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INTRODUCTION

Power quality (PQ), as defined in IEEE Standard 1100, encompasses 
the appropriate powering and grounding of sensitive electrical equipment 
to ensure reliable and efficient operation. In contemporary electrical en-
gineering, PQ remains a pivotal research domain, attracting sustained 
attention from engineers, scientists, and academic researchers due to its 
direct impact on system stability, equipment longevity, and energy effi-
ciency. Diagnosing PQ disturbances demands a multidisciplinary exper-
tise that spans electrical systems, signal processing, control strategies, 
and increasingly, artificial intelligence (AI). The complexity of PQ anal-
ysis is compounded by the interpretive ambiguity surrounding the term 
“research,” which often obscures the boundaries between theoretical ex-
ploration and practical implementation (Efe 2015).

PQ disturbances typically manifest as deviations in voltage or current 
waveforms, including voltage sags (commonly defined as a 10% reduction 
in nominal voltage), surges, momentary interruptions, harmonic distor-
tions, and transient oscillations. These anomalies can lead to malfunction 
or premature failure of electrical equipment, underscoring the necessity 
for accurate identification of disturbance sources and the deployment of 
mitigation strategies (Cengiz 2024a). The diversity of PQ issues reflects 
the wide spectrum of variations in electrical power delivery across utility 
networks, often originating from customer-side operations such as im-
proper grounding, transient switching events, nonlinear load behavior, 
and harmonic generation.

To address these challenges, the field has witnessed the emergence 
of advanced diagnostic and analytical tools, many of which leverage 
AI-driven methodologies. Intelligent algorithms, including machine 
learning and fuzzy logic systems, are increasingly employed to enhance 
fault detection, pattern recognition, and predictive maintenance capabil-
ities. Notably, Electricité de France (EDF) has pioneered the use of signal 
processing techniques—such as wavelet transforms—for the detection 
and quantification of voltage sags and transient overvoltages, demonstrat-
ing the efficacy of time-frequency analysis in PQ evaluation (Akdeniz and 
Efe 2025; Isen 2022; Özer, Efe, and Özbay 2021).

Special attention is given to the role of intelligent systems in optimiz-
ing performance under dynamic load conditions and nonlinear operating 
environments. The integration of renewable energy sources (RES) intro-
duces additional complexity, necessitating robust harmonic mitigation 
strategies to preserve grid stability and ensure compliance with interna-
tional power quality standards. Although the scope of this review may 
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not encompass all emerging methodologies, it offers a valuable reference 
point for researchers and practitioners seeking to advance the field of 
power quality engineering. The findings underscore the importance of in-
terdisciplinary approaches and the potential of intelligent technologies to 
drive sustainable and resilient electrical systems (Yuan et al. 2023).

The integration of renewable energy resources (RES), particularly 
wind and photovoltaic (PV) systems, introduces additional PQ complex-
ities due to their intermittent and variable nature. Voltage and frequency 
fluctuations associated with RES integration pose significant challenges 
for grid stability and necessitate robust control mechanisms. As the global 
energy landscape shifts toward sustainable generation, the importance of 
maintaining high PQ standards becomes increasingly critical (EFE and 
KOCAMAN 2019).

Power quality (PQ) has emerged as a critical area of research in elec-
trical engineering, particularly with the increasing complexity of mod-
ern power systems and the proliferation of nonlinear loads. Foundational 
studies, such as those by Bollen, have provided a structured classification 
of PQ disturbances—voltage sags, swells, transients, flicker, and harmon-
ics—highlighting their detrimental effects on sensitive equipment and 
overall system reliability. These disturbances often originate from switch-
ing operations, load fluctuations, and grounding faults, necessitating 
robust diagnostic frameworks and mitigation strategies (Clement Veliz, 
Varricchio, and de Oliveira Costa 2022; Gong et al. 2021; Mishra 2019).

Among the various PQ issues, harmonic distortion remains one of the 
most persistent and technically challenging. The widespread adoption of 
power electronic devices has intensified harmonic generation, prompting 
extensive research into filtering techniques. Akagi’s work on active power 
filters (APFs) demonstrated their effectiveness in dynamically suppress-
ing harmonics under varying load conditions, outperforming traditional 
passive filters. Hybrid filtering approaches have since gained traction, of-
fering improved compensation bandwidth and reduced energy losses. In 
parallel, signal processing techniques—particularly wavelet transforms—
have proven valuable for analyzing PQ disturbances. Researchers such as 
Santoso applied discrete wavelet transforms (DWT) to detect and classify 
transient events, achieving superior time-frequency resolution compared 
to classical Fourier methods.

The integration of artificial intelligence (AI) into PQ analysis has fur-
ther expanded the diagnostic and control capabilities of power systems. 
Intelligent algorithms, including fuzzy logic, neural networks, and sup-
port vector machines (SVMs), have been employed to model nonlinear 
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system behavior and automate disturbance classification (Shen et al. 2019; 
Shi et al. 2019; Wang and Chen 2019; Zhao, Shang, and Sun 2019). Dash 
and colleagues developed a fuzzy logic-based system capable of identify-
ing multiple PQ events with high accuracy, even in noisy environments. 
More recently, machine learning techniques have been applied to large-
scale PQ datasets, enabling predictive maintenance and real-time fault 
detection. These AI-driven approaches are instrumental in the develop-
ment of smart grids and self-healing systems (Moradi et al. 2021; Ozkaya, 
Duman, and Isen 2025; Panoiu et al. 2023; Shahryari Nia, Sharifi, and 
Farzaneh 2022).

Renewable energy resources (RES), particularly wind and photovol-
taic (PV) systems, introduce additional PQ challenges due to their in-
termittent and stochastic nature. Voltage and frequency fluctuations, as 
well as harmonic injection from inverter-based sources, complicate grid 
stability and require advanced control strategies. Blaabjerg’s studies on 
grid-connected PV systems revealed significant harmonic propagation is-
sues, prompting design modifications in inverter technology to mitigate 
adverse effects. AI-based forecasting models have also been developed to 
anticipate PQ disturbances based on weather patterns and load profiles, 
enhancing the resilience of renewable-integrated grids (Elkholy, El-Ha-
meed, and El-Fergany 2018; Yasin, Ashida Salim, and Ab Aziz 2019).

Overall, the literature reflects a clear trend toward intelligent, adaptive, 
and integrated solutions for PQ management. While substantial progress 
has been made in harmonic mitigation and disturbance classification, on-
going challenges include standardizing AI methodologies and ensuring 
compatibility across diverse grid architectures. The dynamic behavior of 
RES continues to demand innovative approaches that balance sustain-
ability with operational reliability. Ensuring high power quality and mit-
igating harmonic distortion are critical for the operational stability and 
efficiency of modern electrical systems. 

This paper presents a comprehensive analysis of harmonic phenome-
na and power quality challenges across various electrical infrastructures, 
with particular emphasis on rotating electrical machines, intelligent con-
trol strategies, and renewable energy integration. The study synthesizes 
recent advancements in signal processing, fuzzy logic applications, and 
AI-based diagnostic techniques to address harmonic suppression and 
quality enhancement. By examining diverse technological approaches—
including active and passive filtering, adaptive control algorithms, and 
smart grid-compatible architectures—the paper highlights the multidi-
mensional nature of power quality improvement (Li et al. 2025; Tan and 
Ramachandaramurthy 2015).
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1. METHODOLOGY

This study adopts a structured review-based methodology to synthe-
size and evaluate existing research on power quality (PQ) disturbances, 
harmonic mitigation strategies, and intelligent diagnostic techniques 
across various electrical systems. The approach is designed to provide a 
comprehensive understanding of the current technological landscape, 
identify prevailing challenges, and highlight emerging solutions relevant 
to both conventional and renewable energy-integrated networks (Rüstem-
li and Cengiz 2015). 

Total Harmonic Distortion (THD) is a quantitative measure of har-
monic distortion. Exceeding the limits defined by standards for THD can 
result in various adverse consequences. THD is calculated for voltage and 
current using Equations (1) and (2), respectively.
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The IEC 61000-4-7 standard provides a comprehensive framework 
for the classification and measurement of harmonics, including detailed 
definitions for harmonic, interharmonic, and subharmonic components. 
These are mathematically represented by Equations (3) through (5), which 
facilitate spectral analysis of distorted waveforms in power systems.

Harmonic: 0f kf= 						      (3)

Interharmonic: 0f kf≠ 					     (4)

Subharmonic: 0f > Hz  and 0f f<  			   (5)

In these expressions k  denotes a positive integer representing the 

harmonic order, f  refers to the spectral component frequency of the 

signal, and 0f  indicates the fundamental frequency. Understanding and 
quantifying these components is essential for diagnosing and mitigating 
power quality issues. Harmonics, particularly those of higher orders, can 
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resonate with system impedances, leading to voltage amplification and 
potential equipment damage. 

Interharmonics, which occur between integer multiples of 
the fundamental frequency, often arise from variable-speed drives 
and power electronic converters, contributing to flicker and insta-
bility. Subharmonics, with frequencies below the fundamental, can 
interfere with control systems and cause mechanical vibrations in 
rotating machinery (Efe 2016; Efe and Kocaman 2018; Efe, Özbay, 
and Özer 2019). 

Harmonic distortion exerts a multifaceted impact on power 
system performance, manifesting in both operational inefficiencies 
and equipment vulnerabilities. Elevated harmonic currents increase 
the root mean square (RMS) values of electrical signals, resulting 
in excessive thermal stress across key components such as trans-
formers, motors, illumination devices and capacitors (Cengiz 2024b; 
Isen and Duman 2024). This thermal overload not only accelerates 
insulation degradation but also shortens equipment lifespan. More-
over, harmonic-induced energy losses compromise overall system 
efficiency, leading to elevated operational costs and reduced power 
delivery quality. Protection systems are also susceptible; harmonics 
can interfere with the correct functioning of relays and circuit break-
ers, thereby undermining system reliability and safety. 

Sample harmonic waveform is presented in Figure 1. In 
the Figure 1, there is a Total Harmonic Distortion (THD) value of 
37.42%.
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Figure 1. Sample harmonic waveform with frequency spectrum

In high-frequency ranges, harmonics may couple into adjacent com-
munication lines, causing electromagnetic interference that disrupts data 
integrity and signal transmission. To mitigate these adverse effects and 
ensure compliance with established power quality standards—such as 
IEEE 519 and IEC 61000—utilities and facility managers implement a 
range of corrective strategies (Cengiz and Cengiz 2018). Passive filters, 
typically tuned LC circuits, are employed to absorb specific harmonic or-
ders, while active power filters dynamically inject compensating currents 
to neutralize harmonic components in real time (Rüstemli and Sait Cen-
giz 2016). Transformer derating is also practiced to accommodate har-
monic-induced heating, thereby preventing thermal overload (Rüstemli, 
Sait Cengiz, and Dinçer 2013). 

Collectively, these measures serve to maintain Total Harmonic Distor-
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tion (THD) within permissible thresholds, safeguarding both system sta-
bility and end-user equipment. A combined comparison table will make 
it very clear for readers to distinguish between system-level (IEEE 519) 
and equipment-level (IEC 61000-3-2 / 3-12) harmonic limits, which given 
in Table 1. 

