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Application of random forest optimized neural network algorithm in winter
wheat yield prediction: a survey

ZENG Jianming, LI Yue, WEI Linjing, ZHAO Xia, ZHOU Hui

(College of Information Science and Technology, Gansu Agriculture University, Lanzhou 730070, China)

Abstract: The wheat industry is crucial for national food security and public welfare. Accurate and scientific prediction of wheat
yield is significant for the development of agricultural economy, formulation of food import and export plans, and ensuring national
food security. The method proposed in this paper uses correlation analysis to study the relationship between remote sensing
parameters and yield. The random forest algorithm is employed to evaluate the importance of feature variables, eliminating those
irrelevant or less impactful on the target correlation. Finally, the BP neural network is used for yield prediction. The results show that
the Normalized Difference Vegetation Index (NDVI) has a positive correlation with yield throughout the entire winter wheat growth
period in Tianshui City. Relative humidity, NDVI, minimum temperature, soil moisture, and irradiance are identified as important
factors influencing wheat yield prediction. Compared to scenarios without feature variable selection, the accuracy of winter wheat
yield prediction significantly improved, meeting the precision requirements for yield prediction. This provides reliable agricultural
information for relevant agricultural departments and offers a reference for formulating grain policies and organizing grain production.
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Fig. 1 Structure diagram of 3—layer BP neural network
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Fig. 2 Yield prediction process
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Fig. 3 The correlation between NDVI and winter wheat output
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Table 1 Prediction results

EM FokiigH HYME (kg/hm?)  BNEE (kg/hm®)  ZixT8228 (kg/hm?)  HIXFIRZE (%)
2019 4 3 263.03 3337.11 74.08 2.27
2019 FM 3305.92 3 146.03 159.89 4.84
2019 # 2 976.59 3 143.96 167.37 5.62
2019 ZM 3 334.80 3 133.36 201.44 6.04
2019 K 3 099.64 3 088.17 11.47 0.37
2019 Al 3233.83 2 826.04 407.79 12.61
2019 [i&3ll 2 798.94 3 156.68 357.74 12.78
2020 Ha 3 364.75 3 432.13 67.38 2.00
2020 R 3 461.16 3 462.13 0.97 0.03
2020 B 3 109.37 3 359.63 250.26 8.05
2020 ZM 3 458.59 3 602.49 143.90 4.16
2020 K 3 204.23 3 445.24 241.01 7.52
2020 =il 3 361.89 3 327.79 34.10 1.01
2020 R 2 914.36 3 248.58 334.22 11.47
2021 HH 3 520.62 3 466.77 53.85 1.53
2021 IR 3 650.76 3390.41 260.35 7.13
2021 #% 3 270.65 3 341.11 70.46 2.15
2021 ZM 3 620.77 3361.94 258.83 7.15
2021 K 3355.98 3425.15 69.17 2.06
2021 Rl 3 453.98 3097.18 356.80 10.33
2021 KF 3 052.02 3 256.70 204.68 6.71
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Table 2 Accuracy evaluation of different models

s MAPE/ % RMSE/ (kg - hm™) MAE/ (kg » hm™2)
BP #0244 11.31 490.28 400.61
AR 6.91 214.86 177.41
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