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Semiconductor Equipment Failure Detection using Correlation
Analysis and Data Augmentation

Minjae Baek - Seoung Bum Kim

Department of Industrial and Management Engineering, Korea University

Traditional control charts and machine learning methods have been used to detect equipment failures in

semiconductor processes. However, detecting failures

and identifying their root causes can be challenging

because of the complexity of the process and structural characteristics of the equipment. Moreover, the anomaly
sections for each part can be imbalanced, which can hinder classification performance. In this study, we propose
a method to detect failures using the correlation of variables and data augmentation. The proposed method
consists of five steps: (1) conversion of the multivariate time series data of the equipment into signature
matrices, (2) detection of anomalies using a convolutional autoencoder, (3) augmenting the number of residual
matrices of minority classes (4) learning convolutional neural network that use the residual matrixes of definite
abnormal sections, and (5) application of Grad-CAM to interpret the convolutional neural network. We
demonstrate the effectiveness and applicability of the proposed method using real-world multivariate time series
data obtained from ashing process equipment in semiconductor manufacturing.

Keywords: Anomaly Detection, Data Augmentation, Explainable Artificial Intelligence, Multivariate Time

Series Data, Semiconductor Equipment
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S WA 4= QI TH(Chien et al., 2013; Thieullen et al, 2013). ¥ =
A el e, L5, 1Y 5 oY 7hA] 8450 A E 2o
FA 0] o] FAA|7] ol Ar] vf AlA HlofE 1H S /A E &
JHIA T ek wheb A S ko 2 1 4-S A E AL LR E

& 4= 9l TH(He et al., 2007 Kourti et al., 1995).
ojof mel, T WEA AP e B F HolHE H&
sto] 14 ELZ] e dagE Aol Aol FopA L
= "Wﬂrﬂ% Az Aol A 3 = = o]
’6]' B, v HolHF A4S B4 ¥
ojf 12E 11 E}(Mlchau et al., 2020). o] & ¥ A dHl
SAgE A sl A dolHte R RS
gks AlA Ol/‘L HAE ]—3‘3} A7 Beol A=A
(Pang ef al., 2021). WebA, A4 dol 8 A &9 2ho] Z S35
ods WEste LOF(local outlier factor), k-ZIHol%
(k-nearest neighbor, KNN), 4] E #E] o2 (support vector ma-
chine, SVM) 18|12 @Y &2 A EE HE #4l(one class
support vector machine, 0CSVM)¥} Z-& R Eo] ALE-H Th
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A8t} Jang et al.(2019)2 o 3 2 318} F2 34 vl o] ¥l o] A4
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Figure 1. The overall Framework of the Proposed Methodology
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e pzz LA 0}‘}13} 243l 4= SELU(scaled ex-  al, 2019). <Table I>& o #t& WASIAS ¥ A5& BAF
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Figure 4. The Structure of Convolutional Autoencoder
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Table 1. Performance of Anomaly Detection in Terms of
Average Values of Precision, Recall, and F1
Scores as the a Varies. Standard Deviations are
Shown in Parentheses

@ Precision Recall F1 score
1.0 0.873(0.006) 0.987(0.003) 0.926(0.002)
1.1 0.879(0.014) 0.985(0.003) 0.929(0.006)
1.2 0.901(0.010) 0.983(0.004) 0.941(0.004)
1.3 0.904(0.007) 0.982(0.004) 0.942(0.002)
1.4 0.904(0.007) 0.982(0.004) 0.942(0.002)
1.5 0.922(0.008) 0.977(0.001) 0.948(0.004)
1.6 0.925(0.006) 0.977(0.001) 0.950(0.003)
1.7 0.927(0.005) 0.977(0.003) 0.952(0.002)
1.8 0.943(0.010) 0.956(0.018) 0.949(0.004)
1.9 0.955(0.002) 0.937(0.003) 0.946(0.001)
2.0 0.955(0.002) 0.937(0.003) 0.946(0.001)
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Figure 5. The Structure of Convolutional Neural Network
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Figure 6. The Structure of CGAN and BAGAN-GP. The Z, X, Em, Gen, Dis, E, D Denote Random Noise, Original Data, Embedding