Table 1. A combined comparison table between system-level (IEEE 519) and 
equipment-level (IEC 61000-3-2 / 3-12) harmonic limits

Standard Application Level Harmonic 
Order (n)

Individual 
Limit

THD Limit 
(%)

IEEE 519-
2014

Power System 
(PCC) Any (n > 1)

<69 kV → 
3%

<69 kV → 
5%

69–161 kV 
→ 1.5%

69–161 kV 
→ 2.5%

>161 kV → 
1%

>161 kV → 
1.5%

IEC 
61000-3-2

Equipment (<16A/
phase)

3rd 2.30 A –
5th 1.14 A –
7th 0.77 A –
9th 0.40 A –
11th 0.33 A –

>39th 0.15 × (15/n) 
A –

IEC 
61000-3-
12

Equipment (16–
75A/phase)

5th 10% 8%
7th 7% 8%
11th 3.5% 8%
13th 3% 8%

The methodology can be investigated and presented in four key stages.

1.1. Literature Selection and Classification 

A systematic search was conducted across major scientific databases 
including IEEE Xplore, ScienceDirect, SpringerLink, and Scopus. Key-
words such as power quality, harmonic distortion, active power filters, 
wavelet transform, fuzzy logic, AI in power systems, and renewable ener-
gy integration were used to identify relevant peer-reviewed articles, con-
ference proceedings, and technical reports published between 2010 and 
2025. Selected literature was categorized based on thematic relevance: (i) 
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harmonic analysis and filtering techniques, (ii) intelligent systems for PQ 
diagnosis, (iii) signal processing applications, and (iv) PQ challenges in 
renewable energy systems.

1.2. Analytical Framework 

Each study was evaluated using a multi-criteria framework that con-
sidered the following dimensions: (a) type and severity of PQ disturbance 
addressed, (b) methodology or technology employed for mitigation or 
diagnosis, (c) system architecture and operational context, and (d) per-
formance metrics such as total harmonic distortion (THD), voltage sta-
bility, and computational efficiency. Comparative analysis was performed 
to assess the effectiveness and scalability of different approaches under 
varying load and grid conditions.

1.3. Integration of Intelligent Techniques 

Special emphasis was placed on the role of artificial intelligence (AI) 
and signal processing in enhancing PQ analysis. Studies employing fuzzy 
logic, neural networks, support vector machines (SVMs), and wave-
let-based methods were examined in detail. The integration of these tech-
niques was analyzed in terms of adaptability, real-time performance, and 
compatibility with smart grid infrastructures. Case studies involving AI-
based monitoring systems and predictive maintenance tools were includ-
ed to illustrate practical applications.

1.4. Renewable Energy Contextualization

Given the increasing penetration of renewable energy resources (RES), 
the methodology incorporated a focused review of PQ issues arising from 
wind and photovoltaic (PV) systems. Research addressing voltage and 
frequency fluctuations, inverter-induced harmonics, and grid synchro-
nization challenges was prioritized. The analysis also considered hybrid 
control strategies and AI-enhanced forecasting models designed to stabi-
lize PQ in RES-integrated environments.

This methodological framework ensures a balanced and rigorous ex-
amination of the literature, enabling the identification of technological 
trends, research gaps, and future directions in power quality engineering. 
The findings derived from this approach form the basis for the discussion 
and recommendations presented in subsequent sections.
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2. DISCUSSION

Power disturbances in modern electrical systems have become increas-
ingly critical due to the heightened sensitivity of power electronic compo-
nents and control devices. Nonlinear loads, such as variable frequency 
drives and switched-mode power supplies, are primary sources of har-
monic distortion, introducing non-sinusoidal currents into the network. 
Transient disturbances—often referred to as energy sinks—occur during 
abrupt switching events, such as capacitor bank energization, which in-
jects high-frequency components into the system. Under fault conditions, 
energy is redirected from the network toward the fault path, and the 
direction of this energy flow can be accurately determined using wave-
form-recording instruments that sample three-phase voltage and current 
signals. In steady-state operation, the system is typically balanced, ex-
hibiting constant instantaneous power. However, during non-steady-state 
conditions, the power flow becomes disturbed, and instantaneous power 
fluctuates throughout the network. Although the term “power quality” 
has gained formal recognition within the IEEE Standards Coordinating 
Committee (SCC), it remains less defined within the International Elec-
trotechnical Commission (IEC), reflecting a gap in global standardiza-
tion.

One of the most prevalent forms of power disturbance is voltage unbal-
ancing, which is defined as a cyclic variation in voltage amplitude not ex-
ceeding 10%. Voltage unbalance arises when the root mean square (RMS) 
values of line voltages differ significantly across phases. This phenomenon 
is typically caused by asymmetrical line impedances, uneven distribution 
of single-phase loads, unbalanced three-phase loading, and the operation 
of controlled thyristor converters. Due to continuous switching of sin-
gle and three-phase loads, perfect voltage balance is rarely achieved. In 
severe cases, voltage unbalance exceeding 5% can occur, particularly in 
single-phase circuits missing one or more phases. Such conditions can ad-
versely affect three-phase motors, necessitating the use of phase monitors 
to prevent damage from single phasing. Voltage sags and swells—often 
triggered by load switching or fault events—are additional manifestations 
of PQ disturbances that compromise system reliability.

Harmonic distortion, current deviation, and frequency fluctuation 
represent another critical class of PQ issues, especially in systems inte-
grating renewable energy sources (RES). The variability of RES output 
contributes to a diverse range of power anomalies, collectively referred to 
as Power Quality Disturbances (PQDs). Real-time monitoring of PQ pa-
rameters enables utilities to detect and respond to these issues promptly. 
Ideal current waveforms are characterized by constant frequency, magni-
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tude, and a pure sinusoidal shape that remains in phase with the supply 
voltage. However, harmonics—defined as integer multiples of the funda-
mental frequency—distort these waveforms, leading to operational fail-
ures such as fuse blowing, breaker tripping, overheating of transformers 
and motors, and malfunctioning of protective relays. Among these, the 
third harmonic is particularly prominent and often blocked by grounding 
configurations in delta-wye transformers, which are designed to suppress 
zero-sequence components.

Rotating electrical machines are also significant contributors to har-
monic distortion due to the non-sinusoidal nature of current flowing 
through stator windings. The resulting magneto-motive force (MMF) be-
comes distorted, leading to increased copper and iron losses. Copper loss-
es, influenced by current distortion and skin effect phenomena, escalate 
under harmonic-rich conditions, while iron losses—also known as core 
losses—arise from magnetic field interactions within the machine core. 
These include eddy current losses and hysteresis losses, both of which de-
grade system efficiency and elevate core temperatures. Even minor voltage 
dips can have severe implications for system performance, particularly in 
distributed generation environments (Demir and Efe 2018; Efe 2018).

To address these challenges, advanced control strategies have been 
proposed for wind energy systems employing Doubly Fed Induction 
Generators (DFIGs). These generators offer dynamic control over rotor 
currents (ird and irq) and stator currents (isd and isq), enabling precise 
regulation of active and reactive power. In horizontal-axis wind turbines, 
DFIG-based configurations enhance grid compatibility and improve fault 
ride-through capabilities. Furthermore, active shunt power filters have 
been extensively studied for their effectiveness in improving grid ener-
gy quality. Comparative analyses of current control methods—ranging 
from hysteresis control to predictive and adaptive algorithms—demon-
strate the potential of intelligent filtering techniques to mitigate PQ dis-
turbances in both conventional and renewable-integrated systems (Senol 
et al. 2024). Application steps for harmonic analysis in power systems are 
summarized in Figure 2. 
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Start

Define Study 
Objective  
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Finish

Data Collection          
 - Load profiles   

- Network connfiguration
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- Nonlinear loads     

- Power electronics

Simulation / Measurement  
- Waveform analysis     

- FFT / Spectrum 

Harmonic Indices  
- THD, TDD, Individual   

- Compare with IEEE/IEC

Impact Assessment 
- Equipment stress  
- Resonance risks  

- Losses, overheating

Mitigation Strategies 
  - Passive/Active filters 

 - Load balancing     
- System redesign

Figure 2. Application steps for harmonic analysis

3. CONCLUSION

This manuscript has presented a comprehensive exploration of pow-
er quality (PQ) disturbances, their underlying causes, and the evolving 
landscape of mitigation strategies within modern electrical systems. As 
power electronics and sensitive components become increasingly prev-
alent, the susceptibility to harmonic distortion, voltage unbalance, and 
transient anomalies has intensified, necessitating robust diagnostic and 
control frameworks. The review has highlighted the multifaceted nature 
of PQ issues, ranging from nonlinear load behavior and capacitor switch-
ing to the complex dynamics introduced by renewable energy sources 
(RES).
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Advanced signal processing techniques, such as wavelet transforms, 
and intelligent systems—including fuzzy logic, neural networks, and ma-
chine learning algorithms—have demonstrated significant potential in 
enhancing real-time monitoring, fault classification, and adaptive control. 
These tools not only improve the precision of PQ analysis but also con-
tribute to the development of resilient, self-regulating power networks. 
The integration of RES, while essential for sustainable energy transition, 
introduces additional PQ challenges that demand innovative solutions, 
particularly in inverter design, grid synchronization, and predictive fore-
casting (Feng, Mehmani, and Zhang 2020; Wang, Wang, and Liu 2017).

Furthermore, the discussion on rotating machines and their contri-
bution to harmonic generation underscores the importance of addressing 
core and copper losses to maintain system efficiency. Control strategies 
for Doubly Fed Induction Generators (DFIGs) and active shunt filters ex-
emplify the practical advancements aimed at stabilizing distributed gen-
eration systems.

In conclusion, the pursuit of high-power quality is inherently inter-
disciplinary, requiring collaboration across signal processing, control 
engineering, AI, and energy systems design. While the review may not 
be exhaustive, it offers a valuable synthesis of current methodologies and 
emerging trends, serving as a reference point for researchers and practi-
tioners committed to advancing the reliability, efficiency, and sustainabil-
ity of electrical power systems.
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1. SOLAR PANEL FAILURE DETECTİON

Photovoltaic (PV) systems are very sensitive to outside conditions, 
which can strongly influence how well they work. Renewable energy has 
many advantages compared to fossil fuels because it is sustainable and 
more friendly to the environment. Among all renewable sources, solar 
energy is especially important since it is clean, long-lasting, and has low 
operating costs. Among the most popular and efficient methods of har-
nessing solar energy are photovoltaic (PV) systems. These systems convert 
sunlight directly into electricity, offering a clean and efficient way to pro-
duce power both in large power plants and in smaller, distributed systems.

The long-term success of PV systems depends a lot on finding problems 
early, fixing them on time, and keeping good maintenance practices. Over 
time, PV systems can lose efficiency because of different reasons. These 
include physical problems (like cracks or broken panels), environmental 
effects (such as shading, dust, bird droppings, or snow), electrical issues 
(like hot spots, loose connections, or inverter faults) (Jalal, Khalil, & ul 
Haq, 2024), and even production defects. Many of these faults can be seen 
visually—for example as dark spots, cracks, hazy areas, discoloration, or 
corrosion. These signs can help in detecting faults and monitoring the 
system. If such problems are not found in time, they reduce efficiency and 
can even cause long-term damage, leading to big financial losses. That is 
why monitoring and fault detection in PV systems are not only technical 
tasks but also very important from both economic and environmental 
points of view.

