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Abstract: The integrated circuit chip is developed on a semiconductor wafer substrate and serves as a fundamental elec-
tronic component in many electronic devices. The semiconductor wafer, which is the foundation for manufacturing inte-
grated circuits, contains billions of tiny electronic components. Production is gradually moving toward high-performance
and small-sized directions because of the semiconductor industry’ s demand for high-quality wafers. In the manufacturing
process of wafers, unexpected structures may remain due to environmental , operational, and process-related reasons, lead-
ing to a decrease in the operational performance of the wafer chip. These unforeseen structures are referred to as wafer
defects. The causes of wafer defects are diverse, with common types including scratches, pits, chemical stains, and dust
contamination. The occurrence of unpredictable, mixed, and complex defects can result in increased production costs,
decreased product yield, and a decline in manufacturing process stability. Therefore, defect detection on semiconductor
walfers is crucial to ensure their performance and improve the yield of high-quality products. Currently, methods for detect-
ing surface defects on semiconductor wafers include manual visual inspection, optical inspection, ultrasonic testing, and

machine vision detection. Manual visual inspection involves operators using microscopes or the naked eye to check for obvi-
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ous defects on the wafer surface, but this method has low efficiency and accuracy for detecting small defects. Optical
inspection uses light sources to illuminate the wafer surface and determines the presence of defects by detecting the inten-
sity and shape of reflected and transmitted light. This non-contact method is suitable for large-area defect detection but is
less effective for detecting small and shallow defects and cannot identify internal defects within the wafer. Ultrasonic testing
utilizes the propagation speed of ultrasonic waves in the wafer, along with the reflection and scattering characteristics of
defects such as cracks and voids, but it is sensitive to material density and sound speed, leading to reduced detection effec-
tiveness in specific material. In addition to these three methods, machine vision detection uses image processing and com-
puter vision technology to detect defects on the wafer surface. It is a non-contact, high-speed, automated, cost-effective,
and scalable approach, making machine vision-based detection the primary method in the wafer defect detection field
today. With the development of computer vision, machine learning, and especially deep learning, the performance of
defect identification and classification algorithms for semiconductor wafers has been further enhanced. This not only
improves detection efficiency but also reduces production costs and enhances product quality. Machine vision-based detec-
tion methods generally fall into three categories: traditional image processing methods, machine learning methods, and
deep learning methods. The development of many emerging technology fields today requires the support of integrated circuit
technology. As a key role in integrated circuit chips, semiconductor wafers are prone to various defects due to complex
manufacturing processes, and their failures will greatly affect the final performance of the chip and increase costs. There-
fore, defect detection of semiconductor wafers is an important means to ensure its yield and productivity. Wafer defect
detection combined with machine vision algorithms has strong universality and high speed and can better meet the relevant
needs of industrial inspection. To have a deeper understanding of the research status of wafer defect detection, this paper
conducts a comprehensive and thorough research on the defect detection method based on machine vision. Wafer manufac-
turing, its surface defect detection process, and the classification of wafer defects are introduced. The detection methods
based on traditional image processing, machine learning, and deep learning algorithms are fully explored. Detection meth-
ods based on traditional image processing are divided according to the spatial domain and the transform domain. Detection
methods based on the spatial domain include template matching, edge gradient, optical flow method, and spatial filtering
method and are divided according to the correlation between the defect pattern and the template or the dissimilarity of the
background. Detection methods based on the transform domain include wavelet transform, frequency filtering, and Fourier
transform. Further research is being conducted on methods based on Fourier transform in the wavelet transform domain. It
focuses on the application of machine learning and deep neural network in wafer defect detection. According to the learning
method, the learning techniques utilized for wafer defect identification are divided into supervised machine learning, unsu-
pervised machine learning, hybrid learning, semi-supervised learning, and transfer learning; according to the network cat-
egory, deep neural networks for wafer defect detection is divided into detection network, classification network , segmenta-
tion network, and combination network. The detection performance and advantages and disadvantages of each method are
compared in depth in each section. From the collected literature, it indicates that research on wafer defect detection based
on transformer is increasing year by year. The large datasets shared in this field mainly include WM-811K and
MixedWM38. Most of the datasets are not open to the public and are maintained and updated by teams or companies. Rep-
resentative evaluation indicators mainly include single-label indicators of supervised learning/semi-supervised learning
(accuracy, precision, recall, F1 score) and multi-label indicators (micro-precision, micro-recall, exact match ratio,
Hamming loss). Unsupervised learning indicators include Rand index, adjusted Rand index, normalized mutual informa-
tion, adjusted mutual information, and purity. Finally, the existing problems of the current vision-based wafer defect
detection are identified, namely, low data availability, serious class imbalance problem, high computational complexity,
and limited research on mixed-type defects. Future development trends include multimodal and non-destructive detection
techniques and more efficient feature representation learning.
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Table 1 Semiconductor wafer defects and their causes
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Fig. 1 Workflow for inspecting surface defects on wafers
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Table 2 Wafer manufacturing process
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3 SRR R R TR T AC RE S 0 i
520 BE BRI

2) % ERIE . Jin BN (2019) 52— B 4 Ak
T 9% BE 1) B 25 J7 ¥ (density-based spatial clustering
of applications with noise, DBSCAN) , $& i i1 2% 5l [¢

A R IR AR AR AR B T 3R 26

3)4) 53 B o Taha 55 A (2018) i i — Fift i [
R, B M G 5 2 A PR AT (dominant defect
pattern finder, DDPfinder) , % [& T T 43 £ [&] Y 25 1]
AP, Tulala %5 A (2018) (i J] VAE M\ WM [£] %
FEPCRRAE , W K-means B350 WM 1] 43 S A #H 28
5738

DJZWRESE, PR (2018) R T
T E T Ry R % 2k v TR A AR (Gaussian mix-
ture model with local consistency, LCGMM ) ¥ i 17 38
AT 1) Jm PS5 0] Ry P it 4R T ARG 18] T e o 2
I — 4R AR i LCGMM i 3t ZR A58 (principal
curve, PC) TR A BERY 45 &5 1 BB A =1 i) o
{78

AE FH T & (B ke B 00 v B8 45 TIUAE 55 < Rp AR 2
> RGO E] CREAIFZE . AE IR A R G i
A MR A% o 2 B a0y A e AL I e 25 I 3R
iR 25 DU VR TR 2 [H] Fon F A A . X T BE A 1Y
THRME , Lee 55 A (2017) 42 H i 1 e B 30 2 5
NIt 25 (stacked denoising auto-encoders, SDAE) i
ARSI 232, BRI B AR AS 19 42 Ry AR A
AN REAE , X I M P B A ) e . X 2
FIAR AT (2022) $2 H—Ff B T 1R Sk 5 AR 1
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iy #% (knowledge-based stacked denoising auto-
encoder, KBSDAE) . B JCXT SDAE [ [ 48 45 s 152 11
— BRI R ST, i v HL5 0 28 R 45 A R
HWRBIFFE T —F o B 1 TR SR IRUR 4 A SR, SE
TR (90 28 FAIL I 22 ] B R R e 4 . S 45 SR 3R Y
RERIEAS T8GRl 3 e a e =i T4
B TR R 2 TR T R AR B 2RO P )
Shawon % A (2019) i F & 1 A 3 4 i #% (convolu-
tional auto-encoder, CAE) #4750 ¥s & ik , 76 & Fp s
RUTPSAN T 2 000 fR EHG , 2R T BCa 1 0 i A
- )

