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Insulator pollution levels are critical for ensuring the operational stability and safety of
power transmission systems. Traditional methods for detecting pollution are often
invasive, inaccurate, and time-consuming. To address these issues, this study investigates
the application of Artificial Intelligence (Al), specifically Gradient Boosting Machines
(GBM), to classify insulator pollution levels based on Partial Discharge (PD)
characteristics. We utilize a combination of time-domain and frequency-domain features
extracted from PD signals to train a predictive model. The results indicate that the
proposed model achieves a high classification accuracy, averaging between 92% and
95% across various contamination levels. Furthermore, the study analyzes the model's
sensitivity to environmental factors, including humidity and Hydrophobicity Class (HC),
revealing important insights that could influence classification performance. By
employing this Al-driven approach, we aim to significantly enhance the efficiency of
power grid maintenance, ultimately contributing to the long-term stability and reliability
of transmission systems. The findings from this research underscore the potential of Al
in revolutionizing pollution assessment methods and optimizing maintenance practices
in power infrastructure.

I. Introduction

studies have been conducted to introduce methods for
analyzing the level of contamination on insulators. The LC

Pollution is one of the factors affecting the failure of
insulators in the power system. Insulators in power system
equipment lose their insulating properties as they are
exposed to pollution. The accumulation of pollution, along
with the addition of moisture, causes the formation of a
conductive layer on the insulator and causes leakage current
(LC) to flow on its surface. These signals gradually cause the
appearance of small discharges on the surface [1]. These
discharges are not detectable at first and cause the insulator's
ageing, the insulating surface's loss, and premature failure.
Partial discharges (PDs) generally occur on the surface of all
insulators. In polymer insulators, more attention has been
paid to dry band discharges and flashover discharges, and
less attention has been paid to the analysis of PDs.

The performance of insulators is susceptible to the level
of contamination. For this reason, analyzing and examining
the level of contamination can help prevent flashovers. Many

value is an important signal for determining the
contamination level. In [2], it is shown that with increasing
contamination levels, the LC value of the insulator increases,
and the insulation performance is impaired. However, the LC
value may not increase much at low humidity levels. As a
result, the system has difficulty predicting the level of
contamination. As a result, the idea of frequency analysis of
LC was expanded instead of analyzing its value. This
analysis began with the Fast Fourier Transform (FFT) and
was expanded with the Wavelet Transform (WT). Initially, it
was shown that the FFT analysis was also effective in low
humidity [3]. In [4], the odd harmonics of LC were
considered an example of frequency analysis, and a simple
technique without the need for complex calculations was
presented. In [5], frequency analysis was performed in dry
conditions of the insulator with a humidity of 5%, and the

ratio of the fundamental to the fifth and third harmonics was
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investigated. In this case, it was shown that the ratio of the
fundamental to the fifth harmonic is very effective in dry
conditions and to the third harmonic in wet conditions. In
[6], soluble and insoluble contaminations are investigated
using FFT analysis. The main idea was that the voltage
distortion increases proportionally to the contamination level
due to the dry band arc. Therefore, this distortion is
considered as an indicator of the contamination level. In [7],
it is shown that the third and fifth harmonics of the insulation
voltage play a fundamental role in determining the
contamination level. In [8], the' energy value of individual
harmonics is discussed to analyses and investigate the
contamination level of composite insulators.

With the development of frequency analysis studies,
models gradually moved towards using WT analysis. Both
low and high frequencies were investigated over time in
these investigations. In [9], discrete WT on insulators was
started to estimate the contamination level, and in [10],
frequency analysis was extended to index the contamination
level. In [11], the WT was investigated in insulators with salt
fog conditions, and in [12], this topic was expanded to
ceramic insulator. Along with WT, Artificial Intelligence
(AI) has also been significantly developed in estimating
pollution levels in recent studies. Recent advancements in Al
provide opportunities to improve the accuracy and efficiency
of insulator pollution level assessments. For example,
Artificial Neural Networks (ANN) have been used in the
analysis and investigation of insulator pollution conditions
[13, 14], Support Vector Machines (SVM) [15, 16] in the
assessment of pollution levels, and other methods related to
Al to estimate pollution level density [17, 18] and fault
diagnostic in transformers [19] have been significantly
developed.

