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ABSTRACT

For national grid power line infrastructure construction construction, quality management and
control can ensure improved safety standards, long-term reliability and cost savings through avoiding
rework. In this paper, a high-definition image of a transmission line is collected from multiple
viewpoints by a UAV, and a model for recognizing surface defects on infrastructure lines is proposed
to reduce the computational complexity to improve the YOLOv8 algorithm. The model uses ResNet50
as the feature extraction backbone network and fuses convolution and attention mechanisms to
enhance global and local feature extraction. A multi-scale feature aggregation diffusion module is
added to the neck network of the model to enhance the detection of small targets on infrastructure
lines. Finally, the classification loss function combined with the PIOU bounding box loss function is
introduced to further enhance the recognition accuracy of infrastructure line surface defects. The
experimental results show that the mAP of the infrastructure line surface defect recognition model is
up to 0.935, which is 2.41% higher than that of the baseline model, and the performance is significantly
better than that of some of the current mainstream defect recognition models. Therefore, from the
computational complexity, combined with the target detection YOLOv8 algorithm can realize the
accurate recognition of surface defects on infrastructure lines, and provide reliable data support for
improving the timely repair of grid infrastructure lines.

Keywords: Computational complexity, UAV multi-view, improved YOLOv8 algorithm, defect recognition

1. Introduction

In recent years, UAV aerial photography has become a hot topic in the field of photography and
visualization. By carrying high-definition cameras or sensors, drone aerial photography can capture
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angles and horizons that were previously difficult to realize, bringing more creative inspiration to
photographers and visual artists [1-4]. However, after the drone has finished shooting, image
processing is an indispensable part, which can enhance the quality of the image and better show the
beautiful scenery captured by the drone [5-7]. UAV aerial image processing refers to the use of UAVs
for aerial data acquisition and processing of the acquired images to extract the feature information in
the images and match them [8-10]. This technology is widely used in urban planning, environmental
protection and other fields, and its application in the recognition and acceptance of infrastructure line
defects has also shown an important role, especially the UAV multi-view image processing based on
computational complexity analysis [11-14].

With the acceleration of urbanization and rapid economic development, various infrastructure
construction projects have emerged. In order to ensure the quality and sustainability of these projects,
the acceptance of infrastructure construction projects becomes particularly important [15-18]. The
acceptance of infrastructure construction projects is of great significance to ensure the quality and
sustainable development of the projects. In practice, specific acceptance standards should be
formulated according to specific industry requirements and relevant laws and regulations, strictly
enforced and timely revised and updated to ensure the quality and sustainable operation of
construction projects [19-22]. And through the drone aerial photography can show the whole picture
of the construction project in front of the acceptance personnel, whether the construction project
meets the acceptance or not is also clear at a glance [23-24].

The article uses UAV to obtain multi-view images of infrastructure lines, extracts the features of the
original pictures of infrastructure lines using HOG feature extraction method, and labels the defective
parts in the original images, so as to construct a sample library of infrastructure line defects. Based on
the YOLOvS8 algorithm, we introduce the convolution and attention fusion module to obtain the global
and local features of infrastructure line defects. Then, the multi-scale feature aggregation and diffusion
module is combined to mine the defective features of infrastructure lines at small scales, and the
bounding box regression PloU loss function is introduced to enhance the recognition accuracy of
defects at different scales. Applying the improved YOLOv8 model to the defect recognition of grid
infrastructure lines can effectively improve the fault detection rate of electric power patrols and other
faults, and reduce the safety hazards of grid line operation.

2. Infrastructure line defect identification data

Grid infrastructure lines are a crucial component of the power system, and their safe operation is
directly related to the stability and reliability of power supply. With the expansion of the scale of the
power system and the complexity of the operating environment, grid infrastructure lines are often
faced with the threat of natural disasters and man-made damage, which may lead to line defects and
even serious accidents. Therefore, rapid and accurate identification of grid infrastructure line defects
is of great significance to ensure the safe operation of the power grid. Early detection of defects in grid
infrastructure lines mainly relies on manual inspection, which is not only inefficient, but also limited
by the experience of personnel and physical conditions, making it difficult to meet the demand for
high-precision and large-scale detection. With the development of computer vision and machine
learning technology, automatic defect recognition technology for grid infrastructure lines based on
image processing has gradually emerged, and this technology analyzes the image or video data of grid
infrastructure lines to automatically identify the defect types and locations, which greatly improves
the efficiency and accuracy of defect detection for infrastructure lines.

2.1.  Multi-view data collection by drones

2.1.1. Principle of spatio-temporal sequence image acquisition.The image characteristics of
transmission infrastructure lines are complex, but once the transmission infrastructure lines are put
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into operation, the location of most of the transmission equipment, such as towers and insulators, is
relatively fixed. According to the requirements of the relevant documents, the transmission lines need
to carry out 3~6 inspections per year. If each inspection is carried out by a UAV in the same geospatial
location of the transmission equipment to shoot, fixed shooting distance, angle and other imaging
parameters, can be obtained with the timing and spatial location information of the image library.
According to the visible light imaging principle, after the relative position relationship between the
visible light camera and the target to be photographed is fixed, the geometric features of the same
target equipment on the image have very high similarity. If the environmental conditions such as solar
radiation intensity and irradiation angle are similar, the radiation characteristics of the same target
device on the image are also closer. According to the parameters of the mission equipment, the
autonomous inspection of the curing path is set up, so that the historical inspection image has the
ability to backtrack and analyze, which can effectively reduce the difficulty of the development of
defect recognition algorithms and improve the defect recognition effect.

