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An Efficient Detection Method for Rail Surface Defect using
Limited Label Data
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Abstract In this research, we propose a Semi-Supervised learning based railroad surface defect detection
method. The Resnet50 model, pretrained on ImageNet, was employed for the training. Data without
labels are randomly selected, and then labeled to train the ResNet50 model. The trained model is used
to predict the results of the remaining unlabeled training data. The predicted values exceeding a certain
threshold are selected, sorted in descending order, and added to the training data. Pseudo-labeling is
performed based on the class with the highest probability during this process. An experiment was
conducted to assess the overall class classification performance based on the initial number of labeled
data. The results showed an accuracy of 98% at best with less than 10% labeled training data compared

to the overall training data.
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Fig. 1. Overview of the proposed method
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Table 1. The results of the cases with 3 initial labels

3 35 65 85 120
avg 0.7892 | 0.7973 | 0.7854 | 0.7830 | 0.8072
std 0.0309 | 0.0491 0.1377 | 0.2187 | 0.2219
min 0.7537 | 0.7657 0.6 0.4567 | 0.4687
max 0.8254 | 0.8813 | 0.9231 0.9731 0.9843
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Fig. 4. The result graph of the cases with 3 initial labels
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Table 2. The results of the cases with 13 initial labels

13 35 65 85 120
avg 0.7670 | 0.8193 | 0.8633 | 0.9161 | 0.9208
std 0.0380 | 0.0743 | 0.0943 | 0.1171 | 0.1259
min 0.7022 | 0.6955 | 0.7231 | 0.7082 | 0.6993
max 0.7963 | 0.8963 0.953 0.9784 | 0.9903
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Fig. 5. The result graph of the cases with 13 initial labels
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Table 3. the results of the cases with 21 initial labels

21 45 69 93 117
avg 0.7879 | 0.8912 | 0.9554 | 0.9727 | 0.9894
std 0.0144 | 0.0234 | 0.0248 | 0.0160 | 0.0024
min 0.7731 | 0.8567 | 0.9269 0.947 0.9851
max 0.8075 | 0.9224 0.991 0.9896 | 0.9910
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Fig. 6. The result graph of the cases with 21 initial labels

TR, Z7|HolEE 21712 AIRRE A9 7
So fARE BAloR 30| AY AE AHYsilal
ol§ H7| WotEE 19 60 IHi=Z=2 YehfQltt

27| Hlojel7} oW W& pseudo-labelingoll
A9 B339 459 Halrt AolR]= AFE Hol=
A & & Atk 27] HolHY 2= BE9 T 4
5ol = 714 JleH, 271349 M7t A B
= 53] YA &2 A5 Yettie Aol st
A vrepdtt.

I Ay, H3 J5oE Bt 98.9%F 715U
ZA training o] 6003 EFE experto] 2Jgt
Ol&Z 7HA sh5S Aolle W] He2 99%S

7123199t). o] Z¥E 53] training datag WH| 5%
u|REe] v A2 4=0] HlolE kS VA 1LE U 5
9] 45 olEo ¥ &= glom, 7] Holgy A7)
o2} E FsolA FerlEt Aol AT 4= SISl

2

B AFoAE F2 3y A 1] Y5l £4
% S48 B0 0% mUg B8 st FA %

AN 7 5

i
_Ta
o f
Lo
)%
2
do &
U
M,
3!
i)
o,
e,
o
ofl
1o

tﬂolﬂ £ prediction$t 275 7RIoE pseudo labeling
S g5t} 1 o thresholdmg 21 sortmg U]

(9]

=3 7%2% ©]2]2t pseudo-label] tHA| S5 Elo[Eof| £
71510} prediction g5l HAF %“Jﬂ% AEE 59

Jot. AZ Sh5(supervised)Z 9Igt dlolg =719
10%Ecr 22 Z& Hlo|8E 271 ol-&atlSol= F

1 Aol AY tise 2HE Bk &8, o] AFA
A AMSE HlolE e 2E B8 tEIT E 5 glth
A= fo|9] £44, o] AolA AgH o] tE
54 71 HlolEol= HEEAEE 4 At o] A+
= &7] Hlolg 2719 s Bet 8L 5o, F
ZH0o7 90% oKe AIEE HoFQIrh Contrastive
Learning 4 Blg) 7+0 7149 woJdltiw 27140 A
T o] 7HeT 4 ok ES 9o+ AotE 2ES
A= HY Holg 0]9l9 o HolHox FEok=
o] g5t}

References

[1] H. Kim, M. Kim and Y. Lee. “Research Trend of the
Remote Sensing Image Analysis Using Deep Learning,”
Korean Journal of Remote Sensing Vol.38, No.5
pp.819-834, 2022.

