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Abstract- This paper presents an overview of several
artificial intelligence (AI) technologies used in power
electronics applications. Power electronics and artificial
intelligence are growing technical research disciplines that
have significantly contributed to better voltage
conditioning and computing. This paper looks at the use of
Al in power electronics, highlighting three significant
applications and the obstacles faced. Power electronics is
an area of power systems engineering that deals with
medium-to-high voltage conditioning, mostly through the
use of converters. The power circuit of these converters
needs sophisticated control to ensure effective power
switch switching. This is where the high computational
capabilities of Al technologies are used. To increase the
control capabilities of power electronic converters, new Al
technologies are required. As a result, this analysis looks
at the accomplishments and problems of applying Al to
power electronics, as well as providing a roadmap for
bridging the Al-power electronics divide.
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1. INTRODUCTION

Power electronics plays one of the most important roles
in our modern world of today. It involves power
conversion and energy control applications. Most of the
roles and application of power electronics ranges from
power systems, renewable energy, motor control systems,
industrial automation, and much more. It is said that power
electronic systems and devices are part of our everyday
lives [1]. Artificial intelligence is a branch of computer
systems and technology that can solve complex problems.
As of today, Al has a wider range of applications. One of
the main importance of Al in power electronics which has
attracted a wide range of interest is its ability to automate
complex problems and systems more efficiently and
reliably [2].

Al viewed from an angle has been a powerful tool for
improving the performance of power electronics systems.
In recent research, it has been noted that Al systems can
achieve improved energy management, fault detection,

maximum efficiency, and reliability. With the
implementation of Al into power electronics, it creates
system capabilities that are self-aware and can self-adapt
which then gives room for improved system autonomy,
which is the future goal of power electronics systems [3].
Several branches of Al are commonly used in power
electronics which are neural networks, fuzzy logic, genetic
algorithms, machine learning, and reinforcement learning
[4]. A neural network is a branch of Al that involves
learning complex relationships and retrieving patterns
between inputs and output in power electronics system
applications.

Fuzzy logic is another branch of Al applications that
handles nonlinearities and uncertainties in power
electronics systems [5]. Genetic algorithms are a branch of
Al that deals with tuning controller parameters, modeling
designs, and optimization of power electronics systems.
Machine learning is also another branch of Al that has a
variety range of applications in power electronics systems,
it involves analyzing complex data and the relationship
between this data with the mindset of improving the
performance and efficiency of power electronics systems
[6]. Reinforcement learning is also a branch of Al widely
adopted in power electronics which involves the
development of adaptive control methods for applications
in a dynamic environment. The major goal of Al in power
electronics is to create systems that are efficient, reliable,
and adaptable but this goal has been met with several
challenges.

In this investigation, we will examine in depth the
types of literature on Al applications in power electronics,
as well as the issues that come with them. As a
consequence, numerous research publications were
examined, the majority of which were journal articles.
Papers related to the topic of interest. The next part will
discuss (i) Al applications and problems in fault diagnosis
and condition monitoring. (ii) Al applications and
challenges in modeling, control, and design of power
electronic converters. (iii) Al uses and problems for
wireless power transfers and future power electronics
technologies.
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Figure 1. Al technique in modeling of power electronic converter

2. Al TECHNIQUES IN POWER ELECTRONICS

Al has emerged as one of the most prominent and
powerful technologies. The primary purpose of Al is to
execute activities that human brainpower can or cannot do
but in a far superior manner. Nonetheless, the scope of Al
has begun to broaden over time, with one such expansion
aimed at improving systems in a more efficient,
dependable manner. This is also consistent with the
purpose of power electronics, which is to create power
electronics systems and devices that are efficient,
dependable, and deliver high-quality results. As a result,
the use of Al may be extremely beneficial to power
electronics systems and technology. Figure 1 shows Al
techniques in the modeling of power electronics
converters.

