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Multimodal Anomaly Detection for Semiconductor Manufacturing
Material Quality
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In the semiconductor industry, as processes continue t
increasingly critical. Traditional methods, which largely

o miniaturize, monitoring material quality has become
rely on statistical analysis and expert-driven heuristics,

are time-consuming and costly. This study introduces an approach using a multimodal structure combined with

autoencoders to incerease the efficiency of the monitori

ng process, leading to reductions in both time and cost.

The proposed method uses both time series and image data, which are transformed from raw semiconductor
process material data through the Markov transition field technique. By integrating masking into the input data,

processed separately by distinct autoencoders, the syste
are subsequently passed through a self-attention layer

m effectively extracts and concatenates features. These
and reconstructed by each decoder to train the model.

Experimental results demonstrate that the proposed multimodal approach significantly enhances anomaly
detection capabilities, outpeforming traditional methods. The findings suggest substantial improvements in the
efficiency and accuracy of quality monitoring in semiconductor manufacturing processes.
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Figure 1. An Example of the Data Collection Process for Measuring Material Quality During the Semiconductor Process
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= T o] & F3 MTF & 2 thefak A A=A of ) 2ol
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Figure 2. (), (b), and (c) Represent Normal Time Series Data, and (a), (l;), and ( ¢) are the Corresponding MTF-Transformed Images. (d),
(e), and (f) Represent Abnormal Time Series Data, and (53), (), and (}) are the Corresponding MTF-Transformed Images
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E4E BofEnh vk, (d), (¢), ()& HIA ol <) MTF
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FAE e W3t A AU E Jrd) (£) iS¢ F
Sk Az d 3 2 WA g B o] vehH, T
o A=A AR B f-lo] EA Ao o] SHF o F
z3d o v HAFAd AAE 545 YehlL
Atk ol HA MTF o] ]2 M W& A A dlo]E ¢ 53
SAS AAA 0 R x A6 A48 & 4 Yok MTFE A9
A8 =44 fdS FA 2H8H, HAZAH B o
A& 22 F3bol v sich =3 AW A A MIE d43 <
AR WSt E FHst] ZAD T2 Qi o2 SHEE 2
8l MTF= 7129 149 AA L 24 Wi o 2s £4617] ©f
de Hes =g 5 97 vl dEFA AT
(convolutional neural networks)< &3 o] &4 24 <) A%

< A 90

3.2 ASHHPHE AA) 2

Al E MTIMA &] A A -2+ Figure 30 b T
MTIMAE ZA 2T, A ot A golof, AT = F44€
o}, Figure 3914 & 4= QI 5o] At W 22 sl AAE
olH X7E, th& st ofuA HolH X HEREE Y
g& et A3y FEL2 LSTM IZH 9 ONN IZHE
o] 242k A|AIE HlolEl 9} oju A HlolEE Al 7
AdITE 4 HolEE 54 WE FT /'R HEE FHo
T HEHE Agste pE AL 21 o] AFd 54 W
B FE AZ ofdlA go|ojo F3AZIT ou, Fo| ofel A
A= A (4)9 Zo] £ET 4 9l th(Vaswani, 2017).
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Z=A(FW") 4)

A7IM AT 7IEA BE LR 5 A (5)% 2ol o Enh

A71A WY, we, whe gt ddeli, d = FtY
A& JEtH W3 gto] Akl we} S7tetA] dEF %
Asts 2AYE gholth. o] AX el Fojoje] T2 1
< 9E 2 7MEAE AL W, AR ol =STF ftol AA
A HER Fsgo] $83 BRE O AatA SrsatA g
th O 3ZH F2-L <Figure 3> L EZ0] TN ¥ U2 LSTM
U5 9 CNN HAHE FAE o glom, Ax ofeld # o]
olo] 29 & ol LSTM HZH & defj o] AA L dolE FE
E CNN O3t E o|n|A Hlo|H JE & Bzt

AFHES A8 FEA717] 98 4 dlolElof vt
27 71HE AE3tAtt ole ¥F 9 s JYE JHe
) W AEE A5t o
AN EAS FE3 BUsHA dozA mdo] i 44

XTm,uske{l = MT@XT (7)
X[,masked = MI@ XI (8)

A7VM M7 M= A AAL HolE g o)W A H ol E

LT
Time series data i l
L LST™M LSTM | ]
| Encoder I Decoder
Data
Markov xT Masking Fr ) X"
Transition Field Attention
Transform Layer
[ - . B
- i CNN
Encoder Concet Decoder
X! Masking F! X
Image data T ?

