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Dual-stream wafer defect classification network based on
spatial and frequency domains feature fusion

Chen Xiaolei Wen Runyu Yang Fulong Li Zhengcheng Shen Xingyang

(College of Electrical and Information Engineering, Lanzhou University of Technology, Lanzhou 730000, China)

Abstract: The classification of wafer defect patterns plays a crucial role in the wafer manufacturing process. Accurate identification of
wafer defects enables the determination of the root causes of defects, thereby pinpointing issues in the production process. However,
existing deep learning-based wafer defect classification methods are designed solely from the spatial or frequency domain, failing to
achieve mutual supplementation and integration of spatial and frequency information. This limitation constrains the improvement of wafer
defect classification accuracy. To address this issue, a dual-stream wafer defect classification network based on the fusion of spatial and
frequency domain features, named SFWD-Net, is proposed. The network utilizes the proposed multi-scale feature extraction convolution
module and multi-view attention module to form the spatial stream branch, which extracts spatial information from wafer images. The
frequency stream branch, utilizing discrete wavelet transform, extracts frequency information from wafer images. After integrating spatial
and frequency information, defect classification is performed. Experiments on the large-scale semiconductor wafer image dataset WM-
811K demonstrate that SFWD-Net, by simultaneously designing the network from both spatial and frequency domains, achieves a
classification accuracy of 99.299 2% , outperforming five other state-of-the-art methods and significantly improving the accuracy of wafer
defect classification.
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Table 4 Schematic representation of the true vs.

predicted label confusion matrix
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Fig. 8 Data enhancement result graph, wherein the first row is the original data and the second row is the

corresponding data enhancement synthesis graph.
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Fig. 10 Loss curves for training and testing
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Fig. 11 Confusion Matrix for testing
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Table 5 Comparison of results of different methods
(%)
WikS Accuracy  Precision  Recall ~ F1-Score

K.P. etal. [®1(2023) 98.5725 98.9505 98.9442 98.9332
CNN-WDI[S1(2020)  97.806 1 97.216 4 97.1948 97.193 1
CWDR-Net'®)(2023) 98.624 4 98.997 3 98.9854 98.968 9
DCNNP'(2021)  98.1639 98.8235 97.1098 97.959 1
MRWA-Net!27(2023) 99.1176 99.1740 99.1294 99.138 3
SFWD-Net(Ours)  99.2992 99.636 0 99.4619 99.4517

2) AN [e) ffe o 2R AR ARG I 45 SR %) Eb

72 6 JB/R T SFWD-Net 51 X5 AN [7] e ¢ 248 1 1y A ) 45
Ao GEARW] SFWD-Net X 2% 2Bl AR BAT 075 1Y
Ker 44 G , %FF Donut F1 Scratch 1% P BB FE 258U | HEW
A REHEE A WA F1 480358 T 100% , B XS T
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Table 6 Comparison of detection results

of different defect types (%)

BRpEHR Accuracy Precision Recall F1-Score
Center 98.9975  99.5400  99.458 0 99. 488 9
Donut 100.000 0 100.000 0  100.000 0  100. 000 O
Edge-Loc 97.8308  99.0780  99.299 0 99.169 7
Edge-Ring 100.000 0 99.888 7  99.782 4 99.833 7
Loc 99.5444  99.5991  99.508 5 99.543 3
Near-Full 100.000 0 100.000 0 99.946 2 99.97217
Random 100.0000 99.8611  99.953 7 99.904 1
Scratch 100.000 0 100.000 0  100.000 0  100. 000 0
None 08.3982  99.1127  99.083 2 99.075 6
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Table 7 Comparison of complexity of different models
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FabR (2023) (2023) (2023) (Ours)
FLOPs(G) 4.023 0.715 1. 880 0.393
Params (M) 25.56 26.95 17.91 45.91
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Fig. 12 Channel visualization of the MVA Block weight matrix
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Table 8 Results of ablation experiments (%)

Spatial Stream

Baseline MSFE Conv MVA Block Frequency Stream Accuracy Precision Recall F1-Score
2 96.340 5 96.738 6 96.742 2 96. 658 7
vV vV 98.183 2 98.655 1 98.604 0 98. 608 3
vV vV 98.078 4 98.477 8 98.426 4 98.423 6
vV vV 98.728 3 99.108 5 99.1199 99.096 9
vV 98.468 7 98.782 9 98.504 0 98.763 2
vV vV vV 99.299 2 99. 636 0 99.461 9 99.4517
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