2.1. Machine Learning

Machine learning is a branch of Al that is aimed at
developing statistical models and algorithms to enable
machines and systems to perform tasks and duties without
explicitly being programmed or instructed. Figure 2 shows
the various categories of machine learning. These
statistical models and algorithms can learn or make
predictions from trends and sequences of events. There are
three ways and methods of application of learning in power
electronics. These are (i) supervised learning (ii)
unsupervised learning and (iii) Reinforcement learning.

Dimensionality
Reduction

Unsupervised Supervised
Learning Learning

Machine
Learning

Reinforcement
Learning

Classification

Clustering Regression

Figure 2. Machine learning process

2.1.1. Supervised Learning

This is when a machine is trained on input data and
output data such that the machine can identify the patterns
and relation between the input and output. Supervised
learning applications in power electronics can be in two
major forms which are (i) Classification and (ii)
Regression.
1) Classification: this method of application is principally
used for fault detection in power systems and devices by
classifying different types of faults.
ii) Regression: this method of application is mainly used
to predict power electronics system behaviors, especially
in situations like load forecasting. This is done by
modeling the relationships between the input data and
output data.

2.1.2. Unsupervised Learning

This is when a machine or device is given input data
for it to learn and determine the outcome of the output.
Application of unsupervised learning in power electronics
are:
i) Clustering: this method of application is done by
identification of patterns in data and groups with similar or
close data points, which can be used to distinguish
different operating modes of power electronics systems
and most times identification of abnormal patterns.
ii) Abnormality detection: this method of application is
done by identification of deviations of power electronics
systems behavior from normal operations, this helps to
detect faults or inefficiencies in power electronics systems
and devices.

2.1.3. Reinforcement Learning

This is when a machine or device does not require the
training process but rather it’s able to adapt suitable
strategies and decisions to get a desirable outcome. This is
used in designing and modeling controllers that can adapt
to changing conditions in real-time. This helps to improve
the efficiency and performance of power -electronic
systems and devices without the need for a predefined
model. This applies to adaptive control of inverters,
converters, and power electronics devices intending to
improve efficiency and response time.
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2.2. Neural Network (NN)

NN is an aspect of Al and a branch of neural network
that can model and understand complex relationships in
data. In cases like this large-scale data is usually involved.
The application of neural networks to power electronics is:
o System modeling and complex pattern recognition: Due
to the ability of deep learning models to understand
complex relationships between data, it is usually and, in
most cases, used in creating models that are accurate for
power electronics systems. An example of such an
application is used in predicting system failures and
improving designs and models for power electronics
systems.

2.3. Convolutional Neural Network (CNN)

CNN system uses three-dimensional data for image
analysis and classification. This is mostly used or suitable
for image data. The application of CNN to power
electronics is
o Image-based monitoring and analysis: due to the ability
of CNN to be able to handle image-based data, it can be
applied to areas like condition monitoring in situations
where the health performances of power electronics
devices and component is a concern.

2.4. Recurrent Neural Network (RNN)

RNN system is a type of Al that uses sequential data or
time series data. This is mostly used when data are
sequential or when components are interrogatable based on
semantics rules. The application of RNN to power
electronics is predicting future behaviors of power
electronics systems and devices based on available and
historical data. This helps in effectively controlling
systems with temporal dependencies such as load
forecasting and real-time control of power grids.

2.5. Fuzzy Logic Systems

A fuzzy logic system can be explained as a type of
reasoning and computing that is able to handle uncertainty
and imprecision by replication of how humans make
judgments. The application of fuzzy logic to power
electronics is in areas of modeling of power electronics
controllers that are robust and can handle this type of
uncertainty and imprecise data and information.

2.6. Genetic Algorithms

Genetic algorithms are used in the designing and
operation of efficient power electronic systems and device.
This is done by determining the optimal size and
component rating, selecting the configuration of efficient
circuit elements, and tuning parameters of control
algorithms for power electronic systems. Also, it can be
applied in situations like adjusting operational parameters
to maximize energy distribution of loads among multiple
power electronics systems, to create a balance in
performance, and also helps in creating robust power
electronic systems that are efficient in detecting faults and
performing correcting mechanisms.

