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Defect detection method for locomotive coil springs integrating

features and deformable attention
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Abstract: Objective As critical components of a vibration reduction system, the primary and secondary coil springs of
locomotives are vital to safe train operations. With the increasing demand for railway transportation, these springs are often
subjected to alternating loads, environmental corrosion, and fatigue stress, making them highly susceptible to surface
cracks. If not detected and addressed in time, such defects may lead to spring fractures, locomotive malfunctions, or even

serious safety accidents. At present, the inspection of locomotive coil springs primarily relies on magnetic particle testing
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combined with manual visual inspection. While this approach can detect most apparent defects, fine or concealed cracks

are often missed owing to dust interference, strong magnetic fields, and fluorescent reflection in the testing environment.
Moreover, manual methods suffer from low efficiency and lack of consistency, failing to meet the demands of intelligent and
highly reliable modern locomotive maintenance. Therefore, this study proposes a surface defect detection method for loco-
motive coil springs based on an improved real-time detection transformer (RT-DETR) model, aiming to leverage deep
learning and computer vision technologies to enhance the automation and robustness of defect recognition, thereby ensuring
spring operation safety and supporting intelligent maintenance. Method The RT-DETR framework was extensively
enhanced in three key aspects to improve the detection capability for small surface defects under complex industrial condi-
tions while ensuring real-time performance and model efficiency. First, in the backbone network, the original basic block

was replaced with a re-parameterized partial convolution module (Rep-Pconv), constructed by applying structural
reparameterization to partial convolution. This structure improves feature representation during training via a multibranch

architecture and simplifies the inference phase through branch fusion, thus reducing computational cost while maintaining
detection accuracy. Second, in the attention-based intrascale feature interaction module, the conventional multihead self-
attention was replaced with a deformable attention(DA) mechanism. This modification allows the model to dynamically per-
ceive spatial offsets and focus effectively on salient local regions, enhancing its ability to detect fine-grained defects in clut-
tered backgrounds. Third, a P2 detection layer was added to improve sensitivity to small targets. A lightweight cross-scale
feature fusion module was also designed by incorporating scale-sequence feature fusion and a triple feature encoder,
enabling efficient integration of shallow texture and deep semantic features across multiple scales. Result Comprehensive
experiments were conducted on a self-constructed dataset of locomotive spring surface defects to validate the effectiveness
and superiority of the proposed method. Results show that compared with the original RT-DETR, the improved model

reduced the parameter count by approximately 54% and improves the mean average precision to 97. 2%, representing a

2. 8% increase. Additionally, precision and recall were improved by 0.8% and 1.2%, respectively, demonstrating

enhanced performance in false positive suppression and missed defect reduction. Furthermore, comparative evaluations

against mainstream lightweight object detection algorithms including YOLOvSs, YOLOv8s, YOLO1ls, and YOLO12s
revealed that the proposed method outperformed all baselines across key performance metrics. Conclusion The improved

RT-DETR-based defect detection algorithm proposed in this paper introduces Rep-Pconv, deformable attention mecha-
practical industrial applications.

nisms, and a lightweight cross-scale feature fusion module, effectively addressing the challenges posed by complex indus-

trial environments. Experimental results confirm that the model not only significantly reduces computational complexity but

0

also achieves superior detection performance on the custom locomotive spring defect dataset. The method exhibits strong

T

advantages in detection accuracy, efficiency, and robustness, offering a reliable technical solution for intelligent defect

detection. It lays a solid foundation for the future development of automated and intelligent defect identification systems in

Key words: locomotive coil spring; defect detection; real-time detection Transformer (RT-DETR) ; partial convolution
(Pconv) ; structural re-parameterization(Rep) ; deformable attention mechanism ; feature fusion
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Table 1 Experimental environment configuration

