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Insulator Defect Detection Based on Multi-Scale Feature Coding and
Dual Attention Fusion

Li Lirong"*, Chen Peng', Zhang Yunliang', Zhang Kai', Xiong Wei'*, Gong Pengcheng"”
'School of Electrical and Electronic Engineering, Hubei University of Technology, Hubei 430064, Wuhan, China;
*Hubei Engineering Research Center of New Energy and Power Grid Equipment Safety Monitoring, Hubei
430064, Wuhan, China

Abstract Aiming at the problem of low detection accuracy and slow detection speed of insulator defects in transmission
lines, a defect detection method for transmission line insulators based on multi-scale feature coding and double attention
fusion is proposed. First, in order to adapt the detection model to the diversity of characteristic scales of defective
insulators, the coding network uses Res2Net50 to extract more fine-grained features, and then embeds the atrous spatial
pyramid pooling structure to capture the characteristics of insulators and their defects at multiple scales. Second, in order
to reduce the lack of feature information in the decoding network, The different feature layers of the backbone network are
connected in series with the efficient channel attention attention module, and they are added to the deconvolution features
of the squeeze and excitation attention module to form a double attention fusion. Finally, Experiments show that the mean
average precision index of the proposed method reaches about 95.35% , and the frames per second reaches about 65. 95,
and compared with other algorithms, this method has certain reference value for realizing the accurate detection of insulator
defects of unmanned aerial vehicles.
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Table 2 Experimental results of different backbone networks unit: %
APS0 P R
Algorithm framework Backbone network mAP
Normal Defect Normal Defect Normal Defect

ResNet18 80. 80 14.95 96. 86 50. 00 41.48 0.79 47.87

ResNet50 94.72 76.46 94. 20 89. 47 84.08 53. 54 85.59

CenterNet ResNet101 91.65 62.70 98. 86 84.00 77.80 33.07 77.17

DLANet34 93.61 62.61 99. 41 81.40 75.56 27.56 78.11

Res2Net50 94.26 82.29 95.93 91. 09 84.53 72.44 88. 27
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Table 3 Ablation experiment unit: %
P R
No. Res2Net50 ASPP ECA SE
Normal Defect Normal Defect
1 N 98. 68 92.22 83.63 65. 35
2 N N 97.16 92.52 84.53 77.95
3 N/ N/ N 95.73 94. 50 85.43 81.10
4 N N N N 97.26 96. 36 87. 44 83. 46
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Table 4 Ablation experiment

AP50 F1
No. Res2Net50 ASPP ECA SE mAP /%
Normal /% Defect /% Normal Defect
1 N 93.29 86. 24 0.91 0.76 89.77
2 N, N 95. 33 88. 58 0.90 0.85 91.96
3 NG N N 94.73 92. 27 0.90 0.87 93.50
4 N/ NG N N 95. 88 94. 81 0.92 0. 89 95,35
5 IS HE RN ) 7% L S
Table 5 Comparison experiment of adding different attention on two branches unit: %
AP50 P R
The first branch The second branch mAP
Normal Defect Normal Defect Normal Defect
ECA ECA 95.28 89.70 97.74 93.33 87. 44 77.17 92.49
ECA SE 95.88 94.81 97.26 96. 36 87. 44 83.46 95.35
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Table 6 Comparison of different algorithms unit: %
Algorithm framework AP50 P R .

(backbone) Normal Defect Normal Defect Normal Defect mAP e
SSD(VGG16) 91.02 88. 87 93.75 92. 86 87.5 88.67 89.95 58.62
RetinaNet(ResNet50) 88.70 86. 38 95.91 88.03 78.92 84.1 87.54 44.30
FasterRCNN(VGG16) 96. 25 70.49 73.47 42.91 96. 86 95. 28 83.37 29.16
YOLOv3(Darknet53) 93.90 87.45 91.61 91. 27 93.05 90.55 90. 68 75.63
CenterNet(ResNet50) 94.72 76.46 94. 20 89.47 84.08 53.54 85.59 97.51
Proposed algorithm 95. 88 94. 81 97.26 96. 36 87.44 83.46 95. 35 65.95
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Fig. 9 Visualization of detection results. (a) Visualization of insulator detection results; (b) visualization of test results of insulators and

defective insulators
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