2.7 Generative Adversarial Networks (GANs)

GANSs can create artificial fault data by learning the
pattern of distribution of real-world fault patterns. These
artificial datasets can then be used to supplement training
data, allowing machine learning models to detect problems
that may not occur frequently in real-world operations.
GANs, for example, could replicate failures like as short
circuits, overloading, and component degradation in power
converters or inverters, allowing them to train more
resilient Al models.

2.8 Swarm Intelligence

For decentralized optimization and decision-making,
swarm intelligence approaches are employed, which draw
inspiration from natural phenomena such as ant colony
optimization or bird flocking. These techniques can be
used in power electronics for improving distributed
systems, such as microgrid inverters, where local decisions
are made according to local conditions. In large-scale
power systems, swarm intelligence can assist in the
simultaneous optimization of several goals, including cost,
efficiency, and dependability.

3. APPLICATION OF NEURAL NETWORK TO
POWER ELECTRONICS IN A PREDICTIVE
CONTROL CIRCUIT

One of the applications of neural networks in power
electronics circuits is in the case of predictive control of a
power electronics circuit. A neural network-based
predictive control system designed to reduce the error
between the actual and estimated outputs of a power
electronic circuit. In this case, by using the capabilities of
adaptive learning strategies, it can predict the output of a
given power electronics circuit at very high accuracy and
adjust the parameters in such a way that the system can
adjust in real-time so has to produce an efficient result.

Input X(t) Power Electronic Actual Qutput Yo
Circuit
N +
Q@
\'
@ —— Y
e 1{C]
L]
L .
o—> Estimated
Output
Neural Network

Figure 3. Neural network-based predictive control for power electronic
circuits

In Figure 3, the control system is made up of a neural
network that processes the same input signal as the power
electronic circuit and also processes an estimated output.
The difference between the actual output of the power
electronic circuit and the approximated output from the
neural network forms an error signal. This error signal is
used to update the neural network, allowing it to learn and
improve its predictions continuously. The parameters of
Figure 3 are defined as:
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e X(¢) is the input into the power electronic circuit
e Y(¢) is the processed X (¢) by the power electronic

circuit which is now the actual output.
e Neural network (NN) is taken in the same X(¢) and

processes it using weights and biases represented by W and
v and then predicts an estimated output Y (¢)

e ¢(1)is the error signal which is the variance between the

actual output Y(¢) and the approximated output Y (), This
is computed by Equation (1):
e(t) =Y(1)-Y(1) (1

3.1. Feedback Loop
The error signal e(¢) is feedback to the neural network.

In such a way the feedback loop is necessary for training
and adjusting the neural network to minimize the error
over time. This is done by continuously adjusting its
weights and biases which allows the NN to learn and to
predict output of power electronic circuit more efficiently.

3.2. Neural Network Structure

The neural network in this diagram (Figure 3) has
various layers comprising input, hidden, and output layers.
The weights W and V represent the connections between
the neurons in these layers. the neural network processes
the input X(¢) through these layers to produce the

estimated Y (t) . The primary goal of this system is to

minimize the error e(z) by training the neural network to

generate an estimated output Y (t) which approximately
matches the actual output Y (¢) This is one of the practical

applications of neural networks in power electronics where
the exact mathematical model of the power electronic
circuit is complex or unknown, and a data-driven model
like a neural network can provide a good estimation.

3.3. Applications

This system can be used in various power electronics
control system applications such as motor drives, inverters,
and converters. It helps to improve the performance,
efficiency, and reliability of these systems by providing
accurate control signals based on the neural network's
predictions. Figure 4 shows an Al application in a power
electronic converter. Which include 3 major phases which
are data collection, modeling, and design optimization.

4. A1 APPLICATIONS IN POWER ELECTRONICS

4.1. Al Application and Challenges in Fault Diagnosis,
Condition Monitoring

Fault diagnosis and condition monitoring are critical in
power systems, particularly in related fields such as
rotating equipment, in order to ensure the machines' safety,
dependability, and availability. Several research
publications have demonstrated the effectiveness of Al in
various domains. In [7], an Al vibration application is
described that uses CC (correlation coefficient), EEMD

(ensemble empirical mode decomposition), and SVD
(singular value decomposition) to find defects. In [8], an
Al application to vibration and current was utilized to
diagnose numerous defects and anticipate mechanical and
electrical failures under various operations utilizing a
statistical feature known as support vector machines
(SVM).

