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Abstract
The accumulation of atmospheric and industrial
pollution of high-voltage insulators is one of the
frequent problems and a pattern of failures in
transmission systems. In this paper, a two-phase
approach based on deep learning is proposed for
the detection of pollution of high-voltage insulators.
The proposed approach automatically detects three
types of pollution (salt, soot and excrement) based
on UAV images. In addition to detection, the
classification of pollution is automatically done into
three levels (low, medium and high pollution). In
the first phase, the You Only Look Once (YOLO)
detector is used for precise detection and isolation of
insulators, where an average accuracy of mAP@0.5
of 93.75% is achieved. The model was trained
on a Merged Public Insulator Dataset (MPID)
database containing over 5000 insulators. The
second phase utilizes the Zenodo dataset, which
contains over 14,000 synthetic insulator images. In
the second phase, the model was trained using the
EfficientNet-B0 convolutional network to classify
the type and level of pollution. In order to solve the
problem of real data, fine-tuning was done for all 10
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classes. The results show that the accuracy is 88%
on a partial classification of 10 levels of pollution.
Whenusing 4 levels of pollution, themodel achieves
an accuracy of 91%. Additional automation was
achieved with priority metrics, which by analyzing
100 images showed 24% of critical cases. The
system determines the cleaning priority based
on the pollution intensity, ensuring that critical
cases are addressed first. A comparative analysis
was performed when the model was trained with
MobileNetV2, ResNet16 andVGG.The results show
that the proposed model with the highest recall
minimizes the risk of missed critical insulators. For
example, in real-world applications, MobileNetV2
has a larger difference, which means too many false
positives, while ResNet18 has a smaller difference,
which means more false negatives which is a
security risk.

Keywords: insulator detection, insulator pollution, deep
learning, neural networks, multi-phase approach.

1 Introduction
Today, power systems are a key infrastructure for
reliable transmission of electricity. The importance of
these systems is reflected in the efforts of researchers
to solve problems in such systems. One of the very
common patterns on high-voltage lines is flashover
on insulators caused by excessive accumulation of
pollution [1].
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The standard approach to inspecting lines and
insulators requires monitoring from the ground, i.e.,
patrolling or using helicopters, which is very expensive
and demanding. Advances in technology have made
it faster and easier to inspect energy systems, but also
more efficient by inspecting unmanned aerial vehicles
(UAVs) equipped with high-resolution cameras and
artificial intelligence algorithms [2, 3]. This approach
has made it possible to largely automate processes
and find problems, such as inspecting power lines
using a drone [4]. By using UAVs for inspection,
costs are significantly reduced, and on the other
hand, productivity and efficiency are increased. In
the paper [5], a deep learning method for detecting
insulator defects with an accuracy of over 90% is
presented, while in the paper [6] it is shown that
this approach can increase the detection speed with
a reduction in the number of parameters by 46.9%
and a reduction in floating point operations per
second (FLOPs) by 43.0%, while maintaining a frame
per second (FPS) of 63.6. Inspection has been
revolutionized by the use of convolutional neural
networks (CNNs), and in particular real-time object
detectors such as YOLO. The authors in [7] and [8]
successfully demonstrate the application of YOLO
algorithms for the detection of physical damage
and defects on insulators where they are located.
However, such solutions are based on fault detection,
but not on problems such as layers of pollution
that can make causing much more difficult. In the
paper [9], the analysis of power lines is presented,
i.e. a post-processing algorithm is developed in
order to create a metric of vegetation encroachment
in power lines, enabling a quantitative estimation of
the distribution of surrounding vegetation. However,
the problem is also the pollution of the insulators,
as in this paper proposed an approach to solve the
mentioned problem. In [1], a multi-modal data fusion
is shown that uses UAV footage to detect the state of
the pollution. Stains such as salt, dust, water and
snow were analysed, but the intensity of pollution
was not analysed. The authors in [10] developed a
drone robot for autonomous cleaning that is designed
to identify an insulator using a camera and clean it
using a robotic module. With the help of artificial
intelligence, the state of cleanliness of the insulator
is proposed in the paper [11], but the paper only
discusses the type of pollution, not the intensity. Since
there is no base with a real insulator pollution, the
authors in [12] also used a synthetic base to estimate
the purity of the insulator, where they achieved a
0.99% improvement over the original model [13]. Due

