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Study on Correlation-based Feature Selection in an Automatic
Quality Inspection System using Support Vector Machine (SVM)

Donghwan Song - Yeong Gwang Oh - Namhun Kim
Department of System Design and Control Engineering, Ulsan National Institute of Science and Technology

Manufacturing data analysis and its applications are getting a huge popularity in various industries. In spite of
the fast advancement in the big data analysis technology, however, the manufacturing quality data monitored
from the automated inspection system sometimes is not reliable enough due to the complex patterns of product
quality. In this study, thus, we aim to define the level of trusty of an automated quality inspection system and
improve the reliability of the quality inspection data. By correlation analysis and feature selection, this paper
presents a method of improving the inspection accuracy and efficiency in an SVM-based automatic product
quality inspection system using thermal image data in an auto part manufacturing case. The proposed method is
implemented in the sealer dispensing process of the automobile manufacturing and verified by the analysis of the
optimal feature selection from the quality analysis results.
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1.A & AA T2 HolE TS FE8to #eletr] Hste 34 vlo]
Elo] B4 885 =o|= 54 A8 (Feature Selection)o] )¢
H o7k A e 43k A A EH (Industry 4.0)2 AbolH & A7} B 8.3} CH(Hansson et al., 2016). 574 A€ o] A3} b

2] Al 22Bl(Cyber-Physical System)S 7|¥Ho.Z A2 FA Qo] o|H 9 A& A|ASL HolH A & F9H E&H o2
A st AdAAE AFske AFs Adelth AS7HA HolH AR 2 #YE F F IAES T

T AEshe Ak Asst AT JEHAAT H2 AA Az N 28 EA A7 AT E PN A AHEATF H o]
g Hlo]H 34 7]z Bl o & Wt wpel FA AT £4 A2H ASEE JMAEE A& HolE 4 #d
slo] ojgt AF9} 2 8o] G Th(Chen et al, 2013; Ngai et A7k X3 Hof Stth(Lee et al, 2014). T2 ZAALE 98 7]
2 g

al, 2014). 2 AEst A 2do] FHF AR AT L 5T Ads dugF TAM SVMLE AL 35 BE F e F
TR AA T E7 Ves #E ALt qEe dAlet] 2 HoHE #5F 3 3F £4< Ad) A& A4 b

Al = AlgE Az Ul 2
7} Agst A 2EY] 24 ARE
(Oh et al., 2015). whekA], HoJE &

A stojoF ata, AHEAL Hofel] AEEH T QUh hEAQ AT A R, EA A4t
B FFo] gojof gt} geloA HEA dolHE AxE T SVM(Support Vector
A Aol BA o 538k Machine) 718k AlF F4 AIE o S(Jang and bae, 2009),
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SVM-2 1}zl (Margin)©] Zth7} == 24 % H(Decision Sur-

face)S 231, T ol AEHE 7 FH 29 AEE o] &5}
dlo|EE &/F3te 7IHolth 4714, mxl & AR g2 2
g BEste 7|Eol He 2AHUA MEGE S~
o] &2 A EZE ¥ E(Support Vector) Aol 9] AZolth. Y
Huo]E7} o012 A7 HloJEE y, E{l,-l}"d N7 W&
{(z; )}l = 18 o, A HL watb = 02 VERATH
Wtﬁztg@z} s=z0] WA HﬂEiol , b HRoJo] 25 ]

ek wel 271 |2 BH e 24HED A volelo
ol et /st 4 (1ol A v 837t H 47t He weh
bE 7ot HA3E AXHHES 4& 7 Ut oW F EF
A Felshe vhd & 2ol o A3 QA
T |[w]|7F # &7}k o] oF gth(Vapnik , 2013).

arg (mm) JlwlP (1

yi(w-zi—b) >1, foralll<i<n

F 2E Aolok BF &5 A0S Z&(Trade-
ofﬂéﬂ-er otk H A3 A= E]—j_E]-Z] % 9(Lagrange Mul-

1
arg min,, ., 5”10“2 + 2§ 2)