To realize that the UAV shoots at a fixed angle in a fixed position for many times, it is necessary for
the UAV system to have high navigation and positioning precision, hovering control precision and flight
control precision, so as to ensure that the images taken at different moments are highly overlapping.
While ordinary UAVs usually adopt single-point navigation and positioning, RTK-type UAVs mostly
adopt real-time dynamic differential technology, which can effectively improve navigation and
positioning accuracy. When the UAV repeatedly hovers at the same set point and photographs the
target equipment, changes in the real position or angle of the UAV have less impact on the reproduction
of the target equipment. The performance of existing UAVs can basically meet the needs of inspection
tasks at fixed distances and angles.

2.1.2. Data Acquisition Process for UAVs.The drone can clearly determine whether the important
parts in the infrastructure lines are damaged, ensure the safety of transmission lines, and protect the
residents' electricity consumption. Drone inspection improves the safety and reliability of line
operation and is dozens of times more efficient than manual inspection. The drone has the hovering
function, which can be manually or automatically manipulated, and can carry out observation and
detection of the ground conductor and the tower in a close distance, which has the advantages of small
volume, light weight, less constraints, short time consumption, less maintenance, etc., and is suitable
for the inspection work of small components [25].

Taking a transmission line as an example, the process of UAV multi-view acquisition of its line image
is shown in Figure 1, which mainly contains personnel preparation, site investigation, pre-takeoff
preparation, takeoff operation, inspection flight, return landing, equipment recovery and inspection
data processing. After the inspection of the infrastructure line by the drone is completed, the acquired
data should be organized in a timely manner, and the photographs, videos and records should be
transmitted to the relevant units to determine whether to carry out follow-up work. According to the
final inspection record operators initially screen out suspected defects and transmit them to the
equipment operation and maintenance unit for confirmation.

— = — —

- - -

Fig. 1. UAV data acquisition process
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2.2.  Infrastructure Line Defect Data Processing

2.2.1. HOG feature extraction for defective data.After the UAV has acquired the multi-view sample
data of the infrastructure line, the local features in the image need to be further extracted in order to
better assist in realizing the image annotation, and provide data support for the defect recognition of
the infrastructure line.

Based on this, this paper proposes a feature extraction method based on HOG, which is a local region
description operator that describes the image by calculating the statistics of the histogram of the
gradient direction on the local region of the image [26]. Its specific computational steps are as follows:
1) Normalization of the image.HOG uses the Gamma correction method to normalize the color space
of the input image by performing the normalization operation to reduce the impact on the image due
to changes in light intensity and shadows. Then:

I(x,y)=1(x,y)*"™, gamma € (0,1) (1)

2) Image gradient calculation. The gradient of each pixel point in the processed image is calculated,
mainly including the magnitude and direction of the gradient, for the pixel points in the image, the
magnitude of the gradient and the direction of the gradient can be expressed as respectively:

G.(x,y)=H(x+Ly)-H(x-1y) (2)
Gy(xay)zH(xay+1)_H(xay_1) (3)
G(x,y) =[G, (x.) = G, (x.y)’ 4)
46, (x)
,y)=tan” | ————
a(x,y)=tan (Gr - y)j (5)

where H(X,y) isthe pixel value at (x,») inthe image, G,(x,») is the horizontal gradient value at
(x,») inthe image, and G,(x,») isthe vertical gradient value at (X,)) in the image.

3) Calculate cellular unit feature descriptors. The image to be detected is divided into connected areas
of the same size and named as cell unit Cells, and the feature histogram of the cell unit Cells is
calculated by constructing the gradient direction histogram for each cell unit Cells and counting the
gradient direction features of each cell in the cell unit. Depending on the features and size of the image,
there are generally differences in the selection of the size of the cell cells, and different cell cell sizes
will have different effects on the feature extraction of the image.

4) Constructing Feature Description Blocks and Normalizing Histograms.HOG uses Block blocks of the
same size to combine individual Cells into large, spatially connected regions. Since Block blocks are
generated by performing sliding windows on Cells, there is generally overlap between blocks. In
addition, due to local illumination and changes in foreground-background contrast, the gradient
intensities within the blocks may vary over a very large range, and thus a normalization operation of
the gradient intensities within the blocks is also required to compress the illumination, shadows, and
edge features in the blocks. The block after normalization is generally referred to as HOG feature
descriptor.

5) Generate HOG features. The feature vectors of all the Blocks are concatenated after the feature
extraction is completed, and finally the HOG feature vectors of the image are composed.

2.2.2. Labeling of Infrastructure Line Sample Pictures.Figure 2 shows the labeling process of the
sample pictures of infrastructure lines. After nearly 1 month of centralized labeling work, this paper
has collected about 60,000 pictures. Among them, the number of defective images that have been
labeled is about 5,000, the number of images that clearly contain defects is about 10,000, and the
possibility of defects contained in these images is about 50%, and the remaining about 50,000 images
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are cycle patrol images, which contain a low amount of defects. The main task of the image labeling
work is to identify and record the areas of parts and defects in the transmission line pictures, which
can be divided into manual labeling and automatic machine labeling. The labeling strategies adopted
are as follows:

1) For 10,000 image data parts with high defect content rate, manual labeling is mainly adopted.