DBN J& —Fl th 2 )2 52 R B IR 2% 2 HL (restricted
Boltzmann machine, RBM ) 41 i, 11 JG Wi B = S Bl
AT LA 2] B B 23 A1 R PR E R i T
R 2 RPAE 42 A2 BB S5 AT 55 o Zhuang % A\
(2020) 1 ] DBN X WM 1) 6 Ff e pia 5 it A T 43245
BEXEECSE WM BdhE T 6 6 2R Bk B 0 i 25 T 6 Fib
DBN, 76 H A S BRI 1Y Bk s 19 die 4 1 itk

A7 Yu %A (20212) 2 TR A A R (mix-
ture of self-attention, MSA ) Fl1 PN £ Hi /DFEAR 2 2]
PN AR TARGE AL dw 7 > ik, R oo 2T I 2k
0 FOR A BRBCHE A Bk o > o (A R %0y
AT 2Rk AR R IR R W ke . R4
A A 1 T J0 e B LA 7 ~T 1) ke o A6 I 7125 114
PERE . STRRAR FR Y
2.3 ETREEINGE

IR 27 45 G R R R 2% ) SRk BRI E R
IR SN = I WA A= i I 1Y s 2 B (= RS
S ASCEATRY AT A R D7 ik i s o i
PIZ F I IR, LASRE 27 2] RGE B PE Iz AR
FIE B o Shon %8 A (2021) 1 F WM-811K fY A Ak
B U2k 45 U2 43 B 3l S i 4 (convolutional
variational auto-encoders, CVAE) . CVAE ¥ %) /]
2% HA B 1 70 VR RE EMELL DO R B B . BT
XF b SCOHR A Y B Y ey BRPE , Jin 558 A (2020) 42 4
— Fl 2 & CNN ., 2 4% % th A% (error correction output

R4 FEMTEEBNR[RFIFEX L

Table 4 Comparison of major unsupervised machine learning methods

el Jrik Kt

HIATES TR/ R PR

TE SVAE Hh 25 5 3KOF v 5 i F SE P UCR 2, RSN

‘ DPGMM (Hwang #1 Kim,2020)  ELS2 %4 - TS R R
R X 42 AR A RV S RE AL IR, AC JE BRI ] 5
ACHWMM (Ezzat %,2021)  BEL92%cdRE - r ﬁ” s 7= IR
> A A ] R~ [ (7 K TR Bl [ A S0
BT K DBSCAN(Jin%.2019) WM-811K ~ ﬁﬂ??*ﬁ(ﬂﬂﬂﬂ)\*anE’Jﬁklia,ﬁjc*”ﬁ%lfaﬁ(ﬂﬂ*%
BB
7 A ) e B [0 325 A ) > A ‘ 4 i
DDPfinder(Taha . 2018) E;;'ﬂ%?u 0,998 0 ﬁfgﬁﬁ@ﬁﬂﬂﬂEﬂﬁ?ﬁﬂﬁiaﬁnﬁﬁiaﬂn,@fr%ﬁﬁmfi
B I,
Sy =3 O
VAE(Tulala % 2018) SO ~ giﬂﬁhmiﬁ?ﬁzfﬁxﬁl$,ﬁm2{¢$,ﬁﬂz [r] 451 1)
SN LCGMM+PC B A AR ) i (5 2R TRT BB 72 4 e B e, (EE R 3 Y
FUER s 2018) sl 09975 gy ket
I R A e M RE i R R S bl
SDAE (Lee 5. 2017) R . ;;Eimﬁaﬁiﬁ,ﬁfiﬁ,R%LU\%ZUILLEEE’J
KBSDAE VA B S A AR ) M RE , B 2R ] i
AE OB R A 2022) WM-811K 09114 BRI
H L ety N Y %ﬁ\\/"‘nﬁﬁ: [ s ET‘/\IJ
CAFE(Shawon%%,2019) WM-811K 0.992 9 @Fﬁ?gﬁi”ﬁ&*%g%*7$@mﬂ’E%%WD”U
WERIR
DBN DBN(Zhuang % ,2020) ELHE 09120 A ft WBMATZHREL, 42 i B2 Wi i 2R FER 1
e WM-811K TSN BEAE/IMREAR T v e o (H R BERUAIAT BR A
PN MSA+PN(YuZ%§,2021a) Micedwiag 09232 "

R VN I €/
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HHER, R—&
E TR B 4 S0k R B SRR 75 A 4R i

code, ECOC)FISVM HIHERL , HI T35 WM 1) 4 Fh i
DL SRR R 2 A RER g T R LS
JiE e A 5 | Ak 1) 2 ) Im) R, EHE B 2 98. 43%
Park (2021) #& H — b 70 Wi B 1) & B0 ke g SR 28 1k
127 5t Siamese 28 FEAT R GIPERRIE 22 2], T AE 2
21 B B RFAE 23 [R] OGS 3 = T8 R A SR
BT EE RN E o AN GEARE R 2
FREE B BEIR B A5 DL R, 7T LA b gl YR A0 R AR $k 31 H:
JEUR 43 2 PR B 4R i M B A I A JORG BE o 45
R T B ER R LG CNN 4= T 7. 8%, I
Hb NEF B —AHT 0 AR B EG  A H TF2
>R R A SR A R SRR 73%, AR
PR 235 R 52 IRAT W 75 REASTFNA) 4 i3 A 25 TR] R AR 3
AT SR, PR I 7 BB 5 T T A R S 2 4t 43 A 25
B 2 MR P (1Y) s, LI S5 R AN 18] 3 TR o

BN

N [ CNN ‘»%T' G'nﬁaf%sgiﬁ*u

- | LR | | RO

4 v
@ P ONN % bR

RAREEAE S

RS €
IETHEA(EE
K3 S5aShnis B 2 10 2%

Fig. 3 Siamese network combined with class

label reconstruction

Wang %5 A (2021) $2 1} —Ff VAE Al CNN 455 1
HEZE , FH T H500 18 58t i ke WM-8 11K A58 A -1 1]
A, Hoh VAE 1758 A2 i WM, IR B 4 BR800 2%
(deep convolutional neural network , DCNN) 11 57 4328
PefE . A5 WORMER 155 99. 19%. Yang(2019)
DI M Kang Fil Kang (2021 ) Y418 H T %4k 34 5% 19 T Bt
DL DS W APl (] 8, Yang (2019) K 4 T
3 F CNN. SVM. AdaBoost Fil XGBoost A 7 2K %%
CNN BB 7E & FLHL 300 mm i 51 ) (19 B2 WM dis
LS T 99.2% BY x5 kS . Kang Al Kang
(202D H& T —F A5 FEA 3 R AT 0 R dn S
RJ7 ¥ BEA AR T T B FFE S I (manual fea-
ture extraction, MFE) F1 CNN 4] & , RE 1% 1 5] WM Skt
AT I A SR IBUHRHE . X T 240 24k 58

H e B 1) 7] 3L, Tsai il Lee (2020b) AR 45 WM-811K
1 21-defect P SRR , ST BIFE T T B
CNN Fl%% 22 M 2% (residual network, ResNet) , 3
CAE XS R RBAEAT iR . R SRTLE T b [l kB
il F R 52 2 DT IR R PERE SO0 A
2.4 ETHEEFEINAE

