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Abstract. In-season, pre-harvest crop yield forecasts are essential for enhancing transparency in commodity
markets and improving food security. They play a key role in increasing resilience to climate change and extreme
events and thus contribute to the United Nations’ Sustainable Development Goal 2 of zero hunger. Pre-harvest
crop yield forecasting is a complex task, as several interacting factors contribute to yield formation, including
in-season weather variability, extreme events, long-term climate change, soil, pests, diseases and farm man-
agement decisions. Several modeling approaches have been employed to capture complex interactions among
such predictors and crop yields. Prior research for in-season, pre-harvest crop yield forecasting has primarily
been case-study based, which makes it difficult to compare modeling approaches and measure progress system-
atically. To address this gap, we introduce CY-Bench (Crop Yield Benchmark), a comprehensive dataset and
benchmark to forecast maize and wheat yields at a global scale. CY-Bench was conceptualized and developed
within the Machine Learning team of the Agricultural Model Intercomparison and Improvement Project (AgML)
in collaboration with agronomists, climate scientists, and machine learning researchers. It features publicly avail-
able sub-national yield statistics and relevant predictors, such as weather data, soil characteristics, and remote
sensing indicators, that have been pre-processed, standardized, and harmonized across spatio-temporal scales.
With CY-Bench, we aim to: (i) establish a standardized framework for developing and evaluating data-driven
models across diverse farming systems in more than 25 countries across six continents; (ii) enable robust and
reproducible model comparisons that address real-world operational challenges; (iii) provide an openly acces-
sible dataset to the earth system science and machine learning communities, facilitating research on time se-
ries forecasting, domain adaptation, and online learning. The dataset (https://doi.org/10.5281/zenodo.11502142,
Kallenberg et al., 2025) and accompanying code (https://doi.org/10.5281/zenodo.20456375, Kallenberg et al.,
2026) are openly available to support the continuous development of advanced data driven models for crop yield
forecasting to enhance decision-making on food security.

1 Introduction

The global food system faces significant challenges, includ-
ing unequal access to resources and volatile markets, despite
advancements in agricultural production (Ambikapathi et al.,
2022; Zhang et al., 2022; Chen and Villoria, 2022; Zelingher
and Makowski, 2023; Schneider et al., 2023a) To enhance
food security policies, experts have emphasized the need for
improved data, maps, and predictions (Mehrabi et al., 2022;
Ennaji et al., 2023; Fanzo, 2024). Pre-harvest yield forecasts,
in particular, play a critical role in enhancing global market
transparency and enabling decision-makers to plan and re-
spond effectively to potential food shortages, especially in
the face of a changing climate (Becker-Reshef et al., 2020;
Tanaka et al., 2023; Stuart et al., 2024).

Crop yield forecasts are produced by both private enti-
ties and government institutes using field surveys, process-
based crop models (Gavasso-Rita et al., 2023), and data-
driven methods. The latter include statistical regression (e.g.,
linear models with predefined assumptions) and machine
learning (e.g., random forests, neural networks) (Basso and
Liu, 2019; Schauberger et al., 2020; Paudel et al., 2021).
Commonly used predictors are weather, soil moisture, crop
productivity, and remotely-sensed vegetation health indi-
cators. Data availability determines the yield forecasting
modeling setup and the selected spatial scale, which can
range from national to sub-national and field levels. For
example, the European Commission’s Joint Research Cen-
tre (EC-JRC) regularly produces national crop yield fore-
casts for the EU and surrounding countries using crop mod-
els, agro-meteorological analyses and the expertise of an-
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alysts (van der Velde and Nisini, 2019). In India, the Min-
istry of Agriculture generates multi-season crop production
forecasts for major crops from remote sensing and agro-
meteorological data using statistical and crop models (Singh
et al., 2022). In the United States, the USDA’s National Agri-
cultural Statistics Service (NASS) publishes monthly crop
forecasts on a multi-stage administrative scale, primarily
based on in-field surveys (Good and Irwin, 2003). Data for
sub-national crop yield forecasting, which focuses on higher
resolution administrative units (e.g., regions, provinces) and
captures spatial yield variability within a country (Meroni
et al., 2021; Paudel et al., 2022), is crucial for targeted food
security planning. Such data is usually publicly available, but
compiling them for many countries is challenging due to dif-
ferences in collection and reporting protocols, including lan-
guage and data format.

Traditionally, crop yield prediction has been based on bio-
physical process based crop models, grounded in decades of
agricultural knowledge. Their challenges in parametrization
(He et al., 2017; Wallach et al., 2021; Seidel et al., 2018)
however limits scalability and their reliance on first prin-
ciples hinders significant improvements in forecasting ac-
curacy (van der Velde and Nisini, 2019). Machine learning
methods offer promising alternatives, capturing processes
not fully covered by biophysical models. However, they typ-
ically require high-quality datasets covering large areas and
multiple years. Several review articles (Chlingaryan et al.,
2018; Kamilaris and Prenafeta-Boldú, 2018; Liakos et al.,
2018; Van Klompenburg et al., 2020; Benos et al., 2021;
Oikonomidis et al., 2022) have highlighted promising perfor-
mance of machine learning methods, including deep learn-
ing, for pre-harvest yield forecasting (Schlenker and Roberts,
2009; You et al., 2017; Khaki et al., 2020; Mateo-Sanchis
et al., 2021; Paudel et al., 2022; Fan et al., 2022; Liu et al.,
2022; Lesk et al., 2022; Paudel et al., 2023b; Vijverberg et al.,
2023; Ma et al., 2023; Priyatikanto et al., 2023; Ennaji et al.,
2024). However, the data and code used in such studies are
not always available, and the diversity in evaluation proce-
dures, metrics, and datasets makes intercomparison and syn-
thesis of results difficult. As a result, the research community
is unable to reproduce results and compare the strengths and
weaknesses of different methods across crops and regions.

