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A B S T R A C T

Sustainable agricultural intensification through irrigation is necessary to address the challenges that climatic and 
demographic change pose to the global food system. This requires creating accurate regional-to-global knowl
edge bases of irrigation estimates, in a context where the availability of ground data is as valuable as infrequent. 
Large scale agro-hydrological models and irrigation estimates from earth observations are often associated with 
underrated yet significant uncertainties, but they also have complementary strengths and weaknesses. While 
already used in synergy for field-to-district scale applications, their synergistic use at larger scales remains un
explored. To fill this gap, we present a novel comparison of irrigation demand simulations from a spatially 
distributed agro-hydrological model and irrigation water use estimates from five satellite retrievals, over four 
global irrigation hubs. Despite describing different variables with independent tools running on independent 
data, the results show statistically significant linear correlations above 0.6 between biophysical simulations and 
satellite retrievals for three cases out of four. Moreover, space-time discrepancies pinpoint irrigation responses to 
hydroclimatic and anthropogenic drivers. Thus, a synergistic use of earth observation and large-scale agro-hy
drological modelling, beyond mere data input, can improve our understanding of coupled human-natural dy
namics in irrigation.

1. Introduction

Agricultural intensification through irrigation is often presented as 
one of the key assets to sustainably increase food production globally 
(Rosa et al., 2018). Indeed, despite covering 20% of the total cropland, 
irrigated lands provide 40% of the global crop production (Nagaraj 
et al., 2021). Irrigation boosts production by closing the yield gap, thus 
without requiring additional land. The key condition for the sustain
ability of irrigation is avoiding overdepletion of water resources that can 
cause water competitions in and downstream of the irrigation expansion 
areas (Chiarelli et al., 2022; Galli et al., 2023). To this add global 
challenges that intersect with the quest for irrigation expansion, putting 
additional constraints and creating additional risks. On one hand, 
climate change alters temperature and precipitation patterns, changing 
spatiotemporal gradients of both irrigation water demand and 

availability, and, as a consequence, the irrigation practices adopted by 
farmers. On the other hand, population growth and dietary transitions 
are far from uniform across regions, leading to spatially variable in
creases in agricultural and irrigation demand, which may further chal
lenge the sustainability of irrigation practices (Mehta et al., 2024).

For instance, the Central Valley of California, one of the largest 
irrigated regions globally, faces growing challenges due to rising tem
peratures, reduced snowpacks, and altered precipitation patterns, which 
are making irrigation increasingly unsustainable (Lo and Famiglietti, 
2013; Famiglietti et al., 2011). In India, the rice-wheat system has led to 
greater reliance on groundwater, resulting in depletion, with levels 
dropping by 1–3 m annually due to the limited capacity of water 
infrastructure and detrimental government subsidies for electricity used 
in water pumping (Devineni et al., 2022). Moreover, in the Mediterra
nean, recurrent droughts since the 1970s, combined with rising 
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demands from socio-economic growth, are intensifying water scarcity 
(Iglesias et al., 2007). To manage these pressures, strategies such as 
improving water efficiency in agriculture, shifting to less 
water-intensive crops, and adopting effective water management prac
tices are essential.

Many of these issues are addressed by modernizing and increasing 
the precision of irrigation systems, but also of irrigation models that 
typically support farmers and policymakers in their decisions (Dalezios 
et al., 2023). Yet, the global nature of the varying trends illustrated here, 
and of their impacts on agriculture, require increasing the accuracy of 
irrigation models also at higher scales. Global agro-hydrological models 
and satellite-driven irrigation models are two of the essential tools in 
this context. Agro-hydrological models combine hydrological processes 
with crop growth dynamics, quantifying irrigation demand with un
certainties that derive mainly from the integration of a variety of input 
factors, such as crop type, soil properties, climate variability, and soil 
moisture availability. Satellite-driven irrigation models, instead, pro
vide estimates of irrigation by analyzing anomalies between actual 
evapotranspiration and soil moisture, both derived from earth obser
vation (Dalezios et al., 2023). Both these classes of models can support, 
in different ways, the efficiency and adaptive capacity of irrigation. Yet, 
both have significant limitations that limit their efficacy and applica
bility in this purpose, which could at least partly be overcome by a 
conjunct utilization of the two.

While varying in their methodological approaches, ranging from 
process-based to data-driven, agro-hydrological models often already 
integrate data from earth observation, typically estimates of evapo
transpiration, soil moisture, and vegetation indices (Eini et al., 2023, 
Dari et al., 2022). Established global agro-hydrological models, known 
for their contribution to the quantification of global irrigation demands, 
include AQUACROP (Kelly and Foster, 2021), the Global Crop Water 
Model (GCWM, Siebert and Döll, 2008), ACEA (Mialyk et al., 2024), and 
WATNEEDS (Chiarelli et al., 2020a). Most of these models are based on 
the FAO approach, that computes reference evapotranspiration from 
atmospheric conditions, potential crop evapotranspiration by inte
grating crop growth parameters and seasonality, and limits this poten
tial evapotranspiration with available soil moisture obtained from 
solving the water balance in the active soil layer (Allen et al., 1998). This 
approach partitions crop water requirements into green water, i.e. 
evapotranspiration from precipitation-generated available soil mois
ture, and blue water (BW), as the demand for irrigation water to 
compensate for green water deficit with respect to total crop water 
requirement. Each model then modifies this approach to adapt it to its 
specific scope and goals. This, the uncertainty associated with the in
puts, and other procedural differences make the outputs of these models 
diverge (Mialyk et al., 2024, Chiarelli et al., 2020a, Siebert and Döll, 
2010), especially in areas with low data availability and accessibility. 
Another consequence of this approach is that most large scale 
agro-hydrological models are mainly focused on simulating biophysical 
water demand. When the focus is shifted towards simulating actual 
water withdrawals, it is often done so with rather constraining as
sumptions. Indeed, relying on hyperparametrized procedures with 
several arbitrary choices both in the assessment of water demand and in 
relating this to water withdrawals, large-scale agro-hydrological models 
provide estimates of irrigation withdrawal whose uncertainty is often 
overlooked (Puy et al., 2022).

