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Research on transmission line inspection algorithm based on YOLOvS

Zhao Fusheng' Nilupal Ekimu® Ilham Yarmaimat® Guo Songjie'
(1. School of Electrical Engineering, Xinjiang University, Urumgqi 830017, China;
2. Urumgqi Power Supply Company,Urumgi 830000, China)

Abstract: In response to the problem of poor detection accuracy in current transmission line inspections, a transmission
line inspection algorithm based on YOLOv8 (GCAF-YOLOv8) is proposed. Firstly, designed a global channel spatial
attention module GCSA to enhance the expressive power of input feature maps. This module combines channel
attention, channel shuffling, and spatial attention mechanisms to capture global dependencies in feature maps.
Secondly, introduce the StarBlocks structure from StarNet and fuse it with the existing C2f modules in Neck and
Backbone to construct a new C2f_Star module, which improves the accuracy of object detection and reduces the overall
parameter count of the model. Then, it is proposed to replace the traditional convolution in the baseline model with the
ADown convolution module to improve the detection accuracy of subtle features. Finally, combining Focal Loss with
the original CloU in YOLOVS, a Focal CloU Loss function is designed to solve the problem of class imbalance and
improve the accuracy of detecting box position prediction. The experimental results show that the proposed GCAF-
YOLOv8 model has improved detection accuracy P by 3.3% and average accuracy detection mean mAP by 3%
compared to the original model. It can effectively detect various defects in power components and foreign objects on
transmission lines.
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Table 1 Training parameter configuration
ZHATR ZHUH
epochs 200
batch 8
imgsize 640
LrO 0.01
optimizer SGD
workers 0
momentum 0.9
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Table 2 Comparison experiment of different

attention mechanisms

ek Nl P R mAP50  FPS
YOLOv8 0. 865 0.788 0.838  88.29
YOLOV8-CBAM 0. 848 0.793 0.837  89.32
YOLOv8-SimAM 0. 837 0. 806 0. 839 89. 58
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Table 3 Comparison experiment of C2f star replacement at

different positions

o7 P R mAP50  FPS
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Table 4 Comparison experiment of ADown

convolution module

LR P R mAP50 FPS
YOLOv8  0.865 0.786 0. 838 88. 29
Ours 0.874 0.787 0. 840 94. 56
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Table 5 Comparison experiment of different loss functions

Wk R P R mAP50
CloU 0. 865 0.788 0. 838
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Table 6 Results of ablation experiment
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1 0.865 0.838 88.29
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(a) Comparison of YOLOVS8's accuracy P and mAP50 experiments after adding different attention mechanisms
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(c) Comparison of confusion matrix before and after the improvement of the YOLOv8 model
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Table 7 The improved model has different detection

effects for different categories

3l P R mAP50

all 0. 898 0. 834 0. 868
insulator 0.932 0.871 0. 925
insulator_stringdrop 0.941 0. 883 0.927
insulator_breakage 0. 822 0. 696 0.714

insulator_flashover 0. 893 0.76 0.78
damper 0. 891 0. 802 0. 862
damper_defect 0.921 0.928 0.918
nest 0. 822 0. 852 0. 862

flotage 0.923 0. 883 0.918

U HE R S5 R R RE X HE

Comparison of model performance before and after improvements
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Table 8 Overall model comparison experiment

B P R mAP50 FPS
FasterR-CNN 0. 789 0.701 0. 742 39.2
SSD 0. 758 0.689 0.716 45.5
YOLOv3-tiny 0. 833 0.717 0. 754 126.19
YOLOv5 0. 831 0.772 0. 822 81.95
YOLOv6 0. 854 0.762 0.802 73.2
YOLOv8 0. 865 0.788 0. 838 88. 29
Ours 0. 898 0.795 0. 868 85.62
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(a) Schematic diagram of large target detection

3

(b) Z54E HARAil R~ =

(b) Schematic diagram of dense target detection

K6 ATARAL SRS L

Comparison of visualization results

Fig. 6
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