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Abstract: This paper presents an enhanced version of YOLOv8 specifically designed for detecting
damage in overhead power lines. Firstly, to improve the model’s robustness, an adaptive threshold
mechanism is introduced that can dynamically adjust the detection threshold based on the brightness,
contrast, and other characteristics of the input image. Secondly, a novel convolution method, GSConv,
is adopted in the YOLOv8 framework, which balances the model’s running speed and accuracy.
Finally, a lightweight network structure, Slim Neck, is introduced, effectively reducing the model’s
complexity and computational load while maintaining good performance. These improvements
enable our YOLOv8 model to achieve excellent performance in detecting ‘thunderbolt’ and ‘break’
types of cable damage. Experimental results show that the improved YOLOv8 network model has an
average detection accuracy (mAP) of 90.2%, a recall rate of 91.6%, and a precision of 89.8% on the
‘Cable Damage Detection’ dataset from RoboFlow for ‘thunderbolt’. For ‘break’, the mAP is 86.5%,
the recall rate is 84.1%, and the precision is 86.1%. Compared with the original YOLOv8 model,
these indicators have been significantly improved, highlighting the high practical value and strong
generalization ability of the proposed algorithm in detecting damage to overhead power lines. This
also demonstrates the high practical value of the method in future research directions.

Keywords: YOLOv8; GSConv; slim neck; overhead power line damage detection

1. Introduction

Overhead power lines play a crucial role in power transmission systems, which are
responsible for delivering electrical energy. However, these power lines face various natural
and man-made threats, such as lightning strikes, wind and snow, birds, trees, pollution,
and corrosion [1,2]. These threats can cause damage to the power lines, thereby affecting
the safety and stability of power transmission. For example, lightning strikes are a common
natural threat that can cause transient overvoltages in power lines, trigger arc discharges,
and damage power lines and insulators. Wind and snow can increase the mechanical load
on power lines, even leading to breakage. Birds may nest on power lines, causing short
circuits. Trees may come into contact with power lines, causing grounding. Pollution
can reduce the insulating performance of power lines, triggering breakdown discharges.
Corrosion can reduce the mechanical strength of power lines, affecting their service life [3–7].
These threats require us to take effective preventive and responsive measures. Therefore,
the timely and effective detection of damage to overhead power lines is an important
measure to ensure the operation of the power grid.

In past research, the detection of damage to overhead power lines has become a
widely focused topic. Numerous technical attempts have emerged, including traditional
techniques and some emerging techniques, such as CNN, GAN, and deformable visual
transformations [8–10]. However, these methods often face a series of challenges and
limitations when dealing with the complex environment and diverse damage features of
overhead power lines.
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In the field of overhead power line damage detection, traditional techniques currently
rely mainly on manual or drone methods for detection [11,12]. However, these methods
have certain shortcomings. The manual detection process is cumbersome, time consuming,
and dangerous, relying on the subjective judgment of the inspector, and it is difficult to
adapt to complex and changing environments; although drone detection can cover a large
area quickly and safely, it is costly, greatly affected by the environment, and data processing
is complex and requires professional operation and maintenance [13–15].

In the research on CNN, GAN, and deformable visual transformations, although these
techniques have explored overhead power line damage detection, there are also some
obvious shortcomings. First, traditional convolutional neural networks (CNNs) may have
limitations in capturing multi-scale, multi-shape damage features [16]. In the complex
environment of overhead power lines, damage features may have huge variations, and
traditional CNN architectures may struggle to effectively adapt to this diversity. Second,
although generative adversarial networks (GANs) have made significant progress in image
generation and processing tasks, they may be restricted by training data and the complexity
of damage features in actual power line damage detection. The training process of GANs
may require a large amount of annotated data [17], and in power line damage detection,
obtaining a large-scale and accurately annotated dataset may be challenging. In addition,
deformable visual transformation methods, although they have a certain degree of flexibil-
ity, may still have some limitations in dealing with the diversity and complexity of power
line damage. These methods may need more powerful and intelligent feature extraction
and transformation mechanisms to adapt to the various shapes and scene changes of power
line damage. Therefore, it is particularly urgent to use computer vision technology to
achieve the automatic, intelligent, and efficient damage detection of overhead power lines.

In recent years, deep learning has made major breakthroughs in the field of computer
vision, especially object detection technology, which has shown strong performance and
application potential in multiple fields [18,19]. The purpose of object detection technology
is to locate and identify objects of interest in images, usually including two steps: object
localization and object classification. Object localization is used to find out the location
and range of objects in the image, which are usually represented by bounding boxes;
object classification is used to judge which category the object belongs to, and it is usually
represented by category labels. Object detection technology can be divided into two types:
region-based methods and regression-based methods. Region-based methods first generate
some candidate regions; then, they classify and regress each region to obtain the final
detection result. Regression-based methods directly regress the position and category of
objects from the image, do not generate candidate regions [20], and are therefore faster
and more efficient. YOLO (You Only Look Once) is a typical regression-based object
detection method [21–23]. It divides the image into multiple grids, predicts a fixed number
of bounding boxes and category probabilities for each grid, and then filters out the final
detection result based on confidence. YOLO has the advantages of fast speed, high accuracy,
and strong generalization ability, and it has become one of the mainstream methods in the
field of object detection.

The adaptive threshold mechanism is a dynamic technique in image processing that
adjusts the detection sensitivity based on the brightness, contrast, and other features of the
input image [24,25]. In overhead power line damage detection, changes in illumination,
weather conditions, and other factors under different environmental conditions may af-
fect the feature performance of the image. Therefore, introducing an adaptive threshold
mechanism can help the model better adapt to different environments and improve the
robustness of the model. This mechanism can learn the feature changes of the image during
the training process so that the model can effectively adjust the threshold under different
scenarios, thereby improving the accuracy and robustness of damage detection.