Layer, Generator, Discriminator, Encoder and Decoder, Respectively.
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=o] HlolH A EE AHgate] QERIFT & vg g3t 4.1 dloje 44 2 AAe
E?_]EV_K 7}& XS BAGAN-GP U] A 29} 38L& 27
42t AEAE B HABATTERAE LT 4 aroln 488 HelEE suA AT AolA S A8
e vl Z&ot7] wolth o] =M, A AL HEA = Elo] 2 A ALEL o
L ol HIEAE A4ete T A B s Zl 7]‘@ ol 4 (Ashing) &
TE AN ZTH Sg& A Aske A S S5l 7Hs
- ~ - A A ol E AAE HolHE ¥ 242,780 TR E AT
ata, A AreE E A o EA) 3= Yl 9 (embedding) T2 E S
. - . A4 dolEE 2279137(94%), H]7b}6 HlolH+= 14,8677
GAN ¥8 Fof F7H 0 2 g3t 21 AR E Bop 274
(6%) 2.2 FAHAT. 48 MFreE 25, Av U o, 7t~
o2 &83H= GAN EHo|th <Appendix> W <Table Al>2
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289 8% A8 5 Z VA AFLEHA D Y HEE F
CGANT BAGAN-GP 725 Uehfm, 2 de|AE 1000 o7 " < A S G
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= eenAT 2R sk ] HAA T2 273(0.004%, 0.16%), 7] HI A4
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3.5 8 A 71 E5% 29 S 2 TAE T 7 HA Tl An] 1A 2 Yol e
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A2 85 2 A% AYoA 9oy uelFe] 95 4

o moly 4l By AR FEEC R EEY
T Kol AR e A3E olestal 84 } AL o

o Z )0 gyy nuS AL .
%L Ao} FA | T8 Aotk Held +8 Table 2. The Detailed Structure of Dataset
& o, Z237L o GA HEH A=A ofsfst Bd A% A - -
S AWHE AL AHE PPN T AR DL g e o

o == Do = . Total data 242,780
HE Agste A AL 95 3h(Arrieta et al. 2020)

Normal data 227,913(94%)
2 ATl e e F AT dldstel 18 F5S o

v
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g 2 E A % Shelet7] 513 Grad-CAM S % & Short term | 2 sections (0.004%, 0.16%)
ot Grad-CAM2 29 =7} 299 7164 A4 E(gradlem) Abnormal data o |3 sections (0.84%, 1.29%, 1.39%)
S F8sted A ARl dolE A OUH e T Long term 1 section (2.4%)

B 22 2AHGEA oA U £S FE ]

T} o] 7|He 2 AZtA o7 MAHA S A ZstT 7Y oA} variables 7 variables

A7 HA4 L s A8l &85 th(Selvaraju et al., 2017). wet Status Normal(0), Abnormal(1)

A Grad-CAM< @45 A4 % npA et & 71202 483} Label types Part |6 types(for each abnormal section)
o 1 HES AT o 22 P2 | of® F&o] 7|qH &

A ANZAA SR geleta v FEI #HE F2 WTE 9 gol &S FA85t7] $3l, 9-3 9 (one-hot encoding)
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2
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2 Adam< AHgtom, vy vlx] AL SHHE S §
o Z FoF g5ttt Ag 2 53] HhEEjon HF g
ZFH 2} ZH2 <Table 3>3 2T

Table 3. Performance Comparison of Anomaly Detection in Terms

of Average Values of Precision, Recall, and F1 Scores.

