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Regular monitoring of outdoor insulators is crucial to ensure the reliable functioning of the power grid. With recent progress in
computer vision technologies, traditional manual and expensive visual inspections can now be replaced by automated analysis using
images captured by unmanned aerial vehicles (UAVs). In such applications, a practitioner might opt to choose a state-of-the-art
object detection and classification deep learning architecture, including You Look Only Once (YOLO). The variety of existing YOLO
architectures per se makes selecting the best application-dependent YOLO model challenging. However, selecting the best ar-
chitecture solely based on performance without considering the model complexity limits its deployment on resource-limited
embedded devices. Consequently, we conduct a rigorous, systematic model selection based on the performance-complexity trade-off
across 13 YOLO architectures to determine the most effective model for detecting common mechanical faults in insulators using
images captured by UAVs. A dataset comprising 15,000 images of insulators, categorized into normal condition, bird-pecking
damage, cracks, and missing caps, has been compiled for training the models. Specifically, all considered YOLO architectures are
compared using model complexity and the mAP@0.5:0.95. During the model selection stage, YOLOVS8I proved to be the best model
in terms of mAP@0.5:0.95, while YOLOv5n was the model of choice in terms of complexity at the expense of a slight reduction in
performance. Alongside YOLOv8] and YOLOvV5n, an “optimal” model (OP-YOLO) was selected using a multicriteria decision-
making approach, balancing detection accuracy and computational efficiency. In particular, in terms of test-set performance,
YOLOVS8L, YOLOv5n, and OP-YOLO achieved 0.919, 0.901, and 0.896 mAP@0.5:0.95, respectively. Although YOLOVSI reported
a higher mAP@0.5:0.95, YOLOv5n requires ~20.9 times less memory and ~40.2 times less floating-point operations per second
(FLOPs). Also, YOLOvV5n outperforms the OP-YOLO model, still requiring ~12 times less memory and ~19 times less FLOPs.
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1. Introduction

An overhead line insulator is a crucial electrical component
utilized for fastening and isolating the conductors from
earthed overhead transmission and distribution lines. Por-
celain, glass, or polymers are commonly used materials in
insulator structures in the high-voltage industry. The linear
insulators are wused to fix the rigid or flexible
current-carrying parts, hardware insulators separate the

current-carrying parts from neutral or grounded circuit
elements, and checkpoint insulators are utilized to pass
a conductor or a busbar through the structures via sepa-
rating the conductor from the construction structure and
other grounded equipment. Overhead power lines and
outdoor insulators usually operate under harsh environ-
mental conditions and are exposed to different pollutants
along with other natural factors, such as lightning strikes [1].
Such conditions can degrade the insulating properties and
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mechanical integrity [2] of power line components, po-
tentially leading to reduced power quality, blackouts, or even
irreversible damage to the power grid infrastructure [3].
Therefore, timely and thorough maintenance and fault de-
tection are among the highest priorities for utility managers,
owners, and electricity providers [4].

The degradation of insulating materials due to envi-
ronmental aging, contamination, and mechanical stress has
been extensively investigated in recent studies focusing on
composite materials for high-voltage applications [5, 6]. For
example, Ersoy et al. [5] analyzed the influence of particle
size on the performance of polyurethane-mica composites
used in insulation, while their subsequent work [6] in-
troduced a novel solid dielectric material with enhanced
electrical and mechanical properties for transformer
windings.

The operation of overhead power lines includes main-
tenance (operational maintenance), overhaul, and elimi-
nation of the damage on overhead lines. Currently, there are
various assessment methods developed for the insulator
diagnostic, such as electrical, mechanical, galvanizing, and
routine tests [7]. They can be classified into contact and
noncontact, electrical and nonelectric, sound and visual, and
combined methods. Contact methods are mainly used when
the line is de-energized, and insulators are offline. Such
methods are accompanied by the removal of insulators from
the supports, which has its own risk and cost for trans-
mission line companies and personnel safety threats. Al-
ternatively, noncontact methods can be applied without de-
energizing the power lines, thus reducing the risks associated
with dismantling insulators at high altitudes [8]. Therefore,
besides conventional standardized diagnostic tests, ad-
vanced noncontact inspection techniques have been actively
developed and applied: ultrasonic method [9], ultraviolet
(UV) [10], infrared (IR) image test [11], radio interference
(RI) test [12], self-normalized photothermal radiometry
[13], manned aerial inspection [14], and unmanned aerial
vehicle (UAV) imaging methods are some of those tech-
niques to name a few [15].

Among these novel techniques, insulator diagnosis via
UAV imaging has recently been introduced and is even
being actively applied in the industry since it offers an
economical, personnel safety, and low-maintenance cost
solution. Nonetheless, in recent years, a class of machine
learning models known as deep neural networks (DNNs) has
become quite desirable for UAV image processing. It is
proposed that the detection of insulator faults using UAV
images takes a major leap through the application of DNN’s
[16]. This state of affairs is generally attributed to the effi-
ciency and the accuracy of DNN-based image processing
compared to visual inspection or even compared with
conventional image processing techniques based on filtering,
segmentation, and spatial conversion [16].

Commonly, deep learning-based object detection al-
gorithms can be classified into one-stage and two-stage
methods, each having its benefits and drawbacks. As the
name suggests, one-stage object detection performs both
classification and bounding box regression using a single
neural network in a unified pipeline. This distinction does
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not apply to two-stage detectors, where the first neural
network generates the region of interest (Rol), and the
second network performs the classification and bounding
box prediction [17]. The cases of two-stage object recog-
nition algorithms are region-based convolutional neural
networks (R-CNN), fast R-CNN, faster R-CNN, and Mask
R-CNN, whereas one-stage detectors are RetinaNet, single-
shot multibox detector (SSD) [17], and You Only Look Once
(YOLO) [17]. Normally, one-stage models require lower
computational costs and high-speed processes, while two-
stage detectors have high detection and classification
precision.

