throws off the balance in the transformer and

increases the risk of magnetic core saturation over time.
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Figure 424  Voltage and current waveform of the DAB converter under normal and

faulty condition at TC.

Unlike the T2 fault, the T® fault causes noticeable spike-like fluctuations during
switching, especially in the voltage waveform. These spikes are likely due to the reverse
recovery of diode Ds, which tries to conduct when T® isn’t working. Extra inductance
and capacitance in the secondary-side circuit can also make these high frequency spikes
worse. These kinds of voltage disturbances aren’t as obvious with T2 faults on the
primary side, likely because the layout and switching behavior are different there. This
shows that faults on the secondary side can create more voltage noise and instability.

At the beginning of the current waveform, there’s also some minor fluctuation
before it settles into a steady one directional pattern. This early wobble probably
happens because the system still thinks everything is normal and tries to switch as usual.
Once it adjusts to the fault, the current becomes steady, but it’s still unbalanced, and
efficiency takes a hit.

In short, a fault at TS stops the converter from forming the negative half of the
voltage cycle on the secondary side, just like the T2 fault does on the primary side. Both
result in one-way current flow and reduced energy transfer. But with T®, you also get
more voltage ripple and noise because of the diode and circuit layout. This highlights
the need for detection of smart faults that not only spots performance drops but also

picks up on these smaller waveform issues depending on where the fault occurs.
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Figure 425  Efficiency vs Output Power at T.

Figure 4.25 shows how the efficiency of the DAB converter changes when
there’s an open circuit fault at switch T°. This switch is on the secondary side and
normally works with T to create the negative half of the voltage waveform. When T®
fails, half of the waveform is lost, and the converter can only transfer power during the
positive half cycle. This throws the system off balance and affects how well it can
deliver power.

Looking at the graph, the efficiency starts at 0% when no power is being
delivered. At 10 kW, it climbs to 55%, and as the load increases, it continues to rise
gradually, reaching 75% at 45 kW. Interestingly, this curve looks very similar to the
one for the T? fault. That makes sense, since T® and T? perform the same function but
on opposite sides of the transformer when either one fails, the result is nearly the same
in terms of how the converter behaves.

The drop in efficiency comes from a few key problems. With the negative half
of the waveform missing, the converter isn’t transferring power as effectively as it
should. It also loses the ability to perform ZVS, which normally helps reduce switching
losses. The current through the inductor becomes one-directional, which can cause
magnetic imbalance in the transformer and put stress on the core. Plus, the remaining
switches on the secondary side like T’ and T® must work harder, which increases heat
and electrical losses. The fault can also introduce voltage ripple and noise due to sudden

transitions and parasitic effects in the circuit.
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In short, a fault at T® has a noticeable impact on efficiency, especially at lower
power levels. The converter still works, but not as efficiently or reliably as it should.
And because its behavior closely matches the T2 fault, it highlights how both sides of
the converter play equally important roles and why it’s so important to detect and

manage faults early to keep performance stable.

4.2.2.6 Justification for Exclusion of Fault Analysis at Switches T3, T*, T’, and T®

This study focuses on detailed simulations of faults at switches T!, T2, T°, and
T®, while deliberately leaving out individual analysis for switches T3, T* T’ and T®.
This decision is based on the symmetrical nature of the DAB converter’s design. In the
converter, both the primary and secondary sides have four switches each, working in
diagonal pairs to generate alternating square wave voltages. On the primary side, T
pairs with T* and T? pairs with T%; on the secondary side, T° pairs with T® and T® with
T7. Because of this mirror setup, switches like T*> and T* essentially perform the same
roles as T! and T2 The same goes for T7 and T®, which match the functions of T> and
T®. For example, a fault at T® affects the system in the same way as a fault at T! both
lead to similar voltage issues, current distortion, and loss of energy symmetry [90]. The
same applies to faults at T* and T2 or T® and T°.

Simulations confirm this, that faults at these omitted switches result in
waveform and efficiency patterns that are nearly identical to those already discussed.
So, analysing them separately would only repeat the same conclusions without adding
any new insight [91].

