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Step 1 : Construction of a measurement scale with Mahalanobis
space (unit space) as the reference with normal set

Step 2: Validation of the measurement scale with abnormal set

Step 3: Identify the useful variables (developing stage)

Step 4: Future diagnosis with useful variables based on criteria
for classification defined by a threshold

(Figure 1) MTS Process (Taguchi et al,, 2002)

3. Simultaneous MTS (S-MTS)
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SNR Gain.; = SNF, — SN, <Eq. 9>
Overall SNR Gain; = ¥.¢ SNR Gain.; <Eq. 10>
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Step 1 : Construction of a measurement scale with mahalanobis
spaces of several reference groups

Step 2: Validation of the mahalanobis spaces of several
reference groups with test groups

Step 3: Identify the useful variables (Optimization Stage)

Step 4: Future diagnosis with useful variables based on criteria
for classification

(Figure 2) S-MTS Process
(Cha and Kim et al, 2016)
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S-MTSE 0|88 Lt

(Table 1) Theoretical Comparison between MMTS, Improved MTS and S-MTS

Catedo MMTS Improved MTS S-MTS
gory (2009) (2011) (2016)
No. of MS Multiple Multiple Multiple

Solution for multicollinerarity Gram Schmidts

Removal of Multicollinearity | Removal of Multicollinearity

Orthogonalization Variables Variables
Classification of Classes Minimum MD Minimum MD Minimum MD
Characteristics for SNR Larger-the-better Not Available Dynamic
(Multicollinearity) A& 3dlast= WHAA =} Steel Plate Faults Data Set2 8314 TH
ol7} Uehdth gEaAA A, AdnA ) (Semeion, 2016). ¥ EH ZAg tlolE = ATt
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4. S-MTSEZ 0| 3¢t

4.1 Z2m =M Zg HolE
(Steel Plate Faults Data Set)

B

R

ATFE I3 University of California at
Irvine (UCI) Machining Learning Repository2]

FollAE TR ET} 7 & 77HA] A SH(Pastry,
Z Scratch, K Scratch, Stains, Dirtiness, Bumps,
Other Faults)S T-33}7] 98] A3 A7 A
o] A& Ao R qFEHE WHTE 7|5 HolH
ojth. T el 277 M(SAFEE V15T
1,94171¢] Z3 W =4 Ho|E] & <Table 2>}
Zo] AT a2 SMTS 723 9 4
3} Atho= MATLAB R20133} EXCELE ©]&

[e}e)

slee HeEnh

(Table 2) Steel Plate Faults Data Set

Class Type of Faults No. of classes

Cl Pastry 158
C2 Z Scratch 190
C3 K _Scratch 391
C4 Stains 72
C5 Dirtiness 55
C6 Bumps 402
Cc7 Other Faults 673

Total 1,941
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(Table 3) Variables of Steel Plate Faults

Before Data Treatment After Data Treatment
No. Variable Name No. Variable Name
1 X_Minimum 1 X_Minimum
2 X_Maximum 2 X_Maximum
3 Y_Minimum 3 Y_Minimum
4 Y_Maximum 4 Y_Maximum
5 Pixels_Areas 5 Pixels_Areas
6 X_Perimeter 6 X_Perimeter
7 Y_Perimeter 7 Y_Perimeter
8 Sum_of Luminosity 8 Sum_of Luminosity
9 Minimum_of Luminosity 9 Minimum_of Luminosity
10 Maximum_of Luminosity 10 Maximum_of Luminosity
11 Length_of Conveyer 11 Length_of Conveyer
12 Type Of Steel A300 12 Type Of Steel
13 Type Of Steel A400 13 Steel_Plate_Thickness
14 Steel_Plate_Thickness 14 Edges_Index
15 Edges_Index 15 Empty Index
16 Empty_Index 16 Square_Index
17 Square_Index 17 Outside_X_Index
18 Outside X_Index 18 Edges_X_Index
19 Edges_X_Index 19 Edges_Y_Index
20 Edges Y Index 20 Outside_Global Index
21 Outside_Global_Index 21 LogOfAreas
22 LogOfAreas 22 Log X Index
23 Log X Index 23 Log_Y_Index
24 Log Y_Index 24 Orientation_Index
25 Orientation_Index 25 Luminosity Index
26 Luminosity Index 26 SigmoidOfAreas
27 SigmoidOfAreas
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7} A400 EFYY 799 M 125 092, W
1300l= 12 71538k Stk o33 A¢ WS
2+e) AABA G ol SMTSE #-§317] o8
<Table 3>3} Z+o] W= 12(Type Of Steel  A300)
9} ¥W<4= 13(Type Of Steel A400)S 3hte] W<
(Type Of Steel)= 53l A300 EFY 3 A400 E}
He 47 0 12 FAFOEZN TE ¥F 24

