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Data Pre-processing for Manufacturing Quality Improvement
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Improved manufacturing data acquisition systems such as sensors and fast communication systems have made it
possible to collect various types of data that were previously unavailable. However, manufacturing data may be
contaminated with errors during the data collection process due to such problems as noise or process
environment. Utilization of these error-contained data can waste resources and render analysis results useless. To
help data scientists and quality engineers dealing with manufacturing quality data, a guideline is proposed for
appropriate pre-processing of manufacturing quality data in six steps. Two case study data are used for
illustration. The proposed approach is compared with six other methods and shows advantageous in terms of the
F1 score. This paper is expected to help quality practitioners and data scientists applying machine learning

methods to manufacturing quality data.

Keywords: Manufacturing Quality Data, Data Pre-processing, Big Data, Machine Learning, Quality

Improvement

LA 2

>
g
offt
re

HolEE oz AR S 3 J
el Aelsic) A2 A4 & P4 ol
SREX BR Rt L D DEEREL Y
A 925, BRI AAHE Aol P
oAt 349 LA $A4 Aol
Qe Anst @A) 7HE 2 AN FAE 2
A A B} ol HAUAE BRS04

Zatn WeA nHS @dﬂmmaw2M)
HE ol §3}e] BAB A% FAEA Y Eolat
so] B3 JUE AALOE ATHEE FA)
48 s FANEE A2IE A Ead, o
Hol 4 Ago] A5 BE odRAAT} 7T

Q o
Iouﬁ o

=
)
[o ™

if A
QA

3£
X2
1o
of¢
—_

o o

o oo 2

ri RN
o ok
©

Ho

=)
=
2> E O 4y 9 R fu o

VHJ
2 O

O

of 24 AFe E4F BAETA Y
ﬂE%ETmemn)
Ho|HE &43
43k 91*@75,011 %
HlolE g 34 oA =
7t E4AE F e, ol E
of gtk EAI7E Qe 34
2 e A BA A HEH Ao %Hlfﬂl,
BA =7] wzolth HolHE 3l 9w
37] flsl M e Bd-& /A s B B ol g
o T3ttt A AT o3t HAlHY
U2 2d& Fote 2R dolH AA
ﬁ%tﬂ%ﬂﬂngNM)
YOoEE AZFAAA FoZ

J%ﬂ
2
et
o
=2
ol
4
i
in

o rlo

I}, 84 g

il IN r9£
v
2 o HL

O rle
v

=3
N
i
Au)
2

2 S ox i

[o

l

~ rr Ar oxt

==

}

oE
oo ¢ gy 42

mlm o M ¥o

=

r-{u:_‘TL

THE dolHe 4 &

HE =20 p8Ho dTATAGY Yoz AYS
+

ol £33 39 Astddy Azod

$4A4(LINC 3.009 AT AUt

Atz - AAE [S 52828 52828 A AFA AFUE 501 AN QA 28T 055-772-1692, Fax: 055-772-1699,

E-mail: jbyun@gnu.ac.kr
20239 39 139 A4 2039 49 169 FAE A

4020239 49 189 AA 4.


https://crossmark.crossref.org/dialog/?doi=10.7232/JKIIE.2023.49.3.248&domain=https://jkiie.org/&uri_scheme=http:&cm_version=v1.5

AZFL %<

Ae A&sA AT 2oz qFdn AzggY F4<
Eo]7] S8l date dolE E47h AR Yo ElolH o #
s gol7] A3 AAY 7 e el Ao RE EFE
thole<e A8Y XS AN E Aot 4 BA A A&
& A 71El tig Zets Aol Besit & dFdAE
Az wolg ¥4 Zdo As e AT wolH AA ¥
A dlolg &, 2FA| 9} o] 4R 9] A, AAAA YT,
HEHS HolH B3 Ag 5 a9 /WS A8, 14
Fof 71kate] AAg WS YT F Y= HolH HA
gl Z2AH2E 3 A (guideline)2 A| A 3t LA} 3T,

