Journal of the Korea Academia-Industrial https://doi.org/10.5762/KAIS.2024.25.5.637

cooperation Society ISSN 1975-4701 / eISSN 2288-4688
Vol. 25, No. 5 pp. 637-643, 2024

bolg & E43S 1T Holgs 7|ue]
sz dolw W @ 2% A BF
g1, AN/’

St HlO[EJAOI AL S

Semiconductor Wafer Bin Map Defect Pattern Classification
based on Transfer Learning Considering Data Class Imbalance
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Abstract One of the critical components in the semiconductor industry is the wafer and wafer bin map,
a result of wafer inspection, which is a crucial tool linked directly to the overall production yield.
Identifying defect patterns on the wafer bin map allows an understanding of the cause of defects and
taking prompt action to improve yield. On the other hand, there are limitations for technicians to
identify defect patterns for each bin map visually due to the sheer volume of wafers produced everyday.
This study classified eight defect patterns, excluding normal patterns of the publicly available and widely
used dataset WM-811k, based on transfer learning without data augmentation. Experiments were
conducted using conventional image classification models and seven lightweight models. The results
confirmed the potential of artificial intelligence to differentiate wafer bin map defect patterns using
mobile devices or edge devices. Directions for future research are suggested by comparing the accuracy

and Fl-score to assess data imbalances and presenting pattern classification accuracies for each model.
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Fig. 1. Korea Semiconductor exports by year

(1997-2022).
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Table 1. Labeled wafer bin map configuration numbers.

Class Pattern # of wafer bin Ratio to
map the total [%]
Center 4,294 2.48
Donut 555 0.32
Edge-Loc 5,189 3.00
Defect Edge-Ring 9,680 5.60
Loc 3,593 2.08
Random 866 0.50
Scratch 1,193 0.69
Near-Full 149 0.09
Normal None 147,431 85.25
Total 172,950
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Table 2. Number of data used in the experiment.

Pattern # of Train # of Test Total
Center 3,005 1,289 4,294
Donut 388 167 555
Edge-Loc 3,632 1,557 5,189
Edge-Ring 6,776 2,904 9,680
Loc 2,515 1,078 3,593
Random 606 260 866
Scratch 835 358 1,193
Near-Full 104 45 149
Total 17,861 7,658 25,519
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Table 3. Experimental environment.

Server Ubuntu 18.04.6 LTS

CPU Intel(R) Xeon(R) CPU E5-2698 v4
@ 2.20GHz

GPU GV100GL [Tesla V100 DGXS 32GB]
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Table 4. The Results of the experiment 1.

Model Accuracy [%] Me'zz'm' M?%n. f-
Sensitivity | Specificity score

Re;gfa 94.2086 0.9110 0.9220 | 0.9421

Dense

Net121 94.8151 0.9150 0.9348 0.9480

9] AAIFS AHsH= FLOPSE Ag 2004 ARgSH 4
3} mdlo] H|siA AFds] wr) ResNet50 ZE9] -Or
st 299 A 6.96H01A o 99819 A4t
7He}t. DensetNet121 Z@9] 39, =3t a9 %
A 4.854), Hoff 69uie] A4ERS 71K} 774A] A=gst
EkE o83t Holw ¥l ¥ £ Z7H= Table 63+ Zth
AY 29 Aoz AY 19 2l FUoHA ALt
Fl-score 7} H]=%t A2 Uiy SA 119 £33
THENSE & ¢ Aok E3L 77HRY] AFEt
A&7t 90% oY EEohe dut HElo] H
Sto] e Azt AURA dojuAl= ‘3530 gelig
4 A o|=X dloln) ¥ H A% Y HES sl
HYolA /9% sk=Se] glo], A ‘:]HI’OV\Oﬂ 75t
2dg gAjste] AR = Qe 7S SRl
Al ZAE 710] G844 A EWH MobileNetV2
Td3} EfficientNet-BO ZEo] 7P As0] £t
Table 55 7|¥to 2 AT dafv|g £714] 112fst
H, MobileNetV2 &Z@o] EfficientNet-B0O Z@H Tk
FLOPS®} ofepv|g7} B Homg H A-tox 714
a0l T2 Bt ZE2 MobileNetV2 Zd& &
A=A

o
=

2 ZF
= =2

ngns

ok
&
o
i
o

o]-gsto] Z+ E‘ﬂu e £
’:‘a]"?:‘ 17} AE 20014 ARGRE =

E& AEL = Table 77 Zth
01—1' 1 Ato]9] gho = H+tsfst

ot o
o e f:

£,
PR

ox
]

[}
ol

[

=
o]
AN

Iy

T

2

R
°ﬂ

50
&

I

o

e
J
rrr%

TR
il

of Yelyict 1 @J} Donut, Loc, Scratch mjElo]
oA 97HA] Hdle] B BF FYETF 90% ol

EEsHA] Zskeith 37kA mj|lel] distel 53]
ShuffleNet 7|9t} Bdlo] 39 7 &7 =7t @

o]

Table 5. Parameters and FLOPS of experiment 2.

Class Model MFLOPS # of
Parameters
MobileNetV2 312.9234 2,234,120
MobileNetV3~ | 5g 6337 1,526,056
small
MobileNetV3~ | )¢ 7641 4,212,280
large
Light [ entNet-BO 400.39 4,017,796
weight
EfficientNet-B1 590.6491 6,523,432
ShuffleNet-
V2.x0.5 41.5085 349,992
ShuffleNet-
V2.x1.0 147.7926 1,261,804
ResNet50 4109.481 23,524,424
Reference
DenseNet121 2864.531 6,962,056
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Table 6. The accuracy, mean sensitivity, mean specificity and fl-score results of experiment 2.

Model Accuracy Mean Sensitivity Mean Specificity Fl-score
MobileNetV2 94.7760 0.9212 0.9309 0.9478
MobileNetV3-small 92.9172 0.8916 0.8931 0.9284
MobileNetV3-large 94.1500 0.9110 0.9233 0.9417
EfficientNet-BO 94.7760 0.9208 0.9324 0.9478
EfficientNet-B1 94.2673 0.9123 0.9292 0.9425
ShuffleNet-
V2 30,5 91.5868 0.8728 0.8777 0.9156
ShuffleNet-
V2 51 0 91.7042 0.8674 0.8939 0.9168
Table 7. The accuracy of each pattern classification across all models (experiments 1 and 2).
Center Donut Edge-Loc Edge-Ring Loc Random Scratch Near-Full
ResNet50 0.974 0.820 0.936 0.979 0.865 0.908 0.871 0.935
DeﬁszelNe‘ 0.974 0.847 0.928 0.989 0.883 0.908 0.887 0.903
MOb\iflzeNet 0.971 0.874 0.933 0.986 0.872 0.931 0.900 0.903
MobileNet 0.983 0.739 0.936 0.977 0.794 0.920 0.817 0.968
V3-small
MobileNet 0.963 0.874 0.920 0.985 0.878 0.891 0.875 0.903
V3-large
EfﬁCiegtNet'B 0.976 0.883 0.919 0.987 0.887 0.920 0.892 0.903
Efﬁderl“Net'B 0.983 0.874 0.929 0.983 0.850 0.885 0.892 0.903
ShuffleNet- 0.965 0.766 0.888 0.982 0.801 0.902 0.742 0.935
V2_x0_5
ShuffleNet- 0.964 0.748 0.874 0.984 0.838 0.908 0.721 0.903
V2.x1.0
Mean 0.9725 0.825 0.9181 0.9835 0.852 0.9081 0.8441 0.9173
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