Remote sensing irrigation estimates, on the other hand, provide 
representations of actual irrigation water use, but with strong assump
tions on underlying physical processes. Earth Observations retrievals of 
land surface variables that can be a proxy for irrigation occurrence are 
potentially usable to derive irrigation water use (IWU) estimates. Ap
proaches typically differ between those soil-moisture-based (e.g., Law
ston et al., 2017; Brocca et al., 2018; Zappa et al., 2022), 
evapotranspiration-based (e.g., Brombacher et al., 2022; Kragh et al., 
2023, Zipper et al., 2024), and those exploiting both soil moisture and 
evapotranspiration estimates. An alternative distinction, independent 

on the input variable leveraged, can be made between methods relying 
on the soil water balance (see, e.g., Jalilvand et al., 2019; Dari et a., 
2022; 2025) and approaches exploiting the discrepancies between 
remotely sensed and modeled variables (Zaussinger et al., 2019; Koch 
et al., 2020; Kragh et al., 2024), under the assumption that the former 
track irrigation dynamics while the latter do not. Two well-established 
methodologies, one based on the soil water balance and one relying 
on satellite-modeling discrepancies, integrating EO soil moisture and 
evapotranspiration retrievals are the SM-Inversion and SM-Delta 
methods. Laluet et al. (2026) recently provided a systematic compari
son of similarities and differences in the results from the two approaches 
on four irrigation hotspots worldwide: CONUS, Ebro basin (Spain), 
India, and Murray-Darling basin (Australia). To do this, the study was 
designed to share the same soil moisture inputs, namely ASCAT 
(Advanced SCATterometer), CCI (Climate Change Initiative) PASSIVE, 
CCI COMBINED, SMOS (Soil Moisture and Ocean Salinity), and SMAP 
(Soil Moisture Active Passive).

Dynamic satellite products can also compensate for limitations of 
agro-hydrological models arising from the use of static input data, 
especially in crop distribution and cropping calendars. On the other 
hand, satellite products at global scale typically have coarser resolutions 
than global agro-hydrological models, and are unable to differentiate 
among different land and crop covers within a single pixel, unlike agro- 
hydrological models (Zhang et al., 2022). Moreover, large uncertainties 
are still detected when comparing satellite estimates to ground mea
surements (Foster et al., 2020). Recent assimilation experiments of 
satellite driven products into physically based land surface models have 
shown promising results, even though still highly reliant on correct 
parametrization (Jalilvand et al., 2023). Thus, agro-hydrological 
models, providing dynamic and crop-specific accounting of irrigation 
demand, can support satellite products in understanding how their 
pixel-level estimate is the envelope of several different dynamic irriga
tion flows. Moreover, while irrigation estimates from remote sensing 
may provide more accurate depictions of actual irrigation dynamics, 
agro-hydrological models are more flexible to scenario implementa
tions, including but not limited to climate change.

It thus emerges that biophysical irrigation demand modelling and 
satellite-driven irrigation water use estimates have complementary 
strengths and weaknesses. Therefore, combining these two products by 
leveraging their complementarity can drive significant improvements in 
understanding irrigation dynamics. While this is an already experi
mented procedure in small-scale studies, with fine-scale satellite 
observation and plot-to-district scale hydrological models, large-scale 
comparisons are widely unexplored.

Here we engage into such an analysis, comparing the results of a 
global agro-hydrological model and a suite of irrigation water use esti
mates from earth observation on four case studies representing impor
tant agricultural hubs in different continents. In particular, we rely on 
satellite estimates based on the soil moisture based inversion frame
work, which has proven particularly promising in providing accurate 
estimates at regional scale (Kragh et al., 2024), and on the spatially 
distributed, dynamic and crop-specific agro-hydrologcial model WAT
NEEDS (Chiarelli et al., 2020). We extract irrigation time series and 
compare the two types of products using error and correlation metrics 
(mainly root mean square error and Pearson correlation), identifying 
margins for mutual improvement in both methodologies. Moreover, we 
directly analyze seasonal and occasional fluctuations of these errors to 
investigate responses in irrigation to exogenous (climatic and anthro
pogenic) drivers. By doing this, we aim to provide a proof-of-concept of 
the value of analysing discrepancies between process-based and 
earth-observation based irrigation timeseries. While this analysis is just 
a comparison that does not attempt a substantial merging of the two 
techniques, it provides evidence that such a merging could improve our 
knowledge of mixed human-natural dynamics shaping irrigation in 
space and time, including for instance adaptation measures to specific 
hydroclimatic conditions, responses to hydroclimatic extremes, and the 
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adoption of specific agricultural practices otherwise known at a pre
dominantly local scale.