to the exposure of the insulator, layers of pollution
such as salt, dust, excrement or some other organic
matter are formed. These layers of pollution form
a conductive surface, especially in the presence of
moisture, which significantly reduces the electrical
strength of the insulator and increases the risk of
flashover [14]. Using these approaches has shown that
costs are reduced by 60-80% compared to traditional
inspection methods and speed up the process by 3 to
5 times with a great reduction in risk [15, 16].
Analyzing the literature, the lack of fine-grained
classification of type and level of pollution is clearly
evident because existing systems are mainly based on
binary classification or on defects. Also, it is necessary
to form an end-to-end approach thatwill determine the
priority of cleaning. Without automatic prioritization,
human operators must manually review thousands
of detections. Validation of existing results is based
on standard metrics such as F1, Accuracy, Precision,
Recall, so it is important to analyze how many images
have at least one detection and whether the system
gives false alarms. This paper proposes an approach
to solve key problems related to insulator pollution
as well as an end-to-end approach for fine-grained
automatic detection, classification and prioritization
of pollution on high-voltage insulators.

2 SystemModel
The proposed approach for automatic detection and
classification of pollution on insulators is based on
a two-phase architecture that sequentially processes
UAV footage. The MPID [17] was used to train the
system, which contains 5,000 images with real-world
andmulti-type images of the insulators taken by UAVs.
The MPID database was used to train the YOLO
model [18]. In addition, a Zenodo [19] database
containing 14,432 images was used to train the
EfficientB0 model for the classification and pollution
level of insulators. Zenodo is a synthetically generated
dataset, created with the help of a tool to simulate
pollution in images of insulators. The Zenodo dataset
contains 3,608 synthetic images per pollution category
(clean, soot, salt and excrement) which is in total
14,432 images. Within each pollution category, the
images are generated for three insulator materials
(glass, porcelain and polymer), with approximately
1,202 images per material [19]. The aim of the Zenodo
database is to enable the initial training of models
under controlled conditions, where the classes and
levels of pollution (clean, low, medium, high) are
clearly marked for different types of pollution such
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Figure 1. Architecture of the proposed approach.

as soot, salt and excrement.

Given that Zenodo is a synthetically generated
database, the problem of real-world images appears,
so for this purpose, fine-tuning of the model with real
images generated by AI was done [20]. There are 30
images for each class.

The proposed approach is implemented as a
processing chain where each stage has a specialized
role and an optimized architecture for that specific
task. In the first phase, the object detector finds all the
insulators in the image and generates their locations
as bounding boxes. In the second phase, the trained
network simultaneously determines the type and
intensity of pollution, which allows the system to
generate a prioritized report. Figure 1 shows the
architecture of the proposed approach.

In the first phase, insulator detection is done, where

the system must find all the insulators in the image
regardless of their size, position or angle of the image.
In real conditions, the images on which the insulators
are located can be small, e.g., 50x50 pixels, or larger
than 300x300 pixels. In addition to resolution, they
can be hidden by other infrastructure, atmospheric
conditions, and the like. Treating object detection
as a single regression problem using convolutional
networks that simultaneously predicts a location
and a given class solves this problem by the YOLO
method [21]. The model generates a set of predictions
that include bounding box positions, insulators, and
the corresponding confidence score. The YOLOmodel
is very fast because it does not treat the image as a
sliding window or region proposals, but sees it all at
once [21]. By treating object detection as a regression
problem, the model directly predicts bounding boxes
and classes for the input image. The YOLO model
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approximates the function in a single propagation:

fdet : I → {(bi, si)}Ni=1 (1)

where bi = (xi, yi, wi, hi) denotes the coordinates of
the i-th insulator; si ∈ [0, 1]— reliability;N —number
of detected insulators.
In the proposed approach, the loss function used
by YOLOv8 is the multi-part loss function, which
combines three components:

Ldet = λboxLCIOU + λobjLObj + λclsLcls (2)

LCIOU measures localization error, LObj measures
the presence of an object, Lcls in this paper has
a trivial value (one class — insulator). Standard
YOLOv8 default values were used in all experiments.
Coefficients λ affect optimization and the weighting
coefficients λbox, λobj, and λcls correspond to
localization, objectness and classification losses,
respectively.
In order to prepare the input image for the phase of the
system where it is classified, a region of interest (ROI)
extraction is performed for each detected insulator:

