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Abstract. Irrigation water use (IWU) is widely considered the largest direct human intervention in the terrestrial
water cycle, yet it remains poorly characterised at the spatial and temporal scales required for climate research.
We present a long-term archive of monthly IWU estimates at 0.25° spatial resolution for four major irrigated
regions – the contiguous United States (CONUS), India, the Murray-Darling Basin in Australia, and the Ebro
Basin in Spain – spanning up to two decades depending on input data availability. The datasets are derived
using three distinct approaches: (i) a Soil Moisture (SM)-based Delta method that infers irrigation from dis-
crepancies between satellite and model SM and evapotranspiration, (ii) an SM-based Inversion of the soil water
balance constrained by satellite SM, and (iii) a Model-observation integration scheme combining a land surface
model with satellite-based irrigated-area maps. Across regions, these approaches yield up to six SM-based Delta
products, five SM-based Inversion products, and one Model-observation integration product. Validation against
available irrigation records shows that several method-input combinations reproduce the order of magnitude
of annual state-level irrigation volumes in the CONUS, with typical errors for the best-performing datasets of
about 4–5 km3 yr−1 in root mean square deviation and 1–2 km3 yr−1 in bias. In the Murray-Darling and Ebro
basins, the products capture the main features of the seasonal irrigation cycle, with variations in spatial patterns,
magnitude, and timing across methods. In India, where no observational records are available, the datasets repro-
duce the expected agricultural seasons while exhibiting a wider inter-method spread. This coordinated dataset
collection, produced with multiple Earth Observation (EO)-based approaches and harmonised inputs across re-
gions, provides long-term, spatially explicit IWU estimates and a basis for better quantifying and representing
irrigation in large-scale hydrological and climate studies. The complete archive of datasets is freely available at
https://doi.org/10.5281/zenodo.14988197 (Laluet et al., 2025).
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1 Introduction

Irrigation is widely considered the largest direct human in-
tervention in the terrestrial water cycle, accounting for about
45 %–90 % of global freshwater withdrawals (Puy et al.,
2025). Beyond its direct pressure on water resources and its
role in sustaining agricultural productivity, irrigation strongly
influences land-atmosphere fluxes, the surface energy bal-
ance, and regional climate patterns by altering evapotranspi-
ration, surface albedo, and soil moisture regimes. These mod-
ifications, in turn, can affect temperature and precipitation,
with potential implications for larger-scale circulation pat-
terns (e.g., Thiery et al., 2017, 2020; Seneviratne and Hauser,
2020; McDermid et al., 2023; Lunel et al., 2024).

With global demand for irrigation projected to rise due to
population growth, dietary shifts, and climate change (El-
liott et al., 2014), quantifying when, where, and how much
water is used for irrigation is essential for managing water
resources and for advancing climate research. In particular,
long-term, spatially consistent records of irrigation water use
(IWU) are indispensable not only for capturing present-day
irrigation dynamics but also for assessing historical trends
and their sustainability, as well as for quantifying the long-
term impacts of irrigation on local and regional climate. Such
records enable irrigation hotspots to be more accurately rep-
resented in climate and land surface models.

Despite its importance, IWU remains one of the least well-
quantified components of the water cycle (Dorigo et al.,
2021). While national statistics and survey-based databases
such as FAO’s AQUASTAT (FAO, 2025) provide a use-
ful baseline, they are affected by large uncertainties, due
to limitations in country-reported irrigation statistics (Ajaz
et al., 2019) and inconsistencies between national reports and
AQUASTAT estimates (Puy et al., 2021). Global hydrologi-
cal and land surface models increasingly include irrigation
modules (e.g., Wada et al., 2014; Arboleda-Obando et al.,
2024), but model-based IWU estimates remain highly uncer-
tain, as they depend on assumptions that often deviate from
actual practices, such as irrigation triggering rules (Olivera-
Guerra et al., 2023), or on poorly constrained parameters,
for instance those related to irrigation efficiency (Puy et al.,
2022).

Earth Observation (EO) has opened new opportunities
for detecting and monitoring irrigation from space (Massari
et al., 2021). Various satellite observations capture irrigation-
related signals, including vegetation properties (e.g., Ambika
et al., 2016; Deines et al., 2019; Dari et al., 2024), land sur-
face temperature (e.g., Corbari et al., 2025; Jalilvand et al.,
2026), soil moisture (e.g., Modanesi et al., 2022; Dari et al.,
2023; Zappa et al., 2024; Laluet et al., 2024), and evapotran-
spiration (e.g., Zhang and Long, 2021; Kragh et al., 2023;
Zipper et al., 2024). These approaches have shown promis-
ing results from field to basin scales, and several have been
extended to continental or global domains (e.g., Zaussinger
et al., 2019; Zohaib and Choi, 2020; Zhang and Long, 2021).

However, long-term large-scale IWU datasets remain scarce,
and existing EO-based products rely on heterogeneous input
datasets and retrieval strategies, which limits their compa-
rability, generalisation, and use in cross-regional analysis or
climate-oriented applications.

Against this background, this study provides a coordinated
assessment of multiple EO-based IWU retrieval techniques
within a unified framework. We present a harmonised archive
of IWU datasets for four major irrigated regions – the con-
tiguous United States (CONUS), India, the Murray-Darling
Basin (Australia), and the Ebro Basin (Spain) – delivering
monthly estimates at 0.25° resolution over up to two decades,
depending on data availability.

The archive is generated using three complementary ap-
proaches. The Soil Moisture (SM)-based Delta approach
(e.g., Zaussinger et al., 2019; Zappa et al., 2021, 2024) quan-
tifies IWU by contrasting satellite-based soil moisture and
evapotranspiration datasets (which implicitly include irriga-
tion) with model estimates that exclude irrigation. The SM-
based Inversion approach (e.g., Dari et al., 2020, 2025b) esti-
mates irrigation through the inversion of a soil water balance,
constrained mainly by satellite soil moisture observations.
Finally, the Model-observation integration approach uses the
Noah-MP land surface model (Niu et al., 2011) equipped
with an irrigation scheme (Ozdogan et al., 2010), and scales
the simulated irrigation amounts using EO-derived irrigated
area fractions within each grid cell.

Together, these datasets provide the first coordinated col-
lection of EO-based IWU estimates with harmonised in-
puts and consistent processing across several major irrigated
regions worldwide. They are intended as a foundation for
building a climate data record of IWU and for improving the
representation of irrigation in hydrological and climate stud-
ies. The remainder of this paper describes the study regions
(Sect. 2.1), the methods used to generate the IWU archive
(Sect. 2.2), the input datasets (Sect. 2.3), evaluates the results
against available observations and across methods (Sect. 3),
and discusses limitations and perspectives (Sect. 4).

2 Material and methods

2.1 Study regions

Figure 1 presents the four regions studied here, together with
a map of area equipped for irrigation (GMIA version 5;
Siebert et al., 2013), originally at 5 arcmin (∼ 10 km) reso-
lution and resampled to 0.25° using an area-weighted aggre-
gation.

The CONUS spans a strong climatic gradient, from humid
subtropical and temperate conditions in the east to semi-arid
and desert climates in the west. Irrigation is concentrated in
western and central hotspots: the California Valley (mostly
orchards and vineyards), Snake River Plain (mainly potatoes,
sugar beets, and alfalfa), Great Plains (mostly maize, wheat,
and soybeans), and the Mississippi Floodplain (mainly rice,
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soybeans, and cotton). Water sources include both ground-
water from major aquifers, such as the High Plains (Ogal-
lala) and Central Valley systems (Scanlon et al., 2012), and
surface water conveyed through canal networks. Irrigation is
primarily applied through sprinkler or gravity methods, with
an increasing use of drip systems in high-value crop regions,
such as California (USDA NASS, 2019; Evett et al., 2020).

