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Simulation study on insulator fault detection based on deep
learning

Zhang Changle, Jin Jun

(School of Automation and Electrical Engineering, Dalian Jiaotong University, Dalian 116028, China)
Abstract: Aiming at the problem of serious interference and low detection accuracy of insulator pictures collected
in UAV patrol inspection, the optimization is carried out based on YOLOv5s algorithm, and the simulation
research of insulator fault detection is carried out based on the improved YOLOv5s algorithm. The original
algorithm is improved by adding CBAM attention module to the neck network, using k-means clustering to
recalculate the size of a priori frame, and using MetaAconC as the activation function. The experimental results are
analyzed based on python. The experimental results show that the advantage of this scheme is that the average
accuracy of the algorithm mAP reaches 96.7%, which is 3.3% higher than the original YOLOv5s model; In
addition, the weight file size of the algorithm training in this scheme is only 15.1M, which is only 0.1M larger than
the original YOLOV5s, and still maintains the lightweight feature, which has a good prospect in the deployment of
intelligent patrol work.

Key words: fault detection; insulator; Yolovbs network; intelligent patrol inspection
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Fig. 1 Scatter Chart of Clustering Results
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Tab.1 Comparison of the size of the default prior

frame and the improved prior frame

scale Original size/pt Improved size/pt
(10,13) (13,15)
Small (16,30) (19,28)
(33,23) (31,24)
(30,61) (37,69)
medium (62,45) (25,46)
(59,119) (51,31)
(116,90) (106,53)
big (156,198) (42,105)
(373,326) (55,54)
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Fig. 2 Structure of YOLOV5s algorithm integrating

CBAM modules
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Tab.2 Comparison of classification accuracy of related

algorithms
. mAP0.5

Network damage dirt flash 1%
YOLOv5s 93.0 89.3 943 934
CBAM-YO
LOv5s-back 934 89.4 944 93.6
bone
CBAM-YO

98.0 95.3 96.8 96.7
LOv5s-neck
CBAM-YO

92.2 88.3 91.2 915
LOv5s-conv
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Tab.3 Layered Description of the Improved YOOv5s
Overall Network Structure

number  input module tensor
0 1 Conv [3,32,6,2,2]
1 1 Conv [32,64,3,2]
2 1 C3 [64,64,1]
3 1 Conv [64,128,3,2]
4 1 C3 [128,128,2]
5 1 Conv [128,256,3,2]
6 -1 C3 [256,256,3]
7 1 Conv [256,512,3,2]
8 1 c3 [512,512,1]
9 1 SPPF [512,512,5]
10 1 Conv [5612,256,1,1]
11 1 UP [None,2, nearest’]
12 [-1,6] Concat [1]
13 -1 C3 [256,256,1,False]
14 -1 CBAM [256,256]
15 -1 Conv [256,128,1,1]
16 -1 Up [None,2,’nearest’]
17 [-1,4] Concat [1]
18 1 C3 [256,128,1,False]
19 1 CBAM [128,128]
20 1 Conv [128,128,3,2]
21 [-1,15]  Concat [1]
22 1 C3 [256,256,1,False]
23 1 CBAM [256,256]
24 1 Conv [256,256,3,2]
25 [-1,10]  Concat [1]
26 1 C3 [512,512,1,False]
27 -1 CBAM [512,512]
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Tab.4 Comparison of Accuracy of Related
Algorithms

Netw mAP/ i
damage  dirt  flash Size/
ork % M

Faste
rR-C 86.4 853 912 892 1808
NN
SSD 90.5 823 908 883 1854
YOL
Ov2
YOL
Ovbs
Paper
algori 98.0 953 968 967 151
thm

92.0 86.0 905 913 2025

95.0 89.3 943 934 150

2% 4 W], ASCER = R S Y
Kol ks e s 3 96. 7% , 5T Faster R-CNN Al
SSD, b YOLOv2 Al YOLOV5s 4 HIF2TH T 5. 4%
3. 3%.
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Tab.5 Accuracy Improvement Results Based on

Different Optimization Measures

Num- K-me- Metaa-

ber ans CBAM conc MAP/%
1 V — — 935

2 — \ — 95.6

3 — — V 94.7

4 V \ — 95.9

5 V — \ 95.1

6 — \ \ 96.1

7 V \ \ 96.7
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