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Abstract

In the current highly competitive manufacturing environment, controlling manufacturing
systems effectively and efficiently is a necessary competence to maintain competitive
advantages, especially in their early stages, when the sample sizes are usually very small.
However, to determine proper manufacturing parameters using limited data is a challenge for
engineers and managers. The virtual-sample-generating technique is an effective approach for
dealing with uncertain and insufficient information, but it has a weakness as it usually can not
process times series data. This research thus develops a Latent Information function to
analyze data features and extract hidden information for knowledge learning with small data
sets considering timing factors. The experimental results using the Synthetic Control Chart
Time Series Datasets show that the proposed method can improve forecasting accuracies
significantly, and thus is considered an appropriate procedure in general to forecast
manufacturing outputs based on small samples.

Keywords: Small-data-set learning; Forecasting; Manufacturing; Time series
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