Hu and Li [18] applied channel attention along with
faster R-CNN and U-Net architectures for insulator de-
tection, reaching 0.919 mean average precision (mAP).
Wang and Yi [19] reported 0.945 mAP in insulator detection
while incorporating a Gaussian distribution into bounding
box prediction in YOLOv3. Han et al. [20] suggested the
enhancement of YOLOv3-tiny via the introduction of the
spatial pyramid pooling (SPP) architecture and Rol for the
detection and localization of the missing cap fault. Sampedro
et al. [21] proposed an architecture combined with a fully
convolutional Up-Net network for segmentation, CNN, and
Siamese CNN for insulator diagnostic purposes, resulting in
0.993mAP. Xuan et al. [22] proposed one-stage center
mask-based object detection to define insulator missing
plates from UAV-taken and noise-introduced images,
reporting accurate and high-speed performance of the
proposed technique. Wei et al. [23] compared the perfor-
mance of Faster R-CNN, RetinaNet, and YOLOv3 models to
detect and localize the string insulator missing cap as a result
of self-explosion. Miao et al. [24] applied the SSD model to
aerial images to classify between porcelain and composite
insulators, reporting 0.938 and 0.853 precision in detecting
porcelain and composite insulators, respectively. Zan et al.
[25] observed that the traditional YOLOv4-tiny architecture
surpasses faster R-CNN and EfficientNet in the detection of
the broken overhead line insulator, resulting in 0.916 mAP
compared to 0.828 and 0.861 for the latter two architectures,
respectively. Feng et al. [26] applied YOLOVS5 and its variants
on UAV-taken images to identify and localize the defective
part of the string insulator and reached the maximum mAP
of 0.995. Serikbay et al. [27] trained a CNN model to classify
outdoor insulator surface contamination types. The pro-
posed model selection and classifier size optimization
method led to ~3 times lighter architecture at the expense of
a 6.5% accuracy reduction. Mussina et al. [28] utilized
a fusion convolutional network (FCN) for UAV-based in-
sulator surface condition monitoring. In particular, deep
CNN and multilayer neural networks (MNN) are combined
for image classification. The training image dataset included
original insulator images and augmented data, including
images with Gaussian, Poisson, Salt and Pepper, and
Speckle noise.

The YOLOvV8 model was used to examine the condition
of high-voltage insulators with mechanical faults, such as
cracks, as well as insulators with surface contamination [29].
For training, publicly accessible datasets, including the
Chinese Power Line Insulator and Insulator Defect Image
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datasets, were used. As a result, the selected model achieved
mAP values of 0.861 and 0.989, respectively. Additionally, an
enhanced version of YOLOVS incorporating the ResPANet
module and a feature extraction module developed using
GhostNet was introduced [30]. Compared to the conven-
tional YOLOVS, which has a mAP values of 0.892, the en-
hanced architecture achieved an accuracy of 0.939.

This study employs various versions of YOLOV3,
YOLOV5, and YOLOvV8 models to perform both insulator
identification and classification of mechanical defects.
Specifically, the evaluation involves YOLOvV3 variants
(YOLOV3, YOLOV3-tiny, YOLOvV3-SPP), YOLOV5 variants
(YOLOV5n, YOLOv5s, YOLOv5m, YOLOv5x, YOLOV5I),
and YOLOVS variants (YOLOv8n, YOLOvVS8s, YOLOv8m,
YOLOv8x, YOLOVSI) for the classification of bird-pecking
damage, cracks, and missing cap faults.

The contributions of this work are threefold:

1. Creation of a pipeline to identify the mechanical
integrity of HV insulators using YOLO technology,
along with the creation of a dataset of 15,000 images of
different mechanical damages on polymer, porcelain,
and glass insulators, particularly images of bird-
pecking damage, cracks, and missing cap faults at
different background scenery, imaging angles, and
brightness.

2. Using UAV-captured images and employing
YOLOv3, YOLOv5, and YOLOvVS architectures and
their variants for insulator detection and mechanical
damage classification.

3. Analysis of performance and computational complexity,
including a comparative evaluation of implemented
architectures and deployment techniques.

The rest of this study is also organized as follows: Section
2 discusses the YOLOv3, YOLOvVS5, and YOLOVS architec-
tures used for the object detection and classification. Section
3 discusses the utilized test objects and data collection
procedure. Model selection is described in Section 4. The
experimental results and discussion are provided in Section
5 and Section 6, respectively. Section 7 concludes the entire
analysis and observations.

2. YOLO Object Detection Models

The constructed intelligent insulator detection and fault
classification in this work is based on YOLOv3 [31],
YOLOvV5 [32], and YOLOvVS8 [33] architectures and their
variants, including YOLOv3-tiny, YOLOv3-SPP, YOLOv5n,
YOLOv5s, YOLOv5m, YOLOv5l, YOLOv5x, YOLOvVSn,
YOLOV8s, YOLOv8m, YOLOv8x, and YOLOVS8L. As dis-
cussed earlier, YOLO is a single-stage object detection ap-
proach that performs end-to-end processing, where both
object detection and classification tasks are conducted in one
single neural network [34].

In the YOLO framework, the input image is segmented
into an Sx§ grid, as shown in Figure 1. The orange
rectangle in Figure 1 is the predicted bounding box gen-
erated around the object. The center of the bounding box,

indicated by a red dot, lies inside the prediction cell
highlighted with green color. For Sx§ grid, the YOLO
model generates an output feature map of size Sx§x
[B#(C+5)], where B is the number of boundary box
predictions per cell and C is the number of classes. In
particular, each of B bounding boxes is composed of the
following elements: objectness score p,, (the likelihood of
box having an object), £, and t,, represent the center of the
bounding box; t, and t,, represent height and width of the
bounding box, respectively; and p is the class probability
(the likelihood of the object belonging to a certain class)—
the “5” in the feature mentioned above map size is due to
the coordinates of the bounding box, bounding box di-
mensions, and objectness score [34]. In YOLO, bounding
box dimensions are determined by predicting the offsets
(aforementioned £, ¢, t,,, and t,) from universally defined

9 anchor box priors (i.e., 3 anchor box priors with different
dimensions and shapes for each prediction scale) [34]. The
sizes and shapes of the anchor box priors were predefined
in the original YOLOv3 paper [31] by deploying k-means
clustering over the COCO dataset.

2.1. YOLOv3, YOLO-Tiny, and YOLO-SPP. YOLOV3 is
based on YOLO and YOLOV2, originally introduced by [31].
YOLOV3 utilizes the concept of deep residual network, skip
connections, and upsampling layers and is based on the
deeper CNN Darknet-53. The ultimate architecture of
YOLOV3 consists of 106 layers, where object detection is
carried out in layers 79, 91, and 103, and the feature maps are
generated in layers 82, 94, and 106, see Figure 2.

As the name states, YOLOv3-tiny is a simplified variant
of the YOLOvV3, where the prediction accuracy is slightly
decreased as a trade-off for decreased processing time,
hardware, and memory requirements [35]. In YOLOv3-tiny,
the downsampling of feature maps is conducted in max-
pooling layers, in contrast to the original YOLOv3, where it
is carried out in the convolutional layers [36].

