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Introduction

e Crop yield prediction is key for addressing food security.

e \We developed operational ML models to forecast
national-level yields for 17 staple crops in 87 countries
using FAOSTAT yield data (3 main crops per country).

e Model outputs support GIEWS analysts to forecast
yield/production for early warning.

e Can Earth observation data, meteorologic information,
socio-economic indicators and conflict data help?

Data

Input type |Tested Variable Time Span |Temporal Spatial Reference
(Since) Resolution Resolution
Meteo Solar Radiation 1984 dekad 30 km JRC-ASAP/ERAS
Precipitation (rainfall) |[1984 dekad 30 km JRC-ASAP/ERAS
Temperature 1984 dekad 30 km JRC-ASAP/ERAS
EO NDVI 1984 dekad 1 km FAO-ASIS
FPAR 2001 dekad 500 m JRC-ASAP
Soil Moisture 1978 dekad 30 km C3S - Gap Filled
Conflict Fatalities per country |[1989 dekad country Uppsala (UCDP)
Socio- Crop Prizes 2000 monthly country FAO, IGC
economic Fertilizer Cost World Bank
GDP per capita 1980 annual country World Bank/IMF
Variable Description

Crop Mask JRC: world-cereal, SPAM, ASAP, GLAD soybean, IRRI rice
(up to 3 per country, 500-m spatial resolution)

space) & Reliability flag

Crop Calendar |JRC: FAO-GIEWS crop calendar adjusted according to FPAR phenology (SOS-EOS

Soil properties |VWWISED30sec database

Irrigation FAQO Global map of irrigation areas v5.
Percentage

Methods

Models: Linear Regression, Random Forests, Gaussian
Processes.

Forecasts triggered at 75% of the crop growth cycle.
Validation: Leave-One-Year-Out.

Baseline: trend-only model, uses yield from previous 3
reported years as input.

Metrics: NRMSE, R?, BTT/PC drops (in-house, focus on
yield loss years - see graphics below).

BTT-Drops: Better than trend at yield drops
(Reported percentage of cases)
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A ML-based vield prediction model developed to Results
support FAO GIEWS analysts — It delivers forecasts Can we do better than a model based on only using yield from previous years?

and underlying drivers through contextual data like

Maize Results Rice Results Wheat Results

socio-economic and contlict indicators, enriching — - -
satellite-based assessments.
Best Prediction Strategy by Country for Maize (corn) + + +

Overall Results

Best Strategy

For all 198
crop-country
combination,
we are better
than the
baseline in
00% of cases.

Positive sign indicates
results are better than
the trend-only model
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Discussion
e Despite the data-scarce context, ML models
0 4

can support early yield assessment.
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e Feature importance helps to uncover the
factors behind yield changes.

e Socio-economic and conflict data can
enhance prediction in specific contexts.

e Next phase will evaluate models In
operational context.
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