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Abstract

The presence of rail diseases poses a significant threat to driving safety, underscoring the critical
importance of effective rail disease detection to enhance vehicle operational safety. This article
endeavors to review algorithms for rail disease detection utilizing deep learning methodologies.
Initially, a thorough introduction is provided for the rail disease detection network based on deep
learning. Subsequently, rail disease detection methods are categorized into two groups based on
the data collection mode: Those reliant on single-modal data (such as wheel-rail acceleration sig-
nals, images, and structured light point clouds) and algorithms founded on multi-modal data fu-
sion. Lastly, a comprehensive review and forward-looking insights into future rail disease detec-
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tion technologies are presented.
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Figure 1. Deep convolutional neural networks for detection of rail surface defects
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Figure 2. An end-to-end abnormal fastener detection method based on data synthesis
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Figure 3. Wave milling section time domain signal [5]
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Figure 4. Rail corrugation detection model based on deep convolutional residual network
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Figure 5. RCNet network framework
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Figure 6. Improved YOLOvV4 network structure diagram
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Figure 8. Rail point cloud data [18]
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Figure 9. DA-YOLO network architecture
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Figure 11. Data fusion rail surface defect detection algorithm
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