In recent years, artificial intelligence (AI) has become a very useful 
tool for this purpose. Monitoring can be done more quickly, accurately, 
and efficiently with AI techniques than with conventional maintenance 
methods.
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(a) (b)

(c) (d)

(e)

PV panel images classified as (a) clean, (b) soiled, (c) snow-covered, (d) 
electrically damaged, and (e) physically damaged (Kaggle, 2025)

2. DESCRIPTION OF THE PROCESS

Fig. 2 presents the flowchart of the fault detection approach. Images 
of solar panels are gathered and pre-processed in the first step to improve 
their quality and highlight any potential flaws. Histogram equalization, 
contrast adjustment, edge sharpening, noise reduction, and resizing are 
examples of pre-processing techniques. These techniques ensure consis-
tency in the input data and bring out significant details in the images.

After preparing the images, they are used for both training and testing 
with traditional machine learning and deep learning methods. Tradition-
al algorithms like support vector machines (SVM), k-nearest neighbors 
(k-NN), decision trees, and random forests depend on manually designed 
features such as texture, edges, and statistical properties. In contrast, deep 
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learning models learn important features directly from the raw images, 
eliminating the need for hand-crafted feature extraction.

Convolutional neural networks (CNNs) serve as the main framework. 
Several well-known CNN architectures are tested, including Inception-
Net (captures multi-scale features with parallel convolutions), AlexNet 
(introduces deeper layers and ReLU activation), VGGNet (applies uni-
form 3×3 filters), ResNet (uses residual connections to avoid vanishing 
gradients), DenseNet (strengthens feature reuse with dense links), and 
LeNet (a simple but effective early CNN). To handle limited datasets, 
transfer learning with pre-trained models is applied, which helps improve 
accuracy and speed up training. Model performance is evaluated using 
standard metrics such as accuracy, precision, recall, and F1-score. In ad-
dition, cross-validation and confusion matrix analysis are carried out to 
assess generalization ability and performance on specific fault types. The 
findings indicate that CNN-based deep learning methods achieve high-
er accuracy in detecting complex faults like micro-cracks, delamination, 
hotspots, and surface contamination. In contrast, traditional machine 
learning algorithms can still perform adequately when the fault patterns 
are relatively simple (Alatwi et al., 2024).

Fig 1.	 Flowchart of the fault diagnosis method.
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A) Pre-Processing of Solar Images

This f lowchart explains the steps of applying a machine learning 
model to solar panel images. First, the raw images are gathered and 
pre-processed to improve their quality and reduce distortions. Next, 
the images go through segmentation, and useful features are extracted 
to provide the model with clear information. One portion of the dataset 
is used for testing, and the other for training. After learning from the 
training data, we evaluate the model’s performance on fresh data. We 
examine various metrics, such as accuracy, precision, recall, and F1 
score, to assess the model’s performance (Pathak & Patil, 2023).

B) Pre-Trained CNN Models 

Models that have already been trained like  ResNet, AlexNet, Incep-
tion,  LeNet, VGGEfficientNet, DarkNet, ShuffleNet, DetNet, SqueezeNet, 
and YOLO are commonly used in deep learning for image classification 
tasks. These CNN architectures, when applied through transfer learning, 
have greatly contributed to the progress of artificial intelligence. The fol-
lowing describes some of the most widely used CNN models in the con-
text of solar panel fault detection.

AlexNet Architecture

The AlexNet architecture includes several convolutional layers with 
filter sizes of 11×11, 5×5, and 3×3, followed by max-pooling layers, as 
shown in Fig. 2. Compared to more traditional functions like sigmoid 
or tanh, one of its primary innovations is the use of the ReLU activation 
function after each convolutional and fully connected layer, which aids in 
speeding up training. To reduce overfitting, dropout is applied in the fully 
connected layers, and data augmentation is used to increase the size of the 
training set. The model is trained with stochastic gradient descent and 
momentum to improve convergence. Additionally, AlexNet uses GPU ac-
celeration, which allows training very large datasets in a reasonable time 
(Swapna et al., 2020) .
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Fig 1.	 AlexNet Architecture  (Krizhevsky et al., 
2012)

LeNet-5 Architecture

The architecture has seven main layers (not counting the input layer), 
which include convolutional, pooling (subsampling), and fully connected 
layers, as shown in Fig. 3. It works by applying a series of convolution 
operations, each followed by a pooling step—originally average pooling, 
though later versions often used max pooling. After that, the resulting 
feature maps go through fully connected layers to produce the final out-
put. Since both convolution and pooling are done with stride 1 and no 
padding, the size of the feature maps gets smaller at each step. This way, 
the network gradually captures more abstract and higher-level features 
(Analytics Vidhya, n.d.).

Fig 2.	 LeNet-5 Architecture (Analytics Vidhya, 
n.d.)

ResNet-50 Architecture

The ResNet50 network begins with a 7 × 7 convolutional layer with 64 
filters and a stride of 2, followed by a 3 × 3 max pooling layer with stride 2. 
The first residual stage (Conv2_x) has three bottleneck blocks, each con-
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taining 1 × 1 with 64 filters, 3 × 3 with 64 filters, and 1 × 1 with 256 filters. 
The second stage (Conv3_x) covers  four blocks with 128, 128, and 512 
filters in the same order. The third stage (Conv4_x) consists of six bottle-
neck blocks with 256, 256, and 1024 filters, and the final stage (Conv5_x) 
has three blocks with 512, 512, and 2048 filters. Finally, a global average 
pooling layer is applied, as shown in Fig. 4. (Analytics Vidhya, n.d.).

Fig 3.	 ResNet-50 Architecture (Analytics Vidh-
ya, n.d.)

VGGNet  Architecture

The extended version of AlexNet, called VGGNet, makes the network 
deeper, increasing it from 8 layers in AlexNet to 16–19 layers, while main-
taining the quantity of parameters relatively low. Instead of using one 7 
× 7 convolution filter, VGGNet uses a series of three 3 × 3 filters in each 
convolutional layer, as shown in Fig. 5. The network accepts input images 
of size 224 × 224 × 3 (Elhassouny & Smarandache, 2019).
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Fig 4.	 VGGNET Architecture (Elhassouny & 
Smarandache, 2019)

GoogLeNet/Inception Architecture

GoogleNet has 22 layers in total (excluding parameters). Its main com-
ponent is the Inception module. This module applies different filter siz-
es in parallel within the same layer, including 1×1, 3×3, and 5×5 convo-
lutions, along with 3×3 max pooling. The results from all these parallel 
filters are then combined into a single output, as shown in Fig. 6. The 
network usually takes input pictures of size 224 × 224 × 3 (Elhassouny & 
Smarandache, 2019).

Fig 5.	 VGGNet Architecture (Elhassouny & 
Smarandache, 2019)
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DenseNet Architecture

DenseNet begins with a 7x7 convolution layer, then moves on to max 
pooling, batch normalization, and ReLU activation. The network is com-
posed of multiple dense blocks, with feature maps from all preceding lay-
ers being fed into each layer. Batch normalization, ReLU, a 1x1 bottleneck 
convolution, and a 3x3 convolution are all included in each dense layer, 
and the outputs are concatenated with the inputs. Transition layers reduce 
the size of the feature map between dense blocks by using 2×2 average 
pooling and 1×1 convolution. Lastly, a softmax layer generates the clas-
sification output following global average pooling, as illustrated in Fig. 7. 
Typically, the network accepts input images with dimensions of 224 × 224 
× 3(Liu & Chen, 2021) .

Fig 6.	 DenseNet Architecture (Liu & Chen, 
2021)

YOLO Architecture

The YOLO architecture begins with an input layer that takes a fixed-
size RGB image, usually 416×416×3. In YOLOv3, the image is processed 
by a convolutional backbone called Darknet-53, which includes residual 
blocks, batch normalization, and Leaky ReLU activations (Ulhaq et al., 
2021) to extract detailed feature maps. These features are then passed 
through the neck, where upsampling and concatenation combine multi-
scale information. Lastly, for each anchor box at each grid cell, the pre-
diction head outputs bounding boxes, objectness scores, and class prob-
abilities. As illustrated in Fig. 8, Non-Maximum Suppression is used to 
refine the final output tensor of shape S×S×[B(5+C)] in order to eliminate 
duplicate detections and retain only the most certain predictions (Ulhaq 
et al., 2021).
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Fig 7.	 YOLO Architecture (Ulhaq et al., 2021)

SqueezeNet Architecture

SqueezeNet takes an input image of size 224×224×3 and processes it 
using fire modules, as shown in Fig. 9. With only 1.24 million parameters, 
it achieves high accuracy by mainly using 1×1 filters. Each fire module 
has a squeeze layer to reduce the number of channels and an expand layer 
with 1×1 and 3×3 filters, while postponing down-sampling to keep more 
spatial information.

Fig 8.	 SqueezeNet Architecture (Elharrouss et 
al., 2022)

C) Evaluation Metrics 

Various evaluation metrics are widely employed to measure classifi-
er performance (Akınca et al., 2024). Equation 1 provides the accuracy, 
which is the percentage of accurate predictions among all of the model’s 
predictions (Dalianis, 2018).
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(1)

Recall is the percentage of real positive instances that are correctly 
identified, as shown in Equation 3, while precision is the fraction of in-
stances predicted as positive that actually belong to the positive class, as 
shown in Equation 2(Dalianis, 2018).

(2)

(3)

The F1-score offers a fair evaluation of model performance, especially 
when handling false positives and false negatives. It is computed using 
Equation 4, which is the harmonic mean of precision and recall. True Pos-
itives (TP), True Negatives (TN), False Positives (FP), and False Negatives 
(FN), which indicate the numbers of accurate and inaccurate predictions 
for each class, are among the metrics that are obtained from the confusion 
matrix (Dalianis, 2018).

(4)

D) Visulation of the Fault detection

As shown in Fig. 10, faults such as bird droppings and other surface 
contaminants can be effectively detected using deep learning-based 
methods which analyze the visual features of the images to distinguish 
between normal and faulty areas.

As illustrated in Figure 10, deep learning-based techniques may iden-
tify a broad range of issues in solar modules, from surface impurities like 
dust, bird droppings, and shadowing to structural flaws including cell 
fractures, cracks, and delamination. Without the requirement for manu-
al feature engineering, these techniques distinguish between healthy and 
defective regions by automatically evaluating the visual features taken 
from module images. Cracks and other structural damages frequently 
show up as line-shaped flaws or discontinuities in the texture of the cells, 
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whereas surface-related problems usually show up as irregular patterns 
or localized intensity changes. Convolutional neural networks and oth-
er deep architectures may classify fault kinds accurately and robustly by 
learning these distinctive patterns. Furthermore, such automatic detec-
tion helps to optimize solar systems’ long-term dependability, safety, and 
performance in addition to increasing diagnostic effectiveness and lower-
ing the need for human intervention.

