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Abstract

With the development of machine learning techniques, various types of data such as vibration, temperature, and flow rate can be used to
detect and diagnose abnormalities in machine conditions. In particular, in the field of the state monitoring of rotating machines, the fault
diagnosis of machines using vibration data has long been carried out, and the methods are also very diverse. In this study, an experiment was
conducted to collect vibration data from normal and abnormal compressors by installing accelerometers directly on rotary compressors used in
household air conditioners. Data segmentation was performed to solve the data shortage problem, and the main features for the fault
classification model were extracted through the chi-square test after statistical and physical features were extracted from the vibration data in
the time domain. The support vector machine (SVM) model was developed to classify the normal or abnormal conditions of compressors and
improve the classification accuracy through the hyperparameter optimization of the SVM.

Keywords : fault diagnosis, twin rotary compressor, health index, intersection area, data augmentation, support vector machine (SVM)
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Fig. 1 Home environment laboratory
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(b) Before and after data segmentation

Fig. 2 Data augmentation
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Fig. 3 Normal and abnormal vibration data
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Table 1 Statistical & physical features

Statistical Formula Physical Formula
features features
Absolute 1 Peak to
1y Maz(X,)— Min(X,
- NAEI | %, Peak (X,)— Min(X,)
1 N 2
Mean ~ 20X RMS (7 > XQ)
Ni= Nz
()
) 1 & [X.—m )2 Impulse -~
V 1 N
ariance ngl ( pe Factor Iin-Zl | %]
. , RMS
skewness | L33 e | e
N&Z o Factor (J_szl | X | )
N (X —m\
Kurtosis L 2 ( : )
Ni{= g

= Q17| wi<zoll BH5o] At = o] Fof XA gk& = Stk whek
A F2H EASS AT RR A3t Al717] Yl -
2|4~ % 7+ 3Hmin-max normalization) ®}¥H-S 2]-8-3} 9} | oj
-Z| 4 AFsk= A glo]El & 0~1 ALo] Q] Fho = H413) 5=
WP O 2 A ThE ) o] ERECH
L™ Tonin
Tyl = M

mazx min

1714, 2,2 HlOVEI 2] 213 7., ZAgEOI

AV st 2R vjojele] Faat ok kel Holeo]
ofal Aol 29Ik webd oFde) dlolEl S BAl717]
SJstol Arele AN SAS FolH -8R EHS A
3= E] Al€(feature selection)o] =2 ojt) EA] AEl
UukA] © 2 Filter, Wrapper ~12] 32 Embedded method 7} 3)+=¢]],
2 Aol A= 7 whE A Gk Q1 QI Filter WHHS o]
SR, 1 Fof| A TR univariate) X E-5(classification)
BR19] 271L QS v ALgE| = 7}o] 4] T(chi-square) Jovié
etal., 2015) SA TGS ARk =8 54& 95t 7o
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1

O

s 1Lt

(association) I} = A(independence) S HA =Y HoZ H

Table 2 Chi-square statistics and decision

Feature Statistics P-value
1 Peak to Peak 1993.9 0.00E+00
2 RMS 1124.9 1.25E-246
3 Variance 897.3 1.68E-196
4 Skewness 493.8 2.08E-109
5 Absolute Mean 312.8 5.29E-70
6 Mean 26.0 3.35E-07
7 Impulse Factor 1.49E-27 1.00E+00
8 Shape Factor 3.16E-28 1.00E+00
9 Kurtosis 5.17E-29 1.00E+00
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Table 3 Kernel functions

Kernel Type Formula
1 Linear al «b
Sigmoid tanh (ya” * b+7)
RBF exp(—vlla—bl?)
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Table 4 Confusion matrix for classification

Actual
Predicted Normal Abnormal
Normal 2181 0
(True Positive) (False Positive)
6 2133
Al 1 . .
bnorma (False Negative) (True Negative)

Precision <X Recall
Precision+ Recall

Fl—score:2X (11)

A (8)~(11)o)| 4] & =l TP(true positive), TN(true negative),
FP(false positive), FN(false negative)+= Table 4] L}E}H &=
3 H(confusion matrix)E 7|80 2 8018k 4= 9]t}
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Table 5 Results of classification(%)
Before hyper-parameter optimization After hyper-parameter optimization
Befor mentation After augmentation Befor mentation After augmentation
clore augimentatio 10split | SOsplit | 100split | o o ausmenato 10split | S50split | 100split
Accuracy 93.10 96.18 96.55 96.40 95.40 98.84 99.86 99.02
Precision 88.37 93.79 93.02 92.07 100.0 98.66 100.0 99.22
Recall 97.43 98.25 100.0 94.55 90.69 99.10 99.72 98.85
F1-score 92.68 95.97 96.38 93.29 95.12 98.87 99.97 99.03
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