However, the most important gap in studies of pollution
level determination is the lack of use of physics-based
analyses of the problem. The physics of pollution on the
insulator surface causes PD on the surface [20, 21], and
therefore, this idea can be a starting point for determining the
pollution level. In [22], it is mentioned that the intensity and
power of PD can depend on the pollution level. Also, in [23,
24], it is shown that PD signals have significant changes in
high frequencies with changing weather conditions. PDs,
mainly in insulators, are the initiators of flashover and are
often invisible and can only be calculated from the LC
signal. Therefore, a suitable relationship between the physics
at the contamination level and the initiation of PDs can be
obtained.

This study explores the application of Gradient Boosting
Machines (GBM), a powerful machine learning technique,
to classify insulator pollution levels based on PD
characteristics. These characteristics are extracted from both
the time-domain and frequency-domain features of PD
signals. The primary objective is to develop an Al model
capable of assessing insulator pollution levels in a fast, non-

invasive, and reliably. This AI model aims to bridge the gap
between physics-based analysis and machine learning
approaches by integrating the underlying physical principles
governing PD and pollution effects on insulators. It has been
shown that PDs have features in the range of 5 to 15 kHz that
relate to pollution levels. By leveraging the characteristics of
PD signals, the GBM will classify pollution levels more
accurately, accounting for variations in environmental
conditions, such as humidity and contamination types.
Integrating GBM with physical insights into PD behavior
significantly advances the assessment of insulator pollution
levels. Furthermore, this study will incorporate a
comprehensive dataset that includes various insulator types
and environmental scenarios to ensure robust model training
and validation. The findings are expected to provide a novel
framework for real-time monitoring of insulator health,
enhancing predictive maintenance strategies in power
systems, and ultimately improving their reliability and
performance.

II. Laboratory setup

The experiments were conducted in a cubic climate
chamber measuring 2 meters. The power supply included a
step-up transformer rated at 100 kV and a protective circuit.
A capacitive voltage divider with a voltage ratio 10,000:1
was used to measure the applied voltage. The LC was also
recorded through the voltage across a shunt resistor
connected in series with the insulators. PD signals were
gathered using LC peak detection and filtered to ensure
accurate readings. Figure 1 illustrates the schematic of the
testing circuit and the climate chamber.
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Fig. 1. Schematic view of the test setup.
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All tests utilized 20 kV composite insulators from the
same silicone rubber (SiR) material. The two types of
pollution evaluated were equivalent salt deposit density
(ESDD) and non-soluble deposit density (NSDD). The
NSDD consisted of standard kaolin material. The ranges for
ESDD and NSDD examined in this study were
approximately 0 mg/cm? to 0.5 mg/cm? and from 0 mm to 5
mm in thickness, respectively, covering all levels of
pollution classified as low, medium, high, and very high
according to IEC 60815. The samples were contaminated by
immersing them in a pre-prepared solution of distilled water
mixed with kaolin to simulate NSDD. An average pollution
ratio from top to bottom was calculated to be 0.96, indicating
a relatively uniform distribution of the pollution layer. The
specifications for the test insulator construction are detailed
in Table 1 [25].

The input voltage was incrementally increased at a 1
kV/min rate throughout the testing phase, following IEC
60243-1, until dry-band arcing was noted. This protocol is
used to achieve the PD signals because the PD signal
typically appears before dry band arcing. During the
experimentation, contaminants were sprayed into the
chamber, maintaining a constant equivalent salt deposit
density (ESDD) using a solution made of distilled water and
sodium chloride (NaCl). During the test, PD activities were
continuously monitored, and the signals were recorded to
assess the insulation performance and detect any insulation
degradation.

II1. Methodology

A. PD Characteristics

The results in Figure 2 represent the four contamination
levels according to the conditions described in section 2. The
results are obtained based on low humidity and medium-
class hydrophobicity. As Figure 2(b) shows, with increasing
contamination levels, insulator LC, including peak signals,
appears on the surface. Despite the difficulty of detecting
PD, considering the changes in insulator LC with increasing
contamination level in the insulator, signs of PD detection
can be found. These changes can be a starting point for PD
analysis and evaluating the insulator contamination level.

