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Abstract—Power transmission lines use high-voltage
insulators for both electrical insulation and mechanical support.
In normal operating conditions, insulators are often exposed to
outdoor contamination and stress from different weather
conditions. These factors can lead to insulation malfunctions
and power losses. Consequently, electricity grid operating
companies must conduct regular check-ups and evaluations to
minimize possible power outages. This paper introduces a new
method that uses deep convolutional neural networks (CNNs)
for high-voltage insulator surface image classification. Given the
effective use of CNNs in computer vision, numerous pre-trained
models are available for various classification tasks. Typically,
researchers fine-tune these models on a specific dataset, and a
single model is selected and used for the final prediction. In
contrast with this “winner-take-all” approach, in this study, an
ensemble of pre-trained CNNs is proposed to classify the type of
pollution accumulated on the insulator surface. This focus is
warranted because each pre-trained convolutional base
operates as a feature extractor, and thus a combination of them
as proposed in this study functions as a composite feature
extractor. Our numerical results clearly show the superiority of
the proposed ensemble technique over the common “winner-
take-all” approach for classifying insulator surface
contamination.
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insulator surface contamination

I. INTRODUCTION

Transmission lines are essential for transmitting and
distributing electricity to residential and industrial buildings.
Most of the power-distributing and transmitting system
components, including high-voltage insulators, were built
many years ago and are now approaching the end of their
expected operational lives. As a result, the existing power
lines could cause deterioration issues, posing a risk to the
overall integrity of the electrical distribution network [1].
Monitoring and analysing the condition of the high-voltage
insulator as one of the main overhead transmission line
components is a demanding task. To prevent future power
outages and guarantee a sufficient electricity supply,
authorities and power utilities should address these issues.

The efficient operation of high-voltage insulators can
ensure a consistent electricity supply to consumers. The
conventional techniques used to analyse the high-voltage
insulator condition include on-foot visual inspection [1] and
helicopter patrolling [2]. These methods are time-consuming
and potentially dangerous, and inspectors cannot always
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physically reach remote locations. Instead of visually
inspecting with the naked eye, applying infrared [3-6] and
ultraviolet cameras [7-8] can enhance on-foot visual
inspection and helicopter patrolling. According to the Planck
rule [3], all objects emit radiation with a wavelength inversely
proportional to their temperature. This radiation is detected
by infrared cameras and converted to a thermal image. A
normal operating high-voltage insulator's thermal image
should be uniform. Consequently, any temperature change
can indicate surface pollution or partial discharge problems
[4-6]. The electrical field around high-voltage insulators may
ionize the air around them and lead to electrical discharge,
which in turn causes ultraviolet light emission. Ultraviolet
cameras can detect this radiation level, which indicates
insulation degradation [7]. However, the infrared and
ultraviolet camera's capabilities are limited by high-voltage
insulator location accessibility, weather conditions, and the
inability to reveal temperature-independent interior problems

[8].

High-voltage insulators are prone to contamination due to
the lack of protection and permanent exposure to adverse
weather conditions. The mixture of dirt, dust, snow, and other
contaminants forms a conducting layer on the insulator
surface, resulting in the leakage of current and presenting a
potential danger of power outages [9]. The issue of high-
voltage insulator surface contamination in overhead
transmission lines has been recognized for several years [10].
Hence, conducting on-time inspections and evaluations of the
high-voltage insulator's condition is crucial to guaranteeing a
safe and reliable power supply. The objective of this research
is to classify high-voltage insulator surface contamination
properly. In this regard, a high-voltage insulator dataset
(HVID) is constructed consisting of insulator surfaces coated
with water, snow, soil, and cement. Fig. 1 shows images of
high-voltage insulators with different surface contaminations.
After that, an ensemble of deep CNNss is proposed to classify
the types of high-voltage insulator surface contamination.
The success of CNN in computer vision has resulted in the
use of numerous pre-trained models for various classification
tasks. Typically, these models are fine-tuned using a dataset
specific to a target task, and then the best model is selected
during the model selection step for further prediction. In this
study, it was suggested to use an ensemble of CNN models
(base models) with our custom HVID. The convolutional
base of these models forms a composite feature extractor,
which can lead to better classification performance.
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Fig. 1. High-voltage insulator surface contamination types: a) polymeric, b) glass, and c¢) ceramic insulators.

