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A Predictive Bearing Anomaly Detection Model Using the SWT-SVD
Preprocessing Algorithm
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ABSTRACT

In various manufacturing processes such as textiles and automobiles, when equipment breaks down or stops, the machines do not
work, which leads fo time and financial losses for the company. Therefore, it is important to detect equipment abbnormalities in advance
so that equipment failures can be predicted and repaired before they occur. Most equipment failures are caused by bearing failures,
which are essential parts of equipment, and detection bearing anomaly is the essence of PHM(Prognostics and Health Management)
research. In this paper, we propose a preprocessing algorithm called SWT-SVD, which analyzes vibration signals from bearings and apply
it fo an anomaly transformer, one of the fime series anomaly detection model networks, to implement bearing anomaly detection
model. Vibration signals from the bearing manufacturing process contain noise due to the realtime generation of sensor values. To
reduce noise in vibration signals, we use the Stafionary Wavelet Transform to extract frequency components and perform preprocessing
to extract meaningful features through the Singular Value Decomposition algorithm. For experimental validation of the proposed
SWI-SVD preprocessing method in the bearing anomaly detection model, we utilize the PHM-2012-Challenge dataset provided by the
|IEEE PHM Conference. The experimental results demonstrate significant performance with an accuracy of 0.98 and an Fl1-Score of 0.97.
Additionally, to substantiate performance improvement, we conduct a comparative analysis with previous studies, confirming that the
proposed preprocessing method oufperforms previous preprocessing methods in terms of performance.
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Algorithm 1 SWT-SVD : Vibration Signal Pre-processing
Input: RawDataFiles w = {wy,ws, w3, -+, wy}
Output: PreprocessedData ®

1: Initialize MergedDataFile ), totalList = (), vertiCoeffs = ), = Q

/* Merge Raw Data from Raw Data Folder */

2: for Yw € RawDataFolder do
3 if w.columns.length() = 6 then
4 totalList.append(w)
5
6
T

end if
: end for
: ) = totalList

/* Transform Frequency used SWT */

// get Approximation and Detail Coefficients for Horiz and Verti
: horizCoeffs = swt(Q['Horiz’], db5, Level = 5)

9: horizDC = array(coeff[1] for coeff in horizCoeffs)
10: horizAC = array(coeff[0] for coeff in horizCoeffs)
11: vertiCoeffs = swt(Q['Verti'], db5, Level = 5)

12: vertiDC = array(coeff[1] for coeff in vertiCoeffs)
13: vertiAC = array(coeff[0] for coeff in vertiCoeffs)
// get AC and DC features for level 4 and level 5
14: horizDetailCoeffs = horizDC[3] + horizDC[4]
15: horizApproxiCoeffs = horizAC[3] + horizAC[4]
16: vertiDetatilCoeffs = vertiDC[3] + vertiDC[4]
17: vertiApproxiCoeffs = vertiAC[3] + vertiAC[4]
/* Extract Feature used SVD */
18: svd = TruncatedSV D(component=1)
19: svd. fit(horizDetailCoffs.T')
20: svd. fit(horizApproxiCoeffs.T')
: svd. fit(vertiDetail Coffs.T')
22: svd. fit(vertiApproxiCoeffs.T')
23: horizDC = svd.trans form(horizDetailCoffs.T)
24: horizAC = svd.trans form(horizApproxiCoeffs.T)
25: vertiDC = svd.trans form(vertiDetailCoffs.T")
26: horizAC = svd.trans form(vertiApproxiCoeffs.T)
27: & = horizDC + horizAC + vertiDC + horizAC
28: return @

(3% 4) SWT-SVD HAz| ¢u2|&
(Figure 4) SWT-SVD Preprocessing Algorithm
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7 29} o] 77k B2 AF 24 2 AHE AN T 57
¥jo] % 3714 % F(Bearing 1, Bearing 2, Bearing 3)¢] tl
o[BIM EF EARITE £ AT M E o] F 1800mp2] 3
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(Table 2) Operating conditions of datasets

# 2) HolEME

(®

Rotating Speed Radial Force
<Cé’§§riﬂ‘;”11> 1800 rpm 4000 N
E:BOerﬁétnogn 22) 1650 rpm 4200 N
(CE(B)enadriitrim(;nS? 1500 rpm 5000 N

(&% 3) PHM 2012 Challenge HIO|HME
(Table 3) Dataset of PHM 2012 data challenge

Operating Condition
Dataset 1 Dataset 2 Dataset 3
Datasets | (Bearing 1) | (Bearing 2) | (Bearing 3)
Condition 1 | Condition 2 | Condition 3
Learning | Bearing 1.1 | Bearing 2.1 | Bearing 3_1
set Bearing 1 2 | Bearing 2 2 | Bearing 3 2
Bearing 1 3 | Bearing 2 3 | Bearing 3 3
Bearing 1 4 | Bearing 2 4
Test set Bearing 1 5 | Bearing 2 5
Bearing 1 6 | Bearing 2 6
Bearing 1 7 | Bearing 2 7
H3 A HolBHEE FAshke IS HoFth o
olE] ME& %A ”‘ﬁobm | 3 874 =70 upet

Bearing 1, Bearing 2, Bearing 322 14 3L Z}2te] H] o] E]

ME

+ 85 Al(Learning set) 2} H 2
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53 A 2t
Horizontal AC 2.06374
Vertical AC 0.20307
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