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Corrosion detection method for complex scenario substation equipment

ZHAO Zhenbing'**, XI Yue', FENG Shuo', ZHAO Wengqing**, ZHAI Yongjie*, LI Bing*

(1. Department of Electronic and Communication Engineering, North China Electric Power University, Baoding 071003, China;
2. Engineering Research Center of Intelligent Computing for Complex Energy Systems of Ministry of Education, North China Elec-
tric Power University, Baoding 071003, China; 3. Hebei Key Laboratory of Power Internet of Things Technology, North China Elec-
tric Power University, Baoding 071003, China; 4. School of Control and Computer Engineering, North China Electric Power Uni-
versity, Baoding 071003, China)

Abstract: To address the significant challenges posed by significant variations in corrosion morphology, varying scales,
and low feature saliency in corrosion detection in substation equipment under complex scenarios, a corrosion detection
method for complex scenario substation equipment is proposed. First, frequency channel attention networks are intro-
duced, leveraging additional frequency components to complement the fine-grained features in deep networks, thus op-
timizing the extraction of corrosion-related features. Second, within the feature fusion network, the multi-scale module
is employed to rebuild the C2f module, thereby allowing the network to better capture corrosion areas of different sizes.
Finally, the additional detection head mitigates crucial corrosion-related information loss during feature fusion caused by
downsampling, thereby enhancing corrosion detection accuracy. The relevant experimental results reveal a 5.1% im-
provement in the average detection accuracy (mAP50/%) compared with the results obtained by the original YOLOv8m
model. Overall, this improved model outperforms other mainstream object detection models, thereby representing a nov-
el approach for substation equipment corrosion detection.

Keywords: substation equipment; irregular defect; corrosion detection; YOLOVS; attention mechanism; multi-scale fea-

ture; detection head; complex scenarios; power computer vision
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Table 1 Experimental environment
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IR Python3.8
CUDA 10.2

M FER
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Table 2 Effects of different positions of the FcaNet
module on model detection %
A Az mAP50
1 BackbonefS| #5521~ C2f 5 Neck#E 4k 73.6
2 Backbonelt)SPPFJ& 73.8
Backboneff| 5521~ C2f5Neck
AL L) K SPPF 746
Backboneff| 51552, 31~C2f5
4 NeckiZ#:4b L) & SPPF/= 730
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Table 3 Effect of multi-scale modules %
P AP, AP, AP,
YOLOvV8m 28.8 315 46.0
YOLOv8m+MS-C2f 322 333 46.6
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T B AR AR SOV v T AR AR A
FIHLH | Z2 RUBE R AF 15 i A5 B AR B om0 Sk 45
e sk, it 17 8 AL A SC S, 4Nk 4 FiR .
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Table 4 Ablation experimental results

BBl YOLOv8m  FcaNet ~ MS-C2f  AD-Head  P/%  R/%  mAP50/%  ZAUi/10°  Kllld i /(f/s)
A \ 81.0 674 73.0 25.8 91.7
B S S 826 675 74.6 25.9 91.7
C S V 83.1  66.0 75.2 26.8 87.0
D \ \ 83.7 685 75.8 25.8 92.6
E S S \ 81.8 683 76.1 26.9 86.2
F S S S 83.3 685 76.4 25.9 90.9
G \ \ \ 81.6  69.9 77.4 26.8 87.7
H \ x/ \/ x/ 86.5  69.0 78.1 26.9 86.2
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Fig. 6 Visualization of test results
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Table 5 Performance comparison with advanced detect algorithms

HRR Backbone mAP50/%  mAP50:95/%  Z%H/10°0 TR0 K /(fs)

Faster R-CNN Resnet50 40.5 17.0 137.1 370.2 11.9
YOLOV5m Darknet53 73.1 36.9 20.8 479 108.7
YOLOv6m EfficientRep 68.0 37.0 34.8 85.62 91.6
YOLOV7 E-ELAN 72.5 39.1 36.4 103.2 532
YOLOvS8m CSPDarkNet 73.0 43.0 25.8 84.4 91.7
RT-DETR HGNetv2 62.4 31.7 65.4 2225 28.5
YOLOV9c GELAN 712 41.9 50.7 236.6 36.0
KI5k CSPDarkNet 78.1 48.2 26.9 79.5 86.2
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Fig. 7 Test results of different models
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