& =S ted 2ol 7_“45101 Atk AN & AT
o #E ole AAE 1H S 27030 A3 A E HolE
AR A dAEE dHolH 24717} Al 2 g o
= Hol8 AAg A& Agsta, b doly F3 ol w
EAAY ZTEAN A AL HH LS A47) 7] &) ;q]57<1-0

THA A E B & ATolA AgE Z2A 20 4T
7ketal 1 ASHE s 4 sie, A6l A e 2 e %—ﬁr

&= AT

OE‘,Q‘&

2. AAE 719

2.1 dlo|¥] &35

B

o A 2N Y EE EF dolH MEE AA A
07 AAse BAsl= 7o) Wasith ghost A2 M U
< HolHE Tdsstd o 714 e 5 EolE HEE
5 4 91, o AL A AR L 9% 7127} Bri(Hal
and Llinas, 1997).

HolE B Sla A e AL Ea)
o] & 3o ol 2 Yl dlo]E 9
<Figure 1>} Zo] Ho|E| £~ 7H M2
o A7 2 FRehe Aglo] B 8T
AES &9 HoHE S 7oz 29

re2

A= 717} E}% 55
EA

@L
< iy
P

A5 A3

HlolEfell gkol §l=

S Ao2A Qo] w volg
£ mahed, 34 Yold AN 59 13 07

= Qlgto]

Sensorl

XIr

Aoy AA T Z2A X 249

WA 5 ek AZA YO/ WS 1) WA Ao
29 Y30l i £ 9 0n2 At dE gog
Aok e,

B =RodAe 25AE Aty Y, 71 18" AT
AZE AHEYT Scheffer(2002)°ﬂ oJ3ti, AS5X) 9] vl &)
50%7}dol7bd o] & A stH 2t oS4 5 TS 71 ot
7] o] g tha gl o u:] Graham(2009) A&2) & Al Astd A
o] WAYSH 5= QA Tk AZA) v]-go] 5% WY 7§ 2FA 5o
T EAZ A S=ta s T Schmitt ef al.(2015)2 T E-£-2
tolel A Ed ASA 7 EAdThe A3 AR H 02 AS4hs

A st HS B8] 98] KNN(K-Nearest Neighbors),
Fuzzy K-means, MICE(Multiple Imputations by Chained Equations),
bPCA(Bayesian Principal Component Analysis), SVD(Singular
Value Decomposition)& ©]-&3t= Wetel #el A8ttt
Garcia-Laencina et al.(2015)& A4 & F Y%k, KNN, Expecta
Lz AR A Zld dFAAE
tl, o] T KNNL.Z ZZA 5 tAeH & W 4 9 A7} s
T}, Cho et al.(2022)- UCI(University of California at Irvine) 1| 4]
A &3}= SECOM(Semiconductor Manufacturing) H] 0] E] A E 9]
ZAZ 2| E Linear Interpolation, Poly Interpolation, MICE, KNN,
MissForest 7| 2 A3l @l & Sh5 A1 A A 5S vl st
AL, KNN o] 7Hd S 23S Fstsih

tion Maximization 7] §

2.3 oA A

oA WA T HolEo] #S5H HSY

obF AAYG & & 7H HolE ], 34 WA 4719
7oy FAS HolH Y 3 * J
TOE Qlsto] AT o] 47}
< 9= 5 Ut dE =9, BA7
oot 2] BAY, AR Aol gle MFE
A7 & o Aot HolHE £45t
7] Ze OVJZ] S 2 atofof g},

o] 4= A 7IHY AR 4E o] &3 A Y LOF(Local
Outlier Factor), 1Forest(1solat10n Forest), P}&et=nl 2 A
(Mahalanobis Distance) &< &-&3l9 A&3ta, AEH o4
Ae AZA 9 v A 2 AA S AU T g o= tiA st
of A g3t

o0

Sensor2

O

Time

@ ©

Figure 1. Time Unification



250 Hojin Seo -

ol g Aol o Rdo] o =& ZS Hhg o 3tr] 9ls)
RAES & o ofFAY FFS HU EolF= A3
(Robust Regression) 9 2 &1 e &o] A ATt 34 &4
o @o] &85+ SVR(Support Vector Regression) &2 34
£ MEA Aot o] A9 FFY s A G Eol= ol
Th(Jun, 2008).