GSConv is a convolution method that introduces a more flexible way of information
interaction in the model through grouping and random permutation [26,27]. In overhead
power line damage detection, images may contain damage features of different scales and
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shapes, and traditional convolution methods may struggle to fully capture these diverse
features. GSConv enhances the model’s perception of different features through grouping
and random permutation, improving the model’s detection accuracy. At the same time,
GSConv effectively balances the computational burden of the model while maintaining the
model’s running speed, making the model more suitable for the task of overhead power
line damage detection in actual scenarios.

Slim Neck is a lightweight network structure designed to reduce the complexity
and computational burden of the model while maintaining good performance [28,29]. In
overhead power line damage detection, due to the large amount of data and the need
for the model to perform inference in real-time or near real-time scenarios, lightweight
network structures become particularly important. Slim Neck optimizes the network
structure, reduces redundant parameters and computational units, and achieves improved
model running efficiency while maintaining detection accuracy [30]. This lightweight
design makes the model more operable and better able to meet the requirements of actual
applications.

This paper aims to propose an enhanced version of YOLOv8 for overhead power
line damage detection. The adaptive threshold mechanism, GSConv, and Slim Neck are
integrated into the YOLOv8 framework to form a new architecture. The adaptive threshold
mechanism can dynamically adjust the detection threshold based on the brightness, contrast,
and other features of the input image, thereby improving the robustness of the model.
GSConv is a novel convolution method that can balance the running speed of the model
while maintaining model accuracy. Slim Neck is a lightweight network structure that can
reduce the complexity and computational burden of the model while maintaining good
performance.

The main contributions of this paper are as follows. (1) For the problem of high-voltage
transmission line damage detection, an enhanced version of YOLOv8 is proposed. This
method integrates the adaptive threshold mechanism, GSConv, and Slim Neck into the
YOLOv8 framework, thereby improving the robustness, speed, and efficiency of the model.
(2) Comprehensive experiments were conducted on the high-voltage transmission line
damage detection dataset. These experiments verified the effectiveness and superiority of
the proposed method as well as compared it with existing methods, demonstrating the
advantages and characteristics of the proposed method.

The structure of this paper is arranged as follows: Section 2 describes the proposed
method in detail, including the design and implementation of the adaptive threshold
mechanism, GSConv, and Slim Neck. Section 3 reports the experimental results and
analysis, including the dataset, evaluation indicators, experimental settings, experimental
results, and comparative experiments. Section 4 provides a summary of the proposed
method and makes predictions about its potential usefulness. At the same time, we
highlight the strengths and weak-nesses of the method, as well as the directions for further
research that we plan to undertake.

2. Optimized YOLO v8 Technique for Defect Identification

This section introduces an optimized YOLO v8 technique for defect detection. Firstly,
the YOLO v8 algorithm will be outlined, which is followed by a discussion on the applica-
tion of adaptive threshold processing in power line damage recognition. Subsequently, an
enhancement of YOLOv8 based on GSConv will be presented. Finally, overhead power
line damage detection based on Slim Neck will be explored.

2.1. Overview of the YOLO v8 Algorithm

YOLOv8 is the latest version of an object detection algorithm known as “You Only
Look Once”, which was proposed by Ultralytics in 2023. The name implies that this
algorithm only needs to look at an image once to identify the objects within it, giving it a
significant speed advantage.
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Compared to previous versions (such as YOLO v3, v4, v5, YOLOX, and v7), YOLOv8
has improved in terms of accuracy and detection precision. This is mainly due to its three
main components: input, backbone, and head [31].

‘Input’ is the image we want to detect. ‘Backbone’ is a neural network whose task is to
extract useful information, known as “features”, from the input image. These features can
help us understand what the objects in the image are and where they are located. ‘Head’
is another neural network whose task is to use the features extracted by the backbone to
predict the type and location of objects in the image. Although YOLOv8 still uses the model
structure of YOLO v5, it has been improved in many ways, making it superior in terms of
developer experience and architecture. For example, YOLOv8 introduces new techniques
such as spatial attention, feature fusion, and context aggregation. These techniques enable
YOLOv8 to detect objects in images faster and more accurately, making it a key technology
in the field of object detection. Figure 1 contains a structure diagram of the improved
YOLOv8 model [32,33].
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Advantages: The YOLOv8 model surpasses other YOLO series models in terms of
accuracy and detection precision. By introducing spatial attention, feature fusion, and
context aggregation modules, it enables faster and more accurate object detection.

Disadvantages: Despite the improvements made in many aspects of YOLOv8, there are
still some limitations. For instance, its ability to detect small targets needs to be improved,
and its adaptability to complex backgrounds also needs further optimization.

2.2. Application of Adaptive Thresholding in Power Line Damage Identification

In this research, an adaptive threshold mechanism is introduced that can dynamically
adjust the detection threshold [34]. This mechanism adjusts the threshold based on the
‘brightness’ and ‘contrast’ characteristics of the input image, enabling the model to adapt to
various environmental conditions and thereby enhancing the robustness of the model.