S BRT AT AR B4 W B 2 ) LA RO B
1 2] MR BRIC BB Y 3 28 PR RE TT RE AV BR ], 2 B
I RB AR o SRR IR e R 1A e 2T I JE
B2 2 1 Jr BRAAE S8 (AR IC Y WM 27 > A ik
e PR 52 B RH SRR, (] ISR AR TE B WM SR it —
AAMERAIE R AR . Yu e A (2019a) $H T —Fff i
B o o) BERL ME S B MG B 25 M B 3 g i g
(stacked convolutional sparse denoising auto-encoder,
SCSDAE) . SCSDAE {4 Z 544 i P 1~ H A 4 BURI
L JZ i) CSDAE Fl—>HA SVM 73 2685 1 73 28 2 241
e Yu(2019) 4% 1 —Ff B A i1 18 I Ak i) 4 5
i Z KW A Bh Y i 4% (enhanced stacked denoising
auto-encoder, ESDAE) H FHEfE2=>] . ESDAE SZ#
T97. 03% Ay e AE B PUN HESG %, L5 Shon 45 A
(2021) Y 5 F9 CVAE Z48), ESDAE X B2 A fe i
PR A H XSRS R A B R B XA . Yu # Liu
(2021)# T — Pk 2 B — 4k 3250 73 B (condi-
tional two dimensional principal component analysis,
C2DPCA) F1 45 L [ 3l 45 % #% (principal component
analysis-based convolutional auto-encoder, PCACAE)
FHEE G % . C2DPCA HEATRAIE 4 5, 2R J 3d 2ok
FI 2l 4 it o B AR AE o 1207 0 T I B ) CNN 43
AN, W R AU Ay — BRI 2 [ 25 2R A 2%
22 RUBE A AR 208 AL T B k2 o) ) A FRU 28 ) 2%
TE/NG) R 4F

Chen 5% A (2021a) $ H FUHEZRILAU 45 5B B,
R HE 75 B . DBSCAN el RRAEHE L 3 F bagging
Bk T SOM RS LI e R R T
94.37% I IR MERG R . LidE A (2022) 48 T —A4
B RESR o R AL ) S T e 2T S U
A RERE DR PR ICBIREAS , T B 27 > TR BOUR E X
Y BRIEZEAL . Kong I Ni (2018) L2 B i )5 LI
25 1T LT CNN Y Ladder [ 45 , LU 7325 WM
B 2 BRI I 2% £l A 20 B 5 R — A i 2 41
Mo Huias 57T oF > WM BT TERRAE | 48 £ 53
HLHE WM. T BREE 7 2 A IR AY , Ladder XHE £+
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A BB (A I 5 AT B SO B R . Kong FI
Ni(2020b) #2 Hh 1 55 — 4~ W A2 o 11 3 4 £
(semi—supervised variational autoencoder, SVAE) fF
WM BRBE 5328 ol A AR X 2 s A B )1 2, Tk
PERA BORAR B0 WM AT FR 10, 8 05 B v Y
WM A TR . SARIE CNN 1 LR I B P
W £ HA (B PE B L (2 SVAE H8 T80 & W £ Fil s i
CNN, JUH SR ic Bt 1 23 EBIR T o Lee Al Kim
(2020) i i T 45 AR ¢ 29 {E (entropy fuzzy ¢ means,
EFCM) 535 R4 175 58, R I3 R R 2R AU Y &y
I8 ke B A, AR 1 — R T o P IR A L
A RRAFAE A PSR TR BAR 1 ol B S 8

Lee Al Kim (2020) 4 Hi 1 — Bl = i B %2 45 A
He AR 7 (semi-supervised convolutional deep genera-
tive model with multiple discriminative networks, SS-
CDGMM) o A B A A i B A AR b iC B L
TR 2T R P A A 702K ) R AL o 22 028 0 26 )
o T R AR B — R BETE AR T 2
MWTE AL 5. BRI, SS-CDGMM 1Y 2244 1
K4 ffrs B T A 2R s st it it

IXIFRITSE A TTRRTE TR M B 27 T 5 TR AR
BERIAEE G, AL BRI A5 S Rk B i A {1 17— Fof
BRI . WG AZ MR TR B AR BE
{3 RS Ty L A7 A [ A 2 T ) 22 5, Ol 32 )
P T HUERR AR . X T A R AT B A

HIEE §

> TR MRS
A
{_’ A T IR« — W
* BN . RIE — Ve
»!» FIBIL: JAEE
i» e o —p ]

o ARG 5 L2 R Al 52 AR 202 )t v T S
FWRCR o PR A U HA A bR iE WBM
Bl 9L, Ja S R 1) WBM A i B 7T 32
.

Hu 25 A (2021) 2 H — A~ 13 52 B fke g 455X
FAORT LA T RESR SR A o 2R g AT I B O . R
EVERBAR T HAL Sk (B HAG I 3R 5 R e R A X [
7512 SimCLR ANAH EF , BAT EORAYXS ooy T T
BEXS IR A R B B A R 4 28 5 A, Lee 55 A
(2023) 4 T — Fb F W5 & 7 2 J5 35 (semi-
supervised attend-infer-repeat, SS-AIR) . fi# F /A [A]
WBM Bdi 4R A IS SRR B, SS-ATR ek 5 B B
B 7 MR RENL T HAL S 1k, B8 A S o7 2
B XA B sk B 4SS O ] A5 30 0 i A OR B X
SRR, 73R 5 v H AT 1 (8 ol g A 0 v S A 2
Wk
2.5 ETEBREINAE

TR ) e —FhHLAs o~ 05 i, H A LE T H]
TE—MES5 LoE B R RN 230K 28 £ o — A
KAESF LR PERE . ARGERIBL AR ~] J7 128
7 MK T B A 2 AT 55, T A% 27 > Dl i
E 2 ) B HRAE R BT 55 |, o > Jf e vk
fEo WL AL A #E Y (2020) £ HY T T-DenseNet HE
28, HSETE ImageNet a8 H XTI 25 1Y DenseNet
R AT 0, 8 R 20 A B AR s 1 D 7 2

4 e il )
EH BB w8 | 220 2
5%5 k| f3x3 HEijC_’ 3x3 %

N=32 " itk [P\ =64 [7 tfk P N=128]] [Z |||
ReLU ReLU RelL.U BE z

\ N 4

( HERRII2 ZE )
EH B 2 lAlE
EEANE 7Y REESANE ZINELE i
N=32[ "] b [T] N=6d [T Mk [T N=128[] [ 4nd 2
ReLU ReLU ReLU o z

Y L Y,

(" AT TA B )
B B B [ o | [ 2R
sx5 [ JEK] | 3x3 [ [EX]| 3%3 == AL EE
N=32 1 31t [ V=64 "] S0t ] N = 128" fﬁj ™ oft.
ReLU ReLU ReLU = max

_ Y

14 SS-CDGMM [y S k454
Fig. 4  Overall structure of SS-CDGMM
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Table 5

Comparison of major semi-supervised learning methods

Jrik HFTES

TR/ R BRAE:

SCSDAE(Yu%#,2019a)

ESDAE(Yu,2019) 0.970 3

PCACAE(Yu #1Liu,2021) 0.9377

PR
bagging+SOM+CNN(Chen%%,2021a)  0.943 7
DBSCAN+SOM (Li%%,2022) 0.943 7
Ladder %% (Kong M Ni,2018) 0.902 0
SVAE(Kong 1 Ni,2020b) 0.903 0

SS-CDGMM (Lee #1 Kim ,2020) 0.948 8

SS-AIR(Lee %45 ,2023) 0.9395

0.988 3 AR MRFAE IR L RLAF A7 70 2O Bk A V- A1 40065 ]
BRI IE LB kA 3 R A
P25 N R AR B AR, ELE PR 22 , I BE R St B A, A B AL PRI

I SMERPE S ROR B AFAEIEA A )

figp DR AR TR ol 5 H £ T A, i g TS B A 25 , A7 B R

i 3k R AR IR GF A U BRBE B AR AR SR, X GRA LA ks 702
FHBEIE W 2 36 HAT S S8 IX 3 GFA B2 WBM 04T R HE 4325

I RMERYE S ROR (B A AR )