The Ebro Basin in Spain has a semi-arid Mediterranean
climate, with irrigation concentrated mainly in the central
and eastern parts of the basin, supporting mostly winter ce-
reals, maize, orchards, olives, and vineyards. Water comes
from snowmelt-fed reservoirs in the Pyrenees distributed
through canals, with both modern pressurised and traditional
surface irrigation systems (Paolini et al., 2023).

The Murray-Darling Basin in southeastern Australia spans
hot semi-arid regions in the north and cooler semi-arid zones
in the south. Irrigation is primarily located along the southern
rivers, especially the Murray and Murrumbidgee, supporting
crops such as cotton, rice, vineyards, and fruit orchards. Wa-
ter is sourced from both surface reservoirs and groundwater
aquifers (Bretreger et al., 2020).

India hosts the world’s most intensively irrigated regions,
dominated by the Indo-Gangetic Plain in the north, where ir-
rigation supports year-round multi-cropping systems (Kharif,
Rabi, and Zaid seasons) with major crops including rice,
wheat, and sugarcane. Groundwater is the primary source
of irrigation water across much of the country and has sup-
ported a marked expansion of irrigated areas over recent
decades, particularly in northern India, even as groundwater
resources have become increasingly depleted (Asoka et al.,
2018; Mehta et al., 2024).

2.2 Overview of algorithms

2.2.1 SM-based Delta

The SM-based Delta approach estimates IWU by contrasting
EO-derived and model-simulated soil water balance dynam-
ics, with the latter excluding irrigation (e.g., Zaussinger et al.,
2019; Zappa et al., 2021). The underlying assumption is that,
in irrigated areas, discrepancies between EO- and model-
based estimates primarily reflect the influence of irrigation,
which affects both SM and ET.

To ensure comparability between EO- and model-derived
SM, satellite SM time series are first rescaled to the distri-
bution of the model simulations using a mean–standard de-
viation adjustment. We further assume that EO-based and
model-simulated ET agree under non-irrigated conditions,
such that any departures in irrigated areas can be attributed
to irrigation. This assumption is consistent with Laluet et al.
(2026) (their Fig. 5), who showed that EO-based and model-
based ET products exhibit similar values over irrigated re-
gions outside the irrigation season, while substantial differ-
ences emerge when irrigation is active. The EO SM and ET
datasets used in this approach are described in Sect. 2.3.

The soil water balance equation for EO-based soil mois-
ture (SMEO) can be written as:

Z ·
dSMEO

dt
= P (t)+ I (t)−ETEO(t)−R(t)−1Srest, (1)

and for model-simulated soil moisture (SMmodel) as:

Z ·
dSMmodel

dt
= P (t)−ETmodel(t)−R(t)−1Srest, (2)

where P [mm] is precipitation, I [mm] is irrigation, ET [mm]
is evapotranspiration,R [mm] is runoff, and1Srest [mm] rep-
resents other storage changes below the surface layer (e.g.,
drainage). Z [mm] is the soil depth used to convert volumet-
ric soil moisture into water storage, fixed at 50 mm following
Zaussinger et al. (2019).

Subtracting Eq. (2) from Eq. (1) expresses the EO–model
discrepancies in terms of irrigation, under the assumption
that differences in precipitation, runoff, and other storage
terms are either negligible or do not systematically differ be-
tween the two formulations. The resulting IWU estimate is:

I (t)=
(
Z ·

dSMEO

dt
−Z ·

dSMmodel

dt

)
+max[0, ETEO(t)−ETmodel(t)] . (3)

To reduce spurious irrigation signals due to noise in the
satellite SM data, IWU is only considered between two con-
secutive time steps when the relative increase in soil moisture
exceeds a predefined threshold of 0.12, as determined from
the sensitivity analysis in Zaussinger et al. (2019).

2.2.2 SM-based Inversion

The SM-based Inversion approach estimates IWU by invert-
ing the soil water balance equation, following a formulation
conceptually similar to the SM2RAIN method (Brocca et al.,
2014) originally developed to retrieve precipitation from soil
moisture. In this framework, temporal variations in soil mois-
ture SM(t) are used to infer the total water input (precipita-
tion plus irrigation), and the known precipitation component
is subsequently removed.

The general form of the soil water balance is:

nZ
dSM(t)

dt
= I (t)+P (t)−G(t)−SR(t)−ET(t), (4)

where n [–] is the soil porosity, Z [mm] the effective soil
depth, SM [–] the volumetric soil moisture, I and P [mm] the
irrigation and precipitation inputs (with precipitation taken
from the ERA5 forecast fields; Hersbach et al., 2020), G
[mm] the drainage, SR [mm] the surface runoff, and ET
[mm] the actual evapotranspiration.

Defining the total water input as Win(t)= I (t)+P (t),
Eq. (4) can be rearranged as:

Win(t)= nZ
dSM(t)

dt
+G(t)+SR(t)+ET(t), (5)
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Figure 1. Study regions considered in this work, for which IWU archives are available. Colour shading indicates the percentage of area
equipped for irrigation (GMIA v5; Siebert et al., 2013). Black outlines show the study domains: contiguous United States, with four main
irrigated subregions (California Valley, Great Plains, Mississippi Floodplain, Snake River Plain); India; Ebro Basin (Spain); and Murray-
Darling Basin (Australia).

from which irrigation is retrieved as

I (t)=Win(t)−P (t). (6)

Following Dari et al. (2023), the drainage term is repre-
sented as G(t)= a SM(t)b, where a and b are parameters re-
lated to soil hydraulic properties. Actual evapotranspiration
is expressed as ET(t)= F SM(t)PET(t), where PET [mm] is
potential evapotranspiration and F [–] is a scaling parameter
modulating the sensitivity of ET to SM. The parameters a,
b, F , and nZ are calibrated jointly during rainfall-free pe-
riods over the non-irrigated season and rainfall days within
the irrigation season. Surface runoff is assumed to be negli-
gible, as the major irrigated areas analysed here are predomi-
nantly located in flat agricultural regions. Negative irrigation

estimates are set to zero, and spurious low values are filtered
out using a precipitation-based threshold, following Jalilvand
et al. (2019) and Dari et al. (2023).

2.2.3 Model-observation integration

The Model-observation integration approach estimates IWU
using simulations from the Noah-MP land surface model
(v4.0.1; Niu et al., 2011) implemented within NASA’s Land
Information System (LIS; Kumar et al., 2006, 2008). Irriga-
tion is simulated following the sprinkler scheme of Ozdogan
et al. (2010), in which irrigation is applied during the grow-
ing season whenever root-zone moisture availability (MA)
falls below a prescribed threshold. Here, a threshold of 0.45
is used, following Modanesi et al. (2022); sensitivity tests
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confirmed that this value yields the most realistic irrigation
behaviour (not shown). The start and end of the growing
season are derived from a monthly climatological greenness
dataset (Gutman and Ignatov, 1998), with irrigation allowed
only when greenness exceeds 40 % of its annual range (Oz-
dogan et al., 2010).