It is noted that the brightness and contrast of the input image significantly affect
the detection threshold. Therefore, an algorithm is designed that dynamically adjusts
the detection threshold based on the brightness and contrast of the input image. If the
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brightness of the input image is high, the detection threshold is correspondingly increased
to avoid false detections caused by overly bright pixels. Conversely, if the brightness of the
input image is low, the detection threshold is lowered to avoid missing detections due to
overly dark pixels. As shown in Figure 2, the image is first read, and its brightness and
contrast are calculated. Then, two histograms are constructed to visualize these parameters:
one for displaying brightness and the other for displaying contrast. In the histogram
of brightness, the average value of brightness is marked with a red dashed line. In the
histogram of contrast, the range of contrast, i.e., the standard deviation of brightness, is
marked with two blue dashed lines. This visualization method can help better understand
the distribution of brightness and contrast in the image, thereby providing an intuitive
basis for the adaptive threshold mechanism.
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To implement this dynamic threshold adjustment, a base threshold T0 is first defined.
Then, T0 is adjusted based on the brightness B and contrast C of the input image to obtain
the final detection threshold T. This adjustment process can be represented by the following
formula:

T = T0 + K1 × B + K2 × C (1)

In this formula, k1 = 0.1, k2 = 0.2, and T0 = 0.5 are set. These three parameters are
obtained through experiments and optimization. They determine the degree of influence
of brightness and contrast on the threshold.

In the process of determining the parameters in Formula (1), a base threshold T0 is first
defined according to empirical values. Then, T0 is adjusted based on the brightness B and
contrast C of the input image to obtain the final detection threshold T. Some experiments
based on empirical values were conducted, and the following outline the experimental
process and results:
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As illustrated in Table 1, a series of experiments were conducted where the base
threshold T0 was varied while keeping K1 and K2 constant. The experimental results
indicate that when T0 is set to 0.5, the detection accuracy rate reaches its peak at 89.7%.
However, as T0 continues to increase, the detection accuracy rate begins to decline. These
findings underscore the importance of selecting an appropriate value for T0 for optimal
detection performance.

Table 1. Results of the threshold adjustment experiment based on empirical values.

Experiment Number T0 K1 K2 Detection Accuracy Rate

1 0.4 0.1 0.2 85.3%
2 0.5 0.1 0.2 89.7%
3 0.6 0.1 0.2 88.6%
4 0.7 0.1 0.2 87.2%
5 0.8 0.1 0.2 86.1%
6 0.9 0.1 0.2 85.9%

From the table above, it can be seen that when T0 = 0.5, k1 = 0.1, and k2 = 0.2, the
detection accuracy of the model is the highest. Therefore, this set of parameters was chosen
as the empirical values. Then, based on these empirical values, more tests were conducted,
and the following are the experimental process and results:

As illustrated in Table 2, we conducted a series of experiments where the values of K1
and K2 were varied while keeping T0 constant at 0.5. The experimental results indicate
that the detection accuracy of the model changes when the values of K1 and K2 are altered.
However, the model’s detection accuracy remains highest when T0 = 0.5, K1 = 0.1, and
K2 = 0.2. Therefore, we selected this set of parameters as the final parameters. This method
demonstrated effective results in the experiments, significantly improving the accuracy
and robustness of power line damage identification. These experimental results further
validate our selection.

Table 2. Model performance under comprehensive testing.

Experiment Number T0 K1 K2 Detection Accuracy Rate

1 1.0 0.1 0.2 84.5%
2 1.1 0.1 0.2 83.3%
3 0.5 0.2 0.2 88.1%
4 0.5 0.1 0.3 87.3%
5 0.5 0.2 0.3 86.5%
6 0.5 0.1 0.4 85.7%
7 0.5 0.2 0.4 84.9%
8 0.5 0.1 0.5 81.7%
9 0.5 0.2 0.5 83.3%

10 0.5 0.1 0.6 79.4%
11 0.5 0.2 0.6 81.7%
12 0.5 0.1 0.7 80.9%
13 0.5 0.2 0.7 76.9%
14 0.5 0.1 0.8 76.7%
15 0.5 0.2 0.8 75.3%
21 0.5 0.2 0.8 78.5%
22 0.5 0.1 0.9 77.7%
23 0.5 0.2 0.9 76.9%
24 0.5 0.1 1.0 76.1%
25 0.5 0.2 1.0 75.3%
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To further understand this formula, further derivation is carried out. The brightness
B of the input image is between 0 and 255, and the contrast C is between −127 and 127.
Therefore, the following formula can be obtained:

T = 0.5 + 0.1 × (0 ∼ 255) + 0.2 × (−127 ∼ 127) (2)

This formula indicates that when the brightness and contrast of the input image
change, the detection threshold T will also change correspondingly. This is what is referred
to as the adaptive threshold mechanism. As shown in Figure 3, this threshold is dynamically
adjusted based on the brightness and contrast of the image to adapt to the characteristics
of the image. Then, the adjusted threshold is applied to the image, binary processing is
carried out, and thus a new image is obtained.
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In this manner, the model can automatically adjust the detection threshold according
to the characteristics of the input image, thereby achieving good detection results under
various environmental conditions. This method has demonstrated effective results in
experiments, significantly enhancing the accuracy and robustness of power line damage
recognition.

2.3. YOLOv8 Enhancement Based on GSConv

GSConv is a special convolution operation that uses GS (Group Separable) convolution
to improve the model’s performance [35,36]. The goal of GSConv is to make the output of
Depthwise Separable Convolution (DSC) as close as possible to Standard Convolution (SC)
while reducing computational cost. GSConv can better balance the accuracy and speed of
the model.

