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A B S T R A C T

Accurate and spatially explicit estimates of irrigation water use (IWU) are essential for understanding the earth 
system dynamics in the Anthropocene. Recent advances in remote sensing have spurred growing interest in 
satellite-based IWU estimation. However, large-scale IWU estimates remain limited in both accuracy and spatial 
resolution due to inherent deficiencies in satellite observations and methodological constraints. Here, we present 
a novel framework for spatially explicit IWU estimation by integrating satellite-based soil moisture and evapo
transpiration (ET) products with reanalysis data. Within this framework, we developed two alternative models: 
one based on root zone soil moisture (RSM) and the other on surface soil moisture (SSM), both grounded in soil 
water balance principles. The models estimate IWU by quantifying differences in soil moisture, ET, and drainage 
between natural and irrigated conditions. Both the RSM- and SSM-based models perform well in predicting 
prefecture-level IWU during the validation period, achieving coefficients of determination (R²) between 0.72 and 
0.90 and root mean square errors (RMSE) of 0.55–0.66 km³ /year, depending on the spatial scale of calibration (i. 
e., province, prefecture, or subregion). By combining our framework with different satellite products, we produce 
ensemble IWU estimates at 1 km resolution across China. The resulting dataset reveals a clear increasing trend in 
China’s IWU from 2001 to 2020, primarily driven by the expansion of irrigated area, while its interannual 
variability is largely controlled by fluctuations in IWU per unit irrigated area. This dataset shows a significant 
advancement in both accuracy and spatial detail over existing datasets and will be useful for irrigation-related 
research and agricultural water management in China.

1. Introduction

Irrigation mitigates crop vulnerability to drought and heat stress, 
positioning as a key strategy for climate change adaptation (Zhu and 
Burney, 2022; Zhu et al., 2022; Driscoll et al., 2024). It plays a pivotal 
role in ensuring global food security (Zaveri and B. Lobell, 2019; Wang 
et al., 2021), contributing to 40 % of the world’s food supply while 
occupying only 20 % of global croplands (UNESCO World Water 
Assessment Programme, 2019). Globally, irrigation is the largest con
sumer of freshwater, accounting for ~70 % of total water withdrawals 
and ~90 % of consumptive water use (Siebert and Döll, 2010; Qin et al., 
2019). Over the past two decades, the area equipped for irrigation has 
expanded by 11 % globally, driving substantial gains in crop 

productivity (Mehta et al., 2024). However, the widespread use of irri
gation has far-reaching impacts on the earth system, including alter
ations to the surface energy balance, hydrological processes, and 
biogeochemical cycles, while simultaneously placing increasing pres
sure on freshwater resources (McDermid et al., 2023; Yang et al., 2023; 
Driscoll et al., 2024; Qin et al., 2024). Given irrigation’s central role in 
both food production and Earth system dynamics, there is a pressing 
need to understand the spatiotemporal patterns of irrigation water use 
(IWU).

IWU is a broad term that may refer to total irrigation water with
drawals (from rivers, reservoirs, or aquifers), field-level irrigation water 
applications, or consumptive irrigation water use through evapotrans
piration. Numerous efforts have been made to estimate IWU, which can 

* Corresponding author.
E-mail address: chetao@lzb.ac.cn (T. Che). 

Contents lists available at ScienceDirect

Agricultural Water Management

journal homepage: www.elsevier.com/locate/agwat

https://doi.org/10.1016/j.agwat.2025.110077
Received 29 August 2025; Received in revised form 5 November 2025; Accepted 9 December 2025  

Agricultural Water Management 323 (2026) 110077 

Available online 13 December 2025 
0378-3774/© 2025 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license ( http://creativecommons.org/licenses/by- 
nc-nd/4.0/ ). 

https://orcid.org/0000-0001-6848-7271
https://orcid.org/0000-0001-6848-7271
mailto:chetao@lzb.ac.cn
www.sciencedirect.com/science/journal/03783774
https://www.elsevier.com/locate/agwat
https://doi.org/10.1016/j.agwat.2025.110077
https://doi.org/10.1016/j.agwat.2025.110077
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


be broadly categorized into three main approaches: physical modeling, 
machine learning, and remote sensing. Physical modeling estimates IWU 
using process-based models such as hydrological, land surface, or crop 
models (Döll and Siebert, 2002; Jägermeyr et al., 2015; Huang et al., 
2020; Yin et al., 2020b; Zhou et al., 2020b; Han et al., 2023). While these 
models can produce IWU estimates at high spatial and temporal reso
lution, they often suffer considerable uncertainty arising from over
simplified or inconsistent representations of irrigation processes and the 
limited availability of direct IWU observations for model calibration (Hu 
et al., 2016; Chen et al., 2019; Foster et al., 2019; Zaussinger et al., 2019; 
Koch et al., 2020). In contrast, machine learning (ML) techniques do not 
require predefined physical assumptions and are particularly effective at 
capturing complex interactions and nonlinear relationships between 
IWU and its controlling factors (Wongso et al., 2020; Bhattarai et al., 
2021; Zhang et al., 2022c; Lu et al., 2023; Alkon and Wang, 2024). This 
makes ML a promising alternative to physical models for IWU estimation 
(Majumdar et al., 2020, 2022; Filippelli et al., 2022; Bo et al., 2024; Ott 
et al., 2024). However, ML approaches are often criticized for their 
“black box” nature (Ma et al., 2023; Jung et al., 2024), and their pre
dictive performance depends greatly on the quantity and quality of the 
training data. Given that IWU observations are unavailable in many 
regions due to technical, economic, or political constraints (Foster et al., 
2020), the application of ML methods for IWU estimation remains 
challenging.

Remote sensing techniques have advanced considerably over the 
past few decades, making it increasingly feasible to estimate IWU from 
space (Zhang et al., 2022a; Dari et al., 2023a). Leveraging satellite ob
servations and hydrological principles, remote sensing-based IWU esti
mation has emerged as a rapidly growing area of research across both 
the remote sensing and hydrology communities (Foster et al., 2020; 
Brookfield et al., 2023). Existing remote sensing approaches to IWU 
estimation can be classified into two main categories: soil 
moisture-based and evapotranspiration (ET)-based methods (Dari et al., 
2023b; Kragh et al., 2023a).