2) For 50,000 images with a low defect content rate, manual labeling of some pictures is used first, and
then automatic machine labeling is used. After the labeling is completed, the labels and corresponding
images are stored, and the open data application interface forms a sample library of transmission line
parts and defect images.

Original image Image library
after classification management
b Label 1. Label
abe — - e — 2. Label storage
management classification
Annotation — 1. Sample labeling — 2. Sample review — 3. Sample storage
management

1. Manual annotation
1.1 Task Creation
1.2 Task Acquisition
1.3 Sample labeling
2. Machine labeling

Sample 1. Sample 2. Export the
management enhancement sample

juowdgeuew dseq ddwes

1. Reflection transformation
2. Perspective transformation
3. Style transfer
4. Antagonism generation
5. Add noise generation

Image library

Sample data
management

Fig. 2. The project of the infrastructure line sample image annotation process

2.2.3. Sample Library of Infrastructure Line Defects.After completing the feature extraction and
image annotation of the UAV inspection sample data, a total of 60,000 high-resolution images taken by
UAV infrastructure line inspection are acquired in this paper, which are named as UAV dataset. Among
them, 50,000 are used as training samples and 10,000 are used as test samples. A large number of
positive samples of infrastructure lines are intercepted from the images with a sample size of about
128%*128 pixels.

Randomly intercept ROI rectangle images on the UAV inspection sample images without
infrastructure lines as negative samples for training, the ROI rectangle area size is 256*256 pixels. The
samples were uniformly scaled to the same size, and the scaled size size was 128*128 pixels. From the
training samples, 30,000 positive samples of infrastructure lines and 10,000 negative samples are
intercepted as a collection of training learning samples for infrastructure line defect recognition.
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3. Improved YOLOv8 model

Due to the rapid development of China's electric power construction, the distance of transmission lines
is getting longer and longer, and the number of long-distance overhead infrastructure lines is also
gradually increasing, which makes it difficult to inspect and maintain them. In order to realize more
accurate inspection and maintenance work, the drone inspection technology for long-distance
overhead infrastructure lines came into being. With the drone multi-perspective infrastructure line to
carry out all aspects of data collection, and then introduce deep learning technology to realize the
effective identification of infrastructure line defects and accurate detection, and further enhance the
stable operation of the transmission infrastructure line to provide reference.

3.1.  Infrastructure Line Defect Identification Model

3.1.1. Overall Framework of Defect Identification Models.Taking the infrastructure line image
samples collected from UAVs with multiple viewpoints as the data source, this paper constructs an
efficient and accurate infrastructure line defect recognition model from the improvement of YOLOvS.
The improved YOLOv8 model proposed in this paper mainly contains three parts, i.e.,, Backbone, Neck
and Head, and its specific framework is shown in Fig. 3. First, the input image is preprocessed as
necessary. Then, the processed image is sent to Backbone for feature extraction. Second, feature maps
of the same size and semantic level extracted from the Backbone network are fused and processed to
obtain feature representations of multiple scales, which usually include features of large, medium and
small sizes. Finally, the fused features are sent to the detection head to generate target detection results.

Backbone Neck 80*80 Head
Input image of N — — [N —
infrastructure — 40*40 Infrastructure
line Feature | L I_, — [ [ — 11n.e output
extraction v 20*20 fmage
L, > —> — —>]

CBS=Conv+BN+SiLu

Feature recognition Object detection
K3.S1 K3.82 K1.s2
ELAN-W
N MaxPool
{g g "L ;
MPCony .
Upampling
SPPCBF MRST
e C t
T STRCN Repconv onca
ELAN

Fig. 3. The framework of the Improve YOLOv8 model

The backbone network consists of multiple convolutional and attentional mechanisms involving the
Efficient Layer Aggregation Network Module, the Maximum Pooling Convolution Module, and the
Convolutional and Attention Based Fusion Module. The Efficient Layer Aggregation Network Module
consists of multiple convolutional modules linked across layers, enabling the network to learn more
features by limiting the range of the gradient or adjusting the direction of the gradient. The Maximum
Pooling Convolutional Module is used for downsampling and consists of convolutional modules and a
maximum pooling layer. The convolutional attention based spatial pyramid module adds multiple
maximal pooling layers in series to the convolution, which combines with the convolutional attention
to form a cross-stage localized network structure that helps the network capture feature information
at different scales. The neck section uses path aggregation networks for multi-scale feature fusion.
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Introducing a multiscale feature aggregation diffusion module after the spatial pyramid module of
convolutional attention better integrates the features output from the backbone network to achieve
more effective multiscale feature fusion. On the basis of the multiscale feature aggregation diffusion
module, a window transformer-based downsampling module is designed to downsample the neck
features. The output side uses the IDetect detection head to categorize large, medium, and small
images based on the fused feature values, and finally outputs the bounding box of the target, its
confidence level, and its corresponding category.