2. Methods

2.1. Case studies

The large-scale comparative analysis between biophysical irrigation 
demand and anthropogenic irrigation water use is performed on four 
global agricultural hubs, where irrigation plays a crucial role, as pre
cipitation is not able to satisfy the whole atmospheric evapotranspir
ative demand (Table 1). The first case study focuses on the Continental 
United States (CONUS), which represents one of the most extensive and 
productive agricultural regions globally. Within this area, irrigated 
croplands account for approximately 14.5% of the total cultivated area. 
The region is largely characterized by extensive agriculture, dominated 
by cereal production such as maize, wheat, and soybeans, a significant 
portion of which is rainfed (FAO, 2024). Nevertheless, agriculture in 
CONUS is strongly dependent on irrigation, particularly in arid and 
semi-arid zones where water availability determines crop productivity. 
The main irrigation hubs are located in the California Central Valley, the 
Snake River Plains, the Great Plains, and the Mississippi floodplain, 
where irrigation infrastructure plays a crucial role in maintaining high 
yields. The analysis is restricted to grid cells in which at least 15% of the 
area was irrigated; nonetheless, this criterion still encompassed 99% of 
all irrigated areas within the region. The total annual agricultural water 
consumption for each case study is estimated from the agro-hydrological 
model WATNEEDS (Chiarelli et al., 2020b). For the CONUS case study it 
emerges that the annual agricultural water consumption is approxi
mately 9.73 × 10 ¹ ⁰ m³ , underscoring the substantial water demand 
associated with crop production in this region.

The second case study focuses on India, a country where irrigation 
plays a pivotal role in sustaining agricultural productivity. The main 
irrigation hubs are located within the Indo-Gangetic Plain, particularly 
in the Punjab–Haryana and Uttar Pradesh regions in the north, and in 
the West Bengal area in the east, near the border with Bangladesh. 
Another major irrigation hotspot is found in the Krishna–Godavari 
Delta, in southern India. Irrigation is essential for the cultivation of rice 
and wheat, which dominate the country’s agricultural landscape (FAO, 
2024). Within India, irrigated croplands account for approximately 
44.4% of the total cultivated area, reflecting the heavy reliance of Indian 
agriculture on managed water resources. The country has developed an 
extensive network of canals and water conveyance systems, particularly 
throughout the Indo-Gangetic Plain, to support irrigation practices. 
Annual irrigation water consumption is extremely high, reaching about 
3.21 × 10 ¹ ¹ m³ , underscoring the critical role of water management in 
maintaining food production and agricultural resilience across the re
gion. The analysis considers 99% of all irrigated areas, achieved under 
the constraint of considering only cells with more than 15% irrigated 
area.

The third case study focuses on the Ebro River Basin, located in the 
eastern part of Spain. This study area is considerably smaller than the 
previous cases and concentrates on a single river basin characterized by 
a strong agricultural vocation. Approximately 24% of the total 

cultivated area within the basin is irrigated, mainly in the central section 
and the Ebro Delta. Irrigation supports a wide range of crops that would 
otherwise be constrained by the semi-arid climate typical of the region, 
particularly during the Summer months. Agricultural water consump
tion in the Ebro Basin is estimated at around 2800 million m³ /y, which 
represents around 16% of the total irrigation water use in Spain.

The fourth case study focuses on the Murray–Darling Basin, located 
in the southeastern region of Australia. In this area, irrigated croplands 
account for only 11.4% of the total cultivated land, with an estimated 
annual irrigation water consumption of 8800 million m³ /y. However, 
irrigation within the Murray–Darling Basin represents approximately 
73% of the total irrigation water use in Australia, underscoring its 
dominant role in the country’s agricultural water demand. Water scar
city severely limits the expansion of irrigated agriculture across most of 
Australia, making the Murray–Darling Basin an essential hub for agri
cultural production and national food security. This basin therefore, 
plays a critical role in balancing water management, crop productivity, 
and the sustainability of Australia’s agricultural sector.

2.2. Blue water demand modelling

Blue water demand is modelled using the WATNEEDS spatially 
distributed, physically based, dynamic agro-hydrological model. WAT
NEEDS takes as input climatic variables, crop and soil parameters and 
performs crop- and location-specific soil water balances in the root zone, 
with a daily timestep. More specifically, it computes the following water 
balance equation for each crop i in pixel j: 

ΔSi,j

Δt
= Peff ,j − ETa,i,j − Di,j − Ri,j (1) 

Where: 

• Peff is effective rainfall, based on the assumption that 5% of precip
itation is immediately directed to surface runoff. This hypothesis 
derives from Hoogeveen et al. (2015) and a sensitivity analysis to it 
has been conducted, for WATNEEDS, e.g. in (Galli et al., 2023).

• ETa,i,j is the actual evapotranspiration, corresponding to green water 
demand. This is obtained starting from the potential 
evapotranspiration:

ETi,j = kc,i × ET0,j (2) 

Where ET0,j is the reference evapotranspiration, obtained from the FAO- 
Penman-Monteith equation (Allen et al., 1998) and kc,i is the dynamic 
crop coefficient.

Potential evapotranspiration is limited by soil water availability 
through a stress coefficient ks, which decreases linearly from 1 to 0 as the 
soil moisture decreases from the maximum allowable depletion, i.e. the 
soil moisture level below which crops enter water stress conditions, to 
the crop wilting point. 

• Di,j is deep percolation below the root zone. The process is set on 
when soil moisture is higher than field capacity, and is modulated by 
soil moisture level and maximum infiltration rate (Chiarelli et al., 
2020b).

• Ri,j is runoff.

Blue water (irrigation) requirements are then obtained as the dif
ference between stressed (actual) and unstressed (potential) evapo
transpiration. 

BWi,j = ETi,j − ETa,i,j (3) 

Daily results are cumulated monthly, and pixel-level BW estimates 
are obtained through a weighted sum of crop-specific requirements, 
with the weights being crop-specific irrigated areas Ai,j: 

Table 1 
Average rainfall and potential evapotranspiration over the four case studies. 
Data are averaged spatially over pixels with > 15% irrigated areas, and 
temporally over the 2003–2022 period, to maintain consistency with the 
analysis.

