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Abstract

Accurate site-specific yield potential determination is essential for sustainable agricultural practices, 
enabling efficient resource use and reducing environmental impacts. This study presents a satellite-
based method to predict winter wheat yield using a six-year dataset from conventional and organic 
farming systems. Two models were evaluated: a non-linear support vector machine (SVM) model 
and a multilinear model with stepwise backward regression. The SVM model demonstrated higher 
predictive accuracy, with an R² of 0.80, a MAE of 0.58 t/ha, and an RMSE of 0.79 t/ha, compared to 
the multilinear model (R²=0.75, MAE=0.69 t/ha). Expanding the dataset to include diverse soils, 
climates, and growth stages could further enhance model robustness and applicability.

Keywords: multilinear regression, remote sensing, satellite data, support vector machine, yield 
estimation

Introduction

Determining the site-specific yield potential of winter wheat (tricitum aestivum) is crucial for accurate 
management of agricultural production (Gebbers und Adamchuk, 2010). It is the basis of variable 
rate applications (VRA) such as targeted nitrogen (N) applications or site-specific seeding rates. In 
heterogeneous fields, VRA based on site-specific yield potentials enable the efficient use of resources 
while reducing inputs and maintaining high yields. This contributes to sustainable agriculture by 
avoiding over-fertilization and minimizing the impact of nitrogen emissions (Mittermayer et al., 
2021; Schuster et al., 2022).
One significant challenge is that many legally prescribed fertilization systems rely on the target 
yield at the field level as an input factor to calculate the appropriate amount of fertilizer (GFO, 2020; 
Mittermayer et al., 2024). If the target yield is overestimated, this can result in over-fertilization, which 
has negative environmental and economic consequences. Even more challenging is the application 
of site-specific fertilization systems in heterogeneous fields, as yield potentials are required on site-
specific level, regardless of the chosen site-specific fertilization system. 
A key technology for determining the site-specific yield potential has become the use of satellite 
data (Hagn et al., 2024). This offers a consistent and scalable method to determine yield variability 
across fields, providing a precise foundation for agricultural management decisions. Many studies 
have been conducted on the topic of satellite-based yield prediction. A systematic literature review 
by van Klompenburg et al. (2020) revealed that temperature, rainfall and soil type are among the 
most commonly used variables for yield prediction. However, to enhance the accuracy of the models, 
it is essential to integrate additional agronomic factors, such as crop variety, critical growth stages 
(Wang et al., 2024), and the impact of variable weather conditions on crop development (Zare et al., 
2024). A significant challenge in yield prediction is to enhance model robustness and adaptability 
across diverse farming conditions (e.g. conventional and organic farming systems).
Data quality further complicates yield modelling. Many studies use combine harvester yield data as a 
reference or training data set (Ji et al., 2023). However, not all combine harvester datasets are entirely 
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reliable as they are often generated under time constraints and without the necessary but critical 
calibrations (Fulton et al., 2018) reliable due to a lack of proper calibration. The most accurate data 
comes from plot combine harvesters equipped with integrated weighing scales. However, creating 
high-quality datasets using plot combine harvesters is a labour-intensive and costly process, limiting 
the number of studies that utilize this method (Spicker, 2017).
Currently, there is no reliable system for determining site-specific yields available in Germany. This 
study aimed to address this gap by developing a reliable method for satellite-based derivation of 
site-specific yield potentials of winter wheat. Using a six-year dataset from organic and conventional 
farming systems, this study evaluated two approaches for yield prediction: a support vector machine 
(SVM) model and a multilinear model with stepwise backward regression. This is a critical first step 
in identifying key parameters that influence grain yield. It forms the basis for the development of 
valuable applications in precision agriculture.

Material and methods

The study was conducted at three research stations of the Technical University of Munich – 
Thalhausen (A) and Roggenstein (B) and Viehhausen (C), located 30 km west and north of Munich. 
While Thalhausen and Roggenstein are managed under conventional farming practices, Viehhausen 
(C) is operated under organic farming conditions. The inclusion of data from fields managed under 
organic conditions aimed to include lower yield ranges as well, to ensure that the development of 
the algorithm accounts for a wider range of yield variability. 

Data acquisition and data processing
Quantitative yield data was obtained from grain yield measurements using well-calibrated and 
validated New Holland combine harvesters (models CX 7.80, CX 7.90 and CX 8050). Qualitative 
yield data (core-threshing) was gathered from approximately 743 plots with a Wintersteiger Delta 
plot combine harvester, equipped weight scales, generating highly accurate, georeferenced core 
threshing data.
The core-threshing layout was aligned with the satellite grid, ensuring that each satellite grid cell 
(20×20 m) contains a georeferenced core threshing plot (15×1.8 m). To account for yield variations 
within fields, a relative biomass potential map (rel. BMP) according to Hagn et al. (2024) was 
integrated into the plot layout, ensuring that plots covered both high- and low-yield zones, effectively 
recording diverse yield variations (Figure 1).
Data were collected between 2018 and 2024, encompassing dry, wet, and typical years to account 
for interannual climate variability and improve yield prediction across diverse conditions.

The satellite imagery from Sentinel-2 satellites, covering the period from 2018 to 2024 was analyzed. 
Images were selected at key growth stages (GS) of winter wheat (GS 32, 55 and 65).
The red edge inflection point (REIP), which has proven to correlate well with plant nitrogen content 
and grain yield, has been incorporated into the model as an indicator of yield potential.