By narrowing the focus to T!, T2 T° and T®, the study stays concise and avoids
unnecessary repetition, while still fully covering how the converter behaves under fault
conditions. In short, skipping T3, T*, T7, and T? is both efficient and logical, since their
roles and the consequences of their failures are already clearly represented by their

counterparts.
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4.2.2.7 Summary of Open-Circuit Fault Analysis Results for the DAB Converter

Table 4.2
Summary of Open-Circuit Fault Analysis Results for the DAB Converter
Wavelet
Lost Inductor )
Faulty ) Feature Efficiency
. Location Voltage Current -
Switch Half-Cvcle Behaviour Characteristics Impact
y (cD1-cD3)
Balanced
Normal bidirectional Low and stable >85% (normal
. — None current wavelet energy .
Operation o operation)
oscillation values
around zero
Strong negative Sionificant ener Severe
Primary side, Positive half- current drift, >18 . ey degradation
T1 e increase in cD2 and
upper-left leg cycle unidirectional D3 (max ~48% at
flow ¢ 45 kW)
. . . Strong po .vae Elevated wavelet Moderat§
Primary side, Negative half-  current drift, degradation
T2 . e energy, clear
upper-right leg  cycle unidirectional transient spikes (max ~70% at
flow P 45 kW)
Negative Severe
Secondary Positive half- cu.rren.t drift High wav.elet degradation
T5 side, upper-left with high- energy with cno
le cycle frequenc additional spikes (max =50% at
€ duency P 45 kW)
noise
Positive current Moderate
Secondary Negative half-  drift with Elevated Wavelet degradation
T6 side, upper- . energy, noisy o
iaht leg cycle transient coefficients (max =75% at
1g fluctuations 45 kW)

Table 4.2 provides a concise summary of the fault analysis results for the DAB
converter under open-circuit switch fault conditions. It compares normal operation with
faults occurring at different switches on both the primary and secondary sides of the
converter. The table highlights the effect of each fault on the inductor current behaviour,

wavelet feature characteristics, and overall converter efficiency.

From the table, it can be observed that faults at switches T1 and TS5, which are
responsible for generating the positive voltage half-cycle, result in more severe current
distortion and efficiency degradation compared to faults at switches T2 and T6. This
difference explains why positive half-cycle loss has a greater impact on converter
performance. The table also justifies the exclusion of symmetrical switches (T3, T4, T7,
and T8), as they exhibit identical behaviour to their corresponding counterparts and

therefore do not introduce additional insights.
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4.2.3 ANN-Based Fault Detection and Classification Results
4.2.3.1 ANN Training Performance

Figure 4.26 shows the overall training progress and final performance of the
neural network. The training was completed in just 6 epochs, achieving a very low mean
squared error (MSE) of 1.43 x 10715, starting from an initial value of 12.7. This
extremely low error indicates that the network was able to learn the fault patterns with
high accuracy. The training gradient dropped to 4.82 x 1077, suggesting the model had
successfully reached a stable point where further improvement was minimal. The
learning rate adjustment parameter (Mu) also decreased steadily from 0.001 to 1 x 1076,
confirming that the training process remained stable throughout. Training stopped
automatically after 6 validation checks without improvement, which is a built-in
MATLAB feature to prevent overfitting. This means the network was able to generalize

well without memorizing the training data.

Training Results

Training finished: Met validation criterion &4

Training Progress

Unit Initial Value Stopped Value |Target Value
Epoch 0 6 1000
Elapsed Time - 00:00:00

Performance 12.7 1.43e-15 0
Gradient 501 4.82e-07 1e-07

Mu 0.001 1e-06 1e+10
Validation Checks 0 6 6 -

Training Algorithms

Data Division: Random dividerand
Training: Levenberg-Marquardt frainim
Performance: Mean Squared Error mse
Calculations: MEX

Figure 426  ANN Training Summary

Figure 4.27 shows how the mean squared error (MSE) changed during the

training process for the training, validation, and test datasets. The best validation
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performance an MSE of 0.051753 was achieved right at epoch 0, meaning the network
generalized well from the very beginning. After that point, although the training error
kept decreasing and eventually approached zero, the validation and test errors stayed
constant. This gap between the training and validation performance suggests that the
network had already learned the important features early on, and continuing to train
would likely lead to overfitting. Fortunately, the early stopping feature kicked in at the

right time, helping to maintain the model’s ability to perform well on unseen data.

