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Future climate change is expected to modify the magnitude and timing of agricultural irrigation demand, but the
mechanisms remain uncertain in humid monsoon regions where increased precipitation may offset warming-
induced evapotranspiration. This study assesses future irrigation water use (IWU) over the Poyang Lake basin,
China, using a previously developed NOAH-HMS land surface-hydrological model coupled with a crop-specific
irrigation (CDI) scheme that distinguishes paddy rice and non-rice crops. Simulations are driven by bias-
corrected CORDEX-East Asia climate projections under RCP2.6 and RCP8.5 for the mid-century (2031-2060)
and late-century (2065-2094) periods. Results show that basin-mean IWU decreases in most future scenarios by
about 3%-9%, mainly because projected precipitation increases largely offset warming-enhanced evapotrans-
piration. However, this basin-scale decline conceals seasonal and spatial heterogeneity. Regional IWU exhibits a
“summer decline-autumn increase” pattern, with reductions in July-August and increases in October-November.
Although rice IWU decreases, its within-season rise during the growing period becomes steeper. Non-rice INU
remains concentrated in late autumn and shows stronger sensitivity to warming and drying. Precip-
itation-temperature quadrant analysis shows that IWU in Dry-Hot years is generally higher than in wetter states,
with the strongest increase occurring in the mid-century. Precipitation remains the primary driver of interannual
IWU variability, but temperature exerts increasing influence toward the late century. These results demonstrate
that basin-mean IWU changes alone could underestimate future irrigation risks, emphasizing the need to consider
seasonal redistribution, crop-specific responses, local hotspots, and compound extremes in agricultural water
management.

1. Introduction agricultural water allocation and regional water security.
Irrigation plays a central role in sustaining global food production,

Since the Industrial Revolution, rising anthropogenic CO2 emissions but it is also one of the most intensive human interventions in the

have driven global warming and intensified the spatiotemporal vari-
ability of precipitation (Tukimat et al., 2017), increasing the risks of
floods and seasonal droughts. Irrigation demand is highly sensitive to
climate variability (Schlenker et al., 2007), particularly precipitation
and temperature, which jointly regulate soil moisture availability and
atmospheric evaporative demand (Frederick and Major, 1997). As a
result, climate change is likely to amplify the uneven distribution of
irrigation water demand over time and space, with implications for

terrestrial water cycle. Rapid population growth and technological
advancement have expanded irrigation areas worldwide (Nazemi and
Wheater, 2015), contributing to a sharp increase in agricultural water
use (Hanasaki et al., 2013; Leng and Tang, 2014; Wada et al., 2013; Hao
et al., 2024). Recent global assessments further show that irrigation
expansion can increase crop production while intensifying freshwater
stress. Mehta et al. (2024) reported that the global area equipped for
irrigation increased by 11% from 2000 to 2015, with more than half of
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this expansion occurring in already water-stressed regions. Jagermeyr
et al. (2017) also showed that a substantial fraction of global irriga-
tion water use occurs at the expense of environmental flow re-
quirements. These findings highlight the growing tension between food
production, irrigation development, and freshwater sustainability.
Under climate change, irrigation is therefore increasingly regarded as
both an adaptation measure and a potential source of additional water
stress. Sustainable irrigation expansion may contribute to agricultural
adaptation when water storage and deficit-irrigation strategies are
carefully considered (Rosa et al., 2020), but future irrigation with-
drawals are still projected to increase in many agricultural regions under
high-emission scenarios (Haile et al., 2024). These findings indicate that
future irrigation risk should be assessed not only as a crop water demand
problem, but also as a coupled climate-land-water management issue.

Extensive research has examined future irrigation water demand
from hydrological, agricultural, and interdisciplinary perspectives. Most
assessments are based on climate projections derived from the Coupled
Model Intercomparison Project (CMIP) or high-resolution regional
climate simulations produced within the Coordinated Regional Climate
Downscaling Experiment (CORDEX) framework, driven by emission
scenarios proposed by the Intergovernmental Panel on Climate Change
(IPCC). Both conceptual approaches and process-based models have
been widely applied to estimate irrigation water demand under future
climate conditions (Doll and Siebert, 2002; Elgaali et al., 2007; Fischer
et al., 2007; Wisser et al., 2010; Wada et al., 2013; Santikayasa et al.,
2014; Uniyal and Dietrich, 2021; Nie et al., 2021). Many studies project
increasing irrigation demand under warming, primarily due to enhanced
evapotranspiration (Doll and Siebert, 2002; De Silva et al., 2007; Fischer
et al., 2007; Thomas, 2008; Leng et al., 2013). However, growing evi-
dence indicates strong regional contrasts. In some humid regions, pro-
jected increases in precipitation may partially or fully offset
warming-induced evapotranspiration, leading to stable or even
declining irrigation water demand (Yoo et al., 2012; Acharjee et al.,
2017; Tukimat et al., 2017; Sun et al., 2018). These divergent pro-
jections underscore the importance of precipitation-temperature in-
teractions and reveal substantial uncertainty in monsoon-dominated
basins, where water availability is tightly linked to seasonal rainfall
variability (Chen et al., 2024).