In [9], an application of Al in vibration analysis using
deep learning  demonstrated automated — defect
identification and diagnosis using frequency distribution
without the use of standard feature extraction methods. In
[10], deep learning is used to monitor induction motor
bearings via stator current analysis under various load
circumstances. Al has been used in a variety of
applications to improve fault identification and diagnosis
across a wide range of machines. For example, Al has been
utilized to detect and diagnose bearing faults using
acoustic emission analysis and a transfer learning-based
convolutional neural network. Al solutions for vibration
analysis include a multiscale deep learning network that
can handle a variety of operating situations, as well as a
hybrid deep signal processing approach that uses auto
encoders.

Al Applications In Power Electronic Converters

Data
Colle:ction

Control
(FLC, MPC, RL)

H
Modeling
(ANN, SVN, RNN)

i
Design Optimization

. Design Objectives
(GA, PSO, DRL, SA)

(Efficiency, Size)

Figure 4. Al technique in modeling of power electronic converter

Al has also been used to diagnose rolling bearing faults
using feature extraction approaches and to detect faults in
real time using deep belief networks (DBN) paired with
impulse signal uniformization. Early defect detection was
accomplished using an improved deep-gated recurrent unit
and complex wavelet packet energy moment entropy. Al
has also been used to enhance defect identification on
unbalanced datasets via generative adversarial networks
(GAN) [11-13]. [14] Describes an Al application for
extracting multiscale features from raw vibration signals
with the purpose of achieving acceptable performance
under varied working situations. In [15], AI was used to
identify defects in anchor rods of electricity transmission
lines using machine learning.

4.1.1. Challenges

Al application in fault diagnosis and condition
monitoring has been an area of great interest however there
are still some challenges associated with it. Some of these
downsides are:
1. Imbalance dataset: most of the data used cannot be
generalized because they are far from the big data that is
required. However, there were instances where some
experiments were done to cover up for an imbalanced
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dataset but this is far from reality when it comes to fault
diagnosis and condition monitoring. It is worth noting that
the application of other Al techniques such as self-learning
and a combination of other learning techniques can be
considered to bridge this gap.

2. Transfer learning: most of the transfer learning
algorithms are not comprehensive enough to encompass all
the aspects of fault diagnosis and condition monitoring
making it complex to juxtapose results and also
assumptions in this regard can be very dangerous for
concluding.

3. Environmental variability and noise: In most power
electronics systems in most cases, measurements can differ
from the environment for example factors such as
temperature and electrical interference can result in noise.

4.2. Al Applications and Challenges to Modelling,
Control, and Design of Power Electronic Converters

Power converters are devices that can process and
control the flow of current or voltage to meet the load
requirements. Al has shown to be quite effective in
boosting efficiency, design control, and overall power
converter maintenance. There are various evidence of this
in the previously conducted studies. The purpose of [16],
an artificial intelligence application in a converter-based
actuation system, was to improve electronic converter
control. In [17], Al was used as a DC-DC bulk converter
to increase transient response performance.

Al has also been used to improve the performance of
many power electrical systems and controllers. For
example, Al has been used to modify the voltage output of
PID-controlled DC-DC converters, monitor average
switching current, and optimize load sharing. It has also
been used to calibrate PID controllers and simulate
predictive control (MPC) for grid-connected systems.
Furthermore, Al aids in decreasing torque and current
ripples in DC-DC buck converters, addressing training
data, accuracy, and robustness issues in these converters,
and enabling real-time optimization of power electronic
converters employing dual active bridge technology [18-
21].

The use of Al for power sharing and efficient control
on DC microgrids is discussed in [22], while in [23], three-
phase rectifiers are used to perform a voltage prediction.
Al has been used in several important fields to enhance
grid management and power electronics. It has been
applied to forecast demand in power grids, improve
transient responses in DC-DC converters, and handle
disturbances in three-phase grid converters. Al has also
been used to improve power electronics systems' overall
performance and efficiency by optimizing their control
[24-25].

