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Inrecentyears, alarge amount of debris has appeared on power transmission lines, affecting circuit power
supply and endangering human safety. At present, deep learning based object detection algorithms have
made continuous progress, but they still cannot meet the practical application requirements of real-time
performance. It is necessary to further reduce model complexity and improve detection speed. Therefore,
atransmissionline debris recognition based on fusion point attention improved YOLOVS8 is proposed. The
model uses the original YOLOV8 model as the base model and adds PixelAttention in detection to enhance
the model’s receptive field and multi-scale object perception, thereby improving the model detection ac-
curacy. The experimental results show that the average accuracy of the original model is only 92.3%, while
the average accuracy of the improved model has increased to 94%.
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1. Introduction

With the rapid development of the economy and the
increasing frequency of human activities, the envi-
ronment around power transmission lines has be-
come increasingly complex. In addition to natural
debris such as tree branches, leaves, and bird nests,
there are also a large number of plastic bags, kites,
balloons, garbage, and other debris that adhere to
power lines [25]. These debris not only affect the
appearance of power lines, but also reduce their ef-
ficiency, and may even cause a series of serious pow-
er accidents, such as short circuits, trips, and other
faults. More prominently, icing problems often oc-
cur on transmission lines in mountainous or cold
regions [14], and debris can seriously exacerbate the
shaking of transmission lines, causing them to break
and endangering personnel and facilities around
them. Therefore, finding a detection method that
can quickly and accurately identify impurities in
transmission lines has become particularly import-
ant for current research.

At present, the YOLO series algorithms [2] are
widely used in multiple fields, and many schol-
ars improve the accuracy and recall of models by
combining other algorithms [5-7, 11, 13, 18]. Feng
Ziwen et al. [4] optimized the backbone structure
of YOLOV5 using RepVGG, added convolutional at-
tention mechanism to the network, and introduced
a weighted bidirectional feature pyramid network
in the feature fusion part. Compared with the orig-
inal YOLOvV5 model, the improved model improved
accuracy, recall, and average precision by 3.43%,
1.41% and 3.1%, respectively. Xu Kui et al. [21] pro-
posed the YOLO-ACON Attention algorithm based
on the YOLOvV5 object detection network, intro-
ducing an adaptive judgment activation function
and constructing an adaptive attention module in
a two round four-way IRNN network to detect the
wearing of safety helmets. Compared to the original
YOLOvV5 model, the algorithm improved accuracy
and recall by 7.65% and 5.17% respectively. Zheng
Tao et al. [24] used YOLO algorithm combined
with Vibe pre-processing foreground algorithm to
achieve real-time detection of PCB circuit defects
using AOI technology, greatly improving the perfor-
mance of the model. AodiZhang et al. [22] used the
EagleEye pruning method on the YOLOv5s model
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to search for sub networks and prune channels, fine
tune the trimmed model to restore lost accuracy,
achieve model compression and solve the problem
of multiple parameters and large computational
complexity in object detection algorithms.

With the rapid development of artificial intelligence,
deep learning has been widely applied in various
fields of image recognition and has achieved many
accomplishments. Liu Qiang et al. [9] introduced
the SENet attention mechanism SE module in gen-
erative adversarial networks to repair images. The
proposed algorithm achieved good results in image
semantics, peak signal-to-noise ratio and structur-
al similarity. Mou Wengian et al. [16] introduced
depthwise separable convolution into capsule net-
works and added SENet after the depthwise sep-
arable convolution layer. The proposed algorithm
achieved a recognition accuracy of 94.20%. For the
all above networks, SENet is embedded into the sub-
structure of the proposed model, learning the im-
portance of each feature channel through SENet to
improve the performance of the model.

Meanwhile, the YOLOVS8 model is an open-source
object detection algorithm proposed by Ultralytics
in 2023, which has wide applications in many fields
[8,15,17]. For example, the YOLOVS8 model is used to
identify the landslide by sensing imagery in moun-
tainous terrain [3]. It is used to detect the surface
defects on steel strips successfully [12]. And this
model can address the problems of low recognition
accuracy and information loss in the progress of
small object detection [19]. For avoiding the disad-
vantage of detecting small targets and handling com-
plex image backgrounds for UAV, an improved ver-
sion of YOLOVS is proposed [20]. To challenge the
leaf segmentation under the artificial and complex
lighting statement, corresponding research of modi-
fied model is proposed based on YOLOvS [23]. How-
ever, the YOLOVS is not kept stable in the progress
of usage. More or less, the new algorithm is proposed
to address the special problems based on YOLOVS.