To better understand the specific strengths and weak-
nesses of data-driven methods for pre-harvest yield forecast-
ing, and to drive future research progress, well-documented
benchmark datasets compiled by domain experts are vital
(Tsaftaris and Scharr, 2019; Dueben et al., 2022; Rolnick
et al., 2024; Sweet et al., 2025). While benchmark datasets
can focus on specific regions or tasks, geographic diversity
is a particularly valuable property for agricultural machine
learning. Crop yield is influenced by highly variable and
region-specific factors such as climate, farming practices,
soil properties, and socioeconomic conditions. Datasets that
span multiple countries and agro-ecological contexts help en-
sure that models are robust, transferable, and better equipped

to generalize beyond well-studied regions (Richards et al.,
2023; Tzachor et al., 2022). Including underrepresented or
data-scarce regions also promotes research equity and al-
lows the community to address the full spectrum of chal-
lenges in global food production (Nakalembe and Kerner,
2023). In addition to producing accurate forecasts, models
must be reliable in real-world settings for adoption by stake-
holders (van der Velde and Nisini, 2019). The evaluation
metrics should closely represent the needs of stakeholders
and allow a more granular breakdown of model performance
(Thomas and Uminsky, 2022; Burnell et al., 2023) – for ex-
ample, the model’s ability to capture yield variability in years
with climate extremes (Watson, 2022). To avoid overestima-
tion of model skill, the evaluation procedure must take into
account the specific challenges arising from the use of spatio-
temporal data that does not satisfy independent and iden-
tically distributed assumptions (Meyer and Pebesma, 2022;
Sweet et al., 2023; Kapoor and Narayanan, 2023; Richetti
et al., 2023).

A few research works have compiled benchmark-like
datasets that include components related to crop yield pre-
diction. SustainBench (Yeh et al., 2021) includes a bench-
mark dataset for crop yield prediction, and targets end-of-
season prediction for only one crop (soybean) in three coun-
tries (United States, Brazil and Argentina). Another public
dataset is CropNet (Lin et al., 2024), which only covers the
United States. Similarly, there are ongoing efforts to pro-
duce a multi-task benchmark dataset which includes yield
prediction in the USA as a sub-task (Höhl et al., 2023).
Apart from these, other available data contributions include
yield statistics only (Lee et al., 2025; Potter, 2019; Ronchetti
et al., 2024; Duden et al., 2024; Argentina, 2016; Australia,
2024; Brazil, 2022; China, 2024; India, 2024; Mexico, 2019)
or sample data published with articles (Khaki et al., 2020;
Fernandez-Beltran et al., 2021; Paudel et al., 2021, 2023b)
without releasing the full datasets.

We present CY-Bench, a comprehensive dataset and
benchmark for sub-national crop yield forecasting, covering
thirty-eight countries for maize and twenty-nine countries
for wheat across six continents. Here, sub-national refers
to the administrative levels for which official crop statis-
tics are published. Crop yield refers to the end-of-season
yield reported in the statistics; and forecasting refers to the
production of end-of-season yield estimates with a certain
lead time before harvest (e.g., mid-season or 30 d before har-
vest). Thus, the dataset combines sub-national yield statistics
with relevant predictors, such as growing-season weather,
remote sensing indicators, and soil properties. The novelty
of our contribution lies in the integration, harmonization,
and standardization of multiple disparate sources into a sin-
gle, analysis-ready benchmark. To our knowledge, this is the
first publicly available dataset that enables consistent model
comparison for sub-national yield forecasting across such a
broad set of regions and production systems. Key novel as-
pects include: (i) facilitating benchmarking across countries
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rather than single-country datasets, filling a gap recently em-
phasized in the literature (Davis et al., 2025; Sweet et al.,
2025); (ii) harmonization of yield statistics, weather, soil, and
remote sensing predictors with consistent spatial and tem-
poral alignment; (iii) broad geographical coverage, explic-
itly including low- and middle-income countries that are of-
ten underrepresented in benchmarks; and (iv) development
in collaboration with agricultural experts, climate scientists,
and machine learning researchers from the AgML commu-
nity (https://www.agml.org/, last access: 30 May 2026) who
guided the selection and alignment of key variables and data
sources and contributed to designing the dataset with bench-
marking needs in mind. CY-Bench thus lowers the barrier
to entry for machine learning researchers in this crucial ap-
plication area, facilitates model intercomparison across di-
verse agricultural systems, and promotes reproducibility and
transparency in agricultural forecasting. By providing an in-
tegrated, expert-curated benchmark, our work complements
existing datasets that are either crop- or country-specific and
enables the community to develop and evaluate forecasting
tools that can support decision-makers in food security plan-
ning worldwide.

2 Dataset construction

CY-Bench is a benchmark dataset to train and evaluate crop
yield forecasting models that produce in-season forecasts
with a certain lead time ahead of harvest. The benchmark in-
cludes a comprehensive set of predictors that are known to be
important drivers of crop yield. Crop yield is determined by
the complex interaction of genetics (G), environmental con-
ditions (E), and management decisions (M), commonly re-
ferred to as G×E×M. Genetics (G) includes factors such as
genotype, phenotype, and cultivar; environmental conditions
(E) encompass both abiotic factors (e.g., climate, soil) and
biotic factors (e.g., pests, pollinators); and management de-
cisions (M) involve farm practices like tillage, sowing dates,
irrigation, and fertilization (Liliane and Charles, 2020). Tech-
nological advancements, including genetic improvements,
better farm inputs, machinery, and enhanced management
practices, have all contributed to increased yields over time
(Liliane and Charles, 2020). These advancements are often
reflected in the yield trend (Lecerf et al., 2019). At the sub-
national spatial scale, data on genetic differences (e.g., cul-
tivars) and farm management practices, with the exception
of planting and harvest dates, are often not available. There-
fore, previous studies of crop yield forecasting also com-
monly rely on environmental factors, crop calendar infor-
mation (planting and harvest dates), and yield trend (You
et al., 2017; Khaki et al., 2020; Paudel et al., 2021). Fac-
tors not explicitly captured in CY-Bench but known to influ-
ence end-of-season yields are biotic stressors (e.g., pests and
diseases), farm management choices (e.g., irrigation, fertil-
ization, cultivar selection), and socioeconomic factors (e.g.,
market prices, labor availability, and policy changes).

2.1 Data sources selection

In the absence of benchmark datasets like CY-Bench, mod-
eling crop yield involves numerous uncertainties regard-
ing data sources and quality. The data collection and pre-
processing protocols of many predictor datasets, cropland
or crop type maps, crop calendars and official statistics are
important to select suitable data sources. Each data source
has strengths and limitations related to spatial and tempo-
ral resolutions and coverage, sampling methods and gap-
filling strategies. After data source selection, predictor data
from diverse spatial resolutions needs to be aggregated (to
the level of yield statistics), which can lead to informa-
tion loss. In constructing CY-Bench, we engaged a diverse
community of researchers to weigh the benefits and limi-
tations of data sources for each type of data necessary to
produce crop yield forecasts. The outcome is a curated set
of sources, including alternative and our justifications for
picking one data source over another. The selection pro-
cess was guided by several principles: (i) global coverage,
(ii) public accessibility, (iii) regular updates (except for in-
herently static datasets), (iv) near real-time availability, and
(v) demonstrated relevance for crop growth and develop-
ment. A summary of these decisions is provided in the dedi-
cated data sections of this paper, while a more comprehensive
overview, including specific benefits and limitations of each
dataset considered, is available in our online documentation
(https://doi.org/10.5281/zenodo.20456375, Kallenberg et al.,
2026). Each selected dataset is further described in accom-
panying data cards, which provide links to sources, reports,
and related publications.