PR T AIR A BE ML A7 5 5 14 65 e, o I P 0 e S 0A AT R 2R, TE Tk

H 322 1B i A

KRGRHA . BTSRRIy & —Fh
BP9 WM SR [ 23 K05 o Tshida 55 A
(2019) 42 1 — £ T CNN 19 WM #5238 51 AE 42
VGGNet( Visual Geometry Group network ) o 7EEH E
# G Bl FH— FR AL BAERA T T i 150 K S5 PSR 11 i
BLER A HEAT 2505 0 IZ0HE SR A R P A5 UL FL 238K
53 504 94. 7% F173. 67%. Chien 55 A (2020) F ]
DCNN X HC R B | SR i B | FEATL e 5 0 IR ke
PEAT BRI L5, I A1) O B8 2 > fol0] B 5 I 25 Y
CNN, 4351 He 3 T 7 COCO (common objects in con-
text) A1 KITTI (Karlsruhe Institute of Technology and
Toyota Technological Institute) %% #i& 5 [ 71 Y1l Z5 (1
Faster R-CNN fPERE , & 3 KITTL &4 Hill 25y
RERIR I (. BIZRAY VGG Net BRI R-CNN A
BIBH T WM BB RBI A2 . e XS L T LR T
PRI S AN ) e i S Y 4 0 2R P RE , B T TIN5
(RS AL BE PRS2 N AT 55 PR RE IR T IR B AT

22 21 1A S0 DL RO R R 2858 78 i 1 2 > g
1. BRTEA MIFET LR > 1 i 5 e B A ik
/b Hop Fi )1 2R i) T-DenseNet 1 VGGNet #B #% 5%
B 2 WM-811K Hd £ Hr il 5, BEXT ISR 3 (14 ol 52
T G320 ARAS [ R 28 114 43 S R B AH 22 2 K, A3 v
O RS I KR BEDL R i B S . FE
KITTL F1 COCO %4 4 I Il 2k 1) Faster R-CNN [
26 Gy RGP AH LR B g, AR SCRFRUN 1Y) Sl B A
AR AT R B RIIR R AL A 1 i 5
B paRE

3 FREIGRFAG I 7T iR B R B AR 2 ) 4%

TRIE 55 o R R — R 1 N T 22 19 245 B AL
o 2] 71k 2 TR R A AR LA AR ok o7 2] HEAS
KO (R AL o G R b 22 2 2% R 2
1o 27 >0 U A () A i J2 YR 3 i i e A TR ) 11

®6 ETEMEBFIFEEARRMAER LRSS EKEFHEI L

Table 6 Comparison of classification accuracy of main transfer learning methods on different defect types

1%

e Ly k7 h% RGN Jeyi RUE/S AT BERL IS
T-DenseNet 64.52 91.18 81.46 66.79 100.00 72.60 99.31 66.52 85.45
VGGNet 88.80 89.00 86.90 83.90 72.60 77.20 90.50 73.50 95.60
Faster R-CNN KITTI 98.92 - - - 97.27 98.32 - 99.26 -
Faster R-CNN COCO 97.81 - - - 98.50 96.14 - 99.06 -

PR VN I €/
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RE. TR A BB B A 3R Ak 4 CRE

VF 290K R B 2 ) BT TR & 28 AL WM ik
BRI

3.1 5 [EIER A A 4G 0 o) 2%

A0 00 25 BT IR B 2 2] 5 ik L il i I 2ok B Y
FEABE A 7 > BB I RRE 7R |, O RE A2 S B R &4
P 1t A 5 S 000 R 57 o A ot JERD R o R 0 e i
PR ARG DN 10 28 F, 475 LA LA < BB B o0 265, 20 B0 A
Rl (single shot multibox detector, SSD) . YOLO
(you only look once ) ; XU F B K (X 4% , U1 Mask R-CNN
(mask region-based convolutional neural network ) ; ifs
A Y B FE ARSI 5 3 B T Transformer (Vaswani 55
2023) BERIPEA TS
3011 AR BRI 45

R 58 ) B B 0 00 2465 188 2 ELRE AR R A (RIS
AT R AR O, O AR A& R R AR H
B LA K HFR OO E SR . X P A - HAY
P ABRTBEAFAE H bR 7 AN HERA T K A 1) 1)
. SSD S — i L i) B BG4, 3 et T
EURAE 24> R b i3 FRE RS S B, DU
[l KB H A% o Kim F1 Behdinan (2023 )6 SSD Jij
T2 AR (B e e A, T Python H Y PIL 2
S (B IR e R AR AT FAE . SSD 332 [a] i gk ke 1
XG53 ZE R0 ASr [0, A 380 E) 43 R R 43 2K TR A Y
BRBEREAS ) 24 Bl AR Db T ARG I E] .
CNN HEAUAR B, T4 Hh (1) SSD AR AL BRI R AR &
A BB S TR = G

YOLO J& 53 — i A Ji AT 19 BB B Ao ) o) £8%
BRI AT 55 5 A Ay [T A ) R8T, 3 o g S R 53
WA BTG, TR A FRITAS rh 0 320 FUAE A2 B4
SRS AARKEIN . #FR5% (2018) F ] Zhang-
Suen 4 L IR FEHUE 2L, IF R T YOLOV3 IR 2% 2]
P28 A B o ST ERAE N (2022) #2101 etk iy
YOLOv4 B 1%, 45 & 7€ il B9 CCD (charge-coupled
device) TV AHAILBEAR S b AR 501 4% b 52 4 551 T B
] 2 BY A Bk B , B R 4P IO B 8 P o Shinde 55 A
(2022) 4 T YOLOv3 . YOLOv4 2546 0 I 4% 7E i
BB e AL 5 4028 ERYPERE, Ho YOLO &R 91 RETS 2
94% (14 53 S HEH B , 17 ResNet50 Fl DenseNet121 (1
fin B R 432553 LA 89% 15 92% , HL A B 5 Ao
fIHE

3.1.2 XU Bk I [ 4

55 FLR B D s AH LL , AU B I 1) 6% 38 5 EL
A R HERR R AN B A T A % . Mask R-CNN &
— P T Faster R-CNN XU Be H AR AT, &
1 H ARG Y Bl b — 25 g 1 S o3 E A 3
fiE o Mask R-CNN AJ L yEf A 0 F A 400 4% 1) 407
It A B AR AR R 28 515 B . Li Fl Wang
(2021) 1 FH 34 38 ) Mask R-CNN X i & 75 e i 455X
HEAT T BRI, £ ResNet Z2A /5 15 T 45 AiF 42
g I RS N A LA I E | 2 SN R i
(non-maximum suppression, NMS) 5. 7% i — 2 ol it
T Mask R-CNN. 7E MixedWM38 [ #5256 45 S %
W], 15 Mask R-CNN AL , e i J& A 10 LA T v )
IR E o 0 he e TR (4 2R S5 AR S — v 42 )
AR CHEATR], Wang % A (2022) 4ty T —Fh 2%
AR 5CG JE A R AE #0  J7 % (category-related non-
maximum suppression, CR-NMS) F1—Fh XLy Bz i1 7
HE ] 530 D) ZS B B A 3 FHE . R T AR oy
¥ 3 T Faster R-CNN . RetinaNet . Cascade R-CNN
A Mask R-CNN SR FEAGI # , I 6~ IR EIZR
DL R e
3.1.3  JEF Transformer [ 4%

