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Net Primary Productivity prediction based on LSTM and BP
neural network models

YU Mingyang, WEI Linjing

(College of Science, Gansu Agricultural University, Lanzhou 730070, China)

Abstract: To study the Net Primary Productivity (NPP) of vegetation under the influence of climate change and human activities
and to predict it, in order to facilitate the study of NPP of vegetation under the influence of climate change and human activities, the
paper first collects the temperature, precipitation, NDVI, and NPP data from 2001 to 2015 and preprocesses the data set; then the
paper constructs the BP neural network prediction model based on temporal order and the LSTM neural network prediction model,
and uses the two models to classify and predict NPP and its influencing factors; finally, the paper compares the measured results of
the two prediction models. The results show that the BP neural network model has less bias in estimating the NPP than the LSTM
neural network model.
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Fig. 1 Neural network structure diagram
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Fig. 3 Loss functions of LSTM and BP neural network
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Fig. 4 Predicted values of LSTM and BP neural networks on the

test set
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Tab. 1 Evaluation metrics of BP neural network and LSTM neural

network

SSE MSE RMSE MAE MAPE  SMAPE

LSTM 1 070.770 31.493 3 5.611 88 3.418 99 0.201 89 0.133 84
BP 836.058 24.590 0 4.958 83 2.75598 0.218 60 0.152 19
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