3.1.2. Convolution and Attention Fusion Module.The convolution and attention fusion module
consists of a tandem combination of a single-line channel feature extraction module and a parallel
spatial feature extraction module, which enhances the sensitive information from the channel and
spatial dimensions, respectively, to realize the enhanced extraction of important features in the
process of multi-scale feature fusion [27]. The convolution and attention fusion module (C2F-CAF) first
performs 2D convolution operation on the input feature maps, then performs batch normalization
operation to accelerate the model convergence and alleviate the problems of gradient vanishing and
gradient explosion, and finally introduces a nonlinear transformation using Hardswish activation
function to complete the activation operation on the batch of normalized feature maps, and ultimately
obtains the feature maps.Hardswish as the improved version of Swish and ReLU activation function,
which can significantly reduce the computational cost while guaranteeing the accuracy. Its expression
is:

0 x<-3
Hardswish(x) = X x>3 (6)
@ —3<x<3

First F| is fed into the channel attention module, and the feature map undergoes a global average
pooling operation in the channel dimension to obtain the aggregated feature F,. Cross-channel
information interaction is then achieved using a 2D convolution, with the convolution kernel size
adaptively adjusted by a function; Finally, the channel feature weight vector W, is obtained through
the Sigmoid activation function, and the weighted channel feature Figure F,, can be obtained by
multiplying W, by the original input feature F|. The spatial attention mechanism is directly
connected in series after the channel attention mechanism, and the adaptive global maximum pooling
and global average pooling in the spatial dimension are performed respectively using the channel
weight feature map f(,, asinput. Then the pooling results Fy, and Fj, are completed spliced on
the channel dimension to increase the number of channels, and the spatial feature weight vector W,
is obtained after 2D convolution operation and Sigmoid function activation, which is multiplied with
the channel weight feature map £ to obtain the hybrid weight feature map F,. Considering the
computational cost and the characteristics of the feature information of the small objects, a 3x3
convolution kernel is used. The above process can be expressed as:

F,(x) = Hardswish(BatchNorm(Conv2d ™ (x,W,, ,b.. ))) (7
W, (F) = o(Conv2d(Avgpool(F,))) (8)

W, (F,,,) = o(Conv2d ™ (Concat(Maxpool (F,)Avgpool(F,,,))) (9)
Wep(Fey) = o(Conv2d™ ([Fy,, , Fy, 1)) (10)

3.1.3. Multi-scale feature aggregation diffusion module.In order to solve the situation of low defect
recognition rate as well as high computational complexity caused by different scale features of



4788 SUET AL.

infrastructure line image samples collected by UAVs from multiple viewpoints, this paper proposes a
multi-scale feature aggregation and diffusion pyramid network. The network enhances the global
interaction ability of different scale features through the strategy of multi-scale aggregation and
diffusion, shortens the information transfer path, and is more capable of overcoming the defect
recognition limitations caused by different scale features on the basis of optimizing the computational
complexity.

In the feature aggregation stage, a multi-scale feature aggregation module (MSFAM) is designed to
integrate feature maps from different levels to realize the direct fusion of fine-grained and semantic
information and enhance the comprehensive expression ability of features. Specifically, MSFAM first
splices feature maps “2°°3>"4 from different layers in the channel dimension to generate feature
maps containing multiscale information as:

F =Concat(P,, P, P,) (11)

where Concat denotes the channel splicing operation and F denotes the feature map obtained by
splicing B,PB and F, over the channel.

Subsequently, the convolution operation is performed using dilation convolutions with dilation
rates of 1, 3 and 5. In the feature fusion stage, by combining information from these different scales,
the model is able to form a more expressive feature representation. This process can be expressed in
a mathematical formula can be expressed as:

F, = DWConv; ,(F) (12)
F, = DWConv, ,(F) (13)
F, = DWConV, ,(F) (14)

where DWConv,ka represents a deep convolution with convolution kernel size k& and dilation rate
d. I,F, and F, represent the feature maps obtained after the convolution operation with different
dilation rates, respectively.

In addition, considering that convolution is usually good at capturing spatial information but tends
to have limited capture of edge details, an additional edge detection branch based on the Sobel
operator is added to extract the edge information of the image, i.e.:

F, =Sobel(F) (15)

where F, represents the feature map generated after convolution based on the Sobel operator.

Finally, by fusing the original feature map F with the feature map £}, F,,F, after multi-scale
convolution and the feature map F, containing a large amount of edge information, MSFAM is able
to generate a more comprehensive feature representation f£5, which helps the model to better
understand the image content. The feature aggregation stage can be expressed as Eq:

F=Conv (F+F+FE+F+F)+F (16)

where Conv,; denotes the convolution operation with a convolution kernel size of 1, F; denotes
the output feature map of the MSFAM module, and the symbol + denotes the element-by-element
addition operation.

In the diffusion stage, the aggregated and integrated features are assigned to each feature layer of
different scales, so that each scale can directly benefit from the rich information after fusion, which in
turn enhances the model's ability to detect multi-scale targets. Specifically, the propagation path of
feature information is shortened through the aggregation of multi-scale features at the intermediate
layer followed by the diffusion of features from the intermediate layer to the neighboring layers on
both sides. This effectively prevents the possible attenuation or loss of information in the long
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transmission path, effectively reduces the computational complexity of the model, and further
improves the computational efficiency of the model for the identification of defects in infrastructure
lines.

