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Deep learning-based fault diagnosis systems for prognostics and health management of mechanical systems is an active
research topic. Notably, the absence and class imbalance of fault data (insufficient fault data compared to normal data)
have been shown to cause many challenges in developing fault diagnosis systems for the manufacturing fields.
Therefore, this paper presents case studies using deep learning algorithms in the absence or class imbalance of fault
data. Auto-encoder-based anomaly detection method, which can be used when fault data is absent, was applied to
diagnose faults in a robotic spot welding process. The anomaly detection threshold was set based on the reconstruction
error of trained normal data and the confidence level of the distribution of normal data. The anomaly detection
performance of the auto-encoder was verified using non-trained normal data and three sets of fault data through the
threshold. As a case study for insufficient fault data, synthetic data was generated based on cGAN and applied to
diagnose fault of bearing. Using the imbalanced dataset to generate synthetic fault data and to reduce the imbalance
ratio, it was confirmed that the accuracy of the synthetic data generation-based 2DCNN fault diagnosis model was

improved.

}% wol ujel, 4kl W] AR
PVAA LRI T e choggt
1 Sfal A loleleh el 7]

Wl HES Atslel A8t A7l Buel pasn o
ol e Qe YueE Fue TP AL

L
3171 SlalAle, kel A Alee] BlojE iyt obuet 14}

e

Copyright © The Korean Society for Precision Engineering

Manuscript received: March 13, 2023 / Revised: April 4, 2023 / Accepted: April 4, 2023

/JEf e dlolE ERk 8-
T o] Ak @l
W A ffeliA, o] Tk
ol W] Aol fFARSE AT webs 4kl A%
& o] HlolEZE SASHAl A, A4 HlelE el
vlsf ol AA EAE AL =B mebA HZole 9
oF 22 1% dlojg A 3§ 2419 sj2E 9 WHE

rlr
>.,
r>~
o of
o
To
°
Auj
519

4

oz
rsi'
4z &
>,
;
J
.

This is an Open-Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http:/creativecommons.org/licenses/
by-nc/3.0) which permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited.



346 / May 2023

ro

ZHESSEX| M40H ME5S

14 dlolE7F AT Holl= F4 dolElY wEHat
AFSLA] ko oA XS 1Ao7 HBsls olitelz] gdueEE
W Eo]l HgHEn o] ¢nElE IA wWAYY giEE
(OCSVM, Isolation Forest )1} Hayd 2arz]<(Auto-encoder

592 o183 o Uyl .
HAlEY daeE 7|9k W 5 OCSVM (One-Class SVM)2
A9 olgs) Akl dolelg vgate] 2l 7t Azt 2
7t H= AAE Edl lolHE E5Fdhs SVM WAlS 5hto
S 2ol Ag3t WhHoloh A4k HlofE e tiet s A= A
At 5 A <o HlolE= Adem wEsHARE A 5] b
ole ol BT Schalkopt 5o e oA 9
3l OCSVME- A& Aot=]Qlal, Marti 5-& OCSVM2 41§ Ak
off M gstol AAolH 2 UE AAY olele B €= 71A)2]
oJARS &3t 1,2). T OCSVME] 79 8l AJ7to] who]
LRSS To] glo] Aol s A Fol] 91
%o] AA =2 ot EokE v = 31kl Isolation Forest= T}
% SNEHIE 2SI PR T1eR s dold
7 7P ol el 0 et 9 olol 2
2= Ao Pal o £ L 501 2
s He Aksle] He sk A
Jahan 52 °& YA, &&= 9
SRE 2 ol dEAof 2853l
HhH Auto-encoder:= Q1% /\L%‘% ?—ZE o] &3] Y glo]
i e
o7} sk dolelo] ojg Hele
oz TEslel olEHo]
Sakurada 5ol &Jsf 5 A= 3
o ?4—9} AgtE]o] ofg] ofof &
2 Auto-encoder 0| A|AE EX
Layers Zesto] r,} Fob AlAjofl Thgt o] A
RO, Tayeh 52 Convolutional LSTM Layers Zglslo]
ONC W9 & ol elolelol 4 gatol ole A dadt
RATHS6,7].
A7 dlolelel Hla 1% vlolg 7t AL A AA| L
BEE! Trw Mg Holels Al BEwel Hrs
o3
H

[¢]
Fo o] F2 A8k 7M dole s Adsks
A AA fﬂolEi«l 2EE 7R folHE Adske
(Synthetic Minority Oversampling Technique, SMOTE), H&{d
duelEs ZEsto] dHolHE Adske Wi (Generative
Adversarial Networks, GAN)QE v
SMOTEE 214 o] dire]5-2 o|83) diofd 3 Wel
—E Oversampling W 20|t} SMOTE
et Tl AR Blolelel ool o)
Sicke wAlo] o, ol 22

