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Multi-level feature fusion wafer defect classification network
based on CNN-transformer

Chen Xiaolei Li Zhengcheng Shen Xingyang Ma Pingchuan Yang Fulong

(School of Microelectronics Industry-education Integration, Lanzhou University of Technology, Lanzhou 730000, China)

Abstract: Wafer defect classification is a critical task in the chip manufacturing process, as accurately identifying various types of defect
patterns is essential for promptly locating and resolving manufacturing issues. To overcome the limitations of insufficient multi-scale
feature representation and low efficiency in cross-level information fusion, this paper proposes a novel multi-level feature fusion network
based on convolutional neural networks ( CNN) and Transformers, named CTM-Net. The network adopts a dual-branch parallel
architecture ; the CNN branch focuses on extracting local morphological structures and fine-grained defect details, while the Transformer
branch employs self-attention mechanisms to capture global contextual dependencies and structural information. Based on these
complementary representations, a multi-level feature interaction module is further designed to adaptively integrate and enhance cross-
scale features, effectively compensating for the limitations of single-branch representations and improving the model’ s discriminative
capability. Experiments conducted on the publicly available WM~-811K dataset show that CTM-Net achieves an accuracy of 99.31%,
outperforming five representative state-of-the-art wafer defect classification approaches. Notably, the proposed model demonstrates
superior recognition accuracy and stability in critical defect categories such as Edge-Loc, Edge-Ring, and Loc, highlighting the
effectiveness and advantages of combining CNN and Transformer architectures for multi-level feature fusion in wafer defect classification
tasks.
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Table 1 Overall performance comparison of

CTM-Net and state-of-the-art models (%)
(i) A5 ULIES 4 1] % F1 535

VAE-GAN 95. 87 96. 96 96.73 96. 49
CNN-WDI 96. 12 95.90 95. 62 95.35
MRWA-Net 99. 17 99.20 99. 20 99.20
CWDR-Net 98.73 98.78 98.77 98.77
VAEDLM 96. 18 96. 52 96. 16 95. 69
CTM-Net( 4 3) 99. 31 99.29 99. 34 99. 31

T 100% , BE— 2L Bk 1 AR T B R RO 42 SRy R Ak

HA®MER MG, R Edge-loc (F1 K
99. 13% ) 1 None (F1 4 99. 07% ) 2 51| (1) 1k BE MR ARG, (H 3
B ZAT 4 SRR AE 99. 24% F1 99. 10% , 7B CTM-Net
FEIN S8 A B AR SRR AR T R A XU AR TH AT 45

5 MRWA-Net Hl CWDR-Net #H ., CTM-Net 75 K £
B0 A S B 2R A R b, I R B B A ) 250
Y, JLHAE Edge-Loc , Loc ,None 255 |, CTM-Net
AH A T H AR AL B T e L 1%

EIREEIR B CTM-Net 76 14 5 15 X 43 B Bl [ 46
e IRl 38 5 [ O D AR AIE @l A ML A R g T AR
TE A2 Z AR E B S o A o e o i )

%2 CTM-Net MRWA-Net 5 CWDR-Net $ %t 7 B 5k b 2 B 146 1 25 32

Table 2 Detection results of CTM-Net, MRWA-Net, and CWDR-Net on different defect types (%)
S CTM-Net MRWA-Net CWDR-Net
LES eSS F1 534 (EES [ELES F1 734 LLES eSS F1 734
Center 99. 34 99. 46 99. 49 99.53 99. 30 99. 42 99.76 98.37 99. 06
Donut 99.99 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
Edge-Loc 99. 08 99. 24 99.13 98. 16 98. 16 98. 16 97.91 97.01 97. 46
Edge-Ring 99.76 99. 87 99. 86 99. 53 98. 83 99. 18 99.3 100 99. 65
Loc 99. 60 99. 49 99. 57 98. 68 97.40 98. 04 97.42 98. 05 97.73
Near-Full 100. 00 99.93 99. 96 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
Random 99. 89 99.92 99. 92 99.77 100. 00 99. 88 99. 31 99.77 99. 54
Scratch 100. 00 99. 98 100. 00 100. 00 100. 00 100. 00 99.32 98. 65 98.99
None 99.14 99.10 99. 07 97.12 99.10 98. 10 95.97 97. 06 96.51
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CTM-Net 58K X o3 3CH5 0, A SCHEAT T 1 il S 5
SRUEWI 4> 73 50 S MFIB BB A4 2tk . AR 3CKE CNN Al
Transformer 43324 4 Baseline , $ £ 43 AE 22 H. MFIB {F
AR SRR EE R ANER 3 BRI A B A

*3 HEXEHAR

Table 3 Ablation study results (%)
CNN Transformer MFIB  #Effi %R i ES A& F1-Score
vV vV 98.41  98.23  98.271 98.34
Vv V' 98.39  98.20  98.49 98. 34
vV V' 98.64  98.23  98.56 98. 44
2 Vv Vo99.31  99.29  99.34 99,31

ME 3 ATLIE S, ZSFE#H CNN A1 Transformer 7
A3 3 M MFIB B R 25 I 45 Rk 31 1 e,
P CNN H1 Transformer 43 SZ AHH. & , BEME F iR A 4L
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PEREAR T [6] I A>3 52 J2 MFIB R A AL, x4
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FH AEJE SR THE RRAR SR T A SO e AR
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MFIB AR A SO A CTM-Net ()8 ZpE, DL FS0gh 2%
SRFRHT, XoF T b B e B 232, 25 A T I 1 fR AR AR B
T BRI S A AR TR, A4S 1 b B AR
A S A AN I RCR A ST

R T HE— R CTM-Net 50250811, 200 T HIR
A, A 7 s, TRVERE PR AT 308 BSR4 (true
label) , 51 R /R TMBRZE (predicted label ) o &A™ HLITHE H
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