The formula for GSConv can be expressed as:

GSConv(x) = Shuffle(GConv(x)) (3)

Here, x is the input feature map, GConv is the group convolution operation I defined,
and Shuffle is the channel shuffle operation I defined. I further define the GConv and
Shuffle operations as follows:

GConv(x) = ∑N
i=1 Conv(xi)Shuffle(x) = xπ(i) (4)

Shuffle(x) = xπ(i) (5)

where Conv is the convolution operation, N is the number of input feature maps, xi is the
i-th input feature map, and π is a permutation function used to shuffle the channels of the
input feature map, as shown in Figure 4.
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In the YOLOv8 model, this paper replaces the Standard Convolution (SC) in the
backbone network with GSConv to improve the efficiency and accuracy of the model. The
formula is:

YOLOv8(x) = GSConv(SC(x)) (6)

where SC is the standard convolution operation, and x is the input feature map. By replacing
SC with GSConv, the efficiency and accuracy of the YOLOv8 model can be improved.

To further understand the combination of GSConv and YOLOv8, this paper delves
deeper into the working principle of GSConv. It was found that the key to GSConv lies
in its two main components: Group Convolution (GConv) and Channel Shuffle. Group
convolution is a special convolution operation that divides the input feature map into
multiple groups and then performs convolution within each group. This can reduce the
computational load while maintaining the representational power of the model. Channel
shuffle is an operation that shuffles the output of group convolution to increase the diversity
of features.

The formula for GSConv can be further expanded as:

GSConv(x) = Shuffle(
N

∑
i=1

Conv(xi)) (7)

In the YOLOv8 model, the formula for replacing SC with GSConv is expressed as:

YOLOv8(x) = GSConv(SC(x)) = Shuffle(
N

∑
i=1

Conv(SC(xi))) (8)

where YOLOv8(x) represents the output of the YOLOv8 model, and x is the input feature
map.

Conv(SC(xi) represents the replacement of Standard Convolution (SC) with GSConv.

Shuffle(
N
∑

i=1
Conv(SC(xi)) is the specific implementation of GSConv, which included three

steps: First, perform Standard Convolution (SC) on the input feature map x, then perform
group convolution (Conv) on the output of SC, and finally perform channel shuffle on the
result of group convolution. Figure 5 shows the addition of the GSConv module in the
backbone structure of YOLOv8.
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2.4. Overhead Power Line Damage Detection Based on Slim Neck

Overhead power line damage detection is a crucial task in power line inspection, and
its accuracy directly impacts power safety. The target size of overhead power line damage
varies greatly, the damaged area is small, and the detection background is complex and
variable, which poses certain challenges to the detection.

The original YOLOv8 network model tends to ignore the detailed information of small
targets during the feature extraction process, leading to a decrease in detection accuracy. To
address this issue, the Slim Neck module is added to the backbone network of YOLOv8.

The Slim Neck module is based on the Efficient Aggregation Network E-ELAN, which
can assign higher weights to effective feature channels, suppress irrelevant background
features, and reduce the impact of background noise on target detection, thereby enhancing
the network model’s ability to judge the location and size of overhead power line dam-
age [37,38]. As shown in Figure 6, the specific structure of the Slim Neck module is as
follows:
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The specific structure of the Slim Neck module is as follows:

F[h, w, c] → CAP → 1 × 1 convolution → Featuremap weighting (9)

Here, F[h, w, c] represents the input feature map, where h denotes the height of the
feature map, w denotes the width of the feature map, and c denotes the number of channels.
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The GAP operation performs average pooling on each channel to obtain a new feature map
of size [1 × 1 × c]. The 1 × 1 convolution uses a convolution kernel of size 1 to convolve the
feature map obtained in the previous step, obtaining a new feature map that represents the
weight information of each channel. Feature map weighting multiplies the obtained weight
feature map with the original feature map channel by channel to obtain the weighted
feature map.

The formula for the Slim Neck module is as follows:

W = GAP(F) (10)

O = W × F (11)

Here, W represents the weight feature map, and O represents the weighted feature
map.

The GAP operation is an abbreviation for Global Average Pooling, which performs
average pooling on each channel of the input feature map to obtain a new feature map
of size [1 × 1 × c]. The 1 × 1 convolution is a convolution operation with a kernel size of
1 × 1, which can reduce or increase the dimension of the input feature map [39]. In the Slim
Neck module, the 1 × 1 convolution is used to calculate the weight feature map. Feature
map weighting is the multiplication of the weight feature map and the original feature map
channel by channel to obtain the weighted feature map.

The Slim Neck module avoids the use of fully connected layers, reducing the number
of model parameters. With a small number of parameters, it can effectively improve the
detection performance of the network model [40]. Experimental results show that adding
the Slim Neck module to the YOLOv8 network model can effectively improve the detection
accuracy of overhead power line damage. Figure 7 shows the addition of the Slim Neck
module in the YOLOv8 Neck structure.
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3. Experiments and Analysis

In order to comprehensively evaluate the performance of the enhanced YOLOv8 algo-
rithm, several experiments were conducted, including threshold parameter experiments,
different convolution distribution experiments, and comparisons with classic network
models. The details of these experiments are as follows.
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3.1. Model Implementation
3.1.1. Experiment Setup

The experimental environment of this study was conducted under the Ubuntu 18.04.6
operating system. The NVIDIA GeForce RTX 3090 graphics card with a total memory of
24 GB was used as the hardware platform for model training. In terms of processors, the
13th Gen Intel® Core™ i9-13900K was chosen. Pytorch 1.13 was used in terms of deep
learning network frameworks. All programming work was completed in the Python 3.10
environment. It is worth mentioning that because the GPU can run efficiently in the CUDA
12.0 environment and will not be disturbed by more tasks other than computation during
the model training process, it can complete computational tasks more efficiently. Therefore,
experiments were conducted in the CUDA 12.0 environment.