YOLOV3-SPP is an enhanced version of YOLOv3 by
adding an SPP module to the original architecture (between
fifth and sixth convolution layers), which can result in
a higher prediction accuracy while maintaining high pro-
cessing speed [36]. SPP module generates feature vectors
without image cutting or scaling and is robust to the di-
versity of feature map sizes. Therefore, the addition of an
SPP module facilitates the accurate detection of different-
sized insulators from a given image. Although the down-
sampling is conducted in convolutional layers in both
YOLOv3 and YOLOvV3-SPP, the feature selection is per-
formed in an improved SPP [36].

2.2. YOLOv5n, YOLOv5s, YOLOv5m, YOLOvSI, and
YOLOv5x. YOLOvV5 is a one-stage object recognition
architecture that enhances the capabilities of its pre-
decessor, YOLOv4. YOLOVS5 is aggregated from five main
modules: input, backbone (CSP), neck (PAnet), head, and
output. YOLOVS5 has a focus layer incorporated into the
backbone CNN that reduces model parameters, floating-
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point operations per second (FLOPS), memory, and
processing time while maintaining high prediction
accuracy [37].

YOLOV5 has several versions based on the memory
requirements [38]. This work focuses on YOLOv5n (nano),
YOLOV5s (small), YOLOv5m (medium), YOLOVS5I (large),
and YOLOv5x (extra-large) variants, for insulator me-
chanical damage detection [36]. YOLOv5n has a more
compact architecture and lower network depth and width,
while YOLOv5x requires more memory and an almost large
network size at the expense of the computational speed [38].
Other than memory requirements, these variants also vary in
the number of model parameters, feature extraction mod-
ules, and convolution kernels [38, 39].

2.3. YOLOv8n, YOLOv8s, YOLOv8m, YOLOvS8I, and
YOLOv8x. Similar to YOLOv5, YOLOv8 [33] includes
several variations, each differing in terms of architectural
complexity, performance, and memory requirements:
YOLOvV8n (nano), YOLOvS8s (small), YOLOv8m (medium),
YOLOVSI (large), and YOLOvS8x (extra-large). YOLOvS8n is
the smallest and fastest model, achieving around 105 frames
per second on a GTX 1060 GPU [31]. In contrast, YOLOv8x

is the most accurate but the slowest architecture, operating at
17 FLOPs, with a significantly higher memory requirement,
highlighting the speed and accuracy trade-off. YOLOVS
incorporates several pretrained models for applications as
detecting objects, segmenting individual instances, and
classifying images. These models, along with the corre-
sponding checkpoints for instance segmentation, were
trained using the COCO detection dataset with an image size
of 640 x 640 pixels [33].

3. Data Collection

As part of the data acquisition process, an image dataset
containing suspension and post-type insulators exhibiting
various mechanical defects is collected to enable effective
training and evaluation of the selected YOLO architectures.
For this purpose, three frequently encountered insulator
mechanical damages, including bird pecking, crack, and
missing cap faults, are inflicted on composite, glass, and
porcelain insulators, see Figure 3. Insulator parameters are
given in Table 1.

The goal was to create an insulator dataset that would
allow for controlled modeling of faults while ensuring that
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FIGURE 3: Various types of mechanical damage in insulators: (a) Bird-pecking damage on polymer insulators. (b) Cracking observed in
porcelain insulators. (c) Instances of missing caps in both glass and porcelain insulators.

the model could also be utilized for outdoor real conditions.
The images are collected in a high-voltage laboratory en-
vironment under various illumination conditions and
camera perspectives. Indeed, the dataset was collected in an
indoor environment with a temperature of ~20°C and
a relative humidity of ~50% in varying lighting conditions.
For the missing cap faults, the caps of both glass and brown
porcelain insulators were removed step by step, altering the
position of the missing cap along the insulator string. This
method enabled the simulation of all possible scenarios that
are encountered in real practical conditions. For cracks and
bird-pecking damages, the proposed faulty insulator models
with different severities were emulated using proper tools,
ensuring that a wide spectrum of damage severities, ranging
from light to severe, are represented. Finally, the number of
collected images for each insulator category and type of
mechanical damage is reported in Table 2. Overall, 8886
images of normal and damaged post- and suspension-type
insulators are captured.

As shown in Table 2, insulator images with mechanical
fault classes (bird pecking damage, missing cap, and cracks)
contain ~1000-200 images, whereas the normal insulator
class for the insulator type has only ~300-400 images. To
address the class imbalance, a targeted data augmentation
strategy was deployed. To prevent data leakage, the original
dataset was first split into training, validation, and test
subsets, and then, data augmentation was applied separately
within each subset. Specifically, 15% of the entire dataset was

randomly sampled to form the test set. The remaining 85%
was then randomly divided into the training and validation
sets using a ratio of 85% for training and 15% for validation.
This split strategy resulted in three subsets consisting of 6412
(training), 1136 (validation), and 1338 (test) images, re-
spectively. This approach was selected to ensure consistency
across all model evaluations and enable reproducible
comparison under identical conditions. Fixed splits are
widely adopted in object detection research, particularly
with YOLO-based models, due to the high computational
cost of full k-fold cross-validation and the tendency of
performance metrics to stabilize with sufficiently large
training sets. Several recent studies have followed similar
non-cross-validated strategies while achieving strong de-
tection performance, for example, Han et al. [40] with an 80/
10/10 split, Zhang et al. [41] with 70/15/15, and Chen et al.
[42] with 81/9/10, each reporting mAP scores above 90%
without cross-validation. Given our dataset scale and the
consistency of this approach in the literature, we consider
this split both practical and robust for evaluating model
performance.

After splitting, data augmentation was applied separately
within each subset. In particular, single-sample independent
augmentation techniques (rotation, shifts, zoom, shear, and
flip) were employed to synthetically increase class-specific
sample size to 1250 images, ensuring a balanced dataset and
minimizing prediction bias (see Table 3). These augmen-
tation techniques, selected based on prior studies [43],
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TaBLE 2: The dataset of insulators with different mechanical damages.