3.2.  Defect Recognition Loss Function Design

3.2.1. Classification Loss Function Design.In this paper, the Focal Loss function and the balanced
cross-entropy function are used to improve the classification loss function of YOLOv8. In the
infrastructure line defect recognition problem, the infrastructure line to be localized is called
foreground, and the other parts are called background, and there is an imbalance between the
complexity of foreground and background in the samples of UAV multi-view aerial images of
infrastructure lines. In order to solve this problem, this paper adds new modulation parameters to
improve the cross-entropy function in the loss function of YOLOv8.The original loss function of
YOLOvV8 consists of 4 parts, i.e.:

L

YOLOvS

= Ixy + th + lc + lclas‘s (1 7)

Where Ly, is the original loss function of YOLOVS, /,, is the loss of the center point calculated
by the cross-entropy function, /,, isthe loss of the size of the box calculated by the mean square error
function, /. is the loss of confidence calculated by the cross-entropy function, and /,, is the loss of
the category calculated by the cross-entropy function. In this paper, we replace the cross-entropy
function in the confidence loss with the FocalLoss function.The FocalLoss function is as follows:

Li=a(l-p,) Igp, (18)

Where L, is the FocalLoss value, @7 are hyperparameters, @ is used to solve the insulator
string sample complexity imbalance. 7 is used to solve the foreground and background imbalance in
the image, and p, is the sigmoid function, defined as follows:

1
P = . 19
P I+e™ (19)
Then the back propagation process of FocalLoss is as follows:
dL, _d, dp,
dx dp, dx
=a(l=p) (y(dgp)p,—(1-p)) (20)
e’ 1 1 e’
=a(—) (lg—)——=-——=)
I+e I+e" 1+e I+e

For the category loss function of YOLOVS, it is improved by using the balanced cross-entropy
function, which is as follows:

L, =—p,log(q,) (21)
Among them:
g, y=1
= . 22
= {1 —q, otherwise (22)

, =1
B ={ﬂ Y (23)

1-/, otherwise
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where L, isthe balanced cross-entropy value, 7 is the true label of the infrastructure line samples,
4 isthe predicted value of the infrastructure line samples, and f is amodulation variable to address
the imbalance in the categories of the infrastructure line samples.

The improved YOLOVS8 loss function still consists of four parts, * for calculating the c?ntroid
prediction loss, ™ for calculating the box size prediction loss, FocalLoss improved « and
Equilibrium Cross Entropy improved “<s. After the improvement, the contribution of the samples
that are in the minority in the dataset to the loss function will be enhanced.

3.2.2. Bounding box regression loss function design.In target detection, the bounding box regression
loss function is used to measure the difference between the model's predicted bounding box and the
true bounding box and optimize the model by minimizing the difference. In YOLOv8 algorithm, CIOU
is used as the bounding box regression loss function of the model [28]. CIOU introduces the Euclidean
distance penalty term of the centroid of the predicted box and the real box and the bounding box aspect
ratio penalty term on the basis of IOU.The CIOU bounding box regression loss function is defined as
follows:

B,.NB
IoU =8¢ (24)
B,VUB,,
*(b,,,b
ciou = 1oy -2 L) _ oy (25)
4 2
w w
V= —z(arctan—g’— arctan —2< J (26)
7 hgt hprd
|14
g=— 27)
1-10U +V

where Bg, and Bprd represent the true and predicted boxes, respectively, bg, and bprd are the
coordinates of the centers of the true and predicted boxes, p” is the square of the distance between
the two centers,and C is the length of the diagonal of the smallest outer bounding box that contains
the predicted and true boxes. @ and V are parameters that measure the aspect ratio of the
bounding box, W,, and hg, represent the width and height of the real box, and W,, and hp,,d
represent the widt/l;za(%d lll)ei%ht of the predicted box.

CIOU uses R :+”" in the penalty term. As C increases, R becomes smaller and vice
versa. Therefore, wher?the real and predicted frames do not overlap, L, stays the same and only
the size of the predicted frame needs to be increased to decrease L, which shows that it is not
reasonable to use C asthe denominator in the penalty term.

To address this problem, an alternative to CIOU for PIOU is introduced, which uses the target frame
size as the penalty factor in the denominator and combines it with an adaptive anchor frame quality
function to enhance the ability to pay attention to medium-quality anchor frames and guide the anchor
frames to regress efficiently along more direct paths, so as to provide the model with faster
convergence speed and higher accuracy.

The PIOU bounding box regression loss function is defined as follows:

pz(m+m+%+@}4 28)
ng Wgt gt gt
f)=1-¢" (29)

PloU =IoU - f(P),-1< PloU <1 (30)
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L

‘PloU

:L10U +f(P)’OSLPloU <2 (31)

where P is a penalty factor adapted to the target size, dw,,dw,,dh and dh, are the absolute
values of the distances between the corresponding edges of the prediction frame and the target frame,
respectively, W,, and %, are the width and height of the target frame, and f(x) is the adaptive
anchor frame quality function.

The denominator of the penalty factor P depends only on the size of the target box and is
independent of the anchor box and the smallest outer box of the target box, and the size of the anchor
box does not affect P. Unless the anchor box completely overlaps with the target box, P never degrades
to 0. For very poor anchor boxes, such as those that do not overlap at all or those that are very
inaccurately positioned, which are difficult to be adjusted to the correct position during the
optimization process, their gradients should be small in order to avoid having an have an excessive
impact. For very good anchor boxes, such as those close to the true box, the error is very small and the
gradient should be small to avoid over-adjustment, which causes the predicted box to deviate from the
correct position.