Wei Fll Wang (2022) #& H T —Flogh 19 2 ROE(E
B RlA Transformer HEZE MSF-Trans , 1284 {f FH £ 3k
VE R I HLAXT WM 42 Jmy R AT 9 i, ) a5 o 141 ¢
Z IR RPN R AT AR . MSF-Trans 75 240 715 F¢fiF
54 R IEE 2] h 384 Ril S CNN 5 Transformer 1)
D3 XHE G R Bl Je IR 0 5 19 BE 7T - Song
5N (2022)47 48 T —FpELF Transformer ) DETR &
tE A T A1 g el I Ere AR SR €7 TR VB Sl )
W L8 EATHRNGR, R S8, SEIR s SRR, S L
HE 9 Mask R-CNN [ 25 A1 LE , K B2 42 & T 8. 4%.
Shukla (2023 ) $& i T — g B i) n] 22 1 45 B Trans-
former (deformable convolutional Transformer, DC
Transformer) , A] 48 JE 45 F3 3k A8 45 By 44 0 26 56
WM 142 Ry R AR Y 5 >, 200 A B EURRAE |, O RE X
WM 55 5 B ] 1) A 78 O 2R A7 R B A . 3 7 A
gt B0 R 5 ) v S ) LRG0 ) 2% 1 e A
R
3.2 mEEREEAIS KM%

O3 I 2% i A\ KR 43 S AN TR ) e S
AU I 28 2 2 REAS B REIE RS 1) =2 [ 8 Y R Bk R 3
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Table 7 Comparison of major detection networks

F 7 G HER R DTRR/ R R
SSD WM-811K 0.9200  fERIRA BUBIE 5328 5 A ) B, (H R FH B S8 ds 9ok
YOLOV3 L EDEE 0.851 1  HERRM I OSP4T B 4 X B, KRS Gy 2s g R Sy A5 )
MR YOLOVA  ELS2HHE 0.9953  HETRITEEMRAIESRIGE I , 32 BoRs BE  (ERTAY iz A e 2%, HURIRh A D
YOLOV3 WMLS11K 0.944 0 Ji K HE TR 24 S R (%) e 52 437 5 43 SR RIF 9T, B e A A 3 5 G 5, S R e
YOLOv4 0.9570  BARENL-
Mask R-CNN  MixedWM38  0.8070 Bl FR2E ML MEFIE S84 48 00 T RRIE SR B RCR, X G/ N IR B 3R T 5
gac-gthy Mask S 0.9230 gzg@jﬁ%mﬁﬁﬁ%ﬁﬂﬁ%#ﬂ%ﬁ%ﬂ@ B, 36 AR B 28 I I AT — a2
MSF-Trans B 09717  IRA BRGNS R A7, BUERAE 12 ) HA ek
DETR S ~ T F AR B 2% 20 ALAE R R S 50 3 R0 T 0 it v A DA 5 6000 1 R 1

TETE.

DC Transformer MixedWM38

0.9733  {RAGRIBBEIUINRCR RAF , AR ) AR AR

"R IR

A0 JET , X AN [5] Py dfe e A58 s 12 % oz 9 A 531 o
R AR IRARSE 73 IS B | 15 B A 11 732
W 265 53 g BAAR 28 R B 00 96 L 2 AR A8 BB 0 S R T

4.

3.2.1  BBRZEBRIE K

FABRAE BRI 72 B TER A B WM AEA X 732
Up IR b B, iR HAF e B AP R B B, Shih A7 A
(2020) 4/ M L TR B 27~ 19 H5 A= i (B Bk B 0 2 07
75 . R I MLP . CNN il ResNet = Fh i 28 9 2% £ 47 43
Z LB, CNN il ResNet 7E it 7 B B 19 U3 o 3R L
oS B PERE , KM MLP 754 B A4 9 28 45 0 T
AR T RAFIIRCR . Di Bella %8 A (2019) R F ik
JE #i B & £ W 4% (submanifold sparse convolutional
network , SSCN)VE M #i i B4k 19 — I /0 25 8% . Eds
£ M E KA Agrate Brianza {) STMicroelectronics 3k
5,48 124251019 29 746 1~ WM. EURHER Ry
20 000 x 20 000 f& 2% . FIr A7 fik e 28 3 i i@ e /K -F-
B 17 AR R A S RIR A e AT
Nakata 55 A (2017) 455 B2 98 BR FIHL &2 > £
ACERI T AT CNN 32628, B 5 R4
{EH HREXT SR B HEA TR . Du A1 Shi(2020)
St —Fh 2 T2k HEAT il 81 DCNN 73 264
R R T E R A R LA SR
P T UNRR

Kim 55 A (2020b) $2 iy 1 —Ff il 17 47 5k 22 H

TG CNN G2 45, IR 43 A7 A1 UG AS I HE A k
PAT WM 4328, AN ZREE 4R & A 13 Pk pa s =X
Y EL S R WM. Batool %5 A (2020) /43 17 FH T
w5 BR B 232 1) 8 )2 CNN 4548, S ELA AL 252 )
R 7 2 A0 B, MERR R4 T 12%, Alawieh 5 A
(2020) 4 1 —Fh 3T CAE AR (14 B4l 3 SR AE 42,
T BREA I A A o 38 e PR P e P ) Sk A i 2L
A TIN5 B Y CNIN 6 8 ARG 397 Bk o 216 770
()[R, Tsai A Lee (2020a) 4 H3 — Fh 3 T35 7] 43
BB U ISR 4y 254 3l 2o 25 A TR B T 4 B B A
(depthwise separable convolution, DSC) , $& /& iz 17}
[ D Tk LG, I EBH S8 L b o 5 B 42
W28 /b o ok T IR BRI 2R R ) B R A
Yang Fl Sun(2022) 2t 5 T i 7 H S IR A e g i
F IR B 2% >) HE 28 (hybrid classical-quantum deep
learning, HCQDL) , 1 7> WM Bl P 5 X043 28 L A GRS
M2 R T HA R IR A Fh vk 2 98 58 1 1 S50
PR, 8RS T B A BbRZE A R Bl 4
HM %5,
3.2.2 ZhREEETE

1)DCNN, Maksim % A (2019) 48 H —Ff o i) 2%
>J DCNN BEAY [ S ms A JH BEALER BT R B3 e 0t 2
ISR ATE AL . EHL VGG-19 . ResNet-34
ResNet50 il MobileNetV2 (Howard % ,2017) , lL3E
AT & R Bk B 202 1 i 7, FE v ResNetS0 43 25 1
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Table 8 Main single-label defect classification networks

Y Bt HITES

TR/ JR R 14

BRGSO IR, 27 S R R, CNIN 5 HAth 100 2 1 S AU R g 22 48

) e AR .

MLP.CNNResiet - SUTHAR 09982 4 votr b mpi

SSCN %ffﬁ 0.990 2 fif b A B )51 WBM 2B 20 B

CNN B 0.934 0 FHRBEE TS B W B shik, 43 2805 R &, i R o

WMDP-DCNN WM-811K 0.946 8 FUERE AL TET N TBHRRE A Z S50 4% .

CNN NEES% g 0.971 8 FH IR SRA 12 S i phe AN i Tl 5T, (5L AR A 5 P 0 B 40 o f AT

CNN WM-811K 0.904 4 JRERFEMFHIATA (], {0 25 T R F o REA B .