Best Validation Performance is 0.051753 at epoch 0

3

Mean Squared Error (mse)
=

10" E

| |
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3
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Figure 427  ANN Mean Squared Error (MSE) Performance Plot

To better understand how the training progressed, Figure 4.28 illustrates how
key parameters changed over each training step. The top plot shows the gradient steadily
decreasing, which confirms that the network was approaching a stable point where the
error wasn't changing much an indicator of successful convergence. The middle plot
shows how the Mu parameter (which adjusts the learning rate) changed, it briefly
increased in the early stages and then gradually decreased, helping to fine-tune the
training process. The bottom plot shows the number of validation checks, which reached
the limit of 6 by epoch 6 this triggered the early stopping mechanism, ending the

training process at the right time to prevent overfitting.
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Gradient = 4.8163e-07, at epoch 6

Mu = 16-06, at epoch 6

Validation Checks = 6, at epoch 6

0 1 2 -] 4 5 ]
6 Epochs

Figure 428  Training State Evolution: Gradient, Mu, and Validation Checks

Figure 4.28 clearly shows that the ANN trained quickly and effectively, with
stable performance throughout. There were no signs of instability or erratic behaviour
during training. The final training error was extremely low, and the convergence trends
confirm that the network structure and the wavelet-based input features worked well
together. Overall, these results confirm that the ANN is reliable and accurate enough to
support the proposed fault-tolerant control system by correctly identifying and

classifying faults.

4.2.3.2 Comparative Evaluation of Predictive Models

To evaluate the predictive performance of the proposed ANN model, results
were compared with two additional models which is MLR and SVR. MLR serves as a
simple statistical baseline that assumes linear relationships between variables, while
SVR is a classical machine learning approach capable of modelling non-linear patterns
through kernel functions. Both models were trained and tested using the same dataset
and preprocessing steps as the ANN to ensure a fair and consistent comparison.

The ANN model involves iterative training using the Levenberg—Marquardt
algorithm, therefore, MATLAB provides detailed training progress information such as
epochs, gradient, and validation checks. In contrast, MLLR and SVR are trained using

analytical and optimization-based methods, respectively, which do not require iterative
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epoch-based learning. Hence, their performance is evaluated directly using prediction

error metrics and classification accuracy rather than training convergence plots

Table 4.3
Performance Metrics for MLR, SVR, and ANN Models
Model MSE RMSE MAPE (%)
MLR 0.035 0.187 9.42
SVR 0.028 0.167 8.10
ANN 0.015 0.122 5.87

Table 4.2 presents a comparative performance evaluation of the Multiple Linear
Regression (MLR), Support Vector Regression (SVR), and Artificial Neural Network
(ANN) models based on three commonly used error metrics: Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), and Mean Absolute Percentage Error
(MAPE). These metrics are used to assess how accurately each model predicts the fault
conditions based on the extracted wavelet features.

From the results, the ANN model demonstrates the best overall performance,
achieving the lowest values across all three-error metrics. Specifically, the ANN records
an MSE of 0.015, an RMSE of 0.122, and a MAPE of 5.87%, indicating superior
prediction accuracy and lower deviation from the actual fault labels. This improvement
can be attributed to the ANN’s ability to model nonlinear relationships between input
features and output classes, which is particularly important for fault diagnosis in power
electronic systems where signal behaviour is highly nonlinear.

The SVR model shows moderate performance, with lower error values than
MLR but higher than ANN. Its ability to capture nonlinear patterns using kernel
functions allows it to outperform MLR; however, its performance remains limited
compared to ANN due to its dependence on kernel selection and parameter tuning.

The MLR model exhibits the highest error values among the three methods,
reflecting its limitation in handling complex nonlinear fault characteristics. Since MLR
assumes a linear relationship between inputs and outputs, its predictive capability is

reduced when applied to nonlinear and transient fault signals.
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4.2.3.3 Fault Detection and Recovery Performance Using ANN-Based Classification

This section highlights the MATLAB simulation results that validate the fault
detection and recovery method developed for this study, focusing on Objective (¢). The
goal is to assess how the current signal in the DAB converter behaves when a fault
occurs and how the system responds afterward. The detection system is powered by an
ANN that was trained using important features extracted from the converter’s electrical
signals.