4. Infrastructure line defect identification validation

For transmission infrastructure line inspection, there are a variety of ways to choose from, mainly
divided into two categories: manual inspection and machine inspection. With the development of
artificial intelligence and drone technology, drone power inspection has become a viable option. Drone
power inspection is safer and more efficient than manual inspection, and it can carry visible light
cameras, infrared cameras, temperature and humidity sensors and other equipment to photograph the
power equipment in the transmission line, and identify the inspection images through artificial or Al
to determine whether there is a fault. Introducing the application of deep learning technology, the use
of computer vision and image processing technology can reduce the problem of artificial misjudgment,
combined with embedded devices, to realize intelligent inspection to improve the accuracy and
efficiency of inspection.

4.1.  Experimental Setting and Assessment Indicator Setting

4.1.1. Simulation experiment environment setup.The operating system used in this experiment is
Windows 10 64-bit flagship, the GPU is NVIDIA RTX 3090Ti, the development platform is PyCharm,
the programming language is Python, the deep learning framework is PyTorch, and the GPU
acceleration library is CUDA.Table 1 shows the specific parameter settings.

Table 1. Experiment parameter settings

Parameter Value Parameter Value
Image size 128*128 pix Momentum 0.952
Bulk size 20 Attenuation factor 0.00001
Learning rate 0.001 Training number 300

4.1.2. Model performance evaluation indicators.The average precision is used to evaluate the
accuracy of the model's pose estimation over a range of detected instances. The formula for the OKS-
based AP is:

i 5(OKS, >T)

AP= i=1 (32)

n
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Where ” represents the number of instances in a series of detected images,and 7' represents the
manually set threshold of OKS, so the meaning of average precision is the ratio of the number of
instances in which the similarity of keypoints among P instances is greater than a threshold value to
the total number of instances.

Generally according to the different settings of 7' the meaning represented by the AP is different,
in order to ensure the objectivity of the evaluation, this paper will 7T set the value to take a value
every 0.05 from 0.5-0.95 for AP calculation, where 7 =0.5+0.05k,k=0,1,2,3..9 and then average
the results, and ultimately get the mean average accuracy mAP, the calculation formula can be
expressed as:

9

mAP _ kZ:(; AI)()45+0405A' (3 3)
10
The number of billion floating point operations per second (GFLOPs) is commonly used to evaluate
the computational performance of computing devices. In deep learning tasks, it can be used to evaluate
the computational complexity of the model. Taking the neural network convolution module as an
example, the complexity calculation formula of this module can be expressed as:

FLOPs =2HW(C, K*)C

m out

(34)
1GFLOPs =1x10° FLOPs (35)

Where C,, refers to the number of input tensor channels, C,, refers to the number of output
tensor channels, and K refers to the size of the convolutional kernel. In deep learning models, the
smaller the value of GFLOPs represents the lower the computational complexity of the model, i.e,
theoretically on the same performance of the computing device, the faster the inference speed of the

model.
4.2.  Infrastructure Line Defect Identification Model Performance

4.2.1. Effect of different network training.The UAV dataset established in the previous section is
divided into training set and test set according to the ratio of 9:1, and the recognition rate and loss
function are used to compare the infrastructure line defect recognition effect of the improved YOLOv8
model and the original YOLOv8 model. Fig. 4 shows the recognition effect of infrastructure line defects
trained by different networks, where Fig. 4(a)~(b) shows the comparison results of loss function and
recognition rate, respectively.

Based on the recognition effect of different network training the following conclusions can be drawn:
1) The loss function training in both networks shows a decreasing trend, and the first half of the decline
rate is relatively fast, but the loss function of the unimproved YOLOv8 model tends to stabilize after
225 iterations, and the loss function decreases slowly and fluctuates non-stop before 225 iterations,
while the improved YOLOv8 model tends to stabilize after 50 iterations, which indicates that the
improved YOLOv8 model converges This indicates that the convergence of the improved YOLOv8
model is faster. The unimproved YOLOv8 model converges to about 0.2, while the improved YOLOv8
model converges to about 0.01, which is much smaller than that of the unimproved YOLOv8 model,
indicating that the training effect of the improved YOLOv8 model is better.
2) The recognition effect of the unimproved YOLOv8 model is around 0.909, while the improved
YOLOv8 model tends to stabilize after 165 iterations, and its recognition rate for the defects of the
infrastructure line is around 0.955, which is due to the fact that this paper combines the attention
mechanism and the multi-scale features with each other to improve the model's ability of mining the
defects of the infrastructure line for the small targets, and retains the image's feature vectors, so the
recognition accuracy is high.
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Fig. 4. Identification of different network training

4.2.2. Defect Recognition Comparison Experiment.In order to study the performance of the
infrastructure line defect recognition model designed in this paper, the number of model parameters
(Params), training accuracy (TA), inference accuracy (IA), inference time (IT) and frame rate (FR) are
additionally selected as evaluation metrics in addition to the computational complexity of the model
(GFLOPs) given in the previous paper. While keeping the experimental conditions unchanged, we
selected the YOLOv9 algorithm as well as other YOLO series as representatives of advanced single-
stage detectors, and added the classical two-stage detection model Faster RCNN as well as another
efficient single-stage detection model, SSD, to comprehensively compare the performance differences
of the different models when deployed on the device.The backbone of the Faster RCNN network uses
Resnet and the backbone network of SSD uses Mobilenet.Table 2 shows the performance comparison
results of different detection and recognition models.