Ri = I
∣∣
bi

(3)

where bi denotes the bounding box of the i-th detected
insulator andRi ∈ RH×W×3 represents the RGB region
of interest extracted from the input image, which is
resized and normalized to Ri ∈ R224×224×3.
After the localization of the insulator has been carried
out, it is necessary to determine what pollution is
present and to what level. The system needs to
understand the intensity of pollution, because the
priority depends on the intensity. After the initial
detection of objects, the YOLO model automatically
applies NMS (Non-Maximum Suppression) to remove
multiple detections of the same instance of the object.
In the second phase, the type of pollution is classified
using EfficientNet-B0 [22], which approximates:

ftype : Ri → p̂i (4)

where p̂i is the output probability of the distribution
over the pollution class:

p̂i =
[
p
(1)
i , p

(2)
i , . . . , p

(|C|)
i

]
(5)

The prediction is made as:

ĉi = argmax
c∈C

p
(c)
i (6)

The model is trained by minimizing cross-entropy
losses where yk corresponds to the ground truth
notation:

Ltype = −
|C|∑
k=1

yk log(p̂k) (7)

EfficientNet uses an approach where it scales all
the dimensions of the network proportionally, which
reduces the number of parameters, and thus we
have a model with better performance compared to
standard approaches. Each scaled ROI is forwarded to
EfficientNet, which classifies the type and injector into
one of the pollution classes.
The model in phase two is first trained with the
Zenodo dataset and during the training, augmentation
is applied over the images. It is trained by minimizing
the cross-entropy error where yi,c ∈ {0, 1}:

LCE =
N∑
i=1

∑
c∈C

yi,c log p̂i,c (8)

Regardless of the fact that the model is synthetic,
additional fine-tuning has been done with additional
synthetic-real life (generated) 30 images per class
where the convolutional layers freeze (∇Wconv = 0)
and only the classification "head" is trained:

W
(t+1)
fc =W

(t)
fc − η∇L(Wfc) (9)

The symbol ∇ denotes the gradient of the loss
function with respect to the classification headweights.
This achieves the adaptation of the model to the
domain shift without over-adaptation. Thus, for each
detected insulator, a corresponding region (patch) is
extracted from the image, which is then prepared
for classification using a series of transformations
(resize to 224×224 pixels, normalization according to
ImageNet statistics). The sample prepared in this way
is forwarded to the EfficientNet-B0 model, which has
been fine-tuned to classify the four classes: clean, low,
med and high. At the output, a prediction of the class
is obtained, along with the probability, which allows
for an additional assessment of the certainty of the
classification.
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After phase 2, a template (form) is defined based on
the intended class and a report is generated for each
one.

π(ĉi) =


0, clean
1, low
2, med
3, high

(10)

The end system can be described as a composition
of functions where such architecture allows complete
system autonomy, scalability and easy expansion. The
classification levels are defined by visual intensity
parameters. Unlike IEC standards that rely on
conductivity, this RGB-based approach utilizes surface
coverage density and opacity as the primary metrics.
Low intensity represents sparse contamination with
high surface visibility. Medium intensity indicates
a semi-opaque layer with significant coverage and
High intensity corresponds to a dense, opaque layer
shows contamination that completely cover significant
portions of the insulator. These visual definitions allow
the EfficientNet-B0 model to quantify pollution based
on the textural and color features present in the UAV
imagery.
This modular approach has several advantages: if a
better detector is encountered, only phase 1 can be
replaced; Each network is specialized for its task and
the system is easier to debug, test and maintain.
In training, standard measures for performance
evaluation were used, namely accuracy, precision,
recall, F1 and confusion matrix [23]:

Acc = TP + TN

TP + TN + FP + FN
(11)

where:
• TP (True Positive) – accurately classified positive

examples,
• TN (True Negative) – accurately classified

negative examples,
• FP (False Positive) – negative examples classified

as positive,
• FN (False Negative) – positive examples classified

as negative.
Accuracy (Acc) measures the proportion and
proportion of correctly classified examples in relation
to the total number.

Precision, recall, and F1 are counted for each
class. Precision stands for the accuracy of positive
predictions and is calculated as

TP

TP + FP
,

recall measures the model’s ability to recognize all
relevant instances and is defined as

TP

TP + FN
,

and F1-score is the harmonic mean of precision and
recall:

F1 = 2 · Precision · RecallPrecision+ Recall (12)

A confusion matrix is used to show how the examples
of each class are classified as a training appendix:

Mij = |{x : y = i, ŷ = j}| (13)

Mij is the number of instances that belong to class III
but are classified as class J.
In addition to the standard object measures, the
final report consolidates and calculates the following
measures.
Coverage Rate (CR): The ratio of the number of images
containing at least one detection to the total number
of images.

