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Yield Estimation of Wheat Lines Based on UAV Hyperspectral Remote
Sensing and Machine Learning

QI Hao' LU Liangjie® SUN Haifang' LI Si' LI Tiantian' HOU Liang'
(1. Institute of Agricultural Information and Economics, Hebei Academy of Agriculture and Forestry Sciences, Shijiazhuang 050051, China
2. Institute of Cereal and Oil Crops, Hebei Academy of Agriculture and Forestry Sciences, Shijiazhuang 050035, China)

Abstract; Rapid and accurate estimation of wheat yield can improve the efficiency of breeding. Yield
data of wheat lines and hyperspectral data during grain filling period were collected. Firstly, the feature
wavelengths were selected as model input variables by using recursive feature elimination method. Then
three linear algorithms (ridge regression, partial least squares regression, multiple linear regression) and
six nonlinear algorithms ( random forest, gradient boosting regression, eXireme gradient boosting,
Gaussian process regression, support vector regression, K-nearest neighbor) were employed to establish
single algorithm yield estimation models for precision comparison. Finally, the Stacking algorithm was
adopted to develop multi-model ensemble combinations, aiming to identify the optimal ensemble model.
The results showed that the accuracy of yield estimation models, based on different algorithms, varied
significantly, and that the nonlinear models were better than the linear models. The yield estimation
model based on GBR performed best in the single models, with R* of 0. 72, RMSE of 534. 49 kg/hm” and
NRMSE of 11. 10% in the training set, R of 0. 60, RMSE of 628. 73 kg/hm”, and NRMSE of 13. 88%

in the testing set. The performance of the ensemble models based on Stacking algorithm was closely
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related to the selection of primary and secondary models. The model with KNN, RR, SVR as primary

models and GBR as the secondary model effectively improved the yield estimation accuracy. Compared

with the single model GBR, the training set R® was increased by 1.39% and the testing set R® was

increased by 3.33% . The research result can provide an application reference for yield estimation of

wheat lines based on hyperspectral technology.

Key words: wheat lines; yield estimation; UAV hyperspeciral; remote sensing; machine learning;
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Tab.1 Optimal ensemble models with different numbers of primary models
W VIRBRAE WMFEERE PREWHE MR HAE MRS YRGS W RATETY 4 A VIR &
BE (BER2) G (fER3) (R 4) (R 5) (%R 6) (R 7) (% h 8) (BEH9)
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