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Abstract Since rolling contact fatigue cracks can always occur on the rail surface, which is the contact surface
between wheels and rails, railway rails require thorough inspection and diagnosis to thoroughly inspect the
condition of the cracks and prevent breakage. Recent detailed guidelines on the performance evaluation of track
facilities present the requirements for methods and procedures for track performance evaluation. However,
diagnosing and grading rail surface damage mainly relies on external inspection (visual inspection), which
inevitably relies on qualitative evaluation based on the subjective judgment of the inspector. Therefore, in this
study, we conducted a deep learning model study for rail surface defect detection using Fast R-CNN. After
building a dataset of rail surface defect images, the model was tested. The performance evaluation results of the
deep learning model showed that mAP was 94.9%. Because Fast R-CNN has a high crack detection effect, it is
believed that using this model can efficiently identify rail surface defects.
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Figure 1. Laboratory test overview
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Figure 2. Example of Rail surface and internal data
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Figure 2. Example of Rail surface and internal data
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Table 1. Data augmentation

Parameter Function

Rescale Image resizing

Rotation_range Rotate image within specified angle range

Move image within specified horizontal

Width_shift
1ath_shitt_range movement range

Move image within specified vertical

Height_shift_range
et - movement range

Image transformation within the range off

Shear_range pushing intensity

Zoom. range Zic))glm r;gglm images within a specified
Horizontal_flip Flip image horizontally

Vertical_flip Flip image vertically
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Figure 4. Fast R-CNN training schematic
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Table 2. Experiment environment

0S Windows 11 Professional

CPU Intel(R) Core(TM) i5-13600K CPU @ 35GHz

RAM | DDR5 32G(PC5-44800) * 4 = 128G

GPU GeForce RTX 4060Ti

SSD Gold P31 M.2 2TB
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Table 3. confusion matrix

Actual result
True False
Classification True True Positive | False Positive
result False False Positive | True Positive
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Table 4. Performance Matrix
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Figure 5. The precision and recall result.
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