The paper is organized as follows: Section II provides an
overview of the existing research results on high-voltage
insulator condition analysis. Section III outlines the details of
the proposed ensemble learning method. Section IV presents
the custom insulator dataset details, training results, and the
robustness test of the final selected model for daytime and
nighttime lighting. Section V concludes and summarizes the
main findings.

II. RELATED WORKS

Traditional high-voltage insulator condition analysis
procedures employ various methods to interpret primary data,
such as images, sounds, or electrical measurements, which
are collected by electricity maintenance specialists. The
methods include visual inspection on foot [11], thermography
[12], ultraviolet [13], ultrasonic [14], electrical tests based on

partial discharge [15], leakage current [16], flashover voltage
[17], and resistance [18].

Traditional methods for analyzing the condition of high-
voltage insulators are time-consuming, expensive, and prone
to human error due to the large amount of data involved and
the requirement for an expert powerline maintenance
professional [19]. To avoid the constraints of traditional
approaches, a hybrid strategy is proposed, analyzing
collected data (images, electrical, etc.) with artificial
intelligence methods [20].

One of the novel approaches used in high-voltage
condition monitoring is the integration of computer vision
techniques with drones, which enables the development of
more comprehensive hybrid methods. In this regard, drones
were used in various condition-monitoring solutions such as
visible-light RGB cameras [21], RELIFO [22], YOLO [23],
and Raspberry Pi [24].
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Many engineering tasks now use advanced approaches,
such as deep learning. These advancements help to overcome
the limitations of conventional techniques. In this regard,
researchers have conducted many studies on the assessment
of high-voltage insulator conditions using various deep-
learning techniques [25-26]. Particularly, CNNs are highly
efficient for image classification tasks because of their
effective feature extraction function [27]. However, a large
training dataset is often required to build an accurate CNN
model in complex classification tasks. That being said,
transfer learning can be used to alleviate this problem by
using pre-trained CNN models trained on substantially large
datasets and fine-tuning them based on smaller datasets
collected for different but related tasks.

The development of an accurate classifier model for
monitoring the condition of high-voltage insulators
represents a significant step forward in minimizing power
losses and ensuring the stability of power supply systems.
Traditional methods [11-18] face challenges such as high
electrical risks, elevated costs, lengthy inspection times, and
limited access to remote locations [19]. Regarding the
advanced techniques, using pre-trained CNN models to
classify images generally follows the common “winner-take-
all” approach. Specifically, these models are fine-tuned using
data collected for a specific purpose, and the best model is
determined and used for making the final predictions. Upon
selecting the final model, all other models and their extracted
features are discarded. This work introduces an innovative
approach to overcoming these limitations by employing
advanced techniques to create a highly efficient classifier
model. Instead of using this standard approach, an ensemble
of pre-trained CNNs is proposed for high-voltage insulator
surface condition classification.

III. METHODOLOGY

The ensemble learning method improves output
prediction by combining multiple individual models, known
as base models [28]. The idea behind the ensemble approach
takes advantage of a diverse and comprehensive feature set,
leading to more accurate output prediction. In this paper, 7
pre-trained CNN models are used as base models:
DenseNet121 [29], EfficientNetB0 [30], InceptionResNetV2
[31], MobileNetV2 [32], ResNet50V2 [33], VGG16 [34], and
Xception [35], as they have a proven history and are widely
used in various classification tasks [29-35]. Instead of

selecting a single base model for predicting a high-voltage
insulator surface contamination type, an ensemble of these
models is proposed to determine the class of output based on
a soft-voting applied to the output of these models. At the
same time, we propose selecting the optimal subset of pre-
trained CNN models for identifying the high-voltage
insulator surface pollution type instead of selecting only one
model as a final classifier. Thus, the proposed approach
involves assessing a total of 127 subsets, covering all possible
combinations of seven pre-trained CNN models. The
ensemble model subset with the highest validation accuracy
is selected as the best classifier model. Fig. 2 demonstrates
the overall procedure.

