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[Abstract]

In this paper, we propose a one-class vibration anomaly detection system for bearing defect diagnosis.
In order to reduce the economic and time loss caused by bearing failure, an accurate defect diagnosis system
is essential, and deep learning-based defect diagnosis systems are widely studied to solve the problem. However,
it is difficult to obtain abnormal data in the actual data collection environment for deep learning learning,
which causes data bias. Therefore, a one-class classification method using only normal data is used. As a
general method, the characteristics of vibration data are extracted by learning the compression and restoration
process through AutoEncoder. Anomaly detection is performed by learning a one-class classifier with the
extracted features. However, this method cannot efficiently extract the characteristics of the vibration data
because it does not consider the frequency characteristics of the vibration data. To solve this problem, we
propose an AutoEncoder model that considers the frequency characteristics of vibration data. As for
classification performance, accuracy 0.910, precision 1.0, recall 0.820, and fl-score 0.901 were obtained. The

network design considering the vibration characteristics confirmed better performance than existing methods.
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I. Introduction
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II. Preliminaries
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Fig. 1. Vibration Anomaly Detection Process with

One—Class Classification

1. Feature extraction
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AutoEncoder
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Fig. 3. Architecture of Convolutional AutoEncoder

1.2 LSTM AutoEncoder
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Fig. 4. Anomaly Detection Process of
LSTM AutoEncoder
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Fig. 5. Architecture of LSTM AutoEncoder

2. Classifier
2.1 One Class SVM

Fig. 6. One Class SVM
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III. The Proposed Scheme
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Fig. 102 Multi-Column AutoEncoder?] Decoder
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2. Experiment
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Adam ZASHS AFRSIY O, mini-batch sizew= 16,
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2.3 Performance
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Table 2. Confusion Matrix by Network

Convolutional act.
AutoEncoder Normal Abnormal
ored. Normal 58 0
Abnormal 42 100
LSTM act.
AutoEncoder Normal Abnormal
ored Normal 77 0
' Abnormal 23 100
Multi-Column act.
AutoEncoder Normal Abnormal
ored Normal 82 0
' Abnormal 18 100

Table 3% ¥ A2 2x|3k 4 Bkl %7}
A|BE =2 accuracy, precision, recall, fl-score= 47}X]
= AR5 accuracy= Convolutional
AutoEncoderof|A 0.7902.2 71A ka1 Multi-Column
AutoEncoderof|A] 0.91002 7t =9t} precisione
e 1.002 YUt Hee UEHICH, recalloi=
Convolutional AutoEncoderofA] 0.5800.2 714t vl
Multi-Column AutoEncoderoj4] 0.8200.2 71t =9

C}. f1-score= Convolutional AutoEncodero|A] 0.734
2 7FF ok Multi-Column AutoEncoderof A 0.901
2 oW =9t Aoz
AutoEncoder, LSTM AutoEncoder, Convolutional

AutoEncoder £&A2 =2 =S Holzxy 9t

Multi-Column

Table 3. Performance by Network

model metrics score
accuracy 0.790

Convolutional precision 1.000
AutoEncoder recall 0.580
f1-score 0.734

accuracy 0.885

LSTM precision 1.000
AutoEncoder recall 0.770
f1-score 0.870

accuracy 0.910

Multi-Column precision 1.000
AutoEncoder recall 0.820
f1-score 0.901
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Fig. 13. ROC Graph by Model
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IV. Conclusions
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