The model is forced with ERA5 forecast fields, which do
not assimilate land-surface observations and therefore avoid
introducing irrigation-related signals. Soil texture is taken
from the Harmonized World Soil Database (FAO, 2023), and
soil hydraulic properties follow Cosby et al. (1984) with
adaptations from Chen and Dudhia (2001).

Root-zone moisture availability MA is computed as:

MA=
θ − θWP

θFC− θWP
, (7)

where θ is the simulated volumetric soil moisture, and θWP
and θFC are the water contents at wilting point and field ca-
pacity, respectively. When MA drops below the threshold of
0.45, irrigation is applied to restore the root zone to field ca-
pacity.

Noah-MP is run over all land pixels using a homogeneous
cropland land-cover type to ensure that the irrigation scheme
is active everywhere. A satellite-based irrigated-area map is
then used to constrain the spatial distribution of irrigation,
retaining simulated irrigation only over irrigated pixels and
scaling it by the irrigated fraction within each 0.25° grid cell.
For this study, we use the ensemble mean of 24 Noah-MP
simulations driven by perturbed meteorological forcings (ra-
diation and precipitation, as in Modanesi et al., 2022).

2.3 Main input data

Table 1 summarises the main input datasets, together with the
methods in which they are employed.

2.3.1 Soil moisture datasets

We use seven surface SM datasets, including both satellite-
based and model-based products. The satellite products,
which are expected to contain irrigation signals (e.g., Law-
ston et al., 2017; Crow et al., 2025), comprise three long-
term records from the ESA Climate Change Initiative
(CCI) Soil Moisture version 08.1 data collection (Dorigo
et al., 2017, 2023). These datasets provide volumetric SM
[m3 m−3] for the upper 0–5 cm soil layer at a daily time
step and 0.25° spatial resolution. They include (i) the
ACTIVE dataset, merging scatterometer observations from
ERS-1, ERS-2, and ASCAT (MetOp-A/B/C); (ii) the PAS-
SIVE dataset, combining microwave radiometer measure-
ments from multiple missions and sensors (SMMR, SS-
M/I, TMI, AMSR-E, WindSat, AMSR2, SMOS, SMAP,
FengYun, and GPM); and (iii) the COMBINED dataset,
which integrates all active and passive retrievals into a sin-
gle harmonised product. We also include three additional

satellite datasets: Soil Moisture and Ocean Salinity (SMOS;
Kerr et al., 2016), Soil Moisture Active Passive (SMAP; En-
tekhabi et al., 2010), and Advanced Scatterometer (ASCAT;
Wagner et al., 2013). Finally, ERA5-Land (Muñoz-Sabater
et al., 2021) is used as a model-based reference dataset, pro-
viding volumetric SM for the upper 0–5 cm at hourly reso-
lution and 0.1° spatial resolution. ERA5-Land does not as-
similate land-surface observations (e.g., SM or land surface
temperature) and does not include any explicit representa-
tion of irrigation. However, it is forced by ERA5 atmospheric
fields, which may carry an indirect imprint of irrigation in-
troduced through atmospheric data assimilation. In practice,
our analyses (not shown) indicate that ERA5-Land exhibits
no detectable irrigation signal in the study regions and can
therefore be used as a non-irrigated reference.

2.3.2 Evapotranspiration datasets

We use four ET datasets. Two of them are observation-based
products that integrate satellite information and therefore
contain irrigation signals (e.g., Laluet et al., 2026): (i) SSE-
Bop v5 (Senay, 2018), based on MODIS land surface tem-
perature and vegetation data; and (ii) FLUXCOM (Remote
Sensing version) (Jung et al., 2019), obtained by machine-
learning upscaling of eddy-covariance fluxes using satellite-
derived predictors. The remaining two datasets are model-
based products that do not explicitly represent irrigation:
Noah-MP ET (forced with ERA5 forecast meteorology) and
ERA5-Land ET. Noah-MP ET is available for 2010–2022
for the CONUS and Murray-Darling Basin domains, while
ERA5-Land ET is used for the remaining regions and pe-
riods. In addition, we use potential evapotranspiration from
the GLEAM v3.7b dataset (Martens et al., 2017) in the SM-
based Inversion approach; GLEAM v3.7b potential evapo-
transpiration is computed using the Priestley–Taylor equa-
tion and meteorological forcing.

2.3.3 Irrigated area maps

To constrain irrigation estimates in the Model-observation
integration approach, we use the Landsat-derived Global
Rainfed and Irrigated-Cropland product at 30 m resolution
(LGRIP30; Teluguntla et al., 2023) for the nominal year
2015. LGRIP30 provides spatially detailed irrigated and rain-
fed cropland fractions based on Landsat surface reflectance
time series and machine-learning classification. In addition,
the Global Map of Irrigated Areas v5 (GMIA v5; Siebert
et al., 2013) is used in the SM-based Delta and SM-based
Inversion approaches as a spatial mask to restrict the analy-
sis to regions equipped for irrigation. GMIA v5, provided at
0.0833° resolution, compiles subnational agricultural statis-
tics, census information, and international reports on irri-
gated areas for the period 2000–2008.

https://doi.org/10.5194/essd-18-4833-2026 Earth Syst. Sci. Data, 18, 4833–4853, 2026



4838 P. Laluet et al.: Long-term irrigation water use datasets from multiple EO-based methods

Table 1. Summary of soil moisture (SM), evapotranspiration (ET), precipitation (P ), and irrigated-area datasets used as main inputs, includ-
ing temporal coverage, original resolution, and version information. Dataset names link to their respective data repositories.

Type Dataset Version Period used Original
resolution

Method(s)

SM ESA CCI Active (https:
//catalogue.ceda.ac.uk/uuid/ff890589c21f4033803aa550f52c980c,
last access: 6 July 2026)

v08.1 2003–2022 0.25° Delta

SM ESA CCI Passive (https:
//catalogue.ceda.ac.uk/uuid/ff890589c21f4033803aa550f52c980c,
last access: 6 July 2026)

v08.1 2003–2022 0.25° Delta, Inversion

SM ESA CCI Combined (https:
//catalogue.ceda.ac.uk/uuid/ff890589c21f4033803aa550f52c980c,
last access: 6 July 2026)

v08.1 2003–2022 0.25° Delta, Inversion

SM SMOS (https://smos-diss.eo.esa.int/, last access: 6 July 2026) v700 (L2) 2010–2022 25 km
EASE-Grid 2.0

Inversion

SM SMAP (https://nsidc.org/data/SPL2SMP/) v8 (L2) 2015–2022 36 km
EASE-Grid 2.0

Inversion

SM ASCAT (https://hsaf.meteoam.it/products/soil-moisture, last
access: 6 July 2026)

H119 2007–2022 12.5 km Inversion

SM ERA5-Land (https:
//cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land,
last access: 6 July 2026)

2024 CDS release 2003–2022 0.1° Delta

ET SSEBop (https://earlywarning.usgs.gov/fews/product/460, last
access: 6 July 2026)

v5 2003–2022 1 km Delta

ET FLUXCOM (https://fluxcom.org/) Remote sensing 2003–2020 0.0833° Delta
ET Noah-MP (LIS) (https://ral.ucar.edu/model/

noah-multiparameterization-land-surface-model-noah-mp-lsm,
last access: 6 July 2026)

v4.0.1 2010–2022 0.25° Delta

ET ERA5-Land (https:
//cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land,
last access: 6 July 2026)