Several ensemble learning methods have been used by
researchers in the field of high-voltage insulator condition
monitoring [37] (see Table I).

IV. RESULTS AND ANALYSIS

A. Experimental Dataset

In this paper, we have built an HVID with ceramic,
polymer, and glass insulators composed of 3752 images. Data
was collected in indoor and outdoor environments during both
daytime and nighttime periods. To achieve different
contamination surfaces, a pre-contamination technique is used
and simulated different contamination profiles with cement,
soil, snow, and water. The HVID was divided into training
(70%), validation (15%), and test (15%) sets.

Following the split of HVID into subsets, several data
augmentation techniques [36] have been used to expand the
training data subset. For more detailed information about data
augmentation methods and the HVID size, refer to Figs. 3 and
4. The simulations were carried out with GPUs (T4 x2).

B. Experimental Results

Fig. 5 shows the validation accuracy of individually
trained models. The best individually trained model is VGG16
with 92.0% accuracy. The results of ensemble model selection
among 127 model subsets show that the EfficientNetBO-
VGG16  ensemble  model achieved  the  highest
validation accuracy of 94.4%. Thus, the selected ensemble
model outperformed the best separately trained VGG16 model
by about 2.6% on the validation set. The results also show that
20 ensemble models achieved a validation accuracy higher
than VGG16, which was the top-performing base model.

TABLE II. ENSEMBLE LEARNING METHODS USED IN HIGH-VOLTAGE INSULATOR CONDITION ANALYSIS.

Reference Task Technique Performance
3 taminated ite insulat tacked lizati d b:
[37] Contaminate : ‘.:ompos1 e.lnsu ators Stacke ger%era 1za 10-n, random subspace, RMSE: 1.06 x 10-
(condition analysis) bagging, boosting, and more
38 ESDD, humidit; 1t d leak
[38] SDD. humidity, voltage, an carage Random forest and crisscross optimization
current are examples of contaminated . Accuracy: RF: 0.838,
. with XGBoost
insulators.
[39] Contaminated composite insulators The ensemble model uses stacked
-p generalization with SVR and a Gaussian RMSE: 0.002, R?: 0.998
(ultrasonic data)
kernel.
[40] . o The mul‘ti-level .perception-ensemble uses AP: 0.9226, Recall: 0.9369,
Insulators with missing caps SSD, with MobileNet serving as the base ..
Precision: 0.9123
model.
[41] Contaminated, drilled, and broken The ensemble extreme learning machine Mean Accuracy: 0.98; 600% faster
porcelain insulators method was optimized using PSO. than other methods
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The EfficientNetB0-VGG16 ensemble model was
evaluated on the test set and reached 93.3% accuracy. For the
sake of comparison, the VGG16 model achieved 90%
accuracy on the test set. This result shows the effectiveness
of using an ensemble of pre-trained CNN models compared
with individually fine-tuned models.

= VGG16
ResNet50V2

= Xception

= DenseNet121
= InceptionResNetV2 = EfficientNetBO
= MobileNetV2
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Pre-trained CNN models

Fig. 5. Base pre-trained CNN models validation set accuracy.

C. Testing Model Robustness

In real-world implementation, inspectors may need to
monitor insulators at any time during the day. Ensuring
accurate model performance in both (day and night)
conditions is essential for practical applications. The HVID
has both daytime and nighttime images. We divided this
dataset into two subsets, further denoted as D-HVID with the
daytime high-voltage insulator images and N-HVID with the
nighttime high-voltage insulator images. For more detailed
information about HVID divisions and examples, please refer
to Figs. 6 and 7.

The selected final ensemble classifier, EfficientNetBO-
VGG16, was tested on D-HVID and N-HVID separately and
had 95.4% and 83.9% accuracies, respectively (see Table II).
One can note that it performs better with D-HVID than with
N-HVID images.

