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Abstract

The accuracy of micro-flow liquid weighing in a temperature and humidity environment is greatly
affected by liquid evaporation. In this paper, a weighing experiment device was built to analyze the
relationship between environmental temperature, relative humidity and evaporation rate. A
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backpropagation (BP) neural network was used to construct an evaporation rate prediction model
and compared with an improved physical evaporation model. The results show that the determina-
tion coefficients of the BP neural network model and the improved physical evaporation model are
0.768 and 0.7405, respectively, and the average relative prediction errors are 9.08% and 13.19%
respectively. This indicates that the fitting effect and prediction ability of the BP neural network are
superior to those of the improved physical evaporation model. The application of BP neural net-
work to construct an evaporation model can achieve the prediction of evaporation rate.
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Figure 1. BP neural network structure
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Figure 2. Diagram of the experimental setup
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Figure 3. Mean square error of the hidden layer under different numbers of nodes
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Figure 4. Physical model effect
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Figure 5. Training effect of BP neural network
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Figure 7. Trend of relative error changes in the BP neural network model
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