CR =
images with detection
total number of images (14)

Also, detections per image (ADPI)which characterizes
the behavior of the first phase of the proposed system
and calculate how many insulators are detected on
average per UAV image. Mean YOLO confidence
(MYC) represents the average confidence produced
by the detector and provides an overall measure of
reliability of the insulator localization stage. Mean
phase confidence (MCC) corresponds to the average
confidence score generated by the second-phase
pollution classifier, indicating the pollution type and
severity estimation across all detected insulators. High
priority ratio (HPR) supports the practical objective of
the proposed approach by measuring the proportion
of images that contain at least one insulator classified
as highly polluted, enabling automated prioritization
of critical cases for maintenance planning.
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Figure 2. Confusion matrix for phase 1.

3 Results and discussion
Given that the first phase of the proposed system is
in charge of detection and localization of insulators,
the training set from the MPID database contains
5019 images of the insulator, where the training set
is divided by about 80%, while for validation and test
it is divided by 10%. Additional expansion is done
because during training using augmentation. Table 1
shows the results of the model’s performance.

From Table 1, it can be seen that an IoU (Intersection
over Union) of 0.5 for mAP shows a value of 93.75%,
which is the reliability of the insulator finding data. A

Figure 3. Performance of the model in phase 1 a) F1
confidence curve, b) precision curve, c) precision-recall

and d) recall curve.

Table 1. Quantitative performance of the Phase 1 model.
Metrics SE
mAP@0.5 0.9375 (93.75%)
mAP@0:75 0.7970 (79.70%)

mAP@0.5:0.95 0.7166 (71.66%)
Precision 0.9030 (90.30%)
Recall 0.9039 (90.39%)

F1-score 0.92 (92.00%)

90.30% precision shows that the insulator detection is
accurate, while a 90.39% recall shows that the model
finds insulators at 90.39% of the images. That the
model is balanced is shown by the F1 parameter that
shows that the model does not have a pronounced bias
towards false positive or false negative errors. A more
stringent metric is provided by the mAP parameter
0.5:0.95, which gives an average of precision at different
overlap thresholds. Figure 2 shows a confusion matrix
where it can be seen that the model classifies 94% of
the insulators (True Positive) while only 6% (False
Negative) is misclassified. If the analysis of the
insulator were based on video, this 6% figure indicates
that the probability that the insulator will remain
undetected is low.

Figure 3 illustrates the performance of the model,
i.e., the curve of the dependence of the metrics on
the confidence threshold. Figure 3 (a) shows an F1
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Figure 4. Loss and metric dynamics during Phase 1 training.

curve with a maximum value of 92% at a relatively
low threshold of 0.389. This indicates that the model
achieves an optimal balance between precision and
responsiveness. In Figure 3 (b) you can see the
precision confidence curve where you can see that at
lower thresholds the accuracy remains around 85%,
which is a suitable parameter for practical application.
The Precision-Recall curve is shown in Figure 3 (c),
while Figure 3 (d) shows the Recall-Confidence curve.
It can be seen that the curve retains high accuracy
values of over 95% even at low recall values of up to
0.8. These parameters indicate that the robustness of
the model is high and that the possibility of detecting
insulators is high even when the possibilities for
prediction are low.

Figure 4 shows the dynamics during training, i.e.,
the loss curves for train and validation. Based on
the loss functions, it can be seen that the model
is not overfitted based on the minimal difference
between train and validation loss. That the training is
stable, showing a steady decline in functions without
significant oscillations. When comparing the results
with Table 1, it can be concluded that growth during
the first 60-70 epochs stabilize thereafter.

Figure 5 shows an example of visual detection with a
safety parameter. Figure 5 (a) shows an example of
when the images are distance view, while (b) shows an
example of when the images of the insulator are close.
That is, it shows that the model detects insulators from

different angles with a score of 0.8 to 0.9, however, an
error can occur when the object is smaller than 50x50
pixels, as shown in Figure 5 (b) where the confidence
score is 0.37. The stability of the prediction shows
a confidence score of 0.9 in most images where the
insulator is clearly shown.