4.2.1. Challenges

Al application in power converter designs, modeling,
and control systems and techniques is also a serious area
of interest because of the importance of efficiency which
is one of the leading criteria in power systems, electronic
converters, and control systems. But here are the
challenges that are been faced in this area:

1. Immature Al technology: most of the Al techniques that
are been tested in these areas are not matured yet to be
deployed in real-life situations. Although experiments
show how promising these technologies could be.

2. Dataset: The dataset that most of the Al technology
relies on to predict the control of power systems in most of
the research are already available datasets that have been
collected over time, however in real-time and real-life
applications there will be the need for data gathering from
live control and power converters for Al to be more
efficient. There will be a need for active sensors to gather
this data in real-time for Al to make accurate and more
efficient decisions.

3. Multi-objective optimization: in designing and
modeling power electronics systems there are always
multiple conflicting objectives like complexity of
tradeoffs, computational demands, scalability and
flexibility, and integration with control systems.

4.3. Al Applications and Challenges in Wireless Power
Transfers & Emerging Power Electronics Technology

One of the promising and crucial technologies for
future power mobility is wireless power transfers, which
transfer electrical energy without the need for a physical
connecting medium. Al applications for wireless power
transmission will boost this system's performance by
increasing its efficiency. An Al application to improve
wireless power transfer systems' efficiency was shown in
[26]. An application of Al to maximize EV system
efficiency was shown in [27]. Al has been used in a variety
of fields to improve energy management and wireless
power systems. It has been used to optimize the design of
wireless power transfer systems, detect stationary
frequency components in electric signals within smart
homes, and facilitate wireless energy trading, allowing
individuals to trade energy packets on a microgrid.
Furthermore, Al has been used in wireless PM DC motors
to maintain energy security in multi-objective wireless
power transfer systems, guarantee wireless energy
security, and reduce the size of medical implants [28-30].

4.3.1. Challenges

Al applications in wireless power transfers and
emerging power electronics technologies are part of the
future of power systems. The application of these
technologies will further enhance the safety and efficiency
of these devices. However, there are several challenges
associated with wireless power transfer in emerging power
electronics technology
1. Complier of wireless power conversion: wireless energy
conversion involves systems that convert energy from one
form to another form however some of these Al and WPT
technologies are not yet suitable for conversion and
transmission due to factors like efficiency, heat
dissipation, power density, and range.
2. Implementation of wireless power transfers-Al: The
implementation of WPT and Al at these early stages is
faced with problems associated with design and control
which are in terms of signal interference, signal distortion,
efficient power transfers, environmental changes, and
design complexity.
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5. COMPARATIVE ANALYSIS OF Al
TECHNIQUES IN POWER ELECTRONICS

Power electronics deals with conversion, control, and
management of electrical power, and artificial intelligence
(AI) approaches are been integrated with power electronics
due to their capacity to increase efficiency, dependability,
and effectiveness in systems such as inverters, converters,
and power electronics system at large

There was literature on several Al techniques that were
considered and used to produce good insights into Al
applications in power electronics. Most especially in fault
detection and condition monitoring. Techniques that were
used include Auto encoders, Support Vector Machines
(SVMs), Graph Neural Networks (GNNs), and
Convolutional Neural Networks (CNNs)

5.1 Auto Encoders

The autoencoder was one of the techniques that were
mostly applied in fault detection and condition monitoring.
Which was used for monitoring the functioning of power
electronics systems. The autoencoder is trained using data
that depicts typical functioning, such as current and
voltage signals. When there are faults in the power
electronics systems, the data from the power electronic
device will depart from the learned usual patterns, causing
the autoencoder to output a large reconstruction error. This
irregularity may generate an alert requiring maintenance.
Diagnostic Accuracy: from the literature considered the
accuracies varied from 89.90% - 100%. Autoencoders can
achieve excellent diagnostic accuracy by learning
representations of common operating patterns.
Medium Detection Speed: Auto encoders require data
reconstruction to spot abnormalities, making them
significantly slower than simpler models such as SVMs.
Adaptability to New Fault Types: Moderate adaptability
refers to auto encoders' ability to notice variations from the
typical pattern. They have little ability to identify new
types of faults without being retrained but in cases where
the fault looks similar to the previous fault.

