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Improved YOLOVS track fastener state detection method

Fan Huaqi  Yang Liu

(School of Information Science and Technology, Southwest Jiaotong University, Chengdu 611756, China)

Abstract: Aiming at the problems of poor detection ability of existing track fastenings state detection algorithms on small
target objects and complex shapes, which lead to abnormal detection results, as well as feature redundancy of small
target layer, an improved YOLOvS track fastenings state detection method was proposed. A deformable space pyramid
expansion convolutional module is added in YOLOv8 network to improve the detection accuracy of small target objects
and deformable complex objects. At the same time, the reconstruction unit of small target space is added to reduce the
redundancy of small target features and promote the learning of small target features. The model is trained and tested
according to the collected data set of track fasteners, and compared with multiple groups of track fasteners state detection
algorithms. The experimental results show that compared with the comparison algorithm, the accuracy of the proposed
algorithm is increased by 3. 20% on average, the recall rate is increased by 3. 34% on average, and the average accuracy
is increased by 3.96% on average. The experiments proves that the proposed algorithm can detect the state of rail
fastenings effectively., and has strong generalization ability. and can be deployed in complex traffic scenarios.
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Fig. 12 Test results of different algorithms
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Table 3 Different algorithm fastener status detection results

Model Precision Recall B

& /fps
Faster R-CNN™* 0.921 0.884 0.915 8.1
Mask R-CNNF! 0.936  0.914 0.928 5.3
et Mask R-CNNY® 0,951 0.936  0.946  13.1
YOLOv7™! 0.964 0.941 0.956  58.0
YOLOv8™! 0.973  0.943 0.962  66.2
it YOLOvS 0.991  0.957 0.981 57.4
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Table 4 Ablation results

iz I
LU ViReS Precision  Recall mAP A
B/ fps
1 YOLOvS 0.973 0.943 0.962 66. 2
YOLOv8+
2 0.982 0. 949 0. 968 69. 4
SD-CONV
YOLOv8+
3 0. 980 0.948 0. 966 53. 4
+ST-SRU
YOLOv8+
4 SD-CONV 0.991 0. 957 0.981 57.4
+ST-SRU
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Table 5 The experimental comparison of SD-CONV

was introduced

oz DU
S ik Precision Recall R
Ef/fps
1 YOLOvS 0.973 0.943 0.962 66. 2
YOLOv8+
2 0.978 0. 947 0. 964 62.1
SPD-CONV
YOLOv8-+
3 0.982 0. 949 0.968 09. 4
SD-CONV

Sk — 25 B i ST-SRU #5945 201,
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Table 6 The experimental comparison of ST-SRU

was introduced

. R SRt . ez U
S Ik (X105 Precision 5 /s
1 YOLOvS 301. 22 0.973 66. 2
2 YOLOv8+SRU 301. 98 0.978 58.3
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Target #; )2
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