The second phase is the classification using the Zenodo
database. Figure 6 (a) shows theAccuracy curve, while
b) shows the loss function, i.e., the loss curve of the
function. As can be seen in Figure 6, the model shows
a stable learning trend and validation that increases
with each epoch. The ultimate validation accuracy is
96.5%, which is an indication that it is doing a good
generalization, but potentially overfitting due to the
uniformity of the data.

Figure 7 shows a confusion matrix where it can be seen
that most classes are classified correctly, but also that
errors occur between neighboring classes, especially
between medium and high intensity.

Table 2 provides a classification report with
performance metrics. It can be seen that the
average values of Precision, Recall and F1-score are
0.93, 0.95 and 0.94 respectively. The best results are
achieved by classes such as clean, excrement_med
and soot_med, with F1 scores close to 0.96, which
shows that the model very accurately recognizes and
differentiates clearly defined and visually consistent
examples.
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Figure 5. Example of visual detection of insulators a) distant and b) closer shots.

Figure 8 illustrates the visual diversity of the
synthetic dataset used for initial training, showing
representative samples for clean materials (glass,
porcelain, polymer) and simulated pollution types
(soot, salt, excrement). Figure 8 show example of
insulators: a) clean glass, b) clean porcelain, c) clean
polymer, d) soot, e) salt, f) excrement.
In the paper [24] they used generated synthetic
insulators by training a model using VggNet and
GoogleNet where they aged the accuracy of the
classification of 98.99%, which also confirms the
overestimation of the results and should only be seen

as a proof of concept.
In order to overcome this problem in the proposed
system, fine-tuning of this base with generated real
images has been additionally done. During this
process, the convolutional layers are frozen, and only
the classification head of the network is trained. As
shown in Figure 9 (a), the accuracy shows that the
model reaches saturation, i.e. the maximum at one
point in time, while the validation shows oscillatory
growth and stabilizes only after 20 epochs. Such results
indicate that the model has the ability to adapt. This
phenomenon in learning transfer on smaller dataset
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Figure 6. Performance of the model in phase 2 a) loss curve,
b) accuracy curve.

Figure 7. Confusion matrix for Phase 2 (Synthetic Zenodo
dataset).

Table 2. Quantitative performance of the Phase 1 model.
Metrics Precision Recall F1-score Support
clean 0.95 0.96 0.96 542

excrement_high 0.91 0.94 0.92 542
excrement_low 0.92 0.94 0.93 542
excrement_med 0.96 0.96 0.96 542

salt_high 0.91 0.95 0.93 542
salt_low 0.93 0.95 0.94 542
salt_med 0.94 0.95 0.94 542
soot_high 0.94 0.95 0.94 542
soot_low 0.92 0.93 0.93 542
soot_med 0.95 0.94 0.95 542

is also known as domain adaptation. Oscillations on
the validation curve show the nature of real samples
that contain noise and variations, so the model is more
difficult to generate compared to aesthetic data.
Figure 10 (a) shows a confusion matrix where you can
see a detailed view of the classification performance.
The results show that the matrix has a diagonal where
classification errors in close classes such as medium
and high levels of pollution are also clearly visible.
To avoid further problems, the model has the ability
to avoid classification by level of pollution and after
training in only 4 classes. The confusion matrix for
4 classes and fine tuning is shown in Figure 10 (b).
Quantitative metrics by class are shown in Figure 11
for the Precision, Recall, and F1 objective measures.
Classes such as soot_med and clean achieve F1 above
0.85, which makes the approach very reliable for
clear insulators. The very fact that it classifies clean
insulators proves that the system has a real and
practical application, especially if the dirt is cleaned
in the same way, i.e. it does not require special fluids
for different materials. Class excrement_high shows
a slightly lower response, which can be explained by
the high variability of visual appearance. However,
this is solvable by the fact that the model can reduce
the number of classes to 4. The average accuracy on
real data is about 88% percent when using multiclass,
so the random guess probability is only 10%. Due
to errors in the classification of the level of soiling
(low/med/high), a simplified model with only 4
classes (clean, excrement, salt, soot) was tested and
simplified. This version achieves better generalization
because it eliminates confusion between similar levels
of pollution.
After the final model was trained, a set of 100 images
simulating real conditions for insulator inspection
was tested to evaluate performance. To validate
the model’s reliability, a test set of 100 images was
picked to simulate a wide spectrum of field conditions.
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Figure 8. Example of a synthetic dataset for materials a) clean glass, b) clean porcelain, c) pure polymer, d) soot insulator,
e) salt and f) excrement insulator.