Next, we conducted a daytime- and nighttime-specific
model selection. In this regard, the D-HVID was first
randomly split into 70% training, 15% validation, and 15%
test sets. Then the same model training steps as for HVID
were repeated. Table II shows that the EfficientNetBO0-
VGG16-DenseNet121 model had the highest validation
accuracy for daytime images. On test data, this model
achieved 88.1% for HVID, 96.8% for D-HVID, and 43.2%
for N-HVID. This suggests that training a D-HVID-specific
model naturally leads to better results on daytime images (see
Table II).

Fig. 6. The D-HVID and N-HVID images for a) daytime and b) nighttime.
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TABLE II. TEST ACCURACY OF THE BEST ENSEMBLE CLASSIFIER WITH THE HIGHEST VALIDATION ACCURACY

The best ensemble classifier with the HVID
highest validation accuracy D-HVID + N-HVID D-HVID N-HVID
A D-HVID + N-HVID EfficientNetB0-VGG16 0.933 0.954 0.839
E D-HVID EfficientNetB0-VGG16-DenseNet121 0.881 0.968 0.432
N-HVID Xception-DenseNet121 0.331 0.232 0.908
TABLE III. TEST ACCURACY OF THE BEST BASE CLASSIFIER WITH THE HIGHEST VALIDATION ACCURACY
The best base classifier with the highest HVID
validation accuracy D-HVID + N-HVID D-HVID N-HVID
A D-HVID + N-HVID VGG 0.900 0.944 0.825
E D-HVID VGG 0.875 0.966 0.383
N-HVID Xception 0.326 0.205 0.878

For N-HVID the same steps were repeated, including data
splitting and model subset selection steps. Here, the
Xception-DenseNet121 model reached the highest validation
accuracy. The selected ensemble model showed 33.1%,
23.2%, and 90.8% test accuracies for HVID, D-HVID, and
N-HVID images, respectively. From these investigations, it
becomes clear that the lighting has a huge impact on both the
model selection as well as classifier performance (see Table
1.

Validation dataset Test dataset

= Training dataset
4423

Number of images

919

827

206

D-HVID images N-HVID images
Fig. 7. The dataset for daytime and nighttime.

The primary focus of this paper is to compare the base
model's accuracy to the ensemble model. Table III
demonstrates that all three ensemble models outperformed
the corresponding base models regardless of lighting
conditions. What emerges from the results reported here is
that an ensemble model performs better than a base model,
regardless of lighting conditions. The results indicate that if
the daytime of deploying the classifier is known beforehand,
training the ensemble classifier with images from a similar
time of day could enhance performance.

V. CONCLUSION

This research aims to provide an accurate high-voltage
insulator surface pollution classifier model. In this paper, an
ensemble of seven pre-trained CNN models is studied:
DenseNet121 [29], EfficientNetBO0 [30], InceptionResNetV2
[31], MobileNetV2 [32], ResNet50V2 [33], VGG16 [34], and
Xception [35]. Because the convolutional base of each model
serves as a valuable feature extractor, an ensemble of these
models is proposed rather than a single model. The results of
ensemble model selection show that a combination of
EfficientNetBO and VGG16 performed better than the best
base model and reached 93.3% test accuracy. Compared to
other ensemble methods used for high-voltage insulator
condition analysis (see Table I), such as Random Forest and
crisscross optimization, which reported an accuracy of 83.8%
for contaminated insulators [38], or ensemble learning
methods achieving RMSE as low as 0.002 [39], the ensemble
of pre-trained CNN models in this study shows competitive
performance. The results show the possibility of using an
ensemble CNN model to accurately classify images of high-
voltage insulator surfaces into different contamination
classes. Also, it was examined how daytime and nighttime
lighting affect classifier performance. This analysis showed
that if the time of deploying the classifier is known in
advance, training the ensemble classifier with images
collected from a similar time of day could improve the
classification performance.
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