Inresponse to the characteristic of transmission line
images being in complex environments, this article
learns the SENet method and adds a PixelAttention
attention mechanism module in the detection part
to distinguish between debris on the transmission
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line and the surrounding environment using differ-
ent pixels, giving more attention to debris and sup-
pressing the surrounding environment. Specifically,
for the complex transmission line images, the atten-
tion mechanism, named as PixelAttention, is used to
enhance the feature extraction ability of networks
based on YOLOVS. Firstly, the PixelAttention layer
uses two two-dimensional convolutions to transform
the number of channels for reducing computational
complexity and parameter count and maintaining
feature richness. Secondly, the PixelAttention is used
to put the head part of YOLOVS as the detect layer,
while another layer is convolutional layers. Final-
ly, two-dimensional layers are used again to further
compress and extract the features for enhancing the
useful features extracted by the network and weaken-
ing the interference of useless features. so the model
can process images more efficiently, improve image
recognition ability, and thus improve the accuracy of
model detection. The table 1 shown the definition of
variables clearly in Appendix.

Figure 1
The structure of the YOLOVS8 model.
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2. YOLOv8 Model Introduction and
Improvement

2.1. YOLOVS8 Model

The YOLOV8 model is an open-source object detection
algorithm proposed by Ultralytics in 2023, which has
wide applications in many fields. The process is divid-
ed into four steps: Firstly, the input layer is responsible
for inputting the image of the object to be detected into
the network; Secondly, the Backbone layer of the net-
work backbone module extracts features from images;
Afterwards, the feature enhancement module Neck
layer is responsible for pooling and fusing the input
feature layers; Finally, it is output by the Head layer at
the output end. The structure of the YOLOVS8 model is
shown in Figure 1. It includes four parts,

2.1.1. The Input Layer

Firstly, fill the short edges of the input image into
the network with the same length as the long edges,
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and then scale it proportionally to a size of 640 x 640.
At the same time, in order to enhance the diversity
of data and the generalization ability of the model,
daaugmentation operations such as random flip-
ping, random cropping, and color transformation are
performed on the data. Then normalize the data to
eliminate differences between features. Afterwards,
convert all channels into 3-channel images, and fi-
nally convert them into tensor format.

2.1.2. The Backbone Layer

In order to enhance feature extraction capability and
reduce computational complexity, YOLOVS8 replaced
the C3 structure in the Backbone section of YOLOV5
with a C2f structure with richer gradient flow, and
adjusted the number of channels for different scale
models. Extract features from images through a series
of convolutional and pooling layers. At the same time,
the Backbone section uses residual connections to al-
leviate the gradient vanishing problem, allowing the
network to learn more deeply. In order to improve the
efficiency of the model, the Backbone part not only
adopts depthwise separable convolution technolo-
gy, but also integrates spatial pyramid pooling layer
(SPPF). The main operation is as follows:

a Convolution Operation

The Backbone layer receives the two-dimensional
input feature map I from the Input layer and per-
forms a two-dimensional convolution operation
with the convolution kernel K to extract the features
of the feature map. Afterwards, batch normalization
is performed, which does not change the size of the
feature map, but mainly normalizes the data of each
small batch. By using the SiLU activation function
to process it again, it combines nonlinear and linear
characteristics, so that it can alleviate the gradient
vanishing problem to some extent. Finally, output
the feature map for subsequent operations. The for-
mula for the above process is as follows:

(I*K)(x,y):Zmznl(x—m,y—n)-K(m,n) )

A x—ﬂ
o +¢
SiLU(x)=x- — )
I+e™
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W MHJ "
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H +2p-—
Hout = m+ p k+1J <5)
S

Among them, (x, y) is the position on the output
feature map, (m, n) is the position on the convolu-
tion kernel, x is the input, u is the batch mean, o2 is
the batch variance, € is a small constant, W, and H,,
are the width and height of the input feature map, &
represents the size of the convolution kernel, s rep-
resents stride, p represents padding, and W, and /,,,

are the width and height of the output feature map.
b C2f Module

First, perform convolution operation on the feature
map, then divide the feature map into P parts, and
then independently pass each part through a con-
volution layer before connecting them together. Af-
terwards, apply a convolution kernel independent-
ly to each input channel for deep convolution,
and then apply a 1x1 pointwise convolution to the
output of all deep convolutions. Perform the final
convolution operation on the output after point by
point convolution to adjust the number of channels
and spatial size. If shortcut is equal to True, the in-
put feature map is added directly to the output for
forming a residual block. The formula for the above
process is as follows:

