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Fault diagnosis of bearings using machine leaming algorithm
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Abstract: Understanding the state of an industrial system in real time is critical because the failure of machines and equip-
ment in the industrial field can cause great loss of life and property damage. Owing to the fourth industrial revolution
(Industry 4.0), research on the automation and autonomization of machinery has been actively conducted. In particular, much
research has been done on the technology of equipment maintenance and prediction, which can predict and cope with the
failure of machines and equipment using support vector machine and random forest algorithms. In this study, we investigate
the fault diagnosis of bearings using machine learning (ML). An algorithm suitable for predicting the failure of bearings is
developed through the application of various ML algorithms, including deep neural networks. In this study, the fault diagnosis
algorithm of the bearing is divided into five steps (data preprocessing, feature selection, data partitioning, configuring forecast-
ing models, and improved forecasting model). The results of this study can be applied not only to the failure prediction of
bearings but also to the problem of predicting the failure of various other machines and equipment. In addition, we will ad-
vance the research on condition monitoring systems and residual life prediction of real-time mechanical equipment using the
results of this study.
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Figure 1: Machine learning work-flow

2.1 OIOIH =HI
Z1ASE dare]E ks dHolEE ARgste] Shgsta
A= dlo]E(Test data)ol]l thste] HoHe AS/E7E ¢
sto] wdlS JdsiurbeE WRlolth F, 7SS
ElE &gofo] RES Shadhs 7MeR, V& Fie
gleor mEyo] E7bsd ojnA] A, 54914 T

A sl A st

S FluE wde] o Z/RRel Qe Heoles)
W o] gtk THR AS/2F wdle] AR s
dlolE7h Mze dlolEe] 54 s B vojH =
shgro] ool Aw ofw @ JASHE Yl ES ALl
= AR dZ/2H7} ol 9. Wb nEQe Hlol
B 27} 4o olZ/Aw vae Adsted Fag o

)
QJAFA - (Decision Tree), 4133
A(Linear Discriminant), ZX]2~E 3]¥](Logistic Regression),
A A #E] 7] Al(Support Vector Machine), K-ZHH o]%

t

2dS Hrlsle o AgE= 71AE
Aot dWrd oz s SAS S =
Q2 3 (Confusion Matrix)S ©]-&3T} Table 12> 2%}
PHE o]&gt FF4dS B 7HA E(Confusion matrix)E L+

Epuit},

456



Table 1: Confusion matrix for classification
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Figure 2: A Flow-chart of constructing classification models
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Figure 4: Original data graph before wavelet transform

Figure S: De-noise data using graph wavelet transform
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Figure 7: Defect data signal spectrum — 2004.02.19. bearing A
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Table 2: Features selected for use in the classification models
Features

Median Value
Mean Absolute Deviation
Quantile 75
Sample Skewness

Mean Value
Standard Deviation
Quantile 25
Signal 1QR

Sample Kurtosis Spectral Entropy

Dominant Dominant
Frequency Value Frequency Magnitude
Dominant

MFCC 1 ~ MFCC 13

Frequency Ratio
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Table 3: Detailed algorithms used for classification models
Classification Method

Complex Tree

Decision Tree Midium Tree

Simple Tree

Linear Discriminant

Logistic Regression
Linear SVM
Quadratic SVM
Cubic SVM
Fine Gaussian SVM
Medium Gaussian SVM
Coarse Gaussian SVM
Fine KNN
Medium KNN
Coarse KNN
Cosine KNN
Cubic KNN
Weighted KNN
Boosted Trees

Support
Vector
Machine

K-Nearest
Neighbor

Bagged Trees

Ensemble Subspace Discriminant
Subspace KNN
RUSBoosted Trees
DNN (Sigmoid)

DNN (ReLU)

DNN

Figure 8: DNN Model
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Table 6: Prediction model results (Top5-specificity)

Table 8: Test model results (Top5—F1 score)
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Test model

Method Accuracy | Specificity | Sensitivity | Precision
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