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Recently, interest in Prognostics and Health management (PHM) has been increasing as an advanced technology of
maintenance. PHM technology is a technology that allows equipment to check its condition and predict failures in advance.
To realize PHM technology, it is important to implement artificial intelligence technology that diagnoses failures based on
data. Vibration data is often used to diagnose the state of the rotating machine. Additionally, there have been many efforts
to convert vibration data into 2D images to apply a convolutional neural network (CNN), which is emerging as a powerful
algorithm in the image processing field, to vibration data. In this study, a series of PHM processes for acquiring data from a
rotary machine and using it to check the condition of the machine were applied to the rotary table. Additionally, a study
was conducted to introduce and compare two methodologies for converting vibration data into 2D images. Finally, a GUI

program to implement the PHM process was developed.
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LSTM) [17]3 32H B4€ 2 323 5 9t 243 147
(Convolutional Neural Networks, CNN) [5]& & &-83lt}. 5
ARt SPAZAE Astr] Q18 71 &3] 2ol X ol
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Fig. 1 STFT image process of vibration

Fig. 2 Time series image of vibration
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Table 1 Structure of CNN model of Chen [7]

. . . N ffil
Layer Filter size Stride umber offilters
or nodes
Conv. 1 9 x9 2x2 4
Conv. 2 9x9 2x2 8
Pool. 2 4 x4
Conv. 3 4x4 2x2 16
Conv. 4 4 x4 2x2 32
Pool. 4 2x2
Flatten
Fully-Conn. 1 128
Fully-Conn. 2 32
Output 4
Zero padding
Convolution Max pooling Convolution
(size = 3x3) (size = 2x2) (size = 3x3)
(filter number = 8) (stride = 2) (filter number = 16)
Column size
Row size . I ’7 ! I I @
I
Max pooling Convolution Softmax
(size = 2x2) (size = 3x3)
(stride = 2) (filter number = 32) }:

Pixel number Label number

Fig. 3 Architecture of classification model
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Fig. 4 Architecture of regression model
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Fig. 5 Measurement method of regression data

WEE 2] e 1 AT 5
& &5 Zlo] ) o2l Uoleh. E3k Phie] JAL 1
Aol MASR: 97 F3] Sl HoleE H5sIE ofH,

Lok

5 dlolee] St® ELE a2sljof 4] A 5T Ma
121 A4 vlol=o] ds} g awste] 5 dlol A=
ol-g3to] LSTM¥} CNNZ ©=C2 ARERE Hdof H]g|
CLSTM®] Zdlo] RUL 9= Adxo| o Holg-2 Bt

Fig. 49] 3] mElL Fig. 39] thedl Lo B2 mdojA

—

mlm

ok 9 G Aol 1024740] ER T4 52 o
2715 & Ul Bee she] mEw 14T Fejo) Txm
st

2.3 O[ef =
ek o9 4 ﬁ;‘iC’ﬂ el glofe o] =3 FH W =t

o2k 259 e A SR Yohe wHEe] dlolHE A
gato] shutel sk E A= Txﬂﬂ A A, 3172 7
G F2 Ao AR o] £ dSshe H40] ditko]”]
mEol shute] whd Qhofl A|&siA HolEE Ao, HojE 9
2717 v AAA ek 227] w2l Fig. A Apite] 4
g &t 2 F7100 wet A HlolHE Alsks FEHIE Hlo]
El =3jo] o] Fofd Holtt.

duro s FRe 31919 dloly 2+ Fig. 69 wtd -
Z2 o] Fofxrt. /et TR ol2fRt Holy 3

AeE melstel A} PolEzt Solol BUE wes)
eor|u S Bao] wet Ao Yolgg Apxst
shes Austact.



340/ May 2022

Classification

i .

Data Folder Data Folder

- 1_ W CSV. N

Regression

X rzol FTd ==
Label 1 Label 2 Label N 100% 99% 0%
(a) (b)
Fig. 6 (a) Data structure of classification, and (b) Data structure of

regression

Table 2 Dataset for program verification

CWRU IEEE 2012 PHM

Purpose Classification Regression

Target Motor dynamometer Motor dynamometer
Types of label Defect of bearing RUL of bearing
Labels Normal, Ball, Inner, RUL
Outer fault
Data feature Vibration Vibration
Sampling rate 12,000 25,600

[Hz]

3. PHM A|AH| X2
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+ RUL oI5 ot 452 94l IEEES] 2012 PHM
tlog My Hlojg RUL dHolg AMEE Z-§sl3ltt
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R dolE) Aol v}, Table 2= 7} clole] AES] 4
A QRS ekt
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F7F A= S SFQITh. STFT AR 128 x 128 Afo]=o]t).
STFTO| A Y=+= 7}o|#](Kaiser), =5 ZAol= 128, L HH
< 110o= A-§3I3lth STFT ARl shifol] AREE tlojE =
241471 o]tk AA|E W3 AR 50 x 50 Apo] =0l ARzl sjLt
of ALEE HlojE = 2,5007]0]t}. 52 AA| TlolE A|Ee
A EsHA 70%E A"ste] egsiglar, U A 30%E HS

STFT image

Normal Ball fault Inner fault  Outer fault

e

Time series image

Normal Ball fault Inner fault  Outer fault

Fig. 7 Time series and STFT images of CWRU data
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Fig. 8 STFT images of IEEE dataset according to RUL
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Fig. 9 The result of the model's application to the valid data
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(b) (0)

Fig. 10 (a) S-200 rotary table, (b)Attachment of vibration sensor on
rotary table, and (¢) EV-CBM-VOYAGER3-1Z

STFT image
0.01 0.03 ] 0.04 0.05 0.06

Time series image
0.03 0.04 0.05 0.06

Fig. 11 Image according to the imaging method of rotary table’s
vibration data
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Table 3 Comparison of performance of failure diagnosis on datasets
CWRU [%]
Time series image 76 95

STFT image 97 100

Rotary table’s data [%]
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