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Abstract The introduction of Smart Factories has transformed manufacturing towards more objective and
efficient line management. However, most companies are not effectively utilizing the vast amount of
sensor data collected every second. This study aims to use this data to predict product quality and
manage production processes efficiently. Due to security issues, specific sensor data could not be
verified, so semiconductor process-related training data from the "SAMSUNG SDS Brightics AI" site was
used. Data preprocessing, including removing missing values, outliers, scaling, and feature elimination,
was crucial for optimal sensor data. Oversampling was used to balance the imbalanced training dataset.
The SVM (rbf) model achieved high performance (Accuracy: 97.07%, GM: 96.61%), surpassing the MLP
model implemented by "SAMSUNG SDS Brightics AI'. This research can be applied to various topics, such

as predicting component lifecycles and process conditions.
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Fig. 1. Comparison of Model Application Processes
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Table 1. Data Introduction
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