CNN+CAE WM-811K 0.940 0 fEPEIEAT-AE (A1, 43 2K0KG JE w50, BE e e PRk 27 > BB 2 A

CNN+DSC BRI 0.966 3 Bt 42 2 A PR AR B ZRliAS Ry, SR E 2L

HCQDL WMSIIK  0.9810 RIS BT f A T A O 5 1 28 20 OB, 8 220 S0 i ) e A

DB BT IR L 27 2] 07 THT BB B R

JE B2 f£ o Hsu F Chien (2022) # i} F& T LeNet,
AleXNet(Krizhevsky & 2017) 1 GoogleNet B i 38) i
Y 4 Rl A FR A 25 9 2% (ensemble convolutional neural
network , ECNN )Y >R FHMAL 2245 ok £5 fo 0l i 113
N EERI B T T 2 A K, DR S PERE . Yu S
A (2021¢) # HH—F 2 F DenseNet (Huang %5 ,2018)
BEAY Y WBM Bl B A A I 7k, AR WBM AYRR £
A I 2548 5 I 0 2k pR A, JF 4t — R 2y
SRIAJBL IR B Bk A U oAk Mg P R

2) 454 HAh BB 1 ) CNN. Geng 55 A (2021) 2
55— T WM-811K 1) CNN 4325 &, A T
DREARE ] o TR T B O SEE AR A bR i A
FARBRICBAE 19D AEA IR AT A B 2K o Naka-
zawa Fl Kulkarni (2018) $ i1 —Ffi 5 T CNN g5 73
7wk (AR RLAE LA D3 ALY BB B . Kyeong
FIKim(2018)FF % T 24~ CNN BB TR A5 B Bl b
B 5328, g A B = e B A ST B P D
Saqlain 5% A (2020) & FH B AIL i€ 5% /K1 B e | S 2
W% e B2 A% 5 VRN 4 750 S5 S AL B A | A 22
Rl SEBES SRR 17y JEMERf 207 T, FIrde th B9
FH T b B Bk B 3l R 51 1 4 FRORf 28  2 (convolu-
tional neural network for automatic wafer defect identi-
fication, CNN-WDD BRI T HAWAIAL . Zhang 5 A
(2022) #8 H % T — {EL AL 1 48 W 2% 1) WDP-BNN AlE
28 JEAE BRI CRAE 7 vk 5 BRSO, At PR
“AEAE SR AN - R RS PR RE 2K o Devika FI

George (2019) i I CNN XiJ 4 it A B2 7 i o3 45
HEAT YIS, HCAT LA L S B 40 4R rh A ) B AR Bl o 286
RN HE .

Cheon 55 A (2019) # i} — 45 45 KNN 5 CNN
B 7, AT AR RN ERFE 2S5 2E o Byun Al Baek
(2020) 1 i} CAE #) 4 & CNN AT 2458 B % L2
BB BE Y 3 2R PR RE R4, (E0 TR G 2R B B i 70 28 A%
RATFHHETE . Shim 55 A (2020) 48t — i 1 A Ay
FEMERAEDEAT 232 2] 1) CNN, HF WM kg 5325 .
g5 SR W ad of DU 3 N — 3% 3 3 %% 2 (Bayesian
active learning by disagreement, BALD) [\ CNN 4 %
AR RS B R, S D VI R TIE R IR A A
Jang % A (2020) 15 FH B K- BHAL HR AR A i 22 1
b R AR WM ZE Y250 L o = o 72
JH#E CNN 250, LB 1k v 52 A AR A 5 3010 3 41
AP, Chen % A (2020) B 58 T —Fh 3£ T CNN R
TERA Y & (5] B 4 DU 5 72 WDD-Net (wafer defect
detection network ) , # &, VGG-16 £ MobileNet-v2 ,
N 52 15 B P ELASE Y RO/ L 32207 9 A R KRS 2 R
TF99%. Hyun F1 Kim (2020 ) EF X405 1 15 BEASF- 1
FA TR A 70 e o 455 X 1 WBM 08 | 2 11 T i A2 8 5
CNN,

3) HA M 4% . Wang 6 A (2020) i H T 5 e
B AT AR P 4 BN 4% (deep deformable convolutional
networks, DCN) AT Z AR 025, N4 T — %
TS AL WM B KU 5 MixedWM3S, Hi AT
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HHER, R—&
E TR B 4 S0k R B SRR 75 A 4R i

38 Ak B AL . Yu 48 A (2021h) A WM 42 H
Radon FF fIE /E & H 41 21 34 & 1 28 W 2% (self-
organizing incremental neural network, SOINN) % 7
A o AR L RE A W 5 s S w225, JF R
B B A B A . Cha 55 A (2020) i FH Xcep-
tion(extreme inception ) B BN 5 (R B fE UE 174028, IF
] CAE #EAT BRI 5 0 Yu 55 A (2023) i i —Fif
T PeleeNet FEEHR [ 52 5 2% ) 4% WM-PeleeNet , i i3
TE CAE F 80 J2 v 75 i i AL g 307 Mg 7 i B ot 630
i 1 5 A /0 B fk o 288 ) ) TR0 A AR B I 2
2 5 o

He XS BT I 2% (generative adversarial network ,
GAN) UL T iy [P AR 2 BRI 70 24T 55, Feh DY
A CNN ZH A A s A Il & o A s 27 > L ILH
I FIRLILLRIHE | 5531 &% £ 571X 73 J0 S A0 A U £
o T R IR B B RO B 5T B0, U 3 TS 4R
1T ot I 4 2 2 R R A B GAN . 2= B A
=T (2023) 42 1T — Pl BE ) GAN TG i i 5
2 T R B AL I A A 87 A 2 R RO 42 A2
PRI i B g — e B 05 A5 FRUR 28 00 208 ke 15 4l A L
s BRI F] T 3R 22 RUBE () IRUBRAAE , TC IS S B
X TERAESEHE LY R, 97 R ELSE BB R AR 5 T A A
ATa] P

Wang 55 A (2019) 4 Hy T —Fh gt (9 [ 18 ) 7
fif A Bl X BT M R 2% (adaptive balancing generative
adversarial network, AdaBalGAN) ., 1ZHEZE i PS4
L : 53 A BN 46 F0 A 35 N A A R . X
P il a1 0 2% PR R FE R R R/ NA SR 2R S 2
BRI B 28 U I 38 22 SR U D BB 2 . Tl
A PN AT B 031, A AR A ) s A 30k
R o 0 o IS TR )5 ot TR T ) SR 35 T R )
HHER R IEF) 96%. Ji Al Lee (2020) JF & T —Fli fil
FH GAN B IR E B Rl , ERG T2
MERZRERAEPERE ) . 5P AR, %8
TR 32 HERE AN 97. 0% Wi 35 H i 31 98. 3%

RGN T E B AR S BRI 3 M2
3.3 REIERBARIE 53 B M 2%

3% W 285 97 57 NI 2 5 v 20 1 o TR
O R i — A w25 40 . St A 7 T BRI
i 58 R 4 A SO B (SRR A s DU A5 i S ke
S5 Ui R RS of, I 7 AR R R TN 45 2R
AT it 5] ke o A 00 v, 2 2 1) 93 1 X 48 6475 Seg-

Net,U-Net ,Mask R-CNN il DeepLeb S5 . A<y 3
B b3y BRI A i B dfe o A 0 e i 1 S
Gl

Nakazawa I Kulkarni (2019) Bff 5% % F* SegNet
U-Net Fl 4= FLIM 45 (1) CNN [ 20 2 i 45 4244 , 7T LA
G 173 WML R 151 5 o BIFSE 4 SRR W, SegNet
T U-Net 2 3 H AH LAY Y2545 B, 1 2 T2 465 B
LRG3 . Cha Al Jeong(2022) #2 1 T —Fhdde itk
(9 U-Net BB 2 RDRE T 2 ) B 5 5% 22 oAH 25
B R S3 BIR A SR BE |, 38 A 0 15 AN A AR SR i B i
PEJS IR IR, A 28007 B AR S IR A B , (HAR
AU A2 BE T HEHS  Han %6 A (2020)#2H T7—Fp
TR BT 0 2 i B SRR 0 BT, i
S FH DX A B 25 (region proposal network , RPN)
A REHE A R B DX, AR5 8 L B 15t 22 6 T U-Net 1
I kA B A R Y N 28 . T b SCOTE A Rk
TN AR /N BB B ) AT, Wen 258 A (2020) JF & T —F B
A 23 4 B RRAE 42 35 25 (feature pyramid net-
works with atrous convolution, FPNAC) , 3 $& BU41iF
IFAE SURFAE I, SR R R AE i A 22 RPN R LA AE 7
i 3 DX 3k, A R TR BE 22 0 S #2452 (deep mullti-
branches neural network, DMBNN) it % A . 1% HEZ8
REDHG 0 b ) 58 B R AT 20 R 4 1), EL 5 R i
SRR 0 A L X T B RO, Chiu AT Chen
(2021) K5 B 1458 15 Mask R-CNN 52 1] 43 1) 455 0 A
55 AEA BRIIZREE T, BETE WM b X sl b s =X ik
PRS2 5 € 7, I — 2038 )t e i A, 1EL B
PR B ALZ AL PESS . R Chen 55 A\ (2019) £2 1)
TR BAT sz AP RO, n] T HA s, R
P 22 RO R 2 3% 2 K (multi-scale feature saliency
map, MFSM) A 3 B0 5560 , RSB R
A AT (parameter-optimized atmospheric scatter-

