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Prediction of wheat fusarium head blight severity based on

grid search PCA-SVR-RF model

LU Haiyan, LU Hangpo ,WANG Jian ,SUN Chengjin ,YIN Fei, ZHANG Jianjun ,XI Lei ,SHI
Lei
(College of Information and Management Science, Henan Agricultural University, Zhengzhou

450046, China)

Abstract: [ Objective] Constructing a wheat Fusarium head blight (FHB) grading prediction
model to achieve accurate prediction of wheat Fusarium head blight grading, providing more

accurate methods and data support for monitoring and early warning of wheat Fusarium head blight.
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[ Method] Based on disease severity data from regions affected by Fusarium head blight (FHB)
in wheat across the country, as well as meteorological data from critical growth stages, firstly,
principal component analysis (PCA) is employed to reduce the dimensionality of 1,200
meteorological factors. Subsequently, a risk prediction model is constructed by integrating support
vector regression (SVR) results with a random forest (RF) approach. Finally, grid search (GS) is
utilized to optimize the n-estimators and max-depth parameters in the RF model. [Result] The
research results indicate that the Composite-Score for predicting Fusarium head blight severity
levels across the nation, and in North China, East China, Central China, and Northwest China using
the grid search PCA-SVR-RF model improved by 15.34%, 35.95%, 12.54%, 0.01%, and 43.56%,
respectively, compared to the original model. [ Conclusion] The grid search-based PCA-SVR-RF
model shows an improvement in both the fit and prediction accuracy for Fusarium head blight in
wheat compared to the RF model, making it suitable for predicting disease severity levels.
Keywords: wheat fusarium head blight; meteorological factors; random forest; grid search;

principal component analysis
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Table 1 Grading criteria for the severity of wheat fusarium head blight
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Fig. 1 Framework diagram of PCA-SVR-RF model based on grid search
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Table 2 Comparison results of different regression models
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Table 3 Comparison of Prediction Results for FHB
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