2.1.1 Weather and soil moisture data

Weather is a key driver of crop yield variability (Frieler et al.,
2017), as it influences plant growth, development, and phys-
iological processes through factors such as temperature, pre-
cipitation, and radiation. Derived weather variables such as
vapour pressure deficit and evapotranspiration provide addi-
tional information on crop water demand and stress, which
can improve yield prediction (López et al., 2021; Tadesse
et al., 2015). Precipitation affects soil moisture availabil-
ity, and evapotranspiration which is strongly influenced by
vapour pressure deficit, governs water loss and stress risk.
Although actual evapotranspiration would be preferred over
reference evapotranspiration, the former is crop-dependent
and not readily available at a global scale.

Temperature (temp), precipitation (prec), radiation
(rad), reference evapotranspiration (ETo), and vapor pres-
sure deficit (VPD) were selected from AgERA5 (Boogaard
et al., 2022), which provides daily data at a 0.1° (∼ 11 km)
spatial resolution. AgERA5 offers agrometeorological indi-
cators from 1979 to the present, derived from ERA5 reanal-
ysis and is tailored for agricultural studies. Its key benefits
include high-quality data with near real-time updates (i.e.
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lag of ∼ 2 weeks), comprehensive documentation, and free
access via the Copernicus Climate Data Store (CDS, https:
//cds.climate.copernicus.eu/#!/home, last access: 30 May
2026). Other datasets, such as PRISM, GridMET, Terra-
Climate, MSWEP, and CPC, have limitations including re-
stricted geographic coverage, coarser temporal or spatial res-
olution, and fewer variables. A detailed comparison of candi-
date datasets and trade-offs is available on our Zenodo repos-
itory (https://doi.org/10.5281/zenodo.20456375; Kallenberg
et al., 2026).

For soil moisture, we selected surface soil moisture (SSM)
and root-zone soil moisture (RSM) from the Global Land
Data Assimilation System (GLDAS) dataset (Rodell et al.,
2004). This dataset represents gridded and global soil mois-
ture data developed by integrating satellite- and ground-
based observational data products, using advanced land sur-
face modeling and data assimilation techniques. The dataset
is available from 2003 to present, and can be freely down-
loaded from Goddard Earth Sciences Data and Informa-
tion Services Center (GES DISC; https://disc.gsfc.nasa.gov/
datasets?keywords=GLDAS, last access: 30 May 2026). It
has a temporal resolution of one day, and a spatial resolution
of 0.25° (∼ 28 km). An alternative dataset is the Global Land
Evaporation Amsterdam Model (GLEAM) (Miralles et al.,
2025), but it is typically updated only once a year and is cur-
rently available only until December 2023.

2.1.2 Remote sensing data

Remote sensing indicators of crop biomass and health in-
clude vegetation indices, such as the normalized difference
vegetation index (NDVI) and enhanced vegetation index
(EVI), as well as biophysical metrics like the fraction of ab-
sorbed photosynthetically active radiation (fPAR) and leaf
area index (LAI). Sub-national yield forecasting requires
long-term time series of these indicators, coupled with fre-
quent satellite revisits to ensure cloud-free imagery. These re-
quirements practically limit options to the coarse-resolution
missions MODIS and its successor, VIIRS. While MODIS
data can be directly downloaded from NASA Land Processes
Distributed Active Archive Center (LPDACC), the raw veg-
etation indices and biophysical variables are often of low
quality due to issues like cloud cover. These limitations re-
quire further screening, gap-filling, and corrections. Further-
more, additional processing, which includes the use of qual-
ity flags and the application of temporal smoothing proce-
dures, is time-consuming and complex. These challenges be-
come even more pronounced when processing near-real-time
data, which is essential for operational yield forecasting.

In view of an operational deployment of sub-national yield
forecasting, we selected two analysis-ready operational prod-
ucts representing crop biomass and health: fPAR and NDVI.
fPAR is provided as dekadal (10 d) data with a spatial reso-
lution of 0.0045° (500 m), utilizing gap-filled and smoothed
MODIS and VIIRS datasets. This data is sourced from

EC-JRC (https://agricultural-production-hotspots.ec.europa.
eu/data/indicators_fpar/, last access: 30 May 2026), and its
quality is being evaluated in Seguini et al. (2026). NDVI,
a key indicator of vegetation greenness, is derived from
MOD09CMG (Vermote, 2015), available from NASA LP-
DACC. The data is prepared as an eight-day composite, se-
lecting the pixel with the highest quality for each composite
period. This interval offers a practical compromise: shorter
composites tend to be noisier due to clouds, while longer in-
tervals risk missing short-term vegetation dynamics and phe-
nological changes. The data is provided at a spatial resolution
of 0.05° (∼ 5 km). The quality of this NDVI product has been
evaluated in Meroni et al. (2019).

While NDVI can saturate under dense canopies, alterna-
tives such as EVI and GCVI overcomes this limitation. We
chose to focus on fPAR and NDVI because of their extensive
use in crop yield studies, their direct link to canopy struc-
ture and light interception, and their availability as analysis-
ready products. Moreover, EVI relies on empirical constants
for canopy background adjustment, which can introduce cal-
ibration challenges across regions (Huete et al., 2002).

2.1.3 Soil data

We selected data from the World Inventory of Soil Emission
Potentials (WISE) project (Batjes, 2016) for static soil prop-
erties. WISE data is constructed using the soil map unit delin-
eations of the broad-scale Harmonized World Soil Database,
overlaid by a climate zones map (Köppen-Geiger) as co-
variate, and soil property estimates derived from analyses
of the ISRIC-WISE soil profile database for the respective
mapped “soil/climate” combinations. The dataset has a spa-
tial resolution of 30 arcsec (0.00833° (∼ 0.9 km)).

While SoilGrids (Hengl et al., 2017; Poggio et al., 2021)
is an alternative, WISE was selected due to its suitability for
agricultural applications. Specifically, WISE data is consid-
ered to be more readily interpretable and provides essential
parameters like soil rooting depth and water holding capac-
ity, which are absent in SoilGrids.