	 � (1)

Furthermore, meteorological data (monthly average temperatures: AVG Temp. Jan.–Jul.), 
precipitation levels from January to July (AVG Prec. Jan.–Jul.), georeferenced soil information 
from the German soil survey (soil productivity index 1 and 2) alongside with relative heights of 
the fields were integrated with yield data for model developing. The German soil survey provides 
a general overview of the spatial distribution of soil types and their productivity (Blume, 2002), 
which served as a key data source for the specific soil conditions at each site.
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Yield prediction models
Two approaches were evaluated for modelling and predicting grain yield. The first approach involved 
a multilinear model with stepwise backward regression, where less important variables were removed 
step by step based on the Akaike information criterion (AIC) to identify the key parameters for 
yield prediction. The second approach used a non-linear support vector machine (SVM) model 
with a radial basis kernel, which incorporated all available data (predictors) to predict yield. Before 
training the models, the dataset was cleaned by removing outliers identified using Cook’s Distance 
to prevent distortion in the results. The cleaned data was then randomly divided so that 80% was 
used for training and 20% for testing and validation. The performance of the models was evaluated 
using three key metrics: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and R².

Results

The SVM model demonstrates greater alignment with the observed data, resulting in a MAE of 
0.58 t/ha, an RMSE of 0.79 t/ha, and an R² value of 0.80. In comparison, the multilinear model with 
stepwise backward regression demonstrated slightly lower predictive accuracy, with a MAE of 0.69 
t/ha, a RMSE of 0.89 t/ha, and an R² value of 0.75 (Table 1). This is further illustrated by the scatter 
plots (Figure 2), where the SVM model model demonstrates a tighter clustering of points around the 
diagonal reference graph, indicating lower variability and stronger predictive alignment. In contrast, 
the multilinear model shows a wider spread of points, reflecting greater variability in predictions.

Figure 1. Plot layout of core threshing data. (a) Yield potential map, satellite raster grid and core 
threshing plots; (b) core threshing plots.

Table 1. Model evaluation: yield prediction accuracy.

Model MAE (t/ha) RMSE (t/ha) R2

SVM model 0.58 0.79 0.80
Backward-regression model 0.69 0.75 0.75
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The backward regression analysis initially started with 20 predictors, as shown in Table 2. The 
regression algorithm reduced the number of predictors to 11, simplifying the model while retaining 
the most influential explanatory variables. The final model included REIP values from different 
growth stages, soil productivity indices and average temperatures from January to May. This stepwise 
reduction process improved the interpretability of the model and highlighted the critical factors 
influencing yield variability.
Figure 3 illustrates the progressive increase in AIC during the backward regression steps as key 
parameters were systematically removed. This analysis provides insight into the predictors that have 
a substantial impact on model performance and those that can be excluded without significantly 
compromising model quality. The dataset demonstrates that the REIP values of growth stages 
GS32 and GS55 have the most significant influence, followed by REIP GS 65 and one of the soil 
productivity indices. These results underline the high suitability of satellite-derived data for winter 
wheat yield prediction.

Figure 2. Predicted vs measured yield: SVM model (left), linear model (right).

Table 2. Input parameters of models.

Integrated predictors of the 
backward-regression model

Significance AIC

Full model 4480.6
Rel. height ** 4485.6
Soil productivity index 1 *** 4518.3
Soil productivity index 2 *** 4529.8
REIP GS 65 *** 4560.5
REIP GS 32 *** 4666.2
AVG Temp. Apr. *** 4679.8
AVG Temp. Mar. *** 4684.1
AVG Temp. Feb. *** 4684.9
AVG Temp. Jan. *** 4689.9
AVG Temp. May *** 4691.9
REIP GS 55 *** 4820.4
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Discussion
The results of this study demonstrate that both the SVM model and stepwise backward-regression-
model can effectively predict grain yield, with the SVM model showing higher predictive accuracy. 
The stepwise backward-regression-model demonstrated the most influential predictors. These models 
have the potential to contribute to several practical applications in agriculture, such as site-specific 
nitrogen management and variable rate seeding based on predicted yield potential or the derivation 
of management zones. Nevertheless, further precision in yield prediction should be accomplished, 
as demonstrated by Cheng et al. (2022).
One limitation of the study is the selection of GS analyzed. While key stages such as GS 32, 55 
and 65 were included, the critical period between GS 65 and GS 92, when crops absorb nitrogen 
crucial for final yield (Kichey et al., 2007), was not covered. Additionally, the REIP, which is well-
suited for green vegetation, is less effective for ripening crops due to declining chlorophyll levels. 
Incorporating complementary indices, such as the NDSI, (Rodrigues et al. (2018)), and extending 
the analysis to later growth stages could improve the model’s ability to capture nutrient uptake and 
canopy maturity, thereby enhancing yield predictions. 
Another limitation is the dataset’s limited representation of diverse soil and climate conditions. While 
the study covered multiple years and climatic conditions, it predominantly included fields with soils 
with high water-holding capacity, which explains why precipitation was not a significant predictor, 
even in dry years. Expanding the dataset to include fields with sandy or less fertile soils and regions 
with more variable precipitation patterns could improve the model’s applicability to water-limited 
environments and heterogeneous farming systems. To further enhance the model robustness and 
applicability, future work should focus on expanding the dataset to include more diverse soil-climate 
regions (quantitative data) and growth stages, while integrating additional spectral indices. These 
steps are crucial for the development of a robust and adaptable prediction system.

Conclusions

This study demonstrated the potential of satellite data combined with advanced modelling approaches 
to accurately predict winter wheat yield. 

Figure 3. AIC development during backward regression steps.
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The SVM model outperformed the multilinear regression model (R²=0.80, MAE=0.58 t/ha), 
demonstrating its utility for precision agriculture. Key factors influencing yield variability included 
REIP values, soil productivity indices, and temperatures. While the method showed promising 
results, further improvements could be realized through the incorporation of later growth stages 
and the expansion of datasets to cover a more diverse range of soil and climate conditions. These 
enhancements will contribute to the support of sustainable and efficient farming practices.
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