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Research on intrusion detection of high speed railway perimeter
based on the improved ByteTrack
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Abstract: To address the problems of high-speed railway perimeter intrusion detection such as complex surroundings and a large number
of small targets, an improved ByteTrack algorithm is proposed to realize the identification and tracking of perimeter intrusion. The model
is improved by integrating YOLOv7-X and the data association method of BYTE. The convolution block attention module is introduced to
improve the recognition effect of foreground targets in complex surroundings. The space-to-depth layer and the non-strided convolution
layer are used to optimize the step convolution and pooling layers to improve the loss of fine-grained information caused by down-sampling
in small target recognition. The railway perimeter intrusion dataset is established for experiments. The experimental results show that the
AP of the improved module is 95. 6% , an increase of 9.4% , and has improved the AP of target recognition for large, small, and
medium-sized targets, especially for small targets, with a significant improvement of 22.2%. The improved ByteTrack algorithm can
realize the identification and tracking of intrusion behavior in the complex environment of high-speed railway perimeter, and provide
technical support for high-speed railway perimeter protection.
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Fig.2  Convolutional block attention module
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Table 1 Data statistics of railway perimeter intrusion dataset
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Table 3 The influence of attention mechanism on

YOLOV7-X model

e =wakINill FPS/
AP/%  AP/% APu/% AP./%

SE ECA CBAM (-s™")
x % x 8.8  79.6  89.3  94.5 90
Voox x 87.2  77.9  89.1  94.7 81
x  V x 87.6  78.7  89.7  94.8 85
x % v 90.3  80.0  92.8  98.5 79
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Table 4 Influence of SPD-Conv module on YOLOvV7-X

SPD-Conv ~ AP/%  APg/% APy/% AP./%  FPS/(Wi-s™")
x 87.8 79.6 89.3 9.5 90
Vv 91.3 88.7 91 94.6 65
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Table 5 YOLOv7+ByteTrack Ablation results

RS AP/% APg/% AP/ % APL/% FPS/(fi-s™")
ByteTrack 86.2 70.5 90. 8 97.3 30
YOLOV7-X + ByteTrack 89.2 79.8 91.4 96. 5 81
YOLOV7-X + CBAM+ByteTrack 91.2 80.2 94.3 99. 1 78
YOLOV7-X + SPD-Conv+ByteTrack 92.2 89. 4 92.5 94.7 60
YOLOV7-X + CBAM +SPD-Conv+ByteTrack 95.6 92.7 94.9 99.2 46
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Table 6 Comparison of the experimental results of our model with other models

ks AP/% AP/% AP, /% AP,/% FPR/% FNR/% FPS/(Mi-s7")
ByteTrack 86.2 70.5 90. 8 97.3 11.2 14.5 30
FairMOT 81.7 62.4 91.2 91.7 15.3 12.9 19
YOLOV7-X 87.8 79.6 89.3 94.5 11.7 13.2 90
3L 95.6 92.7 94.9 99.2 4.4 8.1 46
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Fig. 6 Different algorithms identification results in the railway perimeter intrusion dataset
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