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Research progress of vision-based rust defect detection
methods for metal fittings in transmission lines

Liu Chuanyang"*, Wu Yiquan',Liu Jingjing’

(1. College of Electronic and Information Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China;
2. College of Mechanical and Electrical Engineering, Chizhou University, Chizhou 247000, China)

Abstract ; As a common defect type, surface rust of metal fittings in transmission lines is one of the important hidden dangers endangering
the safe operation of transmission lines. How to quickly and accurately discover and repair rusted metal fittings is an urgent problem to be
solved in the work of transmission line inspection. This article reviews the research progress of vision-based rust defect detection methods
for metal fittings in the last ten years. Firstly, the rust defect detection process of metal fittings based on traditional image processing is
introduced. Then, the rust defect detection of metal fittings is summarized according to traditional image processing and deep learning
methods. The application of object detection and semantic segmentation algorithms in rust defect detection of metal fittings is
emphasized. Next, the self-built data sets for metal fittings" rust defect detection and performance evaluation indexes are introduced.
Finally, the existing problems of rust defect detection methods based on deep learning are pointed out and future research work is
prospected.
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Fig. 1 Process of rust defect detection of metal fittings based

on traditional image processing
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Fig.2  Aerial images of metal fittings in transmission lines
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Table 1 Traditional image processing methods used for rust detection of metal fittings in transmission lines
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Fig.4 Process of rust defect detection based on deep learning
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Fig. 5 Typical algorithms of target detection
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Table 2 Performance of typical object detection algorithms

p_— COCo V02007 oRllBE ;S
mAP/% mAP/% /fps
R-CNN 58.5
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Fast R-CNN 19.7 70. 0 3
Faster R-CNN 21.9 73.2 5
R-FCN 29.9 79.5 6
Mask RCNN 37.1 5
YOLOvI 64.5 45
SSD 31.2 76.8 19
YOLOv2 21.6 78.6 40

YOLOv3 33.0 45. 4
RetinaNet 39.1 5
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Fig. 6 Detection flow chart of two-stage algorithm
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Fig. 7 Overview of AGMNet
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Table 3 Two-stage target detection methods used for rust detection of metal fittings in transmission lines
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Fig. 9 Detection flow chart of one-stage algorithm
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Fig. 10 Network structure of the improved YOLOv4
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Fig. 13 SSD model based on spatial attention mechanism

TR T I DCNN H 327 2] IR IUE
R RFE, SE 8 v 21 v ) E ARSI, B A 7 > i it |
AR AR RS R AR A LA TR R e R
F 75 et DX SR AN RILDU R AN 5 P , 2EF DCNN 9 H Bk
75 FUBE T H T 380 el 4R o A 180 8 A7 0 5 Tl Bk o A
I, JC 0 i SFAE A 45 ok DX b 1 A0 5 P R B Al

T PR 5 < RS Tl e o A0 v 1 FH ) one-stage H
PRSI 7 T5 3R 4 PR

R4 FEHEKEREEFMERERNA AL one-stage B RGN 77 %

Table 4 One-stage target detection methods used for rust detection of metal fittings in transmission lines
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Table 5 Semantic segmentation methods used for rust detection of metal fittings in transmission lines
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Table 6 Self-built data sets of transmission line metal fittings defect detection based on deep learning
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Table 7 Evaluation indexes of object detection
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Table 8 Evaluation indexes of semantic segmentation
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