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Prediction of Copper CMP Polishing Rate Based on SSA-GRNN
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Abstract: Copper chemical mechanical polishing (CMP) is one of the key steps in the manufacture
of integrated circuits, and the copper polishing rate is the key index to measure the performance
of the polishing slurry. It requires vast amounts of experimental data to achieve adjustable polis-
hing rates due to the complex chemical reactions between various components of the copper polis-
hing slurry and copper during the CMP process. To enhance the accuracy of copper CMP polis-
hing rate prediction, sparrow search algorithm is used to optimize the smoothing operator of gen-
eralized regression neural network, and a prediction model of copper CMP polishing rate based on
SSA-GRNN is proposed. Firstly, an SSA-GRNN network model is established in MATLAB.
Subsequently, the component data of the polishing slurry is inputted to predict the polishing rate

of the slurry under different compositions. Finally, a comparison is made between the prediction
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results of the SSA-GRNN model and the BP-NCABC model. The comparative results indicate
that the SSA-GRNN model exhibited a 4. 82 percentage point reduction in mean absolute percent-

age error (MAPE) on the training set and a 1. 78 percentage point reduction in MAPE on the tes-

ting set. The SSA-GRNN model demonstrated a 0. 09 percentage point improvement in optimal

prediction accuracy on the training set and a 0. 32 percentage point improvement on the testing set
compared to the BP-NCABC model. These findings indicate the SSA-GRNN model exhibits high-
er accuracy than the BP-NCABC model in predicting CMP polishing rates, which provides an al-

ternative model for guiding CMP experiments to enhance experimental efficiency and reduce re-

search and development costs and optimizing the components of the polishing slurry.

Key words: chemical mechanical planarization (CMP) ; polishing slurry; general regression neural
network (GRNN) ; sparrow search algorithm (SSA)
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