As can be seen from the table, the improved YOLOv8 model proposed in this paper shows significant
advantages compared with the v6 to v8 models of the same scale in the YOLO series. In terms of
inference accuracy, the model in this paper achieves 3.84, 7.46 and 3.17 percentage points of
improvement compared to YOLOv6, YOLOv7 and YOLOVS, respectively. Meanwhile, the inference time
is reduced by 16.91%, 21.09% and 11.46% compared to the above three models, which effectively
shortens the inference time. Although the YOLOvV9 algorithm improves 0.77 percentage points in
inference accuracy compared with the model in this paper, this advantage comes at the expense of
inference duration, which increases by 1.33 times. In contrast, this paper's model achieves a better
balance between inference accuracy and inference duration. The model in this paper is only 0.85x109
higher than YOLOVS5 in terms of model computational complexity, which is lower than other same-
scale models, and 0.25x106 and 0.17x106 higher than v5 and v9 same-scale models in the YOLO series
in terms of the number of model parameters, which effectively controls the model scale and facilitates
deployment in resource-constrained environments. In terms of frame rate performance, the model in
this paper reaches 36.71 f/s, which is 20.09%, 26.85%, 13.09%, and 131.9% higher than the v6, v7,
v8, and v9 same-scale models. It can be seen that the model in this paper ensures high accuracy and
maintains efficient inference speed while considering the computational complexity of the model.

In the comparison with the two-stage model Faster-RCNN, the computational complexity and the
number of parameters of this paper's model are much lower than that of Faster-RCNN, and at the same
time, it reduces the inference duration by 93.83% and improves the inference accuracy by 6.64
percentage points over Faster-RCNN, which can not be deployed on a device due to its excessive
number of parameters and model complexity for inference. Compared with another popular single-



4794 SUET AL.

stage detection model SSD, the model in this paper reduces the inference speed by 17.56% and
improves the inference accuracy by 14.12 percentage points compared to SSD. The experimental
results show that the improved YOLOv8 model proposed in this paper significantly outperforms other
mainstream target detection models in defect identification of infrastructure lines, with better
inference accuracy, shorter inference time, and relatively low computational complexity of the model,
which provides reliable support for efficiently analyzing defect localization of infrastructure lines.

Table 2. Comparison results with other detection models

Model GFLOPs/109 Params/106 TA/% 1A/% IT/ms FR/(f/s)
YOLOv5 4.52 1.98 80.95 77.14 26.65 37.69
YOLOv6 11.48 4.72 87.04 83.45 32.83 30.57
YOLOv7 13.75 6.25 82.93 79.83 34.57 28.94
YOLOvS8 8.81 3.17 88.46 84.12 30.81 32.46
YOLOv9 7.63 2.06 89.51 88.06 63.46 15.83

Faster-RCNN 370.26 138.74 81.15 80.65 442.12 2.34
SDD 1.89 6.26 73.06 73.17 33.09 30.15
Ours 5.37 2.23 90.48 87.29 27.28 36.71

In order to further verify the effectiveness of this paper's model in identifying defects in
infrastructure lines, mAP is used as an evaluation index to compare the defect identification accuracy
of infrastructure lines under different models. Table 3 shows the comparison results of the detection
indexes of different models, where AP1 and AP2 are the average detection accuracies of normal and
defective infrastructure lines, respectively.

From the data in the table, it can be seen that compared with Faster-RCNN, SDD and YOLOv8 models,
YOLOVS is better in overall detection, and is slightly lower than YOLOVS in the detection of defects in
infrastructure lines, probably due to the fact that YOLOv5 has been updated from its launch to now
with many versions so that its functions are relatively mature while YOLOvVS8 is still in the research
stage. In this paper, the mAP value of the improved YOLOv8 algorithm reaches 0.935, which is 2.41%
higher than that of the original YOLOvS, and the average accuracies of recognizing the normal and
defective infrastructure lines are 0.945 and 0.929, which are 1.39% and 3.92% higher than that of the
original 0.913 network, respectively.The average detection accuracy of the model of YOLOv8 algorithm
is 1.39% and 3.92% higher than that of the original 0.913 network, after the fusion of the convolutional
attention module and the multi-scale feature aggregation diffusion module, the average detection
accuracy of the model is improved, especially for the infrastructure line defect dataset. From the
experimental results, it can be seen that the introduction of the convolutional attention module and
multi-scale feature aggregation and diffusion module in the YOLOv8 backbone network realizes the
multi-scale feature fusion of local and global information, enhances the semantic expression, and
better realizes the defect identification and detection of transmission lines.
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Table 3. Comparison of detection indexes of different models

Model mAP@0.5 AP1 AP2
YOLOvV5 0.893 0.913 0.898
YOLOv6 0.905 0.917 0.896
YOLOv7 0.909 0.924 0.895
YOLOv8 0.913 0.932 0.894
YOLOv9 0.926 0.938 0911

Faster-RCNN 0.897 0.906 0.887
SDD 0.891 0.909 0.882
Ours 0.935 0.945 0.929

4.3.  Comparative validation analysis of different improvement strategies

4.3.1. Comparison of different loss functions.In order to verify the optimization effect of different
loss functions on the model, the experiments compare the performance of the improved YOLOv8
model with [oU, CloU, DIoU, EloU, SIoU, and PloU loss functions respectively. On the basis of mAP,
frame rate, and model size, precision (P), recall (R), and F1 are additionally selected as evaluation
indexes, and the experimental results are shown in Table 4.

