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Recently, many studies have been conducted to improve quality by applying machine learning models to semiconductor manu-
facturing process data. However, in the semiconductor manufacturing process, the ratio of good products is much higher than
that of defective products, so the problem of data imbalance is serious in terms of machine learning. In addition, since the
number of features of data used in machine learning is very large, it is very important to perform machine learning by extracting
only important features from among them to increase accuracy and utilization. This study proposes an anomaly detection method-
ology that can learn excellently despite data imbalance and high-dimensional characteristics of semiconductor process data. The
anomaly detection methodology applies the LIME algorithm after applying the SMOTE method and the RFECV method. The
proposed methodology analyzes the classification result of the anomaly classification model, detects the cause of the anomaly,
and derives a semiconductor process requiring action. The proposed methodology confirmed applicability and feasibility through

application of cases.
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<Figure 1> Memory Semiconductor Market Share in
2020[25]
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<Table 1> Previous Studies on Semiconductor Process

Anomaly Detection

Research Research subject

Model

Handling the Complexity of a Bad

Schlosser et al[42] Semiconductor Wafer Problem

SH-DNN

Outliers Detection Using

Susto et al.[47] Semiconductor Etching Process Data

ABOD, LOF,
online PCA,
osPCA

Abnormal detection of
semiconductor equipment using time
and frequency data of Fab sensor

equipment

Liao et al.[30]

Stacked
Autoencoders

Comparison of Outliers Detection
Chauhan et al.[6] |Performance by Outliers Pattern in
Semiconductor Process Data

CNN

Maggipinto et al. Outliers Detection Using
[33] Semiconductor Process Data

2D CNN,
Autoencoder

2.3.2 Random Forest

Random Foresti= JAMAA Eg]o] WS
sk dag]F F shubo]™, Breiman[4]ol <3
GFE 71 ol th38].
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o] glrH26].

2.3.3 XGBoost(eXtreme Gradient Boosting)

XGBoosti= 28 W20z ZE3sk= GBM(Gradient
Boosting Machine) &112]5S 7|Hko. 2 a5 FE <
e otk XGBoosti= WHE =3 A|Ha 2 A

ofo] Hourtt= FHS 7FzITH49).

2.3.4 LightGBM(Light Gradient Boosting Machine)
LightGBM = 28 445 71 5 dFE, XGboost 2]

FAAES Best7] Sl microsoftoll A 7§ E Kot}

Ke et al.[17]°l W2 LightGBM-> < & 3H(Leaf-wise)

AE Bl =& AYEe 2YE vt LightGBM 9] leaf
A W 28 T2 U Zolrt Zlojd s v
Aol F7] mrEo] AN =, olu Hu EAZE 2t
gL wEE A& o EeUA S THET] W
o 7 &7 E4E HasletuA kg A 2Y

2.3.5 Logistic Regression

Logistic Regression Cox[9]7} etst Bl o2 A}
ol%d& 03 1= Ve, 7t S~ E b
o] 10] A& st oIt}

Z+= Logistic Regression 2]

I
[e] bl
2A2E 42 5ol dolEst QU W 6
=
=

TA = o) i A HlolE el 2l AR}

E]

ehal sk gl Aol @ Bdely ol RE % 5 ¢l
£ A% S WO, B dolER ALgdle] B
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2.4.1 OneClassSVM

OneClassSVM 2 Scholkopf et al.[43]¢] 1S3l o] &
o R, Folzl HlolEE F kel wiB3taA BAM
< 7o ® B o) LT3 Scholkopf et al.[43]
o 2, OneClassSVM = A3 dloE Tt <5avte= 4
o w2 A4 teolHrt AbRete] ¥ R ¥3he el
T 33E e HiolH & o] HolH R ek WA o®
ol ®FE Y3k OneClassSVM S A& & =&
A3 9] A= <Figure 2>9F 24},

o

o training samples
o test samples
o abnormal observations

<Figure 2> OneClassSVM Application Results Example[19]

2.4.2 Isolation Forest

Isolation Forest™ Liu et al.[31]7} ©]4} dlo|H &= A4
dlolefell Ha] 7<=k AaL ddo] vh27] wiol Ae]Al
Aok gtz ofolr]o] 2 319+ W o]t} Isolation Forest
= HolHE g3l miB e &, AEAYT e 7
A9 2 Tt wlolE 7t AH kA a3 T E
o 5t Aol o]ggtrt HEgt [solation Forest= 75
Wit dolg Axtsly] fla A EAYTE ik A

o 1o,
Euy

Isolation Foresti= SJAFAA U v A 314 7HA&
o] it Ao|g o]&3le] s HolH g o] ARE It
sh7] 93 o] H4E ALkskd2l].

