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Abstract ; Aiming at the problem of current slow detection speed of insulator defects in high-voltage lines
and low accuracy in complex scenarios, this paper proposes an insulator defect detection algorithm for
complex scenes based on lightweight you only look once (YOLOWv4). Firstly, the lightweight efficient
channel attention GhostNet (ECA-GhostNet) is used as the backbone to improve the detection speed.
Then the classification-IoU joint representation is introduced in the head,and the general distribution is
utilized to represent the flexible distribution of the bounding boxes to improve detection performance in
complex scenes. In the training phase, quality focal loss (QFL) and distribution focal Loss (DFL) are
used to better supervise joint representation and bounding boxes regression. Proposed method verifies the
two types of targets of normal and self-explosive defective insulators on a dataset with complex back-
ground. The results shows that the detection accuracy of our approach in complex scenes is better than
the current mainstream algorithms,and the detection speed reaches 49 FPS, which is about 40% higher
than the original YOLOV4 algorithm's detection speed.
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Fig. 1 The network structure of the YOLOv4 algorithm
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Fig. 3 Overall network framework for insulator defect detection
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Fig. 5 The schematic diagram of ECA module
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Tab.3 Verification experiment of general distribution and classification-IoU joint representation

Methods

AP().5=().93/% AP().B/% APU,73/%
N F N F N F

Branchl + Branch2 (Dirac)
Branchl+ Branch2(General)
Branchl+ Branch2(General) + Branch3

55.0 49.6 81.4 90.1 61.7 43.3
74.2 56.9 95.8 97.5 87.4 57.9
74.8 59.5 97.2 99.3 86.9 68.9
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Tab.4 Comparative experiments of different head
APy5.045/% APy5/%  APois/%
N F N F N F
YOLOhead 64.1 51.5 96.9 97.6 77.0 47.0
ClJhead(ours) 74.8 59.5 97.2 99.3 86.9 68.9
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Tab.5 Performance comparison experiments of different algorithms

APy 5. 0.05/ % AP/ % APoos/ %

Methods
N F mAP N F mAP N F mAP
Faster RCNN 66.5 23.8 45.2 96.3 70.5 83.4 79.5 7.0 43.3
SSD 68.5 42.3 55.4 90.7 93.7 92.2 80.4 24.3 52.3
YOLOv3 73.0 51.2 62.1 97.2 96.0 96.6 86.3 42.8 64.5
YOLOv4 66.0 52.5 59.3 97.1 96.9 97.0 78.3 52.3 65.3
Our approach 74.8 59.5 67.2 97.3 99.3 98.3 86.9 68.9 77.9
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Tab. 6 Comparison of FLOPs and parameters

in different algorithms

Methods FLOPs/G Parameters/M Weights/M
Faster RCNN 188.53 136.73 546. 8
SSD 87. 86 24.53 196. 3
YOLOv3 155. 00 61.51 246. 4
YOLOv4 63.83 63. 94 256. 2
Our approach 1.78 2.09 8.7
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Tab.7 Comparison of inference speed of different algorithms

Methods Infere/r;g: time Slgsézc/tli:(;ls
Faster RCNN 55.00 18
SSD 29.41 34
YOLOv3 25.00 40
YOLOv4 28.57 35
Our approach 20. 40 49

oz o

(a) Our approach  (b) YOLOv4 (c) SSD
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Fig. 8 Visualization of test results of different algorithms
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