P AH & P /R A
BIERSE Windows11
PyTorch 2.0.0
CPU 13th Gen Intel(R) Core(TM) i5-13600KF
GPU NVIDIA GeForce RTX 4060Ti
CUDA 11.8
Python 3.10
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Table 2 Performance comparison of attention mechanisms

pE=waklKil mAP50/%
SimAM 95.5
MSMHSA 95.3
EAA 95.6
DHSA 95.4
DA 96.1
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Table 3 Results of ablation study

RT-DETR  Rep-Pcony DA P2-ASF P/% R/% mAPS50/% Params/M GFLOPs
N - - - 95.5 93.4 94.8 19.87 56.9
N N - - 96.5 95.2 96.4 14.00 42.8
N - N - 95.8 94.5 96.1 19.87 57.2
N - - N 95.6 94.5 96.7 15.00 57.6
N N N - 96.5 95.1 95.7 14.00 43.0
N N N N 96.3 94.6 97.2 9.13 43.7
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Fig. 9  Visualization of module introduction
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Fig. 10 Algorithm performance comparison

4 &

AR SCER R BIL AR (B A5 3 N TR DRI AIR TR A 1)
L, 75 )5 A RT-DETR-R18 (3Ll I, $2 H —Fp e i
(9 B ARK N34 2 RDP-DETR , FEE STk a0 F - 1) EF %)
RT-DETR 5 8 11530 1 KA [ R, 7 321 I 28 v i
T HEZEA T AR SR IR AR
JE i 2+ P basic block H , T 2008 > T B AL
SR T THHRRCE . 2) Mgtk Z kEE )

B SR 0 1 G T2 B D £% 1) [0 {8, 75 ALFT A e rh 5
AT AR T R I HLAR (AR A A A B 8 T
SRy AT REAE I EAT TSR A M N RE T . 3) S AT HE
filt & AN 6] J2 R 118 A5 R 7RI 1Y CCFM A He h
SIAT P2KGIN 2, 454 ASF-YOLO 4 SSFF 5 TFE
Gk R T R RN 22 RBE R AR Rl B R P2-
ASF Al T AN ERSHRE B Z T8l 22 B 57 2

AT ST AL (B 55 e P G St 13RI A R
T5 58 oy A 45U/ B AR AT 55 S 44 1 0 J
PEANTTHE . BRI DT EE AR AR IR R IR AL

509



510

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 2,Feb. 2026

DA S 22 RO RFAE Rl 5 J7 T BAT — % i3 4,
Ui e — s 1] o AR BIBTTE Al i R d A R
550 s, S A A 22 R Tl A EE T  4
P IZALRE T, LA AL S A2 A0 AT 55 Y S PRt >K o

2% 3L (References)

Carion N, Massa I, Synnaeve G, Usunier N, Kirillov A and Zagoruyko
S. 2020. End-to-end object detection with transformers//Proceedings
of the 16th European Conference on Computer Vision. Glasgow,
UK: Springer: 213-229 [ DOI: 10.1007/978-3-030-58452-8_13 ]

Chang H'T, Gou J N and Li X M. 2018. Application of faster R-CNN in
image defect detection of industrial CT. Journal of Image and
Graphics, 23(7): 1061-1071 (7 ¥ , Hi44F, 2284 . 2018.
Faster R-CNN 7& Tll: CT PRI A I o i 82 . o el B 5 DD
244, 23(7): 1061-1071) [DOIT: 10.11834/jig.170577]

Chen J R, Kao S H, He H, Zhuo W P, Wen S, Lee C H, et al. 2023.
Run, don’ t walk: chasing higher FLOPS for faster neural net-
works//Proceedings of 2023 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Vancouver, Canada: IEEE:
12021-12031 [ DOI: 10.1109/CVPR52729.2023.01157 |

Dai J F, Qi HZ, Xiong Y W, Li Y, Zhang G D, Hu H, et al. 2017.
Deformable convolutional networks//Proceedings of 2017 IEEE
International Conference on Computer Vision. Venice, Italy:
IEEE: 764-773 [DOI: 10.1109/ICCV.2017.89 ]