2.5 XAl(eXplainable Al)
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[
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<Figure 3> XAl Operational Process

Data Result

2.5.1 LIME(Local Interpretable Model-agnostic Explanation)

LIME &3] Ribeiro et al.[39]0] 29F3t J1FA]5
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#13ke]  SMOTE(Synthetic  Minority
Over-sampling Technique) 7]'H3} REECV(Recursive Feature
Elimination with Cross Validation) 7] &-83}o] 713
T BT Aes e 7ATE 29s g8kl LIME
daelFE Sl o) WA Fis mAE WA S
ekt

8 @AE <Table 2>} o] dloly =3, "oy A
A, 54 A9, vy Evd A, Bl A8, 2l A
T 37 9 oHla, o] A Rl ' A F THAIR o] Fo
AW, Q&4 L2 Ao Python 3.8.83 = Colab
= g8tk

3.1 Hlojg| =&
= G E EA FA dHolHE TR &I
UCI Machine Learning Repository©ll Al A|&-8}= REEA]

34 WA HelHps|E AHesa

3.2 H|O|Ef HX 2|

= dAAM e ASA At 2ALLE S T A
AIZE Al 7]k 78 HlolB = tere] ASAE X3l
T SpH[37], Al e a7 9 A AlSY, A F71¢F
545 34 HolHe FiolMe AFA 7t EA gt
[20]. 2=A7F S A, Bl vtz Hgd 4 glrh

kA 2 A= AEA7E 50% o3 5HAES
HH AARE A&sto] AAstL, ASA7F 50% W]
E4 52 Steckhoven&Buhlmann[46]©] 1¢HSF MissForest
d1YFS AREste] A5 A&

MissForest 1 & 52 V] GAS AA “sdH, 24 o
A= doly £ @A, 432 thA] @A, 2 85 5l
oS @A, 25X A A3 v % ¥ 3 @A ®
T3] At
MissForest &85> H©]E]E y miss, x_miss, y_obs,
x_obsE - &FTh y missv ASFAE 975t x_missT
y_miss7} &3k P& oJn| et} y obs y miss7F e
el EAS 2u]dlaL, x obst y obs®} x missS A 9] e
EAS on|slt} <Table 3>& MissForest &g o]
2A2~E gk Aot
AT A= HlolHE 23] fAstHA E7E 9
gk 7|ASE 24 sh5S &olsHl str] el Aqtstet

=]
= 2A9Y Wol Bastch e Pitol o, BEAR
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<Table 2> Study Steps and Research Performance and Methods

Research stage Performance Content How to perform
Step 1 Data Collection Data Collection Navigating the data store
Step 2 Data Preprocessing Handling and scaling missing values Listwise deletion, MissForest StandardScaler
Step 3 Select Properties Remove low importance attributes RFECV, XGB, LGBM, RandomForest
Step 4 Data Tmbalance Handling Identify data balapce and solve training data Bar graph SMOTE
imbalances
. T OneClassSVM, IsolationForest, Logistic
Step 5 Apply Model Applying a Model for Abnormal Classification Regression, XGB, LGBM, Random Forest
Step 6 Model Performance 'Assessment Calculating Model Performance Indicators Confusion Matrix
and Comparison
Step 7 Detecting Abnormal Cause of Calculating attribute contributions to abnormal LIME
Occurrence occurrences

= 19] F=E 3} Standard ScalerS ©]-&3fe] 2L g
< s

{Table 3> Process of the MissForest Algorithm

3.4 HO|e =¥ X2

— , , , Rl 3 < e %

Step 1 |Divide the data into y miss, X miss, y obs, and x_obs. - - L _

a2z doly £X5 Al43sith vy #d 4
The missing value, y_miss, is replaced by using the average ey — N
Step 2 | HE selats wiE sz eotEy s yes
. . . . < >} 7
Using y_obs and x_obs without y_miss as learning data, the Table 4>h T},

Step 3 |Random Forest model trains and predicts y miss by inputting
X_ISs. <Table 4> Identify Data Balance Step
In the step of comparing and repeating the results that replaced - —
the missing values, the predicted value and the average Step 1 |Identify the number of classes within the target class.