Subjectto y,(w - z;+b) > 1-¢,
>0, foralli
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a}A gk Yukz o 2 dlojE o) MY Ee]E 7tssA @)
=, 4 3)F 22 A T E AEste] A A4S 2
§CH(Hsu and Lin, 2002).
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R EC EEL EEEREE BT REE
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g3l A2 AY WMd ko] AFE8TK(Cristianini and Shawe-

Taylor, 2000). & ATolA= 7H EH O Z 20| RBF,
Polynomial, Sigmoid & Hlalatil Hlo|H o AA g #Ad & A
gkt (Widodo and Yang, 2007).

SVM 7]¥te. 2 o8 & B4 shs 97 Thfdh Fokell A
Z18) 5] 31 Q1 TH(Chen and Lin, 2006; Pal and Foddy, 2010; Kim et
al., 2013, Oh et al., 2015). 53], AIZ=F B A A Oh et al.(2013)=
SVMe £ EYl FA o A &3t AN 34 BUHT A
28-S AobstEth 18] 3 Kim ef al.(2013)2 SVM €8] &
S AFAANFE BE G5 HIA A A 2" o] A 833

22 53 A7 4 A
Holg dAe dA M ¢4 HolHE AH-37] A3
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oA 33t vlol Bl & o] Z(Noise)7t Asta 1AL A &
i 7V]i =E8% SHHTE 745 JthKadlec ef al.,
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u and Liu, 2003; Yu and Liu,
I.,2010; Son et al 2012; Jang et al., 2015). &3
/‘}%Q“ 43 A 4 (Correlation Coefficient)= T
old AgA {ATFE L 27))7F A=A YER
Ade F i 1 AgBAY A4 2715 YeR
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BHAT IS ol 83kl &
T 02 Yuand Liu(2003)= FHAFE o] &35t 4 &
)& 2= Fast Correlation Based Filter Approach &38| &
AlQkstar, 71 A 35 skt

4498 98 % 2ed o

=

dole B4l 4 dolHAAS Za37] 98 EAMEL
Hg 5 SYM 7o A3E va BAH d7E 1951

ATHChen and Lin, 2006; Pal and Foody, 2010). Chen and Lin

(2006)& A& T8 Y 7 & AH8ste] FY3 HolH
of 24 % SVM A#E v w3ttt Pal and Foody(2010)= &
AAE 7)o 7 =49 HolH Aol whek SVM £4 A3

7t 2A dehde A& A8 S ol SRt kA, &
A7 2 tolE Ade F45H 4 HoHE AE
Ste 213 o8 SVM 79k B4 A7) 2 A Jeid e & 5

At

B AT E AREY 02 SPUFER)E o 4B
+8 5233, FAUAE Bedt 21 4REHee
BEd $EAE SYM 78 A5 ZAZAA A 2H | A4
g,

3 9444 34 2 dole) 4

B =FdAM Abehe B S A48 FHLS At ARz
A ZAR F AFE 2 Yo A E XS Tt o
T M= <Figure 1>(a)9} 2ol AEZ Zg Y| fg £
Hol| 3] HAA A& FUsH XS AT, o]
HAo A ExH A7t IAA A QT8 T2 O
Z31A] 2 7%, <Figure 1>(b)9h 2ol Ao EHoly =X
ng 5o Bafo] Mgt BFo 2 AAH AF S fy 4F
A #4

(a) Sealer dispensing process

(b) Example of defective

using robot arm position

Figure 1. Overview of Sealer Application Process
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H O
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2802 AFAAE 7 o Agste SVM 7|9 AHF F

oA A =2 A Ay =2 g8 F 3ot FYH
ojm A& EAl 7125 E3) KIOSK A4 & A%3t} KIOSK
Zulo| A oju Ao A T LEE Bt Ay Tx &
FHAs Ao 281 EFAE B £ Al £A7F
AshE 5, A AHAAE YA A A gt
A3 et E &Y o u A = <Figure 2>9F Zo] EX
Aot T RS 2T sicenp ARz 22 A

