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Rust detection in transmission line fittings via fusion of
edge perception and statistical texture knowledge

ZHAO Zhenbing', GUO Guangxue', WANG Yiheng', ZHAO Wenging?, ZHAI Yongjie?

(1. School of Electrical and Electronic Engineering, North China Electric Power University, Baoding 071003, China; 2. School of
Control and Computer Engineering, North China Electric Power University, Baoding 071003, China)

Abstract: To address issues such as small target sizes, complex background environments, and irregular rust areas, a
new rust detection algorithm combining edge sensing and statistical texture knowledge is proposed. First, the YOLOvV7
model is improved for detecting fittings. Furthermore, the enhanced Res-UNet model is used for corrosion segmentation
on the detected fittings. Additionally, squeeze excitation is incorporated to improve the stability of the model. The stat-
istical texture knowledge module and edge-aware module are introduced, and a knowledge fusion module is proposed to
integrate edge perception with statistical texture knowledge to enhance the precision of rust segmentation. Experimental
results show that the detection and segmentation models increased by 2.8 percentage points and 7.7 percentage points,
respectively.

Keywords: target detection; semantic segmentation; transmission lines; rust detection; fitting; attention mechanism; stat-

istical textures; edge perception; knowledge fusion.
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PR 73.6 74.8 75.4 74.5 75.8
BUALTiIT R 2k e 80.6 81.8 85.8 81.8 95.5
mAP 88.2 89.5 90.4 89.7 91.0
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Table 3 Target detection model comparison experiment

(=R7 R mAP/% GFLOPs/10° params/10° eI /()
SSD 70.4 62.8 26.3 222
Faster R-CNN 73.7 370.4 130.0 0.4
YOLOV3 74.7 154.7 61.5 432
YOLOv4 76.6 119.1 52.5 44.5
YOLOVS5s 82.3 15.9 7.1 87.2
YOLOVSI 86.5 109.1 46.5 54.3
YOLOVSs 84.5 28.7 11.1 68.1
YOLOVSI 89.6 165.4 43.6 52.5
YOLOV7? 88.2 1033 36.5 57.3
HSI+Faster R-CNN 77.9 370.4 130.0 0.4
ResNet101 76.4 269.1 60.4 0.5
Sparse R-CNN 82.1 1442 106.0 22.0
Deformable-DETR 87.0 173.0 40.0 19.0
DAB-DETR 87.7 97.4 437 21.0
ARSI 91.0 103.4 36.6 57.1
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Fig. 9 Improved YOLOV7 model visualization results
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Table 4 Improved Res-UNet ablation experiment
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Table 5 Semantic segmentation model comparison experi-
ment

iR backbone params/10° GFLOPs/10° I1oU/%

fm params/10° GFLOPs/10° 1oU/% ﬁgjm(‘i/s)
Base 43.9 184.6 69.8 306
Base+SE 46.4 184.7 712 305
Base+tEAM 44.6 205.1 724 306
Base+STM 46.3 186.4 732 303
Base+tSTM+EAM  47.0 206.8 752 302
AR 49.5 207.2 775 304

FH T il S 355 0 1) 295 SR ] R A R A B A AR A

BAT 7.7 Hor M. NE 4 A LIE 1, Base i
1 Res-UNet [ 25 73 A5 2l 69.8%, T A< SCHRL vk
23t STM. EAM., £ 8 T M4 i A SE &
FIALH 3 A4 77 T8 A BOGHE IS, B RS FE A LR
MLEEETE 7.7 EH 5305, B EI T 77.5%0

WA S AR TR 5 A 3 3 E bR I AR A
i PR 2R B A LR DB IR AR L IR XS L, S 2
mZk s s, MES WM, ACRH#HFAELE UN-
et, PSPNet®" | Deeplabv3+P1 SE LRI X] F, FE AR IE
BT S0 b U AN R I 0 85 1k X 5 ToU 3R A5
TRHRMETE, F0 T I B br AR AR A ) fg

(a) J}i 1

UNet VGG16 249 452.6 63.6
PSPNet  ResNet50 46.7 118.1 67.2
Deeplabv3+ Xception 54.7 166.3 70.2
Res-UNet  ResNet50 43.9 184.6 69.8
ISANet  ResNet50 252 38.6 70.3
BiSeNetv2 ResNet50 49.7 85.9 71.8
SegFormer ResNet50 64.1 95.7 72.1
ARICHL ResNet50  49.5 207.2 77.5
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Fig. 10 Improved Res-UNet visualization results
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