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Abstract

Based on the experimental data obtained by freezing pitaya in a horizontal conversion type freez-
er refrigerator, an RBF neural network prediction model of the internal drying process of pitaya
freeze-drying in relation to its surface pressure, sublimation interface displacement, radiant heat
transfer, convective heat transfer and the degree of deformation was established by using the
Matlab Artificial Neural Network Toolbox. The effects of deformation temperature and change rate
on the accuracy of the pitaya freeze-drying network model were analyzed. It was concluded that
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the prediction error of the network gradually increased with the increase of change in tempera-
ture, and the prediction error of the network gradually decreased with the increase of deforma-
tion speed. By comparing with the BP network and Elman network model, the results show that
the RBF network model has higher accuracy and stronger generalization ability.
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Figure 1. RBF neural network structure
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Figure 2. Prediction errors of different “spread” values
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Figure 3. Training process of network
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Figure 4. Prediction errors of different change temperature
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Figure 5. Prediction errors of different deformation strain rate
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Figure 6. Prediction errors of BP neural network
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Figure 7. Prediction errors of Elman neural network
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