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ABSTRACT 

Outdoor insulators are critical components in power systems but are highly susceptible to environmental 

factors such as moisture, rain, and contaminants. These adverse conditions often lead to surface flashovers, 

causing insulation failures and compromising the reliability of power systems. To address this challenge, 

this study aimed to develop a robust predictive model for flashover voltage under polluted conditions, 

leveraging the capabilities of Artificial Neural Networks (ANN) optimized with Particle Swarm 

Optimization (PSO). The primary objective was to enhance prediction accuracy and overcome the 

limitations of traditional methods. The proposed ANN-PSO model was trained and validated using a 

comprehensive dataset comprising experimental and simulated data under various pollution conditions. 

Key input features included Equivalent Salt Deposit Density (ESDD), insulator height, leakage distance, 

diameter, form factor, and environmental conditions. PSO was employed to optimize the ANN parameters, 

minimizing error metrics, such as Root Mean Square Error (RMSE) and Mean Absolute Percentage Error 

(MAPE), while maximizing the regression coefficient (R²). The results demonstrate that the proposed 

ANN-PSO model significantly outperforms traditional approaches, including standard ANN and hybrid 

models such as LS-SVM-PSO and LS-SVM-GWO, in terms of predictive performance. The model 

achieved exceptionally low values for RMSE (0.003511) and MAPE (0.842%) along with a very high R² 

value (0.997), confirming its precision, robustness, and superior capability to predict flashover voltage 

accurately. This study provides a practical and reliable tool for power utilities to monitor and mitigate the 

risk of insulator flashovers in polluted environments. Furthermore, it highlights the potential for 

integrating advanced hybrid AI models to address complex challenges in power system operations, paving 

the way for further innovation in predictive modeling for power system reliability. 

Keywords-ANN; flashover voltage; polluted insulators; PSO; prediction; power transmission 

I. INTRODUCTION  

The electrical power transmission and distribution network 
relies on chains of insulators to maintain system reliability. 
However, contamination from industrial emissions, urban 
pollution, marine salt particles, and desert sand significantly 
impacts their performance, increasing the risk of flashover [1]. 

This phenomenon occurs when a conductive layer forms on the 
insulator surface due to moisture from dew, rain, or fog, 
leading to leakage currents and potential power disruptions. As 
a result, predicting and mitigating flashover voltage in 
contaminated insulators is a critical challenge [2-3].  

Extensive research has been carried out to investigate the 
behavior of polluted insulators, employing both physical and 
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mathematical approaches, including the widely used Obenaus 
model, to estimate the critical flashover voltage [4-5]. 
Experimental studies have significantly enhanced our 
understanding of the stresses caused by pollution on insulators 
[6-7], while sophisticated simulation techniques have been 
developed to represent real-world environmental conditions 
more accurately [8]. Despite these substantial efforts, 
conventional models often fail to effectively capture the 
intricate and nonlinear interactions between the insulator 
geometry, pollution severity, and environmental influences. 

To overcome these limitations, Artificial Intelligence (AI) 
techniques have emerged as highly effective tools for 
predicting flashover voltage. Techniques including Artificial 
Neural Networks (ANN) [9], Fuzzy Logic (FL) [10], Support 
Vector Machines (SVM) [11], Least Squares Support Vector 
Machines (LS-SVM) [12], and Adaptive Neuro-Fuzzy 
Inference Systems (ANFIS) [13] have shown impressive 
accuracy in predicting flashover phenomena. For example, in 
[10], a fuzzy logic-based method was introduced to estimate 
the critical flashover voltage, whereas in [14], the Grey Wolf 
Optimizer (GWO) was successfully combined with LS-SVM, 
obtaining prediction errors below 10%. Furthermore, a refined 
LS-SVM model employed a quadratic Rényi criterion [15], 
achieving even greater accuracy in voltage prediction tasks. 
Recently, in [13], an ANFIS model achieved exceptional 
accuracy, with a mean absolute percentage error of 0.027011 
and a determination coefficient of 0.999997049. 