CONUS EBRO INDIA MURRAY- 
DARLING

Mean annual rainfall (mm/ 
year)

654.4 452.4 1045.7 433

Mean annual PET (mm/year) 1231.9 1061.8 1475.6 1374.4
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BWj =

∑
iBWi,j × Ai,j
∑

iAi,j
(4) 

WATNEEDS is run for the period 2003–2022, following its most 
commonly used settings, reported in (Chiarelli et al., 2020b), for what 
concerns meteoclimatic, soil and crop inputs, as well as resolution. This 
means that the model is run at 5 arc-minutes resolution (ca. 10 km at the 
equator) and then the results are resampled and aggregated to match the 
resolution of the remote-sensing derived irrigation estimates.

2.3. Remote-sensing derived irrigation estimates

Remote-sensing based irrigation water use (IWU) estimates are ob
tained through the SM-Inversion algorithm (Dari et al., 2023; 2024), 
originally born to retrieve rainfall rates by inverting the soil moisture 
signal (Brocca et al., 2014). The method was later adapted to estimate 
IWU (Brocca et al., 2018; Dari et al., 2020). In fact, over agricultural 
areas the total amount of water entering the soil (the actual algorithm 
output) is determined by the sum of rainfall and irrigation rates; hence, 
by removing rainfall rates from the algorithm output, it is possible to 
estimate the amount of water applied for irrigation. For each pixel, the 
soil water balance is expressed as follows: 

nZ
ΔS
Δt

= IWU(t) + P(t) − G(t) − R(t) − ET(t) (5) 

In which n [-] is the soil porosity, Z [mm] is the soil layer depth, 
ΔS/Δt [-] is the variation of relative soil moisture (i.e., between 0 and 1) 
in time, t [day], IWU(t) [mm/day] is the applied irrigation rate, P(t)
[mm/day] indicates the rainfall rate, G(t) [mm/day] represents the 
drainage rate, intended as the sum of deep percolation and subsurface 
runoff, R(t) [mm/day] is the surface runoff, and ET(t) [mm/day] is the 
actual evapotranspiration rate. Eq. (5) can be also written as: 

Win (t) = Z∗ΔS
Δt

+ G(t) + R(t) + ET(t) (6) 

In which Win(t) [mm/day] represents the total amount of water 
entering the soil, namely Win(t) = IWU(t) + P(t); Z∗ = nZ [mm] is the 
amount of water that can be stored into the soil layer. Based on previous 
studies, the R(t) term is neglected (Brocca et al., 2015), while the 
drainage term is expressed as a function of soil moisture: 

G(t) = aS(t)b (7) 

a [mm] and b [-] are parameters linked to the infiltration capacity of 
the soil. The ET(t) term is computed by adopting a water-limit approach, 
i.e., by limiting the potential evapotranspiration rate, PET(t), through 
the available water content: 

ET(t) = F × S(t) × PET(t) (8) 

with F [-] indicating a scaling factor (Dari et al., 2023; 2024). Eq. (2) can 
then be written as follows: 

Win(t) = Z∗ΔS
Δt

+ aS(t)b
+ F × S(t) × PET(t) (9) 

Z∗, a, b, and F are algorithm parameters that need to be calibrated. In 
line with the recent implementation by Dari et al. (2024), the calibration 
is carried out by using rainfall as a target, i.e., by optimising the method 
performances in properly reproducing rainfall amounts during the 
non-irrigation periods, in which the left term on Eq. (5) is supposed to be 
determined by rainfall only. The calibrated algorithm parameters are 
then used to estimate IWU during the irrigation season. In such periods, 
both rainfall and irrigation rates potentially contribute in determining 
the left term of Eq. (5), so irrigation estimates can be obtained as: IWU(t)
= Win(t) − P(t). If weekly estimates of IWU result lower than 20% of 

weekly rainfall, they are discarded as likely due to propagation of 
random errors. Finally, eventual negative IWU rates are set equal to zero 
(Dari et al., 2023). To delineate irrigation and rainfed seasons, the 

calendar provided by Portmann et al. (2008) plus ancillary information 
are used. IWU estimates are produced during irrigation seasons indi
cated in Table 2 and over areas equipped for irrigation. The latter in
formation is derived from the latest version of the global map of areas 
equipped for irrigation by Mehta et al. (2022). In detail, only pixels more 
than 5% of area equipped for irrigation are considered (Laluet et al., 
2025; Dari et al., 2025).

IWU estimates are produced by leveraging five different soil mois
ture products (Table 3): Advanced SCATterometer (ASCAT), Level 2 Soil 
Moisture Ocean Salinity (SMOS L2), Level 2 Soil Moisture Active Passive 
(SMAP L2), and Climate Change Initiative (CCI) Combined (CCI COM
BINED) and Passive (CCI PASSIVE) data sets. The Global Land Evapo
ration Amsterdam Model (GLEAM) v3.7b (Martens et al., 2017) is used 
as a source for potential evapotranspiration data, while the ERA5 (Eu
ropean ReAnalysis v5) (Hersbach et al., 2020) lowest model level fore
casts are considered for rainfall rates. Simulations leveraging different 
soil moisture products cover different periods because of the temporal 
coverage of each sensor. However, for all the simulations half of the total 
time series has been used for the calibration of the algorithm parame
ters; the irrigation estimates cover the whole period of data availability. 
Note that the overlapping of calibration and validation periods during 
the first half of the time series does not affect the reliability of the results 
in terms of irrigation estimates because of the complementarity between 
rainfed and irrigation seasons.The IWU products developed through the 
SM-Inversion method are available at https://zenodo.org/records 
/14988198 (Laluet et al., 2025b). Since the input data sets are charac
terized by different spatial resolutions, they have all been resampled to a 
common 0.25◦ regular grid prior to the analysis (Table 3).