2.1.4 Crop mask and crop calendar data

Crop masks are selected from the European Space Agency
WorldCereal (ESA WorldCereal) project (Van Tricht et al.,
2023), which provides an up-to-date and actively maintained
source for cropland and crop type maps at a spatial resolution
of 0.0045° (500 m). Alternative sources of crop masks in-
clude Anomaly Hotspots of Agricultural Production (ASAP)
from EC-JRC and IIASA (JRC-IIASA) and Global Best
Available Crop Specific Masks (GEOGLAM-BACS) from
the Group on Earth Observations Global Agriculture Mon-
itoring (GEOGLAM). We considered ESA WorldCereal to
be a better choice than the generic cropland layer from
JRC-IIASA because of the availability of crop type maps
for maize and wheat (spring and winter cereals). Although
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GEOGLAM-BACS (Becker-Reshef et al., 2023) provides
crop type maps for maize and wheat (spring and winter ce-
reals), their spatial resolution (0.05°) is lower compared to
ESA WorldCereal (0.00464°).

Crop calendars also come from the ESA WorldCereal
project (Franch et al., 2022). ESA WorldCereal crop calen-
dars combine information from existing global crop calen-
dar products, such as GEOGLAM Crop Monitor, the United
States Department of Agriculture Foreign Agricultural Ser-
vice (USDA-FAS), FAO, and EC-JRC’s ASAP, into a base-
line map and sample them to train a Random Forest al-
gorithm based on climatic and geographic data. They have
global coverage and a spatial resolution of 0.5° (∼ 50 km).
We considered alternative sources, including Food and Agri-
culture Organization (FAO, 2025), GGCMI (Waha et al.,
2012; Minoli et al., 2019), MIRCA (Portmann et al., 2010),
and SAGE (Sacks et al., 2010). However, we selected ESA
WorldCereal primarily due to its global coverage and align-
ment with our crop statistics data. A detailed comparison,
based on crop types, country coverage, spatial resolution,
and data sources, can be found in our Zenodo repository
(https://doi.org/10.5281/zenodo.20456375; Kallenberg et al.,
2026).

2.1.5 Crop statistics data

Crop yield statistics for sub-national administrative levels are
obtained from national statistics offices or regional agencies,
depending on their quality and timely availability. In most
cases, they come from the national statistics offices. For ex-
ample, in the United States, they are published by the Na-
tional Agricultural Statistics Service (NASS) of the United
States Department of Agriculture (USDA). For the European
Union, member countries report statistics to Eurostat. How-
ever, we considered Ronchetti et al. (2024) a more reliable
source than Eurostat, as they follow a harmonization proce-
dure developed by EC-JRC, standardizing crop definitions,
administrative boundaries, and reporting practices to produce
comparable annual yield time series. For Germany, we se-
lected data from Duden et al. (2024) instead of Ronchetti
et al. (2024) because of better temporal coverage (1979–2021
vs. 1999–2020), higher spatial resolution for maize (NUTS
level 3 vs. level 1) and better quality based on consistency
checks (e.g., yield= production/area). For Africa, except for
Mali, data comes from the USAID’s Famine Early Warn-
ing Systems Network (FEWS NET) Data Warehouse via the
HarvestStat Africa dataset. The data was compiled by FEWS
NET and NASA Harvest and harmonized by Lee et al. (2025)
to account for changing administrative boundaries and re-
porting inconsistencies over time. For Mali, we selected
Compagnie Malienne pour le Developpement des Textiles
(CMDT) dataset (ICRISAT Mali, 2018) that provides higher
spatial resolution data at arrondissement-level (administra-
tive level 3). Depending on the country, the term “sub-
national” can refer to administrative division 1 (province,

state, region), division 2 (district), or division 3 (county, mu-
nicipality, commune) (Table 2). When statistics for multiple
administrative levels are available, we select the highest res-
olution.

2.2 Data preparation

2.2.1 Crop yield data (targets)

CY-Bench dataset includes crop statistics from thirty-eight
countries for maize and twenty-nine countries for wheat
(Fig. 3). Coverage maps show that CY-Bench has exten-
sive coverage when layered on top of crop type maps
from ESA WorldCereal, with notable omissions includ-
ing Canada, Ukraine and Russia for wheat and Ukraine,
Uganda and Tanzania for maize. Data preparation for
yield data involved filtering out values that do not meet
certain consistency checks, e.g., yield 6= production/area,
or zero values. The data sources or publications from
which CY-Bench draws the data do additional consis-
tency checks. We refer interested readers to respective data
cards (Pushkarna et al., 2022) in our Zenodo repository
(https://doi.org/10.5281/zenodo.20456375; Kallenberg et al.,
2026) which contains further links to data sources, related re-
ports and publications.

2.2.2 Predictor data

CY-Bench predictor data includes static soil properties and
time series of weather variables, soil moisture indicators
and vegetation indicators (Table 1). Predictor data and yield
statistics often differ in spatial and temporal resolution, re-
quiring further processing to align them effectively. While
such aggregation can mask fine-scale variability or tempo-
ral dynamics, it can also smooth out noise and improve the
stability of predictors (Hoffmann et al., 2016; Paudel et al.,
2023). Weather, ETo and soil moisture data come in daily
time steps. fPAR comes in dekadal time step, with three
values per month (days 1–10, 11–20, 21–31). NDVI data is
available every eight days, with gaps due to cloud cover.

Predictor data is filtered using crop type maps (or crop
masks) from EC-JRC (2024) which are derived from the
ESA WorldCereal project (Van Tricht et al., 2023). This
step restricts predictor data to pixels in harvested crop areas
only. After masking, predictor data is aggregated to match
the boundaries and spatial level of the yield data accord-
ing to the administrative level (Fig. 1). The data preparation
workflow is implemented in a Python script in our GitHub
repository (https://github.com/WUR-AI/AgML-CY-Bench/
tree/main/data_preparation/predictor_data_prep.py, last ac-
cess: 30 May 2026; Kallenberg et al., 2026). We note that
all predictor data retain their temporal resolution from the
original data source, creating a multi-modal dataset.
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Table 1. Overview of the predictor data, crop mask and crop calendar.