For a more detailed analysis, Figure 3a shows the
relationship between the LC signal and its frequency
analysis. The results of the Fourier transform analysis show
that the frequency amplitude of the PD signal increases with
the increase in the contamination level. However, a
significant difference is observed in the 5 to 15 kHz range in
figure 3b. With increasing contamination levels, the
amplitude of the Fourier tidal signal in this range increases.
This point is very valuable because it can be a relationship to
evaluate the insulator contamination level based on the
changes in the PD signal on the insulator surface. Further,
based on the analysis of the frequency-time behavior in the

stated range, features can be obtained to correctly assess the
pollution level.
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Fig. 2. (a) LC signals and (b) PD appearing, based on the four
contamination levels.



International Journal of Industrial Electronics, Control and Optimization (IECO). 2026, 9(1) 40

Frequency Analysis for Low Level

0 0.5 1 15 2

4 Frequency Analysis for Medium Level x10*
2 }
0
g 0 0.5 1 1.5 2
g 4 Frequency Analysis for High Level x10*
= ‘
g2 }
0
1] 0.5 1 1.5 2
4 Frequency Analysis for Very High Level x10*
2 }
0
0 0.5 1 1.5 2
Frequency (Hz) x10%
(a)
008 Frequency Analysis for Low Level
0.06
0.04
0.02
0

5000 10000 15000
Frequency Analysis for Medium Level

5000 10000 15000
Frequency Analysis for High Level

T i i

5000 10000 15000

Frequency Analysis for Very High Level

SDIOU 1 0600 15000
Frequency (Hz)
(b)
Fig. 3. a) Frequency analysis of LC signal. b) Amplitude of
frequency analysis in 5000 to 15000 Hz

B. Feature Extractions

The current study employed Wavelet Packet Transform
(WPT) for feature extraction, which serves as a broader
representation of the wavelet transform. In each iteration,
WPT executes a new decomposition based on coefficients
obtained from its prior iterations. This implies that the final
number of coefficients is contingent upon the number of
decompositions conducted [26]. When applying a wavelet
decomposition at the wavelet packet node level (WP), the
segmentation of approximation coefficients results in a tree
structure composed of two vectors: one representing the
approximation coefficient vector and the other designated as

the detailed vector. Information lost during the
approximation process is encapsulated in the previously
mentioned coefficients, forming a new vector. In this
context, successive details are not reanalyzed [27].

The WP function can be expressed as:

W(8) = 22(2t — k) (1)
where jis a scaling parameter, & denotes the translation
operator, and n represents the oscillation parameter. The
initial two WP functions for n=0, 1 are defined as follows:

Wo?o(t) =@(t) ()

Weo(t) = (1) 3)

The first function in Equation (2) is the scale function,
while the second is the wavelet function [28]. Subsequent
functions forn = 2, 3,...,N can be specified using these

relationships:
WE© = [2) 800w 2t -1 @
k
WE© = [2) §0ow2e— i )
k

where 6 (k) refers to a low-pass filter and ¢ (k) denotes a
high-pass filter, both associated with a predefined scaling
function and the mother wavelet function. The
coefficients Q' (t) can be derived by considering the product

of the functions x(t) and W}, (¢):

) = j x(6) WP (D)dt ©

Each coefficient WP corresponds to a specific frequency
level. While the wavelet transform focuses on low-frequency
components, WPT encompasses all elements. This results in
low and high-frequency components, known as low and high
approximations. In applying WPT, factors such as entropy,
energy, and variation must be accounted for during the WP
calculation process. Energy serves to characterize distinct
classes and, in the proposed methodology, encapsulates
failure indicators related to the condition of the insulator.
Fluctuations in energy correspond to specific failure types
similar to those outlined in [29]. The signal undergoes
decomposition into j levels, which establishes orthogonal
subspaces from where frequency components can be
calculated using the following:

2
B = ) 070 ™
k

For energy normalization within each frequency band, the
distribution percentage for the energy component is
expressed as:

E®
et =—J1

n=1"J
The relative energy of the vector illustrates temporal
development considering low and high-frequency
subspaces. Changes in this distribution pattern reflect energy
flow and can reveal identifiable patterns. A binary optimal
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value can be determined by the previously discussed tree
structure formed by the segmentation of approximation
coefficients. This creates new subdivisions (sub-trees) based
on the entropy criterion. Depending on the application, these
resulting sub-trees may be significantly smaller than the
original. This method seeks to identify a minimum criterion
to facilitate an efficient algorithm [28].