Among neural network architectures, the Multi-Layer 
Perceptron (MLP) is one of the most widely recognized and 
applied models, typically utilizing the Backpropagation (BP) 
algorithm or one of its derivatives, known as the 
Backpropagation Neural Network (BPNN). However, the BP 
algorithm's reliance on the steepest descent search technique 
makes it prone to convergence issues, such as getting stuck in 
local optima, computational overflow, or oscillations. These 
limitations have led researchers to explore more robust 
optimization techniques to enhance neural network 
effectiveness. A significant breakthrough in addressing these 
challenges is the integration of evolutionary algorithms into 
neural network training. Among these, Particle Swarm 
Optimization (PSO), inspired by the social behavior of bird 
flocks and fish schools, has proven highly effective. Originally 
designed to simulate natural, graceful, but unpredictable flock 
movements graphically, it was subsequently refined by 
eliminating unnecessary parameters, resulting in an efficient 
basic PSO algorithm. 

This study proposes a novel PSO-optimized ANN model 
specifically tailored to predict flashover voltage in polluted 
outdoor insulators. This approach leverages the cooperative and 
adaptive strengths of the swarm intelligence inherent in PSO, 
significantly enhancing prediction accuracy and reliability 
compared to traditional neural network methods. Furthermore, 
meticulous design and fine-tuning of hyperparameters ensure 
that this model is precisely adapted to the dataset, maximizing 
its predictive performance and generalization capabilities. 

The originality of this research lies in its innovative 
combination of ANN with PSO optimization to predict 
flashover voltage under polluted conditions, an area where 

traditional prediction models often falter. By integrating AI-
driven predictive modeling, this work contributes substantially 
to ongoing efforts to improve the reliability and efficiency of 
power transmission systems, particularly under harsh 
environmental conditions. This advancement is critical for 
ensuring system stability, reducing the risk of insulation 
failures, and enhancing overall operational efficiency. 

II. METHODOLOGY 

A. Data Selection and Mathematical Model  

The data used to train and test the ANN-PSO model came 
from a variety of sources. Some of it was sourced from 
experiments at the High Voltage Laboratory of the Testing, 
Standards and Research Center of the General Energy 
Company of Athens, conducted in compliance with IEC 
standards [16-17]. The pollutants used included 675 g/l of silica 
powder, 75 g/l of kaolin clay, and sodium chloride as required, 
all suspended in isopropyl alcohol. This contamination process 
lasted 30 minutes, and the insulators were left to dry for one 
hour. The ESDD value was then set on the insulator surface 
based on the contamination intensity index. In addition to these 
experimental data, measurements of [18, 19] were also utilized. 

The Obenaus model is a theoretical framework developed 
to examine flashover phenomena on polluted insulators. It 
conceptualizes the process by considering a partial arc that 
traverses a dry zone on the insulator surface, in combination 
with the resistive properties of the contamination layer. These 
two elements are modeled as a series circuit [9]. The model is 
particularly significant in defining the critical voltage �� , 
which represents the threshold voltage at which the partial arc 
transitions into a full flashover event. This critical voltage, 
expressed in volts, is determined through a specific formula 
that integrates the physical and electrical characteristics of the 
insulator and its contamination. By providing a structured 
approach to quantify flashover conditions, the Obenaus model 
plays a vital role in understanding and predicting insulator 
performance under polluted conditions. Furthermore, it serves 
as a foundational basis for enhancing insulation design and 
optimizing maintenance strategies in outdoor power systems 
exposed to environmental challenges [9]. 

�� = �
��� 	
 + �
�����	�
�������/	���� (1) 

Additionally, the model incorporates various parameters: � 
and � are arc constants, 
 represents the creepage distance of 
the insulator (measured in centimeters), and 
 is the maximum 
diameter of the insulator disc (also measured in centimeters). � 
is the pollution layer resistance coefficient, while � refers to 
the form factor, which accounts for the geometric profile of the 
insulator. Figure 1 illustrates the equivalent circuit model based 
on the Obenaus representation. In the proposed model, ����  

represents the arcing voltage, �� denotes the resistance of the 

pollution layer, and � corresponds to the stable voltage supply 
source. The critical voltage, expressed in volts, is represented 
by �� [9]. 
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Fig. 1.  Obenaus model. 

