= 23-48-09-16 The Journal of Korean Institute of Communications and Information Sciences *23-09 Vol.48 No.09
https://doi.org/10.7840/kics.2023.48.9.1179

dol¥ We] clx A3 4 AR E 93 W %3 7]k
e VEYI 4

RAw A H A, o] 5

Multiple Defect Pattern Recognition in a Wafer Map Using
Vector-Representation Based Capsule Network

Misun Kim®, Ji Hwan Choi’, Harim Lee

WA 34 e DEA, Tk AF AR wAelt ek AR wheAl T ofe A% FAER
2Pl olFolA Q1] Wil Aol F4 71 AU Aulsh AESE Dol Aete Gk sfriehe
S ks FR1 ey 20 T Aol e AL RS ol el Aol LR o <
4 3ol ool SlEAE Al%ell Selsln BAE dhgeh o] 2
sl Sholse] sk AT AW W2 59 3 el oy AR o Agisio] 11 Wil A%l Age 4

okt A4al Agohe Z14E 2 gl el Ao E4E F sl & el sl 1) o
¥ A% JHE4~°I FASL Sl Al AG R 02 e Ashes) ARee wAshs Weld s o
F A AE 1es TRU, A s A9 WEl T2 M) e MENDE A18s] LE A% AR

gk mAP 7} ¥4 "E 23 7o) viEg =Sl vls) ) 65% /‘6]’6‘ ol5°] A=

Rl
Key Words: Vector representation, CapsNet, Learning, Machine Learning, Deep Learning

ABSTRACT

To satisfy the demand of semiconductor market, the semiconductor manufacturing process should guarantee the
production of high-yield and high-quality semiconductors. The fabrication process is complexly compound of
several sub-processes, and thus even if an experienced engineer manages the process with precise equipment in a
clean environment, it is difficult to make a wafer with no error-free dies. Therefore, the engineer should quickly
discover which sub-process is mal-functioning for high yield. Fortunately, error dies make a specific defect pattern,
which corresponds to specific abnormal operation of some fabrication sub-processes. Hence, a scheme that
recognizes defect patterns in a wafer map can allow fabrication engineers to make the high-quality wafer with few
error dies. In this paper, we implement a capsule network based multiple-defect recognition scheme with high
precision and recall per each defect pattern. This work is the first to exploit a vector-representation based network
for the recognition of defects in a wafer map, and verifies that the network using vector representation shows

higher performance compared to the convontional feature-map based networks.
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Fig. 1. Wafer map image of the MixedWM38 dataset.
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Table 1 Performance comparison with varying the size of the primary capsule and output capsule of capsule network

AP
CapsuleNet mAP
C D EL ER L NF R S

4, 12, 256) 0.998 0.998 0.985 0.919 0.987 0.899 0.859 1.000 0.956

(8, 16, 256) 0.999 1.000 0.992 0.978 0.997 0.894 0.934 0.999 0.974

(16, 24, 256) 1.000 1.000 0.995 0.985 0.998 0.906 0.910 1.000 0.974
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Table 2. Performance comparison with various channel sizes and the size of the primary capsule and the output capsule fixed

CapsuleNet C > L ER AP L NF R S mAP
(8, 16, 256) 0.999 1.000 0.992 0.978 0.997 0.894 0.934 0.999 0.974
(8, 16, 512) 0.998 0.999 0.988 0.918 0.989 0.924 0.839 0.993 0.956
(8, 16, 1024) 0.444 0.401 0.338 0.520 0.713 0.140 0.508 0.168 0.404
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Fig 5. Precision-recall curve of each network with various prediction threshold values for each defect pattern
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Table 3. AP performance and mAP performance for each defect pattern and each network
AP
Network mAP
C D EL ER L NF R S
ResNet 0.652 0.652 0.495 0.792 0.605 0.522 0.580 0.420 0.590
DenseNet 0.996 0.999 0.791 0.986 0.740 0.633 0.885 0.423 0.807
EfficientNet 0.889 0.929 0.750 0.886 0.812 0.305 0.704 0.271 0.693
CapsuleNet 0.999 0.999 0.991 0.977 0.996 0.894 0.934 0.999 0.974
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I 4. 2 vEY= Y A &5 dv|n
Table 4 Comparlson of processing time for each network

Network ResNet DenseNet EfficientNet CapsuleNet
Processing time [sec] 314 67.1 56.3 54.8
VILE 2 Proc. 2016 IEEE Advanced Inf Manag.,
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