H
F9| A$-E <Figure 2>9} 20| 9% Ho|= & (Front) F
230

bl
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Acquiring and
Preprocessing raw data

v
Analyzing correlation coefficient

\ 4
Categorizing feature based on the
correlation analysis

\4

Setting initial SVM parameter
of each categorized group

Finding the optimal
SVM parameter

No

Finding the best
ategorized feature group

Applying the case with SVM
parameter

Figure 3. The Flow Chart of SVM Feature Selection and Optimal

Parameter Calculation Based on Correlation Analysis
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Figure 4. An Example Data Group Having 13 Pixels around
Dispensed Sealer
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Z g LT E(before T[S ] EX S AFZ JH & Table 2. Pearson Correlation Coefficient between rel T[1] and
S8 X (after T[))O12, 5 YEHTEE GHLFOZY A Other Features
29 F(width), jé‘_‘rf‘—I‘:‘(an—T)’ ®EA ‘}%E(Std—T)’ CE Feature Correlation Feature Correlation
L5 (rel_T[]), T H &2 E(rel_min_T), T2 Ao A& width 0.403 after T[5] 0329
= (rel_max_T)| . avg T 0.495 after_T[6] 0.273
std T 0.182 after T[7] 0.260
Table 1. An Illustration of Input, Derived Input and Output rel_max T 0294 after T[8] 0264
Variables rel_min_T 0.681 after T[9] 0.335
Feature Data Type rel_T[1] 1.000 after_T[10] 0.374
Raw before T[1]~before T[13], rel_T2] 0.938 after T[11] 0.336
Variables after T[1]~after T[13] Continuous rel T[3] 0.793 after T[12] 0.272
Derived Input | width, avg T, std_T, rel max T, rel T[4] 0.548 after T[13] 0.235
Variables rel min T, rel T[1]~rel T[13] rel_T[5] 0.350 before_T[1] 0.056
\Z:itz;te Quality Result Discrete rel_T[6] 0.294 before T[2] 20.040
rel T[7] 0.280 before_T[3] -0.046
rel T[8] 0.288 before_T[4] -0.051
42 A W2 g o] A rel_T[9] 0.359 before T[5] -0.048
rel T[10] 0.401 before_T[6] -0.042
B Ao ME goj& 4RTA B4 53 Me5E 19 rel T[11] 0378 before_T[7] -0.048.
AAEE =& EAMY S AN FojE FBAFE rel T[12] 0313 before T[8] -0.052
1ol 7VHEE &) ZaBAE Y, -1 7MHEE rel T[13] 0273 before T[9] -0.045
=] A HHAE JEPAT TeF ol & FRAFTE 00l 7HE after T[1] 0.861 before_T[10] -0.051
O, A33A7E ude vt A o #E after T[2] 0.838 before T[11] 20.050
(p-value)°] 24 ¥ 2| =F(Significant level) © 3} ), 43 after_T[3] 0.738 before_T[12] -0.047
A7t frefmlsttiar & 4= gl after T[4] 0.522 before T[13] | -0.038
<Table 2>& SX8 A AZAH 1H A A< 4

e E (el T[I])E T2 YHHFE Afolo] Tjof& 4A S
Fhe BojE) 9ol A s %M 0.7 o] =& -0.7 o] 3}
E 7MW ABETL 21,09 o] E=-09 o)t v $- 2
4B =E YEPATHMukaka, 2012; O’Rourke and Hatcher, 2013).

<Table 2>9} 7o) B9l AFAI} rel T[2]9] AAAFE 0.938
2o A FAEE 7R o] vRVIA R BE WSS
o) FBATE ANt FBEE FA .

