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Application of LSTM in Rice Yield Prediction Based on TensorFlow
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Abstract: To solve the problem of how to reflect the nonlinear relationship between rice yield and meteorological factors in the growth
period and improve the accuracy of yield prediction, we propose a rice yield forecast method based on the LSTM on TensorFlow deep
learning framework, which can avoid the problem of local optimization and low accuracy in long—term prediction in traditional BP
algorithm. Then,the ground meteorological observation data and the rice statistical data of Ninghe district in Tianjin from the year 1989
to 2015 were used,and 21 factors were extracted such as wind speed, sunshine and temperature in 5 different growth stages including
transplanting—returning green stage, tillering stage, booting stage, heading stages, maturing stage. Finally, the experiment is performed
taking the rice yield per acre as the prediction target. It is showed that the root mean square error (RMSE) and mean absolute error
(MAE) of BP neural network were 75. 12 and 65. 64 ,respectively , the RMSE and MAE of LSTM were 34. 77 and 33.37. Compared
with BP neural network ,LSTM has higher prediction accuracy and can better predict the long—term development trend of rice yield, which
can be used as a new method for the precise management and decision making in the growth period of rice.
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