This set was designed to be diverse, covering three
insulator materials (porcelain, glass, and polymer)
and varying environmental backgrounds (vegetation,
sky, and transmission towers), as well as level of
pollution. Due to this lack of large-scale authentic
data, we manually curated these 100 images to act
as a high-diversity validation set. Figure 12 shows
the confusion matrix when detecting 100 images.
In Figure 12, you can see where the approach was
most often wrong, and that is when it comes to
the transition from a medium to a higher level of
pollution. The observed misclassification of blurred
clean insulators as low-intensity pollution suggests a
dependency on high-frequency features. Figure 13
shows the detection results. The distribution by class
shows that there were 112 detections in total, while
the other classes were more variously represented.
The most common pollution classes are salt_med,
soot_med and excrement_high which indicates a high
sensitivity of the model to medium and high soiling.

The CR data shows 84%, which means that at least one
insulator has been successfully detected and classified,
while the remaining 16% without detection can be
attributed to poor image conditions. HRP of 24%
shows high priority, that is, urgent “washing”. This is
a direct demonstration of the cost-effectiveness of such
a system, as it allows operators to focus resources on
only a quarter of the network or pillars that are critical.

The system’s conservative detection behavior is
evidenced by detecting insulators is caused by an
ADPI that is close to 1 per image. Given that YOLO
applies NMS, this data indicates that no problem of
breakage has been observed. The MYL probability
shows that the model’s predictions are highly reliable
in most cases. This is particularly important because
YOLO functions in the system as the initial detection
phase, the results of which are transferred to the
next stages for further processing. A value over 0.7
confirms that the detections were stable and with
high confidence, and this value is consistent with the
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Figure 9. Performance of the model in phase 2 of
fine-tuning a) loss curve, b) accuracy curve.

trained classification thresholds. Since the system
is fine-tuning, an MCC value of 0.682 confirms the
consistency of the system, i.e., that the system can
detect more complex insulator pollution.

Figure 14 shows a visual example of detection on
different types of insulators in different conditions and
angles, as well as the level of pollution. In Figure 14
(a) we can see the detection when the insulator is
completely clean and therefore, we have high values,
which proves that the model is reliable. Figure 14 (b)
is an example when the staining of excrement is of
the medium level, but since the part of the staining is
similar to that of salt, when the priority class with 10
classifications was used, then there is a value of 0.88,
which showed on the confusion matrix, but also an
MCCvalue of 0.68 at the level of the set. In otherwords,
if there is no need for the level of pollution, the system
will become much more reliable. Figure 14 (c) shows
multiple detection, i.e., when there are insulators in

Figure 10. Confusion matrix for fine tuning in phase 2 for a)
10 classes and b) 4 classes.

Figure 11. Quantitative performance by class (Precision,
Recall, F1-score) for the 10-class model.

the image that are the same or similar distance, and
it can be seen that it successfully detected soot/dust
pollution, which it categorized as high priority and
medium, which is confirmed by the ADPI value of
1.28. Also, soot_high was detected with a score of 0.83,
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Figure 12. Confusion matrix for 100 tested images.

Figure 13. Results of the detection of the proposed
approach.

while soot_medwas detectedwith 0.75. This gradation
in scores (where harder pollution is easier to detect)
is a desirable feature for security systems. Figure 14
(d) is an example of when the soiling is salt and when
the glass insulator. Reliability values are high for both
classes at 90%, which shows what directly contributes
toHPR (metric of 0.24), and is a key trigger for sending
the drone for washing. However, when the images are
of lower resolution, or there is a degradation such as
blur (focus), the algorithm has an error factor, so in
Figure 14 (e) it is shown when the approach correctly
detects a clean insulator with a high score, however an
insulator that is out of focus (blurred) recognizes it as
a high level of dust. However, the system gave a low
safety rating for last case.

The proposed approach achieves the highest precision,
although the difference with VGG16 is relatively small
(0.6%), the key advantage of EfficientNet-B0 lies
in the drastically lower computational complexity.
For safety-critical systems such as high-voltage lines,
False Negative is more dangerous than False Positive.

Table 3. Comparison of the proposed approach with other
architectures.

