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Abstract

At present, the position of MEMS in the semiconductor industry has become more and more
important, and these products have a place in the terminal applications of various electronic products.
Therefore, increasing output and reducing production costs have become the most important issues for
design companies and production plants to enter the MEMS market. This research uses 5 million original
test data for comparison and verification analysis, and then uses the random forest method in machine
learning (ML) to adjust the parameters of the test machine and achieve the expected best UPH (Units
per hour) and rely on the wisdom of streamlit. The interface displays synchronously to optimize the best

setting value of the production machine parameters and the level of UPH. The results show that the
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optimal vibration frequency of the circular and direct vibrations of the vibration plate predicted by the
random forest algorithm can effectively increase the number of product tests per hour (UPH) from about

86 to 111.
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