Soil moisture-based approach approaches estimate IWU by detecting 
irrigation-induced changes in soil moisture (Zaussinger et al., 2019; 
Zohaib and Choi, 2020) or by applying soil water balance frameworks 
such as the Soil Moisture to Rain (SM2RAIN) algorithm that conceptu
alize irrigation as an equivalent to rainfall (Brocca et al., 2013, 2018). 
These methods have been successfully applied across a wide range of 
spatial scales, from field to global levels (Filippucci et al., 2020; Dari 
et al., 2022, 2023b; Zhang et al., 2022a). However, soil moisture-based 
approaches generally require high-temporal-resolution soil moisture 
data and often produce IWU estimates at coarse spatial resolutions, with 
a tendency to underestimate actual IWU (Zhang and Long, 2021). These 
limitations primarily arise from the inherent shortcomings of satellite 
soil moisture products (e.g., low spatial resolution, data gaps) and the 
shortcomings of estimation algorithms. Another strand of soil 
moisture-based methods estimates irrigation by assimilating 
satellite-derived soil moisture into land surface models equipped with 
irrigation modules (Abolafia Rosenzweig et al., 2019; Jalilvand et al., 
2023; Busschaert et al., 2024; Laluet et al., 2024). While effective at 
local scales, the applicability of these data assimilation approaches to 
larger regions remains limited, as they typically require extensive cali
bration against in situ measurements and are sensitive to regional het
erogeneity in irrigation practices, making them both time-consuming 
and computationally intensive (Majumdar et al., 2020; Olivera-Guerra 
et al., 2023).

In contrast, ET-based approaches estimate irrigation by analyzing 
residuals between satellite-derived ET and baseline values obtained 
either from hydrological or land surface models under rainfed condi
tions, or from hydrologically similar neighboring pixels (Cheema et al., 
2014; van Eekelen et al., 2015; Peña-Arancibia et al., 2016; Chen et al., 
2019; Koch et al., 2020; Yin et al., 2020a; Brombacher et al., 2022; Boser 
et al., 2024). Compared with soil moisture-based methods, ET-based 
approaches offer notable advantages, particularly in enabling IWU 

estimation at finer spatial resolutions—ranging from 30 m to 1 km (Koch 
et al., 2020; Boser et al., 2024). Furthermore, ET is directly linked to 
plant transpiration in response to irrigation, whereas soil moisture 
provides only an indirect estimate (Kragh et al., 2023a, 2023b). How
ever, ET-based methods typically neglect irrigation-induced changes in 
soil moisture and subsurface drainage, thereby quantifying only the 
consumptive component of water use rather than the total irrigation 
water applied or withdrawn (Laluet et al., 2024). This limitation com
plicates validation efforts, as consumptive use cannot be directly 
measured (Zhang et al., 2022c). In practice, consumptive water use is 
often converted to actual IWU using irrigation efficiency, yet this 
parameter is difficult to determine accurately at fine spatial scales, 
introducing substantial uncertainty (Puy and Lankford, 2022). An 
alternative strategy is to calibrate hydrological or soil water balance 
models against satellite-derived ET and estimate IWU inversely through 
embedded irrigation modules. However, this inverse modeling approach 
is computationally expensive, especially when applied at national or 
global scales; and meanwhile, the results are highly sensitive to model 
assumptions on irrigation process.

Despite considerable progress in satellite-based IWU estimation, 
several limitations remain. First, although many studies have demon
strated promising performance at local or basin scales, few have tested 
the transferability of their models across broader spatial domains, 
resulting in a scarcity of publicly available, remotely sensing-derived 
IWU datasets (Dari et al., 2023b). Existing global-scale IWU products 
are typically characterized by coarse spatial resolution (e.g., 0.25◦) and 
limited accuracy (Chen et al., 2019; Zhang et al., 2022a), which restrict 
their applicability for regional or local-scale analyses. Second, neither 
soil moisture nor ET al.one can fully capture irrigation inputs. Recent 
studies have highlighted the advantages of jointly using soil moisture 
and ET for IWU estimation (Zhang and Long, 2021; Kragh et al., 2023a), 
yet most existing approaches exclusively on one of these variables 
(Supplementary Table S1). Third, few studies have compared their IWU 
estimation approaches against ML models. This lack of cross-method 
comparison hinders a comprehensive understanding of the relative 
strengths and weaknesses of existing approaches. Finally, 
satellite-derived SM and ET products are inherently uncertain. While 
integrating multiple remote sensing sources can improve IWU accuracy 
(Zhang et al., 2022a; Bo et al., 2024), the sensitivity of IWU estimates to 
product selection and data fusion strategies remains insufficiently 
explored.

To address these gaps, this study presents a novel framework for 
spatially explicit estimation of IWU by integrating satellite-based soil 
moisture and ET products with reanalysis data. This framework com
prises two alternative IWU estimation models: one based on root zone 
soil moisture (RSM) and the other on surface soil moisture (SSM), both 
grounded in soil water balance between natural and irrigated condi
tions. Building on this framework and ensemble techniques, including 
the summed square error and Bayesian Three-Cornered Hat methods, we 
generate 1 km IWU estimates across China for the period 2001–2020. 
The specific objectives of this study are to: (1) evaluate the performance 
of the RSM- and SSM-based models; (2) compare their performance with 
the widely used Random Forest (RF) algorithm; (3) assess the influence 
of using and integrating different remote sensing datasets; and (4) 
validate the ensemble IWU dataset against independent reports and 
compare it with existing products.

2. Material and methods

As shown in Fig. 1, the workflow of this study consists of five major 
steps. Following data acquisition and preprocessing, we calibrated and 
evaluated two alternative IWU estimation models derived from root 
zone and surface soil moisture balances, respectively. Next, we 
compared their performance with that of the RF algorithm across 
different temporal periods and spatial scales of model training and 
calibration. In the third step, we examined the sensitivity of model 
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performance to the use and integration of multiple satellite-based ET 
and SSM products. Two ensemble integration methods, i.e., the summed 
square error approach and the Bayesian Three-Cornered Hat method, 
were tested and compared. Finally, we generated IWU estimates across 
China using the proposed models in conjunction with the best- 
performing ensemble technique. The resulting dataset was validated 
against independent IWU reports and further evaluated through com
parisons with existing IWU products.