2024 CDS release 2003–2022 0.1° Delta

PET GLEAM (https://www.gleam.eu, last access: 6 July 2026) v3.7b 2003–2022 0.25° Inversion

P ERA5 forecast (https://cds.climate.copernicus.eu/cdsapp#!/dataset/
reanalysis-era5-single-levels, last access: 6 July 2026)

2024 CDS release 2003–2022 0.25° Inversion,
Model-obs
integration

Irrigation
map

Landsat (LGRIP30) (https:
//www.earthdata.nasa.gov/data/catalog/lpdaac-ecs-lgrip30-001,
last access: 6 July 2026)

v1.0 (2023) – 30 m Model-obs
integration

Irrigation
map

GMIA (https://www.fao.org/aquastat/en/geospatial-information/
global-maps-irrigated-areas/, last access: 6 July 2026)

v5 – 0.0833° Delta, Inversion

2.3.4 Spatial and temporal processing

All input datasets were regridded to the 0.25° regular
latitude–longitude grid used in the ESA CCI SM products.
SMOS and SMAP were resampled using nearest–neighbour
interpolation to preserve their native retrieval characteristics.
All other datasets (ASCAT, ERA5-Land SM and ET, FLUX-
COM, SSEBop, Noah-MP ET, and GMIA v5) were aggre-
gated to the 0.25° grid using spatial averaging. The LGRIP30
irrigated area map, which provides a binary classification of
irrigated versus rainfed cropland at 30 m resolution, was sim-
ilarly aggregated by computing the fraction of irrigated pix-
els within each 0.25° grid cell.

A spatial mask was applied to the SM-based Delta and
SM-based Inversion IWU outputs, retaining only pixels with
at least 5 % of land equipped for irrigation according to the
GMIA v5 dataset, in order to avoid spurious irrigation sig-
nals in non-irrigated areas. For the Model-observation inte-

gration approach, irrigation amounts are already restricted
and scaled to the irrigated fraction within each grid cell using
the LGRIP30 irrigated area map.

A temporal mask was applied to the SM-based Delta
and SM-based Inversion estimates to restrict the analysis
to active irrigation periods: April–September for CONUS,
April–October for the Ebro Basin, September–March for the
Murray-Darling Basin, and November–June for India. In In-
dia, irrigation also occurs during the monsoon months (July
to October), but these months were excluded to ensure con-
sistency across methods, as the SM-based Inversion approach
uses this period for parameter calibration. For the Model-
observation integration approach, a temporal mask was ap-
plied only in the Murray-Darling Basin, where the climato-
logical greenness threshold from Gutman and Ignatov (1998)
is outdated and cannot be used to define irrigation timing. Fi-
nally, all 0.25° IWU estimates were temporally aggregated to
monthly values.
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https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land
https://www.gleam.eu
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels
https://www.earthdata.nasa.gov/data/catalog/lpdaac-ecs-lgrip30-001
https://www.earthdata.nasa.gov/data/catalog/lpdaac-ecs-lgrip30-001
https://www.fao.org/aquastat/en/geospatial-information/global-maps-irrigated-areas/
https://www.fao.org/aquastat/en/geospatial-information/global-maps-irrigated-areas/
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These spatial and temporal masks also serve as safeguards
against potential confusion between snowmelt-driven soil
moisture increases and irrigation signals, as snow accumu-
lation and melt predominantly occur in mountainous areas
and periods that fall outside the retained pixels and time win-
dows.

2.4 In situ and survey-based reference datasets

Table 2 summarises the reference datasets used for valida-
tion, including their spatial coverage, period of record, and
data source. For CONUS, we used annual state-level irriga-
tion volumes from the United States Department of Agricul-
ture (USDA) Farm and Ranch Irrigation Survey (FRIS) for
2013 and 2018. The survey, compiled by the National Agri-
cultural Statistics Service (NASS), is based on representative
farm and ranch samples, which are then expanded to state
totals using statistical weights.

For the Ebro Basin, we used daily canal-delivery vol-
umes from the Automatic Hydrological Information Sys-
tem (SAIH) monitoring network for the years 2007 to 2020,
covering four major irrigation districts in the eastern basin:
Urgell, Algerri–Balaguer, North Catalan and Aragonese, and
South Catalan and Aragonese (Fig. 6c). Reported pumped
volumes were corrected for conveyance and application
losses using district-specific factors from Dari et al. (2020),
yielding actual IWU. The corrected values were expressed
in millimetres over each district and then combined into a
single basin-wide monthly time series by area-weighted av-
eraging, yielding one representative IWU time series for the
four districts. This aggregation was necessary because the in-
dividual districts are smaller than the 0.25° grid cells of the
IWU datasets.

For the Murray-Darling Basin, we used daily irrigation
volumes reported by the Australian Irrigation Infrastructure
Operators (IIOs) for four districts in southern New South
Wales: Murrumbidgee, Murray Wakool, Murray Mulwala,
and Coleambally (Fig. 8c; Bretreger et al., 2020). Reported
volumes (litres) were converted to millimetres by dividing by
each district’s irrigated area, and the daily data were subse-
quently aggregated to monthly values.

For India, no in situ or survey-based irrigation records
were available for the study period. Consequently, no direct
validation could be performed; analyses for this region are
therefore limited to inter-dataset comparisons and to the ex-
amination of spatial and temporal IWU patterns.

2.5 Overview of generated datasets

Table 3 provides an overview of the IWU archive generated
in this study. Each dataset corresponds to a specific combi-
nation of methods and input datasets, and its availability de-
pends on both the region and the temporal coverage of the
input data. A check mark indicates that a dataset is included
in the archive for a given region, while a dash indicates that

it is not. Periods refer to the effective time span covered by
each dataset.

For the SM-based Delta method, only FLUXCOM-based
estimates were retained for India, as SSEBop yielded unre-
alistically high ET values compared to ERA5 precipitation,
consistent with Kragh et al. (2023).

For the Model-observation integration approach, IWU es-
timates were produced only for CONUS and the Murray-
Darling Basin. These two regions were selected for the first
implementation of the regional-scale ensemble Noah-MP ir-
rigation simulations because they provide the most compre-
hensive in situ reference data for evaluation among the four
study regions, whereas observational records are more lim-
ited in the Ebro Basin and unavailable for India.

3 Technical validation

3.1 Contiguous United States (CONUS)

3.1.1 Summary of performance

Figure 2 presents a heatmap of the time-averaged spatial root
mean square deviation (RMSD), bias, and Pearson corre-
lation coefficient (R) computed between observed and es-
timated state-level irrigation volumes from FRIS and the
corresponding IWU estimates. Each metric is derived from
the comparison of state-level values (one point per state,
as illustrated in Fig. 3b), and then averaged over the two
FRIS reference years (2013 and 2018). Results for the two
years evaluated separately are provided in the Supplementary
Material (Table S1). To ensure consistency with the FRIS-
reported units (km3 yr−1 per state), IWU estimates originally
expressed in millimetres were converted to cubic kilometres
by multiplying by each state’s area.

For SM-based Delta datasets, those relying on ET from
SSEBop show the weakest agreement with the reference
data, with mean RMSD of 9.6–10.1 km3 yr−1 and biases of
5.6–6.3 km3 yr−1. In contrast, SM-based Delta datasets us-
ing FLUXCOM ET perform better, with mean RMSD rang-
ing from 5.4–6.1 km3 yr−1, biases of 2.6–3.5 km3 yr−1, and
higher correlations.