Category Data Spatial
resolution

Temporal
resolution

Source

Name Unit

Weather
(time series)

temp
prec
rad
ET0
VPD

°C
mm
J m−2

mm
hPa

0.1° (11 km) daily AgERA5 (Boogaard et al., 2022)

CWB mm 0.1° (11 km) daily Computed as prec – ETo

soil moisture kg m−2 0.25° (28 km) daily NASA GLDAS (Rodell et al., 2004)

Vegetation
(time series)

fPAR
NDVI

%
–

0.0045° (0.5 km)
0.05° (5.5 km)

10 d
8 d

JRC (Seguini et al., 2026)
MOD09CMG (Vermote, 2015)

Soil
(static)

AWC
bulk density
drainage
class

cm m−1

kg dm−3

–

0.0083° (0.9 km) static WISE (Batjes, 2016)

Location
(static)

latitude
longitude

degrees
degrees

static
static

Crop
(auxiliary)

crop mask
crop
calendar

%
day

0.0045° (0.5 km)
0.5° (55 km)

static
static

WorldCereal (Van Tricht et al., 2023; EC-JRC,
2024)
WorldCereal (Franch et al., 2022)

Abbreviations: Temperature (temp), Precipitation flux (prec), Solar radiation flux (rad), Reference evapotranspiration (ETo), Vapor pressure deficit (VPD), Climatic water
balance (CWB), Fraction of absorbed photosynthetically active radiation (fPAR), Normalized difference vegetation index (NDVI), and available water capacity (AWC).

Table 2. Countries and the administrative levels for which CY-Bench data is provided.

Group Country name (country code): Admin level or NUTS Level

EU Austria (AT): 2 Belgium (BE): 2 Bulgaria (BG): 2
(n= 23) Czechia (CZ): 3 Germany (DE): 3 Denmark (DK) : 3

Estonia (EE): 3 Greece (EL): 3 Spain (ES): 3
Finland (FI): 3 France (FR): 3 Croatia (HR): 2
Hungary (HU): 3 Ireland (IE): 2 Italy (IT): 3
Lithuania (LT): 3 Latvia (LV): 3 Netherlands (NL): 2
Poland (PL): 2 Portugal (PT): 2 Romania (RO): 3
Sweden (SE): 3 Slovakia (SK): 3

FEWSNET Angola (AO): 1 Burkina Faso (BF): 2 Ethiopia (ET): 2
(n= 12) Lesotho (LS): 1 Madagascar (MG): 2 Malawi (MW): 2

Mozambique (MZ): 1 Niger (NE): 2 Senegal (SN): 2
Chad (TD): 1 South Africa (ZA): 1 Zambia (ZM): 2

Other countries Argentina (AR): department Australia (AU): ABARES region (sub-state)
(n= 8) Brazil (BR): municipality China (CN): province

India (IN): district Mali (ML): Municipality
Mexico (MX): state United States (US): county
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Figure 1. Overview of the CY-Bench data preparation process.

2.2.3 Additional pre-processing for yield forecasting
models

Here we describe some additional pre-processing imple-
mented in our cybench library that are relevant for build-
ing crop yield forecasting models. Predictor data from dif-
ferent sources come with different temporal coverage. Simi-
larly, they include observations for the calendar year, which
may not capture the crop season. First, we align time series
inputs (weather variables, remote sensing indicators and soil
moisture indicators) to the crop season (see Fig. 2). We de-
fine the boundaries of the crop season as 90 d before the start
of season (the spin-up time) to the end of season in a par-
ticular calendar year and filter out data outside the bound-
aries. Therefore, data from the previous year can be included
in the current calendar year’s crop season and data after the
end-of-season date get pushed to the crop season for the next
calendar year. Furthermore, data towards the end-of-season
are filtered out based on the lead time relative to harvest or
end-of-season. Second, we align the input data sources and
label data to produce a set of data samples that are complete,

i.e. each data sample includes all the relevant predictors for
each time step (or static) and a label.

The time series predictors need further pre-processing dur-
ing modeling. Certain models require time series data to have
the same number of time steps. Therefore, time series inputs
are aggregated to dekadal time steps (days 1–10, 11–20, 21–
30, and so on), taking the mean of most variables, minimum
of minimum temperature, maximum of maximum tempera-
ture and the sum of precipitation flux, climatic water balance
and solar radiation flux. Where the variable is categorical
(such as soil drainage), we take the mode.

To further prepare features as tabular data, time series data
are aggregated in the temporal dimension to create domain-
relevant features. Following expert recommendations we cre-
ate monthly averages of minimum daily temperature (tmin),
maximum daily temperature (tmax), average daily temper-
ature, daily precipitation (prec), cumulative climatic wa-
ter balance (prec−ETo) and surface soil moisture. Simi-
larly, monthly maximum values are calculated for cumula-
tive growing degree days (GGD), cumulative precipitation,
cumulative fPAR and cumulative NDVI. Furthermore, we

Earth Syst. Sci. Data, 18, 3997–4018, 2026 https://doi.org/10.5194/essd-18-3997-2026



M. Kallenberg et al.: CY-Bench: a benchmark for crop yield forecasting 4005

Figure 2. Alignment of time series predictors to the crop season.

Figure 3. Coverage of CY-Bench for maize (38 countries) and wheat (29 countries) overlaid on crop type maps from ESA WorldCereal.
Coverage is extensive, with notable omissions including Ukraine, Uganda, and Tanzania for maize, and Canada, Ukraine, and Russia for
wheat. Some administrative units are covered despite no visible crop mask; an apparent mismatch caused by thresholding of low-percentage
crop mask pixels (e.g., Tasmania contains only a few hectares of wheat).

calculate the number of days in which tmin is less than 0 °C
(“cold days”), days in which tmax is greater than 35 °C (“hot
days”) and days where prec is less than 1 mm (“dry days”).

2.2.4 Future expansion and data integration

CY-Bench currently includes predictor data from 2003
through 2023. Availability of crop statistics varies by coun-
try (see Tables 3, 4). We share yield and predictor data
preparation scripts and notebooks in our Zenodo repository
(https://doi.org/10.5281/zenodo.20456375; Kallenberg et al.,
2026). to make the inclusion of new data possible as it be-
comes available. For example, when crop statistics for new
data years become available for specific countries, the data
preparation pipeline for agricultural yield data can be run for
the crop statistics, and predictor data preparation scripts can

be run for predictor inputs. Expanding the database in the fu-
ture primarily depends on onboarding crop statistics, as the
global availability of input predictors ensures that integrating
additional crop statistics is the only prerequisite for extend-
ing CY-Bench’s coverage.

