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Abstract. Land evaporation (E) links the water, energy, and carbon cycles and plays a central role in agriculture, water man-

agement, and land–climate interactions. However, estimating E at high spatial and temporal resolution remains challenging,

especially in irrigated regions. This study presents a novel framework to generate daily 1 km E estimates for 2018–2022 over

the Iberian Peninsula by explicitly representing irrigation in the recently released Global Land Evaporation Amsterdam Model

version 4 (GLEAM4). To this end, high-resolution (1 km) meteorological forcing is combined with Sentinel-1 soil moisture5

and ancillary information on irrigated extent and satellite-based crop phenology. Our method constrains E below potential

evaporation (Ep) even in irrigated land, leveraging observational data of vapour pressure deficit, air temperature, vegetation

optical depth, leaf area index, wind speed, and shortwave radiation, which allows irrigated crops to respond realistically to

diverse sources of vegetation stress, rather than assuming Ep rates. Results reveal increases in E over irrigated areas of up to

450 mm yr−1 when irrigation is explicitly considered, with spatial patterns consistent with independent irrigation estimates.10

Evaluation against eddy-covariance measurements demonstrates marked improvements at two irrigated sites in the Iberian

Peninsula, with increases in daily Kling-Gupta Efficiency (KGE) compared to simulations without irrigation of 0.40 and 0.70,

respectively. The approach is also relatively robust to false positives in the irrigation mask owing to the fractional vegetation

structure of GLEAM4. Overall, the resulting high-resolution E dataset provides a realistic representation of irrigation prac-

tices and supports applications in both agricultural management and regional water-resource assessments. The approach will15

be extended to global scales through integration into future GLEAM releases.
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1 Introduction

Land evaporation (or ’evapotranspiration’, E) is a key variable at the interface of agriculture, water management, and climate.

It links the energy, water, and carbon cycles (Tran et al., 2023; Fisher et al., 2017; Liu et al., 2015), and strongly influences water

availability and ecosystem health (Zhao et al., 2022). Despite its central role, hydrological research has traditionally focused20

on the supply and storage side of the water balance (precipitation, runoff, soil moisture, and groundwater) while the demand

side, largely controlled by E, has received comparatively less attention (Fisher et al., 2017). In many regions, evaporative

demand and anthropogenic pressure on water resources are increasing simultaneously (Scanlon et al., 2023), contributing

to more frequent and intense drought events (Gebrechorkos et al., 2025). Accurate quantification of E is therefore critical,

particularly in agricultural systems where it governs crop productivity, determines irrigation requirements, and modulates25

water-use efficiency (Gong et al., 2024; Junquera et al., 2025).

Irrigated agriculture is one of the largest consumptive uses of freshwater globally (Massari et al., 2021), yet its contribution

to total water withdrawals remains highly uncertain and site-dependent, with estimates ranging between 45% and 90% (Puy

et al., 2025). In irrigated systems, E reflects not only natural processes but also human management decisions, as irrigation

increases soil moisture availability, modifies surface energy fluxes, and can influence local to regional climate through feed-30

backs on temperature and humidity (Han et al., 2014; McDermid et al., 2023). At the same time, the overexploitation of surface

and groundwater resources has led to substantial declines in water storage in many regions, particularly in semi-arid and arid

environments where irrigation sustains agricultural production during periods of high evaporative demand (Gong et al., 2024).

These factors highlight the importance of explicitly representing irrigation in E models, even those dedicated to large, clima-

tological scales. However, accurately characterising the timing and spatial distribution of irrigation remains challenging due35

to limited ground-based observations, incomplete reporting of water withdrawals, and inconsistencies among remote-sensing

products and methodologies, which lead to uncertainties in both irrigation extent and applied volumes (Dari et al., 2023;

McDermid et al., 2023; Zappa et al., 2024; Laluet et al., 2025, 2026).

Early remote sensing-based E models were primarily based on surface energy balance approaches combining temperature

and vegetation information, such as the Surface Energy Balance Algorithm for Land (SEBAL; Bastiaanssen et al., 1998), the40

Satellite-Based Energy Balance for Mapping Evapotranspiration with Internalized Calibration (METRIC; Allen et al., 2007),

the Atmosphere Land Exchange Inverse (ALEXI; Anderson et al., 1997), and the Two-Source Energy Balance (TSEB; Norman

et al., 1995; Kustas et al., 2004). These models can be applied at high spatial resolutions and reflect irrigation influences on

land surface temperature, but they typically provide instantaneous or discontinuous snapshots of E and are not designed for

continuous application at continental to global scales. Two clear examples are (i) the successful Open-ET initiative (Melton45

et al., 2022), which currently provides data over the conterminous United States with a goal latency of six weeks at 30 m

spatial resolution (OpenET, 2026); and (ii) the CMRSET dataset (Guerschman et al., 2022), which provides monthly E data

at a 30 m resolution over Australia. While these frameworks are well suited to field- or basin-scale applications, their reliance

on instantaneous satellite overpasses limits their ability to produce temporally continuous records required for climate and

hydrological studies.50
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In contrast, E models developed for climate applications prioritise temporal continuity and global consistency (Miralles

et al., 2016; McCabe et al., 2016). Penman–Monteith-based global products such as MOD16 (Endsley et al., 2025; Mu et al.,

2011) and the Penman-Monteith-Leuning Evapotranspiration (PML; Zhang et al., 2019), as well as Priestley and Taylor-based

approaches like the Priestley and Taylor Jet Propulsion Laboratory (PT-JPL; Fisher et al., 2008), or previous versions of the

Global Land Evaporation Amsterdam Model (GLEAM; Miralles et al., 2011), have the advantage of being continuous and55

coherent over large spatio-temporal scales. The same is true for machine-learning-based approaches dedicated to large-scale

E estimation (Jung et al., 2009; Nelson et al., 2024). However, the coarser spatial resolution of these climate datasets (around

0.1–0.25◦) limits their ability to represent local heterogeneity and to inform basin- or regional-scale water management and

agricultural decisions. Moreover, most global E products do not explicitly represent irrigation, implicitly assuming that water

availability is determined by natural precipitation and soil moisture dynamics. Recent methodological advances aim to bridge60

this gap by targeting higher spatial resolutions while maintaining physical consistency, scalability, and the capacity to generate

long-term records that capture fine-scale heterogeneity and human influences over large scales (Yi et al., 2024). For example,

the FAO’s Water Productivity through Open access of Remotely sensed derived data evaporation dataset (WaPOR v3.0; FAO,

2020) has been explicitly designed for agricultural applications and offers global data at a 10-day temporal resolution; likewise,

PT-JPL, even though it was not originally designed for agriculture, provides estimates at high resolution as part of the Open65

ET ensemble (Melton et al., 2022).

