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Abstract: To address the issue of insufficient recognition accuracy caused by complex backgrounds and tiny, dense defects in rail defect de-
tection, this paper proposes a multi-scale adaptive lightweight rail defect detection model. First, a Dynamic Feature Enhancement Module is
designed to achieve multi-scale feature decoupling and fusion via group convolution, combined with a global attention mechanism to enhance
key features and improve the model’s ability to capture fine details of tiny defects. Second, a Large Kernel Selective Convolutional Attention
Module is introduced, which constructs a spatial selection mechanism and adaptive receptive field adjustment using deformable convolution.
This dynamically adjusts the shape and range of convolution kernels, effectively suppressing background interference and enhancing defect lo-
calization accuracy. Finally, the regression loss function of the detection head is replaced with the minimum point distance metric—=based MP-
DIoU loss. By optimizing the calculation of bounding box center points and vertex distances and introducing stronger geometric constraints, the
accuracy of detection box fitting is improved. Experiments show that compared to the original YOLOv8n, the model achieves improvements of
2.3% and 4.2% in mAP50 and mAP50: 95, respectively, on the rail surface defect dataset, and 3.3% and 1.8% on the rail fastener dataset.
The results demonstrate that this method significantly enhances rail defect detection performance and possesses practical engineering value.
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Fig.1 Multi-scale adaptive lightweight rail defects detection model
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Fig.3 GCA module structure
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Table 1 Specific experimental parameters

®1 ZBEEKSH

S SR ZHUE
HIEZR R0 600
RIS SGD
RN 16
GRS 640
2] R 0.01

2.3 XfLEEE
231 HZAEMLER

N T BAEAS SCOT VR AR A AR R S 2 A
PE) B B KL 3%, 4455 Convnext , Cst—Yolo, Lite—Yolo
Ca—Auto., Etdnet , Gold-Yolo A & YOIOv8 F 41| 45 #E47 T X
WA, SR RN F 2. F 3 IR, K L R ek
T RIZ AR AL, NIA” R TCAR R

e B TE 2 T T A AR R s B A LY
S SRR, AR SO AE S HE 1) mAPS0 Fll mAP50: 95 Hi
Fr LI AE# T Convnext . Cst=Yolo . Lite—Yolo . Ca—Auto . Etd-
net.Gold=Yolo . Yolov5.Yolov7 . Yolovl2 A & Yolov8 £ % 1F
W Z R Sl TR . A EIP A A B
RO/ INFIAE P E B, A SCR A R 90 1wl ROl . B
TELRA 35 7 A ] A, e 4 3L 32 7R % B e PASE A



5 XX

FECR, SOBE L B U, 2 22 RUBE 19 365 107 ) et AL o T Ay -7

Table 2 Comparative experiment on the track surface disease detec-

tion dataset

R2 HERERERNEEES LXK

W E———
LT RFT mAP30 mAP50:95/% 2R FPS

1% IREZEIG BM
Convnext-'’ CVPR 2022 739 448 189.10 48.10 12.98
Cst-Yolo''™  ICIP2024 736 435 23540 61.90 8.39
Lite-Yolo''”'  TIM 2024  73.0 39.3 970 376  68.03
Ca-Auto'®’  TIM 2023 723 34.8 82.79 36.81 16.80
Etdnet!  TIM 2023  74.0 42.7 2391 7.01 33.55
Gold-Yolo??! NeurIPS 2023 75.8 427 1210 5.60 67.03
Yolov8n'®!  ADICS 2024  74.9 415 820 3.04 68.66
Yolov8s'®!  ADICS 2024 75.8 454 28.80 11.14 20.35
Yolov5s N/A 74.0 44.6 1320 750 66.57
yolov7-tiny*/ CVPR 2023  76.3 39.7 13.00  6.02 66.66
Yolov12s!? N/A 76.7 46.1 2150 926 36.19
Ours N/A 772 457 11.10 382 6745

Table 3 Comparative experiment on the dataset of track fastener dis-

ease detection

R3 HENGREERNEIEES LI

AR R mAP50/% mAP50:95/%

Convnext"'”) CVPR 2022 96.2 72.8
Cst=Yolo!'® ICIP 2024 93.8 69.4
Lite=Yolo' " TIM 2024 94.0 70.7
Ca-Auto' ! TIM 2023 94.8 71.4
Etdnet'?) TIM 2023 96.2 72.7
Gold=Yolo'? NeurlPS 2023 94.6 72.8
Yolov8n'? ADICS 2024 935 73.8
Yolov8s'? ADICS 2024 95.1 742
Yolov5s N/A 93.9 70.5
Yolov7-tiny" ¥ CVPR 2023 94.1 65.9
Yolov12s2%! N/A 95.3 74.8

Ours N/A 96.8 75.6

T35, AREE T 00 55 B9 SR AL B g, X T AR SO R

ARCHBE
232 REVEZE AHUH AT KR
R AR AR SOR B LSK T 3 A6 5 B AT 250, %o HoAth
4 RN [R] B T 7 AL R R A L T R i T R B AT
TSR, SRR A RN 4 PR
Table 4 Comparison test of attention modules
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Table 5 Loss function comparison experiment

K5 BEHRHXLLIKE

WE IS mAP50/% mAP50:95/% HHEERE/%  SHEM
CBAM? 742 42.0 8.2 3.01
CAPT 74.7 41.4 8.2 3.01
GAM 73.9 424 9.4 3.10
AGCA!® 753 41.8 8.2 3.01
LSKblock ! 75.9 43.4 8.2 3.02
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DIOU!"! 76.4 438
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MPDIOU™ 772 457
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Table 6 Ablation experiment

F6 HELR

S DFE LSK MPDIoU mAP50/% mAP50:95/%
1 - - - 74.9 415
2 J - - 75.8 44.7
3 - J - 75.5 43.1
4 - - N 75.3 420
5 N N - 76.1 45.4
6 V V N 772 45.7
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Table 7 DFE module disassembly ablation experiment

%7 DFERHIRMREEIE

S G GCA mAP50/% mAP50:95/%
1 - - 74.9 415
2 N - 75.2 42.1
3 - J 75.4 429
4 N J 75.8 44.7
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Fig. 6 Heat map of model results
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Fig. 7 Visualization experiment of rail surface disease detection dataset
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Fig. 8 Visualization experiment of rail fastener disease detection
dataset
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