2.1. Study area

This study focuses on mainland China, a region characterized by 
extensive croplands, diverse topography, and pronounced climatic 
variability (Fig. 2). As one of the world’s major agricultural countries, 
China had approximately 160 million hectares (Mha) of cropland in 
2020 (Zhang et al., 2024a). Irrigated and rainfed croplands account for 
approximately 60 % and 40 % of China’s total cropland area, respec
tively. Among all subregions, South China contains the largest share of 
the national total irrigated cropland (26 %), followed by Central South, 
North, Northwest, Southwest, and Northeast China. In contrast, rainfed 
croplands are mainly concentrated in the southwestern, central, and 

northeastern parts of the country. Over the past two decades, China’s 
irrigated area has expanded by about 18 Mha (or 25 %), with the ma
jority of this expansion (~60 %) occurring in water-scarce regions fac
ing severe to extreme water stress (Zhang et al., 2024b). This rapid 
expansion has intensified concerns about water scarcity in China, 
highlighting the urgent need for spatially explicit estimates of IWU to 
support sustainable agricultural water management.

2.2. Data sources and preprocessing

2.2.1. Reanalysis data
In this study, we utilized monthly soil moisture and ET data from the 

land component of the fifth generation of the European ReAnalysis 
(ERA5-land) (Muñoz-Sabater et al., 2021). ERA5-land provides a 
consistent view of land variables over several decades at a higher res
olution of 0.01◦, compared to the coarser resolution of 0.25◦ in ERA5. 
The mean volumetric soil water content is reported for four soil layers 
corresponding to depths of 0–7, 7–28, 28–100, and 100–289 cm. Surface 
soil moisture (SSM) was represented by the soil water content in the first 
layer (0–7 cm). Root-zone soil moisture (RSM) was estimated by sum
ming the soil water content from the first three layers, weighted at 0.40, 

Fig. 1. Workflow of the study.
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0.35, and 0.25, respectively, following the study of Zhang and Long 
(2021). All SSM, RSM, and ET data were resampled to 1 km resolution 
using nearest-neighbor interpolation to preserve the original data 
characteristics while maintaining computational efficiency.

2.2.2. Remote sensing data
This study utilized two satellite-based ET products and two satellite- 

derived SSM products. The Moderate Resolution Imaging Spectroradi
ometer (MODIS) ET product is calculated using the Penman-Monteith 
equation (Monteith, 1965), which incorporates daily meteorological 
reanalysis data along with MODIS-derived vegetation dynamics, albedo, 
and land cover (Mu et al., 2011). Specifically, we employed the 
MOD16A2GF product, an enhanced version of MOD16, providing 8-day 
ET estimates at 500 m resolution. The PML-V2 ET product is developed 

Fig. 2. Overview of the study area. Panel (a) shows the distribution of irrigated and rainfed croplands cross mainland China in 2020. Panel (b) and (c) present the 
spatial patterns of elevation and multi-year (1991–2020) average precipitation, respectively. NEC, NC, NWC, SWC, SC and CSC represent Northeast China, North 
China, Northwest China, Southwest China, South China, and Central South China, respectively.
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using the Penman-Monteith-Leuning model Version 2 and provides daily 
ET estimates at 500 m resolution for the period 2000–2020 (Zhang et al., 
2019; He et al., 2022).

The AMSR-D product provides daily surface soil moisture at 1 km 
resolution, offering improved coverage under all-weather conditions 
across China (Song et al., 2022). The suffix “D” indicates that this 
product is a downscaled version of the original 36 km AMSR-E/AMSR-2 
SSM data. The product shows good agreement with in situ soil moisture 
measurements from over 2000 meteorological stations, with unbiased 
root mean square difference (RMSD) values ranging from 0.052 to 0.059 
m3/m3 (Song et al., 2022). The ERA-CCI-D product is a 21-year dataset 
(2000–2020) of gap-free global daily surface soil moisture at 1 km res
olution (Zheng et al., 2023). The suffix “D” denotes that the product is a 
downscaled version of the original ERA-CCI SSM dataset, generated 
using a RF algorithm that incorporates gap-filled ERA-CCI data, in situ 
observations, and optical remote sensing data. The high-resolution 
product exhibits good accuracy when cross-validated against in-situ 
soil moisture observations from the International Soil Moisture 
Network, achieving a correlation coefficient of 0.89 (Zheng et al., 2023).

2.2.3. Root zone soil moisture under irrigation
Satellite-derived soil moisture products provide spatially explicit 

estimates of near-surface soil moisture under actual (irrigated) condi
tions; however, they primarily reflect the water content in the top few 
centimeters of the soil profile (Ford et al., 2014). In this study, we 
estimated monthly RSM under irrigation from satellite-based SSM and 
ET data. Following the previous study (Zhang and Long, 2021), we first 
constructed a RF model (Eq. 1) to learn the relationships between RSM 
and predictors (i.e., precipitation, ET, SSM, and ET/PET) under rainfed 
conditions (Supplementary Figure S1). The model was then applied to 
estimate RSM under irrigation using satellite-based SSM and ET data, as 
shown in Eq. (2). 

θrz
m = f

(
ETm

PET
,Prec, ETm, θsf

m

)

+ ε (1) 

θrz
s = f

(
ETs

PET
, Prec, ETs, θsf

s

)

(2) 

where θrz
m and θrz

s represent the ERA5-land derived RSM and the esti
mated RSM under irrigation, respectively; ETm and ETs indicate modeled 
and satellite-based ET, respectively; θsf

mand θsf
s indicate modeled and 

satellite-based surface soil moisture, respectively; Prec and PET denote 
precipitation and potential evapotranspiration, respectively; f is the 
Random Forest model, and ε signifies model error. In this study, pre
cipitation data at 1 km resolution were sourced from ChinaMet (Zhang 
et al., 2021; Hu et al., 2024), which integrates gauge observations, 
multisource satellite products, and reanalysis data. PET was estimated 
using the Hargreaves method (Hargreaves, 1994), based on latitude, day 
of the year, and temperature data.

2.2.4. Irrigation data
This study used several irrigation-related data including IWU re

ports, irrigated cropland maps, and monthly irrigation fractions. The 
IWU reports, covering the period from 2000 to 2020 for 357 prefectures, 
were sourced from the Water Resources Departments of 31 provinces of 
China (Zhang et al., 2023) and the China Economic and Social Big Data 
Research Platform (https://data.cnki.net/). Here, IWU refers to the total 
volume of water withdrawn from rivers, reservoirs, and aquifers for crop 
irrigation, accounting for transportation and application losses. Annual 
maps of China’s irrigated cropland (i.e., CIrrMap250) were developed in 
our previous study by integrating multiple remote sensing datasets, re
ported statistics, surveys, and irrigation suitability analyses (Zhang 
et al., 2024b). These maps reflect the maximum irrigated area for each 
year, with pixels classified as irrigated if they were irrigated at any time 
during that year. Hence, we additionally derived the monthly irrigation 

fractions for each prefecture of China from our global satellite-based 
IWU product (Zhang et al., 2022a), calculated as the ratio of the irri
gated area in a given month to the maximum irrigated area for that year 
in each prefecture. We also obtained monthly irrigation fractions for 
Northeast, Southeast, and West China from the Food and Agriculture 
Organization of the United Nations (FAO, 2006).