For the SM-based Inversion approach, the CCI Passive
dataset shows the closest agreement with the reference
data, combining a low mean RMSD (4.2 km3 yr−1) and bias
(0.7 km3 yr−1) with the highest correlation (R= 0.66) among
all SM-based Inversion products. The CCI Combined dataset
also performs reasonably well (RMSD= 5.8 km3 yr−1,
bias= 1.1 km3 yr−1, R= 0.29), whereas datasets based on
ASCAT, SMOS, and SMAP show weaker performance, with
generally higher RMSD values (5.4–6.7 km3 yr−1) and lower
correlations (R= 0.22–0.39).

For the Model-observation integration approach, the
Landsat-derived irrigation map dataset performs within the
same range as the better SM-based datasets, with a mean
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Table 2. In situ and survey-based reference datasets used for validation, including area, period of record, and data source for each region and
irrigation district.

Region/District Area [km2] Period Source

CONUS

State-level – 2013, 2018 USDA FRIS

Ebro Basin

Urgell 887.6 2007–2020 SAIH Ebro
Algerri–Balaguer 70.8 2007–2020 SAIH Ebro
North Catalan Aragonese 657.0 2007–2020 SAIH Ebro
South Catalan Aragonese 504.5 2007–2020 SAIH Ebro
Aggregated (4 districts) 2119.9 2007–2020 SAIH Ebro

Murray–Darling Basin

Coleambally 977.0 2009–2019 IIOs
Murrumbidgee 2789.3 2014–2019 IIOs
Murray Mulwala 3092.6 2010–2019 IIOs
Murray Wakool 1455.2 2010–2019 IIOs

Table 3. Datasets generated in this study: method, dataset, time coverage, and regional availability. A check mark (X) indicates availability;
a dash (–) indicates that the dataset is not available.

Method Dataset Data availability CONUS Ebro Murray–Darling India

SM-based Delta

CCI Combined & FLUXCOM 2003–2020 X X X X
CCI Passive & FLUXCOM 2003–2020 X X X X
CCI Active & FLUXCOM 2003–2020 X X X X
CCI Combined & SSEBop 2003–2022 X X X –
CCI Passive & SSEBop 2003–2022 X X X –
CCI Active & SSEBop 2003–2022 X X X –

SM-based Inversion

CCI Combined 2003–2022 X X X X
CCI Passive 2003–2022 X X X X
ASCAT 2007–2022 X X X X
SMOS 2010–2022 X X X X
SMAP 2015–2022 X X X X

Model–obs. integration Landsat-based irrigation map 2010–2022 X – X –

RMSD of 3.9 km3 yr−1, a mean bias of 1.1 km3 yr−1, and a
mean correlation of R = 0.79.

Overall, the best-performing SM-based datasets are CCI
Passive & FLUXCOM for the SM-based Delta approach and
CCI Passive for the SM-based Inversion approach. Together
with the Landsat-based dataset from the Model-observation
integration approach, these three products were retained for
further analysis in this region.

3.1.2 Spatial patterns and state-level agreement

Figure 3a shows mean annual IWU over CONUS (2010–
2020) for the three selected datasets. The major irrigation
regions identified in Fig. 1 (California Valley, Snake River
Plain, Great Plains, and Mississippi Floodplain) emerge, par-
ticularly in the Model-observation integration dataset. Fig-

ure 3b presents state-level scatterplots comparing estimated
and observed IWU volumes for 2013 (blue) and 2018 (or-
ange), highlighting year-specific relationships and associated
performance metrics.

The three IWU datasets exhibit distinct spatial patterns,
which reflect the information content and assumptions of
each approach. The SM-based Inversion (CCI Passive)
dataset shows a relatively uniform distribution, with most
pixels ranging between 50 and 150 mm yr−1, consistent with
the spatially averaged and potentially weak irrigation sig-
nal that may result from inferring irrigation primarily from
soil moisture variations at 0.25° resolution. In contrast, the
SM-based Delta (CCI Passive & FLUXCOM) dataset dis-
plays a west-east gradient, with many western areas exceed-
ing 150 mm yr−1 (locally> 350 mm yr−1), while the Missis-
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Figure 2. Performance metrics for CONUS: spatial RMSD, bias, and Pearson correlation (R) between state-level FRIS observations
(km3 yr−1) and aggregated IWU estimates for each method-inputs combination, averaged over the 2013 and 2018 years. The best-performing
dataset for each approach is highlighted in bold.

sippi Floodplain generally remains below 50 mm yr−1, with
the notable exception of Florida, where locally higher values
are observed; the stronger spatial gradients in this approach
likely reflect the additional use of ET differences, which
are generally more sensitive to irrigation than near-surface
soil moisture at this scale (Crow et al., 2025). The Model-
observation integration dataset shows the strongest spatial
heterogeneity, highlighting distinct irrigation hotspots: parts
of the California Valley exceed 500 mm yr−1, while the Mis-
sissippi Floodplain typically exhibits values between 150 and
200 mm yr−1; this heterogeneity is largely inherited from the
LGRIP30 irrigated-area fraction used to scale simulated irri-
gation within each 0.25° grid cell.

3.1.3 Time series and seasonal cycles

Figure 4 shows monthly IWU estimates from SM-based In-
version (CCI Passive, blue line), SM-based Delta (CCI Pas-
sive & FLUXCOM, green line), and Model-observation in-
tegration (Landsat-based map, red line) for the Great Plains,
California Valley, Snake River Plain, and Mississippi Flood-
plain over 2010–2020. These four major irrigated regions,
defined as in Fig. 1 (top-left panel), span a strong climatic
gradient, from the arid western domains (California Valley,
Snake River Plain) to the more humid Great Plains and Mis-
sissippi Floodplain. Values are spatially averaged by region,
and mean seasonal cycles are also displayed.

Both the SM-based Delta and Model-observation inte-
gration datasets reproduce the July–August irrigation peak
and show similar interannual variability, especially in the
Great Plains. By contrast, the SM-based Inversion (CCI Pas-
sive) dataset yields lower summer IWU volumes and dis-
plays a different seasonal cycle. The SM-based estimates al-
ways start in April and end in September by design, whereas
model-based irrigation sometimes starts earlier (in the Great
Plains and California Valley) and continues slightly later in

the year, which may reflect the absence of explicit harvest
timing in the model (De Lannoy et al., 2024).

3.2 Ebro Basin

3.2.1 Summary of performance

Figure 5 presents a heatmap of RMSD, bias, and Pearson
correlation (R) between observed monthly IWU and the gen-
erated IWU datasets at the aggregated district level in the
eastern Ebro Basin over 2007–2020. Metrics were computed
only for the irrigation season (April–October), and only pix-
els with at least 25 % of their surface area within the irriga-
tion districts were retained.

Among the six SM-based Delta datasets, performance is
relatively consistent, with all products underestimating irri-
gation volumes (mean bias of about −20 mm per month).
The best agreement is obtained for the SM-based Delta (CCI
Passive & FLUXCOM) and SM-based Delta (CCI Combined
& SSEBop) configurations, with correlations of R = 0.63
and R = 0.60, RMSD of 29.0 and 27.3 mm per month, and
biases of −17.1 and −17.2 mm per month, respectively.

For the SM-based Inversion datasets, the CCI Passive
dataset performs best, with R of 0.63, RMSD of 30.0 mm
per month, and bias of−23.0 mm per month, yielding results
comparable to the best SM-based Delta products. Other SM-
based Inversion datasets show weaker agreement, with lower
correlations and larger negative biases.