5% dole Bsh B2 Agetel 43 2 %7t HolH g
Atabs g Standard Deviations are Shown in Parentheses.
Model Type Precision Recall F1 score
4297 AR ithout
A :v;at‘“ie 0903 | 0937 | 0920
u
2 ATANE ol BA daEF 45 7] 99 e | ©009) | 0015) | 0011)
_ - C lutional
AR E (precision), A8 &(recall), F1 H4(F1 score)S A3 aﬁggﬂ‘;g:j‘ .
At =Y £F ¢ads Ase Wk dd 4g= ,W”th 0.927 0.977 0.952
(accuracy) S AHE3HTH AU EE 24 A4 dolE tjH & Slii?riu:e (0.005) | (0.003) | (0.002)
do] Yoz AEetA 53 wolH HEoln, AdEL
AA WA ElolE o] o] vig} o g et o 53 ] ) )
Ho]E Hl &< ouat Fl A4 AgE9 AR S 238 9 SR L A Lol e W AU, Ade 1AL Fl A
#< ou)siy AR EE wdo] 9utEA o) =3 golg ug  ZTFA ARESHA @t W tnl Aol FEE A
< gtk LA A 54 2 42 ()7 2T} A Ut ole 54 Lol WigE T AAHEH AY
s wrgsted A4 3 MiAA AEE Us AgaA AEd
. TP F QA A7 Wzl o) A Aol FEHUSE v
precision = —p s 4) s},
TP
recall = m (5) e o _
precision * recall 44 DA RE R A
£ score =2 recision +recall ©)
O T ol wA F A4 PN DA BaF REL A4S
aceuracy = () a7 8l £ BRE QAT FAD HGAOE BY
H 7N AE A gEEe HEX) O, FF dolE
TP(ie positiveys A4 Bee BFoz gujes) g2 & TN AR A% s g0 PR A4
A%, FP(false positive)= A4 A4S B¥oz 2% a2y =R AFSAT 29250 A% F9k Adam H 23} L]
76]—?—’ FN(fa]se negative)—‘% @Xﬂ %1—%}% 75]/6]-_9_§ Q—E Oﬂ%tﬂ‘ %:‘7’]' U]L] HH -] 761}\]' 3]'% ]ﬁ% %]-%_—5‘].04 6—!—'{3\_3}9\1—9—”:], }éﬁd
A%, TN(true negative)S A7l AL Ao gupad o o108 W Ao 4 F5E £ F JRE A4S Flst
231 792 o3} A3 A I <Table 4>9F 2t
Table 4. Classification Performance Reported Using the Averaged Accuracy Score and Standard Deviation (in parentheses)
Model Part A B C D E F
Convolutional neural Avg 0.000 0.974 0.972 0.967 0.612 0.996
network (Std) (0.000) (0.007) (0.001) (0.015) (0.049) (0.002)
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FEE TF AGEE UG A3, FF A FFE LT A AAEE AEstath A2 103 WHE Ao
AYT7 247 03 06122 S BF 45& RAFqh o] o, 3F8 BR{ 29 A& <Table 7>7 2},
of i A FAF A3, o] 4 PR ELF ol A FE A
T EFYO 2 o]ojA FAF A To] ANZE EFHA £t Table 6. Number of Part A and E in the Training Data before
Ao 2 HGH A <Table 5>+ F5 Fef2 2 3 ) and after Data Augmentation
& Uehict - -
= = Part | Before data augmentation | After data augmentation
A 11 588
Table 5. Number of Residual Matrices by Part B 276 276
Part A B C D E F ¢ 342 342
D 184 184
N f
.dun;ber oo |2 s | ees | a2 | o7 | 1203 E 44 588
residual matrices . 538 538
ol ARE Tl E4FT tolH} £F BY A%l Hlole S74 ¥H $7HAE A 83 23, FF A FFE
2AA JFL VAL PSS FAL 5 AT ol M BF ARE Aol 2A PAFE AL FASAT. 53,
ooz AAH LA AHE IA FBAF EdFS dWHA T HEEA, A, olF 2g3 A=27)ET
7| A sk whoko] E @ stk FHE Al Y3 d2y U (SMOTE, ADASYN, CGAN 181

BAGAN-GP)IA O £& A%s &S & & 4 9%le,
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4.5 qole] 7 71 24 15 E7 A%

FE 2U 2 2 YL ELY AL A A6
= KR =] o] e Z 10 BaE
REZF NS Zxeto Al 588712 5746133, <Table 6> BAGAN-GPE AHE3te] 273192 v /Mg B A= A4
S oy 574 A% 85 HolE s Uehdth S BA7) &l S T F AH S Grad-CAMO.2 314
Z 87HA B (34, ol F, e, A27], SMOTE, ADASYN,  for 8% Y25 2n27] o 33 73 -¢TF Grad-CAM S