o] E7}53F Other Faults(C7)E A< UM A 6
7FA] A £ A dlo]E(1,26871)0ll S-MTS
& H83tuth

ke

SAE S-MTSe| AMA A=A 78
FHEE Fx IFY MSE 75U °) &
2 AAHoe Hx OFHEE F 6719
MS(MSc1, MSc2, MSc3, MScs, MScs, MScs)7} T+
FHth o] Aol AHEE = Tlo|El= <Table
4>} 7o) 70:30 W&ol whe} 8887 HolHE 3
Z 1% A4 9 MS T, v A 380719
olH = Hl Iw A¥ 9 MS F84 gRlew

g3k

(Table 4) Reference and Test Group

Class | No. of Reference Group | No. of Test Group
Cl1 111 47

C2 133 57

C3 274 117

Cc4 50 22

C5 39 16

C6 281 121

Total 888 380

JAR )L o4l 6714 B

3
Z 1% MDE A4kt 23 A

gpayge) o
8 3

w2 +
Z %9 P MD7} 0.942-0.996 H 9] ol &
A

N

st Zrx IF MS7F & FEE AL 7t
& 4= 9tk <Table 5> 2t =z 15 ¥ H4,
Ad), F MDE AAST Qo Axte 2o
ZA3st ¥ MDE <Figure 3>3 2t}

(Table 5) MDs of Reference Group

Class Min. MD Max. MD Ave. MD
Cl 0.238 4.189 0.991
C2 0.228 5.027 0.992
3 0.084 10.462 0.996
Cc4 0.339 2377 0.942
C5 0.474 1.420 0.973
(€9 0.211 10.330 0.996
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(Figure 3) MDs of Reference Group
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Cl(Pastrv) MD