Insulator type Normal Bird pecking Crack Missing cap
Red polymer 369 1207 — —
White polymer 373 1256 — —
White porcelain 408 — 967 —
White porcelain small 258 — 1197 —
Glass 316 — — 1058
Brown porcelain 366 — — 1011
Total number of original images (before augmentation) 2090 2463 2164 2169
Number of artificially augmented images 5410 37 336 331
Total dataset size after augmentation 7500 2500 2500 2500

simulate real-world variations, helping the model learn more
generalized and invariant features. For example, rotation
and shifts improve spatial robustness, zoom and shear en-
hance scale and distortion tolerance, and flipping introduces
symmetry awareness. Additionally, input rescaling (1/255)
was applied for normalization.

To ensure balanced representation across all classes,
a class-specific augmentation strategy was applied to in-
crease each class to 1250 images. Augmentation was per-
formed independently within the training, validation, and
test subsets, proportionally to their original distributions,
resulting in the addition of 4426, 776, and 912 augmented
images to the training, validation, and test sets, respectively.
This approach preserved the statistical structure of the
original data and prevented data leakage between subsets. To
mitigate overfitting, augmentation techniques (e.g., rotation,
shift, zoom, shear, flip) were applied with randomized pa-
rameters per image, enhancing variation and model
generalization.

As a result of the augmentation, the final dataset size
increased to 15,000 images of clean and damaged insulators
(see Table 2). Accordingly, the training, validation, and test
sets consisted of 10,838, 1912, and 2250 images, respectively,
and were used for model training (see Section 4), selection,
and evaluation (see Section 5). The training set was used to
adjust and optimize the weights of each YOLO model, the
validation set was used for model selection, and the test set
was reserved for final evaluation. Access to the dataset used
in this study is available upon request to the corresponding
author.

4. Model Training and Selection

In this study, three architectures of YOLOV3, five archi-
tectures of YOLOVS5, and five architectures of YOLOVS are
examined in insulator detection and mechanical damage
classification. Specifically, YOLOv3 [29], YOLOv3-SPP
(SPP-based YOLOvV3) [34], YOLOV3-tiny [37], YOLOV5n,
YOLOv5s, YOLOv5m, YOLOv5l, YOLOv5x [36],
YOLOvV8n, YOLOv8s, YOLOv8m, YOLOV8I, and YOLOv8x
[31] models are trained and compared.

In the training process, each model is optimized by
updating the weights via the backpropagation algorithm
using the training set. All training procedures were con-
ducted using 8 x NVIDIA Tesla V100 graphics processors,
each equipped with 32 GB of VRAM. The system had dual

Intel Xeon E5-2698v4 CPUs (20 cores/40 threads, 2.2 GHz
base), 512 GB DDR4 RAM, and utilized Ubuntu Linux as the
operating system with Python 3.8.6 (built with GCCcore
10.2.0) and CUDA 11.7.0. The TensorFlow version 2.13.1
served as a deep learning framework and the training
configuration details are provided in Table 4.

4.1. Model Selection by Performance and Complexity. The
deployed model selection is a two-stage process based on the
model performance on the validation set. In Stage I, the best
epoch for each model is identified; that is, the epoch that
results in the highest mAP@0.5:0.95. Stage II determines the
“best” model out of the 13 best individual models identified
in Stage 1.

Stage I: Each YOLO architecture training was performed
over 100 epochs with a batch size of 16 using the training
dataset. The models were trained for an input image reso-
lution of 640 x 640. We employed the Adam optimizer [44]
with an initial learning rate of 0.01 with the learning rate
decay strategy. Regularization across all models was
achieved primarily through weight decay (set to 0.0005),
which is supported by default in YOLOv3, YOLOV5, and
YOLOvV8 implementations. Dropout is not typically used in
YOLO architectures and was not employed in this study.
Early stopping was deliberately avoided to maintain con-
sistent training conditions across all models and prevent
premature termination, especially given that the goal was to
compare complete training trajectories. Instead, we tracked
validation loss and mAP trends over all 100 epochs to
evaluate the robustness and stability of each model’s per-
formance (see Figure 4(a)). Deployed models were trained
for 100 epochs to ensure sufficient convergence. Cross-
validation was not used due to the high computational
cost of training 13 models for 100 epochs each.

After each training epoch, the performance of each
model was evaluated using mAP@0.5:0.95 score computed
on the validation set (see Table 5). Finally, the epoch that
resulted in the highest mAP@0.5:0.95 was designated as the
best epoch, and the corresponding trained model was stored.
Figure 4(a) presents mAP@0.5:0.95 as a function of epoch
for all deployed architectures. For better visualization and
comparison, Figure 4(b) illustrates the variation of valida-
tion set-specific mAP@0.5:0.95 in the last 25 training epochs.
As it can be seen from Figure 4, accuracy typically plateaus
between 40 and 100 epochs and reaches a peak performance.
Within this range, additional training shows marginal
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TaBLE 4: Training configuration details.

Component Details

GPUs 8 x NVIDIA Tesla V100
CPUs Dual Intel Xeon E5-2698v4
RAM 512 GB DDR4
Operating system Ubuntu Linux
Python version Python 3.8.6
CUDA version CUDA 11.7.0

Deep learning framework

TensorFlow 2.13.1
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FIGURE 4: The progression of mAP@0.5:0.95 scores over 100 epochs for 13 YOLO models. (a) Graph illustrating performance trends
throughout the complete training duration. (b) Graph illustrating performance trends over the last 25 epochs for better readability.

TABLE 5: Performance metrics of various YOLO models with 640 x 640 resolution inputs.

Memory

Models Precision Recall mAP@0.5 mAP@0.5:0.95 Epoch Layers (MBEP16) GFLOPs
YOLOvV3 0.994 0.991 0.994 0.923 100 261 118.0 154.8
YOLOv3-SPP 0.990 0.992 0.994 0.925 94 269 120.0 155.4
YOLOV3-tiny 0.968 0.974 0.992 0.892 97 48 16.9 12.9
YOLOv5n 0.979 0.971 0.993 0.909 98 157 4.0 4.1
YOLOv5s 0.985 0.984 0.993 0.918 100 157 14.0 15.8
YOLOvV5m 0.989 0.990 0.994 0.924 97 212 41.0 479
YOLOvS5I1 0.991 0.992 0.994 0.929 84 267 89.0 107.7
YOLOvV5x 0.992 0.991 0.994 0.931 76 322 166.0 203.8
YOLOv8n 0.983 0.986 0.993 0.919 83 168 6.2 8.1
YOLOvV8s 0.983 0.978 0.993 0.923 55 168 21.5 28.4
YOLOvV8m 0.991 0.992 0.994 0.931 63 218 49.7 78.7
YOLOVSI 0.992 0.989 0.994 0.933 83 268 83.7 164.8
YOLOv8x 0.992 0.987 0.994 0.932 89 268 131.0 257.4

Note: The bold value refers to the best model with the highest mAP@0.5:0.95 value.

enhancements in performance. The figure illustrates that
most architectures exhibit relatively stable mAP values to-
ward the end of training, indicating convergence. Notably,
YOLOvV8n and YOLOv5n demonstrate slightly lower overall
performance compared to others. The highest validation
results obtained by the previously mentioned YOLO models
are summarized in Table 5.