Step 4 |replacement value of the Random Forest model are compared. Identify the number of data per class. It identifies the number
In this case, when the predicted value is higher than the Step 2 |of data belonging to normal and abnormal and examines the
average substitution value, all steps are repeatedly performed. presence or absence of data imbalance.

Visualize a bar graph with the x-axis as the class and the y-axis
Step 3 as the number of data.
33 54 M

=d[28], & AT = EF A s 54 A
% g3k RFE(Recursive Feature Elimination) 7]%[13
A A5S A43 RFECV 7|HE ARE-3ich

9o EAES AAsE

o=
71 oA

SIS

- O%
7 5 7V Aol 58 Ed BB 23S HE
Hog AHYshs 54 A9 7Holth & AFANE
RFECV 7|Wd] 23} k-4 wxt AZS Agatgdr}t. =3
k-3 w2k A5 Pl 28229 vj&7} 22 &= HlolE
E AEYs k-A WA A5S s, dloE vy
oA Bl eS| W) AREE = wal Sl

wheA] & o= o) FEl=9] HolE 7t A7)
o & A= dolElE 1 dolE 9t AlF HolH & g
T AEA velHE wEo] Frbske o AER 71l
SMOTEE AH&sto] &9 vlo|El o] = &-& Aelst3ith
SMOTE= 45 Sd29 dA F-Eoluf Aol o
k-4 o] &arE]F(k-NN, k-Nearest Neighbor)S % &
sto] dolElE A st WHoltH7]. SMOTE 7|9
<Table 5>¢} o] T4l @Alo] AA 2t

{Table 5> SMOTE Operation Process

Step 1 |Select a small number of class data = at random.

Select k data closest to = (with features most similar to those

Step 2 of )

Step 3 |Calculate the distance between = and the selected k data.

Calculate the distance between = and data to be generated by
multiplying the distance calculated in Step 3 by a random number
from 0 to 1.

Step 4

Step 5 |Generate data by adding the distance calculated in step 4 to x.
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SMOTE 7]%¢] 42 4 (2)sh 2t} 2 = 25 e
o] &ate Qo] HolEE omahH, 1 0%E 1 Ao]e]
R e v DR DR Ll

=z + T(xk,"— x) (2)

35 2 A

of0

2 gl E B4 des S8 deld B4, 5 ol
A SRS Al 7HA 29(OneClassSVM &
9 Isolation Forest =22, Logistic Regression Z@)ol] %]-&
3Tk

LS EA MES Eg) Mely EES EA A 7)

(RFECV)oll A& Al 7} 45 ZDE(XGBoost &

SREE R

e
9, LightGBM =49, Random Forest Z&)ol|l = %-§-3}c]
e REEY R A o EF EEEY &+
355 Hlaakirh

wg 2d 7 3% e HwE s B AN
e 299 stoly gehnEe 246kA] il g gt
ojnyglo] HAAE 7|EHoRE A&

Select Feature

Binary Classification
Model

Ensemble Model RFECV

XGBoost Xé/ XGBoost \257- OneClassSVYM
LightGBM € Q >

N

-

LightGBM Q/ Isolation Forest
Apply Model

Random Forest Random Forest Logistic Regression

AN
/ J

Apply Model

<Figure 4> Model Application Step Structure

36 2 ds EIt A H|u

2 A Bl e ARES AN F RS
AA dlolEl e o ZH vlo]HE I (TP), LA (FP),
AEA(TN), AFAEN) o2 F23te] P8 722 A7
3 EEdEL B Rl EF AT st

FEYPEL Bl AT AFES AL £ JEE A4
gojele} oS8 HolHE WY, AL, A4, 95
How FRale] P FxE Aztsek Fo|th EEgY
< Stehman[45]¢] 28} A bl 4 Fejo 2
el @E FeE el AoA e Fxolth

o] xé‘—:@,Hz:‘(Accumcy), @%L(Precision), ZH%%(REC&”),
F, HAer 2Y s TE Ao RE pd A=
A

= 0014 1 Abole] ghs Zh=

i:lil

Predicted
Positive (1) Negative (0)
Positive (1) TP FN
Actual -
Negative (0) FP ™

<Figure 5> Components and Structure of a Confusion Matrix
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Select Feature

Ensemble Model RFECV Binary Classification Model
XGBoost & XGBoost 7- OneClassSVM
LightGBM < LightGBM P> Isolation Forest