GLEAM (GLEAM; Miralles et al., 2011) was originally developed to generate global, coarse resolution, long-term records

of E based on a process-based framework driven by satellite data. While its applicability at higher spatial resolutions has

already been demonstrated (Martens et al., 2018), GLEAM has not been explicitly designed or evaluated for its ability to

represent E dynamics in irrigated land. As GLEAM transitions to target increasingly higher spatial resolutions and broader70

applications in water management and agriculture, there is a clear need to extend the framework to explicitly represent irri-

gation practices. Approaches that combine physical modelling with data assimilation offer a promising pathway forward. For

example, Modanesi et al. (2025) optimised a sprinkler irrigation scheme within a land surface model using Sentinel-1–based

irrigation estimates. Similarly, Van Dijk et al. (2018) assimilated thermal satellite observations into a global hydrological model

to improve E estimates by accounting for E from surface and groundwater resources, while combining this framework with75

a simple irrigation water balance model to estimate minimum irrigation requirements globally. While GLEAM already as-

similates coarse resolution surface soil moisture observations, its ability to represent irrigation is still hampered by the low

resolution and the lack of explicit parametrisation over irrigated landscapes. Consequently, irrigation effects are only indirectly

represented through soil moisture and vegetation signals and cannot be resolved reliably at field to regional scales.

This study addresses that need by developing and evaluating a strategy to estimate daily E at high spatial resolution (1 km),80

while explicitly incorporating the contribution of irrigation into the most recent version of GLEAM (GLEAM4; Miralles et al.,

2025). Our approach combines high-resolution meteorological forcing, satellite soil moisture estimates, and information on

irrigated extent and crop phenology to constrain irrigation-driven E within the GLEAM framework. Specifically, we aim to:

(i) derive daily E estimates at 1 km spatial resolution for 2018–2022 over the Iberian Peninsula by forcing GLEAM4 with

high-resolution meteorological inputs; (ii) integrate the contribution of irrigation to E into the GLEAM4 framework in a way85
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that accounts for diverse environmental stressors beyond water availability; (iii) evaluate the model’s ability to capture E dy-

namics, including those influenced by irrigation practices; and (iv) assess the implications of explicitly representing irrigation

for the spatial and temporal patterns of E across the Iberian Peninsula. The approach is designed as a pilot implementation that

can be scaled and extended to global production and to other E models and datasets. Since accounting for irrigation is partic-

ularly critical in semiarid regions such as the Mediterranean basin, the Iberian Peninsula is selected as a testbed. The strong90

gradients in precipitation and temperature, complex topography, and extensive irrigated areas characterised by pronounced

seasonality in both water and energy availability, make the region an ideal test case for assessing the added value of explicitly

representing irrigation in GLEAM. A key novelty of this study is that irrigation effects are integrated while allowing E to be

constrained below potential evaporation (Ep) by multiple environmental variables that modulate vegetation stress and stomatal

conductance. The approach provides a physically consistent representation of how irrigation interacts with the broader bio-95

physical environment without assuming that irrigated areas evaporate at potential rates, and can be fully driven by satellite data

at the global scale.

2 Study area

The study area, spanning mainland Spain, and Portugal, is shown in Figure 1, and is hereafter referred to as the Iberian Penin-

sula. The peninsula covers an area of approximately 580,000 km2 and features large precipitation and temperature gradients,100

complex topography, and heterogeneous land use patterns that shape contrasting hydroclimatic conditions (Carvalho et al.,

2021). Elevations range from sea level along the Atlantic and Mediterranean coasts to over 3,400 m a.s.l. in the Pyrenees and

Sierra Nevada mountains. The climate of the Iberian Peninsula is characterised by pronounced spatial and seasonal variability.

Atlantic-influenced regions in the north-west receive over 2,000 mm of precipitation, while semi-arid and arid zones in the

south-east receive less than 100 mm year−1 (Alvarez et al., 2025; Ilvonen et al., 2022; Serrano-Notivoli et al., 2018). The105

Mediterranean region and the continental central plateau face strong seasonal contrasts between wet winters and hot, dry sum-

mers, being vulnerable to water scarcity and drought. Moreover, climate projections suggest that drought events in the region

are likely to become more severe and frequent in the future (Jézéquel et al., 2025; Lazoglou et al., 2024; Lorenzo et al., 2024;

García-Valdecasas Ojeda et al., 2021; Ojeda et al., 2021; Spinoni et al., 2020).

Agriculture is the key economic sector across much of the peninsula, encompassing diverse agroforestry and mixed-cropping110

systems characteristic of Mediterranean agriculture (Cruz Maceín et al., 2023). Irrigated croplands are concentrated in the Ebro,

Guadalquivir, and Tagus River basins, as well as the Mediterranean coastal plains. Irrigated lands in Spain have expanded from

1.5 to nearly 4 million hectares since 1950, reflecting a general intensification over recent decades (Beguería et al., 2022;

Duarte et al., 2014). The Ebro Basin, in northeastern Spain, is one of the most intensively irrigated areas of southern Europe,

consuming high amounts of water (Funes et al., 2021), and supporting a wide variety of crops such as maize, alfalfa, barley,115

wheat, olives, grapes, and fruit trees (Dari et al., 2024a; Pinilla, 2006). Irrigation practices in these areas are sustained through

an extensive system of dams and canals that regulate water flow and storage (Sutanto et al., 2024).
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Land cover across the Iberian Peninsula is dominated by agricultural lands and forests; croplands and pastures are prevalent

in lowlands and forested ecosystems dominate mountain ranges (Figure 1b). Eight eddy-covariance sites are located within

the Iberian Peninsula and are also shown in Figure 1. Of these sites, two are irrigated and six are non-irrigated, representing120

contrasting water management conditions. A detailed description of their temporal data availability, irrigation practices, and

general characteristics is provided in Table 1.

Figure 1. The Iberian Peninsula showing (a) elevation from the ETOPO Global Relief Model (NOAA, 2022), and (b) land cover from the

CORINE Land Cover dataset (Bossard et al., 2000). Eddy-covariance stations are shown as black dots. For a detailed description of the sites,

see Table 1.

3 Data and methods

To produce a daily high-resolution E dataset for 2018–2022 that explicitly accounts for the contribution of irrigation, we

use GLEAM4 (Miralles et al., 2025) and adopt a four-step procedure consisting of: (i) generating a 1 km forcing dataset125

for the analysis period over the Iberian Peninsula; (ii) developing a strategy to explicitly represent irrigation in space and

time within GLEAM4; (iii) executing GLEAM4 at high resolution with two configurations, one including and one excluding

irrigation (benchmark); and (iv) evaluating the performance of the resulting E estimates. These steps are described below and

summarised in Figure 2a.

3.1 GLEAM4 baseline130

GLEAM4 (Miralles et al., 2025) is a hybrid model that combines process-based knowledge with AI-driven techniques to

enhance E and soil moisture estimates over varying climatic conditions. It focuses on key processes that directly impact E by
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Table 1. Overview of the selected eddy-covariance sites used in this study, including location, climate characteristics, and data availability

within the simulation period (2018–2022).

Site Data availability Irrigated Description

Albuera (ES-Abr) 2018–2020 No Savannas (herbaceous and other understory systems with forest

canopy cover of evergreen holm oaks between 10–30%).

Majadas del Tiétar

North (ES-LM1)

2018–2020 No Savannas (herbaceous and other understory systems with forest

canopy cover between 10–30%).

Majadas del Tiétar

South (ES-LM2)

2018–2020 No Savannas (herbaceous and other understory systems with forest

canopy cover between 10–30%).