Model Accuracy (%) Precision (%) Recall (%) F1 score
ResNet18 86.1 85.4 86.2 0.86

MobileNetV2 83.5 82.7 84.3 0.83
Vgg16 87.4 86.7 87.8 0.85

Proposed 10 class 88.0 87.6 88.7 0.88
Proposed 4 class 91.0 90.5 91.3 0.91

The proposed model with the highest Recall (88.7%)
minimizes the risk of missed critical insulators. For
example, in real applications, MobileNetV2 has a
larger difference of +1.6%, which means too many
false positives and therefore costs increase, while
ResNet18 has a smaller difference of +0.8%, which
means more false negatives. The security risk is even
though Resnet is trained on 11.7M and only 2.2×
more than MobileNetV2, but 26× less than VGG16.
Although the 10-class model provides a detailed
insight into the degree of pollution, analysis of the
confusion matrix showed that most of the errors come
from mixing different levels of intensity within the
same type of pollution. For practical maintenance
purposes, information about the type of pollution is
often more important than a precise gradation of the
layer thickness. As shown in Table 3, the results for the
4 classes show metrics of Accuracy 91.0%, Precision
90.5%, Recall 91.3% and F1-score 0.91 confirming that
the system maintains a high level of accuracy.

4 Conclusion
This paper proposes a two-phase approach for
automatic detection and classification of pollution on
high-voltage insulators based on UAV images. First,
a model was trained using the YOLO algorithm for
precise localization of insulators, based on an MPID
database of over 5000 insulators. After that, three
types of pollution were analyzed, namely salt, soot
and excrement. These pollutions were analyzed in
the Zenodo database, which contains over 14,000
examples. The trainingwas done using EfficientNet-B0
which did the classification of pollution and intensity
(small, medium and high). Depending on the intensity
of, a priority is created, which is achieved using
the HPR parameter. In order to achieve greater
accuracy, the model has been additionally trained with
fine-tuning for each type and intensity of pollution.

First, in phase 1, the YOLO detector was used to detect
the insulators, where an average accuracy of mAP@0.5
of 93.75% was achieved, while the F1 parameter was
92%, confirming the high reliability in the localization
of the insulators, regardless of the complexity of
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Figure 14. Visual example of detection with confidence values using 4 (4cl) and 10 (10cl) classes a) ideal clean insulator
detection, b) medium level bird droppings detection, c) multiple detection, d) high priority detection and e) detection

error analysis.

the background. This also indicates that the model
achieves an optimal balance between accuracy and
responsiveness. The confusion matrix and loss curves
demonstrate the stability of detection and localization
of the insulator, as well as model training.

In the second phase, EfficientNet was used to classify
the type of pollution of small, medium and high
intensity. In addition, fine-tuning has been done with
the generated images to achieve greater accuracy. A
classification accuracy of 88.0% has been achieved for a
detailed analysis of 10 levels of pollution. In addition,
an optimized model with 4 classes was developed
that achieved an accuracy of 91.0%, confirming
the flexibility of the system to adapt to different
operational requirements. The confusion matrix
and loss curves show that additional fine-tuning has
further brought stability and precision to the system.

Metrics such as F1, precision, recall were analyzed in
the training phase but also during the execution of
the entire approach. The final report also provides

the average number of detections per image, the mean
YOLO confidence value for all detections, the mean
confidence value of the pollution classifier.

The proposed model achieves the best balance of
performance, with a Recall rate of 88.7%, minimizing
the risk of missing critical defects (False Negatives),
making it a safer choice compared to the ResNet18 and
MobileNetV2 architectures.

With a CR of 84% and an HPR of 24%, the approach
demonstrated the ability to efficiently filter large
amounts of data and accurately identify priority
points that require immediate intervention. The
approach itself has the possibility of modularity, i.e.,
fine-tuning and additional extensions of the system,
especially by adding new real images, which would
increase the accuracy of detection and classification.
Also, a potential real-world application would enable
complete automation of the process where one drone
would collect and analyze data, while the other would
receive a prioritized report on the basis of which it

19



ICCK Transactions on Electric Power Networks and Systems

would perform cleaning tasks.
The current approach relies solely on visual (RGB)
data. Future research will focus on the integration of
thermal imaging (IR) and ultraviolet (UV) cameras.
Such an analysis opens the possibility for additional
research, especially in terms of pollution classifications
by analyzing the structure of the insulator, but also by
segmenting the pollution and switching to another
spectral domain.
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