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What is a « crop yield »?

Amount of crop product per unit area of land:

- Tons of wheat grain per ha
- Tons of corn grain per ha
- Tons of biomass per ha
- Tons of sugar per ha
- Kcal per ha
- Gj per ha
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Yield losses and gains in 2018 in Europe
https://doi.org/10.1098/rstb.2019.0510

https://doi.org/10.1098/rstb.2019.0510
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Crop yield variability

Heavy rainfall and 
plant diseases in 
2016



doi.org/10.1038/s41467-018-04087-x
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Crop yield variability

Drought in 2012



Prices are impacted by yield shocks



Who predict crop yields?

•Private companies
•Public organizations
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2 1989 22.7 21.4 5.4 5.8 -0.4 No
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𝑌 = 𝑋𝜃 + 𝜀
Yield anomaly

Weather & soil variables
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Penalized regression (LASSO)
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Prediction of oilseed rape yields in Denmark

Monthly inputs Fortnightly inputs

Sharif et al. (2017)

Moindres carrés 
pénalisés

https://doi.org/10.1016/j.eja.2016.09.015

https://doi.org/10.1016/j.eja.2016.09.015
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If X1> T, Z=« yes »
otherwise, Z=« no » 
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Binary classification rule based on one single index:



Z~𝐵𝑒𝑟𝑛 𝜋
𝑙𝑜𝑔𝑖𝑡 𝜋 = 𝑋𝜃

Weather & soil variables

Locati
on

Year Weather
variable 

X1 

Weather
variable 

X2

… Yield Yield 
trend

Yield
anomaly

Y

Severe
yield loss

Z
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Binary variable

Prob. of severe
yield loss

Classification based on 
combinations of several variables



Accuracy of classification rules (AUC)

Wheat Maize

Indices

Time periods

https://doi.org/10.1016/j.agrformet.2016.01.009

https://doi.org/10.1016/j.agrformet.2016.01.009
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Match Tool ® : A tool for probabilistic expert elicitation



Individual elicitation
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Elicitation of group of experts: https://licite.fr/licite/
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https://licite.fr/licite/
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𝑌 = 𝑋𝜃 + 𝜀

Yield forecast in new sites and/or years
after model fitting

Vegetation indices 

SATELLITE



Maize yield

Index fAPAR

Site 1

Site 2

Site 3

Lopez-Lozano et al. 2015
https://doi.org/10.1016/j.agrformet.2015.02.021
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WOFOST: process-based model used for crop yield forecast in Europe



Wheat yield in Czech Republic

https://doi.org/10.1016/j.agsy.2018.05.002

Ceglar et al. 2019

https://doi.org/10.1016/j.agsy.2018.05.002
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Advantages of machine learning

• Flexible and data-driven -> low bias

• Take nonlinear responses and interactions into account

• Can combine different types of information
üClimate inputs, 
üSoil characteristics
üCropping practices
üRemote sensing data
üProcess-based model simulations

• Can be trained from official yield statistics

• Accuracy can be easily evaluated



Example: Two-month ahead yield forecasts in Europe



Algorithms tested

- Ridge
- SVM
- K-nearest neighbors regression
- Gradient boosting decision trees



Paudel et al. 2022
/doi.org/10.1016/j.fcr.2021.108377

https://doi.org/10.1016/j.fcr.2021.108377


• Four categories of features
üProcess-based model simulation outputs, 
üWeather observations, 
üRemote sensing indicators,
üSoil water holding capacity.

• Output
üYield



Features

Paudel et al. 2022
/doi.org/10.1016/j.fcr.2021.108377
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Features selection & Hyperparameter optimisation Test

Paudel et al. 2022
/doi.org/10.1016/j.fcr.2021.108377
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Predicted wheat yield classes vs. Observed yield classes in 2016
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https://doi.org/10.1016/j.fcr.2021.108377


Predicted wheat yield classes vs. Observed yield classes in 2016
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Conclusions

• Various types of information are available to predict yields
• Traditional methods based on regression and process-based models

often fail to capture extreme yield loss occurrences
• Machine learning is attractive but does not always perform better
• Extreme yield loss events are still very difficult to predict

• Why? Short yield time series!



Perspective

• Try to predict agricultural prices directly, not yields
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