Aguamarga (ES-Agu) 2018–2020 No Open shrublands (woody vegetation less than 2 m tall and with

shrub canopy cover between 10–60%).

Llano de los Juanes

(ES-LJu)

2018–2020 No Open shrublands (woody vegetation less than 2 m tall and with

shrub canopy cover between 10–60%).

La Cendrosa (Ebro) 2021 Yes Irrigated alfalfa with multiple harvests in the growing season. Irri-

gation through flood or gravity methods (Boone et al., 2025).

Conde (ES-Cnd) 2018–2020 Yes Woody savanna site with irrigated olives.

Aurade (FR-Aur) 2018–2022 No Non-irrigated winter wheat/rapeseed/winter wheat/sunflower crop

rotation since 2004 with recent introduction of a winter cover crop.

integrating relevant Earth Observation data. It calculates E through four sequential steps dedicated to the estimation of (i) Ep,

(ii) interception loss (Ei), (iii) soil water content, and (iv) evaporative stress (S).

In GLEAM4, Ei is computed on rainy days using a global van Dijk–Bruijnzeel model (van Dijk and Bruijnzeel, 2001)135

constrained by satellite-observed vegetation data and a meta-analysis of past field experiments (Zhong et al., 2022). This im-

plementation accounts for sub-grid heterogeneity by computing Ei over tall and short vegetation fractions separately, enabling

a more realistic representation of this component (Zhong et al., 2022, 2024). Ep is calculated using Penman’s equation (Mi-

ralles et al., 2025), unlike previous GLEAM versions that used the Priestley and Taylor formulation (GLEAM; Miralles et al.,

2011); as such, it explicitly accounts for the influence of wind speed, vegetation height, and vapour pressure deficit (VPD) on140

Ep. Soil water dynamics are key in accurately estimating vegetative stress and consequently E; GLEAM4 uses a multi-layer

running water balance accounting for plant access to groundwater, which plays an important role in certain vegetated areas dur-

ing dry conditions (Hulsman et al., 2023). Microwave soil moisture, brightness temperatures, and/or backscatter observations

are assimilated in the top soil layer (Martens et al., 2017; Miralles et al., 2025). Additionally, GLEAM4 accounts for understory

and bare soil evaporation by modelling the transmission of incoming radiation through the canopy using the Beer-Lambert law145

based on leaf area index (LAI) (Miralles et al., 2025). In GLEAM4, the fractional cover of tall and short vegetation, bare soil,

and open water is dynamic in space and time, as described by Zhong et al. (2022).
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Figure 2. (a) Workflow of the proposed methodology to develop a daily high-resolution E dataset for 2018–2022 that includes the contribu-

tion of irrigation. (b) Proposed irrigation strategy, following three steps: (i) identification of times and locations where irrigation occurs by

combining the irrigation map of Meier et al. (2018) with FAO’s crop phenology data (FAO, 2018), (ii) increasing soil moisture (SM ) prior

to S computation, and (iii) Sentinel 1 SM data assimilation.

Arguably, one of the most critical components of GLEAM4 is the estimation of S over vegetated areas, which is based

on a machine learning approach designed to capture how environmental stressors constrain E below Ep (Miralles et al.,

2025). These stressors include vegetation properties and environmental variables such as soil plant-available water, VOD, air150

temperature, VPD, LAI, wind speed, shortwave incoming radiation (SWi), and atmospheric CO2 concentration (Koppa et al.,

2022). In the current version, two extreme Gradient Boosting models (XGBoost; Chen and Guestrin, 2016) are trained to
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predict S for tall and short vegetation fractional cover independently, using eddy-covariance and sap flow data across a wide

variety of ecosystems (Koppa et al., 2022). S ranges from zero to one, where high S values indicate low vegetation stress,

whereas low S values are associated with higher levels of vegetative stress and reduced transpiration relative to its potential.155

3.2 Input data

To force GLEAM4 at high spatial resolution, we generated a 1 km forcing dataset using variable-specific downscaling proce-

dures, partly based on the input datasets described in Miralles et al. (2025). This strategy ensures the global applicability of

the methods presented here by relying on globally available datasets rather than region-specific products. An overview of the

datasets used and the associated processing steps is provided in Table 2.160

Precipitation and air temperature were downscaled from MSWEPv2.8 (Beck et al., 2019) and MSWXv1 (Beck et al., 2022),

respectively, by computing and applying monthly correction factors leveraging the high-resolution monthly climatologies from

CHELSAv2.1 (Karger et al., 2017) as done in recent studies (Filippucci et al., 2025). VPD was subsequently derived from the

downscaled air temperature and humidity fields from MSWXv1 interpolated bilinearly to 1 km. Snow water equivalent (SWE)

was obtained by merging daily estimates from GlobSnow (Luojus et al., 2021) and the AMSR-E/Aqua Daily L3 product by165

Tedesco et al. (2004), as the former does not provide SWE estimates over mountainous regions or the Global South.

Outgoing shortwave radiation (SWu) and SWi were derived by adapting the downscaling framework by Rains et al. (2024)

based on Meteosat Second Generation (MSG) Land Surface Analysis Satellite Application Facility (LSA SAF; Trigo et al.,

2011) and MODIS data. To compute SWu, we used daily albedo and SWi data. Albedo data from LSA SAF were downscaled

using MODIS albedo (MCD43A2; Schaaf and Wang, 2021), while LSA SAF SWi was resampled to 1 km through bilinear170

interpolation. Outgoing longwave radiation (LWu) was computed using land surface temperature (LST), emissivity data, and

incoming longwave radiation (LWi). Emissivity was derived similarly to albedo, by downscaling LSA SAF emissivities using

MODIS emissivity estimates (Wan et al., 2021), while LWi was obtained by bilinearly interpolating LSA SAF estimates. To

obtain consistent LST estimates, hourly clear-sky LST observations from LSA SAF (Ermida et al., 2018) were corrected and

downscaled using the four daily MODIS LST overpasses (Terra and Aqua, day and night; Wan et al., 2021). First, MODIS175

LST observations were converted to UTC, screened using quality flags, and temporally normalised to the nearest LSA SAF

acquisition time. Second, the MODIS overpasses were used to bias-correct the LSA SAF LST. A Kalman filter was then

applied to assimilate the MODIS observations into the hourly MSG LST time series, resulting in a corrected continuous

LST dataset. These continuous LST fields were subsequently aggregated to daily resolution and used to compute outgoing

longwave radiation. The four radiation components (incoming and outgoing shortwave and longwave radiation) were then180

combined to estimate daily Rn at 1 km resolution. Remaining gaps inherited from the MSG observations were filled using a

spatial interpolation approach based on neighbouring grid-cells. Further details can be found in Rains et al. (2024).

LAI and the fraction of absorbed photosynthetically active radiation (fAPAR) from MODIS (MCD15A2H v6.1; Myneni

et al., 2021) were partitioned into tall and short vegetation fractions using MODIS vegetation continuous fields (MOD44B

v6.1; DiMiceli et al., 2022). To minimise vegetation-type mixing, LAI and fAPAR were averaged within a 7 km moving185

window over areas where tall or short vegetation fractions exceeded the 95th percentile according to MOD44B, following the
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approach of Zhong et al. (2022) but at higher spatial resolutions. Soil hydraulic properties from HiHydrosoil v2 (Simons et al.,

2020) and vegetation height from the GLAD Global Land Cover and Land Use Change dataset (Potapov et al., 2022) were

aggregated from their native resolutions of 250 m and 30 m, respectively.

