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Abstract Quality management is one of the key challenges in the manufacturing sector, and the efficient
use of press process data plays an important role in improving product quality and optimizing
production processes. Although quality improvement and defect detection are very important for
manufacturers, methods of discrimination have limitations in not being able to effectively handle various
forms and patterns of defective products. In particular, improvement of the performance of the quality
management model is difficult due to a lack of data and unbalanced data distribution. In this paper, we
propose a new approach that enhances press process data by utilizing adversarial generation networks
and improves the accuracy and generalization ability of quality management models. Data generation
and defect determination are performed by applying a reinforcement learning model to the creator of
the adversarial generation network and a deep neural network model to the discriminator.
Reinforcement learning was introduced in generative adversarial networks (GANs) model to improve the
performance of the generator. Reinforcement learning also improved its applicability in real
manufacturing environments by showing robust performance against unbalanced class distributions or
various defective patterns. It could contribute to substantial quality and cost reduction improvement

through the development of Al models and the application and verification of manufacturing processes.

Keywords : GAN, Manufacturing Data, Data Analysis, Reinforcement Learning, DNN

2 =52 20239E SUdste A ¥of oot EHE S

*Corresponding Author : Jong-Chan Lee(Kunsan National Univ.)
email: chan2000@kunsan.ac.kr

Received September 19, 2023 Revised October 4, 2023
Accepted October 6, 2023 Published October 31, 2023

518



1. M2
mes 3L Az 34 5 R, 34 AR, B9
28 50 AAEE 54 Fe AHFSHe Fgolch. =
dl BAL ThoRet A1) BofolA] A8, A5A,
AAE, FAAE, A4 A, 32 A 5 et A%

O} Alzo] A QLS et 53] Tl A AN FE
I BYES ST WASRs 2 YA mEAs)
TRAS PPAYIT BRRT AAY L /1S ol
ZFasich BAclE A7t Az AAF D Aol &3t
of A B7Fek= Aol 19ick. 22 of
EA5t FAY 4 9o, ok Ak
AR 27T ARE BEsblole WAL ot
[-5] ol°f ek 312 3 4 52 ABs3 71A ok
7149] e a2 ol M B NS SaHe
= s 914

I 1™zx]Oo
E‘E‘Z‘E_]‘_‘

]:] H O
1_

Qutao

rolt

o

3T

=
=

AEe S 2%
] Edo|| 9= A
EA7 A £ Sl —Eﬂ
EAIeF 12 AR offiet ZrHol.
4 954 Zea FA0A AatEE AR F
A2 AR F4, ZHA 71AY 24, ZAR
B Hol 5 7RI ol2gt &
1A HEEE Asfoial ARG 9 A
H-E-S 371 5 itk
nYP A FAHANAY BT AEY E
olojd = gloH, ol AH[A|A BA4
AZstAY Adg 9 BF H+F v
AUrt. w2t B A&5H ¢
of 3ht}.
A T2 T A 714
9 AT 4o &
L Hags 4ho A= Asos
& oug olF HAT| T dfof Fith
ZAIE digstr] 9l I8 AsE &8st 4
A3} £F4o] L= Qlt. o2t &
Al TlolE], HHQ &4, oln|z] Q4] 5& £
A7Fo 2 KA GolES BAlsly Bapme
FHIE A3 74 S I3 HHslol=
AZ3H7-10]. WA 2 =FE2 Zga
7ol Me] FEI ESFE TS 5t GAN(Generative
Adversarial Networks) 7|99 A HHES AAIS)
olF Fofl AArERRICNA S AAZE B #E E AT 9

Holit
oz r:}ol—}
oolf,-].

2]

ol

3T

1?—

7HAl

S ofx rsl

;/\

1311

.

ki
”‘.

_7

Ik

Jo
r
X [

Y

o &
3

ofm

xn r>4'

r@

_:

1'0 OH O_>Il..
o, X‘ﬂ

>
oﬁ

°l

M9 1o rr ax
LI

—_

JAF

o

o ya

2
ml& il

A rds

ar
17

d

519

AAste ZdE A
AA| Zﬂfﬁ 9}7;510]]/\1_4 Hiro Azsiy
GAN 74t &4 789 8842 9=

24 Ak A2F xR AN 3ol
GAN 7I3F M2 wpge 714sel, 49014 4% o 2t
B4, Je3 vAjgo R 28 9 ¥ A7 YIS &
s,

2. Mt AAY X

nx Y F 78, 98 L Burr B4 59 By
st Lo ol Qg 7] Hlgol Z7kska itk
3% B3] o0t 39 Bel vET 3Y 2L &Y
A9 AY2 WEelA LGt ol JlQlske How
sjosn gl £ A7l T ] YL vl