A genetic optimization process was used to calculate the 
constants � and �, which are � = 0.409 and � = 124.8  [13]. 
The high-voltage insulator's form factor � is defined as: 

� = $  &
'

()
�	)�     (2) 

Experimental evidence has shown that the flashover voltage 
of a contaminated insulator is not consistent, even when 
subjected to similar conditions. The surface conductivity �* is 
defined by: 

�* = 	369.05 ⋅ / + 0.42� ⋅ 10�0  (3) 

where /  represents the Equivalent Salt Deposit Density 
(ESDD), measured in mg/cm². 

For cap-and-pin insulators, the coefficient � represents the 
resistance of the pollution layer. 

� = 1 + ���
1⋅2⋅3⋅� ⋅ 4� 6 &

1⋅2⋅7⋅38   (4) 

The radius of the arc foot �, measured in centimeters, is 
calculated using: 

� = 0.469	�� ⋅ 
��*��/	1	��)��  (5) 

A training dataset was curated with a sufficient number of 
representative data points. The input parameters considered 
include the leakage length per insulator element ( 
 , cm), 
insulator height (9 , cm), insulator diameter (
 , cm), form 
factor (�), and the ESDD (/  in mg/cm²). These parameters 
were utilized as the input vector for the model, while the output 
was the critical flashover voltage (��, kV). As a result, an input-
output dataset was systematically constructed to facilitate the 
training process. 

Table I summarizes the parameters utilized in the 
mathematical model for calculating the flashover voltage. 
Flashover voltage was calculated using (1). These calculations 
were based on the input parameters provided in Table I, along 
with specific values of ESDD (/, mg/cm²), specifically: 0.02, 
0.03, 0.04, 0.05, 0.06, 0.13, 0.16, 0.23, 0.28, 0.34, 0.37, 0.49, 
0.52, and 0.55 [9]. 

TABLE I.  VALUES UTILIZED IN THE MATHEMATICAL 
MODEL [9]  

Insulator  : (cm) ; (cm) < = (cm) 

(T1) 15.9 26.8 0.79 33 

(T2) 15.9 26.8 0.86 40.6 

(T3) 16.5 25.4 0.90 43.2 

(T4) 14.6 25.4 0.72 31.8 

(T5) 15.9 29.2 0.92 47.0 

(T6) 15.6 27.2 0.76 36.8 

(T7) 17.8 32.1 0.96 54.6 

(T8) 17.0 28.0 0.80 37.0 

(T9) 14.5 25.4 0.74 30.5 

(T10) 16.5 20.0 1.29 40.0 

 
The experiments were conducted at an insulator test station 

located in the High Voltage Laboratory of the Public Power 
Corporation's Testing, Research, and Standards Center in 
Athens [8], following guidelines specified by IEC standards 
[12]. This station primarily comprises two chambers: a 
pollution chamber and a fog chamber. Tests were performed on 
artificially polluted insulators to determine their critical 
flashover voltage. Table II summarizes the experimental results 
obtained from this station. 

TABLE II.  OBSERVED EXPERIMENTAL DATA [20] 

Insulator = (cm) ; (cm) : (cm) F > (mg/cm2) ?@ (KV) 