In addition, as part of the irrigation strategy adopted in this study, the global irrigation map (30 arcsec) of Meier et al. (2018)190

was used. It is derived from a wide range of data sources, including land cover, temporal Normalised Difference Vegetation

Index (NDVI) dynamics, agricultural suitability, cropping potential, and the Global Map of Irrigation Areas (GMIA) from

Siebert et al. (2005) representative of conditions in 2018. This product was validated against several widely used global and

regional irrigation datasets. Unlike the FAO definition of irrigated areas, which identifies areas equipped for irrigation, the

dataset of Meier et al. (2018) identifies areas that are actually irrigated. This distinction is critical for E modelling, as irrigation-195

equipped areas are not necessarily irrigated every year or season (McDermid et al., 2023). By focusing on effective irrigation

rather than potential irrigation extent, this dataset provides a more appropriate basis for representing irrigation impacts on

E within a physically consistent modelling framework. To represent the temporal evolution of irrigation, the crop phenology

dataset (30 arcsec) from FAO’s Agricultural Stress Index System (ASIS; FAO, 2018) was used. It characterises the phenological

cycle by distinguishing three main stages: the start of the season (early crop development), the peak (full crop development),200

and the end of the season (physiological maturity). The dataset covers up to two crop seasons per year and is derived from

NDVI dynamics at the grid-cell level. The end-of-season phase corresponds to physiological maturity and does not necessarily

coincide with harvest. Finally, 1 km surface soil moisture estimates from the S1-DPA dataset, based on Sentinel-1 dual-

polarisation SAR measurements (Fan et al., 2025), were assimilated.

3.3 Irrigation representation205

To represent irrigation effects on E in a framework suitable for future integration into the GLEAM4 global products, we adopt a

scalable four-step strategy: (i) identifying the locations and periods when irrigation occurs, (ii) increasing soil moisture to field

capacity in the corresponding grid-cells and periods prior to the computation of S, (iii) predicting S to constrain E below Ep

and subtracting the water lost through E from the soil, and (iv) assimilating soil moisture observations to dynamically constrain

irrigation inputs and ensure realistic soil moisture variability. This approach allows irrigation dynamics to be represented at a210

daily temporal scale while relying on datasets that can be consistently applied across the global domain.

The timing and spatial distribution of irrigation are determined by combining the global irrigation map from Meier et al.

(2018) with crop phenology information from the FAO Agricultural Stress Index System (FAO, 2018). Specifically, the static

irrigation map is used to delineate irrigated areas, while the phenology dataset is used to identify the periods of active irrigation,

assumed to extend from the start to the end of the growing season. This combination results in a daily irrigation mask indicating215

the irrigation calendar, not the actual days on which irrigation is applied. grid-cells are flagged as irrigated (value of one) during

active crop growth and non-irrigated (value of zero) otherwise. The resulting dataset is rescaled to the 1 km GLEAM grid using

a nearest-neighbour interpolation scheme and applied consistently across the study period (2018–2022).

For grid-cells and periods identified as irrigated, soil moisture is increased to field capacity within the short vegetation

fraction of each grid-cell before the computation of S. Because the short vegetation fraction is dynamically modulated by220

9

https://doi.org/10.5194/egusphere-2026-1856
Preprint. Discussion started: 10 April 2026
c© Author(s) 2026. CC BY 4.0 License.

s8740687
Kommentar zu Text
irrigated areas are represented on static information based on the year 2018 assuming these are still representative for 2019 - 2022... this needs to be considered in the discussion.

s8740687
Hervorheben



Ta
bl

e
2.

O
ve

rv
ie

w
of

in
pu

td
at

as
et

s
an

d
pr

oc
es

si
ng

st
ep

s
us

ed
to

pr
od

uc
e

th
e

1
km

fo
rc

in
g

da
ta

to
ex

ec
ut

e
G

L
E

A
M

4
at

hi
gh

re
so

lu
tio

n
in

th
is

st
ud

y.

Va
ri

ab
le

So
ur

ce
(s

)
Pr

oc
es

si
ng

sc
he

m
e

R
ef

er
en

ce
s

N
et

ra
di

at
io

n
(R

n
)

L
SA

SA
F

/M
O

D
IS

D
er

iv
ed

by
ad

ap
tin

g
th

e
ap

pr
oa

ch
of

R
ai

ns
et

al
.(

20
24

).
L

SA
SA

F
em

is
si

vi
ty

an
d

al
be

do
w

er
e

do
w

ns
ca

le
d

us
in

g
M

O
D

IS
(M

O
D

11
A

1
an

d
M

C
D

43
A

2)
da

ta
.H

ou
rl

y

L
SA

SA
F

L
ST

w
as

bi
as

-c
or

re
ct

ed
w

ith
M

O
D

IS
1

km
L

ST
us

in
g

a
K

al
m

an
fil

te
r.

(T
ri

go
et

al
.,

20
08

;
E

rm
id

a

et
al

.,
20

18
;

W
an

et
al

.,
20

21
;

Sc
ha

af
an

d
W

an
g,

20
21

)

Sh
or

tw
av

e
in

co
m

in
g

(S
W

i
)

L
SA

SA
F

D
ow

ns
ca

le
d

to
1

km
th

ro
ug

h
bi

lin
ea

ri
nt

er
po

la
tio

n,
fo

llo
w

in
g

R
ai

ns
et

al
.(

20
24

).
Tr

ig
o

et
al

.(
20

08
);

C
ar

re
re

ta
l.

(2
01

9)

Sh
or

tw
av

e
ou

tg
oi

ng

(S
W

u
)

L
SA

SA
F

/M
C

D
43

A
2

D
er

iv
ed

fr
om

do
w

ns
ca

le
d

L
SA

SA
F
S
W

i
an

d
do

w
ns

ca
le

d
L

SA
SA

F-
ba

se
d

su
rf

ac
e

al
be

do
by

ad
ap

tin
g

th
e

ap
pr

oa
ch

of
R

ai
ns

et
al

.(
20

24
).

(T
ri

go
et

al
.,

20
08

;C
ar

re
re

ta
l.,

20
19

;S
ch

aa
fa

nd
W

an
g,

20
21

)

A
ir

te
m

pe
ra

tu
re

(T
a

)

M
SW

X
v1

/
C

H
E

L
-

SA
v2

.1

M
SW

X
v1

da
ta

do
w

ns
ca

le
d

to
1

km
us

in
g

C
H

E
L

SA
v2

.1
m

on
th

ly
cl

im
at

ol
og

ie
s

th
ro

ug
h

m
on

th
ly

ad
di

tiv
e

co
rr

ec
tio

n
fa

ct
or

s.

B
ec

k
et

al
.(

20
22

);
K

ar
ge

re
ta

l.