Ding X H, Zhang X Y, Ma N N, Han J G, Ding J J and Sun J. 2021.
RepVGG: making VGG-style convnets great again//Proceedings of
2021 IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition. Nashville, USA: IEEE: 13728-13737 [DOI: 10.1109/
CVPR46437.2021.01352]

Ghiasi G, Lin TY and Le Q V. 2019. NAS-FPN: learning scalable fea-
ture pyramid architecture for object detection//Proceedings of 2019
IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion. Long Beach, USA: IEEE: 7029-7038 [ DOI: 10.1109/CVPR.
2019.00720 |

Girshick R, Donahue J, Darrell T and Malik J. 2014. Rich feature hier-
archies for accurate object detection and semantic segmentation//
Proceedings of the IEEE Conference on Computer Vision and Pat-
tern Recognition. Columbus: IEEE: 580-587 [DOI: 10.1109/
CVPR.2014.81]

Guo Q P, Qiu X P, Liu P F, Xue X Y and Zhang Z. 2020. Multi-scale
self-attention for text classification//Proceedings of the 34th AAAI
Conference on Artificial Intelligence. New York, USA: AAAI
Press: 7847-7854 [ DOI: 10.1609/aaai.v34i05.6290 |

loffe S and Szegedy C. 2015. Batch normalization: accelerating deep net-
work training by reducing internal covariate shift//Proceedings of
the 32nd International Conference on Machine Learning. Lille,

France: JMLR.org: 448-456 [DOI: 10.5555/3045118.3045167 ]

Kang M, Ting C M, Ting F F and Phan R C W. 2024. ASF-YOLO: a
novel YOLO model with attentional scale sequence fusion for cell
instance segmentation. Image and Vision Computing, 147:
#105057 [ DOI: 10.1016/j.imavis.2024.105057 |

Lai J, Peng R H, Sun D X and Huang J. 2024. Detection of camouflage
targets based on attention mechanism and multi-detection layer
structure. Journal of Image and Graphics, 29(1) : 134-146 (#i/,
ZEE, IMNBEL, BN . 2024 BlG TERE ML 5 2 A 0 2 454
9 h2ie EBRASI . P E R R 2240, 29(1) : 134-146) [DOI:
10.11834/jig.221189]

LiZW, LiuF, Yang W J, Peng S H and Zhou J. 2022. A survey of con-
volutional neural networks: analysis, applications, and prospects.
IEEE Transactions on Neural Networks and Learning Systems,
33(12): 6999-7019 [ DOI: 10.1109/TNNLS.2021.3084827 |

Redmon J, Divvala S, Girshick R and Farhadi A. 2016. You only look
once: unified, real-time object detection//Proceedings of 2016
IEEE Conference on Computer Vision and Pattern Recognition. Las
Vegas, USA: IEEE: 779-788 [ DOI: 10.1109/CVPR.2016.91 ]

Ren S Q, He K M, Girshick R and Sun J. 2017. Faster R-CNN: towards
real-time object detection with region proposal networks. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
39(6): 1137-1149 [DOI: 10.1109/TPAMI.2016.2577031 |

Shaker A, Maaz M, Rasheed H, Khan S, Yang M H and Khan F S.
2023. SwiftFormer: efficient additive attention for transformer-
based real-time mobile vision applications//Proceedings of 2023
IEEE/CVF International Conference on Computer Vision. Paris,
France: IEEE: 17379-17390 [DOI: 10.1109/1CCV51070.2023.
01598 ]

Sun S Q, Ren W Q, Gao X W, Wang R and Cao X C. 2024. Restoring
images in adverse weather conditions via histogram transformer//
Proceedings of the 18th European Conference on Computer Vision
(ECCV 2024). Milan, Italy. Cham: Springer: 111-129 [DOI: 10.
1007/978-3-031-72670-5_7 ]