DOI: https://doi.org/10.7780/kirs.2022.38.5.3.2

[2] W. Choi, et al, “Strawberry Growth Index Detection
using Deep Learning,” Journal of the Korea
Academia-Industrial, Vol.24, pp. 558-565, 2023.
DOL: https://doi.org/10.5762/KAIS.2023.24.11.558

[3] D. Kim, et al, “Detection of Foreign Object in Cutting
Surfaces wusing Artificial Intelligence in Plastic
Processing,” Journal of KIIT. , Vol. 20, No. 2, pp.
1-10, 2022.
DOLI: https:

[4] S. Kim, et al, “Examination of Aggregate Quality
Using Image Processing Based on Deep-Learning,”
KIPS Transactions on Software and Data Engineering,
Vol.11, No.6, pp. 255-266, 2022.

DOL: https://doi.org/10.3745/KTSDE.2022.11.6.255

[5] S. Ryu, et al, “Development of Deep Learning-based
Automatic Camera Gimbal System for Drone
Inspection of Transmission Lines,” The Transactions
of the Korean Institute of Electrical Engineers.
Vol.70, No.1, pp.121-129, 2021.

DOI https://doi.org/10.5370/KIEE.2021.70.1.121

[6] S. Teng, at al. ,"Motion Planning for Autonomous
Driving: The State of the Art and Future Perspectives,”
IEEE Transactions on Intelligent Vehicles, Vol.8, pp.
3692-3711, June 2023.

DOL: https://doi.org/10.1109/TIV.2023.3274536

doi.org/10.14801/ikiit.2022.20.2.1

_87_



An Efficient Detection Method for Rail Surface Defect using Limited Label Data

(7]

8]

(9]

(10]

(11]

(12]

(13]

(14]

(15]

H. Kim, S. Lee, S. Han, “Railroad Surface Defect
Segmentation Using a Modified Fully Convolutional
Network,” KSII  Transactions on Internet &
Information Systems, Vol. 14, pp. 4763-4775, 2020.
DOI: https://doi.org/10.3837/tiis.2020.12.008.

S. Lee, and S, Han, “Detection Fastener Defect using
Semi Supervised Learning and Transfer Learning,” J.
Internet Comput. Serv., Vol. 24, pp. 91-98, 2023.
DOI: http://dx.doi.org/10.14801/ikiit.2022.20.2.

W.Chae, Y. Park, S. Kwan and ]. Lee, “Thermal
Analysis for Improvement of Heat Dissipation
Performance of the Rail Anchoring Failure Detection
Module,” Journal of the Korean Institute of Electrical
and Electronic Material Engineers, Vol.29, No.2,
pp.125-130, 2016.

DOLI: https://doi.org/10.4313/jkem.2016.29.2.125

P. Chandran, J. Asber, F. Thiery, J. Odelius and M.
Rantatalo “An investigation of railway fastener
detection using image processing and augmented
deep learning” Sustainability Vol.13, No.21, 2021
DOLI: https://doi.org/10.3390/su132112051

D. Zheng, L. Li, S. Zheng, X. Chai, S. Zhao, Q. Tong,
J. Wang, L. Guo, "A Defect Detection Method for Rail
Surface and Fasteners Based on Deep Convolutional
Neural Network" Computational Intelligence and
Neuroscience, Vol. 2021, pp.1-15, 2021.

DOLI: https://doi.org/10.1155/2021/2565500

X. Yang, et al, “A Survey on Deep Semi-Supervised
Learning,” IEEE Transactions on Knowledge and Data
Engineering, Vol. 35, pp.8934-8954, 2023.

DOI: https://doi.org/10.1109/TKDE.2022.3220219

K. He, X. Zhang, S. Ren and ]J. Sun. ‘Deep Residual
Learning for Image Recognition.” 2016 IEEE Conference on
Computer Vision and Pattern Recognition pp.770-778,
2016.

DOI: https://doi.org/10.1109/CVPR.2016.90

T. Chen, K. Simon, N. Mohammad and G. Hinton. “A
Simple Framework for Contrastive Learning of Visual
Representations.”  In International conference on
machine learning, pp.1597-1607, 2020.

DOI: https://arxiv.org/abs/2002.05709

X. Wang, G. Qi, “Contrastive Learning With Stronger
Augmentations,” IEEE Transactions on Pattern Analysis
and Machine Intelligence, Vol. 45, pp..21271-21284,
2022.

DOI: https://doi.org/10.1109/TPAMI.2022.3203630

X XA

20019 @ AEHste A7)3HHF
kA

20034 @ A&t A7|AFESst
F(ZEAAD

20084 : A&thst A7) AFE TSt
F (kA

+ 2017 ~ @A : S WB RS dlo]
EAlo] AT W

ol

X 0] G7=

r

F2 A1 (National Research Foundation of Korea)Q| X|HO=Z 43E|92. (NRF-2021R1F1A1049467).

-88 -