ing Model, PASM) 3 5 KR X LG B2, £ B Bk 41X Ja
=8

10 5055 1 I T A (B e e A 000 g 5 51 190 45 1
REAR L, HAMERE SR AL BT B DIAH G
3.4 SREIERE A H S W 2%

G M2 — TP AR oy > 7 il R 2l
SERRERIAE & RS mE AR T M e . A 4%
A5G 2 A BIRL TN 25 8, 1T LASRAR AR R
E FIE R I TN 25281

Yang F1 Sun (2020) 4 i} 3 T° VGG16 ., Inception
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Table 9 Main multi-label defect classification networks

25 & G HER % TR/ R BR A
ResNet50 WM-811K  0.878 0 Rk  (HAFEAE AT ik ) B
DCNN ECNN WM-811K  0.9857 fd T ZEAT-17 o] 8L, A5 H0Y (1932 fb M5 25
DenseNet WM-811K  0.8870 315 WBM iHUMIEE A (1 ANAf 22 1, BRAIR A A DR 1R s A AR 1) [ 3 1 A o
CNN WM-811K  0.966 9 S AN ] 8, S 45 I 52 el o
CNN B BEEE 0.9820 MEESEEVELT I PERE B AT,
CNN B BEEE 0.974 0 RGBT AR B XA A B
o CNN-WDI WM-811K  0.962 0 FLREATA 53T 4004 0B, 432 B i .

tofy  WDP-BNN WM-811K  0.948 3 PRIEA T RIS, ph X HL S0 A PCA 36 UEKCH 16 588 07 ik iR A

ERFS CNN B BEAE 0.941 4 MR AT SR, IR .
iﬁN . CNN EOSOEGR 09620 SMSHEERS IR S,
CNN WM-811K - HBUERIN R R AF IR A BE R
OVO-ECNN HIHEE 09480 AT MY M, R A BFE I AR w5
WDD-Net FLYBOE  0.994 4 BRI BE SRS BE  AFAESSASTA [n) AL , 5 R A T A
ICAZIERCNN B - RPN, S AP RE R BRI
DCN MixedWM38  0.9320 fH T AT 0] 8, Z2 i bR TR0 R 30 R AT, {H A S IR A DR GE
SOINN WM-811K  0.933 3 f@ iz, BRI A .
RGRN BB 09980 $REEETINZAER ) 5 SRS L, NI BENL 25 18] 20 F [ 26 R HOR
i CAE+Xception ~ WM-811K  0.999 0 ffk T JEAS-H Al 402 HEmf
B WMPeleeNet P UCUIE 00540 WAMBEABGATAAERTANE IGRAK, ToAD A WM A,
GAN PSR 0.934 0 45 0B BT ARSI A , X LA T B RS B E O A S

AdaBalGAN WM-811K  0.960 0 #EHfME I @ MEETr , A TE 2R Alig ) T,
CNN+GAN WM-811K  0.983 0 4R wi432HE B8, Mt DR AN ST A5 5 504l s ke ) T

F10 EEMHEIMEITEL

Table 10 Main segmentation networks comparison

it Kt HiHTES TR/ R
SegNet, U-Net, FCN RS (%ﬁ?ﬁiﬁg) Z%ﬁfii;;alﬁﬁkﬁ’é Y RE 1A B, VIR D, T A S A U i
RPN BB U-Net  FESCHCE 0.8340 g%ﬁgﬁgﬁgfﬁiﬁﬁkﬁ@,iJlléZﬁ//'\ﬁ*ﬂﬁiEﬁ%lﬁ’é %, fiE
FPNAC+RPN+DMBNN  HSCHiE 0.939 7 XA/ IN R BE R 20 SR 5 A R 2R B PR RE , (HAG 2R

R B 2R .
PR, S TR RN R A4 AR5 , AR S U

Mask R-CNN WM-811K 0.9770 B
4 FuAb B ; Sk e b £ b A (/7
PASM-MEFSM S 0.820 0 SORT ST B RAE RS BRSSP A B A (07 5 s

oy FIVERE, AT T HAL U

1 ResNet ZH & 119 I 2% RadonNet, 1% 5 % Ff] Ran- JRIEBHR A AFE R CNN 2828 10 A, BEF 78R 2 Ik
don 78 8 JEAT R UCFRAE BB, SR 5 K T Ak 2R 4 A FROEFREN . 7E H SRR S gR i uE 1 R ik
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4
HHER, R—&
E TR B 4 S0k R B SRR 75 A 4R i

BB 0B A sy S PERE IR BIER 32155 98. 5%,
il 2% 0 sk i (2018) ) T 491 4 H 7 2 7808 (scanning
electron microscope, SEM) % , & FHH—Fh#i i) ZFNet
[ 28 Ak 3k 2 Faster R-CNN #E474325 . Tello %5 A
(2018) ¥ Rt AL ) S [9] 5 % 24 (random generalized
regression neural network, RGRN) 5 CNN 1% 74 4 45
o RGRN I CNN 3 il %) B AU 01 52 5 S A0 A i
PEATOME ARUERRAIE ] 86. 17%. YusF A(2019h)
TERESR P ] 1 PR o 28 00 205 — ] T Bk B A =X

ARG, 575 —Fh T2, 8 JEAGIMIAR L HE B s 1 5
K15 A A AR AL, B A 13 )2 502 xt B
Bt — 25402, fieJa I PCA RS2 15 5, XoF
B AT AR AR 20 T o Kong F1 Ni (2020a) 15
U-Net Fll CNN 2 o Fl 53 %1 B 22 A Y & B, U-Net JH
TR F 5 H CNN T 4328 prde b iy A48
RIS T 5 A e M RS M Y oM

P LA T EEAY A B ERBE A P P RE T
ik 55 R BR A

x11 EFEMHSGMEIILE

Table 11 Major combined networks comparison

H Az R EEi HERf & TR/ R BRI
e RadonNet FUSRE 0.9850 o] i[53 28 1A 375 v SR R, VO U R A B, T T R
ZFNet, Faster R-CNN, B F1:0.9710  ZE1E N BE Sy %o, n] dERA & A BRBE A B, A i 48 e 45 v do
Patch-base CNN g (ZFNet) koWl S Fh mUBRIG  FEMT 45
328 ZPEIE+RGRN+ FLSLAN 0.861 7 PO R A3 SONG FE TR , T AL A IR A B R B {H AR i S A R
PRl CNN (CEIVE e ’ TS R RS R A
13 /2 CNN 432 il WMLS11K 0.999 8(KZM ) XHARAE I FEAT PCA B2k FAT AL HER: | 38 A R R WM, A
8 JZ CINN A6 4 54 0.931 3(432)  ROKEIN & ULBRFEAR L, SEIER B B FR IR 70 HT o
. 0.852 4(4rE1) 1 A I 52 B0 5 2 M0, 23 B8 0 8 o A I e 151 %2 e
_ E,‘e_,* ! s ’
spd) U-Net. CNN STEHE 0 060 00402) XL WHM JEBLE KA ik 2 HE 23 47

