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[ Abstract] The internal damage of the steel rail is serious, but the non-destructive testing B-display detection image has a lot of
noise and noise, and the spatiotemporal distribution characteristics of different damages are not obvious, making it difficult to effectively
identify. In response to this situation, a rail screw hole crack B-image recognition algorithm based on improved YOLOvS was studied to
improve the accuracy of intelligent identification of rail damage. Firstly, to reduce the missed detection of small damage targets, RepH-
GNetv2 network was used to optimize the YOLOvS backbone network and improve the detection recall rate. Then, in order to improve
the adaptability of the model to different types of damage detection, the detection head of YOLOvS was replaced with Effientnet to im-
prove the detection accuracy of the model. Finally, the LSKA attention mechanism was introduced into the SPPF module to enhance the
model’s anti-interference ability against noise signals and improve its accuracy. The actual line detection results have verified that the
detection accuracy of the above model reaches 95.1% , the recall rate reaches 93.8% , and the average accuracy reaches 97. 6% ,
which is improved compared to other commonly used algorithms.
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Fig. 1 YOLOVS8 structural diagram
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Fig.2  HGNetv2 network structure diagram
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Table 1 EfficientNet network structure

KBt Beff: PR WiE R
1 Conv3 x3 224 x224 32 1
2 MBConvl ,k3 x3 112 x112 16 1
3 MBConv6,k3 x3 112 x112 24 2
4 MBConv6,k5 x5 56 x56 40 2
5 MBConv6,k3 x3 28 x28 80 3
6 MBConv6,k5 x5 14 x 14 112 3
7 MBConv6,k5 x5 14 x 14 192 4
8 MBConv6,k3 x3 7x7 320 1
9 Convl x 1&Pooling&FC 7x7 1280 1
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Fig.5 SE structural diagram
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Table 2 Article experiment hardware environment

T 24 B 5
CPU Intel (R) Core( TM) i7-14700HX
GPU NVIDIAGeForceRTX4070
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Table 3 Article experiment software environment

ZRATE AR
Pytorch 2.2.0 +cul2l
Python Python3. 8

Cuda 12.1
Cudnn 8 801
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Fig. 4 MBConv structural diagram
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Fig. 6 SPPF_LSKA structural diagram
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Table 4 Comparison results of YOLO different

network experiments

s i (e a1/
SEENA  P/% R/%  mAP/% 50/MB CELOPS
YOLOv3  92.5 91.2 95.5 12.1 282.2
YOLOVS 92.8  91.2 96.9 2.5 7.1
YOLOv6  92.7  92.0 96.6 4.23 11.8
YOLOv8 91.6  93.1 96.0 3.0 8.1
ACKR 95.1  93.8 97.6 3.4 7.1
3.4 HRELKIE

SR Y G 56 I R A 45 AR bR D R B A B
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Table 5 Results of ablation experiment
RepHGNetv2 EfficientHead LSKA P/% R/ % mAP/ % BRI 24/ MB 41/ GFLOPs
x x x 91.6 93.1 96.0 3.0 8.1
Vv x x 90.3 93.6 96.6 2.3 6.9
x Vv x 92.1 93.3 96.9 3.8 8.1
x x VvV 95.0 89.2 9.6 3.3 8.3
vV x VvV 93.5 91.2 95.9 2.6 7.1
x 2 vV 93.2 91.6 97.0 4.1 8.3
VvV Vv X 93.0 89.9 95.3 3.2 6.9
vV vV vV 95.1 93.8 97.6 3.4 7.1
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L L L I L L . I Table 6 Results of various damage detection
0 100 200 300 0 100 200 300
IR RN algorithms in the article
(a) VIAHAAER 5 (0) ARSI e % % AP/
e E 6F e st A 2 95.1 93.8 97.6
4t Fig Fi EFEFL (2c) 91.7 93.9 96.8
5r JRFL -2 (sl) 93.8 94. 1 98.0
! IEFL T 2L (x1) 1 93.9 99.0
m 3 o 4 4
X X E BRALKT2LL (sp) 92.9 90.7 9.5
O iz
= é3, WEFLA A (zh) 96.9 96.5 97.7
2 -
2 L
0 100 200 300 0 100 200 300
Ve %1208 PIE R 30
(o) Y5 B BB L (d) B MEAR I HE ] A4 2%
sk —— L5 —o— ZEHL
Fift i it
4# |
w " 3t
K 3r K
B 8 ||
2r 2
1 -
. . ! ! 1k, ! " !
0 100 200 300 0 100 200 300
I e Ve R R
(e) BIESR AR () BoIESE B TR

7 SRRk R

Fig. 7 Graph of loss function for article model training
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Fig. 8 Algorithm testing effect diagram in the article
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Fig. 9 Original algorithm test rendering
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