Overall, the best-performing datasets are CCI Passive
& FLUXCOM for the SM-based Delta approach and CCI
Passive for the SM-based Inversion approach. These two
datasets are therefore retained for further analysis in this re-
gion.
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Figure 3. (a) Spatial distribution of mean annual IWU (2010–2020) over CONUS derived from the three approaches: SM-based Inversion
(CCI Passive), SM-based Delta (CCI Passive & FLUXCOM), and Model-observation integration (Landsat-based irrigation map). (b) State-
level scatterplots comparing estimated IWU volumes (km3) from each dataset with observed FRIS irrigation volumes for 2013 and 2018.

3.2.2 Time series, seasonal cycles, and spatial patterns

Figure 6a shows monthly in situ IWU observations (grey
shading) together with estimates from SM-based Delta (CCI
Passive & FLUXCOM, green line) and SM-based Inversion
(CCI Passive, blue line), averaged over the merged irrigation
districts for 2007–2020. Both datasets capture the timing of
the irrigation season, with a marked peak in June–August, but
they consistently underestimate irrigation volumes. They ex-
hibit stronger interannual variability compared to in situ ob-
servations but show similar year-to-year fluctuations among

themselves, suggesting that both methods respond similarly
to interannual forcing in this region despite their different
formulations.

Figure 6b shows maps of mean annual IWU over 2003–
2020 for the two datasets. The SM-based Delta (CCI Passive
& FLUXCOM) dataset indicates higher IWU in the eastern
basin, broadly consistent with the distribution of irrigated ar-
eas in GMIA v5 (see Fig. 1). The SM-based Inversion (CCI
Passive) dataset also exhibits a heterogeneous pattern, with
localised hotspots of high IWU, including the Ebro Delta in
the south-east, a region of intensive irrigation. These differ-
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Figure 4. Monthly IWU (2010–2020) estimated by the three approaches over four major irrigated regions in the CONUS: Great Plains,
California Valley, Snake River Plain, and Mississippi Floodplain. SM-based Delta (CCI Passive & FLUXCOM, in green), SM-based Inver-
sion (CCI Passive, in blue), and Model-observation integration (Landsat-based map, in red) estimates are spatially averaged by region. Mean
seasonal cycles are shown in the right panels.

Figure 5. Performance metrics in the Ebro Basin: RMSD, bias, and Pearson correlation (R) between observed monthly IWU at the aggregated
district level and estimates from each method-inputs combination (2007–2020). The best-performing dataset for each approach is highlighted
in bold.
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ences are consistent with the methodological characteristics
discussed for the CONUS (Sect. 3.1.2). The consistent un-
derestimation by both datasets may partly result from the di-
lution of irrigation signals within 0.25° grid cells, as the ir-
rigated districts in this region are relatively small and frag-
mented. The location and extent of the irrigation districts
with available in situ observations are shown in Fig. 6c.

3.3 Murray-Darling Basin

3.3.1 Summary of performance

Figure 7 presents a heatmap of RMSD, bias, and Pear-
son correlation (R) between monthly observed IWU and
the corresponding estimates from each method-input com-
bination. Metrics are computed over the irrigation season
(September–March) and averaged across the four irrigation
districts of the Murray–Darling Basin, with values reported
as mean± standard deviation across districts. Evaluation pe-
riods vary by dataset according to data availability, and only
pixels whose centroids fall within district boundaries were
included. District-level metrics are provided in the Supple-
ment (Tables S2–S3).

For all datasets, performance varies considerably across
the four irrigation districts, as indicated by the large stan-
dard deviations. Among the SM-based Delta products, those
using SSEBop ET generally outperform those using FLUX-
COM ET. The CCI Combined & SSEBop dataset, in par-
ticular, shows the most balanced performance across the
three metrics, with the lowest RMSD (13.5± 1.9 mm per
month), a moderate bias (3.8± 2.7 mm per month), and
relatively higher correlations (R = 0.29± 0.20). For SM-
based Inversion, CCI Combined, CCI Passive, and SMAP
datasets perform best. SMAP shows the lowest mean RMSD
(12.5± 2.6 mm per month) and lower bias (5.6± 2.6 mm per
month), but is limited to the post-2015 period. CCI Pas-
sive reaches the highest mean correlation (R = 0.38± 0.16),
while CCI Combined provides a more balanced trade-off
between RMSD and bias. The Model-observation integra-
tion dataset achieves the highest mean correlation overall
(R = 0.47± 0.11), but with large bias and substantial vari-
ability between districts.

No single method–input combination performs best across
all districts, as reflected by the large standard deviations.
However, some datasets show comparatively better and more
consistent results across the three metrics and the four dis-
tricts. For the following analysis, we therefore retain one
representative dataset from each approach: SM-based Delta
(CCI Combined & SSEBop), SM-based Inversion (CCI
Combined), and Model-observation integration (Landsat-
based map).

3.3.2 Time series, seasonal cycles, and spatial patterns

Figure 8a shows monthly IWU time series and mean sea-
sonal cycles for the four Murray–Darling irrigation districts

(districts shown in panel c), with in situ IWU in shaded
grey and estimates from the three selected datasets SM-
based Delta (CCI Combined & SSEBop), SM-based Inver-
sion (CCI Combined), and Model-observation integration
(Landsat-based map) in colour. All datasets exhibit substan-
tial interannual variability, but their temporal fluctuations
show limited agreement with the observed records.

The Model-observation integration dataset tends to over-
estimate IWU, except in the Murrumbidgee district, where
values are closer to the observations than in other regions.
The SM-based Delta (CCI Combined & SSEBop) and SM-
based Inversion (CCI Combined) datasets exhibit IWU mag-
nitudes generally closer to the observations than the Model-
observation integration dataset, though both substantially
overestimate in the Murray Wakool district. When averaged
over all years, the mean seasonal cycle shows that only the
Model-observation integration dataset reproduces the distinct
January peak also seen in the in situ records.

Figure 8b shows maps of mean annual IWU (2010–2020)
for the three selected datasets. SM-based Delta (CCI Com-
bined & SSEBop) yields values mostly between 100 and
250 mm yr−1, with higher values in the northwest of the
basin. SM-based Inversion (CCI Combined) also ranges be-
tween 100 and 250 mm yr−1 but is more spatially uniform,
with slightly higher values in the northern part. In contrast,
the Model-observation integration dataset shows marked spa-
tial heterogeneity, with the highest values (locally exceeding
500 mm yr−1) concentrated in the southern basin.

As in the CONUS (Sect. 3.1.2), the SM-based approaches
produce more spatially uniform patterns, while the Model-
observation integration dataset concentrates irrigation where
the LGRIP30 map indicates the highest irrigated-area frac-
tions. The overestimation by the latter in several districts
likely reflects the parameterisation of the Noah-MP land
surface model, including irrigation-triggering thresholds and
soil hydraulic properties.

3.4 India (Gangetic Plain)

3.4.1 Mean IWU estimates across datasets

Table 4 summarises monthly mean IWU over the Gangetic
Plain (aggregation domain shown in Fig. 9c) for three
SM-based Delta and six SM-based Inversion datasets. Val-
ues are reported separately for two cropping seasons, Rabi
(November–March) and Zaid (April–June), while the Kharif
season (July–October) is excluded due to temporal masking.
The “Annual” column corresponds to the mean over the com-
bined November–June period. Reported values represent the
mean over the full temporal coverage of each dataset, which
varies depending on data availability (see the “Period” col-
umn in Table 4).