A7} 835 ar k. Li 58 AME 7F AE
= 2 S

SDSMOTE &18]&S A

Ed glolge] B BEAIE dsy] Y5k, ths olX B+t
Y 7 AR Wgsial blolgE A/dsk= SCOTE ¢dilg|&S

P

[‘

B 71t dlolel A R olgstel By £
e P

HolEAel #FS Blsty] s £ dlole] RES s|uo
2 2921 g8 A4o] 7Hs MoGAN mele: Alekslgict

=
ofth

o

[10]. Ali-Gombe 5-2 ACGANS wW@slo], 44 ZaflA do]
B Aol 28-S 9k MFC-GANS Xﬂ*loP‘ﬂEHll]-

et 2ol 14 HlolE Y] TXH B A 288
Y= Hod greEd 9] ‘*X*El I, T AR d@3
A olE F3f EAE Eﬁéﬁhﬂ A7 Y| Qi) whekA

£ R 7ANLYY 13 dole R U RE 43
oA T8 7Hst Yeld sl SaelEe s, 2t kel
S8 A8 oA ApRIE AN

2. 7|HMLE nF diolH £ R #F el "Held 7|
Hiofl 2 Y

k1
2 O
k)

[oE7) FAHt -, A4 wlolE Rt
2] gefd Hdlo] shEshA] St Aol

o 54 o e A
o] olgiet. g A Hlo|E7k RET A%, 2 47t A o]
Elo wlsl @8] 2o AR, geld mao] A ol
HeH 0w sstol Ao] Astert.

2.1 11 HIOJE] EXH: Auto-encoder 7|t OJAMEIX]

Auto-encoder= 8 dlo]g|9] YL Z=438F= Encoder Al
A S Aol A 4 Hlo]E = E95k= Decoder 417
Fe etk 7 A dlolEe] 540 HEd Latent
Space®= AAE o] ¢lew Encoderol] o3 A AbglofA
Decodere] 2J3f] ¢ Ho|HE HUA7l= As SRE )

o]& 3 Auto-encoder:= 2006A9] Hinton o] 2]3) djo]g =}
9 24 ol ASE % 9lgol SHRIEAL, 2014dol:
Kingma 5] &% wdi}l A3t Varlational Auto-encoder
22 ARtelo] Holel A4 5 Hopo] LEE) AZHioct
[12,13]. E3F 2014d0]= Sakuradad] ©J3} o]A4lehx] Hoo=
g3 5 9ol SIET.

Auto-encoder 7[Rt o[ H A= URbH o7 A4} HlolEyks
shrstol g dlolelo] che #910X1E o) Threshold 2
A5}l 3 Threshold W2] HlolE| & HAFO &2 TSI 1 ¢
9] flolH = oz gt 2 Aol = shsE A4 )
olg] EHexte] AFE7E 7|9ke® Thresholds 473}
o] Ao AHg-5F3AT

OEI

2.2 T O|O[E £=: GAN 7|t} GOE] MM
GAN- = 7He] 7R 291 Y EA (834t F-2A4hE 44



SEEE3SEX| M40 M55

May 2023 /347

o2 A7 HAE &5 7H A mda AdRE
AL FEsA RES JbR dolHE NSk TRAS
AR} A lolEl S Het 2 TRAIER st GANS
Goodfellow7} 2014 0] |22 AA|SF 0|5 x|&H o2 YA E]
Rt 14]. Radford 52 GAN Fx9o RE A4t IS
Convolution Layer® thA|3}o], GANQ] =8 dHolx==
Z DCGAN (Deep Convolutional GAN)Z AJA|FTH 15
0158 ABAALO] g o2 AMgE= Latent SpaceZ %OH A
d dlolE ] A RS FES o k= A= AN
t}. Gauthier= GAN Fzof do|E]9] &4 H o8 6L7;ﬂ 3}
GAA 7F &40 Ssls dolHE AT 4 dEs 72
73t ¢GAN (Conditional GAN)S- A|AI5FICH16]. 919} z;g
thoksl GANS 7|Hle 2 B3 Alg)o) tﬂom AAo] 7ssle
2, 2% Hlo[E7F A4 wlolE ol ulsl RE53t ARl 282
Att. W2 Fo A diol"E olgste] dolee Hfes
Fol 1 "ol E ol e5A1A 1% o]

