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Introduction

Operational yield forecasting often relies on environmental indicators such as precipitation or FPAR derived from remote sensing. These models require auxiliary data to accurately extract indicators
over cropland areas. However, available land cover masks are generally not crop-specific, limiting accuracy for specific crops, especially those important for subsistence agriculture. This work
addresses that gap by creating high-resolution, crop-specific Area Fraction Images (AFls) at 500m resolution for 25 globally important crops. These AFls are intended to support improved yield
forecasting and food security monitoring globally.

Methods
4 a 4 D 4 A 4 D 4 a 4 D 4 D
: : . : AFI constraining using Country-based o .
Data Preparation _> Resampling _> Area Fraction Calculation _> _> _> Mosaicking _> Crop-Specific AFls
temporary crops mask best product selction
o J . y, . J . y, o J . y, . J

© European Union, 2025

To construct high-resolution crop-specific Area Fraction Images (AFls), we integrated a variety of geospatial datasets with different spatial resolutions, temporal coverages, and crop specializations.
The approach centered around harmonizing and refining these inputs into a globally consistent 500m grid, matching the resolution of the ASAP monitoring system AFIs?.

We began by selecting five core data sources: binary crop-type specific masks (WorldCereal? for maize and winter/spring cereals, IRRI® for rice, and GLAD# for soybeans), the model-based SPAM
2010 and 2017 area allocation products>, and the non-crop specific ASAP AFl, which served also the purpose of constraining layer. For binary datasets, crop AFs were calculated by determining the
proportion of pixels classified as the target crop within the 500m cells. For the SPAM datasets, we extracted and aggregated layers according to FAO® definitions and expressed each as a fraction of
total food crops per cell. All datasets were reprojected onto the 500m resolution grid, with additional refinement performed by constraining the derived area fractions with the ASAP AFI. This ensured

that crop-specific allocations only occurred within known agricultural areas.

AF constraining logic

To derive crop-specific Area Fraction Images (AFIs) at high spatial resolution, constrain the low resolution
layers using the finer resolution ASAP cropland AFI.

Within each cell, we calculate the crop share (left, A;: area of temporary crops, Aq area of food crops).
From the ASAP layer, we derives the cropland fraction per 500 m pixel (center, A area of the pixel).
Eventually, we computes the final AFI (right, assuming A, = A,).

AFI =j—i .100 = PP, - 100

The final stage involved a country-level product selection process. For each country and each target crop, we compared candidate products against FAOSTAT-reported crop area averages over the
2012-2022 period. Each country-crop pair was assigned a product based on the lowest absolute deviation. In the case of missing data, the highest resolution product was assigned by default.
Finally, a spatial mosaicking process was performed, to derive the harmonized set of 25 crop-specific AFls,

Results

We generated crop-specific Area Fraction Images (AFIs) for 25 crops globally. The dataset selection process prioritized low to middle-income countries® and top-ranked temporary crops, ensuring the
greatest relevance for food security. These products are optimized for use in operational yield forecasting systems, Crops covered are: Cereals: Wheat, Barley, Oats, Maize, Rice, Millet, Sorghum;
Roots & Tubers: Cassava, Yams, Potatoes, Sweet Potatoes; Oilseeds & Pulses: Sesame, Groundnuts, Soybeans, Cowpeas, Sunflower; Others: Vegetables, Other Pulses, Cereals n.e.c.

Out of 290 country-crop pairs analyzed, 270 were retained. Pairs were considered valid if: Absolute deviation from FAOSTAT’ was <50%, or the estimated crop area was > 25,000 ha (100 pixels at
500m resolution). Approximately 55% of these combinations fall within a 0-339% deviation range, and 73% within 0-5009, indicating good agreement in many cases. The top-performing crop-
country pairs (mostly in Africa and Asia) show deviations below 7%.
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