Stage II: According to the results obtained in Stage I and
based on the common “winner-takes-all” strategy,
YOLOVS8I should be naturally selected as the “best” model
for insulator mechanical damage detection, as it achieved
the highest mAP@0.5:0.95 of 0.933 on the validation set.
The runner-up YOLO architecture was YOLOv8x with an
mAP@0.5:0.95 of 0.932. At the same time, the lightest
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architectures in terms of the memory requirements and
GFLOPs, including YOLOv5n and YOLOv8n, demon-
strated an mAP@0.5:0.95 of 0.909 and 0.919, which is only
about 2.55% and 1.51% less than the YOLOVSI. Thus, to
select the “best” model, it is beneficial to assess the com-
putational demands of the models in conjunction with their
mAP®@0.5:0.95 results. Therefore, complexity-related pa-
rameters, such as the number of layers, memory re-
quirements for half-precision floating-point computations
in MB (MBFB16), and the number of floating-point cal-
culations in GFLOPs, are reported for all studied YOLO
models in Table 5 in addition to corresponding mAP@0.5:
0.95 scores.

To better visualize these results, Figure 5 shows the
memory requirements of models plotted against the vali-
dation set mAP@0.5:0.95. From this figure, it can be ob-
served that YOLOv8l, YOLOv8x, YOLOv5x, and
YOLOvV8m exhibit virtually the same performance in terms
of mAP@0.5:0.95. It is also observed that the high-
performance group (e.g., YOLOvS8], YOLOv8x, YOLOV5],
YOLOvV5x, YOLOv8m) provides higher mAP, but requires
more memory. In contrast, the lower-memory group (e.g.,
YOLOvV5n, YOLOv5s, YOLOvV8n, YOLOvV3-tiny) requires
significantly less memory at the cost of a slight decrease
in mAP.

The performance-complexity consideration for model
selection becomes important in practice since embedded
devices such as UAVs tend to have limited computational
capacities to store parameters of the trained models and
perform prediction. As a result, we do not make a definite
selection among the 13 YOLO architectures that prefer one
vs. the others. Instead, we propose two models that can be
used in practice, depending on performance-complexity
requirements. In this regard, YOLOVSI architecture, which
achieved a mAP@0.5:0.95 of 0.933, is the model of choice if
the highest performance is desired, and YOLOvV5n is the best
model in terms of the lowest memory requirements and
FLOPs at the expense of a slight reduction in performance.
In particular, YOLOv5n requires only 4.0 MB memory for
half-precision computation (~20.9 times less memory than
YOLOvV8]) and has 41 GFLOPs to classify the image
(~40.2 times less than YOLOV8l). We propose to use
YOLOvV5n in hardware-restrained computational devices
and to deploy YOLOvVS8I model in scenarios requiring op-
timal performance. In the following section, the perfor-
mance of both models is assessed on the test set and the
results are summarized.

4.2. Optimal Model Selection via Multicriteria Evaluation.
In addition to identifying the two models in the previous
section (YOLOvSI and YOLOvV5n), we select an “optimal”
model, further referred to as optimal-YOLO (OP-YOLO),
where a multicriteria decision-making strategy is employed
that balances detection performance with model efficiency.
Seven key metrics were evaluated as follows: precision, re-
cal, mAP@0.5, mAP@0.5:0.95, memory usage, GFLOPs,
and layer count, normalized via Min-Max scaling to ensure
comparability across different scales.
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FIGURE 5: Memory requirements of each YOLO model versus
observed performance in mAP@0.5:0.95.

Since there is no universally accepted standard for metric
weighting in such multiobjective evaluations, each metric
was weighted according to its practical importance: accuracy
metrics (MAP@0.5:0.95: 25%, mAP@0.5: 20%, precision and
recall: 15% each) and resource metrics (memory: 10%,
GFLOPs: 10%, layers: 5%). The final composite score for each
model was calculated as the weighted sum of normalized
metrics.

We assigned the highest weights to mAP@0.5:0.95 (25%)
and mAP@0.5 (20%) as they are standard accuracy metrics
in object detection and offer a comprehensive view of
precision-recall performance across thresholds. In UAV-
based inspection, accuracy is often prioritized over effi-
ciency, as recent studies have shown that moderate increases
in computational load are acceptable for improved detection
reliability [45, 46]. Precision and recall (15% each) remain
crucial for minimizing false alarms and missed detections in
industrial inspection, though they were slightly de-
prioritized relative to mAP, which provides a more in-
tegrated performance assessment. Efficiency metrics,
memory usage and GFLOPs (10% each), were included to
account for resource constraints in edge Al deployment.
However, they were weighted lower, as modern UAVs can
tolerate moderate trade-offs in power and latency for better
detection quality. Model depth (5%) reflects architectural
complexity and potential inference delay but was given
minimal weight, since size and weight are secondary in
UAVs capable of supporting heavier AI models [47].

This analysis revealed that the OP-YOLO model
(YOLOvV8m) offers the best overall trade-off, combining
high detection accuracy (mAP@0.5:0.95=0.931) with
moderate computational demands, reaching a maximum
value of 0.868 for the composite score (see Table 6). In
contrast, YOLOv3-tiny showed the lowest score of 0.262.
Although some models, such as YOLOv5] and YOLOv5x,
demonstrated high detection accuracy (mAP@0.5:
0.95=0.929 and 0.931, respectively), they also incurred
significantly higher resource demands, including memory
consumption, GFLOPs, and layer complexity. When these
models were evaluated within our multimetric scoring
framework, which integrates both accuracy and efficiency
considerations, their overall scores were lower than models
with better performance-efficiency trade-offs. Figure 6
presents a bar chart comparing all models by their final
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TaBLE 6: Ranking of YOLO models based on a multicriteria
decision-making framework.