3 Dataset and task summary

3.1 Dataset overview

CY-Bench covers two main crops, namely maize and
wheat. Depending on the country, the crop names
can refer to different varieties or seasons of maize
and wheat as detailed in our Zenodo repository
(https://doi.org/10.5281/zenodo.20456375; Kallenberg
et al., 2026).

https://doi.org/10.5194/essd-18-3997-2026 Earth Syst. Sci. Data, 18, 3997–4018, 2026
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Table 3. Data size summary per dataset for EU countries.
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Table 4. Data size summary per dataset for other (non-EU) countries.
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3.2 Task

CY-Bench is designed to train and evaluate models for in-
season crop yield forecasting of wheat and maize at the sub-
national level, covering major and underrepresented crop-
growing countries worldwide. Forecasts can be made at mul-
tiple time points from start of season (sos) to end of season
(eos), based on a lead time relative to eos, e.g., middle-of-
season ((eos−sos)/2), quarter-of-season ((eos−sos)/4)
and n-days before harvest. The exact inference time depends
on the crop calendar for the selected crop and region. The
quarter-of-season mark often coincides with crops reach-
ing physiological maturity, while the middle-of-season typi-
cally represents the transition from vegetative to reproductive
growth stages (Lee et al., 2022; Basso and Liu, 2019). The re-
productive period, which includes flowering and grain filling,
is generally the most climate-sensitive phase of the growing
season (Hatfield and Prueger, 2015). By contrast, the veg-
etative phase before mid-season and the senescence phase
after grain filling tend to be less sensitive to climate anoma-
lies, although rainfall during the harvest period can signifi-
cantly impact yield. While quarter-of-season forecasts may
achieve higher accuracy, middle-of-season forecasts balance
accuracy with actionable insights, allowing for management
adjustments during the remainder of the growing season –
something late forecasts cannot provide.

Formal definition

The input data consists of time series inputs (weather, soil
moisture, and vegetation indices) and static inputs (soil prop-
erties). Let xt represent the vector of time series inputs at
time t , where t spans from sos up to the inference point
T . Time series data up to the inference point is represented
as Xsos:T = (xsos,xsos+1, . . .,xT ) and static inputs as z. Each
training or testing sample i corresponds to a specific region-
season pair (r,s). For each training sample i = (r,s), the
input consists of X(i)

sos:T and z(i). The target is the end-of-
season yield Y (i) for the corresponding region r and season
s. The objective is to learn a mapping function f such that
Y (i)
= f (X(i)

sos:T ,z
(i)
;θ )+ ε(i), where θ represents the model

parameters, and ε(i) is the error term.
During testing, the model gets X(j )

sos:T from the start of the
season (sos) up to the inference point T and static inputs
z(j ) for a new sample j = (r ′, s′). The model then forecasts
the end-of-season yield Ŷ (j )

= f (X(j )
sos:T ,z

(j )
; θ̂ ), where θ̂ are

the model parameters learned during training. Model perfor-
mance is evaluated by comparing yield forecasts Ŷ (j ) with
reported yields Y (j ).

Some details that are ignored in the above formulation:

– t can actually start earlier than sos, based on spin-up
time (e.g., 60 or 90 d before sos).

– The temporal resolution can be different for time series
inputs, i.e. the +1 in sos+ 1 represents different time
units.

3.3 Training, validation and test splits

We closely mimic real-world operational settings in the pre-
dictor data used, data pre-processing steps and evaluation
setup. Specifically, we adopt Leave-One-Year-Out validation
(LOYO), which is more appropriate for this type of agricul-
tural problem compared to the random sampling methods
commonly used in prior studies (Richetti et al., 2023), in-
cluding SustainBench (Yeh et al., 2021). Yields from neigh-
boring regions in the same year are typically correlated, so
random sampling can cause data leakage: information from
the same year appears in both training and testing sets. This
violates the independent and identically distributed (IID) as-
sumption and produces overly optimistic performance esti-
mates. LOYO avoids this by holding out an entire year, en-
suring that correlations within that year are only encountered
during evaluation. It also guarantees that extreme yield years
are fully represented, rather than being diluted across random
splits.

Our library computes the following evaluation metrics:
normalized root mean squared error (NRMSE; i.e., the root
mean squared error normalized by the average yield of the
test set), mean absolute percentage error (MAPE), and R-
squared (R2). These metrics are computed by averaging over
all cross-validation test folds (which covers the complete
dataset for LOYO) and all admin regions with a country.

4 Discussion

4.1 Impact

In addition to the relevance for climate change, food secu-
rity and the United Nations’ sustainable development goals,
CY-Bench dataset is relevant to the earth systems science
and machine learning research communities due to its com-
prehensive geographic coverage, capturing diverse agricul-
tural practices and conditions. The inclusion of (indicators
derived from) satellite imagery, weather data, and soil prop-
erties provides a rich, heterogeneous dataset that presents
numerous opportunities for the development of innovative
machine learning methods. An inherent challenge of agri-
cultural data, and crop-yield forecasting specifically, is the
high level of domain knowledge required in collecting and
processing the various data types and defining the task. This
analysis-ready dataset is accessible to modelers who do not
necessarily have expertise in yield forecasting, lowering the
barrier to entry for advanced yield forecasting research and
fostering broader participation and innovation in the field.

To illustrate the potential of CY-Bench for crop yield pre-
diction, we provide initial benchmarking results using sev-
eral machine learning models in the accompanying code
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repository. These results offer a preliminary sense of model
performance across regions and model choices and show that
the predictive value of features in CY-Bench varies. This
highlights the complexity of yield prediction across diverse
landscapes and underscores the importance of CY-Bench as
a standardized benchmark to study these differences system-
atically for data-rich and -sparse regions. While these results
are only illustrative, a full comparison of methods, including
systematic benchmarking and analysis of findings relative to
existing datasets will be addressed in a dedicated follow-up
study. We emphasize that the purpose of CY-Bench is to sup-
port comparative evaluation of modeling approaches under
realistic and widely available data constraints, rather than to
define an upper bound on achievable yield prediction accu-
racy.

Beyond academic research, this dataset can significantly
impact policy-making, agricultural planning, and disaster re-
sponse by enabling the robust evaluation and development of
operational models. Researchers, policymakers, farmers, and
agribusinesses can benefit from the insights derived from this
dataset, leading to better-informed decisions and improved
agricultural outcomes.

4.2 Limitations

We also would like to point out several limitations of CY-
Bench that can also be areas for improvement in future itera-
tions.