5.2. Support Vector Machines (SVMs)

Support Vector Machines (SVMs) are a sophisticated
machine-learning technique that is commonly used. SVMs
were used to efficiently detect faults, classify data,
anticipate maintenance, and monitor system states. SVMs
can work with high-dimensional data, SVMs are very
useful for assessing the complex signals found in power
electronics systems.

Diagnostic Accuracy: from the literature, the accuracy on
average was 96.8% SVMs excel in binary or multi-class
classification, making them ideal for simple fault
classification tasks, particularly with a well-labeled
dataset.

Medium Detection Speed: SVMs have relatively fast
detection times because they focus on identifying class
borders rather than modeling complicated data structures.
This makes them ideal for real-time applications.
Adaptability _to New Fault Types: SVMs rely on
predetermined classes and boundaries, making them less
adaptive to new defect kinds without retraining.

5.3. Graph Neural Networks (GNNs)

GNNS is a type of neural network meant to operate on
graph-structured data, with nodes representing entities and
edges representing relationships between them. GNNs
have been used in applications involving defect detection,
and system monitoring.

Diagnostic Accuracy: from the literature considered the
accuracies range from 89.45% to 99.72% GNNs are
excellent in defect detection

Number of Layers: from the literature 1 — 4 layers were
recorded. The layer level varies with the complexity of the
network interactions being represented.

Medium Detection Speed: from the literature GNNs may
be computationally demanding, particularly when dealing
with bigger networks, hence they typically operate at a
medium pace. They are quicker than certain deep networks
when dealing with simpler graphs.

Adaptability to New Fault Types: GNNs are moderately
adaptable, as they can simulate new defects when the
network structure changes. However, spotting flaws
outside of previously known patterns may still need
retraining.

5.4. Convolutional Neural Networks (CNNs)
Convolutional Neural Networks (CNNs) are a deep
learning architecture that does well in detecting patterns in
data, notably pictures and grids. They have been used for
analyzing waveform data, thermal imaging, fault detection
signals, and sensor readings.
Diagnostic Accuracy: from the literature considered the
accuracies ranged between 91% - 100% CNNs provide
great accuracy, particularly when evaluating images (such
as sensor array data) for defect detection.
Number of Layers: from the literature 1 — 6 layers were
recorded. More layers can be captured but it will lead to
more computation time although it will lead to more
accurate results. However, the goal of this research paper
was to compute them in the shortest time possible.
Medium Detection Speed: from the literature CNNs
outperform certain deep learning models because they
employ convolutional layers, which are effective in feature
extraction.
Adaptability to New Fault Types: CNNs are extremely
versatile since they learn from patterns in data. They are
more adaptable to new defects than traditional models,
although they may still require retraining for better results.

100.0:

97.5 =

95.0

92.5

90.0 -

87.5 -

85.0—

Diagnostic Accuracy (%)

Autoencoders SVM GNN CNN

Al Technique

Figure 5. Diagnostic accuracy of Al techniques
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Table 1 Al techniques used in various literature

Diagnostic . Number | Adaptability
. Detection
Al Technique Accuracy Speed of to New
(%) P layers Fault Types
89.90 - .
Autoencoders 100 Medium - Moderate
Support
Vector
Machines 96.8 Fast - -
(SVMs)
Graph Neural 39,45 -
Network 99' 7 Medium 1-4 Moderate
(GNN) )
Convolutional
Neural Medium- .
Networks 91-100 High I-6 High
(CNNs)
Fast
=]
(9]
()
(=9
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§ Medium
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-
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a
Slow
Autoencoders SVM GNN CNN

Figure 6. Detection speed comparison of Al techniques

Table 1 shows a summary of Al techniques used in the
literature and their performance. Figure 5 shows the
Diagnostic accuracy of Al techniques used in the literature
considered. Figure 6 shows a Detection speed comparison
of Al techniques used in the literature considered.

