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Abstract ; Addressing the challenges of inadequate utilization of spectral feature variations among wheat
cultivars and the limited generalization capacity of conventional ensemble learning methods for yield
prediction, this study proposed a novel Extreme Stacked Generalization(ESG) algorithm. The ESG
method was designed to enhance prediction accuracy and stability across multiple cultivars and years
by dynamically optimizing feature selection and model integration, thereby resolving micrometer-level
spectral discrepancies among cultivars. The study utilized canopy hyperspectral reflectance and yield
data collected over two wheat growing seasons(2018—2020), containing the early and middle grain-
filling stages. A dual-validation framework was employed, comprising independent cross-year valida-

tion(Framework 1) and multi-period data fusion validation(Framework 2). The performance of the
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ESG algorithm was benchmarked against Ridge Regression(RR), K-Nearest Neighbors(KNN), Ran-
dom Forest(RF), and a standard Stacked Generalization(SG) algorithm, using Mean Absolute Error
(MAE) and Root Mean Squared Error(RMSE) as evaluation metrics. Results demonstrated that the
ESG algorithm significantly outperformed all other models, reducing the prediction RMSE to a range
of 1.01—1.31 t « hm °.

of error fluctuation decreasing by 18. 9%, indicating strong environmental adaptability and cultivar-

The stability of cross-year predictions was notably improved, with the range

discriminating capabilities. Furthermore, the middle grain-filling stage was identified as the optimal

2

prediction window, achieving a RMSE of 1. 01 t « hm™°. This study concludes that the ESG algorithm
can effectively adapt to the specific spectral characteristics of different wheat cultivars and environ-

mental variations, enabling robust and stable yield prediction across diverse cultivars and growing

years.
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Fig.3 Scatter plot of different models predicting wheat yield
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Table 3 Model prediction accuracy based on ESG algorithm

06 I AE 28 it P 280 Evaluation metric
Validation Model
framework ode MAE/(t * hm %) RMSE/(t « hm™?)
1-1 (SG1+SG2+SG3+SG4) /4 1.01 1.31
1-2 (SG1+SG2+SG3+SG4) /4 0. 80 1.01
2-1 (SG1+SG2+SG3+SG4) /4 0.91 1.15

2-2 (SG1+SG2+4SG3+SG4) /4 0.82 1.06
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