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Abstract

This article investigates the relationship between the vibration data
and the status of lathe tools. The vibration data comes from the sensor
mounted on the spindle of the lathe to measure the pressure in 1073g 1660
times per second. There are two sets of data, called data set A and B,
respectively. The data set A consists of 14 time series, among which 11 data
record the pressure of normal lathe tools and 3 data record the pressure of
abnormal lathe tools. The data set B consists of 95 time series, which
consecutively record the pressure for the same working process, as the lathe
tool turns from normal status into abnormal status. We preprocess the time
series by using moving standard deviation then find the characteristics
which is capable of discriminating the status lathe tools. We also use other
methods such as the short-time-Fourier-transformation, Hilbert-Huang
transformation to preprocess the time series for comparison. Finally, we try
to establish a LSTM (long short-term memory) deep learning model to
predict the moving standard deviation of normal lathe tools according to
the past vibration. Our future goal is to adopted a LSTM as a generator in
a GAN (generating adversarial network) to automatically discriminating
the status of lathe tools.
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3.2 ‘PFREE = ® #& 3 (Fourier transform)
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Layer (type) Output Shape Param #
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Total params: 14,976,531
Trainable params: 14,976,581
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