SM-based Delta datasets yield annual mean IWU values
between 20 and 32 mm per month, with relatively small dif-
ferences between the Rabi and Zaid seasons. The associ-
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Figure 6. (a) Monthly IWU time series (2007–2020; left) and mean seasonal cycle (right) averaged over the Ebro irrigation districts,
compared with in situ observations (grey shading). (b) Spatial distribution of mean annual IWU (2003–2020) from SM-based Delta (CCI
Passive & FLUXCOM; left) and SM-based Inversion (CCI Passive; right). (c) Location and extent of the four irrigation districts (Urgell,
Algerri–Balaguer, North Catalan and Aragonese, and South Catalan and Aragonese), merged into a single unit for this study.

Figure 7. Heatmap of district-averaged performance metrics for the Murray–Darling Basin. Values represent mean monthly RMSD, bias,
and Pearson correlation (R), with “±” indicating inter-district standard deviation.

ated standard deviations (8 to 14 mm per month) indicate
marked month-to-month and interannual variability, gener-
ally higher during Rabi than during Zaid. SM-based Inver-
sion datasets exhibit a much wider range of annual IWU,
from about 39 mm per month (CCI Combined) to more than
80 mm per month (ASCAT), together with higher variability.
Within this group, the CCI Combined product is the closest
in magnitude and variability to the SM-based Delta datasets,

whereas the other products (CCI Passive, ASCAT, SMOS,
SMAP) systematically yield larger totals.

For the following analyses, we focus on SM-based Delta
(CCI Combined & FLUXCOM) and SM-based Inversion
(CCI Combined), as they provide the most consistent esti-
mates across methods and align reasonably well with the
magnitudes reported by Kragh et al. (2023). Since no di-
rect validation data are available, this does not imply that
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Figure 8. (a) Monthly IWU time series (left) and mean seasonal cycles (right) for four irrigation districts in the Murray-Darling Basin, with
in situ observations (grey) and estimates from the three selected datasets: SM-based Delta (CCI Combined & SSEBop, in green), SM-based
Inversion (CCI Combined, in blue), and Model-observation integration (Landsat-based map, in red). (b) Spatial distribution of mean annual
IWU (2010–2020) from the three selected datasets. (c) Location and extent of the four irrigation districts.

these datasets are necessarily closer to real IWU, but they
offer a pragmatic choice to ensure comparability between ap-
proaches.

3.4.2 Temporal dynamics and spatial distribution

Figure 9a shows monthly IWU time series (2003–2020)
from the two selected datasets averaged over the Gangetic
Plain, with the monsoon months (July–October) excluded.
Both datasets generally reproduce a dominant Rabi season
(November–March) and a smaller Zaid peak (April–June).

The main difference lies in the timing and magnitude of
the Rabi maximum: SM-based Inversion (CCI Combined)
produces sharper and higher peaks in November–December,
whereas SM-based Delta (CCI Combined & FLUXCOM)
yields smoother dynamics, generally peaking in March.

Because the monsoon period (Kharif; July–October) is
masked, both datasets likely miss an irrigation peak typically
associated with this cropping phase. This is supported by
FAO crop calendars (FAO, 2010), which indicate widespread
irrigation for rice, maize, and other water-demanding crops
during the monsoon months. For the Rabi season, the sim-
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ulated magnitudes (10–50 mm per month, with a March
maximum) are consistent with previous findings by Kragh
et al. (2023), particularly matching the SM-based Delta (CCI
Combined & FLUXCOM) dataset pattern.

Spatially, both datasets (Fig. 9b) identify the Gangetic
Plain as an important irrigation hotspot. In this area, SM-
based Delta (CCI Combined & FLUXCOM) shows values
mostly between 20 and 50 mm per month, with higher lev-
els (40–60 mm per month) in the northwestern part of the
plain, near the Indus Basin. SM-based Inversion (CCI Com-
bined) presents a more uniform distribution across the plain,
with elevated values in the eastern part (around 40–60 mm
per month).

The wider inter-method spread in India compared to other
regions likely reflects the different climatic conditions and
the complexity of the irrigation landscape, with widespread
and multi-seasonal irrigation, which amplifies the sensitivity
differences between methods discussed in Sect. 3.1.2.

4 Limitations and perspectives

4.1 SM-based approaches: methodological
considerations

The SM-based Delta and SM-based Inversion approaches
rely on SM and ET datasets that provide indirect signatures
of irrigation and remain affected by retrieval uncertainties.
Satellite SM is sensitive only to the near-surface layer, so ir-
rigation signals may be weak depending on infiltration rates,
timing relative to satellite overpasses, or irrigation method. In
addition, SM retrievals tend to saturate in wet or frequently
irrigated conditions. ET products are likewise influenced by
methodological assumptions and uncertainties in their inputs,
such as land surface temperature, vegetation parameters, and
meteorological forcing.

Differences in IWU estimates obtained when using alter-
native SM or ET datasets reflect this sensitivity and are con-
sistent with the spread reported among ET products in ir-
rigated regions (e.g., Laluet et al., 2026) and among SM re-
trievals (e.g., Escorihuela and Quintana-Seguí, 2016; García-
García et al., 2026). At the 0.25° resolution considered here,
irrigation signals in SM and ET datasets can also be diluted in
regions where irrigated areas are small or highly fragmented
(e.g., Zappa et al., 2022; Dari et al., 2023), which further lim-
its detectability.

Although these limitations are partly intrinsic to the EO
datasets, methodological refinements may help characterise
their impact. In particular, current SM-based IWU products
do not include formal uncertainty estimates; future develop-
ments could incorporate ensemble or Monte Carlo perturba-
tions of key inputs (e.g., SM, ET, precipitation, irrigated-area
masks) to quantify the robustness of the retrieved irrigation
signal. The SM-based approaches also rely on fixed thresh-
olds, such as the 0.12 relative SM increase filter in the Delta
method (Zaussinger et al., 2019) or the 5 % GMIA irriga-

tion mask, which were adopted from previous studies and
applied uniformly across regions. Assessing the sensitivity
of the IWU estimates to these settings would help further
characterise the robustness of the retrieved irrigation signal.

4.2 Model-observation integration: methodological
considerations

The Model-observation integration dataset inherits several
structural assumptions from the underlying land surface
model. These include the parameterisation of soil hydraulic
properties, the formulation of irrigation-triggering thresh-
olds, and the use of a generic vegetation representation, all
of which influence the magnitude and spatial distribution of
simulated irrigation. Such assumptions may contribute to re-
gional overestimation, as observed in parts of the Murray-
Darling Basin.

Potential improvements include the introduction of crop-
specific parameterisations and the optimisation of irrigation-
related parameters, as well as the sequential assimilation of
satellite observations to better constrain SM and irrigation
dynamics (De Lannoy et al., 2024). At the 0.25° spatial res-
olution, irrigation is applied uniformly over the model grid
cell, which cannot fully represent sub-grid variability in ir-
rigation practices and may influence the simulated irrigation
amounts (Modanesi et al., 2025). In addition, the scaling of
simulated irrigation by the irrigated-area fraction depends
on the accuracy of the underlying irrigated-area map (here
LGRIP30), which directly affects the spatial pattern of the
resulting IWU estimates.