Figure 4 shows the energy results at four pollution levels
at j=3, 4, 5, and 6 based on the presented wavelet model.
According to the stated points, these four levels correspond
to the energy received from the signal in the frequency range
of 5 to 15 kHz. This interval is the same interval that was
determined in the frequency analysis and can be effective in
evaluating different pollution levels. However, considering
the closeness of the results, a more appropriate model can be
proposed. Entropy analysis is used considering the PD
signal's random nature.

Considering the variability of PD based on the pollution
level, the frequency-time analysis can be performed in the 5
to 15 kHz range. This analysis can be performed based on
the wavelet transform model. According to [29], the wavelet
packet is divided into low and high-frequency bands. In
order to achieve a frequency of 5 to 15 kHz, the signal
decomposition should be at levels 3, 4, 5, and 6, Considering
that the LC signal acts sinusoidal, the mother function can be
used based on the three-layer decomposition. In this
situation, the uncertainty framework is adopted for
probabilistic treatment and is defined as a logarithmic
function H(py, ..., Pn), given by:

n

H(py, .., pn) = —Zmlogm Q)
i=1

where p;denotes the probability of occurrence in an event i,
the entropy reflects the probabilistic uncertainty in a
probability distribution [30]. Figure 5 shows the entropy
results based on the change in the pollution level. The results
of the figure clearly show the change in the entropy level
based on the change in the pollution level. This indicates the
appropriate performance of the model in the analysis of PD
based on the pollution level.
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Fig. 4. Energy results at four pollution levels
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Fig. 5. Entropy results based on the change in the pollution level.

C. Gradient Boosting Machine Model

GBM is an advanced ensemble learning method that
constructs a series of weak learners, typically decision trees,
to create a strong predictive model. Rather than building a
single complex model, GBM works by sequentially training
multiple models, where each new model focuses on
correcting the errors made by the previous ones. In each
iteration, the model adjusts the weights assigned to the
training samples; misclassified samples gain higher weights,
while correctly classified samples are given lower weights.
This iterative adjustment continues until a specified number
of models have been trained or until the model's error
minimizes to an acceptable level [31].

For this study, XGBoost, which stands for Extreme
Gradient Boosting, is implemented. XGBoost is a highly
optimized and efficient version of the traditional GBM,
recognized for its exceptional speed and accuracy in making
predictions. It includes numerous enhancements, such as
parallel processing, tree pruning, and regularization
techniques, contributing to its superior performance over
standard GBM implementations. The model was trained
using the extracted features derived from PD signals, where
each feature vector encompasses specific signal
characteristics, allowing the model to learn patterns
indicative of varying pollution levels.

To ensure the best results, hyperparameters for XGBoost
were meticulously tuned, focusing on critical parameters
such as the learning rate, which controls the step size at each
iteration; maximum depth, which dictates the complexity of
the trees; and the number of estimators, which determines
how many trees to build. This tuning process was conducted
using cross-validation techniques, allowing us to evaluate
the model’s performance on unseen data and mitigate the risk
of overfitting. By optimizing these hyperparameters, it is
aimed to achieve a balance between model complexity and
generalization, ultimately enhancing the model’s predictive
capability for assessing pollution levels in composite
insulators through PD signal analysis. The neural network
model employed in this study is a feedforward neural
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network with five hidden layers containing 1000 neurons.
The hidden layer uses ReLU activation, and the output layer
employs a softmax activation for classification. The network
was trained using a learning rate of 0.001 and the Adam
optimiser, with early stopping to prevent overfitting. In
comparison, the XGBoost model was implemented with
hyperparameters optimised through grid search and cross-
validation. The selected hyperparameters are: 100
estimators, maximum tree depth of 6, learning rate of 0.05,
subsample ratio of 0.8, column sample by tree of 0.8, gamma
0f 0.1, and minimum child weight of 4. In gradient boosting,
the key idea is to minimize the loss function L(y,F(x)) using
weak learners, each represented by a function F(x). The
updated model at iteration m can be expressed as: [31].
Fp(x) = Fpo1 (X)) + vhy (x) (10)

where F,,(x) is the prediction from the model at the my
iteration. F,,_;(x)is the prediction from the previous
iteration. v is the learning rate, and h,,(x)is the new a
decision tree. The objective of gradient boosting is to
minimize the loss function, which could be the mean squared
error for regression tasks or log loss for binary classification
tasks. For a regression problem, the loss function can be
defined as:[31]

N
1
Lo =5 0= 9 (in
i=1

which y; is the actual target value. J; is the predicted value
from the model.