(2
01

7)

Pr
ec

ip
ita

tio
n

(P
)

M
SW

E
Pv

2.
8

/C
H

E
L

-

SA
v2

.1

M
SW

E
Pv

2.
8

do
w

ns
ca

le
d

to
1

km
us

in
g

C
H

E
L

SA
v2

.1
m

on
th

ly
cl

im
at

ol
og

ie
s,

in
-

cl
ud

in
g

pr
ec

ip
ita

tio
n

un
de

rc
at

ch
co

rr
ec

tio
ns

fo
r

hi
gh

el
ev

at
io

ns
an

d
sn

ow
-c

ov
er

ed

ar
ea

s
th

ro
ug

h
m

on
th

ly
m

ul
tip

lic
at

iv
e

co
rr

ec
tio

n
fa

ct
or

s.

B
ec

k
et

al
.(

20
19

);
K

ar
ge

re
ta

l.

(2
01

7)

V
ap

ou
r

pr
es

-

su
re

de
fic

it
(V

PD
)

M
SW

X
v1

C
om

pu
te

d
fr

om
do

w
ns

ca
le

d
T
a

an
d

hu
m

id
ity

da
ta

(i
nt

er
po

la
te

d
bi

lin
ea

rl
y

to
1

km
).

B
ec

k
et

al
.(

20
22

)

C
O

2
co

nc
en

tr
at

io
n

C
A

M
S

In
te

rp
ol

at
ed

bi
lin

ea
rl

y
to

1
km

.
In

ne
ss

et
al

.(
20

19
)

W
in

d
sp

ee
d

(u
)

E
R

A
5

C
al

cu
la

te
d

fr
om

th
e

ea
st

w
ar

d
an

d
no

rt
hw

ar
d

w
in

d
co

m
po

ne
nt

s
us

in
g

th
e

Py
th

ag
or

ea
n

th
eo

re
m

an
d

su
bs

eq
ue

nt
ly

in
te

rp
ol

at
ed

bi
lin

ea
rl

y
to

1
km

.

H
er

sb
ac

h
et

al
.(

20
20

)

Sn
ow

w
at

er
eq

ui
va

-

le
nt

(S
W

E
)

G
lo

bS
no

w
/A

M
SR

-

E
/A

qu
a

G
lo

bS
no

w
an

d
A

M
SR

-E
m

er
ge

d
at

0.
1◦

to
be

tte
r

re
pr

es
en

t
co

m
pl

ex
to

po
gr

ap
hy

an
d

in
te

rp
ol

at
ed

bi
lin

ea
rl

y
to

1
km

.

L
uo

ju
s

et
al

.
(2

02
1)

;
Te

de
sc

o

et
al

.(
20

04
)

V
eg

et
at

io
n

op
tic

al

de
pt

h
(V

O
D

)

V
O

D
C

A
v2

In
te

rp
ol

at
ed

bi
lin

ea
rl

y
to

1
km

.
Z

ot
ta

et
al

.(
20

24
)

L
ea

f
ar

ea
in

de
x

(L
A

I)

M
O

D
15

A
3H

/

M
O

D
44

B

Pa
rt

iti
on

ed
in

to
ta

ll
an

d
sh

or
tf

ra
ct

io
ns

us
in

g
M

O
D

44
B

v6
.1

ve
ge

ta
tio

n
da

ta
.F

ra
c-

tio
na

l
L

A
I

es
tim

at
ed

pe
r

gr
id

-c
el

l
by

av
er

ag
in

g
L

A
I

va
lu

es
in

a
7

km
w

in
do

w

w
he

re
ta

ll/
sh

or
t

ve
ge

ta
tio

n
ex

ce
ed

ed
th

e
95

th
pe

rc
en

til
e

of
ve

ge
ta

tio
n

co
ve

r
fr

ac
-

tio
n,

ad
ap

te
d

fr
om

Z
ho

ng
et

al
.(

20
22

).

M
yn

en
ie

ta
l.

(2
02

1)
;D

iM
ic

el
i

et
al

.(
20

22
)

Fr
ac

tio
n

of
ab

so
rb

ed

PA
R

(f
A

PA
R

)

M
O

D
15

A
3H

/

M
O

D
44

B

Pr
oc

es
se

d
as

fo
rL

A
I,

ad
ap

te
d

fr
om

Z
ho

ng
et

al
.(

20
22

).
M

yn
en

ie
ta

l.
(2

02
1)

;D
iM

ic
el

i

et
al

.(
20

22
)

V
eg

et
at

io
n

he
ig

ht
G

E
D

I/
L

an
ds

at
A

ve
ra

ge
d

to
1

km
fr

om
na

tiv
e

30
m

re
so

lu
tio

n.
Po

ta
po

v
et

al
.(

20
22

)

So
il

pr
op

er
tie

s
H

iH
yd

ro
So

il
A

ve
ra

ge
d

to
1

km
fr

om
na

tiv
e

25
0

m
re

so
lu

tio
n.

Si
m

on
s

et
al

.(
20

20
)

Su
rf

ac
e

so
il

m
oi

s-

tu
re

(S
M

s)

S1
-D

PA
R

et
ri

ev
ed

fr
om

Se
nt

in
el

-1
du

al
-p

ol
ar

is
at

io
n

SA
R

ob
se

rv
at

io
ns

us
in

g
a

fo
rw

ar
d-

m
od

el
in

ve
rs

io
n

al
go

ri
th

m
.

T
he

S1
-D

PA
pr

od
uc

t
pr

ov
id

es
gl

ob
al

1
km

es
tim

at
es

w
ith

a
3–

6
da

y
re

vi
si

to
ve

rE
ur

op
e

an
d

hi
gh

ac
cu

ra
cy

ov
er

cr
op

la
nd

s.

Fa
n

et
al

.(
20

25
)

Ir
ri

ga
tio

n
G

lo
ba

l
ir

ri
ga

tio
n

m
ap

/F
A

O
A

SI
S

D
yn

am
ic

da
ily

m
ap

s
co

m
bi

ni
ng

th
e

gl
ob

al
ir

ri
ga

tio
n

m
ap

fr
om

M
ei

er
et

al
.(

20
18

)

w
ith

cr
op

ph
en

ol
og

y
in

fo
rm

at
io

n
fr

om
th

e
FA

O
A

gr
ic

ul
tu

ra
lS

tr
es

s
In

de
x

Sy
st

em
.

M
ei

er
et

al
.(

20
18

);
FA

O
(2

02
0)

10

https://doi.org/10.5194/egusphere-2026-1856
Preprint. Discussion started: 10 April 2026
c© Author(s) 2026. CC BY 4.0 License.



fAPAR (Zhong et al., 2022), the effective irrigation signal also follows the seasonal dynamics of vegetation. This design reduces

potential biases associated with false positives in the irrigation mask, while representing irrigation under a near-ideal case. The

approach alleviates water stress for irrigated vegetation relative to non-irrigated areas, while allowing other environmental

stressors known to regulate stomatal conductance — such as VPD (atmospheric dryness), air temperature (heat stress), SWi

(PAR availability), and atmospheric CO2 concentration (stomatal regulation) — to constrain E below its potential rate (Koppa225

et al., 2022). When soil moisture is already at field capacity due to precipitation, no additional irrigation is applied.