Type 1 

27.9 25.4 14.6 0.68 0.13 12.0 

27.9 25.4 14.6 0.68 0.16 11.1 

27.9 25.4 14.6 0.68 0.23 8.10 

27.9 25.4 14.6 0.68 0.28 9.10 

27.9 25.4 14.6 0.68 0.34 7.50 

27.9 25.4 14.6 0.68 0.37 7.80 

27.9 25.4 14.6 0.68 0.49 6.80 

27.9 25.4 14.6 0.68 0.52 6.20 

27.9 25.4 14.6 0.68 0.55 6.10 

Type 2 

30.5 25.4 14.6 0.70 0.02 22.0 

30.5 25.4 14.6 0.70 0.05 16.0 

30.5 25.4 14.6 0.70 0.10 13.0 

30.5 25.4 14.6 0.70 0.16 11.0 

30.5 25.4 14.6 0.70 0.22 10.0 

30.5 25.4 14.6 0.70 0.30 8.50 

Type 3 

43.2 25.4 14.6 0.92 0.02 26.0 

43.2 25.4 14.6 0.92 0.05 19.0 

43.2 25.4 14.6 0.92 0.10 15.0 

43.2 25.4 14.6 0.92 0.16 13.0 

43.2 25.4 14.6 0.92 0.22 12.0 

43.2 25.4 14.6 0.92 0.30 10.5 

Type 4 

43.2 22.9 16.6 1.38 0.02 23.5 

43.2 22.9 16.6 1.38 0.03 20.9 

43.2 22.9 16.6 1.38 0.04 19.4 

43.2 22.9 16.6 1.38 0.05 18.3 

43.2 22.9 16.6 1.38 0.06 16.9 

43.2 22.9 16.6 1.38 0.10 15.8 

43.2 22.9 16.6 1.38 0.20 13.6 

 

B. Case Studies  

To effectively evaluate the predictive accuracy of the ANN-
PSO, it is necessary to use a test dataset that was not used in 
the training phase. In the process of training and testing 
machine learning models, it is crucial to divide the complete 
dataset appropriately for each stage. Research has indicated 
that allocating 70-80% of the data for training and 20-30% for 
testing typically yields the most effective outcomes [21-22]. 
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The dataset utilized in this study comprises 140 estimated 
values derived from a mathematical model and 28 real values 
obtained from experimental results. This study explored several 
cases to evaluate the performance of the proposed model, using 
a combination of data from the mathematical model and real 
experimental values. Table III provides a comprehensive 
overview of various case studies, highlighting the amount of 
mathematical and experimental data associated with each case. 
Furthermore, it specifies the number of data points allocated for 
training and testing purposes in each scenario, offering 
valuable insights into the dataset distribution. In each case, the 
training and testing datasets consist of five input parameters (
, 9 , 
 , � , and � ) with the output representing the critical 
flashover voltage �� . This systematic approach ensures a robust 
evaluation of the model's ability to predict flashover voltage 
across various data distributions. The test dataset is utilized to 
assess the models' predictive precision. This approach aims to 
ensure that the model learns from the given data with minimal 
bias and training error, while also maintaining the capacity to 
generalize new data effectively with reduced variance and test 
error. 

TABLE III.  DIFFERENT CASES STUDIED 

Cases 1 2 3 4 5 

Training 

data 

Mathematical model 140 140 140 140 - 

Experimental values - 4 8 20 24 

Total of training data  140 144 148 160 24 

Testing 

data 

Mathematical model - - - - - 

Experimental values 28 24 20 8 4 

Total of testing data  28 24 20 8 4 

 

C. ANN Architecture and Optimization Approach 

ANNs are similar in principle to the biological systems of 
humans and other animals, and because of this, they have 
become a powerful analysis tool for complex data sets [19]. 
They are particularly good at finding non-trivial relations 
between the inputs and outputs, even when the dataset is noisy 
and complex. MLP is one of the most commonly used neural 
network architectures, and its mathematical formulation can be 
described as [9]: 

AB = �C∑  �
BE�  FGBHB + IBJ   (6) 

where AB  is the neuron output in the current layer, �  is the 

activation function, FGB  and IB  are the weights and biases, 

respectively, and HB  represents the node values from the 

preceding layer. 

D. Particle Swarm Optimization (PSO) 

The PSO algorithm [23] is inspired by the collective 
behavior observed in animal groups, such as flocks of birds and 
schools of fish. A semi-evolutionary swarm intelligence 
algorithm is one way to describe this particular method. The 
process is driven by randomly selecting and testing solutions 
and then using the results to find, step by step, a better one. 
Every solution scanned in this process is attached to a search 
strategy that works at the speed and in the memory of the best 
condition it has ever been exposed to. Three critical elements 
play a crucial role: position, velocity, and fitness. To address an 
optimization issue using PSO, the steps are as follows: 

 Generate an initial population of particles with random 
positions and velocities within the problem space. 