2.4. BW vs. IWU intercomparison

WATNEEDS outputs are resampled to the 0.25◦ regular grid adopted 
for the satellite-based IWU estimates to ensure spatial consistency, and 
the two sets of products are combined into a multivariable dataset. To 
exclude areas where the signal of satellite data is too noisy, pixels with 
less than 15% of area equipped for irrigation are removed. The area 
equipped for irrigation is based on MIRCA-OS data (Kebede et al., 2024), 
the same used as crop cover input by WATNEEDS.

To understand how WATNEEDS is positioned with respect to satellite 
products and their reciprocal differences in each case study, we extract 
case-study timelines of mean and standard deviation of irrigation. This 
allows us to visualize temporal patterns of all series at once, highlighting 
time or event-specific discrepancies in each case study. On the other 
hand, it only shows overall discrepancies between time series, virtually 
considering each case study as a single observation point, with internal 
spatial gradients being treated as a source of uncertainty. Therefore, as a 
complement, we also create an average monthly spatialized time series 
of each dataset, where each pixel reports, for each month, the average 
value across the years for that month and pixel. We compute the dif
ference of this time series between WATNEEDS and each of the satellite 
models and analyze the distribution of these discrepancies over each of 
the four case studies. Finally, we calculate pixel-level linear correlations 
between WATNEEDS and each satellite-based product, for the whole 
time series. For long term differences and pixel-level linear correlations, 
off-season months where satellite-based products are set to zero a priori 

Table 2 
Irrigation seasons considered in the implementation of the SM-Inversion algo
rithm over the case studies.

Adopted irrigation season

CONUS September-April
Ebro basin May-September
India November-June: Rabi (November-March) and Zaid (April- 

June)
Murray-Darlin 

basin
April-October
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are excluded from the sample.

3. Results

Fig. 1 reports spatially averaged time series for each case study, 
showing how irrigation evolves seasonally and over the years in the four 
case studies, according to physically based modelling of irrigation de
mand and Earth-Observation driven estimates of IWU. What emerges 
overall is that WATNEEDS BW time series are comparable with IWU 
from satellite products. In particular, the shaded envelope representing 
±1 standard deviation from WATNEEDS overlaps with at least one of the 
shaded envelopes of satellite retrievals during the whole period for all 
case studies. Overall error metrics between WATNEEDS and satellite 
retrievals depend largely on the satellite-based product and the case 
study. Table 4 reports root mean square errors and linear correlations of 
WATNEEDS with respect to satellite retrievals for the time series re
ported in Fig. 1. India is the worst performing case study with both the 
highest RMSE (23.4 mm, for CCI-PASSIVE) and the only close-to-zero 
correlations (for SMAP, SMOS, and CCI PASSIVE). Other case studies 
present satisfactory agreements, like the linear correlations above 0.8 

for all products in the CONUS case study. Overall, physically based 
modelling of BW and satellite estimates of IWU tend to agree on the 
main seasonal patterns and on the magnitude of irrigation intensity in 
each case study, despite representing different variables (demand vs. 
use) estimated with independent data and approaches. Discrepancies, 
instead, arise especially for specific case studies and periods. The main 
one is visible for India, where WATNEEDS correctly describes the irri
gation season occurring between April and June but consistently un
derestimates the one occurring between November and February- 
March, leading also to the negative correlation reported in Table 4. 
This is mainly linked to the presence of multiple rice-growing seasons 
(Chiarelli et al., 2020b), and to the fact that WATNEEDS does not cap
ture one of the rice production cycles. Between November and June, 
satellite estimates clearly capture irrigation signals associated with the 

Table 3 
Products, versions, and spatial and temporal resolution of satellite products 
utilized.

Short name version Spatial/temporal 
sampling

CCI PASSIVE v08.1 - TU Wien 0.25◦/daily
CCI 

COMBINED
v08.1 - TU Wien 0.25◦/daily

SMOS SMOS L2 SM v700 35–50 km/3 days
SMAP SMAP L2 v8 36 km/3 days
ASCAT Climate Data Record v7 12.5 km 

sampling
12.5 km/daily

Fig. 1. Time series of BW by WATNEEDS and IWU by satellite products. Lines represent averages over the case studies, while shaded bands represent ±1 standard 
deviation from the average.

Table 4 
Root mean square errors and linear correlation coefficients between WATNEEDS 
and satellite retrievals, for the average time series over each case study. Corre
lations marked by ‘***’ have a p-value lower than 0.001. Unmarked correlations 
have a p-value higher than 0.1.

RMSE (mm/ 
month)

ASCAT SMAP SMOS CCI- 
COMBINED

CCI- 
PASSIVE

CONUS 6.8 7.0 9.4 8.1 7.3
Ebro Basin 7.4 7.5 7.5 9.1 12.2
India 19.9 22.9 20.5 13.7 23.4
Murray-Darling 

basin
11.4 7.8 7.8 7.7 7.4

Pearson 
correlation

ASCAT SMAP SMOS CCI- 
COMBINED

CCI- 
PASSIVE

CONUS 0.87*** 0.84*** 0.82*** 0.81*** 0.85***
Ebro Basin 0.64*** 0.65*** 0.72*** 0.71*** 0.75***
India 0.32*** 0.07 -0.07 0.32*** 0.04
Murray-Darling 

basin
0.65*** 0.69*** 0.71*** 0.68*** 0.77***
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Rabi and Zaid rice cycles, whereas WATNEEDS only represents the 
dominant Kharif crop. As a result, early-season irrigation peaks are 
systematically underestimated by the model. Kharif rice, planted in 
June–July and harvested in September–October, accounts for around 
70% of the national rice production and is largely rainfed, thus requiring 
limited irrigation (U.S. Department of Agriculture, 2025). By contrast, 
Rabi rice, grown in the Winter–Spring season (November–April), rep
resents a smaller share of production (≈10–15%) but relies almost 
entirely on artificial irrigation, making it highly water-intensive (U.S. 
Department of Agriculture, 2025). The discrepancy this practice gen
erates is even more visible in Fig. 2, reporting distributions over the case 
study of long-term average differences between satellite-based products 
and WATNEEDS. It is evident that, while for April to June the difference 
is quite evenly distributed around zero for all products, the confidence 
bars present an asymmetrical shift towards positive values between 
November and February. Since both WATNEEDS and the SM-inversion 
approach are based on pre-imposed irrigation seasons, this discrep
ancy highlights a difference in assumptions of the two approaches, and 
shows how their conjunct use can help identifying and overcoming such 
limitations.