No. MDD ciaezct MDcragc:  MDeiascs MDcramcs MDc1-ascs MDciascs Win. MD
1 1.138 .35 36.33 -6116516463293770.00 111.44 3.51 MDeciasen
2 0.78 23.60 1264.12 -38322820300344 1600.00 633020 24.00 M Deaczs
3 0.36 388 oG 15 -15261282264 1079000 658 0.74 MDeciasen
4 067 517 3930 357514 15130 0.3% MDDz
5 1.69 11.85 20201 -61165183708332570.00 &007.54 22 MDciamscn
6 062 11.37 3474 -332282835124775.00 478370 1.83 MDeciasen
47 045 6.77 74512 -215033834062321900.00 4348.27 2.32 MDciasen
CI(L_Scratch) MDD}
Mo MDD crnescl MDcrasc: MDorascs MDD crnescs MDcr-nscs MDcrascs Min. MD
1 745 0.38 50.32 -344054 134758510000 &050.40 1.21 MDcramc:
2 568 1 .07 30.77 -3440543701038320.00 335250 131 MDezamer
3 1.40 046 57.54 -3440544862226540.00 &308.10 0.60 MDozazez
4 0.60 036 61.43 -3440541055365940.00 546375 1.23 M Dzass
5 302 020 5900 -3440541484817280.00 6235354 083 MDeragsc:
6 660 047 5540 -34405464 3169011000 597380 0.78 MDcramc:
57 0.55 0.58 5045 -3440541020309770.00 574615 0.85 MDcramscn
CHE Scratch) MD
No. MDY canscn MDciasc: MDeiascs DD canemce MDci-mscs MDcaamcs Nin. MD
1 1531.51 131 .09 0.16 -3B2272363690669 00 11213 80 170.68 MDzzarscs
2 3.3 5.03 52 -3322825423609306.00 202353 328 MDciamos
3 2085 80 00 92 035 -3322630241667483.00 3523875 25811 M Dhzaaescs
4 141020 100.71 017 -3832272150622461.00 1391571 137.52 M Dozarscs
5 3473660 2457 .56 233 -3832236733286551.00 17351530 140607 M Dz arzes
6 1572.54 123.43 022 -3832272457695116.00 10178.50 145 2% MDcaagscs
117 4 .43 660 125 -3B2282519854286.00 203.51 455 M Dhzaascs
C4(Stains) MY
MNo. MDD c4nezcn MDceng WD canscs MDD 4 nezce WD nescs MDcaascs Min. MD
1 4.0 4.01 13.00 0.86 533 232 MDesamos
2 645 611 12.34 045 1421 3.30 MDecsasos
3 8.73 3.07 15 68 1 .00 120 4 342 MDesarscs
4 24.52 5.62 14,93 103858 1542 2.72 MDcsamsos
3 16.36 825 13 64 061 121 3 5.01 M Dhoaarzcs
6 15.73 405 12.93 1.093 201.5 2.85 MDD asos
22 4,30 .16 11.52 0.75 1435 3.37 MDD s
CH(Dirtiness) M
No. MDesaezen MDesagcr MDosaescs MDesaezcs MDes-nzes MDgosamcs Mlin. MDD
1 066 32 36554 -9337061852529520.00 102 081 MM Desame
2 214 4.50 305405 -O35T006464055T730.00 629 31.08 MDcsamon
3 1.45 393 37520 -G35T07 76234 30050.00 2532 13.75 MDesamen
4 2.19 8.61 2592 -3E2281160102445 00 2858 444 MDezaze
5 1.21 3.30 379.38 “G35T07693 10953 7000 052 11.87 Dz arsss
& 31.13 8.52 27 63 -3673735503472120.00 306 1. 34 MDesames
16 1.97 14 .52 113 64 6151202 564000 25.33 M Dosarsc
C6(Bump ) MD
No. MDD CeMsC] MDCs-MECT MDD CeMSC3 MDD csnsce DD 6-MSCS MMIDCEMECS Nin. MDD
1 1.26 3.52 2.96 -332282451148820.00 26.14 037 M Dosasss
2 2345 1.42 43 38 -1528130748259050.00 G257 80 078 MDesazces
3 1.68 8.30 22.58 -3440546373103060.00 111.14 0.52 MDosasos
4 13.31 2.56 41.35 -1528131135271650.00 5901.2 0.58 MDcsasmos
5 0.85 2.01 1875.61 -3073 16304562 84700.00 20005 090 MDesamos
6 343 10004 33.18 -3440542173586580.00 4518 0.35 M Dcsass
121 0.92 T.67 5014 -6116520430300140.00 129.15 0.26 MDcsasos

(Figure 4y MDs of Test Group
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(Table 6) Accuracy of S-MTS for Steel Plate Faults

Class Correct Incorrect Accuracy (%)

Cl 40 7 85.11

Cc2 48 9 84.21

C3 109 8 93.16

Cc4 18 4 81.82

(6] 3 13 18.75

C6 108 13 89.26

Average 326 54 85.79
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(Figure 6) Overall SNR Gain of Each Variables

(Table 7) List of Useful Variables

Priority No. Variables
1 12 Type Of Steel
2 1 X Minimum
3 2 X_Maximum
4 13 Steel Plate Thickness
5 17 Outside X Index
6 15 Empty_Index
7 11 Length_of Conveyer
8 14 Edges Index
9 22 Log X Index
10 10 Maximum_of Luminosity
11 24 Orientation_Index
12 19 Edges Y Index
13 9 Minimum_of Luminosity
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(Table 8) Accuracy of S-MTS using Useful

Variables
Class S—MTS using All S—I\/ITS. using Useful
Variables (%) Variables (%)
Cl 85.11 85.11
C2 84.21 89.47
3 93.16 96.58
Cc4 81.82 95.45
C5 18.75 81.25
C6 89.26 88.43
Average 85.79 90.79
4.7 E9|
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(LR), Support Vector Machine (SVM), Tree
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(Table 9) Comparison of Accuracy

