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Abstract; With drones and other equipment inspecting insulators in the field, the insulators have the characteristics of
small targets, multiple types and large scale differences, which affect the detection accuracy during the inspection process.
Therefore, an improved YOLOvV8 algorithm is proposed to improve the accuracy of multi-type and multi-scale insulator defect
detection. In the improved algorithm, the weighted intersection over union (WIoU) is introduced in the regression loss calcu-
lation, which reduces the gradient gain caused by image quality and enhances the positioning performance and generalization
ability of the model. The multiscale-hybrid attention mechanism (MHA) is used in the feature extraction and prediction stage
of the backbone network to improve the learning ability of important features for small targets. To fully extract multi-scale
information containing contextual features of the images, multi-scale deep separable convolution is introduced at the end of
the backbone network to enhance the SPPF module, and a multi-scale spatial sensitive module (MS3M) is introduced. Ex-
perimental results show that the mAP value of the improved YOLOvVS algorithm in insulator defect detection reaches 97. 3% ,
which is 6. 2% higher than that of baseline YOLOvS8, and performs better in multi-type and multi-scale insulator defect detec-
tion. It is conducive for drones to improve the inspection and maintenance efficiency of insulators in the field.

Keywords: drone inspections; insulator defects; attention; multi-scale features; YOLOv8
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BRI 235 SR T 4 AP S 97. 3%, AH L EZE YOLOVS, Bk
HE) YOLOVS BIERRILE mAP FARET 6.2% ., £4%K
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AP T 6200 .

F 2 Wik YOLOv8 534k YOLOvVS My X} o 5286

HET FE2k YOLOVS A
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EF: 93.1 99.5
s 86.5 93.6
e 45 88.3 97.2
JT A 285 91.1 97.3
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(i} Precision | Recall | mAP

YOLOvVS 91.9 87.3 91.1

YOLOv8+ WloU 93.6 89.7 92.6
YOLOv8+ MHA 94. 8 92.4 94.7
YOLOv8+MS3M 94.3 90.9 93.5
YOLOv8+WIoU+MHA 95.9 93.8 95.5
YOLOv8+ WloU+MS3M 94.7 92.6 94.2
YOLOv8+ MHA+ MS3M 97.3 95.8 96.7
YOLOv8+WIoU+ MHA-+MS3M 97.6 96.7 97.3

o A Precision/ % | Recall/ % | mAP/% FPS
YOLOv5 88.7 83.6 89.1 33.7
Faster RCNN 93.4 90.7 92.2 9.5
SSD 90. 3 88.1 90.7 31.8
ECAP—YOLO"" 93.1 89.3 91.4 30. 7
DETR 90. 1 82.5 89.8 6.4

A3 97.6 96. 7 97.3 31.4
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