6.0 CASE STUDY OF AI APPLICATION IN POWER
ELECTRONICS SYSTEMS

6.1. Smart Grid Fault Diagnosis with Graph Neural
Networks (GNNs)

Smart grids are cutting-edge power systems that
effectively distribute and monitor electricity by combining
digital connectivity, automation, and analytics. They are
made up of several components, which include distribution
nodes, transmission lines, substations, and transformers.
Because these components are interrelated, diagnosing
faults may be difficult because a problem in one area of the
grid might spread to or impact other areas.

6.1.1. AI Technique in a Smart Grid Fault Diagnosis
Deep learning models called Graph Neural Networks
(GNN5s) are made especially to process data with graph-like
structures, in which nodes stand for entities and edges for
the connections between them.
Application: To diagnose faults in its smart grid system, a
utility firm used GNNs. With nodes standing in for
different grid components (such as transformers and
substations), GNNs represented the grid as a network
graph. Based on past data, the GNN was able to identify
fault patterns and effectively diagnose problems throughout
the network.
Results:

* Diagnostic Accuracy: GNN was able to diagnose faults
throughout the grid with an accuracy range of 92-98%.

* Reduction of Fault Isolation Time: A 50% reduction in
fault isolation time allowed for quicker repairs and lessened
the effect on service dependability.

* Scalability: Large grid networks can now diagnose faults
without incurring extra processing costs because of the
GNN model's good scalability.

7. CONCLUSIONS

Al has over time proven to be a transformational tool
in many industries and power electronics is one of those
areas that indeed could be transformed by Al. The goal of
Al in power electronics has been seen in several types of
research to improve the efficiency, reliability, and
performance of power electronics devices and the power
electronics field. In this review, an exploration of different
applications of Al to three important aspects of power
electronics was discussed which were:
A) Al Application and Challenges in Fault Diagnosis and
Condition Monitoring: It was discovered that Al has and
could further improve fault diagnosis and condition
monitoring in power electronics systems and devices.
There were several cases of application during this review
that employed several Al, machine learning techniques,
and deep learning techniques such as convolutional neural
networks, deep learning models, and hybrid methods to
significantly improve fault detection in power electronic
systems and devices. However, it was discovered that there
are still challenges associated with this application such as
an imbalanced dataset and unavailability of adequate
transfer learning methods which pose a challenge of
application across certain operating conditions.
o Future Direction: Going forward there will be a need for
Future developments in power electronics fault detection
and condition monitoring by improving data collection
using high-precision sensors and data fusion methods to
provide a more thorough picture of system health.
Improving defect detection accuracy requires Al-driven
predictive models, such as deep learning for feature
extraction and machine learning for anomaly detection. To
better identify problems before they result in system
failures, the creation of digital twin’s virtual copies of
physical systems will further enable real-time monitoring,
fault simulation, and predictive maintenance. Diagnosis
will become more flexible with adaptive and self-learning
algorithms that can adapt to changing situations and
manage a variety of fault scenarios. Particularly useful for
capturing intricate, nonlinear processes in power
electronics will be hybrid techniques that combine Al and
physics-based models.
B) Al Applications and Challenges in Modelling, Control,
and Design of Power Electronic Converters: It was also
discovered that the integration of Al into the modeling,
control, and design of power electronics systems and
devices has further improved power electronics systems in
terms of performance and efficiency. There were several
cases of application during this review which included
optimization of control strategy, enhancement of transient
response, and improved design methodologies. However,
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there are challenges regarding model accuracy, especially
in managing computational complexity and challenges like
varying operational conditions which are a result of
immature Al technology and also problems associated
with datasets.

o Future Direction: Going forward there will be a need for
developing advanced and more effective models that
represent the intricate, nonlinear dynamics of power
electronic systems is one such avenue. More accuracy in
simulating real-world behaviors will be required of these
models, particularly in the presence of fluctuating
variables like shifting loads, voltage swings, and
temperature changes. Also, the incorporation of machine
learning and artificial intelligence into control systems. By
allowing systems to learn from operational data, artificial
intelligence (Al) can improve conventional control
algorithms and increase their capacity to adjust to
changing circumstances. There will be an increase in self-
tuning and adaptive control systems, which enable real-
time modifications without requiring manual recalibration.
These systems provide more flexibility and resilience in
power electronics applications by enhancing performance
under a range of loads and disturbances.