Fig 9.	 Failure detection of Solar panels (Kaggle, 
2025)
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Introduction

Electric machines constitute one of the fundamental building blocks 
of modern engineering, playing an indispensable role in both daily life 
and in industrial and technological domains. Today, electrical energy is 
utilized across a wide spectrum ranging from industrial manufactur-
ing facilities to transportation systems, from renewable energy plants to 
household technologies. One of the key driving forces behind this trans-
formation is electric machines. By converting electrical energy into me-
chanical energy—or vice versa—they form the core of the modern world’s 
energy infrastructure. For instance, motors used in industrial production 
lines determine the continuity and capacity of manufacturing processes, 
while generators in renewable energy plants enable the transfer of power 
generated from natural sources such as wind and hydroelectric systems 
to the grid. In smart home technologies, compact motors and actuators 
enhance comfort and automation, thereby transforming the overall user 
experience (Efe and Dalcalı, 2021).

In recent years, the rapid advancements in electric vehicle technolo-
gies have further increased the strategic importance of electric machines. 
Electric vehicles have become central to sustainable transportation solu-
tions due to their near-zero emission levels, low operating costs, and high 
energy efficiency compared to conventional internal combustion vehicles. 
However, this technological transition has also reshaped the performance 
criteria expected from electric machines. While reliability and durabili-
ty have traditionally been prioritized, electric vehicle drive systems now 
demand a combination of high-power density, high efficiency, quiet oper-
ation, low maintenance requirements, and compact design. In particular, 
the limited capacity of batteries has created a critical need for efficient en-
ergy utilization, making it essential for electric machines to operate with 
minimal energy losses during conversion processes (Özbay et al., 2020). 
In this context, permanent magnet synchronous machines (PMSMs) have 
emerged as one of the most prominent machine types in electric vehicle 
technologies and other advanced engineering applications. PMSMs can 
achieve high power density and high torque production through the use 
of strong permanent magnets mounted on the rotor surface. Moreover, 
their relatively simple structure, advantages in manufacturing, and ease 
of maintenance make these machines highly attractive. Compared to 
conventional induction motors, PMSMs offer superior efficiency, thereby 
directly contributing to the reduction of range anxiety in electric vehi-
cles. This is because one of the most critical parameters in extending the 
distance that an electric vehicle can travel on a single charge is the min-
imization of energy conversion losses within the electric motor. Howev-
er, the design of PMSMs also introduces several engineering challenges. 
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One of the most critical issues affecting their performance is torque rip-
ple, particularly noticeable at low-speed operation. Among the various 
components contributing to torque ripple, the most well-known is the 
cogging torque. Cogging torque is an undesired torque component that 
arises from the interaction between the magnetic fields of the stator slots 
and the rotor-mounted permanent magnets. This torque, especially under 
low-speed or no-load conditions, can hinder smooth rotation, causing vi-
brations and oscillations. Consequently, minimizing cogging torque is of 
paramount importance in applications requiring high precision. A high 
level of cogging torque not only reduces the electromechanical perfor-
mance of the motor but also introduces several secondary effects, most 
notably the problems associated with Noise, Vibration, and Harshness 
(NVH) (Dosiek and Pillay, 2007).

One of the most critical factors influencing the torque characteristics 
of PMSMs is the geometry of the stator slots. The stator structure consti-
tutes one of the fundamental components of the magnetic circuit in an 
electric machine, and the uniformity of the magnetic flux distribution is 
directly dependent on its geometric configuration. In particular, the slot 
opening — located on the surface of the stator teeth facing the air gap 
— stands out as a key parameter that determines the electromagnetic be-
havior of the machine. The slot opening essentially defines the boundary 
conditions of the magnetic interaction between the stator and the rotor; 
therefore, even a minor geometric variation can lead to significant chang-
es in the torque production characteristics of the machine. The width of 
the slot opening directly affects the distribution of magnetic flux density 
within the air gap. If the slot opening is excessively wide, the magnetic 
flux density between the stator teeth and the rotor magnets becomes un-
balanced, leading to the generation of unwanted harmonic components. 
These harmonics, in turn, increase cogging torque. A high cogging torque 
level prevents smooth torque generation, particularly at low speeds, and 
intensifies vibration and noise. On the other hand, an overly narrow slot 
opening can also lead to adverse consequences. Extremely small openings 
complicate coil placement, making the assembly process more difficult. 
From an electromagnetic perspective, they may cause local magnetic sat-
uration by concentrating flux density excessively, which not only increas-
es losses but also adversely affects the overall efficiency of the machine 
(Dalcalı et al., 2020).

In addition to the slot opening, the geometry of the teeth tips is an-
other factor that directly influences machine performance. The shape of 
the teeth tips can either smooth or sharpen the magnetic flux distribu-
tion within the air gap. For instance, rounded teeth tips help achieve a 
more uniform flux density distribution, whereas sharp-edged teeth tips 
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may lead to local magnetic concentrations. Therefore, when considered 
together, the slot opening and the teeth tip geometry play a decisive role 
in defining the electromagnetic behavior of the machine. Accordingly, 
during the electromagnetic design process, it is essential to evaluate all 
geometric parameters interactively rather than focusing solely on a single 
variable. The consequences of non-optimized slot openings are typically 
reflected in three main performance indicators: cogging torque, starting 
torque, and efficiency. High cogging torque prevents the machine from 
maintaining the desired torque smoothness, particularly at low speeds. A 
reduction in starting torque limits the machine’s ability to initiate motion, 
which can cause serious performance issues in systems requiring high 
initial torque. The adverse effects on overall efficiency are more far-reach-
ing; a decrease in efficiency directly translates into increased energy con-
sumption. In electric vehicles, this leads to reduced driving range, while 
in industrial applications, it results in higher operating costs (Liu et al., 
2024). At this point, accurate modeling and optimization of the slot open-
ing hold great importance from an engineering perspective. In traditional 
approaches, designers have attempted to estimate these effects using ana-
lytical equations or a limited number of finite element analyses. However, 
with the recent advancements in computer-aided design and parametric 
modeling capabilities, it has become possible to investigate geometric pa-
rameters such as the slot opening within a much broader design space. 
This allows the effects of varying slot opening ratios on cogging torque, 
starting torque, and efficiency to be systematically examined, providing 
designers with the means to make more informed and data-driven design 
decisions (Dai et al., 2025).

A considerable number of studies in the literature have extensively 
investigated the effects of stator teeth tip geometry and slot opening pa-
rameters on the performance of PMSMs using different methodological 
approaches. The majority of these studies are based on conventional elec-
tromagnetic analysis techniques, employing analytical models and the 
Finite Element Method (FEM) to quantitatively assess the influence of 
various geometric variations on performance indicators such as torque 
ripple, magnetic flux distribution, air-gap flux density, harmonic content, 
magnetic losses, and eddy current and stray losses. In the study conduct-
ed by Yang et al., time-step FEM analyses demonstrated that reducing 
the slot opening suppresses inverter-induced harmonic flux components, 
resulting in a smoother air-gap flux density distribution and a reduction 
of up to 75% in magnet power losses. (Yang et al., 2022). In the study by 
Nair et al., the influence of stator teeth tips was investigated in terms of 
eddy current losses in the rotor magnets through 3D slot effect modeling. 
The analysis incorporated both analytical methods and FEM validation 
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(Nair et al., 2016). Furthermore, in the study conducted by Li et al., the in-
terrelations between starting torque and torque ripple were quantitatively 
analyzed under different stator core types, teeth–pole combinations, and 
fully closed slot configurations. The adverse effects of local magnetic sat-
uration conditions on torque smoothness and average torque were partic-
ularly emphasized (Li et al., 2018).

The strengths of such FEM and analytical models lie in their ability to 
represent magnetic circuit characteristics in detail, to reveal the influence 
of geometric features on magnetic saturation and air-gap flux distribution, 
and to enable the analysis of harmonic components. However, this ap-
proach also has certain limitations. In FEM analyses—particularly for 3D 
models—the need for high-resolution meshing, long computation times, 
and the requirement to analyze each combination of complex geomet-
ric variations individually present major challenges. This makes param-
eter scanning, optimization, or multi-objective design processes highly 
time-consuming and computationally expensive in wide design spaces. 
At this point, alternative approaches that have recently gained attention 
in the literature involve the use of Machine Learning (ML) and Artificial 
Intelligence (AI)-based surrogate models. These models, trained on simu-
lation data, can rapidly predict performance outcomes for new combina-
tions of geometric parameters in cases where conventional FEM analyses 
would otherwise require extensive computational effort. For example, in 
the study conducted by Farshbaf et al., a strategy called Waveform-Target-
ed Surrogate Modeling (WTSM) was introduced. Within this framework, 
comparative scenarios were examined using training–validation data-
sets, and it was demonstrated that the proposed method achieved higher 
computational efficiency in the overall optimization process compared to 
conventional Black Box Modeling (BBM) approaches (Roomi et al., 2022). 
Moreover, in the study conducted by Partovizadeh et al., a method was 
proposed in which dimensionality reduction was performed using the 
frequency components of torque signals under different geometric design 
variables, followed by the construction of a surrogate model through re-
gression techniques. In this way, the periodic nature of the torque signal 
was preserved while the overall simulation cost was significantly reduced 
(Partovizadeh et al., 2025). The advantages offered by such ML/AI-based 
approaches can be summarized as follows:

•	 Rapid prediction: Once trained, surrogate models can generate 
results for new parameter combinations within seconds—or even 
milliseconds—without the need to run high-fidelity simulations 
such as FEM.

•	 Extensive design-space exploration: These models enable the si-
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multaneous consideration of multiple geometric variables—such 
as slot opening, tooth tip inclination, tooth curvature, and coil 
placement—while supporting multi-parameter experimental de-
signs (Design of Experiments, DOE).

•	 Multi-objective optimization: When multiple performance crite-
ria—such as cogging torque, starting torque, efficiency, and loss-
es—need to be evaluated simultaneously, ML-based models enable 
the rapid identification of Pareto-optimal solutions.

•	 Uncertainty quantification: Approaches capable of providing in-
sights into model uncertainty (e.g., Gaussian Processes, Bayesian 
Neural Networks) allow the estimation of confidence intervals for 
FEM-based predictions. This is particularly valuable for analyzing 
the effects of manufacturing tolerances and variations in magnetic 
material properties.

Nevertheless, ML/AI approaches also have certain drawbacks and 
aspects that require careful consideration, such as the adequacy of the 
training dataset, the risk of overfitting, generalization capability, consis-
tency with physical reality (e.g., magnetic saturation, harmonics), and the 
acceptability of prediction errors. Moreover, in some studies, the accura-
cy of ML-based surrogate models tends to decrease at extreme points or 
boundary conditions; therefore, such models are often employed in a hy-
brid framework alongside FEM simulations or experimental validation.

