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Rust knowledge-guided dual-stage detection method for
distribution line fitting and defect detection

ZHAO Zhenbing'**, TANG Chenkang', ZHANG Jingliang', BI Yuxuan', LI Haopeng'
(1. Department of Electronic and Communication Engineering, North China Electric Power University, Baoding 071003, China;
2. Hebei Key Laboratory of Power Internet of Things Technology, North China Electric Power University, Baoding 071003, China;
3. Engineering Research Center of Intelligent Computing for Complex Energy Systems, Ministry of Education, North China Electric
Power University, Baoding 071003, China)

Abstract: Aiming at the challenges of small target feature extraction in aerial images, high false detection rates under
complex lighting conditions, and low inter-class differences between normal and rusted fittings in corrosion detection of
distribution line hardware, this paper proposes a rust knowledge-guided dual-stage detection method. First, a coarse-to-
fine dual-stage framework is constructed: the coarse detection phase employs a foreground aggregation module to
achieve density clustering of target regions and suppress background interference. Second, a rust knowledge extraction
module is proposed, integrating illumination-invariant features with an adaptive texture extraction strategy to establish
chromatic-frequency joint representations. Finally, a frequency-aware feature fusion network is introduced, utilizing ad-
aptive low-pass filtering and high-frequency enhancement mechanisms to optimize multi-scale feature consistency,
while a deformable detection head is proposed to improve the modeling capability for irregular rust morphologies. Ex-
perimental results demonstrate that the proposed method achieves mAP50 and mAP of 85.8% and 62.5%, respectively,
on a self-built dataset, and exhibits strong generalization capability on public power inspection datasets, providing an ef-
ficient solution for defect detection of distribution equipment in complex scenarios.

Keywords: distribution lines; object detection; defect detection; fittings; tension clamps; rust knowledge; frequency fea-

ture fusion; adaptive texture extraction
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D' = Conv3 x 3(Concat(Z',S"))
A' = Sigmoid(Conv3 x 3(Concat(Z',S")))
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Fig. 4 Adaptive detection head
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Table 1 Experimental environment
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yrore YOLOv72 732 428 1047 36.5
42 BUBRERITEMIERR YOLOv8s™ 76.3 55.3 28.6 11.1
T B, 2 % 4 L R JHC e 56 A ) % B £ Kl 4 YOLOV9c2 787 574 1028 25.5
%:Z 2 Efi—\‘ o ZIKjCFJ?H% Egﬁ*ﬁiﬂgﬂé Q %M 7[:{3\—;,&5 l‘] ﬁ YOLOVIOS[Zs] 77.9 56.7 21.6 7.2
% 28 6 1SRG PR, i e 2 B LA
JUAEAS A S B0 P )T 6 288 PLEG O DETRE s an sa1 e
Bl e 0 1503 3K IR T, 36 6 765 bR v S, DABDETR s s13 w90 a1s
Fe R 7:3 B e A N 2R dE L e A . =yl gk ' ' ' '
\ Deformable-DETREP! . ) : )
%@ﬁlOSZ?K@H,Eﬁ}E%@/F‘?4SI EII‘KIZIH‘D crormable 81.2 58.8 151.0 40.1
Grounding DINO®?  86.2 65.6  464.0 172.0
K2 BHEAKSERHEBEENEIESE Lo
Table 2 Dataset for power distribution line fittings and IR 78.1 562 172.0 321
their defect detection AR 85.8 625 1714 32.6
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Table3 Comparative experiments of object detection

models
Bk mAP50/% mAP/% GFLOPs Params/10°
Faster R-CNN?!! 77.5 51.7 192 47.4
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Table 4 Comparative experiments on public datasets in

power scenarios %
g mAP50 mAP
InsPLAD CPLID InsPLAD CPLID
Cascade R-CNN 86.6 87.1 67.6 67.7
YOLOV9c 90.7 91.2 69.1 74.9
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Fig. 5 Nemenyi significance test
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Table 5 Ablation study of the foreground aggregation

module %
WiRFS mAP50 mAP
By 78.1 56.2
R FER AR 80.3 59.7
RDNet 83.4 58.9
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Table 6 Ablation study of RDNet %
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Fig. 6 Visualization results of the proposed model
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