A Holge ARy, 24

sle] AlZjshoh B

s Hdo] &3 BHxF Jirh Fig 13 o] Hlolg
o] &3], MAE], FUs B4 3y, AR I 3 &
4 17401] *”40}01 9 s sHPitt

tlole Y] =4 YA 7159] FAF B TlolE ek
"gﬂ‘l z274 HlolgE 7%t o] HolHe EF
AT A" JEE Zgefof gt
tlole AA2: =43t tlo|8§E 7Hg3ith o] &
Aol AR A, o)A A|A, vlolg AAY
233D, =g 3 g3t
tlolg #4: =Y %
EgHe 7HY] Ak
75 gofgich
Al 249 7d 43 glolBlE ARESH 7 &
AL J&ots ABA s BEE Tt ol |
A2 71Hke] & md2 A, E(Classification)
71&S ARGt R EFE Witk 2YS
TRttt
A1 719 AE A% 2d9] & 23 AA 7R
A7t} vlwsie] RHlo] 452 Brletal AFT
ol Bdl B AgdT} HEGE ERIgi
FEI B Oﬂ g g e BEls Sl
FEL EFS S50k ZES F .ol Bdl

*94

&=

ks



SH=TARSH| & 8H5 =5 A A1248 A10E, 2023

o YAZroR 7hg WY Fol B oSt %
Aspes gk
© Az 34 A8 % A5 mdo] AH T F5

A Az %%Oﬂ Z-gsto] ARgRitt. Ea9

wet wEe 24st XS,

b \/ Mold press machine

Data Preprocessing Area

[ Missing Values } [ Outliers }[ MNormalizing }

!

Data Analysis Layer

{'\ma\ysws of each factor} [Correlat\on ana\ysws} [Multl-m\lmeanty }

Deriving optimal process
[Deep Learning analysis } [ conditions

1

Learning Evaluation Layer

Accuracy analysis Predicting good/defective Evaluation of
products process conditions

Model Optimization
ﬁﬂ
- %

Fig. 1. Al-based data analysis procedure
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model = Sequential()

model.addDense(64, activation="relu’, input_dim=20))
model.add(Dense(128, activation='"relu'))
model.add(Dropout(0.5))

model.add(Dense(64, activation='relu"))
model.add(Dropout(0.5))

model.add(Dense(32, activation='relu"))
model.add(Dense(2, activation='softmax"))
model.compile(loss='(binary_crossentropy’,
optimizer='adam', metrics=['accuracy'l)

Fig. 3. Statistics by Class Variable
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Table 1. Process factors for analysis

Classification Category
Data type Text, Number
Data Approximately 2100 numerical data of Press
Properties Continuous Process Equipment
Data collection | MES data collected from the sensor, Cycle
method time 4 seconds, Processing time 0.5 seconds
Item No -
working time -
Main Press time ms
parameters Pressure 1 bar
Pressure 2 bar
Pressure 3 bar
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AAZE 2hS ZAR HolH(FEY EFR)Y &7
ZIE sjHslr] flote] EE=FH(Confusion Matrix)S
283kt =N A8k AHS] TP(True Positive)
L= QFE9] okE =, FP(False Positive)= E5E9] oF
£ d=, FN(False Negative)2 &9 %Ek% o=,
TN(True Negative)= EFE2] E5FE o= St
A& (Accuracy)= dlolE Q] AA|gkat Oﬂ—%lo] 4

TN+ TP
St A4t Aol vlEEA] INTFPY ENT 1P o},
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L2 A AR B Hlgoltt. FI
AUz QALY XopEHFo=R
Precision X Recall PR

Precision + Recdl ojt}t. djojg] EA9 ExFFo]
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Fig. 4= DNN 22 d8sto] FE E5E52 5
3t Ajolet, oJ7|A supporti= FE, EFHE do[g9] &
olth, Ag:, Adx, AQFELS 0.97 ~ 0.98 A9 3
BRItk GANQ] HUE= FE 97%, EFE 98%, A&
2 FE 98%, BE 87%, F1 Ho4e= &FE 97%, EF=

a1 =A 24

pal

]73+ FP

t}. AQ&-&(Recall)2
3k B2 A

ZH4(Score)=

97%2A, FUE} AfFEo] =11, AY F55H FAE
2 o % qtk
precision recall  fl-score support
0 0.98 0.97 0.97 560
1 0.97 0.98 0.97 561
accuracy 0.98 1123
macro avg 0.97 0.96 0.96 1123
weight avg 0.96 0.97 0.98 1123
Fig. 4. Statistics by Class Variable
Table 2= AIE H°olEE 7|WIo2 GAN &4 W
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Table 2. Confusion Matrix in GAN
. Prediction
Classification cood bad
) good 553 7
Reality 4 16 547
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