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Insulator defect detection based on efficient multi—scale attention and
switchable atrous convolution

LiJiawen, Yin Xianglei, Zhou Huanting, Xiao Shumiao
(College of Electrical Engineering, Shaanxi University of Technology, Hanzhong 723001, Shaanxi, China)
Abstract: Aiming at the problems of missed detection and false detection of small targets of insulator defects
under complex background, an insulator defect detection method based on efficient multi-scale attention and
switchable dilated convolution is proposed. Firstly, C2f EMA is designed based on the YOLOvS8s algorithm
using efficient multi-scale attention, so that the network can effectively extract the feature information of small
target defects; secondly, adding a small target detection layer can adjust the receptive field size, so that the
network can focus on the features of small targets of insulator defects; finally, the standard convolution is
replaced by switchable dilated convolution to capture a larger range of up and down information to obtain
different types of insulator scale feature information and enhance the model's robustness to scale changes.
Experimental results show that compared with the baseline algorithm YOLOVS8s, the improved algorithm has a
mAP of 94.2%, an increase of 4.2% , and a mAP50:95 of 68.7%, an increase of 3.2%. This method can

effectively detect multiple types of insulator defects under complex backgrounds.
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Yolov8s X X X 95.6 84.2 97.3 72.5 96.8 92.4 90.0 65.5
YOLOv8—E N/ X X 96.5 84.7 97.3 72.7 96.1 93.4 89.9 64.6
YOLOv8—EP N/ NG X 96.5 91.5 98.8 82.7 97.6 95.8 93.7 67.6
YOLOv8—EPS NG N NG 96.8 91.5 98.7 83.2 98. 6 95.9 94.2 68.7
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Table 3 Comparison of models of different attention

mechanisms
Model P/%  R/% mAPE MOdel
0.5/%  Size/M
YOLOv8—PS 95.7 90.9 93.8 23.4
YOLOv8—PS+MLCA  96.5 90.6 93.5 44.7
YOLOv8—PS+SE 95.4 91.5 93.7 23.6

YOLOv8—PS+GAM 95.6 92.0 94.4 27.7
YOLOv8—PS+FLA 96.9 91.3 94.1 24.5
YOLOv8—PS+EMA 96.8 91.5 94.2 23.6

2.3.4 B ket £k
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EPS BRI 258y &2 2% , H YOLOVS-EPS ) mAP@0.5
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Table 4 Comparative experiment between YOLOvVS8s-EPS and other algorithms

Model P/% R/% Model Size/ FPS AP/ mAP@

M Insulators Drop Breakage Flashover 0.5/ %
SSD 87.3 75.4 96.7 46.7 95.6 55.3 78.9 60.7 74.6
Faster R—cnn 85.6 66.7 108 24.2 91.8 44.6 66.7 53.4 61.2
YOLOv5s 94.3 84.2 18.5 82.8 96.9 68.9 96.6 92.3 88.7
YOLOvV7 95.5 91.4 74.8 63.5 98.5 84.7 97.5 94.5 93.8
YOLOVS8s 95.6 84.2 22.1 90.6 97.3 72.5 96.8 92.4 90.0
YOLOv8—EPS 96.8 91.5 23.6 67.6 98.7 83.8 97.6 95.8 94.2
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