CGAN 183l BAGAN-GP)& Zt7t 2 &3lo] 84y Ho|HE  &3l9tho]3 RE 2 AHI 297 YIH EAHSH
FAAT A7 79 S5 HolHE YYoE AHESt sl AEeta A 24857 98 Grad-CAM AFHES 53}

FARE BELE50 F 5% FF  Total Grad-CAM-S A A3 314 T}, <Figure 7> Total Grad-CAM
FOEE Adame AHESHIL WY Wl XS E dAZ BECAHS

to 2 o i o off

Table 7. Comparison of Classification Performance after Applying Data Augmentation Methods in Terms of Average Value of

Accuracy. Standard Deviations are Shown in Parentheses

Part Accuracy
Rotation Shear Shift Crop SMOTE ADASYN CGAN BAGAN-GP
A 0.722 0.633 0.805 0.667 0.867 0.833 0.800 0.889
(0.078) (0.145) (0.114) (0.042) (0.067) (0.105) (0.067) (0.078)
B 0.939 0.833 0.943 0.912 0.943 0.944 0.941 0.956
(0.031) (0.017) (0.015) (0.001) (0.022) (0.003) (0.015) (0.030)
c 0.955 0.883 0.952 0.939 0.956 0.936 0.937 0.967
(0.011) (0.001) (0.011) (0.011) (0.018) (0.013) (0.007) (0.018)
D 0.883 0.816 0.859 0.866 0.931 0.901 0.937 0.964
(0.032) (0.011) (0.023) (0.029) (0.017) (0.027) (0.023) (0.014)
B 0.718 0.691 0.746 0.725 0.822 0.851 0.778 0.909
(0.010) (0.076) (0.031) (0.003) (0.036) (0.062) (0.052) (0.014)
P 0.995 0.989 0.996 0.983 0.996 0.994 0.996 0.998
(0.002) (0.002) (0.005) (0.001) (0.005) (0.011) (0.002) (0.002)
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Figure 7. Total Grad-CAM Generation Example: Case of Part C
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<Appendix>
<Table A1>& CGANI} BAGAN-GPY gAH & +2& YERdTh o] E9] F8 Ao]HE F2 JRE U2 A&t ¥
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Table A1. CGAN and BAGAN-GP Network Structures: The 1, o, k, s, p, n, BN Denote Input Features, Output Features, Kernel Size,
Stride, Padding, the Number of Channels, and Batch Normalization, Respectively

CGAN
Generator Discriminator
Linear(i=100(random_noise) + 6(one-hot encoding), 0=256), ReLU Linear(i=147 + 6, 0=1024), LeakyReLU(0.2)
Linear(i=256, 0=512), ReLU Linear(i=1024, 0=512), LeakyReLU(0.2)
Linear(i=512, 0=1024), ReLU —Linear(i=512, 0=256), LeakyReLU(0.2)
Linear(i=1024, 0=7*7%3), Tanh Linear(i=256, o=1), Sigmoid
BAGAN-GP
Generator Discriminator
Embedding(label), Flatten, Conv2D(k=3,5=1,p=1,n=32),
Multiply(latent_dim=100, embedded label=100) LeakyReLU(0.2)
Linear(i=100, 0=3*3*256), LeakyReLU(0.2) Conv2D(k=3,s=1,n=64), Embedding(label),
Reshape(3, 3, 256) LeakyReLU(0.2) Flatten,
ConvTranspose2D(k=2,s=1,n=128), BN(128) Conv2D(k=2,s=1,n=128), Linear(i=100, 0=3*3*256),
LeakyReLU(0.2) LeakyReLU(0.2) LeakyReLU(0.2)
ConvTranspose2D(k=2,s=1,n=64), BN(64) Conv2D(k=2,5s=1,n=256),
LeakyReLU(0.2) LeakyReLU(0.2), Flatten
ConvTranspose2D(k=3,s=1,n=32), BN(32) Multiply(3#3%256, 3¥3#256)
LeakyReLU(0.2)
Linear(i=3*3*256, 0=512)
ConvTranspose2D(k=3,s=1,p=1,n=3), Tanh - -
Linear(i=512, o=1)
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