The final prediction of the XGBoost model can be
calculated as:

M

§=F@) = ) hn(®) (12)

m=1

where M is the total number of trees. In the context of
decision trees (which are the weak learners in GBM and
XGBoost), entropy is used to measure the impurity of a node
in the tree. The idea is to split the data based on features such
that the entropy is minimized, leading to more homogeneous
subsets. In XGBoost, while the primary objective function
often utilizes squared loss for regression or log loss for
classification, it can be uses entropy for classification tasks.
The loss function can be expressed in terms of log loss and
simulated using cross-entropy. For classification, the cross-
entropy loss L(y, ) can be defined as:

L(y,9) = —[ylog(®) + (1 = y)log (1 = 9)] (13)
y is the true label (0 or 1) and y is the predicted probability.
When combining the proposed model with the previous
concepts, calculating gradients for XGBoost will involve the
derivatives of the cross-entropy loss, effectively using
entropy principles. The flowchart in Figure 6 is a
representation of the proposed model.

Given the utilized XGBoost, it has leveraged the inherent
feature importance scores provided by the algorithm.
XGBoost computes feature importance based on how
frequently a feature contributes to reducing the loss function

across all trees (Tree-based Feature Importance). It selects
features with high-importance scores as candidates for the
optimal input set. Cross-validation techniques have been
utilized to ensure the robustness of the feature selection.
Training the model on different subsets of the data and
validating it on complementary subsets has verified that the
selected features consistently provided good predictive
performance.

IV. Results and Discussion

In order to analyze the presented model, according to the
flowchart of Figure 6, 400 test data samples from various
contamination levels have been examined. One hundred data
samples were examined at each contamination level. While
The training dataset is derived from multiple tests, covering
pollution levels ranging from 0 mg/cm? to 0.5 mg/cm? for
ESDD and from 0 mm to 5 mm in thickness for NSDD,
simulating low, medium, high, and very high pollution states
as classified by IEC 60815. The signal data collected
included Partial Discharge (PD) characteristics, which are
processed to extract features. The testing dataset comprised
additional measurements taken under the same experimental
conditions but utilized different insulator samples to ensure
the generalizability of the proposed model. Testing was
conducted after training to evaluate the model’s performance
accurately. The training and testing data are 70% and 30% of
all data, respectively.
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Fig. 6. Flowchart of the presented method
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Figure 7 shows the trend of the loss function in the
proposed method. The heat map matrix has been drawn as
shown in Figure 8. The results of the figure show that the
results match 93%, 95%, 92%, and 94% on average for low,
medium, high, and very high contamination levels,
respectively. The slight deviations from 95% accuracy can
be attributed to inherent variability within the test data
samples. Each contamination level may exhibit variations in
characteristics that are less pronounced, making it
challenging for the model to achieve uniform accuracy
across all levels. The nature of insulator pollution can result
in complex interactions that affect the partial discharge
characteristics, which in turn impact the model's
classification  capabilities. These complexities are
particularly evident at higher contamination levels where
nuanced differences in the PD signals may influence the
model's predictions. The model is trained to generalize
across various contamination scenarios. While it performed
well (as indicated by the accuracies), the less-than-perfect
scores suggest room for improvement. This is typical in real-
world scenarios where a model may not fully capture all the
variations in the data. In order to comprehensively analysis
the model, the precision ratio (Pr) has been examined as a
suitable data evaluation model. The accuracy ratio is
between the number of samples evaluated at each
contamination level and the total number of data. Also, the
ratios in Figure 8 are considered the recall rate (Rr). In order
to obtain accurate information, the F-score index has been
used. The formula of this index is as follows:

o]

r X RT
+R, 14)

F —Score =2 X

o
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Fig. 7. The trend of the loss function in the proposed method in
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Fig. 8. The heat map matrix of the proposed method’s results

