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Abstract In order to solve the problem of mass defects caused by bubbles during selective laser sintering (SLS) ,a weighted ran-
dom forest (WRF) prediction method based on improved particle swarm optimization algorithm (IPSO) was proposed to predict
the dissolution time of bubbles effectively. In this method, two key parameters of WREF, the number of split attributes and the
number of decision trees, were optimized by IPSO algorithm to construct the prediction model of IPSO-WRF. Numerical examples
show that compared with the prediction results of PSO-RF and PSO-KELM prediction models, IPSO-WRF prediction model
based on the same training samples and test samples can get the output results of bubble dissolution time with smaller error and
closer to the actual value. MAE, MAPE and RMSE indexes show that IPSO-WRF prediction model has higher nonlinear fitting
ability and prediction accuracy than PSO-RF model and PSO-KELM model. Finally, the most significant input parameters affect-
ing the bubble dissolution time are determined by sensitivity analysis, which provides a theoretical basis for the development of
SLS technology.
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Fig. 1 Model diagram of random forest
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Fig. 2 IPSO-WRF algorithm flow chart
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I, 27.0207  34.1700 31.4482  1.8010
) I, 19.7104  24.4404  22.6300  1.4203
RMSE N
I 22.8851  28.4025 25.8000  1.4987
I5 17.0481 21.4271 19.5583  1.3950
I 12.4529  19.3362 17.0439  1.5941
I; 87.4302  96.4463  82.4027  1.9303
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