 Calculate the fitness value for each particle. 

 Update the particle positions and velocities based on [24]: 

�K
	L��� =  

F�K
	L� + /�M�CNOP*L,K − SK

	L�J + /1M1CTOP*L − SK
	L�J(7) 

UK
	L��� = UK

L + VK
	L���

    (8) 

where �K
	L�

 is the velocity of particle W at iteration X, SK
	L�

 is the 

position of particle W  at iteration X , NOP*L,K  is the best position 

found by particle W, TOP*L  is the global best position found by 
the swarm, F is the inertia weight, controlling the influence of 
the previous velocity, /�  and /1  are acceleration coefficients 
that determine the relative importance of personal best and 
global best solutions, and M�  and M1  are random numbers 
uniformly distributed in the range [0,1]. 

One of the key advantages of PSO is its simplicity in 
coding and its low computational cost [24]. Given its 
effectiveness in finding global optima, the PSO algorithm was 
utilized to train the MLP in this study. 

E. Model Development 

This study employed a hybrid modeling approach that 
integrates PSO with an ANN to predict the critical flashover 
voltage of insulators. The PSO algorithm was used to optimize 
the weights and biases of the neural network, thus improving 
its performance in terms of both the training speed and the 
prediction accuracy. Figure 2 presents the workflow of the 
proposed ANN-PSO prediction model. As outlined in Figure 2, 
the development phase of the PSO-based ANN prediction 
model involves the following procedure: 

1. All inputs are normalized to [−1, 1]  to have standard 

minimum and maximum values for every data input. 

2. The ANN prediction model involves training with datasets 

to determine optimal parameters that accurately predict 

flashover voltage [9]. To ensure model optimization, the 

neural network must be trained using mathematically 

processed input data, enabling it to effectively capture 

underlying relationships and enhance predictive accuracy. 

3. Prepare the data to train and validate the best parameters 

for the ANN-PSO model. 

4. Initialize the following parameters: PSO weights 

coefficient (/� and /1); the number of particles (W); the size 

of the swarm (�); the number of hidden layers; NN weights 

and biases. ANN-PSO parameters should be previously 

selected to obtain the results. 

5. The model is trained and tested based on [OP*L  and \OP*L  in 

the entire swarm. 

6. Particles' speed and location are upgraded based on the 

best fitness values. Fitness evaluation is based on MSE 
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]^H = 6�
_8 ∑  K |XK − aK|1   (9) 

where X denotes the target value, a is the produced output, 

and b is the total number of outputs in the network's 

output layer. 

7. The search process to find the best position of [OP*L  and 

\OP*L  proceeds until the end condition is satisfied. Training 

stops when it achieves the best accepted value. 

8. The results of the ANN-PSO model are compared with real 

data. The ANN-PSO development was investigated based 

on trial and error. The robustness of the ANN-PSO model 

was determined based on the accuracy of prediction values 

that provide the least percentage error and Root Mean 

Square Error (RMSE) values. 

 

 

Fig. 2.  ANN-PSO flow diagram. 

The ANN was structured as a three-layer feedforward 
architecture comprising an input layer, a single hidden layer, 

and an output layer. The hidden layer consisted of 10 neurons, 
a choice justified by empirical testing and careful performance 
evaluation. Specifically, configurations with fewer neurons 
(ranging from 3 to 7) demonstrated inadequate learning 
capacity, resulting in underfitting, whereas configurations 
exceeding 12 neurons were prone to overfitting and extended 
training durations. Consequently, the 10-neuron configuration 
was found to be optimal, achieving the lowest validation error 
and maintaining robust generalization capabilities across 
multiple experimental trials. The ANN exhibited the best 
overall performance when trained using the Levenberg-
Marquardt learning algorithm, employing a sigmoid tangent 
(Logsig) activation function in the hidden layer and a linear 
(Purelin) activation function in the output layer. 