Model Score
YOLOv3 0.734
YOLOv3-SPP 0.715
YOLOV3-tiny 0.262
YOLOvV5n 0.541
YOLOVv5s 0.698
YOLOv5m 0.799
YOLOvS5I1 0.782
YOLOv5x 0.728
YOLOv8n 0.709
YOLOvS8s 0.642
YOLOv8m 0.868
YOLOVSI 0.784
YOLOv8x 0.730

Note: The bold value refers to the model that reached the highest score used
for the multicriteria decision-making framework.

YOLOV3
YOLOv8x
YOLOv5x

YOLOvV3-SPP
YO

YOLOV3-tiny

0.0 0.2 0.4 0.6 0.8

Final score (weighted mormalized metrics)

F1Gure 6: YOLO model comparison (accuracy + efficiency trade-

off).

composite scores, offering a clear visualization of the
performance—efficiency trade-offs.

To evaluate the robustness of our model selection, we
further tested all candidate models under five different
weighting scenarios: (i) our proposed balanced-performance-
focused configuration, (ii) an accuracy-centric configuration
(emphasizing mAP, precision, and recall), (iii) a real-time
deployment configuration (emphasizing GFLOPs and
memory usage), (iv) a lightweight deployment scenario
(prioritizing model depth and size), and (v) a slightly mod-
ified balanced configuration. The weights used in each case are
detailed in Supporting Table S3.

Across all configurations, the top-performing models,
especially YOLOv8m, consistently ranked among the
highest, indicating that our model selection is robust to
reasonable variations in evaluation priorities. This consis-
tency supports the reliability of YOLOv8m as a practical
solution for accurate and efficient UAV-based inspection in
diverse deployment scenarios.

5. Results

Following the model selection procedure detailed in the
prior section, the selected YOLOVS8l, YOLOv5n, and
OP-YOLO architectures are evaluated on the test set. The
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performance evaluation is based on several metrics as
presented in Table 7. According to the test-set results, the
highest mAP of 0.995 is reported by YOLOvS8I at IOU =0.5,
whereas both YOLOv5n and OP-YOLO reach the mAP of
0.994 at IOU =0.5. Furthermore, YOLOv8I, YOLOv5n, and
OP-YOLO achieved a mAP@0.5:0.95 of 0.919, 0.901, and
0.896, respectively. Figure 7 illustrates the estimated con-
fusion matrices for the test dataset for YOLOvSI (a),
YOLOV5n (b), and OP-YOLO (c¢) models.

It can be noted that the YOLOv5n model has a slight
tendency to misclassify insulators with cracks as normal
insulators, as seen by a background misclassification rate of
0.35 for this class, higher than in the other two models.
Furthermore, YOLOv5n demonstrates a higher confusion
rate for the normal class with the background (0.61), in-
dicating less robustness in distinguishing insulators from
their background compared to YOLOVS8I (0.79) and OP-
YOLO (0.77).

The YOLOVS8I model performs best in identifying the
crack class, achieving a perfect score (1.00), and shows
slightly better separation between the normal and back-
ground classes compared to other models. OP-YOLO, while
generally comparable to YOLOVSI, shows a slightly lower
precision in the crack class (0.99) and a slightly better
performance than YOLOv5n in minimizing confusion with
the background class across all categories.

Overall, YOLOv8] and OP-YOLO offer stronger ro-
bustness and less confusion between critical fault classes and
background, while YOLOV5n, despite high overall accuracy,
appears slightly more susceptible to background interference
and crack misclassification.

Figure 8 shows localization and classification performed
by trained YOLOVSI on some original test insulator images.
Images were collected in a laboratory under varying illu-
mination and camera perspectives, with ambient conditions
of around 20°C temperature and 50% relative humidity. As
can be seen, the trained model effectively generates
bounding boxes regardless of the type and size of the in-
sulator under the test. The model also reports predicted fault
type and corresponding confidence level, which is identified
as the product of the objectness probability p, and class
probability pc.

Figure 9 presents sample images from the original test set
with visually complex scenes. These examples were selected
to highlight challenging conditions such as cluttered
backgrounds, the presence of multiple insulators, low
lighting, and long-distance imaging. Figure 9 demonstrates
the confident performance of the YOLOvSI model and its
robustness to additional background elements and multiple
insulators in one image.

5.1. Performance on Original UAV Imagery. The trained
YOLOVS8Il model was also examined using UAV-captured in-
sulator images. The database was collected using DJI Mavic II
drone as depicted in Figure 10. The UAV was equipped with
a 12-megapixel camera with 2x optical zoom capabilities.
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TaBLE 7: Test result comparison.

Metric YOLOvV5n YOLOVvSI OP-YOLO

mAP@0.5 0.994 0.995 0.994

mAP@0.5:0.95 0.901 0.919 0.896

Average precision (I0U =0.5) 0.984 0.995 0.992

Average recall (IOU=0.5) 0.986 0.996 0.989

Bird pecking

Crack

Missing cap

Background

0.01

0.01

Normal

Bird

pecking Crack Missing cap Background

()

FiGure 7: Continued.
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FIGURE 9: YOLOVS8] model performance at complex scenery.

FIGURE 10: UAV-based insulator image collection.

To examine the worst-case scenario and evaluate the
performance of the model, a very low-quality photo setting
was selected, and the original image size of the UAV camera
was set to 1280 x 720 pixels (~1-megapixel). Detection and
classification results of the YOLOv8l model using UAV-
captured images are illustrated in Figure 11. It is observed
that the YOLOV8] image detection algorithm works on
single object insulator images, as well as multiple object
images and different insulator conditions. Notably,
YOLOV8!] remains effective even when processing low-
quality images, making it suitable for scenarios with
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FIGURE 11: Test using UAV-captured images.

limited camera capabilities. This high-performance outcome
became possible since the aforementioned YOLO archi-
tectures were trained with an input image resolution of
640 x 640 pixels (i.e., all the trained and tested images were
resized to 640 x 640 pixels).

The obtained results show that the trained YOLOvSI
model successfully identifies the bird pecking damage in
polymer insulators, cracks on ceramic insulators, and
missing caps in string insulators. In summary, it should be
highlighted that although YOLOWVSI exhibited the highest
classification performance, the significantly lower memory
and computational requirements of YOLOv5n will make it
an attractive choice to be deployed over resource-limited
embedded devices.

5.2. Robustness to Noise and Occlusion. To evaluate the ro-
bustness of the selected YOLO models (YOLOvVSI,
YOLOvV5n, and OP-YOLO) under challenging visual con-
ditions, two augmented versions of the original test set were
created: a noise-augmented test set and an occlusion-
augmented test set. These augmentations simulate com-
mon real-world issues encountered during UAV in-
spections, such as sensor noise and physical obstructions.