In this study, the effects of slot opening and slot height on cogging 
torque, starting torque, and efficiency in PMSMs are comprehensively 
investigated. A parametric simulation framework was first established, 
and datasets were generated for different slot opening and height config-
urations. Subsequently, the obtained data were processed using explain-
able machine learning models, resulting in a predictive mechanism that 
enables rapid estimations while maintaining engineering interpretability. 
Particularly through the use of SHapley Additive ExPlanations (SHAP)-
based explainability techniques, the dominant influence of specific geo-
metric parameters on various performance indicators was revealed in a 
transparent manner. One of the major engineering contributions of this 
approach is its ability to provide a guiding framework for decision-mak-
ers in multi-objective design problems. In practice, a designer seeks not 
only to minimize cogging torque but also to optimize both starting torque 
and efficiency. However, these three metrics inherently involve a trade-
off relationship. For instance, while reducing the slot opening may lower 
cogging torque, it can simultaneously have adverse effects on efficiency 
or starting torque. Therefore, achieving an optimal balance within the 
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design process requires not only numerical analysis but also data-driven 
decision support systems.

Designed Motor and Its Characteristics

PMSMs have shown remarkable advancements, particularly due to 
progress in power electronics and high-performance magnetic materials. 
These machines are especially preferred in applications involving low ro-
tational speeds and variable-speed operation. The primary reason is their 
ability to maintain key performance parameters—such as efficiency and 
power factor—independent of the rotational speed. In permanent magnet 
machines, the magnets continuously supply magnetic flux to the mag-
netic circuit, thereby generating the rotor’s magnetic field. The magnets 
employed in such systems are expected to possess a wide hysteresis loop, 
high coercive force, and strong residual magnetization (Galioto et al., 
2014). Ceramic, Alnico, SmCo, and NdFeB magnets are widely used in 
various industrial machine applications. Although Alnico magnets ex-
hibit high thermal stability, they are brittle in nature and can be easily 
demagnetized. Ceramic magnets, on the other hand, have a relatively low 
maximum energy product. In electrical machines, the primary objective 
is to achieve the highest possible power output within the smallest pos-
sible volume. NdFeB magnets, which are based on rare-earth elements, 
offer exceptionally high-power density even in compact structures due to 
their high maximum energy product (BHmax) (Zhang et al., 2022; Dalcalı 
et al., 2020). For this purpose, a surface-mounted, four-pole PMSM utiliz-
ing NdFeB-type magnets was investigated in this study. The specifications 
of the motor analyzed are presented in Table 1. 

Table 1. Design parameters of the proposed motor

Parameter Value Parameter Value
Rated power (kW) 10 Stack length 100
Number of poles 4 Number of slots 24
Stator outer diameter (mm) 275 Stator / Rotor material M19
Rotor outer diameter (mm) 154.8 Magnet material N36

Figure 1 presents the model of the initial motor design and the mesh 
structure used in the finite element analysis.
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Figure 1. Geometric model and meshing structure of the PMSM.

The analysis of electrical machines is a complex process that requires 
multidisciplinary and interconnected solutions. The FEM is one of the 
most widely used and effective numerical approaches for solving such 
problems. By creating 2D or 3D models of the machine using FEM, per-
formance outputs such as flux density distribution, voltage waveforms, 
loss profiles, and torque variations can be obtained with high accuracy. 
The implementation of this method not only enables precise determina-
tion of design parameters but also offers significant advantages in terms 
of time and cost efficiency during the design process. The fundamental 
performance parameters of the motor under rated load and no-load oper-
ating conditions are presented in Table 2.

Table 2. Fundamental performance of the designed PMSM under rated and no-
load condition

Parameter Value

Rated load
Output power (W) 10001
Efficiency (%) 91.09
Rated torque (Nm) 53.06

No-load
Cogging torque (Nm) 0.418
Stator teeth flux density (T) 1.561
Stator yoke flux density (T) 1.613
Total weight (kg) 42.301
Slot fill factor (%) 61.94

At rated load, the motor produces approximately 10 kW of output 
power with a notably high efficiency of 91.09%. The nominal torque value 
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was obtained as 53.06 Nm, indicating that the motor can operate stably in 
low-speed applications. Under no-load conditions, the measured cogging 
torque of 0.418 Nm demonstrates that the motor provides a smooth and 
vibration-free torque profile. The stator tooth flux density was determined 
to be 1.561 T, while the stator yoke flux density reached 1.613 T; these val-
ues indicate a well-balanced magnetic circuit operating within the opti-
mal region, without approaching material saturation limits. Furthermore, 
the total weight of the motor is 42.301 kg, which reflects a compact struc-
ture relative to the generated power. The slot fill factor of 61.94% shows 
that the windings are efficiently placed within the slots, ensuring effective 
utilization of copper.

The magnetic flux distribution obtained under nominal load condi-
tions is presented in Figure 2. Examination of the flux density distribu-
tion reveals that, as expected, the highest concentrations occur in the sta-
tor teeth. Moreover, considering the BH characteristics of the M19 core 
material, a homogeneous and well-balanced flux distribution is achieved 
throughout the motor. The flux density in the yoke region remains with-
in acceptable limits, indicating that magnetic saturation has not been 
reached.

Figure 2. Magnetic flux density distribution of the designed PMSM.

Another critical parameter that must be considered in motor design 
is the cogging torque value. This torque arises from the magnetic interac-
tion between the magnets providing the rotor flux and the stator, leading 
to noise and vibration during motor operation (Zhao et al., 2024). The 
cogging torque can be expressed as a function of the reluctance, air-gap 
flux, and rotor position, as given in Equation 1 (Dosiek and Pillay, 2007).
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             (1)

As can be seen from Equation 1, any modification in the air-gap ge-
ometry directly affects the cogging torque of the motor. The variation of 
cogging torque with respect to rotor position for the initial design is pre-
sented in Figure 3.

Figure 3. Variation of cogging torque with rotor position for the initial motor 
design.

Design of Experiments

In synchronous machines, the rotor and stator slot geometries signifi-
cantly influence critical design parameters such as electromagnetic per-
formance, efficiency, and generated torque (Jia et al., 2015). For this pur-
pose, the effect of the stator slot structure on performance was examined 
in two stages. In the first stage, the influence of slot width (Bs0, Bs1, and 
Bs2) was analyzed, and in the second stage, the effect of slot height (Hs0, 
Hs1, and Hs2) was investigated. The slot structure and the variables used 
in this analysis are illustrated in Figure 4.
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Figure 4. Stator slot structure and geometrical parameters used in the analysis.

The parameters presented in Table 3 define the fundamental variables 
and limits used to characterize the stator slot geometry of the motor. Vari-
ations in slot width and height directly affect magnetic flux distribution, 
leakage inductance, torque generation, and thermal behavior. Therefore, 
considering these variables in optimization studies is of great importance 
for improving the motor’s efficiency, torque ripple characteristics, and 
overall loss performance. According to the defined conditions, a total of 
25641 configurations were generated for the first stage and 19844 config-
urations for the second stage. For each configuration, the output power, 
induced torque, cogging torque, efficiency, slot fill factor, total weight, and 
stator teeth flux density parameters of the motor were analyzed.

Tabl3 3. Design variables and boundary limits used for defining the stator slot 
geometry

Variable Lower limit (mm) Upper limit (mm) Resolution 
(mm)

Bs0 0.5 3 0.125
Bs1 2 10 0.25
Bs2 2 20 0.5
Hs0 0.1 2.2 0.1
Hs1 0.1 2.2 0.1
Hs2 22 42 0.5
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Generated Datasets

Two separate parametric scanning datasets were employed in this 
study. The BS dataset investigates the influence of the slot width family, 
while the HS dataset examines the effect of slot height. Both datasets con-
sist of simulation records generated from the parametric model, where 
each row corresponds to the evaluation results of a unique stator–rotor 
geometry configuration. The data entries include both input columns—
representing geometric and operating parameters—and multiple output 
columns, thereby enabling the simultaneous modeling of multiple target 
variables with a single predictor. In accordance with the design frame-
work detailed in the previous sections, the BS dataset specifically explores 
variables related to slot width (bs0, bs1, bs2), whereas the HS dataset sys-
tematically scans slot height parameters (hs0, hs1, hs2). The design space 
and experimental size are consistent with the boundary and step values 
defined in the Design of Experiments section of this chapter. Therefore, 
the datasets presented here directly constitute the data foundation for the 
performance tables and figures reported in the same section.

The key input parameters of the model are the slot width variables (bs0, 
bs1, bs2) and the slot height variables (hs0, hs1, hs2). Six primary output 
parameters were defined: output power, cogging torque, rated torque, effi-
ciency, stator teeth flux density, and slot fill factor. These targets represent 
the three main axes of design decisions in terms of drive performance, 
NVH characteristics, and electromagnetic feasibility. Therefore, their si-
multaneous prediction within a unified modeling framework significantly 
accelerates the multi-objective design decision process. The performance 
metrics and their relative importance rankings are fundamentally based 
on these six targets and are fully consistent with the structural content of 
the datasets.

The BS dataset consists of 25,641 rows and 11 columns. Each row rep-
resents the results of a geometry combination belonging to the slot width 
family, while six output columns correspond to the target variables and 
the remaining columns define the design parameters. In this dataset, the 
parameters bs0, bs1, and bs2 play a dominant role. The scanning range for 
the bs2 variable is between 2 and 20 mm, with an average sample value of 
approximately 11 mm. Since the number of rows containing valid target 
values is very close to the total number of samples, sufficient density and 
balance are achieved for multi-output regression analyses. 

The HS dataset is organized into 19,844 rows and 11 columns. In this 
dataset, the parameters forming the slot height family—hs0, hs1, and 
hs2—were independently varied. Specifically, the hs2 variable ranges be-
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tween 22 and 42 mm, with an average value of approximately 32 mm. 
Similar to the BS dataset, the HS dataset also contains six target columns, 
and each row represents a unique slot geometry configuration. The scope 
and resolution are consistent with the defined experimental design, en-
suring sufficient density for model training and enabling the generation 
of reliable validation statistics for each target variable. 

Together, these two datasets form the foundation of the performance 
and importance analyses presented in the results section: the BS dataset 
quantitatively captures the influence of slot width, while the HS dataset 
reveals the impact of slot height on motor performance.

Modeling Methodology Framework 

In this study, the effect of slot geometry on the electromagnetic perfor-
mance of surface-mounted PMSMs was investigated using a supervised 
surrogate model constructed from high-resolution numerical experiment 
results. ML is a general-purpose approach that has been successfully ap-
plied in various domains, including speech processing (Özer et al., 2018a; 
Özer et al., 2017), biomedical signal processing (Görür et al., 2023; Özer 
et al., 2023), and natural language processing (Özer et al., 2018b). In this 
approach, the design variables are taken as inputs, and a multi-output re-
gression model is trained to learn the mapping from these variables to the 
target vector. In this way, instead of relying on computationally expensive 
simulations, a fast and interpretable predictive tool is developed that can 
be used online during the design process.

For the machine, the design space is defined as x∈ℝp, while the per-
formance outputs are represented as y∈ℝ6. The target vector comprises 
output power, cogging torque, rated torque, efficiency, stator tooth flux 
density, total weight, and slot fill factor. The objective is to learn a function 
hθ:ℝ

p →ℝ6 hat minimizes the expected loss function. The loss is evaluated 
using a metric that accounts for multi-output errors and combines mean 
squared error with explained variance. For performance reporting, the 
coefficients of determination (R2), mean absolute error (MAE), and root 
mean square error (RMSE) are employed.