1A

Figure 3. Overview of the Proposed Method, MTIMA
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Algorithm 1
Pseudo code of MTIMA
Inputs: Time series X 7. , Image data X !

Outputs: Reconstructed X Y7 , Reconstructed X d
for each epoch do

X i masheds Xmaskea = Mask( (X7), Mask(X")
FIF'= Enwde(XTmaskezﬁ X]masked)

F= Attention( Concatenate [FT, F)

X7 , X! = Y/ = Decode(F)

Compute total loss L using the loss function by Eq. (9)

end for

return Trained model
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Table 1. Average Performance and Standard Deviations (in Parentheses) for Different Encoding Methods, Presented in Terms of Precision,
Recall, and F1-Score. The Best Results for Each Performance Metric are Highlighted in Bold

Encodi Model Precision Recall F1-Score
ncodings ode
: [0.1] [0.1] [0.1]
. 0.413 0.482 0.456
Gray scale encodings
(0.106) (0.123) (0.113)
0.521 0.509 0.494
Gramian angular field
(0.021) (0.026) (0.024)
Convolutional 0.531 0.546 0.532
Recurrence plot
autoencoder (0.040) (0.045) (0.041)
Scaloeram 0.692 0.723 0.712
¢ (0.071) (0.082) (0.075)
0.878 0.888 0.870
Markov transition field (MTF
arkov transition field (MTEF) (0.045) (0.034) (0.032)
$5& A o, 2 259798 200 e Rdo] 44 2828 o4
2RR ERE AL, NS Bl o)} FU2E A0
ecision = —1F ERAX BRI A TS T
Precision = TPt 7P (13)
TP
Recall = —rp 7N ) a8 =22
S 5. Precision X Recall 15 }
E@%E 30 ol El(epoch) s SEAA L, HAS gaEF
A7) TPE mdo] o)Ak FPYAZ eulEA ojog B S EE Adam(adaptive moment estimation)= AHE AT S5 E
8 Ao TN mdo] 44 ZP 2 Sules gao  (lamingrate)0.001 2 AA 33, v 2] Abo] Z(batch size) = 64

Table 2. Detailed Architecture of the Proposed MTIMA Method. This Table Systematically Outlines the Entire Structure Used in the
Experiment, Including Key Component Layers, Output Shapes, and Flow of Each Layer

Encoder
LSTM for Time series data CNN for Image data
Network Output dimension Network Output dimension
Input 60 x 7 Input 32 x 32 x 3
LSTM 1 60 x 64 Convolution layer 1 32 x 32 x 3
Batch normalization 1 60 x 64 Max pooling 1 16 x 16 x 32
LSTM 2 60 x 64 Convolution layer 2 16 x 16 x 16
Batch normalization 2 60 x 64 Max Pooling 2 8§ x 8§ x 16
Full connected layer 60 x 64 Reshape 16 x 64

Attention layer

Network

Output dimension

Full connected layer

192 x 1

Deco

der

LSTM for Time series data

CNN for Image data

Network Output dimension Network Output dimension
Full connected layer 1 60 x 7 Full connected layer 8 x 8 x 32

LSTM 1 60 x 32 Convolution layer 1 16 x 16 x 32
Batch normalization 1 60 x 32 Convolution layer 2 32 x 32 x 16

LSTM 2 60 x 64 Convolution layer 3 32 x 32 x 3
Full connected layer 2 60 x 7
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Table 3. Average Performance and Standard Deviations (in Parentheses) for Ten Models Based on Input Data Types, Presented in