F,=Conv2d(X,,K,) ®
Dy = Conv e, (1, K 4) )
D, =Cony .., (Ddepth K poim) ®
O=Conv(D,,,-K,,.) ©
O, esidiar = O +1 10

Among them, X, is the segmented P-part feature
map, K, is the corresponding convolution kernel, F,,
is the processed feature map, / is the input feature

map, K,,,, is the deep convolution kernel, D, is the
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output after deep convolution, K,,,,, is the pointwise
convolutionkernel, D, isthe outputafter pointwise
convolution, K, is the output convolution kernel, O
is the final output feature map, and O,,,,.; is the re-

sult of residual concatenation.
¢ SPPF Module

Firstly, perform convolution operation and per-
form max pooling operation on the convolved fea-
ture map to reduce its size and extract the main fea-
tures. The SPFF layer will repeat the above steps
multiple times, and each repetition will generate a
new feature map. Finally, connect all the iterative-
ly generated feature maps to form a richer feature
representation. Perform the final convolution op-
eration on the connected feature maps to generate
the final output feature map. The formula for the
above process is as follows:

Y, = MaxPool(Y) (1)
Y, = Conv(MaxPool(Y,_,)) a2

Y ea = Concat(¥,Y,,--,

concat

Y) a3

Yﬁnal = Conv()fcuncat) (14)

Among them, ¥, is the output feature map after
MaxPool operation, Y is the output feature map of
the i-th iteration, Y, is the output feature map of
the previous iteration, Y., is the connected fea-
ture map, Y,, Y,,..., ¥, are the feature maps gener-
ated by all iterations, and Y, is the final output

feature map.

2.1.3. The Neck Layer

Use Feature Pyramid Network (FPN) or Path Aggre-
gation Network (PAN) for top-down and bottom-up
feature fusion at multiple scales. In addition, a se-
ries of convolutional layers, upsampling, and feature
map concatenation operations are used to further
enhance the expressive power of features.

2.1.4. The Head Layer

The Head layer receives multi-scale feature maps
from the Neck layer. First, Conv convolution is used
to further extract and integrate the features of the

2025/4/54

image. Then, Conv2d is used to generate the feature
map to be predicted. The feature map is then globally
averaged and pooled to obtain a channel description
vector Z. Then, two fully connected layers are used
to transform the channel description vector z to gen-
erate channel weights s. Finally, the channel weights
are multiplied by the elements of the input feature
map to obtain a feature weighted feature map Y.

1 I W
§ = a(Wzé(le)) -
Y =g9- F -

Inthe formula: F, , represents the pixel values of fea-
ture map F'inthe c-th channel, i-th row, and j-th col-
umn, W, and W, are learnable parameter matrices, ¢
is the ReLU activation function, and ¢ is the Sigmoid
activation function.

The design adopts a decoupling head structure
to separate the classification (Cls) and detection
heads (Boxes), and replaces the detection method
from Anchor Based to Anchor Free. This approach
simplifies the detection process while reducing
dependence on anchor boxes, and enables the net-
work to better adapt to target objects of different
shapes and sizes.

2.2. Model Improvment

In transmission line images, the background is of-
ten too complex and the target types are diverse,
making it difficult for the network to learn the
key features of the target. Attention mechanism is
used to enhance the feature extraction ability of
networks, which is widely applied in deep learning
machine and learning tasks. The attention mech-
anism can help the model better focus on and pro-
cess key information in the image, thereby improv-
ing the performance of the model.

The PixelAttention class was first proposed by Jie
Hu, Li Shen, and Gang Sun in their paper "Squeeze
and Excitation Networks” in CVPR2018 as a pix-
el attention mechanism [23]. In order to enable the
network to more efficiently focus on key features,
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Figure 2
The modified version of Pixel Attention.
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this paper introduces PixelAttention into the head
part of YOLOVS, enhancing the useful features ex-
tracted by the network and weakening the inter-
ference of useless features. The modified version is
shown in Figure 2.

