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Abstract: To address the issue of catenary dropper slackness and fractures in high-speed railway contact networks, which severely
disrupt train operations, a multi-scale dynamic rotation YOLOv8n ( MDR-YOLOv8n) algorithm was proposed to detect the
abnormal states of the catenary dropper. High-resolution dropper images were acquired through the high-speed railway contact
network 4C inspection system and enhanced via data augmentation. A convolutional local attention version 2 ( CloAttV2) was
designed and integrated into the cross stage partial fusion ( C2f) backbone network. Through collaborative axial adaptive pooling and
dynamic sparse attention gating, the effectiveness of global-local feature fusion was boosted while the capture capability of key
dropper features was enhanced. A lightweight multi-scale dynamic upsampling module with self-calibration mechanism was designed
to adaptively adjust sampling weights of the feature maps, effectively utilizing contextual semantic information while reducing model

parameters and enhancing anti-interference capability. An oriented bounding box-task align dynamic detection head (OBB-TADDH)
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was designed, which leveraged task-aligned optimization to enhance rotated object localization, suppress feature redundancy, and

improve detection sensitivity for small targets. Experimental results demonstrated that MDR-YOLOv8n achieved 3.7 percentage

points improvement in mean average precision at a confidence threshold of 0.5 and 2.3 percentage points increase in inference speed

compared to the YOLOv8n model, while maintaining high detection performance under complex environmental conditions. MDR-

YOLOV8n optimized the balance among detection accuracy, inference speed, and lightweight design, providing a novel solution for

the intelligent upgrade of 4C inspection system.

Keywords: YOLOvS8n; overhead contact system dropper; dynamic upsample; attention mechanism; rotating target detection
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Table 1 Experimental results comparison of different
C2f module designs

Y O/GFlops R/% P/% P, qos/%
YOLOVSn 8.1 86.9 91.5  90.8
C2f-DAttention 8.2 775 93.0 932
C2f-AgAttention 8.6 739 892  92.1
C2f-MLCA 8.2 76.0 925 927
C2f-DWR 8.0 83.1 803  82.0
C2f-LW Attention 8.2 852 856  87.4
C2f-EMBC 6.9 84.2 89.8  90.1
C2f-DynamicConv 6.9 80.8 86.5 85.2
C2f-RFAConv 8.8 83.9 76.1  87.0
C2f-FADC 8.0 79.6 72.6  82.5

C2f-CloAttV2 ( AHF5T) 8.2 85.0 934 93.9
MR 1 ATLIE 1,3 G BRI P, oos A

1 YOLOvSn A=Y | 3 DI B i 5% 2 24 5, 7EE
= IHLE A C2f-EMBC ik 842, (H AR R AE

fili 4% E J, BR il K§ B2 42 JF; C2f-DAttention Al
C2f-MLCA 4 5 C2f-CloAttV2 AH 24, #6: I kG &
FHEE YOLOvV8n A T &, (HAT5 A 1 C2f-CloAttV2;
C2f-AgAttention J18 5 3 % 8.6 GFlops, {HFFfiF 5
BRCRIL, SRS D, 25 1, C2f-CloAttV2
TETHIR ALY [F] I 25 4 T AR i 208 O S TEPE
B P RE T INPLR
3.4 AENEI ERAEFR N SLAEBRIGIE

SR ORE R B 4y Gl R 3 &S SR B ((dynamic
sample, DySample ) . P % & 1 4% fiE 5 2H ( content
aware reassembly of features, CARAFE) 5 MDS-
DySample #F47 % Lt 5 6 I Sk 452 B 7 11 € 2 Az I <
(OBB-head) . /=5 &0 K6 M 3k ( Efficient-head ) | 22 R &
EE S AL H A Sk ( multi squeeze-excitation
attention module head, MultiSEAM-head) 5% & 2% It
=3 UK I Sk ( lightweight shared convolutional
detection head, LSCD-head) ,OBB-LSCD , TADDH-
head 5 OBB-TADDH A Jy X M 24 473056, A [F)
BT SR R ARG 0 Sk A5 B g % Ll 25 SR an gk 2
Fis

F 2 AR L RAE R I Sk BTHGR 56 X H

Table 2 Experimental comparison of different upsampling
and detection head module designs

382N FE O/GFlops R/% P/% P, o0s/%
DySample 8.2 85.0 929 92.2

_ERHEE CARAFE 8.4 80.1  89.5 87.8
MDS-DySample 8.2 89.7 926 93.2

OBB-head 8.3 84.4 911 92.7
Efficient-head 8.2 789 821 83.6
MultiSEAM-head 7.3 82.1 713 80.5

Kk LSCD-head 6.5 774 78.6 79.7
OBB-LSCD 6.6 83.9 921 91.7
TADDH-head 8.4 852 90.4 92.5
OBB-TADDH 8.5 92.1 902 93.9
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Table 3 Detection results of different models
P,/ % . _

o Ei] P/% R/ % 0/GFlops e e e Foeed/ (Wies™) P, oos/%
YOLOVS5s 61.9 77.4 7.1 89.3 52.1 72.8 90.9 70.5
YOLOvSn 91.5 86.9 8.1 92.9 86.0 93.8 185.2 90.9
YOLOVSs 93.0 89.5 28.4 93.1 90.7 95.2 173.5 93.1
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Fig.8 Detection results visualization of various algorithms under simple scenarios
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Fig.9 Detection results visualization of various algorithms under complex scenarios
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