Terms of Precision, Recall, and F1-Score. The Best Results for Each Performance Metric are Highlighted in Bold

Precision Recall F1-Score
Input Model
[0,1] [0,1] [0,1]
Local outlier factor 0715 0713 0.738
u
(0.165) (0.244) (0.213)
0 I ¢ vect i 0.700 0.654 0.702
ne cla rt vector machin
¢ €SS SUpport veelol mactine (0.134) (0.156) (0.167)
. 0.700 0.683 0.716
Isolation forest
(0.231) (0.291) (0.286)
Autoencoder 0.805 0.802 0.828
) ) (0.028) (0.087) (0.067)
Time series
. 0.787 0.784 0.810
Variational autoencoder
(0.192) (0.155) (0.152)
LSTM autoencoder 0.952 0.834 0.870
u
(0.036) (0.089) (0.053)
0.941 0.918 0.923
USAD
(0.046) (0.312) (0.102)
Anomaly transformer 0957 0893 0.926
y (0.035) (0.045) (0.043)
0.843 0.901 0.870
I CNN aut d
mage autoencoder (0.045) (0.034) (0.032)
Multimodal 0.980 0.943 0.961
. . MTIMA (proposed)
(Time series + Image) (0.059) (0.042) (0.032)
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Table 4. Average Performance and Standard Deviations (in Parentheses) from an Ablation Study on the Contribution of Each

Component, Presented in Terms of Precision, Recall, and F1-Score. The Best Results for Each Performance Metric are

Highlighted in Bold
fnput Model Precision Recall F1-Score
n ode
> [0.1] [0.1] [0.1]
MTIMA ( d model) 0.980 0.943 0.961
roposed mode
prop (0.059) (0.042) (0.032)
. 0.963 0.867 0.912
) MTIMA w/o self-attention Layer
Multimodal (0.061) (0.055) (0.067)
Time series + Image 95 0.905 0.92
( 8) MTIMA w/o masking 0.958 ) 926
(0.045) (0.034) (0.031)
MTIMA w/o self-attention layer, 0.947 0.866 0.892
masking (0.017) (0.048) (0.028)

Table 5. Average Performance and Standard Deviations (in Parentheses) from an Ablation Study on the Contribution of the
Multimodal Approach, Presented in Terms of Precision, Recall, and F1-Score. The Best Results in Each Performance
Metric are Highlighted in Bold.

Precision Recall F1-Score
Model Modalit
o o [0,1] [0.1] [0.1]
0.980 0.943 0.961
MTIMA (proposed model)
(0.059) (0.042) (0.032)
944 901 0.922
MTIMA MTIMA w/o image data 0.9 0.9 )
(0.036) (0.048) (0.040)
. . 0.958 0.860 0.889
MTIMA w/o time series data
(0.042) (0.098) (0.080)
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Table 6. Average Performance from an Experimental Study on the
Impact of Masking Ratios, Presented in Terms of
Precision, Recall, and F1-Score. Masking Ratios Range
from 10% to 90% in 10% Increments. The Best Results
for Each Performance Metric are Highlighted in Bold

Masking ratio (%) Pr‘;;;‘m R[gcf]” Fl['osj(])re
0 0.965 0.932 0.954
(0.013) (0.028) (0.028)
0 0.980 0.943 0.961
(0.059) (0.042) (0.032)
“ 0.797 0.769 0.783
(0.069) (0.061) (0.067)
0 0.830 0.729 0.739
(0.160) (0.053) (0.078)
“ 0.976 0.853 0.871
(0.181) (0.143) (0.141)
“ 0.773 0.710 0.715
(0.209) (0.070) (0.103)
N 0.654 0.672 0.654
(0.079) (0.027) (0.037)
“ 0.600 0.650 0.627
(0.050) (0.015) (0.023)
0 0.600 0.626 0.613
(0.031) (0.034) (0.023)
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