The PixelAttention layer uses two two-dimensional
convolutions to transform the number of channels.
The first two-dimensional convolution is used to re-
duce the number of channels, thereby reducing com-
putational complexity and parameter count, while
extracting features. Then, two two-dimensional
convolution layers are used to restore the number
of channels to the original number, in order to main-
tain feature richness [10,15]. The output from two
convolutional layers is passed through the Sigmoid
function to obtain a weight between 0 and 1, which is
used to weight the original feature map. Multiply the
output of the Sigmoid layer with the original feature
map to weight the features, suppress unimportant
features and highlight important features.

Add PixelAttention module to the Detect layer, then
use convolutional layers to increase the number of
channels and group convolution to extract richer
features, while expanding convolution increases
the receptive field. In order to reduce computation-
al complexity and prevent overfitting on training
data, while further extracting features, convolu-
tional layers are used to reduce the number of chan-
nels. Finally, two-dimensional convolution is used
again to further compress and extract the features
extracted in the first few layers, and the output of
the convolutional layer is converted into the final
classification result.
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3. Experimental Results and Analysis

3.1. Dataset Introduction

The dataset used in this article consists of 1300 imag-
es, including four common types of debris such as bird
nests, kites, balloons, and garbage, as well as other
complex and diverse environments, which can be got
from the URL (https://pan.baidu.com/s/1SwZMn-
P5YrQYCVo2P99c¢c_Tg?pwd=G3Wu). Multiple meth-
ods such as random scaling, affine transformation,
color transformation, and horizontal flipping are
used to achieve data augmentation. In order to better
fit the network model, the dataset is uniformly scaled
into 640 x 640 images and divided into training, vali-
dation, and testing sets in a 6:2:2 ratio. Table 2 shows
some important settings about training environment
parameter , where epoch is the number of training
epochs, batch_size represents the number of samples
used to calculate gradients and update model weights
in each iteration, 1rO represents the initial learning
rate, box represents the weight of boxloss, and cls rep-
resents the weight of classification loss.

Table 2
Training Environment Parameter Settings.
epoch batch_size 1r0 box cls
300 24 0.01 75 0.5
3.2. Results

1 Parameter Quantity

The size of the parameter count directly determines
the complexity of the model. A model with a larg-
er number of parameters can capture more details
and complex patterns in the data. The parameter
comparison between the original model and the im-
proved model is shown in Table 3.

Table 3
Comparison of Parameter Quantities.
yolov8s yolov8s yolov8m yolov8m
parameter original | improved @ original improved
model model model model
layers 183 195 230 218
parameters | 11132956 | 11723852 | 26672620 | 25842076
gradients 0 0 0 0
GFLOPs 28.5 29.8 81.1 787
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From the table, it can be seen that the YOLOVS8S
improved the computational complexity by adding
more layers and parameters. The YOLOV8m im-
proved model, on the other hand, reduces computa-
tional complexity by decreasing the number of lay-
ers and parameters.

2 Magnitude of the Loss

During the training process, the YOLOvV8 model si-
multaneously uses multiple loss functions to opti-
mize its performance. Classification loss is the use of
binary cross entropy loss to calculate the difference
between predicted and true categories. The localiza-
tion loss uses smoothed L1 loss to calculate the dif-
ference between the predicted bounding box position
and the true bounding box position. The size loss uses
smoothed L1 loss to calculate the difference between
the predicted bounding box size and the actual bound-
ing box size. The final loss function is the weighted
sum of the aforementioned losses. By minimizing the
final loss, the model can be effectively trained to im-
prove the accuracy and efficiency of object detection.

1 N " "
Ly= D log(y)+(1-y)logl-y)] 1)

Figure 3
The Loss of yolov8n model and yolov8n improve model.
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L, = v ZZI SmoothL(loc!

1 N . .
L, = v Ziz] SmoothL\(size,,,,,size,,,)  (20)
Ltotal =a: Lcls + ﬂ ’ Lloc + Ve Lsize D

Among them, N is the number of samples, y, is the
true label, ), is the prediction probability, loc},,, is
the predicted bounding box position, /loc!,, is the
true bounding box position, size,,, is the predicted
bounding box size, size!,, is the true bounding box

size, a, f and y are the weights of classification loss,
localization loss, and size loss, respectively.

