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Abstract

In order to gain customer satisfaction and enhance competitiveness, manufacturers usually
aim to offer their clients with high quality products. However, under the consideration of time and
cost reduction, random sampling has become a popular method for production quality metrology
whereas not all the products will be examined and assured. To overcome this problem, this paper
proposes a WIP Quality Detection and Classification method based on Ensemble Learning with
well-known machine learning approaches, like Support Vector Machine (SVM), Logistic Regression,
Decision Tree, and so on. Unlike a statistical ensemble in statistical mechanics, which is usually
infinite, a machine learning ensemble refers only to a concrete finite set of alternative models, but
typically allows for much more flexible structure to exist among those alternatives. Therefore, while
most of the manufacturing data characteristics are unknown (means infinite hypothesis), our method
can reduce traditional model bias from overfitting to enable real-time product quality detection with
achieving stable classification efficiency. Once the yield rate is below certain level, the system will
send a warning notice to inform the process engineer to shut down the process and cut the costs of

rework, such as correcting of defective, failed, or non-conforming item, during or after inspection.
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