PSO was integrated into the ANN to enhance prediction 
performance. Careful parameter selection for PSO is essential, 
particularly in determining suitable coefficients within the 
velocity equation and the optimal swarm size. This parameter 
analysis involved defining the maximum iteration count, the 
number of neurons, and the hidden layer configuration in the 
feedforward ANN architecture. Initial weights were randomly 
assigned values within [−1, 1] . The ANN-PSO model was 
implemented and evaluated in MATLAB, aiming to identify 
the most effective swarm size, while parameters /�  and /1 
were consistently maintained at a fixed value of 2. 

Figure 3 illustrates the impact of particle number on the 
convergence behavior of the ANN-PSO by plotting the training 
MSE against the number of iterations for three swarm sizes: 5, 
10, and 20 particles. As observed, the model with 20 particles 
consistently outperformed the others in terms of both 
convergence speed and final error level, demonstrating a steep 
decline in MSE and reaching values below 0.015 after 2000 
iterations. In contrast, models with 5 and 10 particles 
converged more gradually, and their final MSE values 
plateaued at higher levels, around 0.02 and 0.025, respectively. 
These results indicate that increasing the number of particles 
enhances the swarm's ability to explore the search space 
effectively, thus improving the optimization of the ANN 
parameters. However, it is important to note that while larger 
particle numbers may yield improved accuracy, they also 
demand greater computational resources. Therefore, an 
appropriate trade-off between accuracy and efficiency must be 
considered when selecting the swarm size. 

 

 

Fig. 3.  Performance of ANN-PSO with different swarm sizes. 
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Maximum iterations and swarm size remained same for 
testing the other ANN-PSO parameters. Table III summarizes 
the combinations of acceleration coefficients used based on 
[23]. 

TABLE IV.  OPTIMUM VALUES OF ACCELERATION 
COEFFICIENTS 

Relationship >c >d MSE 

/�=0.25/1 0.8 3.2 0.0018 

/�=0.5/1 1.3 2.7 0.002 

/�=0.75/1 1.7 2.3 0.0021 

/�=0.25/1 3.2 0.8 0.0017 

/�=0.5/1 2.7 1.3 0.0018 

/�=0.75/1 2.3 1.7 0.0019 

/�=/1 2.5 2.5 0.0015 

/�=/1 2 2 0.0021 

/�=/1 1.75 1.75 0.0018 

/�=/1 1.5 1.5 0.0021 

/�=/1 1.25 1.25 0.0021 

/�=/1 1 1 0.0025 

 

Table III shows that the configuration where /�  and /1 
equal 2.5 yields the lowest MSE value. Most MSE results for 
the testing data across different coefficient combinations were 
closely aligned. This suggests that the relationship between /� 
and /1 is relatively well-defined and consistent in its impact on 
model performance. The parameters that give better prediction 
are the following: inertia weight ranges from 0.5 to 0.9, swarm 
size of 1000, cognitive component /� = 2.5 , 100 iterations, 
social component /1 = 2. 5. 

III. PERFORMANCE EVALUATION METRICS 

This study selected various performance metrics to evaluate 
the proposed models and identify the most accurate for 
predicting the flashover output voltage. These metrics included 
the coefficient of determination (R²), RMSE, and MAPE. The 
following formulas were applied to calculate these indices [9]: 

�1 = 1 −
∑  e

fgh  6i
tes ,f�i

pre, f8j

∑  efgh  6i
tess ,f�i

tes ,fkkkkkkkk8j   (10) 

]�NH = 100%. ∑  efgh  mi
tes ,f�inop,fm/i

tes ,f
�   (11) 

�]^H = q∑  efgh  6i
tes ,f�inop,f8

� r
�/1

  

 (12) 

IV.  RESULTS AND DISCUSSION 

Several cases were considered to evaluate the performance 
of the proposed model. For this study, Case 2 was selected to 
provide a detailed analysis and allow for further comparisons 
with the results of other studies. Figures 4 and 5 present the 
simulation results for the predicted flashover voltage of 
polluted insulators, assessed using both training and testing 
datasets. In Figure 4, the training results of the ANN-PSO 
model are compared with the values obtained from the 
mathematical model. This comparison, conducted using a 
specific subset of data from the training pattern series, 
highlights the accuracy and reliability of the ANN-PSO model 

in capturing the expected behavior. Furthermore, the results 
clearly demonstrate that the ANN-PSO model achieved optimal 
performance in the training dataset. 