1. Some limitations stem from the data sources available
in the public domain.

– The predictors do not capture certain factors that
influence end-of-season yields, such as pests, dis-
eases, and farm management choices. Similarly,
CY-Bench excludes socioeconomic factors such
as market prices, labor availability, and policy
changes. Some of these omitted factors, like crop
varieties and management practices, might exhibit
spatial or temporal correlations. Consequently,
these factors could be partially captured by incor-
porating spatial or temporal embeddings within a
model. Other factors, such as pests, are less likely to
be adequately captured in this way. Including these
variables could provide a more holistic understand-
ing of yield fluctuations and help develop more ro-
bust models. Nevertheless, the availability of such
data on a global scale is typically difficult or often
not feasible.

– The crop masks and crop calendars included in
CY-Bench are static, i.e. they do not reflect yearly
changes. While dynamic, up-to-date masks could
improve data quality, the availability of consistent,
high-quality, global-scale dynamic masks remains
limited – a challenge shared by many yield predic-
tion and benchmarking efforts (Kebede et al., 2025;

Yeh et al., 2021). Regional, high-resolution prod-
ucts exist (e.g., the USDA Cropland Data Layer;
Boryan et al., 2011), but their inclusion would
break the harmonization across countries central
to CY-Bench. We considered incorporating dy-
namic global products, such as the recently released
MIRCA-OS dataset (Kebede et al., 2025). How-
ever, we prioritized spatial precision over temporal
dynamics: MIRCA-OS has a significantly coarser
resolution (0.0833°,∼ 10 km) compared to our cur-
rent mask (0.0045°, ∼ 0.5 km), which introduces
systematic mixed-pixel bias at sub-national scales.
To validate this design choice, we conducted a sen-
sitivity analysis comparing signal variability driven
by mask changes versus natural interannual vege-
tation dynamics (see Appendix A). We found that
the variability introduced by mask changes is minor
(median relative variability≈ 2 %) compared to the
interannual signal variability. For the purpose of re-
gional yield forecasting, the stochastic noise from
a static mask was deemed preferable to the sys-
tematic bias of coarser dynamic masks. Future it-
erations of CY-Bench will evaluate high-resolution
dynamic masks as they become globally available.

– The crop calendar information included in CY-
Bench is limited to start-of-season and end-of-
season dates. More detailed phenological stages,
such as emergence and flowering date, are not cur-
rently represented. Incorporating these intermedi-
ate stages could improve expertise-based feature
design and generate more predictive inputs for yield
forecasting models.

– Government-reported yield statistics can vary in
quality across countries due to differences in data
collection, aggregation, and reporting accuracy. For
a large fraction of the data, we rely on reprocessed
and curated statistics from the relevant national
agencies. For quality control of these data, we re-
fer to the relevant studies and papers that detail
the validation methods applied. Where available,
the data card for each country provides a link to
these references. In addition, we apply basic qual-
ity checks, such as filtering out zero or missing
yields and verifying internal consistency (yield=
production/area). Nevertheless, there is currently
no universally accepted protocol for quality control
or uncertainty assessment of yield data (Davis et al.,
2025). As such, CY-Bench does not include formal
uncertainty estimates for each observation, though
future iterations could incorporate quality indica-
tors based on the source, cropping area, or other
metadata.

– Crop yield forecasting models could benefit from
incorporating weather forecasts (Cunha et al.,
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2018). In our task definition, models cannot ac-
cess data after the lead time and, therefore, can-
not capture conditions that might affect the end-of-
season yields after that point. In the real-life set-
ting, forecasters would have access to weather fore-
casts that may provide useful information. We did
not include weather forecasts in CY-Bench because
the evidence supporting their usefulness is vari-
able (Darbyshire et al., 2020) and there are multi-
ple considerations that need to be discussed before
including weather forecasts: (a) Observed weather
data and forecast data may originate from differ-
ence sources. (b) Some variables, e.g., fPAR and
NDVI, have no forecasts. Strategies for addressing
these gaps are necessary. (c) Weather forecasts from
General Circulation Models (GCMs) typically have
coarse spatial resolutions (50–400 km grid sizes)
and often contain systematic errors or biases that
must be adjusted. Bias correction and downscaling
techniques must be applied using observed histori-
cal records of weather variables, such as precipita-
tion and temperature, to adjust the climate data and
better represent local conditions. (d) Using weather
forecasts for yield prediction would also cause er-
ror/uncertainty propagation from the weather fore-
cast models leading to an increase in overall uncer-
tainty.

2. CY-Bench does not differentiate between irrigated and
non-irrigated systems. These systems can exhibit differ-
ent responses to predictors due to varying water avail-
ability, leading to potential inaccuracies in yield fore-
casts. Our choice was driven by the fact that crop statis-
tics in most countries are rarely reported separately for
irrigated and non-irrigated areas.

3. CY-Bench does not provide process-based crop model
outputs, which could serve as valuable input features for
machine learning models. Additionally, the current fea-
ture aggregation uses fixed time steps rather than adapt-
ing to crop growth stages. Access to crop model out-
puts, which contain information on key phenological
state changes, could enable the development of more ef-
fective, stage-specific features.

4. CY-Bench does not provide raw surface reflectance
but includes vegetation indices (i.e. NDVI – the
most frequently-used index for crop yield forecasting;
Schauberger et al., 2020, and fPAR), that are strongly
correlated with yields (Johnson, 2016). The utility of
high-resolution (10–60 m) satellite images (considering
spatial information without aggregating to administra-
tive units as performed in CY-Bench) for crop yield
forecasting at the sub-national level will result in a mas-
sive data size. In addition, the temporal availability of
such data is not very long (e.g., Sentinel available since

2014/2015). Meanwhile, moderate-resolution satellite
images have been used to forecast crop yields in the
United States (e.g., You et al., 2017), demonstrating an
advantage over time series data. Future work could in-
vestigate the value of satellite images for sub-national
crop yield forecasting at a global level.

5. Finally, the LOYO method of evaluation is used due to
small data sizes in many countries. This approach as-
sumes that all years are independent, which may be too
strong of an assumption if consecutive years have corre-
lated environmental and climatic conditions. Also, man-
agement strategies might affect multiple seasons; for ex-
ample, there is evidence of the impact of crop rotation
from a previous season on yields (Lawes et al., 2022).
While LOYO is a practical compromise for smaller
datasets (allowing maximum use of available training
data while ensuring each year is evaluated), regions
with larger datasets could benefit from forward sliding
(rolling-window) validation, which better mimics oper-
ational forecasting.