In terms of model training, the size of the input image was set to 640 × 640, the batch
size was set to 64, the number of workers was set to 16, and the number of training rounds
was set to 300. A pre-trained weight model was used, and the model training was updated
based on this. After 300 rounds of training, the model generated the final network weight
model. The image-based experimental environment of this paper is depicted in Table 3.
Furthermore, as illustrated in Figure 8, the experimental setup used in the research is
represented by a detailed flowchart. This diagram clearly outlines the entire process of
the experiment, beginning with the hardware and software configurations, followed by
model training, and culminating in the generation of the final network weight model. This
flowchart aids readers in gaining a deeper understanding of the experimental setup and
demonstrates how to achieve efficient computation while maintaining accuracy. This setup
ensures the computational efficiency and accuracy of the experiment.

Table 3. Hardware and software configuration for the experiments in this paper.

Software Details

Operating System Ubuntu 18.04.6
CPU Intel® Core™ i9-13900K
GPU NVIDIA GeForce RTX 3090

Training Environment CUDA 12.0
Memory Size 24 GB

Input 640 × 640
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3.1.2. Dataset Description

Two different datasets were used for the experiments: a self-made dataset for high-
resolution fault line target detection, and the Cable Damage Detection dataset from
RoboFlow for low-resolution fault line target detection. The self-made dataset contains
1318 overhead power line conductor damage images of different sizes and backgrounds
with a resolution of 15,282 × 1146 pixels. The Cable Damage Detection dataset from
RoboFlow contains 2430 overhead power line conductor damage images with a resolution
of 640 × 640 pixels. The overhead power line conductor damage in the two datasets is
marked with a labeling tool and divided into two main categories: breakage and thunder-
bolt. To improve the generalization ability of the network model, the self-made dataset and
the Cable Damage Detection dataset from RoboFlow are mixed and divided into training,
validation, and test sets in a ratio of 8:1:1. Due to the inability of the original dataset to
meet the generalization and universality of the experiment, the dataset is expanded by
randomly changing the brightness and contrast. The results of image data enhancement
and expansion are shown in Figure 9.
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3.1.3. Key Experimental Indicators

In order to fairly and accurately measure the advantages of the improved YOLOv8
algorithm, evaluation indicators such as precision, recall, and mean average precision
(mAP) were used to distinguish the network model. Precision refers to the proportion
of positive samples correctly predicted by the model among the samples predicted to be
positive. Recall refers to the proportion of the number of positive category samples correctly
predicted by the model to the total number of actual positive category samples. Among
them, TP (True Positive) is the positive class judged as the positive class, FP (False Positive)
is the negative class judged as the positive class, and FN (False Negative) is the positive
class judged as the negative class. In addition, the frame rate (frames per second, FPS)
indicates the number of images the model can process per second. The higher the frame
rate of the model’s processing, the faster the image detection.

3.2. Analysis and Discussion of Results
3.2.1. Introduction to the Enhanced Flowchart of Training, Validation, and Testing Process
for YOLOv8 Model

During the training process, the official YOLOv8 YAML file, namely “yolov8n.yaml”,
was adopted. Firstly, the model was built from the YAML file, and weights were transferred
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from the yolov8n.pt file. This weight file contains pre-trained model weights, which can
help prevent overfitting in the early stages of training and also accelerate the training
process.

Next, some key training parameters were set. The initial learning rate lr0 was set to
0.01, which is a common initial learning rate for Stochastic Gradient Descent (SGD). The
final learning rate lrf was also set to 0.01, meaning that during the training process, the
learning rate would gradually decrease, eventually reaching 0.01. The optimizer’s weight
decay weight_decay was set to 0.0005. Weight decay is a regularization technique that
can prevent model overfitting. Some weights of the loss function were also set. The box
parameter was set to 7.5, which is the parameter controlling box loss. The cls parameter
was set to 0.5, which is the parameter controlling class loss. The dfl parameter was set to
1.5, which is the parameter controlling DFL loss. During the training process, Stochastic
Gradient Descent (SGD) was used as the optimization algorithm. Some data augmentation
techniques, such as random cropping, scaling, and flipping, were also used to enhance
the model’s generalization ability. During the training process, a validation set was used
to periodically evaluate the model’s performance. This validation set was split from the
mixed dataset made from the self-made dataset and the Cable Damage Detection dataset
from RoboFlow with a ratio of 8:1:1. In this way, the model has not seen the validation set
data during the training process, so it can provide a fair evaluation.

After the model training was completed, a detailed testing process was carried out to
evaluate the model’s performance. Here are the steps for testing. First, during the testing
process, the model was applied to each image in the test set, and the model’s prediction
results were recorded. Then, the model’s prediction results were compared with the actual
labels to calculate the model’s performance metrics. For performance evaluation, precision,
recall, mAP50, and parameter metrics were used to evaluate and comprehensively reflect
the model’s performance. All of the above training, validation, and testing processes can
be found in the flowchart in Figure 10. Figure 10 provides a detailed depiction of the entire
process, including the inputs and outputs of each step, and how they are interconnected.
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3.2.2. Comparison of Experiments with Different Parameters

In the experiments, three key parameters were used: K1, K2, and T0, which are the core
of the adaptive threshold mechanism. These parameters allow for the dynamic adjustment
of the detection threshold based on the brightness and contrast of the input image. The
K1 parameter primarily influences how the detection threshold is adjusted based on the
brightness of the input image. If the value of K1 is larger, then the model will be more
sensitive to images with higher brightness. Conversely, if the value of K1 is smaller, then the
model will be more sensitive to images with lower brightness. The K2 parameter primarily
affects how the detection threshold is adjusted based on the contrast of the input image.
If the value of K2 is larger, then the model will be more sensitive to images with higher
contrast. Conversely, if the value of K2 is smaller, then the model will be more sensitive
to images with lower contrast. The T0 parameter is the baseline threshold of the adaptive
threshold mechanism. The model will adjust this baseline threshold based on the values of
K1 and K2 and the brightness and contrast of the input image.