The simulation results show that the ANN can accurately detect open-circuit
faults by recognizing unusual patterns in the current waveform. Once a fault is detected,
the system activates a recovery process that helps bring the current back to normal,
keeping it within safe limits. The waveform clearly shows initial distortion during the
fault, followed by a return to steady operation once the recovery kicks in. These results
confirm that the proposed method is both reliable and effective under changing

conditions, successfully meeting the objectives of the research.

Fault

60 1f ‘ Fecovery

401—“

20

Current(A)
o
T ——-
=
T

-

-40 | : |

L |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Time(s)

Figure 429  Current Waveform with Fault Detection and Stable Recovery
Indication for Signal T!

86



T,—N1 Ty ] T, 1 T,

-— — ——
-
-

Ty, 4 : ng T ] TS_-'"

Figure 430 Illustration of Inductor Current Flow in the DAB Converter under T!
Fault Condition

Figure 4.29 illustrates the inductor current response of the DAB converter when
an open-circuit fault occurs at switch T1. Prior to the fault, the inductor current operates
within the predefined tolerance band, indicating normal and stable power transfer. At
approximately 0.21 s, a sudden change in the current waveform is observed,
corresponding to the occurrence of the T1 open-circuit fault. Immediately after the fault,
the inductor current collapses and remains close to zero for a short duration. This
flattened current region indicates an interruption in the normal current conduction path
on the primary-side bridge.

The current flow mechanism responsible for this behaviour is illustrated in the
current flow diagram shown in Figure 4.30. When T1 becomes open-circuited, the
intended upper-leg conduction path of the primary full bridge is blocked. As a result,
the inductor current is unable to circulate through the normal switching sequence and is
temporarily forced into a freewheeling condition through the complementary switch T2
and its associated body diode. This disrupted conduction path prevents effective energy
transfer across the high-frequency transformer, explaining the near-zero current region
observed in Figure 4.29.

As the fault condition persists, the imbalance between the primary and
secondary bridge switching states causes a reversal of the effective inductor voltage.
Consequently, the inductor current transitions from the zero-current region into a
negatively biased current, as clearly observed in Figure 4.29 following the flattened
segment. This negative current indicates unintended reverse power flow caused by the
asymmetrical bridge operation under the T1 fault condition.

Once the fault is detected by the ANN-based fault diagnosis system, the

proposed passive fault-tolerant control strategy is activated. The control action reroutes
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the current through healthy and redundant switching paths, as highlighted in the current
flow diagram. Following this corrective action, the inductor current gradually recovers
and re-enters the tolerance band at approximately 0.25 s. The current then stabilises
around the steady-state mean value, confirming successful fault mitigation.

Overall, the combined interpretation of Figures 4.29 and 4.30 demonstrates that
the observed current flattening and subsequent negative bias are direct consequences of
the altered current flow path resulting from the T1 open-circuit fault. The rapid recovery
and restoration of stable current operation validate the effectiveness of the proposed

ANN-based fault detection and passive fault-tolerant control scheme disturbances.
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Figure 432  Illustration of Inductor Current Flow in the DAB Converter under T2
Fault Condition
Figure 4.31 shows the inductor current response of the DAB converter when an

open-circuit fault occurs at switch T2. During normal operation, the inductor current
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remains stable and confined within the predefined tolerance band, indicating balanced
power transfer between the primary and secondary bridges. At approximately 0.21 s,
marked by the black dashed vertical line, an open-circuit fault is introduced at switch
T2. Immediately after the fault, the current waveform deviates outside the tolerance
range, reflecting a disturbance in the normal conduction path of the primary-side bridge.

The current flow behaviour responsible for this disturbance is illustrated in the
current flow diagram for the T2 fault condition (Figure 4.32). When switch T2 becomes
open-circuited, the lower-leg conduction path of the primary bridge is interrupted.
Consequently, the inductor current is no longer able to circulate through its intended
switching sequence. Instead, the current is forced to commutate through alternative
freewheeling paths involving the complementary upper-leg switch T1 and associated
body diodes, as highlighted in the diagram. This disrupted current path results in an
imbalance in the bridge operation, leading to the observed transient deviation in the
current waveform in Figure 4.31.