A. Sensitivity analysis of pollution level

Table II presents the classification results of the predictive
model used to assess pollution levels, revealing a strong
overall performance characterized by high accuracy rates
ranging from 92% to 95% across different pollution
classifications (I to IV). The model demonstrates particularly
robust performance for Pollution Level IT with an accuracy
0f 95%. In comparison, high-level pollution (Pollution Level
III) shows a slightly lower accuracy of 92%, indicating
potential challenges in distinguishing this category. The
average accuracy across all levels remains high, with values
of 96%, 90%, 95%, and 93%, respectively, demonstrating
the model’s reliability. Furthermore, the F-scores, which
range from 0.924 to 0.945 for the different pollution levels,
emphasize a well-balanced approach in achieving both
precision and recall rates, indicating that the model
effectively minimizes false positives. Despite these
commendable results, the assessment matrix reveals areas
for improvement, particularly for high and very high-level
(IIT and IV), where misclassifications occurred. Addressing
these inaccuracies through model refinement and additional
training data could enhance the model’s effectiveness,
ultimately leading to better classification of pollution levels
and contributing to more informed environmental
management strategies.

TABLE I ASSESSMENT RESULTS OF POLLUTION

CLASS
Pollution Assessment Levels Total Rr
Level | 11 1 v

Actual I 93 4 1 2 100 93%
11 1 95 1 3 100 95%
I 3 3 92 2 100 92%
v 0 3 3 94 100 94%

Total 97 105 97 101 - -

Pr 96% 90% 95% 93% - -

F-Score 0945 0924 0935 0.936 - -
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B. Sensitivity analysis of humidity

In order to verify the results, a humidity analysis was
performed on the test insulator, revealing noteworthy
insights into the model's sensitivity to varying humidity
levels. As shown in Table III, the F-scores for pollution
levels I to IV demonstrate a general trend of decreasing
performance with increasing humidity; however, all F-score
values remain above 90%, indicating robust model
reliability. Specifically, for Pollution Level I, F-scores
decreased from 94.5% at 60% humidity to 90.8% at 90%
humidity, suggesting that higher humidity may complicate
the classification of low pollution levels due to increased
electrical discharges. Conversely, Pollution Level III
exhibited a peak F-score of 95.3% at 70% humidity before
declining at higher levels, indicating the model's adeptness
at classifying moderate pollution under optimal conditions.
The important point is the uniform trend in pollution levels
IIT and IV in all humidity levels, which shows the model's
reliability in high and very high pollution levels in different
humidity. Despite the increased misclassifications at higher
humidity, the model's ability to maintain strong performance
metrics underscores its resilience.

C. Sensitivity analysis of HC level

In order to evaluate the model's performance concerning
the age of the insulators, an HC analysis is conducted, as
detailed in Table IV. The results demonstrate that the
proposed model effectively detects older insulators,
evidenced by consistently high F-scores across all pollution
levels. Specifically, for Pollution Level I, the F-scores range
from 90.1% for HC level 1 to 96.4% for HC levels 4 and 6,
indicating that older insulators are more susceptible to partial
discharges and, therefore, can be detected more readily by
the model. In contrast, new insulators exhibit reduced F-
scores, with the highest value at 95.7% for Pollution Level 1T
at HC level 6, indicating their lower susceptibility to partial
discharges and flashover events. While newer insulators tend
to produce fewer misclassifications, which leads to lower F-
scores, the model remains remarkably reliable when
assessing older insulators. These findings underscore the
model's potential for practical applications across varying
contamination levels, conditions, and insulator ages.

TABLE III ASSESSMENT RESULTS OF HUMIDITY

SENSITIVITY ANALYSIS
F-Score % Humidity

60%  70%  80% 90%

Pollution I 945 935 912 90.8

Level Im 924 927 911 90.2

mr 935 953 942 93.1

IV 936 951 93.8 92.3

TABLE IV ASSESSMENT RESULTS OF HC

SENSITIVITY ANALYSIS
F-Score % HC
1 3 4 6
Pollution 1 90.1 94.5 96.4 96.4
Level 1I 88.3 92.4 95.4 95.7

o 892 935 943 94.8
Iv. 854 936 932 94.4

D. Validation model

The comparative analysis of the proposed model, Support
Vector Machine (SVM) [32], and Neural Network (NN) [33]
reveals the strengths and weaknesses of each approach in
classifying pollution levels based on synthetic data. The
results indicate that the proposed model achieved the highest
accuracy among the evaluated models, with performance
reaching approximately 94.45%. The out-of-bag (OOB)
error estimates provided during training further reinforce the
model's reliability, indicating how well the model is likely to
perform on unseen data.