2.3. Theoretical foundation for the IWU estimation framework

2.3.1. Rootzone soil moisture-based model
Our IWU estimation framework assumes that satellite-based soil 

moisture and ET retrievals capture irrigation signals, while reanalysis 
model simulations do not, in line with previous studies (Wei et al., 2013; 
Romaguera et al., 2014a, 2014b; Zaussinger et al., 2019; Zohaib and 
Choi, 2020; Zhang and Long, 2021). The soil water balance for the root 
zone under irrigated conditions (Fig. 3a) is described by the following 
equation: 

zrz ∗
dθrz

s
dt

= Prec(t)+ Irr(t) − ETs(t) − Dps(t) − LFs(t) − R (3) 

where zrz is root zone depth (mm); θrzis root zone soil moisture (m3/ 
m3); Prec is precipitation (mm); Irr is irrigation (mm), ET is evapo
transpiration; Dp is deep percolation (mm); LF is lateral flow (mm); R is 
surface runoff (mm); and t represents the time step (month). The 
subscript s indicates variables derived from satellite observations. The 
combined effect of deep percolation and lateral flow is treated as 
drainage (D), which is estimated from relative soil moisture (i.e., degree 
of saturation) using a power-law function (Brocca et al., 2013; Li et al., 
2023): 

Ds(t) = αs ∗

(
θrz

s
φ

)βs

(4) 

where αs and βs are the empirical drainage parameters; φ is soil porosity 
of the root zone, derived from the China dataset of soil hydraulic pa
rameters (Shangguan et al., 2013). By substituting Eq. (4) into Eq. (3)
and assuming negligible surface runoff in irrigated croplands, the soil 
water balance simplifies to: 

zrz ∗
dθrz

s
dt

= Prec(t)+ Irr(t) − ETs(t) − Ds(t) (5) 

As shown in Fig. 3b, the soil water balance for the root zone under 
natural (i.e., rainfed) conditions is described using soil moisture and ET 
estimates from ERA5-Land under the assumption that irrigation is an 
unmodeled hydrological process in reanalysis models (Zaussinger et al., 
2019; Muñoz-Sabater et al., 2021; Zhang and Long, 2021): 

zrz ∗
dθrz

m
dt

= Prec(t) − ETm(t) − Dm(t) (6) 

where θrz
m and ETm are the ERA5-Land modeled root zone soil moisture 

and evapotranspiration, respectively; and Dm is the drainage estimated 
from θrz

m , similar to Eq. (4). Subtracting Eq. (6) from Eq. (5) yields the 
RSM-based irrigation estimate model: 

Irr(θ,ET;αs, βs,αm, βm) = RSMpart +ETpart +Dpart (7) 

RSMpart = zrz ∗
(
Δθrz

s − Δθrz
m

)
(8) 

ETpart = (ETs − ETm) − bias (9) 

Dpart = (αs ∗

(
θrz

s
φ

)βs

− αm ∗

(
θrz

m
φ

)βm

) (10) 

where θ and ET are the model inputs, while αs, βs, αm, βm are the un
known parameters to be calibrated. The bias represents the spatially 
average difference between satellite-based and modeled ET over rain- 
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fed cropland pixels, identified using our cropland and irrigated cropland 
maps (Zhang et al., 2024a, 2024b). In our case, the biases are approxi
mately − 9 and − 11 mm/month for the MODIS and PML-V2 products, 
respectively, exhibiting noticeable month-to-month variations 
(Supplementary Figure S2).

2.3.2. Surface soil moisture-based model
The soil water balance for the surface layer of the root zone under 

irrigated conditions (Fig. 4a) is described using satellite-derived soil 
moisture and ET, as follows: 

zsf ∗
dθsf

s
dt

= Prec(t)+ Irr(t) − Esf
s − Dsf

s (t) (11) 

where zsf is depth of the surface layer within the root zone (mm); θsf
s is 

soil moisture in the surface layer (m3/m3); Dsf
s (t) is drainage from the 

surface layer, including both percolation and lateral flow, estimated 
using a power-law function as in Eq. (4); and Esf

s is evaporation from the 
surface layer of the root zone, calculated as ETs − Tsub

s , where ETsis total 
evapotranspiration, and Tsub

s is transpiration from the subsurface layer, 
estimated as follows: 

ETsub
s = γs ∗ ETs (12) 

where γs is fraction of total evapotranspiration attributable to subsurface 
transpiration. Under natural conditions (Fig. 4b), the soil water balance 
for the surface layer is given by: 

zsf ∗
dθsf

m
dt

= Prec(t) − Esf
m − Dsf

m(t) (13) 

where θsf
m, Dsf

m, and Esf
m are the ERA5-Land modeled surface soil moisture, 

drainage, and evaporation, respectively. Similarly, Esf
mis estimated as the 

difference between ETm and Tsub
m , where ETm is the modeled total 

evapotranspiration and Tsub
m = γm ∗ ETmis the modeled transpiration. 

Subtracting Eq. (13) from Eq. (11) yields the SSM-based irrigation es
timate model: 

Irr(θ,ET;αs, βs, γs, αm, βm, γm) = SSMpart +ETpart +Dpart (14) 

SSMpart = zsf ∗
(
Δθsf

s − Δθsf
m
)

(15) 

ETpart = (ETs − ETm) − bias (16) 

Dpart = (αs ∗

(
θsf

s
φ

)βs

− γsETs) − (αm ∗

(
θsf

m
φ

)βm

− γmETm) (17) 

Fig. 3. Soil water blance for the root zone under irrigated (a) and natural (b) conditions. The definitions of the variables are provided in Eqs. (3) and (6).