Unlike the T1 fault case, the T2 open-circuit fault causes a rapid change in the
current magnitude rather than a prolonged zero-current region. This difference is due to
the distinct position of T2 within the full-bridge structure, which alters the available
freewheeling paths and the polarity of the inductor voltage during the fault condition.
As a result, the current experiences a brief transient disturbance before stabilisation is
initiated.

Once the fault is detected by the ANN-based fault diagnosis system, the passive
fault-tolerant control strategy is activated. The control action reroutes the current
through healthy switching paths, restoring a valid conduction loop across the
transformer. As indicated by the magenta dashed line in Figure 4.31, the current re-
enters the tolerance band at approximately 0.25 s, corresponding to a recovery time of
about 0.04 s. After recovery, the current oscillates steadily around the final mean value
and remains within the acceptable operating limits.

The combined interpretation of Figures 4.31 and 4.32 confirms that the transient
current disturbance observed under the T2 open-circuit fault is a direct consequence of
the altered current flow path in the primary bridge. The rapid detection and successful
restoration of stable current operation demonstrate the effectiveness of the proposed
ANN-based fault diagnosis and passive fault-tolerant control scheme for switch T2

faults conditions.

89



60 ||

40

N
o

Current(A)
‘ o

[
o
I

1

-40 H| I\ \ .

Fault ’F»,,w ered | | |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Time(s)

Figure 433  Current Waveform with Fault Detection and Stable Recovery
Indication for Signal T°

[ ]
y

j
i

Figure 434  Illustration of Inductor Current Flow in the DAB Converter under T°
Fault Condition

Figure 4.33 presents the inductor current response of the DAB converter when
an open-circuit fault occurs at switch T5 on the secondary-side bridge. Under normal
operating conditions, the current remains within the predefined tolerance band,
indicating stable bidirectional power transfer. At approximately 0.22 s, as indicated by
the black dashed wvertical line, an open-circuit fault is introduced at switch TS5.
Immediately following the fault, the current waveform becomes highly unstable and
exhibits large oscillations that exceed the tolerance limits. This behaviour reflects a
sudden disruption in the intended current conduction path on the secondary side of the
converter.

The corresponding current flow behaviour during the TS fault is illustrated in
the current flow diagram shown in Figure 4.34. When switch T5 becomes open-

circuited, the upper-leg conduction path of the secondary bridge is interrupted,
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preventing normal current transfer through the transformer. As a result, the inductor
current is forced to commutate through alternative freewheeling paths involving the
complementary lower-leg switch T6 and its associated body diode, as highlighted in the
diagram. This altered conduction path introduces an imbalance between the primary and
secondary bridges, which directly causes the pronounced current oscillations observed
in Figure 4.33 immediately after the fault occurrence.

Due to the asymmetric switching states between the two bridges, the effective
inductor voltage fluctuates significantly, leading to transient over-oscillation of the
current rather than a complete current collapse. This explains why the TS5 fault produces
a more severe oscillatory response compared to the T1 and T2 fault cases. The observed
behaviour confirms that faults occurring on the secondary-side bridge can have a
stronger impact on current stability due to their direct interaction with the output energy
transfer stage.

Once the abnormal current pattern is detected by the ANN-based fault diagnosis
system, the proposed passive fault-tolerant control strategy is activated. The control
action reconfigures the conduction path by utilizing healthy switches and redundant
current paths, restoring a valid energy transfer loop across the transformer. As indicated
by the magenta dashed line in Figure 4.33, the current re-enters the tolerance band at
approximately 0.26 s, corresponding to a recovery time of about 0.04 s. After recovery,
the current stabilises around the final mean value and remains within acceptable
operating limits.