To better understand how these parameters affect the performance of the model, a
series of experiments was conducted and the results under different parameter settings
were listed in Table 4. As shown in Table 4, when the parameters are set to K1 = 0.1,
K2 = 0.2, and T0 = 0.5, the model performs best in the ‘Thunderbolt’ and ‘Break’ categories.
Specifically, the precision, recall, and mAP50 for the ‘Thunderbolt’ category reached 87.7%,
91.5%, and 90.1% respectively, while those for the ‘Break’ category were 86.2%, 85.3%, and
87.6%. This parameter setting not only optimized the performance of the ‘Thunderbolt’
category but also achieved significant improvement in the ‘Break’ category. Therefore, it is
reasonable to choose K1 = 0.1, K2 = 0.2, and T0 = 0.5 as the parameter settings, which will
help improve the generalization ability and practical potential of the model.

Table 4. Comparison of results obtained with different parameter settings.

Labels Parameters Precision Recall mAP50

Thunderbolt
/

78.3% 82.6% 83.3%
Break 76.7% 77.1% 79.5%

Thunderbolt
K1 = 0.05; K2 = 0.15; T0 = 0.4

78.1% 85.2% 82.1%
Break 76.3% 82.8% 84.1%

Thunderbolt
K1 = 0.1; K2 = 0.2; T0 = 0.5

87.7% 91.5% 90.1%
Break 86.2% 85.3% 87.6%

Thunderbolt
K1 = 0.15; K2 = 0.25; T0 = 0.6

80.4% 87.1% 89.4%
Break 79.7% 81.5% 84.9%

Thunderbolt
K1 = 0.2; K2 = 0.3; T0 = 0.7

78.8% 87.3% 84.3%
Break 76.9% 80.9% 81.7%

To further demonstrate the effectiveness of the adaptive threshold mechanism in de-
tecting damages to overhead power lines under different brightness and contrast conditions,
the custom dataset was expanded to include four types of datasets: low brightness, high
brightness, low contrast, and high contrast. These datasets were trained using the best.pt
model. As shown in Figures 11 and 12, the detection results indicate that the YOLOv8
model with the adaptive threshold mechanism is more effective and accurate in detecting
the damage to the overhead power lines compared to the original YOLOv8 model.
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3.2.3. Comparison of Different Layer Additions in GSConv Module

In order to evaluate the performance of GSConv in the damage detection of overhead
power lines, this study compared it with the traditional convolution (Conv) in the YOLOv8
network model. GSConv is a new lightweight convolution technology that can maintain
accuracy while reducing the model. GSConv achieves an excellent balance between model
accuracy and speed. In the damage detection of overhead power lines, GSConv can achieve
damage detection by extracting features. In this experiment, four sets of experiments
were conducted: In the first set, GSConv was added to the fifth layer of the YOLOv8
backbone network; In the second set, GSConv was added to the seventh layer of the
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YOLOv8 backbone network; In the third set, GSConv was simultaneously added to both
the fifth and seventh layers of the YOLOv8 backbone network; In the fourth set, GSConv
was not added to any layer. The purpose of these four sets of experiments was to evaluate
the impact of adding GSConv at different layers on model performance.

The data from the Table 5 show that applying GSConv in the fifth and seventh layers
can effectively optimize the model’s performance. When GSConv is applied in the fifth and
seventh layers, the mAP50 of the ‘Thunderbolt’ category reaches 84.5%, and the mAP50
of the ‘Break’ category reaches 86.3%. At the same time, the model’s parameter size is
reduced from 6.3 to 5.7 MB, and GFLOPs are also reduced from 8.1 to 7.5. These results
indicate that GSConv can effectively reduce the model’s complexity and computational
load while maintaining its performance. Therefore, it is believed that applying GSConv in
the fifth and seventh layers is an effective optimization strategy, which will help improve
the practicality and generalization ability of the model.

Table 5. Analysis of the results of adding GSConv module.

Labels GSConv Layers Params mAP50 GFLOPs

Thunderbolt
/ 6.3 MB

83.5%
8.1Break 85.5%

Thunderbolt 5th Layer 6.2 MB
83.7%

8.0Break 86.3%

Thunderbolt 7th Layer 6.0 MB
84.5%

8.0Break 86.2%

Thunderbolt 5th and 7th Layers 5.7 MB
84.5%

7.5Break 86.3%

3.2.4. Comparative Analysis of Adding Slim Neck Module

Adding the Slim Neck module to YOLOV8 can improve the performance of the
model while achieving better accuracy and speed. Slim Neck uses GSConv, a lightweight
convolution technology that can reduce the burden of the model while maintaining accuracy.
When this technology is applied to the damage detection of overhead power lines, it can
improve the accuracy and efficiency of detection. This experiment replaces the convolution
(C2f) in the YOLOv8 network model with the Slim Neck module and compares it with the
original model.