Authors (Year) Classification Methods Accuracy
Decision Tree C5.0 98.09%
Fakhr et al. (2012) Multi Perception Neural Network (MLPNN) 79.14%
Logistic Regression (LR) 62.99%
Decision Tree 94.38%
Jin et al. (2013) Multiplayer perceptron 83.87%
Logistic Regression (LR) 72.64%
Support Vector Machine (SVM) 95.89%
Simic et al. (2014)
TreeBagger Random Forest 99.55%
Grid Search (GS) 77.7~71.8%
Tian et al. (2015) Genetic Algorithm (GA) 77.2~78.0%
Particle Swarm Optimization (PSO) 78.0~78.8%
Kim et al. (2016) Simultaneous MTS (S-MTS) 90.79%
75~80% =0l B7Fstthe AR S AT, AEE dagFd s Ll o g
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Abstract

Steel Plate Faults Diagnosis with S-MTS™

Joon-Young Kim™** - Jae-Min Cha*** - Junguk Shin™** - Choongsub Yeom™***

Steel plate faults is one of important factors to affect the quality and price of the steel plates. So
far many steelmakers generally have used visual inspection method that could be based on an inspector's
intuition or experience. Specifically, the inspector checks the steel plate faults by looking the surface of
the steel plates. However, the accuracy of this method is critically low that it can cause errors above 30%
in judgment. Therefore, accurate steel plate faults diagnosis system has been continuously required in the
industry. In order to meet the needs, this study proposed a new steel plate faults diagnosis system using
Simultaneous MTS (S-MTS), which is an advanced Mahalanobis Taguchi System (MTS) algorithm, to
classify various surface defects of the steel plates. MTS has generally been used to solve binary
classification problems in various fields, but MTS was not used for multiclass classification due to its low
accuracy. The reason is that only one mahalanobis space is established in the MTS. In contrast, S-MTS
is suitable for multi-class classification. That is, S-MTS establishes individual mahalanobis space for each
class. 'Simultaneous' implies comparing mahalanobis distances at the same time. The proposed steel plate
faults diagnosis system was developed in four main stages. In the first stage, after various reference groups
and related variables are defined, data of the steel plate faults is collected and used to establish the
individual mahalanobis space per the reference groups and construct the full measurement scale. In the
second stage, the mahalanobis distances of test groups is calculated based on the established mahalanobis
spaces of the reference groups. Then, appropriateness of the spaces is verified by examining the separability
of the mahalanobis diatances. In the third stage, orthogonal arrays and Signal-to-Noise (SN) ratio of
dynamic type are applied for variable optimization. Also, Overall SN ratio gain is derived from the SN
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ratio and SN ratio gain. If the derived overall SN ratio gain is negative, it means that the variable should
be removed. However, the variable with the positive gain may be considered as worth keeping. Finally,
in the fourth stage, the measurement scale that is composed of selected useful variables is reconstructed.
Next, an experimental test should be implemented to verify the ability of multi-class classification and thus
the accuracy of the classification is acquired. If the accuracy is acceptable, this diagnosis system can be
used for future applications. Also, this study compared the accuracy of the proposed steel plate faults
diagnosis system with that of other popular classification algorithms including Decision Tree, Multi
Perception Neural Network (MLPNN), Logistic Regression (LR), Support Vector Machine (SVM), Tree
Bagger Random Forest, Grid Search (GS), Genetic Algorithm (GA) and Particle Swarm Optimization
(PSO). The steel plates faults dataset used in the study is taken from the University of California at Irvine
(UCI) machine learning repository. As a result, the proposed steel plate faults diagnosis system based on
S-MTS shows 90.79% of classification accuracy. The accuracy of the proposed diagnosis system is 6-27%
higher than MLPNN, LR, GS, GA and PSO. Based on the fact that the accuracy of commercial systems
is only about 75-80%, it means that the proposed system has enough classification performance to be
applied in the industry. In addition, the proposed system can reduce the number of measurement sensors
that are installed in the fields because of variable optimization process. These results show that the proposed
system not only can have a good ability on the steel plate faults diagnosis but also reduce operation and
maintenance cost. For our future work, it will be applied in the fields to validate actual effectiveness of

the proposed system and plan to improve the accuracy based on the results.

Key Words : Big Data, Multiclass Classification, Simultaneous MTS (S-MTS), Mahalanobis Taguchi
System (MTS), Steel Plates Faults Diagnosis
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