To further increase the realism of irrigation amounts and ensure consistency with observed soil moisture dynamics, high-

resolution surface soil moisture observations are assimilated. We use the global 1 km S1-DPA dataset (Fan et al., 2025),

which provides Sentinel-1–based soil moisture estimates derived using a dual-polarisation retrieval algorithm that minimises

mismatches between simulated and observed backscatter while accounting for variations in soil and vegetation conditions.230

The dataset offers near-global coverage, with a revisit time of 3–6 days over Europe, and has demonstrated particularly strong

performance over croplands, making it well suited for hydrological and agricultural applications (Fan et al., 2025).

Soil moisture assimilation follows the sequential approach of Martens et al. (2017) and Miralles et al. (2025), in which

observed soil moisture anomalies are first computed and scaled to match the climatology of the GLEAM4 open-loop soil mois-

ture estimates (here including irrigation) using a Newtonian nudging scheme. The assimilation is applied to the top soil layer235

(0–5 cm) throughout the study area, including both irrigated and non-irrigated grid-cells. The updated values are subsequently

propagated to deeper layers by the process-based model. By constraining the temporal evolution of soil moisture with data

assimilation, this approach ensures that soil moisture dynamics, and consequently irrigation amounts, remain consistent with

satellite-observed variability at high spatial resolution.

3.4 Performance evaluation240

To assess the performance of the high-resolution GLEAM4 E estimates, we evaluated them against the selected in situ E mea-

surements presented in Table 1 and Figure 1. As a metric of performance, we used the modified Kling–Gupta efficiency (KGE;

Gupta et al., 2009; Kling et al., 2012), which summarises model performance in terms of Pearson’s correlation coefficient (r),

the bias ratio (β), and the variability ratio (γ). The KGE is computed as:

KGE = 1−
√
(r− 1)2 +(β− 1)2 +(γ− 1)2, (1)245

where:

r =

∑n
i=1(Oi −O)(Si −S)√∑n

i=1(Oi −O)2
√∑n

i=1(Si −S)2
, β =

S

O
, and γ =

σS/S

σO/O
, (2)

with Oi and Si denoting the observed and simulated values, respectively, O and S their means, and σO and σS their standard

deviations. KGE values range from −∞ to 1, with values closer to 1 indicating better agreement between simulated and

observed E.250
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4 Results and discussion

4.1 Contribution of irrigation in E estimates

Figure 3 shows the spatial distribution of mean annual E based on 1 km GLEAM4 with and without irrigation over the study

period (2018–2022). Clear increases in E associated with irrigation appear along the riparian zones of the Ebro River and its

tributaries, as well as in the Duero, Guadiana, and Guadalquivir river basins, all of which are intensively irrigated (Tocados-255

Franco et al., 2023; Playán et al., 2024). Increases in annual E due to irrigation reach up to approximately 450 mm, effectively

doubling E compared to simulations without irrigation (Fig. 3c), consistent with the 100–500 mm irrigation volumes across

the Ebro Basin reported by Dari et al. (2023). Similar increases in E have also been reported by Dari et al. (2024b) when

irrigation water use is explicitly represented in land surface model simulations. Furthermore, the spatial patterns of irrigation-

induced increases in E align well with those in the European Crop-specific Irrigated Area (ECIRA) dataset over the Iberian260

Peninsula (Zhu et al., 2025), indicating that the applied irrigation mask accurately captures the spatial distribution of irrigated

areas relative to an independent dataset. However, this comparison is not fully independent, since both ECIRA and the global

irrigation map of Meier et al. (2018) incorporate the GMIA dataset from Siebert et al. (2005).

The influence of irrigation also varies substantially inter-annually depending on regional water availability. For example, the

mean annual increase in E attributed to irrigation was 76 mm yr−1 in 2018, whereas in 2022 it reached 246 mm yr−1. This265

difference reflects the contrasting hydroclimatic conditions during the study period: 2018 was relatively wet, while in 2022

an exceptional drought affected the Iberian Peninsula (Serrano-Notivoli et al., 2023; Garrido-Perez et al., 2024). These results

suggest that the implemented strategy captures the increased irrigation demand associated with reduced water availability; it

will not capture, however, potential top-down irrigation restrictions imposed by water authorities or reductions in irrigation due

to insufficient water availability during periods of drought.270

Spatial patterns of irrigated areas also broadly agree with those reported by Dari et al. (2023), although their mapped ex-

tent is noticeably larger. This difference likely stems from their soil moisture inversion method, which estimates irrigation by

attributing all water inputs inferred from soil moisture changes over croplands to precipitation plus irrigation. Because their

method depends on daily consistency between the selected soil moisture and precipitation datasets, noise or mismatches be-

tween the soil moisture and precipitation signals can artificially inflate irrigation estimates and lead to the misclassification of275

non-irrigated areas as irrigated. This is consistent with the limitations noted by Dari et al. (2023); Zappa et al. (2024), including

spurious irrigation signals in non-irrigated regions and false irrigation activity during non-irrigated periods. Similar challenges

were reported by Purnamasari et al. (2025), particularly in humid regions when detecting irrigated areas using land surface

temperature combined with a hydrological model. Consequently, the magnitudes over the Ebro Basin in Figure 3c are not

directly comparable to those reported by Dari et al. (2023), and lower values are expected here as Dari et al. (2023) estimate280

actual irrigation amounts by scaling E with an irrigation efficiency factor (typically 15–30%; Dari et al., 2020), whereas here

we quantify only the increase in E attributable to irrigation.
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Figure 3. Mean annual E estimates for 2018–2022 for: (a) the model run without irrigation and soil moisture data assimilation, (b) the

model run including the irrigation strategy, and (c) the difference between both runs (b− a), representing the additional E attributable to

irrigation.

4.2 Ability to capture E dynamics

We evaluated the performance of the E estimates at the daily temporal scale using a total of eight eddy-covariance sites:

six over non-irrigated areas, and two over irrigated areas. Daily KGE values span 0.17–0.64, highlighting the large spread in285

performance and differences in the ability to capture high-frequency daily E variability.

The spatial distribution of all selected stations is shown in Figure 4. Figure 4a shows the performance of all evaluated eddy-

covariance sites using the KGE and its components. Non-irrigated sites are shown in purple, while irrigated sites are shown

in green. For the irrigated sites, both experiments are presented: (i) including the irrigation strategy (dark green) and (ii) the

benchmark without irrigation (light green). For the sites without irrigation (panel a), the highest performance is observed in290

central Spain (ES-LM1, ES-LM2, and ES-Abr), where daily KGE values range from 0.53 to 0.64. In contrast, lower scores are

obtained in non-irrigated sites from southeastern Spain (ES-LJu and ES-Agu), with daily KGE values between 0.17 and 0.32.