As can be seen from the data in the Table 6, compared with C2f convolution, Slim
Neck convolution has a slight increase in the speed of PyTorch, the number of parameters
is reduced, mAP50 is almost unchanged in Thunderbolt, there is an increase in break, and
GFLOPs are significantly reduced. This shows that Slim Neck convolution can improve the
running speed and efficiency while maintaining the performance of the model, and it can
also reduce the complexity of the model.

Table 6. Analysis of the results of adding Slim Neck module.

Labels GSConv Layers speed_PyTorch Params mAP50 GFLOPs

Thunderbolt
C2f 0.486 6.3 MB

0.959
8.1Break 0.855

Thunderbolt
Slim Neck 0.566 5.5 MB

0.958
6.7Break 0.902

3.2.5. Comparison of Ablation Experiments

In order to evaluate the accuracy and effectiveness of the algorithm proposed in this
paper, and to examine the impact of each module on the performance indicators of the
model, ablation experiments were conducted on the Cable Damage Detection dataset from
RoboFlow. The YOLOv8 model was used as the base model, and different modules were
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gradually added to evaluate the performance indicators of the network model. Table 7
shows the results of the ablation experiments.

Table 7. Comparison results of ablation experiments.

Labels Methods Precision Recall mAP50 Params

Thunderbolt
YOLOv8

79.3% 82.6% 83.3%
6.3 MBBreak 76.7% 77.1% 79.5%

Thunderbolt YOLOv8 + Adaptive Threshold 87.7% 91.5% 90.1%
6.3 MBBreak 86.2% 85.3% 87.6%

Thunderbolt YOLOv8 + Adaptive Threshold + GSConv 86.9% 89.5% 88.4%
5.8 MBBreak 87.1% 83.7% 87.9%

Thunderbolt YOLOv8 + Adaptive Threshold + GSConv + Slim Neck 87.8% 91.6% 90.2%
5.2 MBBreak 86.1% 84.1% 86.5%

In the research, a series of improvements were made to the YOLOv8 model, and the
effectiveness of these improvements was verified through ablation experiments.

Firstly, an adaptive threshold was added to the base YOLOv8 model. This improve-
ment significantly enhanced the model’s performance in handling the ‘Thunderbolt’ cate-
gory with precision increasing from 79.3% to 87.7%, recall from increasing 82.6% to 91.5%,
and mAP50 increasing from 83.3% to 90.1%. For the ‘Break’ category, precision increased
from 76.7% to 86.2%, recall increased from 77.1% to 85.3%, and mAP50 increased from
79.5% to 87.6%.

Then, on the basis of adding the adaptive threshold, GSConv was further added. This
improvement led to a slight decrease in precision to 86.9% for the ‘Thunderbolt’ category,
but both recall and mAP50 increased to 89.5% and 88.4%, respectively. For the ‘Break’
category, precision slightly increased to 87.1%, but recall slightly decreased to 83.7%, and
mAP50 slightly increased to 87.9%. Meanwhile, the model’s parameter size was reduced
from 6.3 to 5.8 MB.

Finally, Slim Neck was added. This resulted in an increase in precision to 87.8%, recall
to 91.6%, and mAP50 to 90.2% for the ‘Thunderbolt’ category. For the ‘Break’ category,
precision slightly decreased to 86.1%, but both recall and mAP50 slightly increased to 84.1%
and 86.5%, respectively. At the same time, the model’s parameter size was further reduced
to 5.2 MB.

The experimental results show that the series of improvements made to the YOLOv8
model significantly enhanced the model’s performance, effectively reducing the model’s
complexity while maintaining high accuracy and recall rate.

3.2.6. Experimental Comparison of Different Network Models

The improved YOLOv8 algorithm proposed in this paper is evaluated by using the
Cable Damage Detection dataset from RoboFlow, and its performance is compared with
several mainstream object detection network models, such as the single-stage object detec-
tion algorithms YOLO v3, YOLO v4, YOLO v5, YOLO7, YOLO8, and SSD and the two-stage
object detection algorithm Faster R-CNN. Table 8 shows the relevant performance metrics
obtained from the experiments.

As shown in Table 8, the detection results of different network models were compared.
In terms of precision, recall, and mAP50, these models performed exceptionally well,
achieving 90.3%, 91.6%, and 93.1%, respectively. These results are significantly superior to
other models such as YOLOv3, YOLOv4, YOLOv5, YOLOv7, YOLOv8, Fast RCNN, and
SSD.

As illustrated in Figure 13, the test results of different models on RoboFlow’s Ca-
ble Damage Detection dataset indicate that these models are more accurate in detecting
breakage and thunderbolt than other models. This demonstrates that these models exhibit
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certain efficiency and stability when processing large-scale datasets, giving them certain
advantages in practical applications.

Table 8. Detection results of different network models.

Methods Precision Recall mAP50

YOLOv3 78.2% 72.1% 83.2%
YOLOv4 76.6% 74.2% 75.3%
YOLOv5 81.2% 81.6% 83.9%
YOLOv7 83.1% 82.3% 83.6%
YOLOv8 82.6% 81.2% 80.4%