From Figure 3, for improved YOLOvVS8n, red line and
green line are about the curve of train_loss and valida-
tion_loss respectively, while the blue line and yellow
line are the YOLOv8n models’. It can be seen that the
training loss and validation loss of all models grad-
ually decrease with the increase of training epochs,
but the improved model exhibits good model perfor-
mance during both training and validation processes.

Loss values of different models
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That is to say, the red line kept the lower condition
of blue line. In a similar way, the green line and yel-
low line are the same statement. Compared with the
original model, the improved model can converge to
lower loss values faster and maintain lower volatility
throughout the entire training process.

3 Average Accuracy

In terms of accuracy evaluation, accuracy P and re-
call R are selected as evaluation indicators.

TP
P=—— (22)
TP+ FP
po_ 1P .
TP+ FN

In the formula, TP refers to the number of samples
that are actually positive and tested as positive,
while FP refers to the number of samples that are
actually negative and tested as positive. FN refers
to the number of negative samples that are actually
measured as positive samples.

After improving the models of multiple versions of
YOLOVS, their average accuracy is shown in Table 4.

Table 4
Comparison of Average Accuracy.
Model mAP@0.5
yolov8n original model 0.923
yolov8n improved model 0.940
yolov8s original model 0.928
yolov8s improved model 0.947
yolov8m original mode 0.945
yolov8m improved model 0.945

The two smaller scale models YOLOv8n and
YOLOv8s have shown significant improvements
in average accuracy after improvement. Among
them, the average accuracy of YOLOvS8n increased
from 92.3% to 94%, while the average accuracy of
YOLOvV8s increased from 92.8% to 94.7%. This in-
dicates that these improvements are particularly
effective in enhancing the detection performance
of small-sized models, as the addition of PixelAt-
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tention layer helps improve the model’s feature ex-
traction capability. However, for the medium-sized
model YOLOv8m, its average accuracy still remains
at 94.5% after improvement, which may be because
the model has reached a relatively stable state.

4. Conclusion

For identifying impurities in transmission lines,
this article proposed an improved YOLOVS based on
fusion point attention. Compared to the tradition-
al YOLOVS, the PixelAttention is used as two-di-
mensional convolutions to transform the number
of channels for reducing computational complex-
ity and parameter count and maintaining feature
richness. So that it can assign different weights to
different pixels, allow the model to focus on the en-
vironment around power lines, enhance sensitivity
to target features, and improve the recognition effect
of debris on power lines. Compared with the tradi-
tional YOLOVS, the improved model has an average
accuracy 94%, while the adverse accuracy is 92.3%.
The whole accuracy rate is improved 2.3%. In future
research, the new direction is to adjust the attention
calculation method or parameter settings to adapt to
the diversity of impurities in transmission lines in
different scenarios, and continuously improve the
accuracy of the model.
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Table 1
Notation
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Definition

Position on the output feature map
Input value

Output value

Batch variance

A small constant

Width of input feature map
Height of input feature map

The size of the convolution kernel
Step length

Fill

Width of output feature map
Height of output feature map
Number of cutting feature map
P-th part of cutting feature map
Convolution kernel of X,
Addressed feature map

Input feature map

Deep convolution kernel

Output of deep convolution kernel

Pointwise convolution kernel

Output of pointwise convolution kernel

Output convolution kernel

Output feature map

Result after residual connection
Output feature map after MaxPool

Output feature map of i-th iteration

Output feature map of (i-1)-th iteration

Connected feature map
Output feature map of all iterations
Final output feature map

Channel description vector

Variables

E

c
)

epoch
batch_size

Ir0
box
cls

N
Vi
¥
locl,.q
locl .
sizeiprecl

sizel

true

o - =R | R

FP

FN
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Definition
Channel weights
Feature map

The pixel values of the feature map F in
c-th channel, i-th row, and j-th column

parameter matrix No.1
parameter matrix No.2
Activation function ReLU
Activation function Sigmoid
Training rounds

Number of samples used to calculate gra-
dients and update model weights in each
iteration

Initial learning rate

Weight of box loss

Weight of classification loss
Number of sample

True label

Predicted probability

Position of predicted bounding box
Position of true bounding box
Size of predicted bounding box
Size of true bounding box
Weights of classification loss
Weights of localization loss
Weights of size loss

Accuracy rate

Recall rate

Number of samples that are actually posi-
tive and tested as positive

Number of samples that are actually nega-
tive and tested as positive

Nmber of samples that are actually nega-
tive and tested as positive samples
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