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A Prediction of Wafer Yield Using Product Fabrication Virtual
Metrology Process Parameters in Semiconductor Manufacturing

Wan Sik Nam - Seoung Bum Kim

Department of Industrial Management Engineering, Korea University

Yield prediction is one of the most important issues in semiconductor manufacturing. Especially, for a fast-
changing environment of the semiconductor industry, accurate and reliable prediction techniques are required. In
this study, we propose a prediction model to predict wafer yield based on virtual metrology process parameters
in semiconductor manufacturing. The proposed prediction model addresses imbalance problems frequently
encountered in semiconductor processes so as to construct reliable prediction model. The effectiveness and
applicability of the proposed procedure was demonstrated through a real data from a leading semiconductor

industry in South Korea.
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Figure 1. Semiconductor manufacturing process

Cycle process / Layer

L| Photo T Etch T

)TI Clean T Difiusion )-r T

T METAL

# Ml Measurement & Inspection

&)

IIF @ lon Implantation

‘ Process data, Equipment data. Wafer information data |

Figure 2. Semiconductor fabrication process
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Figure 3. The concepts of actual metrology and virtual metrology
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Table 1. R packages and optimal parameters of the prediction

models
Algorithm Package Optimal parameters
Decision Tree tree prune size : 12
SUM 61071 kernel : radial, cost : 1,
gamma : 0.022
Logistic
g . stats threshold : 0.4
Regression
ANN nnet hidden layer : 2
Random Forest | randomForest | ntree : 500, mtry : 4
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Table 2. 10-fold cross validation data for an experiment
Data Class Fold 1 | Fold 2 | Fold 3 | Fold 4 | Fold 5 | Fold 6 | Fold 7 | Fold 8 | Fold 9 | Fold 10
Train High 494 494 491 491 500 492 495 491 491 493
Low 59 59 62 62 53 62 59 63 63 61
Test High 54 54 57 57 48 56 53 57 57 55
Low 8 8 5 5 14 5 8 4 4 6
3249 4% 37 3349 23}
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Table 3. Contingency table
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Table 4. Performance of RF for different degrees of imbalance

Predict
Positive Negative Dataset Sensitivity | Specificity GM
Actual Positive | True Positive(TP) | False Negative(FN) SMOTE(100 : 100) 69% 84% 76%
ctua
Negative | False Positive(FP) | True Negative(TN) SMOTE(200 : 100) 51% 92% 68%
Note) TP : the proportion of low yielde that are correctly predic- SMOTE(300 : 100) 46% 94% 66%
ted, FN : the proportion of low yields that are incorrectly SMOTE(400 : 100) 45% 95% 65%
predicted as high yields, TN : the proportion of high SMOTE(500 : 100) 42% 96% 63%
y!elds .that are correc.tly predicted, FE . the proport!on 0 Without Using SMOTE 4% 99% 21%
high yields that are incorrectely predicted as low yields.
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Table 5. Experiment result(for all of the methods)

Dataset Model Sensitivity | Specificity GM
RF 69% 84% 76%
SVM 64% 85% 74%

SMOTE
ANN 72% 67% 69%
(100 : 100) = ° - .
Logistic 69% 66% 67%
D-Tree 66% 69% 67%
RF 4% 99% 21%
SVM 16% 99% 40%

SMOTE
Py ANN 30% 90% 52%
Logistic 31% 95% 55%
D-Tree 28% 93% 51%
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