In contrast, while generally regarded as a robust
classification tool, the SVM model has a lower accuracy of
around 91.13%. In addition, the use of the SVM method also
has limitations. For example, there is complex, multi-
dimensional data without carefully tuning hyperparameters
and kernel functions. The ability of SVM to create decision
boundaries is highly reliant on selecting these parameters,
which may not always reflect the optimal separation for non-
linear datasets. The Neural Network model, trained with a
feedforward architecture containing ten hidden neurons,
displayed comparable results to the SVM, achieving around
88.73% accuracy. However, its performance illustrates
common challenges associated with neural networks,
including the necessity for proper initialization, training
time, and the risk of overfitting when working with synthetic
data. While neural networks excel in capturing intricate
relationships in larger datasets, their reliance on extensive
tuning and the quality of training data can sometimes impede
their efficiency in more straightforward tasks compared to
ensemble methods.

Model Accuracy Comparison

91.13%
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88.73%
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Fig. 9. The comparative analysis of the proposed model, Support

Vector Machine, and Neural Network
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The overall performance of the proposed model suggests
its suitability for classification tasks in diverse contexts,
including pollution monitoring, where adaptability to
different conditions is vital. The model's resilience against
overfitting and its ability to handle noisy data make it a
powerful option for real-world applications. Given the nature
of pollution data, which can be influenced by various
environmental factors, a model that balances accuracy,
interpretability, and computational efficiency is essential for
effective management. While the Gradient Boosting Model
stands out in this comparison, it is essential to recognize that
no single model is universally superior. The choice of model
ultimately depends on specific application requirements,
computational resources, and the characteristics of the
dataset being analyzed. Future work should explore
enhancements to each model, such as fine-tuning
hyperparameters for the SVM and NN or investigating more
advanced ensemble methods to improve classification
results even further.

The proposed model demonstrates robust performance in
scenarios where multiple insulators operate in parallel, even
in the presence of signal coupling and interactions.
Advanced signal processing techniques have been integrated
to enhance the model's capability for operating in coupled
environments, allowing it to analyze mixed signals and
identify individual partial discharge signatures effectively.
Techniques such as time-frequency analysis aid in discerning
the frequency components of PD signals over time, enabling
the separation of signals from multiple insulators.
Additionally, the model employs feature extraction methods
to analyze key characteristics of PD signals—such as peak
amplitudes, rise times, and energy levels—all of which
support accurate pollution level classification even amidst
coupling interference. Furthermore, using Gradient Boosting
Machines (GBM) enhances the model's proficiency in
managing complex datasets and interactions between input
variables. This strategic design ensures that the proposed
model maintains high classification accuracy and reliability
across diverse operational conditions, effectively addressing
the challenges of parallel insulator networks.

V. Conclusions

This study introduces a novel Al-driven approach for
assessing insulator pollution levels using Gradient Boosting
Machine (GBM) and Partial Discharge (PD) characteristics,
demonstrating high accuracy across diverse pollution
scenarios. The developed model offers a rapid, non-invasive,
and reliable alternative to traditional inspection methods,
which are often hindered by environmental conditions and
physical contact limitations. Importantly, the computational
efficiency and robustness of the model suggest strong
potential for real-time, online condition monitoring in
operational power systems. Implementing such an Al-based
system could enable continuous health assessment of

insulators, facilitating early detection of pollution-related
issues and enabling proactive maintenance, ultimately
reducing the risk of outages and enhancing system reliability.
In order to prevent flashover in contaminated insulators, the
proposed method, based on the detection of LC and PD
characteristics, is capable of detecting the contamination
level. In this case, the online monitoring system can predict
a fault's occurrence before it occurs. Future advancements,
including dataset expansion under various environmental
conditions and the integration of the model into existing
monitoring infrastructure, are essential steps toward
realizing practical, real-time deployment in field conditions.
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