The combined interpretation of Figures 4.33 and 4.34 demonstrates that the large
current oscillations observed under the TS open-circuit fault are a direct consequence
of the altered current flow path on the secondary-side bridge. The rapid detection and
effective recovery confirm the robustness of the proposed ANN-based fault diagnosis
and passive fault-tolerant control scheme in maintaining stable converter operation

under severe switch fault conditions transfer.
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Figure 436  Illustration of Inductor Current Flow in the DAB Converter under T®
Fault Condition

Figure 4.35 illustrates the inductor current response of the DAB converter when
an open-circuit fault occurs at switch T6 on the secondary-side bridge. Under normal
operating conditions, the current waveform remains stable and confined within the
predefined tolerance limits, indicating balanced bidirectional power transfer. At
approximately 0.21 s, marked by the black dashed vertical line, an open-circuit fault is
introduced at switch T6. Immediately after the fault occurrence, the current waveform
becomes highly unstable and exhibits large oscillations outside the tolerance band,
reflecting a severe disturbance in the current conduction path on the secondary side of
the converter.

The current flow behaviour responsible for this response is illustrated in the

current flow diagram for the T6 fault condition (Figure 4.36). When switch T6 becomes
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open-circuited, the lower-leg conduction path of the secondary bridge is interrupted.
Since T6 plays a critical role in generating the negative half-cycle of the secondary-side
voltage, its failure results in an asymmetric switching condition between the primary
and secondary bridges. Consequently, the inductor current is forced to commutate
through alternative freewheeling paths involving the complementary upper-leg switch
T7 and associated body diodes, as highlighted in the diagram. This altered conduction
path leads to an imbalance in the effective inductor voltage, which directly causes the
erratic and oscillatory current behaviour observed in Figure 4.35.

Compared to faults occurring on the primary-side switches, the T6 fault
produces more pronounced current oscillations due to its direct influence on the output-
side energy transfer process. The disrupted secondary-side switching sequence results
in rapid fluctuations in current magnitude rather than a complete current collapse,
explaining the highly oscillatory waveform observed immediately after the fault.

Once the abnormal current pattern is detected by the ANN-based fault diagnosis
system, the proposed passive fault-tolerant control strategy is activated. The controller
reconfigures the current conduction path by utilizing healthy and redundant switching
paths, restoring a valid energy transfer loop across the transformer. As indicated by the
magenta dashed line in Figure 4.35, the current re-enters the tolerance band at
approximately 0.27 s, corresponding to a recovery time of about 0.06 s. Following
recovery, the current stabilises around the final mean value and remains within the
acceptable operating range.

The combined interpretation of Figures 4.35 and 4.36 confirms that the severe
current oscillations observed under the T6 open-circuit fault are a direct consequence
of the altered current flow path on the secondary-side bridge. The successful detection
and recovery demonstrate the effectiveness and robustness of the proposed ANN-based
fault diagnosis and passive fault-tolerant control strategy in maintaining stable

operation under critical switch fault conditions disturbances.

4.2.3.4 Summary of ANN Performance and System Recovery

The results clearly show that the ANN approach works effectively for
identifying and recovering from open-circuit faults in a bidirectional DC-DC converter.
The training process was fast and efficient, completing in just six epochs with an

extremely low error rate, which means the network learned the patterns very well
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without overfitting. It also showed good generalization, with stable validation and test
performance throughout the training.

During simulations, the ANN successfully detected faults in different switches
T!, T2, T° and T® and triggered recovery actions quickly. Faults were identified at
around 0.21 to 0.22 seconds, and the system recovered within 0.04 to 0.06 seconds after
detection. After recovery, the current signals returned to normal, staying within the
expected limits and maintaining stable operation.

These results confirm that the ANN not only detects faults in real time but also
helps the system return to a stable condition without delay. This approach strengthens
the reliability of the converter, especially in scenarios where continuous power delivery
is critical. Overall, the ANN-based method proves to be a practical and reliable solution

for enhancing the fault tolerance of power electronic systems.
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CHAPTER 5
CONCLUSION

5.1 Conclusion

This thesis presented an Al-enhanced fault-tolerant control framework for a
bidirectional Dual Active Bridge (DAB) converter, with particular emphasis on reliable
operation under open-circuit switch fault conditions. The research was motivated by the
increasing demand for resilient power electronic converters in applications such as
electric vehicle charging, battery energy storage systems, and renewable energy
integration, where uninterrupted bidirectional power flow is critical.

