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Crop yield forecasting in support to food security monitoring

Data constrained settings
Sub-national yield forecasting for single countries

Use of official yield statistics aggregated at admin level

Stakeholders: national authorities, food security initiatives
(GEOGLAM)

Sample size

National yield forecasting for 91 countries:

Use of country reported statistics at national level (FAOSTAT)
Stakeholders: FAO-GIEWS, EC-JRC, GEOGLAM, IPC

Data for both systems are sourced from the JRC Anomaly
hotSpot of Agricultural Production (ASAP) on-line Early
Warning system

agricultural-production-hotspots.ec.europa.eu
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Sub-national YF, data & methods
Predictors: JRC-ASAP (10 days time step) Auxiliary data:

Cropland masks and

ASAP - Anomaly Hotspots of Agricultural Production

Input type Variable From Source crop specific masks
= FPAR 2001 MODIS/VIIRS ~ ~roP calendars
Soil moisture 1978 C3S ”
Precipitation 1984 CHIRPS Statistics openly available on ASAP website: (https://agricultural-
Meteo Temperature 1984 ECMWE production-hotspots.ec.europa.eu/download.php)
Sorradision 1984 ECMWF

Yield forecasting with machine learning and small data: What gains s
for grains?
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Sub-national YF, example results

South Africa, Summer crops (Maize, Soybeans, Sunflower), Time of forecast: early April (75 % of season)

Hindcasting performances

Maize_total

Yield [t/hal

6 - @ Tbserved

Model
Null_model
Trend
PeakNDVI
Tab
ML
BestByAdmin

ML BestByAdmin
rRMSE p = 7.37

GPR, OHEau, YT
rs_sm_reduced
MRMR: 50

Crop: Maize _total. Ope type:
best accuracy. Hindcasting: R2 = 0.92,
RMSE = 0.3, rRMSE % = 6.44

=~ Pedicted

e

ML models outperform
benchmarks

TabPFN provides comparable
performances

April 2026 Forecasts

Maize_total, South Africa, aggregated yield forecast (area weighted) = 6.11,
% difference with last avail. 5 years = 4.16,
year: 2026, data up to month: 3, season progress: 75%
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National YF, data & methods

Collaboration between JRC, FAO-GIEWS, and UVEG \%
Started in 2024

Objective: Set up of an operational system covering 91 food

security relevant countries serving JRC-Food Security Unit and
FAO-GIEWS

Predictors: Auxiliary data:
JRC-ASAP EO and agromet Cropland masks and
Conflicts (UCDP) crop specific masks
GDP (WB) Crop calendars

ML workflow:
Aggregate predictors over the season
Parsimonious ML model selection in CV
Error metrics and explainability (SHAP)

Food and Agriculture
Organization of the
United Nations

Lrrams
VNIVERSITAT
BFVALENCIA

Test version on the ASAP system

Yield forecast
Salecta sourtry




Crop Yield (kg/ha)

National YF, example results

Maize — Model performance across countries

. Countries ordered by 5-year average production

Overall prediction quality

Example for Maize (50 e
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Countries ordered by production from lowest (left) to highest (right)
Maize (corn) Yield in Argentina with 1D:166 using RLR for cropmask option1 =@~ Actual Crop Yield
( ) 9 9 p P ) P Global Feature Importance (Test SHAP values)
—&- Predicted Crop Yield
Input features: —m : Maize — Argentina Mean |SHAP
['last_yieldave&', 'asap:fpar_max’, 'sma’] > Baseline MI_' Reference 2.0 ! :
== 5-Year Moving Average ] mm FPAR
8000 —t — . — SM
H Yield drop & model better than baseline 15 . m— Lagged-yield 052
s — — Yield drop & baseline better than model — .
6000 1 1 I abs(Model error) = 15% 10 - I . I
- 11 1 1 o -
= | Lo | 1 abs(Model error) > 15% o 0% I u l . -l
! 1 ! 14 —
4000 1 1 1 [ 3 0.0 - —_— .n-__-.g i 1] I - l . 0.39
I [ I 1ol Model Stats: @ — '.. I - m | |
2000 | - | - NRMSE: 5.52 05 I B ol
| . | . MAPE: 4.75 m e I
i Lo i Lo R2:0.79 Baseline Stats: 0 l B
0 1 L1 1 L1 RMSE: 374 45 NRMSE: 13.12 n 0.24
MAE: 313.03 MAPE: 11.08 _
2000 2005 2010 2015 2020 BTB-all 65.22% R2- -0.16 15
Year BTB-drops: 83.33% RMSE: 889.51
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Anticipating yield forecast with seasonal climate forecasts

Forecast data: ECMWF SEASS precipitation and temperature seasonal forecasts (7 months
horizon, 36 km resolution)

Use of observation ASAP data up to the time of forecast + future

Obs Future weather ul
I I I > time weather for the remaining part of the season -
S0S Forecast EOS Use of observational data as forecast to understand utility of
time future weather
coymeans Use actual SF to evaluate operational performances
Sub- 25‘:::::::::::::5::::::::::::::::::::::: Estimator National YF, Kyrgyzstan (10% of season)
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Conclusions

Subnational YF
Running on selected countries
Joining NASA-Harvest operational model intercomparison initiative

National YF
Running on 91 countries
Public operational implementation to be deployed (Q3 2026)

Tabular foundational model (TabPFN) achieves similar performances but does not outperform ML.
However, it simplifies and speed up to workflow, making it suitable for application in regional
institutions with limited ML expertise.

Seasonal Forecasts provide improvements for early forecasts.

Despite good hindcasting accuracy, in-season forecasts may be poor in specific real-world
conditions (e.g. unobserved driver coming into play). Model outputs should be reviewed by
analysts.
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