WaferSegClassNet MixedWM38 0.9820

FRACAE MixedWM38 LS I 1, 70 N B g (AR R0 AR 55

Nag %5 A (2022) $2 1 — PR IR B2 ST 480 GmAae Pt T RAE CRTAT 20 BB AR, Bl b N A7 5
(58T 1 43 ) 3 S A1 A W 45 WSCN (WaferSegClass- AT AR R A R 32 5 T RAE RN ROR 5 fRAS 25 Hh
Net) , Q¥ 5 fff7 . WSCN HH gt MR AD A . AT FoRFE A5 208153 S 432853 3, 3 8143 3 iy

BRI
HA L 25 1k
B+ B+ B+ B+ - v
—> ki P mkibE P ke B omkiblz S S0 o gz
4 =9 (/= 16) (/= 16) (f=32) v
E%ﬁ;ﬁ% Eﬂbﬁ;@% Em;@% E%Eﬁéﬁ% Ef%%fﬂ’%
HEEER EEERS HEERS HEBERS
S o A o TR o S 1t
, A
e ~
BB 4 R < LR
‘ T't‘\ < Dense/Z Dense)Z LY
. % . csitiy € e € wwz € s
o i
e

K5 WaferSegClassNet #5725 H4)
Fig.5 WaferSegClassNet model structure
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U ey AT Nl 2 1 1 N = R S DO PO E R (N
XoF 2 i 2 AR 25 , 3£ T BCE-Dice 11 2 $E47 73 %1,
TR XHIEITn2. MR ER ML,
WSCN A &5 19 43 50 o B, AR FE & /N T
ResNet50 Al DenseNet121 25 KA R 2%, {H WSCN HA
0.009 M 2 %§ , £ 5 K /N Xy 0.51 MB, 24 Hy
ResNet50 F4 ]SF 9 17200, B HAE VI ZRB BO% A
I AR USSR 2, 25 R AT DL 1 TR M g
BRI, I H o T s IRt ], AT L kT
=) ia e Z M4 .

4 REERPEBIESE RN T E

4.1 HIRE
B T2k 50 0E AR A A s A .

(5] e o 50 A ofe U T L S Al o AR AR .
(53] P e o H00Hh 30 o R BIR a « 8™ B AP Al7 it
ThRZE . T BB R B AR AR T IE R
BE A 2 BB A RN AN i R R,
WM % 45 5 2 A7 76 A 1 0 19 F5 2 (Northeutt 45 ,
2021) , FECAIRICEES AR ICH WM L, BEE IR
AR B A AR B, R 2 F ST 20K A A
R T WM B s A= 5 (Lee 45, 20235 Ji Al Lee,
2020) . ASSCIAE T FrA H i C A I B EE 4
Oy FAAT AR A W R 12 BR300 B d S R4
K6 Fi7R o

WM-811K £ 4545 (Wu £, 2015) 4 B AT B K
(N FH i R ERH 4 , Pl DB S S v 1) 46 393 A4
T AL R Y 811 457 4 WM FLH A il £ T- 224k
P2 B, PRSI TAE D A w2 AL, )z

®12 BERERAERNENEABESE
Table 12 Common datasets for surface defect detection in wafer inspection
" , _ SRR GFA W%
L S S1C T \ e
LGS DSl B A TR RV e o gy A
~ic:0.031
WM-811K 811 457 i:;;s:0.969 15~200 FLGFA  SVM 2015 http://mirlab.org/dataSet/public/
: RS . .
MixedWM38 38015 38 - 52 %52 GFA DC-Net 2020 hitps://github.com/Junliangwangdhu/WaferMap
Ehric:0.638
21-Defect 16388 21 . 64 x 64 GFA  DMC 2020 KA
o FFRIE:0.362 # ALTE
N= AN A3 ~dat- 1 -
MBWEM 1050 9 _ 35 % 19 BA 3D U-Net 2022 https..//leee dafap'ort. org/do'cuments/synthes1zed
GFA multi-gfa-multi-bin-wafer-bin-map-dataset
ST 29746 12 - - FLGFA  SSCN 2019 KRAJF

[ RS9 T 6 8

N Do) e Bl EL) | Py N g ()

1. Cemer 2 Conersspot 3. Checkertoard 4. Cluster- 5. Cluster2

I e B P o £33

(a) WM-811KHH4E

(b) MixedWM3 8% #s4E

(¢) 21-Defect}iie4E

Ko i H B
Fig. 6 Commonly used dataset examples ((a) WM-811K; (b) MixedWM38; (c¢) 21-Defect)
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HHER, R—&
E TR B 4 S0k R B SRR 75 A 4R i

FUNGAMRB AT 55 rpr . L2 i B S IR AR
SR AL g 54 356 I A1 118 595 F . Her
1A 172 950 i G A T 2R 28 i 8 Pk fasi =
Y B4 43 A1 43 9 52 - P 0 (Center) 4 294 15 5] 24
(Donut) 555 & , i1 % (Edgeloc) 5 189 & , i1 ¥f
(EdgeRing )9 6801, {3 & (Loc)3 593 & , T 1% ( Near-
full ) 149 1 , B Hl (Random ) 866 I , %] J& ( Scratch )
1193, & 6(a) I , R HER AR 15 x
15182 5200 x 20015 % . F IR WM-811K Hdi i K
H R MG e AN, TR0 B — , BT LA s
SR AT I WORPTREA R NE .

MixedWM38 i #fi 4 (Wang %5 , 2020) & %5 — 4>
IS FERT R BCE SR , il 6 (b) BTk, 2 38 015 4>
TR A BB G 0 WBM 4L A%, i 5005 42 A 38 Rl 2
R A 29 Ff 2 ~ 4 AN B CTR A 1TR A BB EG
8 A B LB B A LA TOBRRG o T — SRS
[ e B 1 28 A RE AR I, SR T A4 7 7 ok A i
AR DUARIE A5 P2 A f o B AR 1] 114 1 A

21-Defect £ 5 4 (Tsai Al Lee, 2020b) (1 55 8 5
5 WM-811K AHIA] , W&l 6 (c) iz , B Tsai 41 BA A
HSC WM R R4S, dE A 16 388 4 WM, Hh
63. 8% [ WM (10 460 1 fh [5) A R Bl , 36. 2%
() i 5 (5 928 4~ B ) I A hn % -

MBWM %4 4} 4 (Wang F1 Ni, 2023 ) H #7 1. K 2%
(14 458 AR A0 T 38503 o FH I 25 3 19 pix2pix AR A, Xif
WM-811K ) WBM % 5 il B AL B0 2 AR R
ZHEH WBM S T A AR R, EREAEAL S 10504
£ # . Z bin (1 WBM, pix2pix J& —F GAN 51 | H
rp 8 1] 2% 61 3 X ELAR MBWBM (94325, WM-811K [
WBM AR 2% 2 I 2 b 19 A e o, A s =i
MBWBM, #& J5 1 & in gk 455 i) MBWBM .

ST (STMicroelectronics) %% 3 4 (Di Bella 45 ,
2019) H B2 AR LE B K Agrate Brianza 945 7
FEHARAEAY 20 746 4> WM LI, 045 T 12 Rl 2
RIS R SR RS (0 B R AR ST AN A T o
4.2 M AE

HLAS 27 > FIR B 24 2 (R P Aik 8 B B e T Al
2] O o AR WM G RGI SCHk b, 8 T 2
TR DL Y PR BB PFAl 48 A5 (Li A1 Wang, 2021 ; Saqlain
4% ,2019; Hwang Fl Kim,2020; Lee il Kim ,2020) , %%
5 TP(true positive ) \TN(true negative ) .FP(false posi-
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Table 13 Main evaluation indicators of wafer defect detection methods
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