In the Murray–Darling Basin case study, WATNEEDS fails to repro
duce the pronounced peaks visible in the satellite-derived products 
along the long-term time series. This divergence is particularly evident 
in 2010–2011 and again in 2017, when satellite IWU estimates (e.g. 
those from ASCAT and SMOS products) detect strong maxima, whereas 
WATNEEDS shows much lower values. The most plausible explanation 
is that WATNEEDS, being a biophysical model of irrigation demand, 
does not account for large-scale flood events that periodically affect the 
Basin. During major floods, the demand for irrigation water is drastically 
reduced, while the presence of inundated areas increases evaporation 
and surface moisture, which in turn enhances the signal captured by 
satellite retrievals of actual water use. Note that such a circumstance can 
also be translated into potential irrigation overestimates. This 

mechanism was already documented for the 2010–2011 flood, one of 
the most extensive in recent history (Whitworth et al., 2012). More 
recently, another large-scale flood event occurred in 2016–2017, also 
reported in the literature as a driver of significant increases in wetland 
inundation and evapotranspiration across the Basin (Chen et al., 2021). 
The mismatch between WATNEEDS and satellite estimates can thus be 
largely attributed to the occurrence of these extreme hydrological 
events, which are not represented in WATNEEDS but can be tracked by 
satellite-based observations.

WATNEEDS shows a peak in BW higher than IWU peaks of satellite- 
based use products in 2012 in the CONUS case study. Situations where 
irrigation demand is much higher than actual irrigation are typical for 
droughts, and indeed the U.S. Drought Monitor reports a historic peak in 
cumulative percentage of drought areas for the Summer of 2012 (United 
States Drought Monitor, 2022).

In the Ebro Basin, differences between WATNEEDS and satellite 
products are most evident at the onset of the irrigation season. Satellite- 
based estimates of actual IWU show a sharp increase in April, while 
WATNEEDS simulates a much more gradual rise in BW. This discrepancy 
may reflect Spring irrigation practices diffused in some parts of the Ebro 
basin and thus captured by satellite sensors including high-resolution 
retrievals (Zappa et al., 2024, Dari et al., 2023), whereas WATNEEDS, 
as a biophysical model, does not identify a demand for irrigation. As a 
result, WATNEEDS underestimates the early-season peak in irrigation 
water use observed in the satellite products (Chiarelli et al., 2020a; 
Maltby, 2006).

Seasonal discrepancies, not related to specific events but occurring 
regularly during certain times of the year, are more easily identifiable 
from Fig. 2. For instance, it appears that differences between satellite 
products and WATNEEDS tend to present a slight positive shift at the 
beginning of irrigation periods, then gradually move towards negative 
shifts in the middle of the period, and back to differences more sym
metrically distributed around zero at the end of the irrigation season. 

Fig. 2. Long-term average time series of differences between WATNEEDS BW and satellite IWU estimates. Points represent averages over the case study, while error 
bars span from 0.05 to 0.95 quantiles of differences.
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This happens regardless of the case study and of the time of the year 
during which the irrigation season occurs. As for previously analyzed 
differences, it is at least partially explainable as a discrepancy between 
biophysical irrigation demand and actual irrigation provision. The irri
gation demand closely follows the evolution of the local climate, 
increasing during local Summer, when temperatures increase and pre
cipitation rates decrease. Irrigation application, on the other hand, likely 
follows less regular patterns, conditioned by water management prac
tices. This is also visible in Fig. 1, especially for the Ebro and Murray- 
Darling case studies, where the periodicity of WATNEEDS is more si
nusoidal, while satellite estimates have more noisy oscillations during 
irrigation seasons. Connected to this, WATNEEDS computes a demand 
for irrigation water also outside of what satellite products consider as 
irrigation season. Thus, there might be an irrigation application at the 
beginning of the season, observed by satellite products, which WAT
NEEDS underestimates because it has already accounted for irrigation 
demands arising before season start.

These results help understand how physical modelling and Earth 
Observation provide different, sometimes complementary, in
terpretations of irrigation dynamics over different spatial scales, 
allowing to investigate responses to specific events and adaptations to 
seasonal patterns. Correlation maps reported in Figs. 3–6 add to this 
understanding providing information on local spatial gradients of 
agreement between physical modelling and earth observations. Linear 
correlation appears to be site specific, with marked spatial gradients 
within case studies. Overall, the Ebro basin presents better perfor
mances, with consistent moderate positive correlations across the study 
area, reaching an average cross-basin correlation of 0.38 with CCI_
PASSIVE. Specific regions in CONUS and India reach correlations above 
0.80. Despite this, some combinations of regions and retrieval for 
CONUS exhibit negative correlations, for instance the California Valley 
for the CCI_COMBINED retrieval. In India, instead, this behaviour 
regards extensive regions for most products. The Murray-Darling basin 
also has a varied behavior, with most areas presenting moderate positive 
correlations between WATNEEDS and at least one satellite retrieval, but 
also many areas for which negative correlations are observed. The 
general indication that emerges is an agreement increasing with the 
extent of irrigated areas. WATNEEDS is expected to be rather insensitive 
to this parameter, because it performs the vertical soil water balance for 
each crop in each pixel separately, and then creates a combined result 
weighting the single outputs by the irrigated areas of the crops. For 
satellite products, instead, smaller irrigated areas translate into a higher 
difficulty in properly solving mixed landscapes and disentangling the 
irrigation signal within the pixel, especially in case of coarse resolution 