2.4 Hlo]e] 3

glo]§ Hﬂihﬂ %44 AL =07 Y& Hole £
9 E_OJ:%H g3 AY, dolH o MY E 2AAU, &
21 to|HE E}ﬁm H3to] o] &3t= Ex M3 A ts)

%0}04 e
= tlo]Ele] ¥
H= Zolth. 13110151 4 Bde ‘”Hﬂi B 9
T Atk HolH ¢ugES &8317]
S &3l tlolE e M E FYsHA WS
£59 AE=E =Y 4 Jth(Escobar

g HolElE M9 doJHE W3t

7F AYAA & 7§ HI—S-—ELOM iz
HE HEs 7

(high-dimensional data)%
o8 B4 okl A
3

A °" A 21 01 2 3] 4 A & (Feature Selection)3} 3] 4 &
(Feature Extraction)®] ¥ 7FIAZ Yot} FA Aee 5
ozl FA S md o] F&3 A ST Heste 340
A, R PH o Aol ok SAFS T3 2
of fF8&3tA %S A 22 AAE AASE ZEF 7IHA
dsutEAo g £ 7taA 7 A 94 H3E Al
o|Este ¥ 7ol Utk A F22 7|EY AAES
gt o F83 9AE YAHste 2, hEAQA BHe
E 1A Y AA e 2L ALY AA FH0E T
gl 24L& 43 FAEEA(PCA; Principal Compo-

1% £-44(LDA; Linear Discriminant Analysis),
3| (NMF; Non-Negative Matrix Factorization) 5

lo

l-l:l

Fl

nent Analysis), &
H ST 8
o] A4

Dohyun Kim -

Jai-Hyun Byun

2.6 Hlo]e E73 A

AZFTAAA FFS B FAGEFL ofF AA Yee 5
£ dolH AEAM 2 7 BFFo] Astd, Zdo] A
2 853tA Rata 4 At 27171 & S e HE
sol Yehye ddo] BAdt, 4 £5F mdoA AE3)
T HolE e g ¢Fo|BE o] FHHHE e 1
U2 ggotd FFT dEstes 2o AAE 9t o &
01,9987 ¢ FEFH MY BEFFOE FAE FAUHE
G A4, BF FEN o Sske Zdo] AdHE 1 A

r+

Bdo AAAA AG=e A, &9 Y2 AdE
THeHA Xots AV 2ATY. S~ Edd EAE 9
A3l7] Y3l Me gl Ea o] B 23ltH(Zhang et al., 2019). ?4
AET 7IM O ZE <Figure 2> H 2F HF Ho]HE
771 LW A&7 (Over Sampling)Z <Figure 3> 20| lﬂr
T BT HolHE &g HF HolH ol B £ole A
A l‘az%‘(Under Sampling)©] AT},
Ao]H B8 -& Aglst7] 9138+4, Chawla et al.(2002) TF
'1"-/] Hole AEd 222 Evd AV A5< sotsto]
A3ty el v 2 s AUAET e T
A 225 eHAEY st S 2T O Y
W& FA8A T Kim and Kwahk(2022)2 OpenML, Kaggle,
UCI FolA Al &3t= 33714 dlo]E MEE td 2 Adasyn
SMOTE(Synthetic Minority
Oversampling Technique), NCR(Neighborhood Cleaning Rule),
Tomek Link, RUS(Random Under Sampling), CNN(Condensed

> O,
>mlm

(Adaptive Synthetic Sampling),

Original dataset Resampled dataset

Figure 2. Over Sampling

Original dataset

Resampled dataset

Figure 3. Under Sampling



Data Pre-processing for Manufacturing Quality Improvement 251

Nearest Neighbor), ENN(Edited Nearest Neighbor)2 &85}
HolH Ev 8 Aelste R2Y 45& &=, 3370
o dlolg A E F 17719 BloJE A E|A Adasyn S Z d°]
B £33 Adetdl s vl 7 $2 2347} st

3. dlolg) A7) Z2A| 228 21

Hole & dAeE & + =
& A = ol AT, o
Aol B3 A= obA it & =2 A
FAUolHE ERA 02 HA YT =
skt g