In this study, an ensemble model based on gradient-boosted decision 
trees was employed as the primary learner. A separate gradient boost-
ing process was applied for each target variable, while the multi-output 
structure was established through a wrapper framework. This configura-
tion achieved a balanced trade-off between accuracy and interpretability 
by capturing nonlinear relationships, local saturation effects, and scale 
variations among targets. The model was trained with standard regular-
ization and statistical balance to prevent overfitting of parameters, result-
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ing in a reliable model that can generalize across different design regions. 
The overall performance was evaluated using a k-fold cross-validation 
scheme. In the five-fold setup, the training and validation sets were resa-
mpled in each iteration, and the mean and standard deviation of the R2, 
MAE, and RMSE metrics were reported for each target. For assessing the 
average performance of the multi-output model, a variance-weighted R2 
metric was adopted. This approach not only reflects the mean predictive 
accuracy but also quantifies the model’s stability across the design space, 
making the relative difficulty of certain targets more discernible.  

The influence of input variables on the model was examined using a 
permutation-based importance analysis method. After randomly shuf-
fling each input column, the resulting decrease in explained variance 
(ΔR2) was computed, where this reduction indicates the importance of the 
corresponding variable. Repeated permutations (n=50) were performed 
to reduce uncertainty, and the standard deviations of the importance val-
ues were reported. This model-agnostic approach is directly linked to the 
performance metric and allows for comparison across different learning 
models. The resulting importance ranking clearly demonstrates the dom-
inant role of scale parameters and the varying influence of slot dimen-
sions on different target variables.

The model outputs are visually validated for each target through ac-
tual–predicted distribution plots. The degree of clustering around the 
45-degree reference line is evaluated together with the R2, RMSE and 
normalized RMSE metrics. These visualizations provide insights beyond 
average performance metrics, allowing the identification of regions with-
in the design space where deviations become more significant or where 
systematic bias emerges. Consequently, the targets that require either ag-
gressive or cautious optimization can be distinguished, and local valida-
tion regions can be selected accordingly.

The multi-output structure enhances data efficiency by enabling the 
sharing of common input patterns among targets. Cross-validation and 
repeated permutation analyses are sensitive to variations arising from 
randomness, and the reported standard deviations quantitatively rep-
resent this uncertainty. In cases where strong correlations exist among 
variables, importance scores may be distributed across correlated fea-
tures; therefore, complementary analyses using partial dependence plots 
or SHAP-based local explanations are conducted. This ensures that both 
global trends and local effects are consistently interpreted within the 
same methodological framework.

The proposed framework is trained using knowledge derived from 
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high-cost discrete simulations and provides a surrogate model capable 
of generating responses within milliseconds during deployment. In the 
design process, the search space is stratified according to the importance 
ranking of the variables: scale parameters are fixed within narrow rang-
es or constrained through coarse scans, followed by systematic sweeps 
across the most influential slot dimensions. Confidence margins for each 
target are defined using normalized error profiles, and additional vali-
dation steps are incorporated at critical thresholds. This process enables 
rapid design iterations and reliable decision support in engineering ap-
plications where electromagnetic performance must be evaluated in con-
junction with NVH and efficiency constraints. The proposed methodol-
ogy is based on a streamlined approach that integrates key components 
such as uniform data representation, multi-output gradient boosting, 
cross-validation, permutation-based explainability, and target-specific 
consistency checks. This structure is scalable for expanding design spaces 
and increasing data volumes, and can be further extended with hyperpa-
rameter optimization, ensemble diversification, or region-specific model-
ing when necessary. Consequently, it provides a reliable, fast, and inter-
pretable modeling framework for addressing electromagnetics-oriented 
design problems.

Results and Discussion 

The results presented in Table 4 demonstrate that the model predicts 
the outputs with exceptionally high accuracy for both the BS and HS 
datasets. An R2 value of 0.999 indicates that the model explains nearly all 
of the total variance, while the low MAE and RMSE values show that the 
prediction errors remain minimal in both absolute and root-mean-square 
terms. The smaller MAE and RMSE observed in the HS dataset compared 
to the BS dataset suggest that the relationships within this design space 
may be more regular or that the simulation noise is relatively lower. This 
level of accuracy confirms that the proposed model can be reliably uti-
lized for rapid design exploration, sensitivity analysis, and preliminary 
optimization studies.

However, the overall metrics presented in Table 4 should be interpret-
ed with contextual considerations during the decision-making process. 
Particularly for performance targets sensitive to operating conditions—
such as power and torque—the error distribution may broaden with-
in certain local regions. Therefore, when making design decisions near 
critical thresholds, it is advisable to define safety margins and perform 
a limited number of additional simulations for local validation to ensure 
more reliable outcomes. Such an approach enables the use of high average 
accuracy in a balanced manner, integrating risk management and engi-
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neering assurance.

Table 4. Overall prediction performance metrics of the proposed model for BS 
and HS datasets 

Dataset R2 MAE RMSE
BS 0.999414 0.143784 0.382614
HS 0.999608 0.034192 0.099394

The permutation-based importance ranking presented in Table 5 re-
veals the clear dominance of the Total Net Weight variable in both data-
sets. This finding quantitatively confirms the primary influence of ma-
chine scaling and magnetic circuit sizing on power, torque, efficiency, 
and flux-related indicators. In the BS dataset, the variables bs0 and bs1, 
which represent the slot opening and width, rank among the top contrib-
utors—indicating the strong influence of air-gap reluctance and leakage 
flux mechanisms. Conversely, in the HS dataset, the prominence of the 
height family variables hs0, hs2, and hs1 suggests that tooth–slot satu-
ration and flux distribution are the principal mechanisms governing the 
performance targets.

The obtained results necessitate a hierarchical prioritization strategy in 
the design process. In the first stage, scaling parameters should be defined 
within narrow bounds or explored through a coarse search; subsequently, 
the main slot dimensions that exhibit more consistent relationships with 
the target metrics should be examined in detail through systematic anal-
yses. On the BS side, the relatively low importance of bs2 may indicate a 
limited marginal contribution within the current sample; however, since 
correlations among variables can lead to the redistribution of importance 
scores, it would be appropriate to support this interpretation with local 
explainability tools such as partial dependence plots, Individual Condi-
tional Expectation (ICE), or SHAP analyses. In practice, this hierarchical 
structure directly guides the planning of design exploration and optimi-
zation stages—starting with scale parameters, followed by critical slot di-
mensions, and finally secondary geometric or operational adjustments.



Research and Evaluations in the International Field of Electrical and  
Electronics Engineering - October 2025

47

Table 5. Permutation-Based Feature Importance (n = 50 Repetitions)

Variable Rank Feature Importance 
(mean)

Importance 
(std)

BS 1 Total Net Weight 1.1075 0.0054
BS 2 bs0 0.7086 0.0041
BS 3 bs1 0.5087 0.0036
BS 4 bs2 0.0101 0.0001
HS 1 Total Net Weight 1.3342 0.0089
HS 2 hs0 0.601 0.0045
HS 3 hs2 0.396 0.0027
HS 4 hs1 0.193 0.0017

The permutation importance analysis performed for both datasets 
clearly reveals the dominant factors that govern the design behavior. As 
illustrated in Figure 5, the Total Net Weight exhibits the highest impor-
tance score in the BS dataset, followed by bs0 and bs1, indicating that scale 
and slot width parameters exert a strong influence on the output metrics. 
The comparatively lower importance of bs2 suggests that its contribution 
may be limited or that its importance score may have been shared with 
other width-related variables due to inter-variable correlations. 

Figure 5. Feature importance score for BS dataset.
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Figure 6 shows that, on the HS side, the height-related variables (hs0, 
hs2, hs1) emerge as dominant contributors. While the scale indicator, To-
tal Net Weight, remains at the top of the ranking, the different height 
parameters play a decisive role in determining the outputs through mech-
anisms such as flux distribution, magnetic reluctance, and saturation. 
When Figures 5 and 6 are considered together, it becomes evident that the 
slot opening/width parameters are critical for the BS dataset, whereas the 
height parameters dominate in the HS dataset; in both cases, the scale fac-
tor—represented by the total net weight—acts as the primary determinant 
of overall performance.

Figure 6. Feature importance score for HS dataset.

Interpreting the model’s goodness-of-fit distributions for each target 
in conjunction with this hierarchy provides a more robust design guid-
ance. As shown in Figure 7, the target-based R² values for the BS dataset 
indicate an almost perfect agreement in variables such as cogging torque, 
stator tooth flux density, and slot fill factor. On the other hand, the rela-
tively lower R² values observed for power and nominal torque are consis-
tent with the results presented in Table 4.
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Figure 7. R² scores for BS dataset.

As shown in Figure 8, the R² values for the HS dataset remain general-
ly high; however, the distributions for power and nominal torque appear 
more compact, indicating that the model exhibits a more stable perfor-
mance for these targets compared to the BS dataset. This distinction sup-
ports the earlier observation that the relationships between targets and 
design variables are more uniform within the HS design space, or that the 
data noise is relatively lower. The visual comparison of R² values provides 
a practical guide for determining which targets can be optimized with 
greater confidence; for instance, a higher R² in torque-related variables 
sensitive to NVH implies a more reliable basis for sensitivity analysis.
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Figure 8. R² scores for HS dataset.

The nRMSE chart for the BS dataset, presented in Figure 9, reveals that 
the errors are relatively higher for the power and nominal torque targets. 
This finding indicates that these objectives are more sensitive to non-geo-
metric operating conditions, such as speed or winding parameters. Con-
versely, the low nRMSE values observed for cogging torque and stator 
tooth flux density reaffirm that geometric parameters are the dominant 
influencing factors for these targets. 

Figure 9. nRMSE scores for the BS dataset.



Research and Evaluations in the International Field of Electrical and  
Electronics Engineering - October 2025

51

The nRMSE profile of the HS dataset shown in Figure 10 exhibits a 
tighter distribution, consistent with the R² observations, and indicates 
better control over power and nominal torque outputs. The comparison 
between the two datasets highlights the necessity of defining confidence 
margins on a target-specific basis: while aggressive parameter variations 
may be acceptable for targets with low nRMSE values, a more cautious 
and validation-oriented approach should be adopted for those with high-
er nRMSE levels.

Figure 10. nRMSE scores for the HS dataset.

Figures 11 and 12 present the actual–predicted scatter plots. In Figure 
11, the scatter for the BS dataset corresponding to the power output is 
concentrated around the 45° reference line, although it exhibits a relative-
ly wider spread compared to other targets. The R², RMSE, and nRMSE 
values reported in the figure title quantitatively support this observation, 
in full agreement with the results presented in Table 4 and the corre-
sponding performance graphs.
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Figure 11. Actual–predicted scatter plot for the BS dataset (Output Power).

In Figure 12, the scatter corresponding to the power target in the HS 
dataset exhibits a tighter clustering, indicating more stable and predict-
able design iterations. When Figures 11 and 12 are evaluated together, it 
becomes evident that for the power target, a more aggressive design ex-
ploration strategy is suitable for the HS configuration, whereas a cautious, 
validation-supported approach is more appropriate for the BS configura-
tion.
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Figure 12. Actual–predicted scatter plot for the HS dataset (Output Power).