Current uncertainty estimates are solely based on pertur-
bations of the meteorological forcing. Developing ensembles
that also vary irrigated-area maps and key land-surface pa-
rameters would provide a more comprehensive characterisa-
tion of structural uncertainty in this approach.

4.3 Irrigated-area maps and their influence on IWU
estimates

An additional source of uncertainty relates to the irrigated-
area maps used across the three approaches. The SM-
based Delta and SM-based Inversion methods use GMIA
v5, representing conditions around 2005, while the Model-
observation integration approach uses the Landsat-derived
LGRIP30 map for the year 2015. Neither map captures tem-
poral changes in irrigation extent, which may affect long-
term IWU estimates in regions where irrigated areas have
evolved over the study period. The main irrigated regions
analysed here have generally exhibited relatively stable irri-
gation extents over the last two decades (Mehta et al., 2024),
although local changes may still have occurred. Future de-
velopments could benefit from recently available temporally
resolved irrigation maps (e.g., Kebede et al., 2025) to better
account for such changes.
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Table 4. Mean monthly IWU (± standard deviation) (in mm) over the Gangetic Plain for SM-based Delta and SM-based Inversion datasets.
Values are reported separately for the Rabi (November–March) and Zaid (April–June) seasons, and for the combined November–June period
(“Annual” column). The Kharif season (July–October) is excluded due to temporal masking. The rightmost column indicates the period over
which the mean IWU values were computed for each dataset.

Dataset Rabi (November–March) Zaid (April–June) Annual (November–June) Period

SM-based Delta

CCI Combined & FLUXCOM 29.0± 13.1 30.3± 8.3 29.5± 11.5 2003–2020
CCI Passive & FLUXCOM 29.8± 13.9 36.0± 8.5 32.2± 12.5 2003–2020
CCI Active & FLUXCOM 20.5± 13.9 19.5± 9.2 20.1± 12.3 2003–2020

SM-based Inversion

CCI Combined 38.1± 15.3 39.5± 10.1 38.6± 13.6 2003–2022
CCI Passive 72.3± 26.3 52.7± 12.1 64.9± 24.0 2003–2022
ASCAT 86.4± 37.7 75.6± 19.6 82.3± 32.5 2007–2022
SMOS 67.0± 14.9 42.1± 9.4 57.7± 17.8 2010–2022
SMAP 89.5± 25.6 44.5± 11.2 71.8± 30.5 2015–2022

Figure 9. (a) Monthly IWU time series (left) and mean seasonal cycle (right) over the Gangetic Plain derived from SM-based Inversion
(CCI Combined, in blue) and SM-based Delta (CCI Combined & FLUXCOM, in green), with monsoon months (July–October) masked.
(b) Spatial distribution of monthly mean IWU (2003–2020) over India for both approaches (computed over November–June). (c) Extent of
the Gangetic Plain used for aggregation.
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4.4 Data availability and validation constraints

The evaluation of the IWU datasets is restricted to regions
and periods where irrigation records are available (CONUS
and selected districts within the Ebro and Murray-Darling
Basins). Outside these domains, data quality can only be
assessed indirectly, for example, through consistency with
irrigated-area maps or crop calendars. The reference datasets
themselves also contain uncertainties: survey-based annual
estimates (e.g., FRIS) may be affected by reporting or sam-
pling limitations, and district-level time series in the Ebro
and Murray-Darling Basins may be influenced by measure-
ment uncertainties or changes in monitoring practices. Ex-
panding and improving the availability of observational ir-
rigation data would greatly support future validation and
benchmarking efforts.

4.5 Recommendations for users

Given the methodological and data-related considerations
outlined above, the IWU datasets should be interpreted with
care, especially in regions where uncertainties cannot be di-
rectly evaluated due to the lack of validation data. Users are
encouraged to assess spatial and temporal patterns in con-
junction with ancillary information, such as irrigated-area
maps, meteorological conditions, and crop calendars.

Beyond these interpretation guidelines, the datasets are
primarily designed as a coordinated benchmarking resource
for the irrigation research community, supporting large-scale
analyses, intercomparison exercises (e.g., Dari et al., 2025a),
and model benchmarking, rather than as ready-to-use prod-
ucts for specific applications. Combining them with comple-
mentary observations or model outputs can further support
robust interpretation and help mitigate uncertainties associ-
ated with individual datasets. Users should consider the eval-
uation results presented in Sect. 3 when assessing the suit-
ability of specific datasets for their intended use.

5 Data availability

All irrigation water use datasets described in
this paper are openly available on Zenodo:
https://doi.org/10.5281/zenodo.14988197 (Laluet et al.,
2025). In situ reference data are available from the following
sources:

– Ebro basin irrigation districts: Automatic Hydrologic
Information System of the Ebro River Basin (SAIH
Ebro), available at http://www.saihebro.com/saihebro/
index.php?url=/datos/canales (Confederaci´n Hidrográ-
fica del Ebro, 2026; last access: 6 July 2026).

– CONUS: Farm and Ranch Irrigation Survey
(FRIS), produced by the National Agricultural
Statistics Service (NASS), United States De-
partment of Agriculture (USDA), available at

https://www.nass.usda.gov/Surveys/Guide_to_
NASS_Surveys/Farm_and_Ranch_Irrigation/index.php
(USDA NASS, 2019; last access: 6 July 2026).

6 Code availability

No dedicated code repository is available. Data processing
and analysis steps are described in Sects. 2 and 3.

7 Conclusions

This study presents a coordinated archive of long-term IWU
datasets for four major irrigated regions worldwide, pro-
duced at 0.25° spatial resolution and a monthly time step.
The archive combines three distinct approaches – SM-based
Delta, SM-based Inversion, and Model-observation integra-
tion – implemented with multiple soil moisture, evapotran-
spiration, and irrigated-area datasets. The number of avail-
able products varies by region depending on input data avail-
ability, with up to six SM-based Delta products, five SM-
based Inversion products, and one Model-observation inte-
gration product. Beyond dataset generation, the study pro-
vides a first multi-regional assessment of the consistency and
behaviour of these IWU retrieval approaches over extended
time periods.

Validation against in situ irrigation records in the CONUS,
Ebro, and Murray-Darling Basins shows that several datasets
reproduce the main features of the seasonal irrigation cy-
cle and the broad spatial patterns of irrigation. However,
notable differences remain in both magnitude and timing
across methods and relative to the reference data. The Model-
observation integration approach tends to emphasise irriga-
tion hotspots inherited from the irrigated-area maps, whereas
the SM-based approaches produce smoother spatial patterns,
reflecting the coarser resolution and retrieval sensitivities of
soil moisture and evapotranspiration products. Interannual
variability is only partly captured, primarily due to method-
ological limitations; the limited availability of multi-year
ground-based irrigation records further constrains our abil-
ity to evaluate this aspect of the datasets.

These datasets represent an initial step toward a har-
monised, long-term IWU record built on satellite obser-
vations and model-data integration. Future developments
should prioritise expanding and diversifying validation
datasets, improving the spatial resolution of the IWU es-
timates, and refining methodological elements such as
irrigation-triggering rules and uncertainty characterisation.
Such advances would enhance the usefulness of IWU prod-
ucts for hydrological research and climate modelling. Ulti-
mately, this coordinated archive lays the groundwork for fu-
ture efforts to better quantify irrigation water use and to im-
prove the representation of irrigation-climate interactions in
large-scale Earth system analyses.
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