A current-controlled switching strategy was first developed and implemented to
ensure stable and efficient bidirectional power transfer between two battery systems.
Unlike conventional phase-shift modulation, the adopted current-based control
approach provided improved regulation of power flow and enhanced stability under
dynamic operating conditions. Simulation results confirmed that the proposed control
strategy successfully maintained bidirectional operation during both charging and
discharging modes, with high efficiency across a wide range of output power levels.

To address converter reliability, this work focused on open-circuit switch faults,
which are among the most common and challenging fault types in high-frequency
power converters. An intelligent fault detection and diagnosis mechanism was
developed by integrating wavelet-based feature extraction with an Artificial Neural
Network (ANN) classifier. Wavelet decomposition was employed to extract time—
frequency features from inductor current signals, allowing transient fault characteristics
to be captured effectively. These features were then used to train the ANN to accurately
distinguish between normal operation and individual switch fault conditions.

The ANN demonstrated fast convergence during training and achieved high
classification accuracy during validation and testing, confirming its strong
generalization capability. Simulation results showed that open-circuit faults at switches
T1, T2, TS, and T6 were consistently detected within approximately 0.21-0.23 seconds.
Following fault identification, the proposed passive fault-tolerant control (PFTC)
strategy based on redundancy was activated, enabling the converter to recover stable

operation within approximately 0.28-0.29 seconds. Post-fault current waveforms
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returned to within acceptable tolerance bands with minimal oscillation, indicating
effective fault mitigation and system robustness.

A detailed fault analysis was further supported by current flow diagrams, which
illustrated how the conduction paths were altered under each fault condition. These
diagrams provided clear physical insight into the observed current waveform behaviour
and confirmed that the recovery process was directly linked to the activation of healthy
and redundant switching paths. The combined use of waveform analysis and current
flow interpretation strengthened the validity of the proposed fault-tolerant approach.

In addition, a comparative performance evaluation was conducted using
Multiple Linear Regression (MLR), Support Vector Regression (SVR), and ANN
models. The ANN consistently outperformed the other models in terms of Mean
Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean Absolute
Percentage Error (MAPE), demonstrating its superior capability in modelling nonlinear
fault characteristics inherent in DAB converters.

Overall, the results confirm that the proposed Al-enhanced fault-tolerant DAB
converter successfully achieves fast fault detection, accurate fault classification, and
reliable recovery without interrupting bidirectional power flow. By combining wavelet-
based signal processing, ANN-based diagnosis, and redundancy-based passive fault
tolerance, this research contributes a practical and robust solution for improving the

reliability of modern power electronic systems systems.

5.2 Future Work

Although the proposed framework has demonstrated strong performance
through comprehensive simulation studies, several directions for future research can be
identified. First, experimental hardware implementation is recommended to validate the
proposed fault detection and fault-tolerant control strategy under real-world operating
conditions, including switching noise, sensor inaccuracies, and component non-
idealities. Hardware-in-the-loop (HIL) testing could serve as an intermediate step
before full experimental deployment.

Second, the current study focuses exclusively on single open-circuit switch
faults. Future work may extend the fault diagnosis framework to include short-circuit

faults, sensor failures, incipient faults, and multiple simultaneous fault scenarios. This
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would further enhance the applicability of the proposed approach in complex and
safety-critical systems.

Third, while a conventional ANN was employed in this research, advanced deep
learning architectures such as convolutional neural networks (CNNs) or recurrent neural
networks (RNNs) could be explored to improve fault classification accuracy under more
complex operating conditions. Adaptive or online learning techniques may also be
investigated to enable real-time model updating and improved long-term performance.

Finally, future studies may examine the integration of the proposed fault-
tolerant strategy into larger energy systems, such as multi-converter DC microgrids or
vehicle-to-grid (V2G) platforms, to evaluate scalability and system-level impacts.
These extensions would further support the development of intelligent, resilient, and

sustainable power electronic infrastructures use.
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Research Activities

APPENDIX 1

2024

2025

Activities

Research - Literature Review, Problem Statement, Objective

Research - Methodology and Project Management

Determine parameter and design identification concept

Test and validate selected topology converter

Perform data collection and evaluation

Testing ANN architechture and validation

Perform data processing, analysis and conclusion

Milestone

A complete model was designed and developed

The DC-DC bidirectional converter was tested and validated

Development ANN training architecture

Data processing, analysis, and reporting were performed
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