Tang B, Kong J Y and Wu S Q. 2017. Review of surface defect detection
based on machine vision. Journal of Image and Graphics, 22(12):
1640-1663 (%78, LAk 4f , {HHEEE . 2017 HLAR L5 BRI S
Mgk . E BB %4, 22(12) 0 1640-1663) [DOI: 10.
11834/jig.160623 ]

Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez A N,
et al. 2017. Attention is all you need//Proceedings of the 31st Inter-
national Conference on Neural Information Processing Systems.
Long Beach, USA: Curran Associates Inc.: 6000-6010 [DOI: 10.
5555/3295222.3295349 ]

Wan A, Gao H L, Zhou X, Xue Z and Mou X G. 2025. YOLO-SF-TV :
transcranial ultrasound images of the third ventricle as a detection
model. Journal of Image and Graphics, 30(4): 977-988 (J7}4.,
FILLEY, JRIE, NG, TR . 2025, YOLO-SF-TV . £/ 7 %]
15 =l K AR AL v (1 B G R 274, 30(4) ¢ 977-988)
[DOI: 10.11834/jig.240293 ]



$31%5 /28 /2026 F£2 A

==/, TN T A
T, EER

A S REFESATEREE NI ERSERERN T

Wang K X, Liew J H, Zou Y T, Zhou D Q and Feng J S. 2019. PANet:
few-shot image semantic segmentation with prototype alignment//
Proceedings of 2019 IEEE/CVF International Conference on Com-
puter Vision. Seoul, Korea (South) : IEEE: 9196-9205 [ DOI: 10.
1109/1CCV.2019.00929 |

Wu S. 2023. Experimental Study on a New Nonlinear Secondary Suspen-
sion System for Railway Freight Car Bogies. Harbin, China: Insti-
tute of Technology (5l . 2023. 4 s 1% 75 7% 1] JL g R AR £ 1 —
REFEREIIRII . RS WK Tk k%) [DOI: 10.
27061/d.cnki.ghgdu.2023.002283 |

Xia Z F, Pan X R, Song S J, Li L E and Huang G. 2022. Vision trans-
former with deformable attention//Proceedings of 2022 IEEE/CVF
Conference on Computer Vision and Pattern Recognition. New
Orleans, USA: IEEE: 4794-4803 [DOI: 10.1109/CVPR52688.
2022.00475 |

Xu S E and Yao X C. 2024. Research on maintenance standards of pri-
mary suspension for HX2 locomotive C6 repairs. Railway Locomo-
tive and Motor Car, (11): 38-41 (#R2ER., WK . 2024. HX 2
FRINLA C6 18— FBH IR BARERT I . BN 53l 4,
(11): 38-41)

Yang L X, Zhang R Y, Li L D and Xie X H. 2021. SimAM: a simple,

parameter-free attention module for convolutional neural networks//
Proceedings of 38th International Conference on Machine Learning.
Virtual Event: PMLR: 11863-11874

Yang W, Xiao Y C, Shen H K and Wang Z P. 2023. Generalized weld
bead region of interest localization and improved faster R-CNN for
weld defect recognition. Measurement, 222: #113619 [DOI: 10.
1016/j.measurement.2023.113619 ]

Zhao Y A, Lyu WY, Xu S L, Wei J M, Wang G Z, Dang Q Q, et al.
2024. DETRs beat YOLOs on real-time object detection//Proceed-
ings of 2024 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition. Seattle, USA: IEEE: 16965-16974 [DOI: 10.
1109/CVPR52733.2024.01605 |

fEE @&

LYk, BB, WA R, EERTST 0 AL |
SERG A R I WU A2 W S5 48 20 0 2 RS A3 #
E-mail: pzrui@163.com

%, LIRS AR FERSE DT 0 TSI E R H bR
K, E-mail ; peizb28@163.com

511