Fig. 4. Soil water blance for the surface layer of the root zone under irrigated (a) and natural (b) conditions. The definitions of the variables are provided in Eqs. (11) 
and (13).
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where θ and ET are the model inputs; αs, βs, γs,αm, βm, γm are the un
known parameters to be calibrated; and bias is the spatially averaged 
difference between modeled and satellite-derived evapotranspiration 
over rainfed pixels. To account for systematic differences between sat
ellite and modeled soil moisture, ERA5-land SSM were rescaled by 
subtracting its mean and adding the mean of the satellite-based SSM 
(Kragh et al., 2023a). In this study, the parameters used to rescale 
ERA5-Land SSM have median values of − 0.075 and 
− 0.080 m³ /m³ across cropland grids in China for the ESA-CCI-D and 
AMSR-D products, respectively (Supplementary Figure S3).

2.4. Model calibrating and validation

The parameters of the RSM- and SSM-based models were calibrated 
by minimizing the error between the estimated and reported annual 
irrigation depth (i.e., IWU per unit irrigated area): 

SSE =
∑n

j

(
EIrrd

j,t − RIrrd
j,t

)2
(18) 

where SSE is the objective function; EIrrd
j and RIrrd

j denote the estimated 
and reported irrigation depth, respectively, for administrative unit j in 
year t; and n is the total number of administrate units used for calibra
tion. The estimated and reported annual irrigation depth are calculated 
as follows: 

EIrrd
j,t =

1
Nj

∑Nj

i=1

∑12

m=1
Irri, m

j, t (19) 

RIrrd
j,t = IWUv

j,t

/
IAact

j,t (20) 

where Irri, m
j, t is the estimated irrigation depth per unit irrigated area for 

grid i and month m (with a lower bound of 0); Nj denotes the number of 
irrigated cropland grids in administrative unit j; IWUv

j,t is the the re
ported volumetric IWU (km3/year), and IAact

j,t represents the actual irri
gated area in year t, calculated as: 

IAact
j,t =

1
12
∑12

m
(IAmax

j,t × IFj,t, m) (21) 

where IAmax
j is the maximum irrigated area for administrate unit j in year 

t, derived from the CIrrMap250 dataset (Zhang et al., 2024b); and IFj,t,m 

the monthly fraction of area actually irrigated, estimated from our 
global satellite-based IWU product (Zhang et al., 2022a).

Our monthly irrigation fraction estimates show reasonable agree
ment with those reported by FAO (2006) and the recently developed 
MIRCA-OS product (Kebede et al., 2025), with correlation coefficients of 
0.58 and 0.64, respectively, across Northeast, Southeast, and Western 
China (Supplementary Figure S4). Model parameters were calibrated 
separately using IWU reports aggregated at three spatial scales, i.e., 
subregion, province, and prefecture (Supplementary Figure S5). This 
design was intended to evaluate how the spatial resolution of reference 
data influences model performance and to assess the model’s robustness 
under varying data availability conditions. Model optimization was 
performed using the GlobalSearch solver in MATLAB and repeated ten 
times to minimize the influence of local minima and enhance parameter 
stability. The calibrated models were subsequently used to predict 
monthly irrigation volumes at the grid level, and annual IWU for each 
administrative unit was obtained by aggregating the monthly values: 

IWUact
j,t =

∑Nj

i=1

∑12

m=1
Irri, m

j, t × IAmax
j,t × IFj,t, m (22) 

The model predictions were evaluated using prefecture-level IWU 
reports during the validation period 2010–2020 using the performance 
metrics including the coefficient of determination (R²), root mean 
square error (RMSE), and bias.

2.5. Comparison with machine learning

We benchmarked our IWU estimation models against the RF algo
rithm (Breiman, 2001), a widely adopted ensemble machine learning 
method in hydrology and remote sensing. The RF model was trained 
using socioeconomic, climatic, auxiliary, and remote sensing and 
reanalysis-based predictors (Supplementary Table S2). Socioeconomic 
predictors included population and gross domestic product; climatic 
predictors comprised precipitation and PET; and auxiliary predictors 
included irrigation efficiency, elevation, slope, soil depth, soil porosity, 
and geographic coordinates (longitude and latitude). In addition, we 
incorporated several remote sensing and reanalysis-based predictors 
into the RF model, including ET, SSM, RSM, normalized difference 
vegetation index, and two components form our SSM-based model (i.e., 
SSMpart and ETpart).

We trained six RF models using IWU reports aggregated at different 
administrative levels (subregion, province, and prefecture) over two 
distinct periods (2001–2005 and 2001–2009). These variations in 
administrative scale and data volume enable us to assess the model’s 
sensitivity to reference data availability and its robustness under 
limited-data conditions. The hyperparameters of the RF models, 
including the number of trees and the minimum number of observations 
per leaf, were optimized via a grid-search procedure. All prefecture-level 
IWU data for 2010–2020 were used for model validation. As these data 
were not included in the training phase, they provide an independent 
dataset for evaluating model performance. The RF models were then 
compared with our IWU estimation models under equivalent data 
availability scenarios, enabling a robust assessment of relative model 
effectiveness.

2.6. Ensemble estimates of IWU

We utilized two satellite-based ET products (MODIS and PML-V2) 
and two SSM products (ERA-CCI-D and AMSR-D), resulting in four 
unique SSM-ET combinations. The performance of our IWU estimation 
models was evaluated for each product combination. The resulting IWU 
estimates were then combined using a weighted ensemble approach: 

IWUens =
∑N

k=1
wk × IWUk (23) 

where N is the number of ensemble members (N = 4); and wk is the 
weight assigned to the k-th member. Two weighting schemes were 
tested: the summed squared error (SSE) method and the Bayesian Three- 
Cornered Hat (BTCH) approach (Xu et al., 2019; He et al., 2020): 

wSSE
k =

SSE− 1
k

∑N
k=1SSE− 1

k

(24) 

wBTCH
k =

∏N

i=1,i∕=k

σ2
i

∑N

k=1

(
∏N

i=1,i∕=k
σ2

i

) (25) 

where SSEk denotes the summed squared error of the k-th IWU estimate 
relative to reported values, and σi is the error covariance of ensemble 
member i, estimated using the Three-Cornered Hat (TCH) method. The 
ensemble performance was evaluated for the validation period 
2010–2020 and benchmarked against the individual ensemble 
members.

Based on the comparative performance of the IWU estimation models 
(RSM vs. SSM-based) and the ensemble techniques (SSE vs. BTCH), we 
selected the optimal configuration to generate pixel-wise estimation of 
IWU across China from 2001 to 2020. The resulting IWU dataset was 
compared against three existing products: IWU-Huang (Huang et al., 
2018), IWU-Cheng (Chen et al., 2019), and IWU-Zhang (Zhang et al., 
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2022a). The accuracy of our IWU estimates and the existing datasets was 
evaluated using independent IWU reports collected from local water 
resource authorities, covering 10 major basins, 21 sub-basins, and 124 
sub-prefectures (counties) across China (Supplementary Figure S6).