The results indicate that the design space should be approached in a 
hierarchical manner. In the first stage, scale parameters should be fixed or 
explored within narrow ranges according to the permutation-based im-
portance rankings. Subsequently, critical slot dimensions—such as bs0 
and bs1 for the BS dataset, and hs0 and hs2 for the HS dataset—should 
be systematically swept. At this stage, R² and nRMSE results can be used 
as guidance for target-specific selection: while wide-range explorations 
with sparse sampling are suitable for targets such as efficiency and flux 
density, which exhibit high accuracy and low error, denser sampling and 
localized refinement are required for more complex targets such as power 
and torque. This approach accelerates both the experimental design and 
optimization processes, enabling rapid progress in well-behaved targets 
while ensuring reliable steps for the more challenging ones.
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1. INTRODUCTION

Energy resources can be classified into two categories: primary and 
secondary energy sources. Primary energy sources consist of non-renew-
able resources found in nature, such as coal, oil, and natural gas, as well as 
renewable resources like wind, solar, and hydro energy. Electrical energy, 
on the other hand, is a secondary energy source produced from primary 
energy sources (Baltaş and Akbay, 2021). 

Electrical energy is one of the most fundamental inputs of modern 
life. From city lighting to industrial production, from transportation sys-
tems to individual households, electricity stands out as an indispensable 
resource. Since electrical energy cannot be stored, it must be generated in 
the exact amount required at any given time. Thus, it is essential to predict 
power demand precisely in order to guarantee the dependability of elec-
tricity output. (Zheng et al., 2021).

Accurate prediction of electricity consumption plays a key role in 
many critical decision-making processes—from energy production to 
distribution, from cost planning to achieving sustainability goals. Figure 
1 shows the classification of energy resources (Koç and Şenel, 2013).

Figure 1. Energy resource classification.

In the electricity market, the task of load forecasting is challenging 
due to the complex structure of the market. This complexity arises from 
the instantaneous nature of electricity, the intricate market design, and 
frequent regulatory interventions (Gökgöz and Filiz, 2020). The demand 
for electrical energy is driven by meteorological parameters as well as 
economic and industrial activities. Therefore, accurate region-specific 
electricity load forecasting can assist in effectively managing, planning, 
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and scheduling power generation units to reduce unit costs and achieve 
maximum financial benefit (Jawad et al., 2020).

Forecasts made using traditional methods generally take into account 
statistical relationships such as trends and seasonality in historical data. 
However, the variability in consumption habits, the increasing integra-
tion of renewable energy sources, and uncertainties in climate conditions 
have created a need for more flexible and powerful methods. The use of 
neural networks for electricity energy forecasting has been increasing 
over time. This rise is due to the ability of neural networks to account 
for the nonlinear structure of power consumption data and to uncover 
non-trivial dependencies within them (Klyuev et al., 2022).

Artificial intelligence (AI) can learn multidimensional and complex 
relationships by simultaneously evaluating past consumption data and 
external factors (such as weather conditions, calendar information, and 
economic indicators). In this way, it is possible to make short-, medium-, 
and long-term consumption forecasts with higher accuracy. Moreover, 
AI-based methods can provide not only a single forecast value but also 
uncertainty intervals, offering decision-makers more reliable informa-
tion.

Based on the forecasting time frame, there are four types of electricity 
load forecasting: long-term, medium-term, short-term, and very short-
term load forecasting. Very short-term forecasting concerns load predic-
tions within time intervals ranging from minutes to an hour. It focuses 
on near-future forecasts, often considering time and temperature, and 
explores current values to estimate future ones. Very short-term forecast-
ing primarily depends on the most recent load patterns. Short-term fore-
casting involves time periods ranging from several minutes to days and 
represents a key factor in the daily operation and planning of an energy 
company, being a critical component of an energy management system. 
The short-term approach is effective in reducing financial costs and oper-
ational risks, directly influencing savings; therefore, it holds great impor-
tance in a competitive energy market.

Medium-term forecasting generally deals with time intervals ranging 
from one month to one year and covers activities such as planning grid 
maintenance, evaluating electricity prices, organizing energy sharing, 
and planning fuel usage. Long-term forecasting aims to estimate electric-
ity demand over periods longer than a year, including demand planning 
for various power systems. It helps ensure system understanding, reliable 
operation of the power supply, and the ability to meet future demands.

For these time horizons, various forecasting methods can be used, in-
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cluding knowledge-based expert systems, statistical techniques, machine 
learning models, AI techniques, hybrid techniques, and deep learning 
models (Azeem et al., 2021).

Numerous studies have been conducted on forecasting electrical en-
ergy consumption. In one such study (Demirel et al., 2010), electricity 
demand forecasts were made using the Adaptive Network-Based Fuzzy 
Inference System (ANFIS) and Autoregressive Moving Average (ARMA) 
techniques. The results showed that the ANFIS model produced signifi-
cantly better outcomes compared to the ARMA model.

In another study (Akmaz, 2022), a method was developed for fore-
casting Turkey’s electricity consumption. In this method, the Correla-
tion-Based Feature Selection Method, Curve Fitting technique, and Mul-
tilayer Perceptron Algorithm were used. The application results showed 
that the method performed successfully on historical data.

In a study conducted by Özkan et al. (2020), forecasting models for 
electricity consumption data were developed using the “Fourier Analysis 
with the Least Squares Method” and the “Winters Method” in time series 
analysis. By dividing the dataset into 12-, 24-, and 36-month periods, the 
relationship between the coefficient of variation in each period and the 
performance of the forecasting models was analyzed. 

Ülkü and Yalpır (2021) generated scenarios for forecasting Turkey’s 
provincial electricity demand for the year 2030 using data from 2009–
2018 by applying Artificial Neural Networks (ANN) and Multiple Regres-
sion Analysis (MRA) methods. 

In another study (Oğcu et al., 2012), Support Vector Regression (SVR) 
and ANN models were used to develop the best model for predicting elec-
tricity production in 2010 and 2011. A seasonal SVR model was proposed 
to forecast seasonal time series data. The study demonstrated that the sea-
sonal SVR model outperformed the ANN model.

In the study by Bişkin and Çifci (2021), deep learning methods such 
as Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) 
models were utilized to predict power usage using time series data. Using 
historical electricity consumption data from Turkey, one-hour and three-
hour ahead forecasts were generated. Comparison results indicated that 
the GRU model performed slightly better than the LSTM model.

Başoğlu and Bulut (2016) developed a hybrid system called EPSİM-NN 
by combining artificial neural networks and expert systems. Using data 
from the past ten years, this system was applied for short-term electricity 
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demand forecasting. The EPSİM-NN system produced predictions close 
to actual values for short-term periods. 

Çayır et al. (2018) developed a short-term consumption forecasting 
model using machine learning algorithms with three years of electrici-
ty power consumption data from 30 households in a district of London, 
United Kingdom. The results showed that the Random Forest (RF) meth-
od was the most suitable model for the daily electricity consumption 
problem.

In another study (Haliloğlu and Tutu, 2018), daily data from January 
2012 to April 2018 were used to construct a model based on the Least 
Squares Method (LSM). The model included independent variables such 
as the temperature threshold difference, previous day’s electricity con-
sumption, and time dummy variables. This model achieved an electricity 
demand estimation accuracy of 92.8%.

Kamber et al. (2021) used Spain’s electricity data from 2015–2016. In 
this study, hourly electricity consumption data were analyzed using the 
LSTM method, and the results were compared with time series analysis 
outcomes. Both an LSTM model and an ARIMA model were developed, 
and their forecasting performances were compared.

Turkey’s power production and demand were predicted by Şahin 
(2018). The Gray Forecasting Method was used in this study. According 
to the findings, the posterior error ratio (C) and small error probabili-
ty (p) for the GM(1,1) model of Turkey’s electricity production were 0.12 
and 0.97, respectively, but the corresponding p and C values for electricity 
consumption were 0.11 and 0.97.

In another study (Pierre et al., 2023), five approaches were examined 
for forecasting electricity consumption: ARIMA, LSTM, GRU, ARI-
MA-LSTM, and ARIMA-GRU. The results revealed that the hybrid ARI-
MA-LSTM approach achieved better accuracy with an RMSE of 7.35. 
These findings indicate that hybrid approaches perform better than single 
models in predicting electricity consumption.

Wu and Wu (2024) proposed a new CNN-BiLSTMSA model that 
combines a Convolutional Neural Network (CNN), Bidirectional Long 
Short-Term Memory (BiLSTM), and Self-Attention (SA) mechanisms 
to accurately forecast household electricity consumption. The proposed 
model integrates temporal feature extraction through the CNN mod-
ule, correlation capture through BiLSTM, and intrinsic feature analysis 
through the SA mechanism, thereby improving prediction accuracy. The 
results demonstrated that the model achieved higher precision and out-



62  . Vekil SARI, Volkan GÖREKE

performed existing methods in key performance metrics.

2. CHARACTERISTICS OF ELECTRICAL ENERGY CONSUMP-
TION DATA

A time series is defined as a sequential data set obtained by measuring 
one or more variables over a specific period (Nebati et al., 2021). Electrici-
ty consumption data, by its nature, has the characteristics of a time series. 
Therefore, it possesses certain statistical and structural properties. These 
properties can be categorized into four main groups: seasonality, trend, 
external effects, and noise.

2.1. Seasonality

Consumption exhibits recurring fluctuations within a day (morning–
evening), within a week (weekdays–weekends), and within a year (sea-
sons).

2.2. Trend

In the long term, factors such as economic growth, population in-
crease, or energy efficiency policies create upward or downward tenden-
cies in consumption.

2.3. External Effects

Weather conditions (temperature, humidity, wind), special days (hol-
idays, national celebrations), and extraordinary events (natural disasters, 
pandemics) have direct impacts on consumption.

2.4. Noise

Unexpected fluctuations may occur in the consumption series due to 
factors such as measurement errors, meter malfunctions, or data loss.

These characteristics determine the modeling approach to be used. For 
instance, periodic features can be employed to capture seasonal patterns, 
while weather and calendar data can be incorporated to account for ex-
ternal effects. The reliability and consistency of the data are crucial for the 
success of artificial intelligence–based forecasts.

3. DATA PREPARATION AND PREPROCESSING

To achieve accurate forecasts using artificial intelligence methods, 
data must be properly prepared. The data preparation process plays at 
least as significant a role in model performance as the choice of algorithm. 
The dataset is prepared for the operational capabilities of AI models by 
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a sequence of data pretreatment activities, including data cleaning, data 
integration, data transformation, and data reduction (Geyikoğlu and 
Yağanoğlu, 2025).

The process of scaling all input data within a specific range (commonly 
between 0 and 1) is called normalization. Normalization is applied to raw 
data to make it suitable for model training. If normalization is not applied 
to the raw dataset, the training of the ANN (Artificial Neural Network) 
can become very slow. The normalization method selected directly affects 
the performance of the ANN, as normalization regularizes the distribu-
tion of values in the dataset. Extremely large or small input values may 
appear in the data, possibly due to errors. These outliers can mislead the 
network (Uygur, 2019).

