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Abstract : Feature-based machine learning is a method of diagnosing using feature values of data samples,
and the training model should be created by composing a data set in which information such as facility
specifications and operating conditions is the same. When training through data sets with different
conditions, feature values may be expressed differently due to differences in vibration magnitude and
frequency components. If used for diagnosis, new data may be misdiagnosed. This study acquired vibration
data through experiments and evaluated the applicability of data standardization through the comparison
process of feature analysis results after constructing a learning data set before and after data
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comparison process of feature analysis results after constructing a learning data set before and after data
standardization. The results of feature analysis before data standardization showed that data in each state
were distributed in different places due to differences in feature values due to vibration magnitude and
frequency components; the results of feature analysis after data standardization showed that data in each
state were not distributed in different places but clustered between the same states, and classification
performance was also confirmed to be 100%.
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Fig. 5 FFT spectrum of Unbalance
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Fig. 6 Flow of feature-based machine learning
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Fig. 7 Example of diagnosis

on new data

feature-based machine learning

Table 2 Features used in signal processing

No. ‘ Features
Time domain features
1 Peak
2 Root mean square
3 Kurtosis
4 Crest factor
5 Clearance factor
6 Impulse factor
7 Shape factor
8 Skewness
9 Square mean root
10 5th normalizaed moment
11 6th normalizaed moment
12 Mean
13 Shape factor
14 Peak to peak
15 Kurtosis factor
16 Standard deviation
17 Smoothness
18 Uniformity
19 Normal negative log-likelihood
Frequency domain features
20 Frequency center
21 Mean square frequency
22 RMS of frequency
23 Variance frequency
24 Root variance frequency
25 Overall frequency
26 Overall RMS frequency
Entropy domain features
27 Entropy estimation value
28 Entropy estimation error value
29 Histogram upper bound
30 Histogram lower bound

in
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