3. Results

3.1. Performance of the IWU estimation models

As illustrated in Fig. 5, both the RSM- and SSM-based IWU estimation 
models perform well during the validation period (2010–2020), 
achieving R2 values of 0.84 and 0.90, respectively. However, both 
models exhibit a systematic overestimation of IWU, with positive biases 
of 0.10 and 0.24 km³ /year, respectively. This bias likely arises from 
irrigation efficiency effects. Because our model was calibrated against 
census-based IWU data, which refers to the total volume of irrigation 
water withdrawals including conveyance losses, a key component of 
irrigation efficiency (i.e., conveyance efficiency) is implicitly embedded 
within the calibrated parameters. Consequently, parameters calibrated 
for earlier years (2001–2005) would overpredict IWU in later years 
(2010–2020), when irrigation efficiency had substantially improved 
(Zhang et al., 2023). As expected, model performance decreases when 
the calibration scale shifts from prefecture to provincial and subregional 
levels, highlighting the sensitivity of model accuracy to calibration data 
resolution. Nevertheless, both models maintain satisfactory perfor
mance at coarser calibration scales, with R2 values ranging from 0.72 to 
0.80 and RMSE values between 0.55 and 0.65 km³ /year. The 
SSM-based model achieves higher R² values than the RSM-based model, 
possibly due to the RSM estimation errors under irrigated conditions. In 
contrast, the RSM-based model shows lower bias and RMSE, likely due 
to its simpler parameterization, which facilitates convergence toward 
global optimal solutions during calibration.

3.2. Comparison with the Random Forest model

Fig. 6 compares the performance of our models with that of the RF 
algorithm. Both the RSM- and SSM-based models consistently outper
form RF, exhibiting higher R2 and lower RMSE. Specifically, our models 
improve R2 by 3–11 % and reduce RMSE by 3–15 % relative to RF when 
calibrated or trained with prefecture-level IWU reports. Extending the 
calibration or training period further enhances the accuracy of all 
models. However, as the spatial scale of the reference data increases 
from prefectural to subregional levels, the performance of all ap
proaches declines, with the deterioration being more pronounced for RF. 
Consequently, the relative performance advantage of our models be
comes greater under coarse-scale data conditions. These findings 
demonstrate that our models are not only more accurate but also more 
robust than the RF algorithm across varying data availability scenarios.

3.3. Influence of using and integrating different remote sensing data

As shown in Fig. 7, the choice of remote sensing products (i.e., SSM 
and ET) exerts a substantial influence on the accuracy of both the RSM- 
and SSM-based models, with differences in R2 reaching up to 0.15 and 
differences in RMSE up to 0.4 km³ /year. Among all product combina
tions, the ESA-CCI-D SSM and MODIS ET lead to the best model per
formance. These results underscore the critical role of data source 
selection in enhancing the reliability of IWU estimation. Regardless of 
the data used, the R2 values for both models consistently decrease as the 
model calibration scales increase from prefectural to subregional levels. 
In contrast, RMSE does not show a clear dependence on model cali
bration scale. In terms of R2, the SSM-based model consistently out
performs the RSM-based model; however, regarding RMSE, its relative 
accuracy varies depending on the specific product combination.

As shown in Fig. 8, both the SSE and BTCH ensemble techniques 
enhance model performance, increasing R² by up to 3 % and 13 % and 

Fig. 5. Model accuracy in estimating prefecture-level IWU during the validation period (2010–2020). The top and bottom panels correspond to the RSM- and SSM- 
based models, respectively. From left to right, results are shown for models calibrated at the prefectural, provincial, and subregional levels for the period 2001–2005.
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reducing RMSE by up to 18 % and 28 % for the RSM- and SSM-based 
models, respectively. For the RSM-based model, the ensemble IWU es
timates consistently exhibit higher R² values than any individual 
ensemble member, although their RMSE is slightly greater than that of 

the best-performing member (i.e., the model driven by ESA-CCI-D SSM 
and MODIS ET). In contrast, for the SSM-based model, the ensemble 
estimates achieve R² values comparable to the best-performing member 
while maintaining consistently lower RMSE across all combinations. 

Fig. 6. Comparison of the performance of our IWU models with the Random Forest algorithm during the validation period (2010–2020). The left and right panels 
present results for two calibration/training periods (2001–2005 and 2001–2020, respectively). Each panel shows model performance when calibrated/trained at the 
prefectural, provincial, and subregional levels.

Fig. 7. Model performance using different satellite-based SSM and ET products. The left and right panels show the evaluation results for the RSM-based and SSM- 
based models, respectively, during the validation period (2010–2020). All models were calibrated at the prefectural, provincial and subregional levels, respectively, 
for the period 2001–2005.
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Overall, these results underscore the added value of ensemble ap
proaches in enhancing the accuracy of IWU estimation.

3.4. Accuracy assessment of ensemble IWU estimates in China

By integrating the SSM-based model with the summed squared error 
(SSE) ensemble technique, we generated 1 km resolution ensemble IWU 
estimates across China for the period 2001–2020. As shown in Fig. 9, 
these estimates show strong agreement with prefecture-level reports 
used for model calibration, achieving an R² of 0.95, an RMSE of 
0.27 km³ /year, and a bias of 0.07 km³ /year. When validated against 
independent IWU reports not used in model calibration, our estimates 
demonstrate high accuracy across multiple spatial scales, with R² values 
of 0.99, 0.93, and 0.89 for China’s 10 major river basins, 21 subbasins, 
and 125 sub-prefectural (county-level) units, respectively. The corre
sponding RMSE values range from 0.07 to 4.91 km³ /year, and bias 
ranges from 0.02 to 3.22 km³ /year, depending on the IWU magnitude at 
each spatial scale. Collectively, these results highlight the robust per
formance of our ensemble IWU estimates.

