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Recognition of rail surface state based on
mixed domain features of axle box vibration
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Abstract; For complex on-site environments, recognition models must have real —time data processing capabilities, accurate
recognition of different states, and good noise resistance. To address the aboved issues, a rail surface state recognition method based
on mixed domain features and VMD-LSTM is proposed to identify five states of the rail surface, which are the mixed state of
turnout, joint, damage, turnout and damage and normal state. This method mainly includes three stages, namely mixed domain
feature extraction, feature selection and state recognition. The vibration acceleration data collected through on-site testing of in—
service trains is verified, and the testing accuracy reaches 98.26%. The experimental results show that this method can accurately
identify the surface state of steel rails and can be used in practical fields.
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Fig. 3 Axle box vibration sensor installation solution
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Table 3 Comparison of different state recognition methods
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