Fast RCNN 63.2% 82.6% 84.3%
SSD 78.4% 78.2% 79.1%
Ours 90.3% 89.6% 91.1%
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Next, the results of the newly introduced models in Table 9, EfficientDet, CenterNet,
RetinaNet, and Mask R-CNN, are compared with the improved YOLOv8 algorithm. Among
these new models, the precision (88.3%) and mAP50 (90.1%) of EfficientDet are slightly
lower than the improved YOLOv8 algorithm, but its recall rate (84.6%) is higher. This
may be because EfficientDet’s performance is slightly inferior when dealing with some
complex scenarios, but it excels in identifying targets in images. The precision (86.4%) and
mAP50 (87.7%) of CenterNet are both lower than the improved YOLOv8 algorithm, but its
recall rate (91.2%) is the highest among all models. This indicates that CenterNet excels
in detecting all positive cases (i.e., real targets), but it may produce more false positives
(i.e., erroneous detections). The precision (90.6%) of RetinaNet is slightly higher than the
improved YOLOv8 algorithm, which may be because RetinaNet uses a special loss function
(i.e., Focal Loss), making it excellent in dealing with class imbalance issues. However,
its recall rate (89.2%) and mAP50 (88.6%) are both lower than the improved YOLOv8
algorithm. All indicators of Mask R-CNN are lower than the improved YOLOv8 algorithm,
which may be because Mask R-CNN is mainly designed for instance segmentation tasks,
not pure object detection, so it may not be as good as dedicated object detection models on
some object detection indicators.

Table 9. Performance comparison between the enhanced version of YOLOv8 and other state-of-the-art
models.

Methods Precision Recall mAP50

EfficientDet 88.3% 84.6% 90.1%
CenterNet 86.4% 91.2% 87.7%
RetinaNet 90.6% 89.2% 88.6%

Ours 90.3% 89.6% 91.1%

Overall, although newly introduced models surpass the enhanced YOLOv8 algorithm
in some performance metrics, the enhanced YOLOv8 algorithm still excels in compre-
hensive performance. This is primarily due to improvement strategies, including the
introduction of an adaptive threshold mechanism to enhance the model’s robustness. This
mechanism can dynamically adjust the detection threshold based on the brightness, con-
trast, and other characteristics of the input image. Secondly, a new convolution method,
GSConv, is adopted in the YOLOv8 framework, which balances the model’s running speed
and accuracy. Finally, a lightweight network structure, Slim Neck, is introduced, effectively
reducing the model’s complexity and computational load while maintaining good perfor-
mance. These improvements enable the YOLOv8 model to excel in detecting ‘thunderbolt’
and ‘break’ types of cable damage. Especially in handling complex scenarios and class
imbalance problems, the enhanced YOLOv8 algorithm shows significant advantages. In
contrast, other models, although they perform well in some aspects, also expose some
weaknesses, such as producing more false positives or performing poorly in pure object
detection tasks. Therefore, the enhanced YOLOv8 algorithm remains the optimal choice in
terms of overall performance and stability. These factors collectively determine the model’s
performance, highlighting the superiority of the enhanced YOLOv8 algorithm.

To further validate the model’s performance in video processing, the model was
deployed on a Windows 11 system and tested with a specific 11th Gen Intel® Core™ i5-
1155G7 CPU for video processing. As shown in Table 10, the improved YOLOv8 model
performed excellently in video processing, surpassing other network models. It achieved
the highest levels in both average frame rate and peak frame rate, which were 13.58 and 18,
respectively. This indicates that the model can not only maintain a high frame rate when
processing video streams, but it also performs excellently in terms of peak performance.
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Table 10. Video test results of different network models.

Methods Average Frames Maximum Number of Frames

YOLOv3 9.05 16
YOLOv4 8.52 15
YOLOv5 10.07 17
YOLOv7 8.12 15
YOLOv8 7.99 18

Fast RCNN 8.32 14
SSD 10.03 16
Ours 13.58 18

In the literature [30–33,36–38], it was found that the performance of most existing
object detection models tends to decline when processing large-scale datasets. However,
this model can not only maintain high accuracy when processing large-scale datasets but
also maintain a high frame rate when processing video streams. This result indicates that
the model has significant advantages in processing large-scale datasets and video streams.

In summary, the experimental results show that the proposed improved YOLOv8
algorithm outperforms other mainstream object detection network models in object detec-
tion tasks. This result validates the effectiveness and superiority of the model in practical
applications.

4. Conclusions

In this study, an improved YOLOv8 model has been successfully proposed, which was
specifically designed for high-voltage power line damage detection. The model enhances
robustness and accuracy by introducing an adaptive threshold mechanism, the GSConv
convolution method, and a lightweight network structure, Slim Neck, while reducing the
complexity of the model.

However, it is also clearly recognized that despite significant progress in some areas,
there are still some potential weaknesses and challenges. Firstly, although the introduction
of Slim Neck reduces the complexity of the model, the adaptive threshold mechanism
and GSConv convolution method may increase the computational requirements of the
model, which could pose a challenge for resource-limited devices or systems. Secondly,
as the model needs to learn how to dynamically adjust the detection threshold based on
the characteristics of the input image, it may require a longer training time. The model
has shown significant accuracy improvements when dealing with “lightning strike” and
“break” labels. However, for other types of power line damage, such as corrosion or
wear, the detection capability of the model may decline. In addition, if the background of
the power line is complex or the lighting conditions are poor, it may affect the detection
performance of the model. Despite these challenges, among all compared network models,
this model achieved the best results on all indicators, demonstrating its superiority in object
detection tasks. Especially in terms of precision, recall, and mAP50, the model achieved
90.3%, 89.6%, and 91.1%, respectively, all of which are the highest. The model has high
robustness and accuracy, and it can dynamically adjust the detection threshold based on
the characteristics of the input image, thus finding a balance between the running speed
and accuracy of the model. Therefore, despite some challenges, this model is very suitable
for the real-time detection of high-voltage power line damage. This paper will continue to
optimize and improve this model to address these potential weaknesses and challenges in
hopes of achieving better results in the future.
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