As illustrated in Fig. 10, our IWU estimates demonstrate reasonable 
spatial agreement with IWU-Huang and IWU-Zhang, with Pearson cor
relation coefficients exceeding 0.60 (Supplementary Table S3). In 
contrast, agreement with IWU-Cheng is lower, likely due to its indirect 
estimation approach based on consumptive irrigation water use and 
irrigation efficiency (Chen et al., 2019). Despite these differences, all 
datasets consistently capture China’s major irrigation hotspots, 
including northwestern China and the Hetao, Qingtongxia, and 
Dujiangyan irrigation districts. However, existing IWU products suffer 
from coarse spatial resolution (≥0.25◦) and tend to underestimate IWU 
in several regions. For example, IWU-Cheng notably underestimates 
IWU in southern China, while IWU-Zhang underestimates it in the 
northwest. Furthermore, all existing products underestimate IWU in 
northeastern China, where paddy rice cultivation, characterized by high 
irrigation demand, is widespread (Supplementary Figure S7). The strong 
spatial similarity among existing IWU products primarily stems from 

their shared reliance on the FAO Global Map of Irrigation Areas (Siebert 
et al., 2005). Although the FAO map provides globally consistent irri
gation data, its accuracy in China is considerably lower than that of 
China-specific datasets CIrrMap250 (Zhang et al., 2022b). Conse
quently, our IWU estimates achieve markedly higher accuracy than 
existing products when validated against both dependent and indepen
dent statistical reports (Supplementary Figure S8).

3.5. Temporal patterns of IWU across China

As shown in Fig. 11a, China’s IWU exhibited a clear increasing trend 
during 2001–2020, rising from 339 to 395 km3/year, with an average of 
360 km3/year. Comparison with changes in irrigated area and water use 
intensity (i.e., IWU per unit irrigated area) indicates that the increasing 
trend in IWU was primarily driven by the expansion of irrigated area, 
while its interannual variability was largely controlled by fluctuations in 
water use intensity. The national average water use intensity was 
approximately 425 mm/year and showed a declining trend, which 
partially offset the overall increase in total IWU. The intra-annual 
variation of IWU closely mirrors China’s agricultural calendar 
(Fig. 11b). IWU remains minimal during the cold dormant season 
(December-February), rises sharply in spring, and peaks during the 
active summer growing season (June-September). Spatially, the trend in 
IWU is highly heterogeneous (Fig. 11c). Significant increases occurred in 
Northeast and Northwest China, mainly due to the expansion of irrigated 
cropland (Supplementary Figure S9). In contrast, many southeastern 
provinces and localized areas elsewhere showed declines driven mainly 
by reduced water use intensity. In many regions, irrigated area and 
water use intensity displayed opposing trends, suggesting a trade-off 
effect in their combined influence on IWU.

Fig. 8. Comparison of ensemble IWU estimation accuracy with models driven by different satellite-based products. Left and right panels present results for the RSM- 
and SSM-based models, respectively. “SSE-Ensemble” and “BTCH-ensemble” refer to the ensemble IWU estimates using the summed square error and the Bayesian 
Three-Cornered Hat methods, respectively. All models were calibrated at the prefectural level for 2001–2005, and their accuracy, along with the performance of the 
ensemble techniques, was evaluated for 2010–2020.
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4. Discussion

4.1. Comparison with existing studies

We compared our methods and results with those of 31 recent studies 
that estimate IWU using remote sensing data (Supplementary Table S1). 
As shown in Supplementary Figure S10a, the cumulative number of such 
publications has increased sharply since 2018, reflecting both rapid 
methodological advances and growing research interest in remote 
sensing-based IWU estimation. Among the reviewed studies, 47 % 
employed ET-based methods, 44 % used soil moisture (SM)-based ap
proaches, and only 9 % adopted a combined SM-ET approach. Notably, 
many ET-based methods could not be validated against consumptive 
irrigation water use because such reference data are generally unavai
lable. Regarding spatial scales, 47 % of the studies were conducted at the 
field or plot level (Supplementary Figure S10b), 32 % at the basin or 
district scale, and the remaining 20 % at national or global scales. Large- 
scale IWU estimation remains challenging due to limited ground ob
servations for calibration and validation, the coarse resolution and un
certainties of remote sensing products, and the strong spatial and 
temporal heterogeneity of irrigation practices. Against this background, 
our model, which integrates both SM and ET information, demonstrates 
strong applicability at the national scale across China, representing a 
unique contribution to remote sensing-based IWU estimation 
methodologies.

We further compared the performance of our model with that re
ported in previous studies reporting R² values (n = 17 out of 31). As 
shown in Supplementary Figure S10c, reported R² values vary widely, 
from 0.3 to 1.0, with most below 0.70, lower than the performance 

achieved by our RSM- and SSM-based models. Because of scale differ
ences, direct comparisons with field- or basin-scale studies are not 
straightforward; therefore, we focused on large-scale (national or 
global) studies. Two global-scale studies employed SM-based ap
proaches to generate IWU estimates at 10 or 25 km resolution, which 
exhibited systematic underestimations ranging from 3.1 to 77 km³ /year 
(Zohaib and Choi, 2020; Zhang et al., 2022a). These underestimations 
mainly result from the coarse resolution of SM products, which fail to 
capture localized irrigation signals, and the reliance on static irrigated 
area maps that overlook irrigation expansion. Chen et al. (2019)
developed an ET-based approach to estimate global IWU at 10 km res
olution and reported near-perfect agreement with FAO-reported na
tional values. However, our evaluation indicates that their estimates 
perform poorly at the sub-national scale in China (Supplementary 
Figure S8). In the United States, Zhang and Long (2021) proposed a new 
SM-ET combined approach to make spatially explicit estimates of IWU 
with higher accuracy and finer resolution than those derived from 
SM-based methods (Zaussinger et al., 2019). Compared with Zhang and 
Long (2021), our framework attains higher accuracy in China because it 
is explicitly calibrated against IWU reports.

4.2. Reliability and uncertainties of IWU reports

Although prefecture-level IWU reports provide an essential reference 
for model calibration and validation, they are not derived solely from 
direct field measurements. In China, the official IWU statistics published 
in the Water Resources Bulletins are compiled through a combination of 
comprehensive and representative surveys conducted by local water 
resource authorities (Shen et al., 2020). For large irrigation districts, 

Fig. 9. Accuracy assessment of our ensemble IWU estimates against dependent and independent IWU reports. “Dependent” refers to IWU reports used in model 
calibration, whereas “independent” refers to reports excluded from the calibration process.
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irrigation withdrawals are either directly metered at intake points or 
obtained from dispatch and management records. For small and scat
tered irrigation areas, water use per unit area is estimated based on field 
surveys or regional irrigation quotas, and total IWU is then obtained by 
multiplying these values by the actual irrigated area. These data are 
subsequently aggregated across administrative levels (from county to 
prefecture) and quality-controlled by the Ministry of Water Resources. 
As a result, the IWU reports combine both measured and survey-based 
information, differing fundamentally from the estimates produced by 
the satellite-driven modeling framework developed in this study.