The reduced skill at these sites is most evident in the correlation component (r), which reflects the temporal dynamics of E,

and is particularly low at ES-LJu. This behaviour is expected, as this region exhibits the highest aridity index across the Iberian

Peninsula and thus precipitation can lead to highly episodic soil moisture and E dynamics (Beguería et al., 2025). Moreover,295

estimating E in arid and semi-arid regions is inherently challenging due to the strong sensitivity to short-lived wetting events

and the rapid drying of the surface layer, leading to consistently lower performance in terms of E (Nelson et al., 2024; Mi-

ralles et al., 2025). Under such conditions, even small uncertainties in precipitation, soil moisture, or vegetation descriptors can

translate into large relative errors in daily E, and timing mismatches become more critical because E responds almost instanta-

neously to precipitation (and irrigation). Additionally, the Sentinel-1–based 1 km S1-DPA soil moisture product (C-band SAR)300

is disproportionally affected by subsurface scattering over dry soils, potentially generating anomalous backscatter signals and
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degrading soil moisture retrieval accuracy (Wagner et al., 2022). Despite these challenges, the performance over Mediterranean

sites remains encouraging: daily KGE values fall within the expected range with a median KGE for non-irrigated sites of 0.53,

which is consistent with the global performance of coarse-resolution GLEAM4 (Miralles et al., 2025).

Regarding irrigated sites, La Cendrosa (Boone et al., 2025), located in the Ebro Basin, shows a marked improvement when305

irrigation is included, with daily KGE increasing from –0.48 to 0.19. This improvement is driven by gains across all compo-

nents, particularly r (–0.20 to 0.39) and β (0.41 to 0.78), while γ moves closer to one, decreasing from 1.63 to 0.52, indicating

remaining limitations in capturing temporal variability. Similarly, ES-Cnd in southern Spain shows improved performance,

with KGE increasing from 0.21 to 0.40, accompanied by performance increases in r (0.36 to 0.45), β (0.61 to 0.76), and γ

(1.26 to 0.93).310

Figure 4b presents the subset of sites classified as irrigated by the dynamic mask, including three non-irrigated sites (pur-

ple) that were incorrectly flagged (ES-LM1 and ES-LM2 are located in very close proximity). Results are shown for both

experiments: with irrigation (darker colours) and without (lighter colours). These results highlight the impact of false-positive

irrigation detection on E estimates. At ES-LM1 and ES-LM2, performance decreases slightly due to changes in bias and

variability (KGE from 0.59 to 0.54 and 0.63 to 0.53, respectively), while FR-Aur shows a small improvement (0.38 to 0.41).315

Overall, these effects are minor compared to the improvements observed at genuinely irrigated sites, indicating that the model

is relatively robust to false-positive irrigation signals. This robustness arises from (i) the aggregation of independent vegetation

fractions in GLEAM, with seasonality driven by fAPAR (Zhong et al., 2022), which limits the contribution of short vegetation

during dry periods, and (ii) the seasonal alignment between precipitation and the growing season of non-irrigated sites, which

reduces the relative impact of additional irrigation inputs. Consequently, misclassified irrigation signals have a limited effect320

on soil moisture dynamics and E estimates.

Figure 5 shows (a) the 2021 time series for the La Cendrosa site over the irrigated season (May–October) and (b) the

2018–2020 period for the irrigated ES-Cnd site. Both figures include E (top), S (middle), and surface soil moisture estimates

(bottom). It is evident that the experiment including irrigation reproduces the observed E dynamics more accurately than the

no-irrigation case for both stations. In the latter, E decreases rapidly as the soil dries, driven by increasing vegetation stress (low325

S values that suppress Ep). This behaviour reflects the high sensitivity of S in arid regions to short-lived wetting events, which

lead to rapid soil moisture depletion and reduced plant-available water, further constraining E. In contrast, when irrigation is

included and soil moisture increases, vegetative stress decreases, resulting in S values closer to 1, as expected from enhanced

plant-available water. Accurately representing S is important, as prolonged vegetative stress can impact vegetation and even

alter plant physiology (Kan et al., 2023), including under well-watered conditions (Julia and Dingkuhn, 2013). Despite this,330

an increase in vegetative stress (lower S values) is observed between May and July at both sites. These patterns highlight the

importance of accounting for multiple stress factors, as plant functioning is influenced not only by water and energy availability

but also by variables such as wind speed, leaf morphology and physiology, heat stress, and VPD (Koppa et al., 2022; Jagadish

et al., 2021; Lambers and Oliveira, 2019).
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Figure 4. Performance of GLEAM4 E estimates at eddy-covariance sites using the KGE and its components. (a) All evaluated sites,

distinguishing non-irrigated (purple) and irrigated (green) locations. For irrigated sites, results are shown for both experiments: with irrigation

(dark green) and without irrigation (light green). (b) Subset of sites classified as irrigated by the dynamic mask, including three non-irrigated

sites incorrectly identified as irrigated (purple). Results are shown for simulations with irrigation (darker colours) and without irrigation

(lighter colours).

4.3 Evaporation partitioning over the Iberian Peninsula335

Figure 6 shows the spatial distribution of the components (Et, Ei, and Eb) of mean annual total E for 2018–2022, based on the

experiment that includes irrigation (see Figure 3b). The highest E values are located in the northern Iberian Peninsula (Galicia,

Asturias, Cantabria, Basque Country, and northern Aragón) and along the Mediterranean coast of Catalonia and Valencia,

often exceeding 800 mm yr−1. These regions are dominated by closed forests (see Figure 1b). High E values are also observed

across northern Portugal and in forested and mountainous regions, particularly in the Central System (Castilla), Iberian System340

(Aragón), and Sierra Morena (Andalusia), with totals between 500 and 700 mm yr−1 (Figure 3b). The spatial patterns and

magnitudes of E presented in this study are consistent with those in other state-of-the-art E datasets (Nelson et al., 2024;

Miralles et al., 2025).

Overall, Et is the dominant contributor to total E, with values typically ranging from near zero in dry steppe areas to more

than 700 mm yr−1 in dense forests, where it accounts for approximately 60–80% of total E. In more sparsely vegetated regions,345

its relative contribution decreases to about 30–60%, although increases are observed over irrigated areas such as those in the

Ebro Basin. Ei is higher in densely vegetated regions (see also Figure 1b). In relative terms, Ei generally contributes up to

20% of total E mainly over forested regions in Galicia, Cantabrian Coast, and Pyrenees. Eb typically ranges between 0 and

400 mm yr−1, with the highest values in sparsely vegetated regions. Its relative contribution varies from about 10–30% in

densely vegetated regions to as much as 80% across the Spanish dry steppes.350
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Figure 5. Time series of E (top), S (middle), and soil moisture (bottom) at the La Cendrosa site (left panel), located within the Ebro Basin,

and ES-Cnd (right panel). The blue line represents observed E, while the green and yellow lines depict estimates for the irrigated and non-

irrigated experiments, respectively.