retrievals as those considered in this study. In fact, the matching be
tween the spatial resolution of satellite retrievals and the nominal extent 
of irrigated areas is a crucial issue to effectively monitor irrigation dy
namics from space (Zappa et al., 2022; Dari et al., 2025). Thus, un
certainties inversely proportional to irrigated areas are less pronounced 
in WATNEEDS than in satellite products, and, for WATNEEDS, rather 
due to uncertainties in the input data on irrigated croplands than to the 
approach itself. Another interesting observation is that different satellite 
products perform differently across areas within the same case study. 
This is particularly evident in the CONUS case study. Three main irri
gation hubs can be identified based on the map of irrigated areas, from 
West to East: the California Valley, the Snake River Plains, the Great 
Plains, and the Mississippi Floodplain. While the SMOS-based product 
has an agreement with WATNEEDS higher than any other product for 
the California Valley and the Snake River Plains, for the other two re
gions the highest agreement can be found for CCI products.

4. Discussion

Our results show that the conjunct and comparative analysis of BW 
simulated by biophysical modelling and IWU estimated from Earth 
Observations, even performed with straightforward approaches, can 
provide interesting insights not only into the limitations to the repre
sentativity of both methodologies, but also on human-water interactions 
and feedbacks characterizing irrigation use dynamics. This has been 
widely explored at small scales, especially with the aim of providing 
irrigation monitoring tools and informing local sustainable water man
agement (Toureiro et al., 2017, Bwambale et al., 2022, Tolomio and 
Casa, 2020). Instead, moving towards the integration of irrigation water 
use estimates from space and global hydrological modelling is still an 
emerging research trajectory, potentially enabling novel considerations, 
techniques and instruments for regional-to-global water sustainability 
strategies. Our results are encouraging in regard to this direction, given 
the overall positive correlation found between IWU and BW, especially 
considering that the two variables have different degrees of dependency 
on different climatological variables (IWU on satellite-observed soil 
moisture, BW on PET and precipitation through crop-specific water 
budget and stress threshold mechanisms). Thus, rather than a spurious 
correlation with a common climatology, the agreement between IWU 
and BW suggests that, as could be expected, water applied to fields 
overall follows the trend of water demanded by crops, except for situ
ations (e.g., floods, droughts, specific irrigation practices) which can be 
identified and characterized by looking at where and how IWU and BW 
diverge.

Fig. 3. Map of pixel-specific linear correlations for CONUS, between WATNEEDS BW and IWU from satellite retrievals. The bottom right map, instead, represents the 
pixel-specific irrigated fraction.
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In fact, comparing BW with IWU highlights how water use has 
responded to both acute and chronic exogenous drivers, including 
droughts, floods, and seasonal fluctuations in water availability. It also 
highlights similarities and differences in these responses between 
different contexts across the world. Therefore, there is margin for 
innovation in the conjunct use of these instruments, to inform large- 
scale studies on agricultural practices and their adaptation to climate 
change, extreme events, and other anthropogenic changes. Yet, this 
innovation potential requires research to overcome current limitations 
in both methodologies and to refine the techniques by which they are 
compared and integrated.

For instance, it emerges from our analysis that different satellite 
products have different levels of agreement with WATNEEDS in 
different areas, periods, and seasons. This means that using satellite- 
driven estimates of irrigation water use to improve agro-hydrological 
modelling requires methodologies to identify, for each agro- 
hydrological model, and possibly for each application, the best 
ensemble of satellite products, rather than using a single product. On the 
other hand, we identify common discrepancy patterns between WAT
NEEDS and all satellite-based products, especially when these derive 
from exogenous acute or seasonal factors, mostly connected to the fact 
that WATNEEDS models irrigation demand while satellite products 

Fig. 4. Map of pixel-specific linear correlations for the Ebro basin, between WATNEEDS BW and IWU from satellite retrievals. The bottom right map, instead, 
represents the pixel-specific irrigated fraction.

Fig. 5. Map of pixel-specific linear correlations for India, between WATNEEDS BW and IWU from satellite retrievals. The bottom right map, instead, represents the 
pixel-specific irrigated fraction.
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estimate irrigation water use. Clearly, both tools have their own sources 
of uncertainty, which have been detailed in previous validation efforts: 
the SM-inversion method has been recently validated against ground 
observations (Laluet et al., 2026), and WATNEEDS outputs have been 
validated against estimates from widely renowned modeling platforms 
and against MODIS estimates (Chiarelli et al., 2020). Disentangling 
uncertainties peculiar to one or the other method from those deriving 
from exogenous factors is therefore a necessary future development to 
correctly identify pathways of improvement for both techniques, as well 
as for refining our understanding of the feedbacks between irrigation 
demand and irrigation water use. This could be done e.g. developing a 
process-based algorithm to estimate IWU based on BW, using IWU from 
satellite retrievals as a calibration benchmark. Such a further integration 
of satellite estimates into biophysical modelling would both allow better 
separation of model error from actual differences between water de
mand and water use, and potentially also better interpretation of these 
discrepancies through explainable parameters used to force the 
process-based computation of IWU.