HolE & 245t7] 913 % 13}= %MEIPJ A WA SA =
Hole Satolth o7 A% L 53
of stte] Hlojg AlEZ ‘{%01 oF f{E} dtsdle 43
o[E] 9} o] 4 HlolB & el = A qie}. o4 dlolE7} 9l
El°lE1 oy w2 A Yo} 5 Elol e A g 7]H ol
Fo &4 0t v WA D}ﬁl% dl o] e} M &oltt. wlol g
3 Ao W E dAsA A st A F vlolE
ﬂ’é‘}oq & dole dAg £5 5l Holg 4 £
& Ut E} AA = I A AA Yol Folth, kA Hl
A 7SS A8 Foll £40 & fle AAE

L A A sk ““JJr ANEE Fo ]741/} ERLEE R
BAATF 52 A Eo] EATE 45, A A%
A M2 29 A E F2 E}. mpA e 2
H 2¢d Agolth deoly 2¢dL dAETS 5
= BASAY AAsE 71 2 HolE dAE 7Y

1

g
s
E%a 23380 H EL A WAL 59

il

o oSk
o}l‘l‘l Iﬂl

o (B 1S R
o M of o

E T o

S
o O
e A
ﬁo,tﬁ‘r_ﬁoﬂﬁri
i‘J
.
l
xmhq

q

e

o
ol

il = = o (N o>

i

Step 1. Data integration
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Step 2. Missing data processing
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Step 3. Outlier processing
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Step 4. Data conversion
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Step 5. Feature engineering
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Step 6. Data imbalance processing

Figure 4. Data Pre-processing Steps
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Figure 5. Data Integration
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Figure 6. Missing Data Processing
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Figure 7. Outlier Processing
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Figure 8. Data Conversion
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Figure 9. Feature Engineering
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Figure 10. Data Imbalance Processing
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Table 2. Case Study Data Sets

Data set Instances Features Label
Case 1: Mold 6,737 36 1
Case 2: SECOM 1,567 590 1

No Missing 'data Outlier processing Data conversion Feature engineering Data imba'llance
processing processing

1 0 0 0 (] 0

2 0 0 0 0 X

3 0 0 0 X 0

4 0 0 X 0 0

5 0 X ¢} 0 0

6 mean replacement mean replacement 0] 0] SMOTE

7 0 X X X X
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Table 3. Hyper-parameter Range for Models
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Figure 11. K-fold Cross Validation
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Method Hyper parameter Range
Logistic Regression [0.01, 0.1, 1, 10]
Max_depth [2, 5, 8, 11]
Random Forest - -
Min_sample_split [2, 5, 8, 11]
. [0.1, 0.5, 1.0]
Support Vector Machine
Gamma [0.1, 0.5, 1.0]

Table 4. Molding Data Analysis Results

No Logistic regression Random forest Support vector machine
accuracy F1 score accuracy F1 score accuracy F1 score
1 0.996 0.526 0.997 0.625 0.997 0.700
2 0.998 0.444 0.995 0.170 0.992 0.200
3 0.990 0.222 0.995 0.421 0.993 0.417
4 0.994 0.455 0.995 0.421 0.995 0.421
5 0.993 0.516 0.992 0.348 0.991 0.400
6 0.993 0.348 0.995 0.522 0.995 0.500
7 0.992 0.200 0.992 0.190 0.994 0.236
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Table 5. SECOM Data Analysis Results
No Logistic regression Random forest Support vector machine
accuracy F1 score accuracy F1 score accuracy F1 score
1 0.923 0.414 0.926 0.476 0.923 0.444
2 0.919 0.053 0.924 0.105 0.903 0.122
3 0.897 0.281 0.899 0.347 0.908 0.369
4 0.912 0.316 0.919 0.333 0.919 0.379
5 0.870 0.344 0.883 0.337 0.881 0.282
6 0.904 0.271 0.913 0.339 0918 0.373
7 0.849 0.027 0.866 0.112 0.864 0.059
© A F-E BAS7] A8l C(Cost function) 9+ Gamma s &8 T3] A& 0= FAUNHE AL F A= AHE
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