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An Al-based Process Prediction Model for SMEs in the
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Abstract

This study aims to address the challenges of process quality variability and the low utilization of artificial intelligence
in small and medium-sized cosmetics manufacturing enterprises. To this end, a predictive model was developed using the
XGBoost algorithm, based on multidimensional process data—such as temperature and RPM—collected from actual ERP
and MTS systems. The data underwent preprocessing, outlier removal, label encoding, and normalization, followed by
hyperparameter tuning using Bayesian optimization with the Optuna framework. As a result, the XGBoost model achieved
prediction accuracies of 74.29% for temperature and 78.45% for RPM, with process duration percentage and production
quantity identified as key influencing factors. This research demonstrates that even traditional machine learning models
can effectively enable real-time process prediction in SME manufacturing environments, thereby facilitating the adoption
of smart manufacturing practices and improving both quality and cost efficiency.
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Fig. 1. Research process flow
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Table 2. Performance of the proposed models

Model(target) | XGBoost(Temp) XGBoost(RPM)
MSE 3325 76641.98
MAE 2.67 132.85

RMSE 5.7 276.86
R2 0912 0.85
Accuracy 0.7429 0.7845
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Table 3. Optimal hyperparameters by models

Parameter XGBoost(TEMP) | XGBoost(RPM)
eta 0.069 0.2977
max_depth 9% 20
min_child_weight 1 1
gamma 1.0 09
subsample 10 1.0
colsample_bytree 10 10
lambda 0.0595 3.848
alpha 0.8245 0.0352
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Fig. 2. Feature importance(Temp prediction)

RPM Variable Importance
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Fig. 3. Feature importance(RPM prediction)
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