C) Al Applications and Challenges in Wireless Power
Transfers and Emerging Power Electronics Technology: It
was discovered that Al has been a key tool in advancing
and improving wireless power transfer systems and
emerging power technology. There were several cases of
applications that included optimizing wireless power
transfer designs, enhancing energy trading on microgrids,
and ensuring energy security. However, there are still
challenges like Complier of wireless power conversion and
Implementation of wireless power transfers.

o Future Direction: Going forward there will be a need for
the development of robust Al solutions that can assist in
complier wireless power conversion and implementation
of wireless power transfer. Finally, if these challenges are
addressed quickly and appropriately, the optimal
application of Al in real-world power systems will occur
soonest thereby improving fault detection, automation, and
efficiency in power systems.

7.1. Potential of AI in Future Power Electronics
Research and Application

The studies in the literature have provided a solid basis
for the use of Al in power electronics and power electronics
systems future research should concentrate on areas where
Al approaches are integrated with developing control
systems, real-time monitoring, and decentralized
architectures. The focused research should be in the
following areas.

7.2. Integrating AI and Adaptive Control Systems

Adaptive control systems that can self-tune and change
depending on real-time data. Because they are critical for
the effective functioning of renewable energy systems like
wind farms and solar power inverters. Al can play a critical
role in the creation of self-optimizing, data-driven
controllers.

Al-Driven Predictive Control: research in the area of
Al-Driven predictive control will involve the use of Al
techniques such as the combination of deep reinforcement
learning (DRL) and recurrent neural networks (RNNs) to
forecast system behavior and dynamically alter control
settings for optimal efficiency, particularly under changing
conditions, especially for the special case of varying solar
irradiance.

7.3. Decentralized Adaptive Control

Research to investigate how Al can support networked
control techniques in microgrids or distributed renewable
energy sources. To optimize energy production and
consumption autonomously among network nodes, rather
than depending on a central controller.

7.4. Deep Learning for Real-Time Fault Detection
Real-time defect detection and diagnosis in power
electronics systems is critical for ensuring system
dependability and avoiding unplanned outages, especially
in renewable energy installations that operate in demanding
and unpredictable conditions.
Al-Based Real-Time Monitoring: Consider the use of Al
techniques in conjunction with Internet of Things (IoT)
sensors to create a real-time monitoring network capable of
continuous system health assessment and defect
identification. Deep autoencoders and generative
adversarial networks (GANs) can be used to discover
irregularities in distorted sensor data.

7.5. Al for Hybrid Energy Systems

As hybrid energy systems (e.g., wind, solar, and battery
storage) grow increasingly popular, Al can enhance their
functioning by tackling the difficulties of many power
sources and storage systems that interact dynamically.

Specific Research Directions:

7.6. Hybrid Energy Optimization Algorithms

Create Al algorithms that optimize the integration of
numerous renewable sources (wind, solar, and hydro) with
energy storage. Deep learning or genetic algorithms can be
used to determine the optimal combination of energy
sources and storage options depending on weather
forecasts, demand, and system limits.

7.7. Explainable AI for Power Systems

One issue with Al models, particularly deep learning,
is their lack of interpretability. In essential applications
such as power electronics and renewable energy systems,
system operators must understand how Al makes
Decisions.
Interpretability in Fault Diagnosis: Investigate ways to
make Al models more interpretable, particularly in the
context of fault diagnosis in power electronics. This
involves creating tools to illustrate how Al models find
flaws and why certain decisions are made, which will
increase engineers' faith in Al-driven diagnostics.
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