GANS] 4% Hlole| 4ol #51 SHolZ, Bale] 4
2l W7t Agkaolh. webd AAH o AR AH A
e dolelg B, S RIS ol8dtel £ 4

sheg 2%,

Ea2td 718 ZIAAA" DEEC AR 47

3.1 1% OO|E] £xH ATA|: Auto-encoder 7|HF RSW &
X OJAELX]
28 A3E 2% (Robotic Spot Welding, RSW) 37
A Yol A o] A Asah e A 3o E AR
232 3|9 &7 o] ST Qth AU BE AE
oA AMEEE 2R e R agRE

st S WHRESS 85 Ul AFeE DA, o=

23 gAe) 7P ARl Ao s 84 AHdE S HaAA

Ao} FHo] AstE7] wigol ol #WeElshs AlLHo] I8
=178 1 =]

sfet. chuk olg} Ze mPmESe W
B A B2 2AE A

et

AR dFelAe g HolE L 9l Aol A8 &
U= Auto-encoder 7|9 o[ FHAIE Foll A4 dlolEutE St
st ohefdt AR ESS HAT 4 e S A =
B AE &Y HUEY HAEHES olgste] A 2R A
¥ 84 8 AR A5 uAE, A | vpe B Fag
7 A 20N SHE AstHA AlA HlolEE 58t
o} o] & 9] 4 vlolEl= Auto-encoder®] sholl AR
staL, 44 o5 HlolE &) HUeAE 7|Whe R Thresholds
SPA7IH Bhsgoll AREEA] 92 A A HlolE o TRt A

Sensor Setup Position

Fig. 1 Robotic spot welding monitoring system

Table 1 Information on failure mode

Failure mode Description

Angular misalignment  5° between specimen and electrode tip

Electrode tip wear Tip area >19 mm?

Shunting effect 109 mm welding space

Table 2 Spot welding parameter settings

Welding current [KA] 5.5
Electrode force [kgf] 150
Welding time [sec] 0.2167 (13 cycles)
Holding time [sec] 0.25 (15 cycles)
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Fig. 2 Spot welding sensor data

Table 3 Architecture and hyperparameters of the Auto-encoder

Encoder Decoder

First layer 1D conv.
Second layer Max pooling

Third layer 1D conv. 1D conv. transposed

for all layers

Fourth layer Max pooling

Fifth layer 1D conv.

Num. of filters 32,128,512 512,128, 64,32,3

Num. of kernel size 3 for all layers 4,3,5,3,5

Num. of strides 3 for all layers

ReLU for all layers,

Activation function . .
Sigmoid for Decoder’s last layer

Epochs 1,000
Batch size 32
Optimizer Adam (Learning rate = 0.001)

Loss function Mean Absolute Error (MAE)

Table 4 Z-score and threshold for each confidence level

Confidence level Z-score Threshold
0.9 1.65 U+t ox1.65
0.95 1.96 U+t ox1.96
0.99 2.56 Ut ox2.56
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Fig. 3 Histogram of reconstruction and thresholds

Table 5 Accuracy of the anomaly detection model

Threshold (Confidence level)

Failure mode

0.9 0.95 0.99
Normal [%] 92 96 98
Misalignment [%] 96 94 34
Electrode tip wear [%] 96 94 48
Shunt effect [%] 100 98 86
Average [%] 96 95.5 66.5
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Fig. 4 Bearing simulator and sensor attachment [17] (Adapted from
Ref. 17 on the basis of OA)

Table 6 Configuration of class imbalance dataset

Fault mode Number of data Damage type
Normal 500 None
Ball 25 1-line scratch
Cage 25 Crack
Outer 25 2-line scratch
Inner 25 2-line scratch

Vertical

STFT,
* Normalize,
Horizontal Resize

Frequency(Hz)

64 X64X3

o ! Time(sec) *

Fig. 5 STFT-based preprocessing (Applied to normal data)

Table 7 Parameter settings for STFT

Window size 400
Overlap size 80
Frequency range [Hz] 1-400
Normal Ball Cage Outer Inner

: Real Data Condition (5D)
: Fake Data Condition (5D)
: Noise (32D)

Generator

Fig. 6 Architecture of the cGAN model
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Table 8 Architecture and hyperparameters of the cGAN model

Generator Discriminator
Conv. layer Strided transposed conv. Strided conv.
Pooling Not used
Activation Leaky ReLU (& = 0.2) for all conv. layers,
function Sigmoid for discriminator’s last layer
Stride 2,2
Kernel 3,3
Epochs 1,000
Batch size 100
Optimizer Adam (Learning rate = 0.0002)

Table 9 Configuration of augmented class imbalance dataset

Fault mode Number of real data Number of fake data
Normal 500 None
Ball 25 75
Cage 25 75
Outer 25 75
Inner 25 75
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Fig. 7 Architecture of 2DCNN and c¢GAN-2DCNN diagnostic
model
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