Random Forest i é Random Forest ﬁ x Logistic Regression

Apply Model

Apply Model
Model Performance

Comparison

Accuracy [ Precision

Classification
performance

Classification

performance
of each model

of each model

<Figure 6> Model Performance Evaluation and Comparison
Phase Structure

2 Al A= kA Gl A g Rdle] XAL ¢l
% % oSl LIME &agl5s 483t o] &l o
o1s ®Asa

<Table 6> The Steps to Detect the Cause of an Abnormality

Step 1 [Check for abnormal data among actual data.
Step 2 |Randomize identified actual abnormal data.
Data extracted in step 2 is injected into an abnormal
Step 3 |classification model to identify data that are abnormal classes
in both the actual and classification results.
Apply the LIME algorithm to the abnormal classification
Step 4
model.
Attribute contribution is derived by injecting the data
Step 5 |identified in step 3 into the abnormal classification model with
the LIME algorithm.
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42 EX M

oAM= A 4SS 98] Michael McCann®t B GAA = o] AU FRIS A S8
Adrian Johnston®] UCI Machine Learning Repositoryol] #1 ~ RFECV $H45 &390t} L3k &% RFECV ol
a5k WA Az FA tlo]E ¢l SECOM Dataset[35]S  4-&317] $138ke] XGBoost, LightGBM, Random Forest Al
ARgsEiT Als w2 o] E o 1t TR A A T EE EES SESAT o) 54 AES s
o] 71Z¥ Time 57, 20081 7€ 19U FH 10¥ 17 A7b 33 RFECV &0l Al 7HA] GAE 2dS 483519
A A 34 AAA FHE dHolE 5907 54, 34 wAk HES FSATE RFECV $r9] wa A3 W
= P A o] FHE o H-7) 7] 5¥ Pass/Fail E‘r7i°1 A oEE T8 kA wa HEE ARSI Bk H A9
om, ZF 15677 Fo= FAE0] Q= AL IRlssitt. A Vs ARS8 BrkEe 2E S A
Al Fojugk EAQ Time 542 AAs L, 2t 54 ol digk EAS BT 5 e SAES st
o AFA 55 gRletitt. 452 F5& gRlgt 24 7] f& ALEe AdES BT 1He K HA5E AR
W, 7 549 ASAE HA 0FEH A 142907404 & §hel
A= As skt RFECV @0l A48 s Rz w&y 54
Mot dele 5452 <Table 7>3 2o
4.1 HIO|E| XX 2|
<Table 7> Result of Feature Selection
B g ME S 7F 50%((78470) ol dE 54 Appied Nomber of
8= 9 AAYE A gste] A, A%A7E50% MW | Model | Features derived|  Sciected Features
9= EX = =0 olasle] A=
U= 5627+ MlssFO‘reSt Fa2) 55 ] I ° sto] A5 0, 2, 16, 33, 40, 48, 59, 64, 68,
2 AE S8t 25A A 8 & SAHAAE 97, 99, 100, 115, 120, 124, 126,
ol Aol7h 9 HolHe wel was st XGBoost 30 147, 187, 202, 288, 290, 319, 393,
= A =7 - 409, 440, 457, 478, 515, 550
StandardScalerE o] &3lo] Ho]g] X E o] 0, BF '
I o i LightGBM 2 197, 549
Aas 12 vee 2AYYS Tk
Random Forest 4 59, 64, 327, 406
Time o 1 2 3 4 5 6 7 8 581 582 583 584 585 586 587
2008-
0 07-19 3030.93 2564.00 2187.7333 1411.1265 1.3602 100.0 97.6133 0.1242 1.5005 ... NaN 0.5005 0.0118 0.0035 2.3630 NaN NaN
11:55:00
2008-
1 07-19 3095.78 2465.14 2230.4222 1463.6606 0.8294 100.0 102.3433 0.1247 1.4966 .. 208.2045 0.5019 0.0223 0.0055 4.4447 0.0096 0.0201
12:32:00
2008-
2 07-19 2932.61 2559.94 2186.4111 1698.0172 1.5102 100.0 954878 0.1241 14436 .. 82.8602 0.4958 0.0157 0.0039 3.1745 0.0584 0.0484
13:17:00
2008-
3 07-19 2988.72 2479.90 2199.0333 909.7926 1.3204 100.0 104.2367 0.1217 1.4882 .. 73.8432 0.4990 0.0103 0.0025 2.0544 0.0202 0.0149
14:43:00
2008-
4 07-19 3032.24 2502.87 2233.3667 1326.5200 1.5334 100.0 100.3967 0.1235 1.5031 NaN 0.4800 0.4766 0.1045 99.3032 0.0202 0.0149
15:22:00
2008-
1562 10-16 2899.41 246436 2179.7333 30853781 1.4843 100.0 82.2467 0.1248 13424 .. 203.1720 0.4988 0.0143 0.0039 2.8669 0.0068 0.0138
15:13:00
2008-
1563 10-16 3052.31 252255 2198.5667 1124.6595 0.8763 100.0 98.4689 0.1205 1.4333 ... NaN 0.4975 0.0131 0.0036 2.6238 0.0068 0.0138
20:49:00
2008-
1564 10-17 2978.81 2379.78 2206.3000 1110.4967 0.8236 100.0 99.4122 0.1208 NaN 43.5231 0.4987 0.0153 0.0041 3.0590 0.0197 0.0086
05:26:00
2008-
1565 10-17 2894.92 2532.01 2177.0333 1183.7287 1.5726 100.0 98.7978 0.1213 1.4622 .. 93.4941 0.5004 0.0178 0.0038 3.5662 0.0262 0.0245
06:01:00
2008-
1566 10-17 294492 2450.76 2195.4444 29141792 15978 100.0 85.1011 0.1235 NaN ... 137.7844 0.4987 0.0181 0.0040 3.6275 0.0117 0.0162
06:07:00