Figure 7 illustrates winter (DJF; December–February) and summer (JJA; June–August) conditions for E and its components

over the period 2018–2022. E exhibits pronounced seasonal variability across the Iberian Peninsula, with higher values over

northern Spain (Galicia, the Cantabrian Cordillera, the Basque Country, and the Pyrenees), largely driven by the seasonality

of Et. Maximum values occur during summer in forested regions due to increased energy and water availability, whereas

minimum values are observed during summer in water-limited regions, particularly in Andalusia and Castilla. Ei displays355

lower seasonal variability, as it primarily responds to precipitation patterns, particularly in the more densely vegetated regions

of the northern Iberian Peninsula where precipitation is more frequent. In contrast, Eb reaches higher values during winter

in the sparsely vegetated regions of central-western Spain, while remaining relatively low in summer due to strong water

limitations during the dry season.
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Figure 6. Mean annual E components (2018–2022) over the Iberian Peninsula considering irrigation: (a) transpiration (Et), (b) interception

loss (Ei), and (c) bare soil evaporation (Eb). Their contribution to total E in percentage is shown in panels d–f for Et, Ei, and, Eb,

respectively.

4.4 Limitations and future work360

Among the main limitations of the approach presented here is that irrigated areas have expanded or shifted rapidly due to

changes in agricultural practices, water availability, and policy incentives (McDermid et al., 2023). Using a temporally fixed

irrigation map therefore introduces uncertainties in both the spatial extent and timing of irrigation, which ultimately depend on

crop type and human management decisions. In addition, irrigation is represented here under a near-ideal assumption, whereby

soil moisture is increased to field capacity rather than explicitly modelling actual irrigation applications. This may affect365
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Figure 7. Seasonal E (panel a) and its components Et, Ei, and Eb (panels b–d, respectively) during winter (DJF; December–February) and

summer (JJA; June–August) for 2018–2022.

irrigation estimates in cases where farmers adopt deficit irrigation strategies, commonly applied to crops such as olive trees

and grapevines (Expósito and Berbel, 2017; Domingo and Castel, 2010). Moreover, the Sentinel-1–based 1 km S1-DPA soil

moisture product used in this study may also be affected by subsurface scattering over dry soils, which can generate anomalous

backscatter signals and reduce soil moisture retrieval accuracy (Wagner et al., 2022).

Future work should therefore focus on developing methods that combine multiple complementary data sources (e.g., land370

surface temperature, vegetation dynamics, microwave backscatter, gravimetric observations, census information, and local ir-

rigation statistics) to produce long-term global dynamic irrigation datasets. Because the FAO crop phenology dataset is derived

from NDVI, it could, in principle, support the development of dynamic interannual irrigation maps by applying thresholds to

vegetation indices. For example, Maselli et al. (2020) combined meteorological data with Sentinel-2 NDVI observations to es-

timate E over irrigated Mediterranean croplands by identifying vegetated areas and their temporal evolution, thereby assessing375

where water inputs exceeded precipitation alone. Similar approaches are commonly used in land surface irrigation modelling,

where irrigation timing is inferred from satellite-based or modelled vegetation indicators (Modanesi et al., 2022). The need

for improved irrigation information aligns with the priorities expressed by agricultural stakeholders in the community consul-

tation of Massari et al. (2021), who emphasised the importance of irrigation datasets at spatial resolutions of 1 km or finer.
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Nevertheless, irrigation remains one of the most uncertain components of the global water cycle, with its contribution to total380

water withdrawals ranging from approximately 45% to 90%, depending on the region and methodology (Puy et al., 2025). Key

challenges in developing consistent and accurate estimates of irrigation extent and volume include (i) the limited availability of

in situ data, (ii) coarse reporting at the irrigation-district scale rather than at the plot level (Massari et al., 2021), which limits

the distinction between actively irrigated areas and those merely equipped for irrigation (Dari et al., 2023), and (iii) biases

in census-based datasets due to farmers’ self-reporting, influenced by economic incentives, policy requirements, and limited385

monitoring capacity (McDermid et al., 2023).

5 Conclusions

This study developed a framework for estimating daily E at high spatial resolution (1 km) based on GLEAM4, applied to the

Iberian Peninsula. Because irrigation strongly influences E at these spatial scales, a novel irrigation strategy was proposed con-

sisting of: (i) identifying locations and periods where irrigation occurs, (ii) increasing soil moisture prior to the computation390

of S, and (iii) assimilating 1 km Sentinel-1-based soil moisture to constrain soil moisture dynamics. Two model configura-

tions, one including irrigation and one excluding it, were used to quantify the contribution of irrigation to E and to evaluate

the added value against in situ measurements. High-resolution (1 km), daily E estimates that account for irrigation practices

are particularly valuable for proactive regional management strategies, where users often require information at high temporal

resolution (Massari et al., 2021). As the workflow presented in this manuscript is designed to be globally applicable, it brings395

GLEAM4 closer to user needs in the water management and agricultural sectors.

A central innovation of this study is that the representation of irrigation does not rely on the assumption that irrigated crops

evaporate at or near Ep. This assumption, used in several large-scale irrigation-detection algorithms, implicitly neglects non-

hydrological stress factors such as VPD, heat stress, vegetation structure, wind speed, and CO2 concentration. In contrast, our

approach enables E to remain physically constrained by a diverse set of environmental drivers. As a result, irrigated crops400

are not forced to evaporate at Ep when environmental stressors would otherwise limit transpiration,thereby improving realism

under conditions where multiple environmental stressors regulate plant functioning.

The validation demonstrates that the incorporation of irrigation improves the representation of E dynamics over irrigated

sites. Daily KGE values increase at the two irrigated eddy-covariance stations, with improvements in correlation, bias, and

variability. Increases in E related to irrigation reach up to 450 mm yr−1, often doubling E compared to simulations that405

did not account for irrigation. These estimates are consistent with previous estimates for the Ebro Basin, and spatial patterns

largely align with independent irrigation datasets. False positives in the irrigation mask have only limited impact on model

performance, reflecting the robustness of GLEAM4, which is constrained by fractional-vegetation approach used to compute

E.

The resulting 1 km dataset also captures the expected hydroclimatic gradients and spatial patterns of E across the Iberian410

Peninsula. Mean annual E is highest in the humid, forested regions of northern Spain and lowest in the semi-arid southeast,

with Et dominating total E in densely vegetated areas and Eb contributing more strongly in sparsely vegetated landscapes.
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Evaluation against eight eddy-covariance sites indicates that the dataset provides a realistic representation of E variability at

the daily scale across contrasting hydroclimates, with clear improvements at irrigated sites when irrigation is considered. Et

accounts for approximately 60–80% of total E in densely vegetated regions, decreasing to 30–60% in sparser areas, while415

Ei contributes up to 20% mainly in forested regions and Eb ranges from about 10–30% in vegetated areas to as much as

80% across the Spanish deserts. The dataset also captures pronounced seasonality, with peak E during summer over northern

regions and reduced values in water-limited southern areas. In contrast, Ei follows precipitation patterns with lower seasonal

variability, while Eb is higher during winter in sparsely vegetated regions and lower during the dry summer.

Overall, this work demonstrates that aiming to represent the influence of irrigation into a hybrid physically constrained420

E model can substantially enhance its estimates in agricultural landscapes. The approach provides a foundation for future

global applications and supports improved monitoring of water use in regions where climate change, increasing aridity, and

agricultural intensification are exacerbating the already growing pressure on freshwater resources. In addition, the dataset offers

added value for land surface and climate modelling communities, as comparisons with E datasets that consider irrigation can

help assess how models represent irrigation and its influence on coupled water and carbon cycles.425
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