As can be seen from the table, compared to using IoU as the loss function, the P, R, mAP, F1 values
and detection speed of the improved model after using PloU as the loss function are increased by
2.18%, 1.27%, 1.12%, 0.09% and 5.45%, respectively, and the model size is unchanged. When CloU,
DIoU, EloU, and SloU are used as loss functions, respectively, the mAP and F1 values of the improved
model are significantly reduced, which cannot satisfy the high accuracy requirements of the defect
recognition model for infrastructure lines. The results show that PloU as a loss function can focus on
anchor frames with different qualities and improve the detection accuracy and speed of the
infrastructure line defect recognition model.

Table 4. Performance comparison of different loss function

Loss P/% R/% mAP/% F1/% FR(f/s) Size/MB
IoU 91.15 90.31 95.68 91.21 133.38 6.73
CloU 92.21 90.12 95.34 91.15 134.72 6.73
DloU 92.21 89.45 95.52 90.74 122.83 6.73
EloU 91.06 90.53 95.46 90.63 134.51 6.73
SloU 92.38 89.62 95.17 90.96 130.15 6.73
PloU 93.14 91.46 96.75 92.07 140.65 6.73

4.3.2. Comparison of Attention Mechanisms.This experiment compares the impact on the defect
recognition and detection performance of infrastructure lines after introducing different attention
modules in front of each component of the multi-scale feature aggregation diffusion module of the
improved YOLOv8 model. Its specific experimental results are shown in Table 5. Where SE, CAM, C2F-
CAF are channel attention, hybrid attention and convolutional attention, respectively.

From the data in the table, it can be seen that the mAP of the network is not improved after the
fusion of the SE module, and although the precision rate is improved by 1.19 percentage points, the
recall rate decreases by 0.85 percentage points, which indicates that for the detection task such as
defect recognition and detection of infrastructure lines, which has a complex background and a large
number of targets, the effect of weighting the feature maps only in the channel dimension is not ideal.
The mAP of the network after integrating the CAM module is slightly higher than that of SE.
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Considering that the weighting on a single dimension does not enhance the effect well, the CAM
performs the serial connection of the attention module on both the channel and spatial dimensions,
and thus there is a 1.33% improvement in the mAP. The C2F-CAF module proposed in this paper, on
the other hand, performs better compared to the CAM module, with a 0.64% improvement in mAP
compared to the network incorporating CAM. This implies that the C2F-CAF module not only better
captures the details of the image in terms of channel and spatial dimensions, but also fully utilizes the
original feature maps to preserve the rich semantics, thus focusing on the defective features of the
infrastructure lines more comprehensively and accurately.

Table 5. Contrast of the attention mechanism (%)

Model P R F1 mAP
YOLOv8 79.15 90.27 89.38 90.12
YOLOv8+SE 80.34 89.42 90.25 90.12
YOLOv8+CAM 80.93 90.53 91.07 91.45
YOLOv8+C2F-CAF 82.76 91.84 91.42 92.09

4.3.3. Analysis of model ablation experiments.In order to prove that each improvement point
improves the performance of the model and show the experimental situation more clearly, the ablation
experiment was carried out by setting up the models that added different modules one by one as a
comparison. The results of the ablation experiment are shown in Table 6. As can be seen from the table,
no improvement module was added to the baseline model of experiment A, and the mAP@0.5 value
and parameter amount were 90.58% and 11.15MB, respectively. Taking the results of experiment A as
the evaluation criteria, the convolutional attention, multi-scale feature aggregation diffusion and PloU
loss function were added to experiments B, C and D, respectively, and the mAP@0.5 values were
increased by 1.26%, 2.17% and 1.18%, respectively, but the introduction of multi-scale feature
aggregation diffusion module would slightly increase the number of model parameters. On the whole,
the improved YOLOv8 model after adding each module has a great improvement in the defect
identification ability of infrastructure lines, while the change range of parameters is small. This shows
that the improved YOLOv8 model designed in this paper is feasible to be applied to the defect
identification of infrastructure lines, has faster computational efficiency, and can effectively reduce the
influence of complex background of infrastructure line images, so as to improve the defect recognition
ability of the model.

Table 6. Ablation experiment results

Test C2F-CAF MSFAM PIOU mAP@0.5/% Params/MB
A x x x 90.58 11.15
B x x 91.84 11.15
C x N x 92.75 12.14
D x N 91.76 11.15
E v N x 92.68 11.26
F v x N 93.42 12.14
G x v v 93.75 12.14
H v v 94.29 12.25

5. Conclusion

In this article, image data of grid infrastructure lines are acquired by UAV, and the YOLOv8 model is
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improved to realize the accurate recognition of infrastructure line defects based on the consideration
of computational complexity. The inference accuracy of this paper's model is improved by 3.84, 7.46
and 3.17 percentage points compared with YOLOv6, YOLOv7 and YOLOvVS, respectively. The model in
this paper is only 0.85x109 higher than YOLOvVS5 in terms of model computational complexity, which
is significantly lower than other models of the same scale, and only 0.25x106 and 0.17x106 higher
than v5 and v9 models in the YOLO series in terms of model parameter counts.The improved YOLOv8
model combines convolutional attention with multiscale feature-aggregated diffusion, which can
better obtain the infrastructure line defects in the complex background of the images taken by the UAY,
which better guarantees the safe and stable operation of the grid infrastructure lines.
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