<Figure 7> SECOM Dataset Example
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o] W-&FH ot 7 vlolHAle] A5 <Table 8>

{Table 8> Dataset name and description

Dataset Name Explanation

Dataset Derived by Applying XGBoost to

RFECV_XGBoost RFECV Method

Dataset Derived by Applying LightGBM to

RFECV_LightGBM RFECY Mothod

dolElE o AEYsr] wiel, &5 Z#~o] o
Bl ek o Sdize] dHole g REebxl
RFECV_XGBoost= &7 dlolE 75t &4 HlolH 7H
7 247F 1168702, RFECV_LightGBM-& ZH2+ 11787}
=, RFECV_Random Forest= ZH7} 1177712 7ZobA

<Table 10> About Training Data before and after SMOTE
Function Application

Data Set Derived by Applying Random Forest

RFECV_Random Forest to RFECV Method
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<Table 9> Pass/Fail Distribution

Pass/Fail Quantity Ratio
Pass 1464 93.43%
Fail 103 6.57%
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<Figure 8> Example of Visualizing Classification Model
Application Results as a Confusion Matrix

<Table 11> Name of the Result of Applying the Classification
Model to the Dataset

Name Dataset Applied Model
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<Table 12> Classification Model Performance Indicators

OneClassSVM |lsolation Forest Ré‘gg:}s’% n XGBoost LightGBM Random Forest

RFECY Accuracy 0.49 0.94 0.92 0.94 0.93 0.94
_XGBoost Precision 0.07 0.5 0.14 0 0 0
Recall 0.58 0.53 0.05 0 0 0
F, score 0.12 0.1 0.08 0 0 0

Accuracy 0.5 0.83 0.9 0.9 0.9 0.89

RFECV Precision 0.11 0.07 0 0.33 0.33 0.13

_LightGBM Recall 0.59 0.07 0.14 0.1 0.03

F score 0.18 0.07 0 0.2 0.16 0.05

Accuracy 0.55 0.82 0.9 0.9 0.89 0.91

RFECV Precision 0.14 0.18 0 027 027 043
*ﬁi‘iﬂ&m Recall 0.79 0.29 0 0.11 0.14 0.11

F, score 0.24 0.22 0 0.15 0.19 0.17

4.6 O L4 22l X

B oEelAE ol Qe BAE
A Hold W EASE o4 HelHE BAd F

o1 dlojelE TA9Z FHatelck AF delel W E4s
= ol HolEE Sls, A4 HlolE U] EAjs: A4

o] A HlolEE 23709 M, <Table 13>%} 2t} o] & FA+¢
23 dolE = 2330, 36830, 49530, 9148 ot}

<Table 13> Actual Abnormal Data in Test Data

List of rows Total

23, 38, 40, 157, 169, 186, 188, 235, 291,
Pass/Fail = 1 |368, 406, 441, 448, 495, 576, 797, 826, 914,| 23
926, 1189, 1211, 1227, 1519

°]% LIME ¢18F
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Model classification results 64 (= 0.00

Feature Value
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<Figure 9> Example of LIME Algorithm Application Results
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<Figure 10> Results of Abnormal Data Classification by
RFECV_Random Forest_OneClassSVM
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o AL 22 At o)yl WA o] Frh: AL
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0 1
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<Figure 11> LIME Algorithm Application Results
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