4.3 Advancing earth system modeling

We noted a distinct lack of benchmark datasets for agricul-
tural yield forecasting. Still, many recent developments in
the related field of crop type mapping using satellite data
(Rußwurm et al., 2019; Tseng et al., 2021b; Yeh et al., 2021;
Kondmann et al., 2021) are leading to exciting progress in
the development of methods for extracting meaningful pat-
terns from time series of earth observation data (Rußwurm
and Körner, 2018; Rußwurm et al., 2019; Pelletier et al.,
2019; Sainte Fare Garnot et al., 2020). Similarly, some stud-
ies have shown improved model performance for land cover
classification, crop mapping and agricultural yield forecast-
ing using meta-learning and multitask learning (Tseng et al.,
2022, 2021a; Kerner et al., 2020). CY-Bench includes time
series of crop productivity or vegetation health indicators
from earth observation as predictors, and can therefore be
combined with existing crop mapping benchmark datasets to
explore such approaches.

Apart from the downstream task of pre-harvest yield fore-
casting, CY-Bench enables explorations in transfer learn-
ing, domain adaptation, and representation learning to as-
sess whether models can generalize well across diverse ge-
ographic and climatic conditions. We envision at least four
directions for future research. First, transfer learning meth-
ods can be explored to improve model generalization ability
when training on data-rich regions and deploying to data-
sparse regions (Koukos et al., 2024; Coulibaly et al., 2019;
Nowakowski et al., 2021). Second, self-supervised learning
could be used to harness the vast amounts of unlabeled agri-
cultural data available (Wang et al., 2022; Xu et al., 2024). By
training models to recognize patterns and structures within
this data, we can build robust representations that capture
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essential features of agricultural systems. These represen-
tations can then be fine-tuned using the labeled datasets in
CY-Bench specific to each country or crop. For instance,
a self-supervised model trained on satellite images and en-
vironmental data can later be fine-tuned to predict specific
crop yields in various regions, making it a powerful tool for
global agricultural analysis. Third, another important area is
to explore the stability of model predictions against natural
and human interventions. This involves understanding how
factors like extreme weather events, policy changes, or man-
agement practices impact yield forecasts. Causal invariance
learning focuses on identifying and utilizing stable variables
across different environments to ensure robustness and gen-
eralization (Mitrovic et al., 2020; Neophytides et al., 2024).
For example, soil quality and basic climatic factors like tem-
perature and precipitation may have stable relationships with
crop yields. By recognizing variables that consistently im-
pact crop yields regardless of geographic or climatic differ-
ences, it may be possible to build models that are resilient to
distributional shifts and perform reliably across diverse con-
ditions.

5 Code and data availability

The complete code base encompassing data pre-
processing, tools for model construction, training, eval-
uation, and data/metric visualization routines is avail-
able through our publicly accessible Zenodo repository:
https://doi.org/10.5281/zenodo.20456375 (Kallenberg et
al., 2026). A summarizing overview can be found on
https://cybench.agml.org/ (last access: 30 May 2026).
We additionally provide a Python package cybench
that can be installed via the repository to load the
dataset and run CY-Bench. The dataset is available
in Zenodo at https://doi.org/10.5281/zenodo.11502142
(Kallenberg et al., 2025) and is comprehensively doc-
umented using the framework of Data Cards. Each
individual dataset subset is accompanied by a dedi-
cated Data Card located within the data_preparation
(https://doi.org/10.5281/zenodo.20456375) directory of our
repository (Kallenberg et al., 2026). The CY-Bench dataset
and the python library are licensed under EUPL-1.2 (https:
//joinup.ec.europa.eu/collection/eupl/eupl-text-eupl-12, last
access: 30 May 2026), which is compatible with all of the
licenses for the datasets included.

6 Conclusions

Innovative, data-driven approaches are crucial for enhancing
the resilience of food systems to climate change and extreme
events, which is essential for achieving the United Nations’
Sustainable Development Goal 2 of Zero Hunger (Schneider
et al., 2023b). By providing a well-curated dataset designed
for the consistent development and evaluation of large-scale

crop yield predictions, CY-Bench is a step forward in im-
proving the accuracy of yield forecasting. Curated by an in-
terdisciplinary group of experts in agronomy, food security,
climate science and agriculture, this dataset can facilitate in-
creased collaboration between fields and ultimately help to
produce reliable crop yield forecasts to support the decisions
of farmers, policymakers and commodity traders worldwide.
In summary, with CY-Bench we aim to contribute to advanc-
ing earth system sciences by providing a critical resource
for modeling the effects of climate change, extreme events,
and environmental variability on crop yields, while also sup-
porting machine learning research in time series forecasting,
transfer learning, and domain adaptation techniques.

Appendix A: Sensitivity Analysis of Static vs.
Dynamic Crop Masks

A primary challenge in global-scale benchmarking is the
trade-off between spatial resolution and temporal consis-
tency in crop masks. CY-Bench utilizes a static, high-
resolution (∼ 0.5 km) crop mask. To assess the potential er-
ror introduced by neglecting year-to-year changes in cropped
area (e.g., due to rotation or fallowing), we performed a sen-
sitivity analysis using the dynamic, but coarser (∼ 10 km),
MIRCA-OS dataset (Kebede et al., 2025).

We isolated the “mask effect” by calculating the regional
aggregate of a vegetation indicator (fPAR) in two ways for
over 12 000 administrative regions:

1. Signal Variance: The crop mask is held constant, while
the vegetation signal varies according to its observed in-
terannual dynamics.

2. Mask Variance: The vegetation signal is held con-
stant at its climatological mean, isolating the variability
driven solely by annual changes in the crop mask (using
MIRCA-OS 2000–2015).

The analysis revealed that the variability driven by mask
changes is significantly lower than the natural interannual
variability of the crop signal. Specifically, the median rela-
tive variability (defined as the ratio of mask-induced standard
deviation to signal-induced standard deviation) was approxi-
mately 2 % across all regions.

These results confirm that at the sub-national aggregation
level used in CY-Bench, the error introduced by using a static
mask is negligible relative to the signal of interest. Further-
more, the use of a static mask avoids the mixed-pixel bias
inherent in coarser dynamic products.
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Figure A1. Comparison of variability driven by natural interannual signal fluctuations versus crop mask evolution. The colored lines rep-
resent the indicator trajectories if only the crop mask changed (using MIRCA-OS dynamic masks), while the blue envelope represents the
interannual variability of the signal with a static mask. The vertical spread of the mask effect is minor compared to the natural interannual
variation of the signal, showing that the error introduced by using a static mask is negligible relative to the signal of interest.
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