The noise-augmented test set was generated by adding
Gaussian noise [48] with a standard deviation of 5 and zero
mean to each image in the original test set. This process
introduces realistic noise artifacts that can occur due to low-
light conditions or sensor imperfections while maintaining
the original object locations and corresponding annotations.
The labels from the original test set were preserved without
modification.

For the occlusion-augmented test set, random black
rectangles were overlaid on each image to mimic partial
occlusions caused by objects such as vegetation, poles, or
dust [43]. Specifically, three black patches of varying size and
random positions were applied to each image, simulating
realistic scenarios where insulator surfaces might be partially
obstructed. As with the noise set, the original annotations
were retained without changes. Sample noise-augmented
and occlusion-augmented test set images are given in
Figure 12.

These augmented datasets were stored separately and
used to re-evaluate the selected YOLO models (YOLOvVSI,
YOLOv5n, and OP-YOLO) (see Tables 8 and 9). By

comparing the model performance on noise and occlusion
test sets with their baseline results on original test data, we
were able to analyze the robustness of each model to image
degradation and partial obstruction commonly found in real
deployment environments.

When comparing the results from Table 8 (occlusion-
augmented test set) with those from Table 7 (original test
set), all three models experienced a noticeable drop in
performance due to simulated occlusions. YOLOvSI
maintained the highest robustness, with only a ~4.8%
decrease in mAP@0.5 and ~17.6% drop in mAP@0.5:0.95,
indicating its strong ability to handle partial obstructions.
OP-YOLO also demonstrated solid robustness with rela-
tively small performance degradation. YOLOv5n, while
still effective, showed a slightly larger decline across all
metrics, particularly in average recall. These results suggest
that YOLOv8] and OP-YOLO are better suited for de-
ployment in visually complex environments where oc-
clusions are common.

By contrasting the results presented in Table 9 (noise-
augmented test set) with those in Table 7 (original test set),
all three YOLO models showed a considerable decline in
performance, indicating their sensitivity to image noise.
YOLOVS8I, which achieved the highest accuracy on clean
data, experienced a ~48.8% drop in mAP@0.5 and over 50%
decrease in mAP@0.5:0.95. YOLOv5n also had a sharp
decrease across all metrics, particularly in average recall.
Notably, OP-YOLO maintained comparatively higher scores
in this noisy setting, with the smallest drop in average
precision and recall. The significant performance degrada-
tion across all models highlights a key limitation in their
current training setup. To improve resilience against sensor
imperfections or low-light conditions, future work should
focus on incorporating noise-augmented data into the
training process.

6. Discussion

Having a variety of existing YOLO architectures makes
selecting the best application-dependent YOLO model
challenging for practical object detection and classification
tasks. At the same time, selecting the best architecture
merely based on the performance, without considering the
model complexity, limits its deployment on resource-limited
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FIGURE 12: Sample noise-augmented and occlusion-augmented test-set images. (a) Occlusion-augmented test-set images. (b) Noise-

augmented test-set images.

embedded devices. In this study, three architectures of
YOLOV3, five variations of YOLOV5, and five variations of
YOLOV8 are compared in terms of model complexity-
performance trade-off for the identification of insulator
faults and mechanical damage. Specifically, we examined
YOLOvV3 [29], YOLOv3-SPP [34], YOLOv3-tiny [37],
YOLOvV5n, YOLOV5s, YOLOv5m, YOLOV5], and YOLOv5x
[36], YOLOv8n, YOLOv8s, YOLOv8m, YOLOVS8I], and
YOLOv8x architectures [31]. These single-stage detection
models are widely known for their speed and computational
efficiency. The results of the previous section show that
although YOLOV8l reported higher mAP@0.5:0.95,
YOLOV5n requires ~20.9 times less memory and ~40.2 times
less FLOPs for image classification, resulting in a slight
~2.6% reduction in mAP@0.5:0.95, making YOLOv5n
a favorable option for deployment on resource-limited
platforms such as UAVs. Also, YOLOv5n outperforms
the OP-YOLO model, still requiring ~12 times less memory
and ~19 times less FLOPs.

6.1. Benchmarking Against Faster R-CNN. To ensure a fair
comparison, faster R-CNN models (ResNet50, Inception-
ResNetV2, and ResNet152V1) [49-51] were trained using
the same training, validation, and testing configurations as
the YOLO-based models (see Table 10). This includes
identical image resolution (640 x 640), number of training
epochs (100), and batch size (16), using Adam as the op-
timizer [44] (initial learning rate of 0.01) and applying
a weight decay of 0.0005 for regularization. No early
stopping or dropout was used. The same preprocessing steps
and targeted data augmentation techniques were applied,
maintaining consistency across all evaluated models. The
training was conducted on the same GPU environment
described in Section 4 to ensure consistent hardware usage
and reproducibility.

Comparison of Tables 7 and 10 shows that the identified
YOLO-based architectures consistently perform better than
all variations of Faster R-CNN models. In particular,
YOLOVS], YOLOvV5n, and OP-YOLO achieved 0.994, 0.993,
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TaBLE 8: Test result comparison with the occlusion-augmented test set.
Metric YOLOvV5n YOLOvSI OP-YOLO
mAP@0.5 0.913 0.947 0.935
mAP@0.5:0.95 0.719 0.757 0.748
Average precision (IOU =0.5) 0.892 0.948 0.939
Average recall (IOU=0.5) 0.856 0.889 0.873
TaBLE 9: Test result comparison with the noise-augmented test set.
Metric YOLOv5n YOLOvSI OP-YOLO
mAP@0.5 0.512 0.509 0.548
mAP@0.5:0.95 0.402 0.452 0.492
Average precision (IOU =0.5) 0.384 0.452 0.547
Average recall (IOU=0.5) 0.486 0.507 0.582
TaBLE 10: Comparative test results with faster R-CNN models.
. Faster R-CNN

Metric

ResNet50 InceptionResNetV2 ResNet152V1
mAP@0.5 0.975 0.869 0.890
Average precision (IOU =0.5) 0.821 0.667 0.890
Average recall (IOU=0.5) 0.881 0.790 0.721

Input image

Processed image

Raspberry Pi 5

FIGURE 13: Raspberry Pi 5 setup with cooling fan, power supply, camera, monitor, keyboard, and mouse connections.

and 0.994 mAP@0.5, respectively, while the best faster
R-CNN (ResNet50) achieved a maximum mAP@0.5 of
0.975. Regarding the average precision metric, YOLOVS],
YOLOvV5n, and OP-YOLO achieved 0.992, 0.979, and 0.991,
respectively, while the highest average precision among the
faster R-CNN models was only 0.89 (ResNet152V1). Finally,
regarding the average recall at IOU=0.5, YOLOVSI,
YOLOV5n, and OP-YOLO achieved 0.989, 0.971, and 0.992,
respectively, while the best faster R-CNN (ResNet50)
achieved 0.881.

