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Rail Obstacles Damage Level Recognition Based on Deep Learning
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ZHU Huijie, SHI Junchao
(The Fifth Institute of Army Academe, Wuxi 214035, Jiangsu)

ABSTRACT: In traditional damage assessment methods, the modification of the damage assess-
ment model requires a large amount of experimental data, while the damage effect could not be
calculated without the measurement of the location of the explosion point combined with the inter-
section conditions of the projectile and target. To solve the problem, an end-to—end rail obsta-
cles damage level recognition method based on image recognition was proposed, by which the
damage level of damaged rail obstacles could be determined quickly. Based on YOLOS algorithm,
the proposed method could realize rail obstacle images detection, damage characteristics recogni-
tion and damage level assessment. Firstly, the rail obstacle dataset was marked by experts, there—
by the detection ability of small targets was improved by modified mosaic stitching. Then, convo—
lutional block attention modules were used to replace some convolutional modules to improve the
overall performance of the model. Finally, the detection end structure was optimized based on
size characteristics of rail obstacles, and large target scale features were removed to reduce the
load of the inference computation. Experimental results on the test set showed that the proposed
method could realize real-time detection with a damage assessment accuracy of 98%.
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Fig. 2 Mosaic data enhancement images
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Fig. 3 Improved mosaic data enhancement images
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Fig. 4 Overall process of the experiment
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Fig. 5 Rail obstacles damage level classification
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Fig. 7 Training results of the model



2024 4F

AR, M. FETURBES: ) MBI 8 RO S50 S PR B T Y 39

FIAMEAL YOLOS TR EE#l Z8 N 4%, Esr T —Fif
A ER R B S RN B ik, R as LR,
FEI R A 3R TR B . o T T A 1 TR
B, HES SR, &S R X 5
R, SETHSEROES. B, F#EH&E
SOABERENL T, AR —E s A,

SEH

[1] LI W T, CHEN Y J, HU K X, et al. Oriented
RepPoints  for detection[C]1//2022
IEEE / CVF Conference on Computer Vision and
Pattern Recognition (CVPR) .
USA: IEEE, 2022: 1829-1838.

[2] LI W Y, LIU X Y, YUAN Y X. Sigma: Se-

aerial  object

Piscataway, NI,

o
y

B8 WAELIMMRMNER

Partial recognition results on the test set

-
2l

elh

’
-

9:0 o.9oﬁfmlao 050

5:2 0.70).61

T!OO 0.95

- e

mantic-complete graph matching for domain adap—
tive object detection[C]//2022 TEEE/CVF Confer-

ence on Computer Vision and Pattern Recognition

(CVPR) . Piscataway, NJ, USA: IEEE, 2022:
5291-5300.
ZHENG Z H, YE R G, WANG P, et al. Lo-

calization distillation for dense object detection[C]/
2022 IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR). Piscataway, NJ,
USA: IEEE, 2022: 9407-9416.

LANG C B, CHENG G, TU B F,
Learning what not to segment: A new perspective
segmentation[C]//2022 IEEE / CVF

conference on computer vision and pattern recogni-

et al.

on few-shot

tion (CVPR) . Piscataway, NJ, USA: IEEE,
2022: 8057-8067.
ATIGH M G, SCHOEP J, ACAR E, et al.



2024 4 e, . FETURBLS: ) PSR B Bt SR R B WE 5T 39
Hyperbolic image segmentation[C]//2022 IEEE / cataway, NJ, USA: IEEE, 2013: 8604-8608.
CVF Conference on Computer Vision and Pattern [10] HORI T, HORI C, MINAMI Y, et al. Efficient
Recognition (CVPR) . Piscataway, NJ, USA: WEST-based one-pass decoding with on—the—fly
IEEE, 2022: 4453-4462. hypothesis rescoring in extremely large vocabulary

[6] ZHOU T F, ZHANG M J, ZHAO F, et al. continuous speech recognition[J]. ITEEE Transac-
Regional semantic contrast and aggregation for tions on Audio, Speech, and language Processing,

weakly supervised semantic segmentation[C]//2022
IEEE / CVF Conference on Computer Vision and
Pattern Recognition (CVPR) . NI,
USA: IEEE, 2022: 4299-4309.

HINTON G E, OSINDERO S, TEH Y W. A
fast learning algorithm for deep beliel nets[J].
Neural Computation, 2006, 18(7): 1527-1554.
PUJOL P, POL S, NADEU C, et al. Compari-
son and combination of features in a hybrid HMM/
MLP and a HMM/GMM speech recognition system
[J]. IEEE Transactions on Speech and Audio
Processing, 2005, 13(1): 14-22.
DENG L, LI J Y, HUANG I T,
advances in deep learning for speech research at
Microsoft[C]//2013 TEEE International

on Acoustics, Speech and Signal Processing. Pis—

Piscataway,

et al. Recent

Conference

[11]

2007, 15(4): 1352-1365.
MOHAMED A R, SAINATH T N, DAHL G,
et al.

features for phone recognition[C]//2011 TEEE In-

Deep belief networks using discriminative

ternational Conference on Acoustics, Speech And
Signal Processing (ICASSP) . Piscataway, NI,
USA: IEEE, 2011: 5060-5063.

A, (LEERE, WA, . ETHTM iR
ARSI U] KT RARG M, 2022, 30
(6): T47-753.

LI B Q. REN L L, CHEN F, A method

of erect rail barricade recognition based on forward-

et al.

looking 3D sonar[J]. Journal of Unmanned Under-
sea Systems, 2022, 30(6): 747-753.