 

 

Fig. 4.  Training performance of the ANN-PSO model. 

 

Fig. 5.  Testing performance of the ANN-PSO model. 

Figure 5 shows a comparison between the predicted data 
and test data, evaluating the predictive performance of the 
ANN-PSO model. This analysis demonstrates the model's 
ability to accurately estimate the critical flashover voltage for 
four distinct types of insulators. The results highlight the 
robustness and versatility of the ANN-PSO model in adapting 
to various insulator types and accurately generalizing its 
predictions to unseen test data. This capability underscores the 
model's potential for practical applications in predicting 
flashover voltage under varying conditions, contributing to the 
development of reliable and efficient solutions for polluted 
insulators. An effective approach to assess the accuracy of 
ANN-PSO is to analyze the correlation between the actual 
critical flashover voltage ��  and the values predicted by the 
model. A correlation value closer to 1 signifies a higher level of 
model performance and precision. Figures 6 and 7 display the 
correlation between the estimated versus actual values of �� for 
the four insulator types for the training and testing data. The 
data points almost perfectly align with the line of best-fit, 
demonstrating the model's strong ability to accurately predict 
the duty ratio for the test dataset. Specifically, the correlation 
for the training data reached 0.9998, while for testing data it 
was 0.9997, showcasing the model's high accuracy in both 
scenarios. 



Engineering, Technology & Applied Science Research Vol. 15, No. 4, 2025, 25710-25718 25716  
 

www.etasr.com Taibaoui et al.: Enhanced Prediction of Insulator Flashover Voltage Using Artificial Neural Networks … 

 

 
Fig. 6.  Correlation between predicted and actual critical flashover voltage 

values for training data. 

 
Fig. 7.  Correlation between predicted and actual critical flashover voltage 

values for testing data. 

Figure 8 provides a comparative analysis of the proposed 
model's results against experimental data from [17-18] and 
those of the LSSVM-PSO and LSSVM-ACO algorithms [20, 
25]. The analysis highlights that the simulated results of the 
proposed model not only align closely with the experimental 
data but also demonstrate superior agreement compared to the 
other algorithms, underscoring its enhanced accuracy and 
reliability.  

 

 

Fig. 8.  Comparison of results with other models. 

Given the difficulty in visually representing the accuracy 
and precision of the proposed model compared to previous 
approaches, statistical metrics such as RMSE, MAPE, and R² 
were used for evaluation. The validation results, summarized in 

Table V, clearly show that the proposed model achieved the 
highest regression accuracy. Additionally, in multiple cases, 
ANN-PSO outperformed other models by achieving the lowest 
RMSE and MAPE values and the highest R² values for the test 
dataset, highlighting its superior predictive performance. 