Another relevant aspect related to the agreement between WAT
NEEDS and satellite products is that this tends to increase when irrigated 
areas increase. This required us to limit the analyzed sample to areas 
having at least a 15% irrigated coverage, thus significantly reducing the 
size of the sample, especially for India, an already data-scarce region. 
Future research could leverage what currently is a source of uncertainty, 
for instance by obtaining information on biophysical processes from 
areas of high agreement, which could then be used to reduce the noise in 
satellite signals in other areas.

Besides validation efforts to characterize and limit the uncertainty 
associated with the SM-inversion approach itself, understanding how 
intrinsic uncertainty of input data propagates into output estimates also 
constitutes a key future development not only for satellite retrievals but 
also for agro-hydrological modelling. The constraint here is that in- 

depth characterizations of the uncertainty of input data, necessary to 
correctly analyze its propagation, is not always explicitly available.

A source of uncertainty which instead derives specifically from bio
physical modelling is that WATNEEDS uses static information on crop
lands and, more importantly, irrigated areas. Therefore, it is not possible 
for WATNEEDS to observe trends of expansion, or possibly of aban
donment, of irrigated lands with currently used inputs, trends which 
would instead be captured by satellite products. This does not seem to be 
the case in the currently investigated application, as no significant 
increasing/decreasing trends are detected in irrigation estimates, 
neither in WATNEEDS nor in the satellite products. Yet, it might have 
contributed to inaccuracies in the representation of crop-specific and 
irrigation seasonalities. Indeed, common global cropping calendars are 
spatially distributed but static, meaning that they overlook key agri
cultural adaptation practices such as advances and delays in crop 
planting and harvesting. This limitation is therefore difficult to over
come: common ways to embed dynamic cropping calendars into agro- 
hydrological modelling, such as growing degree days functions, typi
cally relate more closely to phenological and biophysical properties of 
the crop, rather than anthropogenic decisions based on empirical prac
tices. Analogously, a necessary scoping limitation of this study is per
forming the analysis over recent historical data. Climate change 
projections of biophysical blue water demand are becoming increasingly 
feasible and reliable thanks to progress in global and regional circulation 
models, but uncertainties remain regarding crop-specific future land use 
change scenarios, as well as the impacts on phenologic cycles and 
cropping calendars, and on the other hand, climate projections of soil 
moisture would be modelled and not observed data, and thus not suited 
for SM-based inversion. Recent studies show that climate change has 
already exacerbated the pressure of irrigation on water resources in the 
past decades (Yao et al., 2025), and that future irrigation expansion, 
more than climate change, will drive an estimated 70% increase in blue 

Fig. 6. Map of pixel-specific linear correlations for the Murray-Darling basin, between WATNEEDS BW and IWU from satellite retrievals. The bottom right map, 
instead, represents the pixel-specific irrigated fraction.
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water consumption by 2090, even though this irrigation expansion itself 
can be connected to a climate-change driven increase in irrigation de
pendency (Huang et al., 2019).

Finally, a main source of uncertainty deriving from both agro- 
hydrological modelling and Earth Observation is that both tools are 
applied in their most commonly used specifications. We do this specif
ically to assess the current state of agreement and to perform an initial 
analysis. One of the first steps towards a more in-depth harmonization of 
the two approaches is to harmonize the data they rely on.

In summary, disentangling discrepancies between hydrological 
modelling and satellite observation of irrigation by separating inherent 
uncertainties from conceptual differences, can transform the conjunct 
use of these two methods into a powerful instrument to understand 
commonly employed agricultural practices across scales and contexts, 
and how these practices are tuned to respond to different exogenous 
drivers. For instance, it could help better quantify the difference be
tween the biophysical irrigation demand of rice and the water actually 
applied, especially to paddy rice fields, potentially overcoming key 
limitations of agro-hydrological modelling, but also deepening our 
knowledge on how these fields react to drought, on one hand, and 
contribute to drought mitigation, on the other hand (Galli et al., 2025). 
More in general, this study, by providing an initial large-scale compar
ative assessment of biophysical irrigation demand modelling and 
satellite-driven irrigation water use estimates, and by highlighting the 
limitations of such an assessment, paves the way for the development of 
more structured and refined analytical techniques, moving towards a 
tighter integration of process-based modelling and earth observation, 
into a new set of instruments for investigating water use in agriculture at 
regional-to-global scale.

5. Conclusion

Irrigation represents a key component of both agricultural produc
tivity and water resource management, yet its quantification across 
large spatial scales remains challenging. Physically-based models and 
remote-sensing estimates offer complementary perspectives on irriga
tion dynamics, however they may occasionally diverge due to their 
differing conceptual and data frameworks.

This study serves as a proof-of-concept evaluation of the discrep
ancies and synergies between irrigation demand modelled by WAT
NEEDS and SM-inversion irrigation water use, highlighting how their 
integration can advance our understanding of irrigation processes, while 
also supporting the mutual improvement of both modelling and satellite- 
based approaches. WATNEEDS and remote-sensing products show 
consistent seasonal and spatial patterns, confirming the overall validity 
of the approach, with discrepancies mainly reflecting differences be
tween biophysical irrigation demand and actual irrigation provision. 
Correlations vary across regions and satellite products, being higher in 
areas with greater irrigated extent and lower in fragmented regions. Our 
results show that combining the two approaches has the potential to 
enable a more comprehensive understanding of irrigation dynamics, 
bridging the gap between biophysical water demand and human water 
use. A main limitation is the use of static information on croplands and 
irrigated areas, which prevents capturing temporal changes and adap
tive shifts in cropping calendars, a limitation which could also be at least 
partially addressed with integration of biophysical process modelling 
and earth observation. Future research should focus on harmonizing 
model inputs and satellite datasets to build integrated frameworks for 
irrigation monitoring and assessment. Overall, this study represents a 
first step towards integrating physically-based models and remote- 
sensing estimates into comprehensive tools for assessing irrigation and 
agricultural water use.
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