Nevertheless, several sources of uncertainty are inherent in these 
statistical datasets. First, the representativeness of surveys and the ac
curacy of irrigation quotas may vary regionally, potentially introducing 
bias into estimated IWU values (Shen et al., 2016). Second, IWU 
compilation involves multiple governmental departments using het
erogeneous statistical methods and definitions, occasionally resulting in 
inconsistencies or duplicated accounting. Third, in complex irrigation 
systems, such as those with mixed groundwater-surface water sources or 
dense canal networks, accurate quantification of water use remains 
technically challenging. These limitations suggest that the reported IWU 
should be regarded as the best available estimates rather than precise 
ground-truth measurements. Despite these uncertainties, the IWU 

statistics remain the most reliable and widely recognized dataset 
currently available for large-scale irrigation assessments in China (Zhou 
et al., 2020a; Zhang et al., 2022a; Liu et al., 2024a).

4.3. Pros, cons, and uncertainties of our IWU estimation framework

Our method integrates both satellite-derived ET and soil moisture 
(SM) information, with parameters calibrated against census-based IWU 
reports. This integration likely explains its superior performance 
compared with approaches that rely solely on ET or SM, as neither can 
independently capture irrigation inputs. The framework addresses key 
shortcomings of SM-based methods, which tend to underestimate IWU, 
and ET-based approaches, which require uncertain irrigation efficiency 
parameters. Compared with existing SM-ET methods (Hu et al., 2016; 
Zhang and Long, 2021), our framework avoids dependence on fixed 
empirical models for quantifying irrigation components (e.g., drainage 
losses), thereby enhancing its adaptability and transferability across 
regions. Furthermore, it eliminates the need to develop and calibrate 
high-resolution hydrological models under rainfed conditions (Kragh 
et al., 2023a), a process that is both challenging and time-consuming at 
large scales.

In regions with census data, our framework adds value beyond 

Fig. 10. Spatial comparison of our ensemble IWU estimates (a) with existing products: IWU-Huang (b), IWU-Cheng (c), and IWU-Zhang (d).
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administrative statistics, which typically provide only aggregated IWU 
at coarse administrative levels. By integrating remote sensing and 
reanalysis datasets within a physically based model, it produces spatially 
explicit IWU estimates at fine resolution (e.g., 1 km), which are essential 
for refined water allocation, sustainable irrigation assessment, and 
hydroclimatic impact analyses (Dari et al., 2024). The framework can 
also reconstruct IWU dynamics at sub-annual (e.g., monthly) scales and 
predict irrigation withdrawals during periods without census data. In 
regions lacking census data, the framework may be extended through a 
two-step strategy: first, estimating aggregated IWU using a machine 
learning-based metamodel and globally available datasets (Kragh et al., 
2025); and second, calibrating our model with these aggregated esti
mates to produce physically consistent and spatially explicit IWU fields.

Nevertheless, several limitations and sources of uncertainty remain. 
First, the method is not calibration-free; it requires IWU observations or 
reports for parameter optimization. Unlike SM2RAIN-based methods, 
which calibrate parameters using more reliable references such as pre
cipitation (Brocca et al., 2018; Dari et al., 2022, 2023b), our approach 
relies on IWU statistics that are typically aggregated regionally at annual 
scales and carry inherent uncertainties, limiting high spatiotemporal 
resolution calibration. Second, the method does not explicitly account 
for groundwater contributions to ET. In areas with shallow water tables, 
particularly arid regions, groundwater can substantially increase irri
gation water consumption (Gao et al., 2017, 2018). Meanwhile, flooded 
croplands (e.g., paddy rice) are simplified as a single-layer soil system, 
neglecting key processes such as pond water storage and surface runoff 
inherent to a two-layer (pond-soil) structure. This simplification may 
reduce physical interpretability, although it can implicitly capture the 
high irrigation demand required to maintain the ponded layer via 
combined ET and drainage effects.

Lastly, the model’s performance is strongly dependent on the quality 
of remote sensing inputs. Downscaled soil moisture datasets can carry 

large uncertainties and often poorly represent site-level water dynamics 
(Beck et al., 2021). Agricultural practices, such as tillage and tile 
drainage, further influence soil water behavior, yet these anthropogenic 
effects are generally not represented in satellite-based soil moisture re
trievals. Furthermore, satellite-based ET products tend to underestimate 
ET over irrigated croplands, as they rarely account explicitly for irri
gation events (Zhu et al., 2019; Liu et al., 2024b) (Supplementary 
Figure S11). These uncertainties affect both IWU accuracy and the 
model’s partitioning of irrigation losses. Our model attributes 77 % of 
total irrigation water to drainage, 20 % to ET, and 3 % to surface soil 
moisture storage. The disproportionately high drainage fraction likely 
reflects the combined effects of underestimated ET (Zhang and Long, 
2021) and the absence of explicit representation of conveyance losses. 
Model calibration likely compensated for these factors by allocating a 
larger fraction of water to drainage, thereby maintaining consistency 
with reported IWU values.

5. Conclusions

Irrigation plays a crucial role in both food production and Earth 
system dynamics, making the spatially explicit estimation of irrigation 
water use (IWU) a high-priority research topic in the fields of remote 
sensing, agriculture, and hydrology. This study addresses the challenges 
of large-scale, high-resolution IWU estimation by developing a novel, 
physically based, and generalizable framework. The framework in
tegrates satellite-derived soil moisture and evapotranspiration products 
with reanalysis data using soil water balance principles to generate 
spatially explicit IWU estimates. When applied across China, the 
framework demonstrated satisfactory accuracy and exhibited greater 
stability and robustness compared to the widely used Random Forest 
algorithm. The methodology is transferable to other regions, and the 
resulting dataset provides valuable insights into IWU dynamics in China, 

Fig. 11. Temporal patterns of IWU across China. Panel (a) illustrates the interannual variations in IWU, irrigated area (IrrArea), and water use intensity (WUI, 
defined as IWU per unit irrigated area), each normalized to their respective values in 2001. Panel (b) presents the intra-annual distribution of IWU, while the panel 
(c) depicts the spatial distribution of linear IWU trends during 2001–2020 at the grid scale.
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