TABLE V.  COMPARISON OF ANN-PSO AGAINST OTHER 
MODELLING APPROACHES 

Case Models 
Testing  

RMSE R2 MAPE 

1 

ANN-PSO 0.0154 0.994 0.0114 

ANN [9] - - - 

ANFIS [26] - - - 

LSSVM -PSO [20] - - - 

LSSVM-GWO [14] 0.0191  0.9921 0.0129 

2 

ANN-PSO 0.003511 0.997 0.842 

ANN [9] 0.4929 0.97 3.74 

ANFIS [26] 0.4766 0.9888 3.5185 

LSSVM -PSO [20] 0.0149 0.9934 1.0146 

LSSVM-GWO [14] 0.0132 0.9948 0.8891 

3 

ANN-PSO 0.0105 0.998 0.795 

ANN [9] - - - 

ANFIS [26] 0.4766 0.9888 3.5185 

LSSVM -PSO [20] 0.0126 0.9972 0.8532 

LSSVM-GWO [14] 0.0125 0.9972 0.8298 

4 

ANN-PSO 0.0061 0.9994 0.3945 

ANN [9] - - - 

ANFIS [26] 0.0472 0.9987 0.4610 

LSSVM -PSO [20] 0.0089 0.9984 0.5758 

LSSVM-GWO [14] 0.0064 0.9992 0.4196 

5 

ANN-PSO 0.0034 0.9999 0.2254 

ANN [9] - - - 

ANFIS [26] 0.0417 0.9991 0.4072 

LSSVM -PSO [20] 0.0088 0.9990 0.5174 

LSSVM-GWO [14] 0.0037 0.9998 0.2458 

 
The ANN-PSO model demonstrates superior predictive 

capability for flashover voltage compared to traditional ANN, 
ANFIS, LS-SVM-PSO, and LS-SVM-GWO models, largely 
due to its ability to efficiently optimize model parameters. 
Unlike conventional ANN, which relies on gradient-based 
optimization techniques that are prone to becoming trapped in 
local minima, the PSO algorithm utilizes a population-based 
search mechanism. This approach systematically explores the 
solution space using the collaborative behavior and 
information-sharing principles of particle swarms. As a result, 
PSO ensures the determination of near-optimal weights and 
biases for the ANN, significantly enhancing the model's 
accuracy, convergence speed, and generalization capabilities. 
In contrast, while LS-SVM has demonstrated commendable 
performance in certain predictive applications, its dependence 
on hyperparameter tuning methods, such as trial-and-error or 
grid search, poses limitations. These techniques are not only 
computationally intensive but also less adaptive, especially in 
complex dynamic scenarios. By integrating the adaptive and 
dynamic search mechanism of PSO, the ANN-PSO model 
circumvents these inefficiencies, ensuring a more robust 
optimization process that aligns with the multifactorial nature 
of flashover voltage prediction. 

Furthermore, the ANN-PSO model excels in capturing 
complex nonlinear relationships and handling high-dimensional 
input data with greater precision. This is particularly crucial for 
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the prediction of flashover voltage, where multiple interrelated 
parameters, such as insulator spacing, leakage length, diameter, 
and environmental conditions, must be accurately modeled. 
The superior ability of ANN-PSO to adapt to these intricate 
interactions translates into improved predictive performance. 

V. CONCLUSION 

This study developed an ANN optimized using PSO to 
accurately predict the flashover voltage of polluted insulators. 
The ANN-PSO model effectively overcame the limitations of 
traditional methods by providing more reliable and precise 
predictions across different pollution levels and insulator types. 
Performance evaluations revealed that the ANN-PSO model 
surpassed conventional approaches, including standalone ANN, 
LS-SVM-PSO, and LS-SVM-GWO, in key accuracy metrics 
such as RMSE, MAPE, and R². A comparison of the model's 
predictions with experimental data and the results from other 
algorithms demonstrated its robustness and reliability, further 
validating its effectiveness. The results emphasize the 
significant potential of the ANN-PSO model for practical 
applications in power transmission systems, enabling better 
monitoring and prediction of insulator flashover under polluted 
conditions. This enhanced predictive capability provides a 
valuable tool for power utilities to improve system reliability, 
reduce maintenance costs, and mitigate the risk of flashover 
incidents. The proposed model is well-suited for integration 
into real-world deployment frameworks, such as SCADA-
based monitoring systems, smart grid platforms, and predictive 
maintenance tools. Its ability to deliver real-time prediction can 
assist grid operators in making informed decisions to prevent 
insulation failure and ensure uninterrupted power delivery. 

To construct a more comprehensive and adaptive predictive 
framework, future research could enhance this study by 
integrating additional environmental and climatic variables, 
such as temperature, humidity, wind speed, and varying levels 
of pollution. Incorporating real-time monitoring data from 
power systems would further enhance the precision and 
applicability of the model in dynamic operational settings. 
Moreover, exploring hybrid optimization techniques or 
ensemble learning approaches could enhance the model's 
performance, improving its predictive accuracy and robustness 
under complex scenarios. 
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