ABE R4S vlg O 2 <Table 3>3} o] Al 744 B9 9
o|HlE AA3ta SVM 7]Hte] F4 HAALE AAEt
A ASEE W Case 1> FAANA FE w713 vl
B Folal Case 2v EE YEHTET TAVIHOE &
FEYEHFE] Hiho|H, <Table 3>9] Case 32 Foj&
ABASG Fho] 098 T 2 WG E 7207 EA MYS 713
o} MFE Abole] ARAISTE09RT I F Wgs B
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B A 2w A 5L IFY S /A e SHATHL S
97 PR 22 wsg 7123 AN o2 So
rel T[1]2 rel T 2]% 5093824 & AAEE 7HA7
ol F5 AYuFE et & 5 FHEE A AL
H gL HTER FEEHE HTFE SAHOE HEE MR
AR W9 $85Y 47 5L B F T F 99
2 3 H5E Aeshe TS AT o 2 W

Table 3. Set Experiment Feature Case based on Correlation

Coefficient

Type Feature

Description

Case 1 | after T[1]~[13], before T[1]~[13]

Raw Variables

avg T, std T, width rel T[1]~[13],

Case 2 rel Max T, rel Min T,

after T[1]~[13], before T[1]~[13]

All Variables

avg T, std T, rel Min_T, rel T[2],
rel T[3], rel T[4],
Case 3 rel _T[7], rel T[8], rel
rel T[10], rel T[11], rel T[12],
rel_T[13], after T[]

rel T[5],
_TDl,

Feature Selected
Variables
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C:50, g:0.005, accuracy :0.9733
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(a) RBF kernel accuracy according to C

& gamma to C & gamma
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C:100, g:0.005, accuracy : 0.8356

(b) Polynomial kernel accuracy according

C:70, ¢:0.001, accuracy : 0.9621
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(c) Sigmoid kernel accuracy according to
C & gamma

Figure 5. The Comparison of SVM Results of Case 3 Depend on Different Kernel Selection

43}= SVM 7' -& RBF, Polynomial Sigmoid©] t}. LIBSVM(A
Library for Support Vector Machines) APIE %33} 7F 74 <]
W= gamma® ¥ 30K Chang and Lin, 2011). SVM v 7§
4 k-Fold Cross-Validation(k = 5)= AF2314] Cases} 719 ¥
2 =S AT E A e #o 2 AAJT <Figure 5>&
Case 39| Y HO|EE SVM Ad 3 w7 4ol upel Wate
AYE X5 XU T zolth. o714 CLe M= 0.1, 1,
10,30, 50,70, 100]°] 3, Gamma k2] ¥ $1+10.005, 0.003, 0.001,
0.0005, 0.0001, 0.00001]°] T}, <Figure 5> SVM w7 421 C
&} gamma®| W stol| WE FAAA Y o F FRE Fx o} HF
& 24 AGEE eI YoM 7 Case™ H 2 gk <Table
4>} 2t} 7t Case™ SVM 7|9 4 AAL A= & vus] &
o, SVM 9] 8 H4E G 7hv et 2 HE #%J g 7hs o
OJE TS AHE S ) B} Eﬁlﬂ TS 5o 2 s
£ 3 2889 E
Case 33} Zo] EA Mel-S A A5} SVM 7]4E %@. Z
H A dolE NFE 2670014 157 2 42.3% 717k
ATk RBF AE A& A, Case 39| EF #4 A2 Case | &
Case 201 B3] &% HojA A% F4 A4 £ #5—3 gHE-s)
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Table 4. The Accuracy of SVM Results and SVM Parameters,
C and Gamma by Kernel Types

RBF Polynomial Sigmoid
Kernel Accuracy Accuracy Accuracy
(C, Gamma) (C, Gamma) (C, Gamma)
0.9821 0.8834 0.9413
Case 1
(100,0.003) (100,0.005) (100,0.001)
0.9841 0.9654 0.9650
Case 2
(70,0.005) (100,0.005) (70,0.0005)
0.9733 0.8356 0.9621
Case 3
(50,0.005) (100,0.005) (70,0.001)
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