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Machine Learning Based E-jet Printing Accuracy Prediction Method

YANG Jing-wen, CHEN Xiao-yong, ZHANG Jun-hua

(College of Mechanical & Electrical Engineering, Gulin University of Electronic Technology,
Guangxi Guilin 541004, China)

ABSTRACT: The work aims to save time in predicting the accuracy of E-jet printing, solve the problems in selection of
electrofluidic process parameters, and improve the design quality and efficiency of electrofluidic printing. A combination
of finite element models and machine learning was proposed to predict the accuracy of E-jet printing. Based on machine
learning algorithms such as linear regression, support vector regression and neural networks, a model on relationship be-
tween four parameters and jet diameter was established. The algorithm results showed that the determination coefficient
R? of the support vector regression and neural network prediction models could reach above 0.9, indicating that the mod-
els were highly credible; RMSE and MAE, which were indicators of model error, were both smaller than those of the lin-
ear regression prediction models. Machine learning algorithms enable effective prediction of E-jet printing accuracy, in-
creasing prediction efficiency by more than a factor of ten and saving time on accuracy prediction.
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Fig.5 Distribution of jet diameter data set
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Fig.6 Comparison of predicted and actual values
of linear regression model
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