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Wafer defect classification network with global and
local multi-scale feature fusion

Chen Xiaolei  Li Zhengcheng Yang Fulong Wen Runyu Shen Xingyang

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

Abstract; In semiconductor manufacturing, wafer defect classification is an important step in ensuring product quality. However, due to
the diversity and complexity of wafer defects, the existing hybrid wafer defect classification network still has shortcomings in accuracy. To
solve this problem, a hybrid wafer defect classification network based on global and local multi-scale feature fusion—MLG-Net was
proposed. MLG-Net consists of three main modules: feature extraction module, global branch, and local branch. The network aims to
better extract and utilize the global semantic information and local detail features of wafer defect images, which are combined with multi-
scale feature fusion technology to form a more comprehensive feature representation, which helps the classifier to make more accurate
judgments in the face of complex mixed defects, thereby improving the classification accuracy. To verify the effectiveness of MLG-Net, a
large number of experiments were carried out on MixedWM38, a dataset containing 38 mixed types of defects, and the classification
accuracy reached 98. 84%. The results show that MLG-Net is superior to the six mainstream wafer defect classification methods in terms
of comprehensive performance. This result demonstrates the importance and effectiveness of global and local feature fusion in dealing with
hybrid wafer defect classification tasks.
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Table 3 Experimental results of MLG-Net, MRWA-Net, CWDR-Net and DC-Net
Model MLG-Net MRWA-Net CWDR-Net DC-Net
Accuracy — Precision  Recall ~— Accuracy — Precision  Recall ~ Accuracy — Precision — Recall ~ Accuracy  Precision  Recall
Cl 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00 0.94 0.91
Cc2 1. 00 0.97 1. 00 1. 00 0.99 1. 00 0.98 0.99 0.98 0.98 0.93 0.97
C3 1. 00 0.98 0.99 0.99 0.97 1. 00 0.97 0.98 0.97 0.97 0.95 0.93
C4 0.97 0.99 0.97 1. 00 0. 96 1. 00 0.97 0.98 0.97 0.94 0.96 0.91
C5 1. 00 0.98 1. 00 0.97 0.98 0.97 0.97 1. 00 0.97 1. 00 0.93 0.97
C6 1. 00 0.98 1. 00 0.99 0.99 0.99 0.96 1. 00 0.96 0.94 0.99 1. 00
C7 0.99 1. 00 0.99 0.99 1. 00 0.99 0. 89 0.92 0. 89 0. 96 0.90 0.94
C8 1. 00 0.98 1. 00 1. 00 0.98 1. 00 0.98 0.98 0.98 0.93 0. 60 0. 88
C9 0.97 0.98 0.99 0.99 0.97 1. 00 0.99 0.98 0.99 1. 00 0.97 0.93
C10 0.98 0.99 0.99 0.98 0.97 0.98 0.96 0.97 0.96 0.99 0.94 0.94
Cl1 1.00 0.98 0.99 0.99 0.99 0.99 0.96 0.99 0.96 0.98 0.92 0.99
C12 1.00 1.00 1.00 0.99 0.99 0.99 0.98 0.99 0.98 0.99 0.92 0.96
C13 0.99 1.00 0.99 0.99 0.98 0.99 0.98 0.98 0.98 0.97 0.97 0.89
Cl4 0.99 0.98 0.99 0.99 1.00 0.99 0.95 0.99 0.95 0.99 0.96 0.92
C15 0.99 0.99 0.99 1. 00 0.99 1. 00 0.97 1. 00 0.97 0. 96 0.91 0.98
Cl16 1.00 0.99 1.00 0.95 0.98 0.95 0.89 0.97 0. 89 0.98 0.94 0.97
C17 1.00 0.97 1. 00 1. 00 0.98 1. 00 0.98 0.95 0.98 0.93 0.96 0.94
C18 0.99 0.98 1.00 0.98 1. 00 0.98 0.94 0.98 0.94 0.94 0.98 0.89
C19 0.98 0.98 0.97 0.97 0.97 0.97 0.98 0.98 0.98 0.92 0.94 0.91
Defect €20 0.98 1.00 0.98 0.97 0.98 0.97 0.96 0.98 0.96 0.95 0.95 0.91
C21 1. 00 0.98 1. 00 0.99 0. 96 0.99 1. 00 0.97 1. 00 0.91 0.96 0.92
C22 0.97 0.98 0.97 0.97 0.98 0.97 0.99 0.93 0.99 0.90 0.98 0. 88
C23 0.97 0.98 0. 96 0.95 0.99 0.95 0.97 0. 96 0.97 0. 89 0.99 0.96
C24 0.99 1. 00 1. 00 1. 00 0.99 1. 00 1. 00 0.99 1. 00 0. 89 0.92 1. 00
C25 0.99 0.97 0.99 0.99 0.97 0.99 0.97 0.97 0.97 0.91 0.93 0.91
C26 0.99 0.97 1. 00 0.99 0. 96 0.99 0.98 0.98 0.98 0.93 0.97 0.97
C27 0. 96 0.99 0. 96 0.97 0.99 0.97 0.98 0.95 0.98 0.91 0.97 0.93
C28 0.98 1. 00 0.98 0.99 1. 00 0.99 0.99 0.99 0.99 0. 88 0.95 0.91
C29 0.97 0.99 0.98 1. 00 0.98 1. 00 0.97 0.95 0.97 0.91 0.98 0.97
C30 1. 00 0.99 1. 00 1. 00 1. 00 1. 00 0.99 1. 00 0.99 0.92 0. 89 1. 00
C31 0.99 0.96 0.99 1.00 0.99 1.00 0.98 0.96 0.98 0.92 0.90 0.94
€32 0.97 1.00 0.95 0.96 0.98 0.96 0.95 0. 89 0.95 0. 88 0.99 0.88
C33 0. 96 1. 00 0.95 0.96 0.98 0. 96 0.98 0.94 0.98 0. 86 0.97 0.93
C34 0.99 0.98 0.99 0.98 0.98 0.98 0.97 0. 96 0.97 0. 89 0.98 0.94
C35 0.95 1. 00 0.94 0.95 0.99 0.95 0.96 0.97 0.97 0.87 0.96 0.99
C36 0.97 0.97 0.97 0.95 1.00 0.95 0.97 0.95 0.97 0.91 0.99 0.96
C37 0.99 0.98 0.99 0.98 0.98 0.98 0.98 0.97 0.98 0. 86 0.95 0.89
C38 0.97 1.00 0.99 0.98 0.99 0.98 0.98 0.96 0.98 0.88 0.92 0.92
Average/%  98. 84 98.95 98. 86 98. 60 98.78 98.70 98.52 98.48 98.46  93.20 94.00  95.00
x4 HMAMOERSRIEAREBHMERELE x5 HEAW
Table 4 Performance comparison of different models Table 5 Ablation experiments %
for four quadruple mixed defects % Baseline MSCA  FESA  Accuracy Precision Recall F1-Score
Model Accuracy Precision Recall vV X x 97.98 97.66 98.01 97.81
DC-Net (2020) 88.13 95. 60 94. 10 V4 V4 X 98.21 08.19 98.22 98.14
CWDR-Net (2023) 97.12 96.21 97.16 vV x \ 98.32 08.37 98.44 98.39
MRWA-Net (2023) 96. 43 98. 68 96. 49 vV iV AV 98. 84 98.95 98.86 99.05
MLG-Net 97.18 98. 95 97.16
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