For effective training of the network, parameters that influence algo-
rithm speed must be correctly determined. These parameters include the 
learning rate (LR), momentum (M), number of neurons, and number of 
hidden layers (Güç, 2016).

High-frequency components in time series can introduce noise effects, 
complicating the modeling process. To suppress such fluctuations and 
obtain more stable predictions, the moving average (rolling mean) tech-
nique can be used. Additionally, to remove the effect of seasonality in the 
time series, the Fast Fourier Transform (FFT) can be applied.

3.1. Data Sources

•	 Electric Energy Consumption Data: Can be obtained from smart 
meters, Supervisory Control and Data Acquisition (SCADA) sys-
tems, and billing records.

•	 Meteorological Data: includes meteorological data like tempera-
ture, humidity, wind speed, and length of sunshine.

•	 Calendar Data: Consists of information on weekdays/weekends, 
public holidays, and special days.

•	 Economic Data: Includes indicators such as industrial produc-
tion, electricity prices, and regional demand trends.

3.2. Data Cleaning and Organization

•	 Missing Data: Missing values can be filled using forward/back-
ward filling, interpolation, or model-based methods.

•	 Outliers: Values caused by measurement errors or unusual events 
can be detected and corrected.
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•	 Time Alignment: Inconsistencies arising from daylight saving 
time changes or different time zones can be adjusted.

4. ELECTRICITY CONSUMPTION FORECASTING METHODS

Many methods are used to forecast electricity consumption. The quan-
tity of data, the extent of the issue, and the required degree of precision 
all influence the approach selection. The most commonly used forecast-
ing methods include: Artificial Neural Network (ANN), Support Vector 
Machine (SVM), Autoregressive Integrated Moving Average (ARIMA), 
Random Forest (RF), Decision Trees (DT), Long Short-Term Memo-
ry (LSTM), Particle Swarm Optimization (PSO), k-Nearest Neighbors 
(KNN), Fuzzy Logic, Extreme Gradient Boosting (XGBoost), Curve Fit-
ting Algorithm (CFA), Recurrent Neural Network (RNN), Convolutional 
Neural Network (CNN), Quantile Regression (QR), and Autoregressive 
Distributed Lag (ARDL) (Nti et al., 2020).

By combining different methods, hybrid systems can be created. These 
systems (e.g., ARIMA + XGBoost) integrate the strengths of each method 
to produce more accurate results (Pierre et al., 2023; Wu and Wu, 2024; 
Yanan et al., 2023).

Electric energy consumption forecasting methods can generally be 
grouped into three main categories: Traditional Forecasting Techniques, 
Modified Traditional Techniques, and Computer Software-Based Tech-
niques (Unutmaz, 2022).

4.1. Traditional Forecasting Methods

These methods enable forecasting using mathematical techniques. 
Traditional forecasting methods include regression analysis, exponential 
smoothing, and iteratively reweighted least squares.

4.1.1. Regression Analysis 

Regression analysis can be defined as determining an unknown sit-
uation based on known values. This method involves dependent and in-
dependent variables. When creating the model, the independent variable 
can be one or more, depending on the desired outcome. Regression not 
only explains the relationship between variables but also allows predict-
ing unknown situations from known data (Kaysal et al., 2022).

4.1.2. Least Squares Method

By minimizing the squares of the errors between actual and anticipat-
ed values, the least squares approach is a modeling technique that estab-
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lishes a function between variables (Biçer, 2018).

4.2. Modified Traditional Techniques

To improve forecasting models under changing load conditions, adap-
tive demand forecasting and probabilistic time series techniques are used.

4.2.1. Time Series Analysis

In time series analysis, historical data are examined to determine 
whether a specific trend exists, and future predictions are made accord-
ingly. A sequence of values representing changes over time in past data 
constitutes a time series. Time series analysis investigates the patterns of 
these changes and develops a model that represents the behavior of the 
process. This model is then used to forecast future demand (Yazıcıoğlu, 
2010).

Time series analyses include four Box-Jenkins models: Autoregressive 
(AR), Moving Average (MA), Autoregressive Moving Average (ARMA), 
and Autoregressive Integrated Moving Average (ARIMA). The ARIMA 
method is a widely used statistical time series model in statistics and 
econometrics (Boltürk, 2013). ARIMA is a classical statistical model that 
forecasts the future based on historical data and does not use “learning” or 
network structures like artificial intelligence or machine learning models.

4.3. Computer Software-Based Techniques

These techniques have become widely used in recent years by provid-
ing an effective and efficient approach in systems where precise modeling 
is difficult or uncertain. Computer software-based techniques include ge-
netic algorithms, fuzzy logic, and artificial neural networks (ANNs).

The concepts of artificial intelligence (AI), machine learning (ML), 
and deep learning (DL) are often confused. Generally, AI refers to sys-
tems and machines that perform specific tasks, which may require human 
involvement and/or intelligence. Machine learning consists of algorithms 
that learn from data and analyze data patterns. Based on these patterns, 
ML can make decisions. Compared to AI, this process requires less hu-
man involvement, but humans can still intervene if a decision is incorrect. 
Deep learning, on the other hand, does not require human intervention 
and achieves accurate results using neural networks. The connection be-
tween AI, ML, and DL is illustrated in Figure 2 (Köse, 2023).
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Figure 2. The connection between AI, ML, and DL.

4.3.1. Artificial Neural Networks (ANNs)

Many techniques for predicting the demand for electricity have been 
developed in recent years. Statistical models, parametric methods, and 
learning-based forecasting approaches have been adopted. Among these, 
methods based on artificial intelligence algorithms have gained promi-
nence, particularly because they provide very good forecasting results for 
nonlinear and complex problems (Akman et al., 2018).

Artificial Neural Networks (ANNs) were inspired by the functioning 
of the human brain and were first proposed in 1943. The aim of ANNs is 
to mathematically model human brain cells and emulate them within a 
computer system. In humans, learning occurs through the connections 
between synapses. Depending on the network type, ANNs are generally 
categorized as feedforward, multilayer, or feedback (recurrent) networks. 
Figure 3 illustrates a model of a single neuron (Sarı and Göreke, 2024).

From a learning strategy perspective, ANNs are generally divided into 
three categories: supervised learning, unsupervised learning, and rein-
forcement learning (Pençe et al., 2019).

•	 Supervised Learning: This refers to a system that has an output 
variable (dependent variable) and one or more input variables (in-
dependent variables). The algorithm trains the model to map in-
puts to outputs.

•	 Unsupervised Learning: In this type, only input variables exist in 
the dataset, with no output variable. The machine derives mean-
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ingful patterns from the existing data. By grouping the input vari-
ables, the machine uncovers inherent structures or distributions. 
In order to learn more about the data, unsupervised learning aims 
to model its underlying structure or distribution.

•	 Reinforcement Learning: This is inspired by behavioral science. 
For example, a crawling baby repeatedly falls while learning to 
walk, gradually learning from each fall until it can walk. In rein-
forcement learning, an agent tries to perform a task constrained 
by the environment. After each action, the agent receives a reward. 
The goal is for the agent to learn to perform the task optimally 
based on the rewards received (Şen, 2022).

Figure 3. Neuron Model.

4.3.2. Model Validation

The data are divided into two parts: training and testing. The model 
is trained using a portion of the data, and its performance is tested using 
a separate fraction. This way, the accuracy of the model can be assessed 
using data that were not involved in training. Testing should not be per-
formed using the data used for training.

Model validation is particularly important when the available data are 
limited. One technique for evaluating models that shows how well a learn-
er can predict on unknown data is cross-validation. If the entire dataset is 
used solely for training, the learner may memorize the data and produce 
perfect predictions for the same values but will have no information on 
how it will perform with unseen data. This problem is known as overfit-
ting. To overcome this, a portion of the dataset should be reserved as test 
data that the learner has never seen during training (Pençe et al., 2019). 
In time series forecasting, special validation methods that use future data 
are preferred.
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4.3.3. Performance Metrics

No forecasting method provides perfectly accurate results. Every 
method has a certain level of error in its predictions. The statistical met-
rics used to measure the accuracy of a forecasting model are called per-
formance metrics. The most commonly used metrics include Mean Abso-
lute Error (MAE), Mean Squared Error (MSE), Root Mean Square Error 
(RMSE), Mean Absolute Percentage Error (MAPE), and the R² coefficient 
(Jawad et al., 2020; Demirel et al., 2010; Özkan et al., 2020; Wu and Wu, 
2024; Yanan et al., 2023).

•	 Mean Absolute Error (MAE): The average of the absolute differ-
ences between predicted and actual values. Since absolute values 
are used, MAE is always positive. A smaller MAE indicates a more 
accurate model.

	                         (1)

•	 Mean Squared Error (MSE): The average of the squares of the dif-
ferences between actual and predicted values. Squaring ensures a 
positive value. A smaller MSE indicates predictions closer to actu-
al values.

	                         (2)

•	 Root Mean Square Error (RMSE): The square root of the average 
of the squared differences between predicted and actual values. 
RMSE is always positive and is sensitive to large errors.

	                    (3)

•	 Mean Absolute Percentage Error (MAPE): Indicates the percent-
age of prediction errors relative to the actual values.

	                (4)

•	 R² Coefficient: One of the fundamental statistical measures used 
to assess model performance. It shows how much of the variance in 
the dependent variable (the variable to be predicted) is explained 
by the model. It ranges between 0 and 1, with values closer to 1 
indicating a more explanatory model.
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	                                  (5) 

Here, the actual electricity consumption is denoted by, , the pre-
dicted electricity consumption by, , the number of data points in 
the electricity dataset by , and the average of the predicted values is 
denoted by, .

5. CONCLUSION

Electricity consumption forecasting is becoming increasingly power-
ful and reliable with the development of artificial intelligence techniques. 
In the near future, it is expected that high-frequency data obtained from 
smart meters will enable more detailed and precise forecasts. By process-
ing real-time consumption data, dynamic decision support systems for 
grid management are anticipated to be developed.

Electricity consumption forecasting models will become even more 
important for integrating variable generation sources, such as solar and 
wind, into the grid. The use of cloud-based solutions will increase data 
storage and computational capacity, enabling applications on a larger 
scale. In critical sectors like energy, it is expected that forecasting models 
will not only need to be accurate but also interpretable.

In conclusion, AI-based electricity consumption forecasts will be one 
of the most important tools shaping the future of the energy sector. When 
supported by proper data management, appropriate model selection, and 
reliable evaluation methods, these approaches will contribute to a sus-
tainable, secure, and economical energy future—not only for energy com-
panies but for society as a whole.

Electricity load forecasting can be used by distribution companies for 
load balancing and preventing outages. Accurate demand forecasts allow 
for the development of pricing and trading strategies. Flexible forecasts 
can facilitate the integration of variable energy sources, such as solar and 
wind, into the system. Consumer energy usage patterns can also be op-
timized. Forecasting models are not an end in themselves; they form the 
foundation of decision support mechanisms for energy companies, regu-
lators, and policymakers.
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