6.2. Edge Deployment Feasibility. In real-world scenarios,
both memory usage and prediction accuracy are key factors.
For instance, UAV’s typically have hardware limitations that
restrict their ability to store large pretrained model weights
and carry out predictions efficiently. As outlined in the
model training and selection section, no final decision was
made between the YOLOv8], YOLOv5n, and OP-YOLO

models. However, considering a multicriteria decision-
making strategy to balance between model complexity
and accuracy, OP-YOLO appears to be the most favorable
choice.

This section explores deploying the selected models on
resource-limited edge devices for real-time classification of
high-voltage insulator mechanical fault detection. While
modern GPUs handle deep learning tasks well, devices in-
cluding Raspberry Pi [52] face challenges such as limited
memory, power, and battery life. YOLOvS8], YOLOv5n, and
OP-YOLO were tested on a Raspberry Pi 5 [52] Model B
(4 GB RAM, 5V/4A), chosen for its cost-effectiveness and
suitability for edge computing. The setup included a 16 GB
MicroSD card, adapters, and a cooling fan (see Figure 13),
with the software environment based on Raspberry Pi OS
Bookworm 12 and PyTorch 2.5.1.

Table 11 presents the inference performance of
YOLOV8I], YOLOv5n, and OP-YOLO on video data using
Raspberry Pi 5. YOLOv5n delivers the fastest inference
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TaBLE 11: Performance of YOLOvVS], YOLOv5n, and OP-YOLO
models.

Inference (s) FPS Memory (GB)
YOLOvSI 3.6 0.2 0.275
YOLOvV5n 0.2 4.0 0.337
OP-YOLO 1.8 0.6 0.245

(0.2s) and highest frame rate (4 FPS), but with slightly
higher memory usage (0.337 GB). OP-YOLO offers a well-
balanced trade-off, achieving moderate speed (1.8s), rea-
sonable frame rate (0.6 FPS), and the lowest memory
consumption (0.245GB). In contrast, YOLOv8]l demon-
strates the slowest performance (3.6s and 0.2 FPS) with
higher memory usage (0.275 GB), making it suboptimal for
real-time edge deployment. Overall, OP-YOLO emerges as
a more efficient and practical choice for resource-
constrained platforms such as Raspberry Pi 5.

7. Conclusion

Outdoor electrical insulators are essential components of the
power grid, serving both as structural supports and as
electrical insulators for power lines. To facilitate their un-
interrupted operation, performing regular inspections of
insulators is crucial. This study provided an in-depth dis-
cussion of various insulator diagnostic techniques. The re-
cent development of deep learning and computer vision
facilitates the implementation of automated UAV-based
insulator condition diagnostic techniques, which can re-
place the costly old-style manual inspection. In particular,
computer vision-based aerial image analysis helps reduce
inspection time and prevent subjective assessments by on-
site maintenance operators. Practically, widely accepted
YOLOV3, YOLOvV5, and YOLOVS architectures were trained
and evaluated in the classification of commonly encountered
insulator mechanical defects, including bird pecking,
cracking, and missing cap faults.

A two-stage model selection procedure was deployed to
identify the best YOLO model based on the prediction ac-
curacy. Based on the performance of the validation set,
YOLOV8I outperformed other models and achieved a mAP@-
0.5:0.95 of 0.933. Moreover, the “lightest” architecture, in-
cluding YOLOvV5n, required ~20.9 times less memory and
~40.2 times fewer FLOPs than YOLOV8l and achieved
a mAP®@0.5:0.95 of 0.909 on the validation set. Alongside
YOLOv8] and YOLOvV5n, an “optimal” model, OP-YOLO,
was selected using a multicriteria decision-making approach
that balances detection accuracy and computational effi-
ciency. OP-YOLO model offers the best overall trade-off, with
high detection accuracy (mAP@0.5:0.95 of 0.931) and
moderate computational demands, reaching a maximum
value of 0.868 for the defined composite score.

On the test set, YOLOv8], YOLOv5n, and OP-YOLO
achieved an mAP@0.5:0.95 of 0.919, 0.901, and 0.896 and
a remarkably high mAP®@0.5 of 0.995, 0.994, and 0.994,
respectively. Based on the result, it was recommended to
deploy YOLOvVSI when the optimal performance is a prior-
ity, and YOLOv5n in resource-constrained hardware, such

International Transactions on Electrical Energy Systems

as embedded devices used in UAVs. Also, it was recom-
mended to deploy the OP-YOLO model, selected based on
a multicriteria decision-making framework, when the trade-
off between performance and computational efficiency is
desired.

One key limitation of the presented approach is the
significant drop in performance when evaluated on noise-
augmented data, indicating limited robustness to sensor
imperfections and low-light conditions. This degradation
suggests that the current training setup lacks sufficient
varijability to generalize across real-world challenges. To
overcome this limitation, future research should aim to
enlarge the training dataset by incorporating noise-
augmented and occlusion-augmented data, thereby im-
proving model robustness. Additionally, incorporating
multimodal inputs, such as IR or thermal imaging, could
enhance detection capabilities under extreme conditions
such as poor visibility or adverse weather, enabling the
development of more robust fault detection systems in
practical UAV deployments.

Despite these limitations, the results demonstrate the
high effectiveness of YOLOv8], YOLOv5n, and OP-YOLO
models in insulator damage classification from various
complex insulator scenes, such as multiple objects in the
frame, various camera angles and distances, different illu-
mination levels, and cluttered backgrounds. Furthermore,
YOLOV8], YOLOv5n, and OP-YOLO showed a marked
advantage in terms of performance over the leading two-
stage models (faster R-CNN with different backbone ar-
chitectures). Combining the proposed aerial image-based
inspection method with already existing diagnostic tech-
niques, such as insulator flashover, porosity, leakage current,
impulse withstand, and dielectric dissipation factor mea-
surement, can improve the prediction performance and
reliability of the insulator damage diagnosis.
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