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Sugarcane Yield GA — BP Prediction Model Incorporating Field Water
and Heat Factors

YU Zhenzhen' ZOU Huafen® YU Deshui’ LI Hailiang2 SUN Haitian> WANG Chun'”’
(1. College of Engineering, Heilongjiang Bayi Agricultural University, Daqing 163319, China
2. South Subtropical Crops Research Institute, Chinese Academy of Tropical Agricultural Sciences, Zhanjiang 524091, China
3. School of Management, Huazhong University of Science and Technology, Wuhan 430074, China)

Abstract; Sugarcane yield prediction is important for making accurate management decisions during
sugarcane growth. Genetic algorithm ( GA ) optimized neural network can improve the prediction
efficiency and prediction accuracy, and find the optimal solution quickly by high-speed calculation.
Based on the meteorological factors ( atmospheric humidity, atmospheric temperature, rainfall), field
hydrothermal factors and sugarcane yield obtained from the field IOT at Zhanjiang Observation and
Experimental Station during 2011—2020, BP neural network and GA — BP neural network models were
used to predict and correlate the sugarcane yield in the selected areas. The results showed that the
correlation coefficients of Pearson and Spearman showed that sugarcane yield was highly significantly
correlated with monthly maximum soil temperature, monthly minimum soil temperature, monthly average
soil temperature, monthly maximum atmospheric temperature, monthly average atmospheric temperature,
monthly average atmospheric humidity with correlation coefficients higher than 0.7, significantly
correlated with monthly average soil water content, monthly rainfall, and weakly correlated with monthly
minimum atmospheric temperature. Under the GA — BP neural network model, the prediction accuracy of
sugarcane yield was significantly higher than that of the BP neural network model, with R’ reaching
0.842 8, MAPE of only 0.90% , and RMSE of 1. 10 t/hm’. The degree of fit between the predicted and
experimental values was high, and the V-cross validation results showed that the model prediction results

were accurate and stable. Therefore, GA — BP prediction can predict sugarcane yield more scientifically
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and rationally, which was an important guiding significance for sugarcane field management measures and

coordinated allocation.

Key words: sugarcane; yield prediction; meteorological factor; field water and heat factor; BP neural

network ; genetic algorithm
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based on genetic algorithm optimization
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Contrast analysis of sugarcane yield prediction value and actual measurement value under BP neural network
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