Although future irrigation water demand has been widely assessed,
several issues remain insufficiently addressed in humid monsoon basins.
Many assessments rely on irrigation quotas or simplified crop water-use
schemes, and therefore provide limited representation of crop-specific
irrigation processes. This limitation is relevant for rice-dominated
agricultural regions, because paddy irrigation is regulated by field
ponding, water-depth management, drainage and drying periods, and
the substitution of rainfall for irrigation. By contrast, irrigation for non-
rice crops is more directly triggered by root-zone soil moisture deficits.
In humid regions, abundant annual precipitation may also mask sea-
sonal water shortages. As a result, future irrigation risk cannot be fully
understood from annual irrigation totals alone. Seasonal redistribution,
spatially uneven responses, crop-specific behavior, and irrigation de-
mand under compound dry-hot conditions need to be examined
together.

The Poyang Lake basin (PLB) in southeastern China provides a
suitable case for this analysis. The basin has abundant monsoonal pre-
cipitation, strong intra-annual rainfall variability, extensive paddy rice
cultivation, and close lake-river hydrological connections. Agricultural
water use in this region is therefore strongly affected by the seasonal
match between rainfall, crop water demand, and irrigation manage-
ment. Previous studies in the PLB have mainly estimated irrigation
water use using irrigation quotas or statistical approaches (Liu et al.,
2019), while process-based assessments of future climate impacts on
crop-specific irrigation demand remain limited. It is still unclear how
projected precipitation and temperature changes may alter the seasonal
timing, spatial distribution, and crop composition of irrigation water use
in this humid monsoon basin.
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To address these gaps, this study extends the NOAH-HMS-CDI
framework previously developed and validated for PLB by Yang et al.
(2025) to assess future climate-driven changes in IWU under different
climate scenarios. This framework couples a land surface-hydrological
model with a crop-specific dynamic irrigation scheme, distinguishing
paddy rice and non-rice irrigation. It enables the analysis of annual IWU
changes, seasonal redistribution, crop-specific responses, spatial het-
erogeneity, and dry-hot sensitivity. The objectives of this study are to:
(1) project future crop-specific IWU responses under different climate
scenarios; (2) examine how precipitation and temperature changes
reshape the seasonal timing, spatial distribution, and crop composition
of IWU; and (3) assess irrigation sensitivity under compound dry-hot
conditions and irrigation intensification scenarios, with implications for
adaptive agricultural water management in humid monsoon basins.

2. Methods and data

In this section, we describe the irrigation-represented NOAH-HMS-
CDI model, its configuration, and modeling strategy. Additionally, we
describe the observational datasets, regional climate projections,
methods, and metrics used for model evaluation and impact assessment.

To provide an overview of the technical framework of this study,
Fig. 1 illustrates the integrated workflow linking climate forcing, land
surface-hydrology-irrigation simulation, irrigation scenario design, and
impact and attribution analyses. Specifically, candidate CORDEX-East
Asia (CORDEX-EA) regional climate model datasets were first evalu-
ated against observed meteorological records, and the most suitable
dataset for PLB was selected as the future climate forcing. The selected
CORDEX-EA dataset was then bias-corrected against observations using
quantile mapping for precipitation and the delta method for tempera-
ture. The corrected climate forcings were subsequently used to drive the
NOAH-HMS-CDI coupled model, which explicitly represents land sur-
face-hydrological processes and distinguishes irrigation schemes for rice
and non-rice crops. Based on the baseline irrigation area, multiple irri-
gation intensification scenarios (+5% and +10%) were constructed for
the historical period (1986-2015) and two future periods (2031-2060
and 2065-2094). The model outputs were subsequently analyzed to
quantify changes in IWU, seasonal characteristics, and compound dry-
hot extremes, and to attribute the relative contributions of precipita-
tion and temperature using linear regression and the P-T quadrant
approach, ultimately providing management-oriented insights for
adaptive irrigation strategies.

2.1. NOAH-HMS-CDI

In this study, the NOAH-HMS-CDI model, a land surface-hydrological
model with a crop-specific dynamic irrigation scheme (Yang et al.,
2025), is employed for agricultural climate impact assessment.
NOAH-HMS (Wagner et al., 2016) is a two-way coupled land surfa-
ce-hydrologic model and accounts for physical processes of water and
energy balances in a ground-soil-vegetation continuum. The governing
equations of the land surface model NOAH include the one-dimensional
Richards equation for the vertical exchange of soil moisture, the diffu-
sion equation for the vertical exchange of soil energy, and the balance
equations for water and energy (Chen and Dudhia, 2001). Evapotrans-
piration in NOAH is represented as the sum of direct soil evaporation,
plant transpiration, and canopy-interception evaporation. Potential
evaporation is estimated from the surface energy balance using a
Penman-Monteith-type formulation, and the actual evaporation and
transpiration are constrained by vegetation cover, canopy resistance,
intercepted canopy water, and root-zone soil moisture availability (Chen
and Dudhia, 2001).

As for the hydrological modeling system HMS (Yu et al., 2006), it
consists of the two-dimensional diffusive wave equation, the
equilibrium-state Richards equation, and the two-dimensional Boussi-
nesq equation for the horizontal movement of surface- and subsurface
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Fig. 1. Overall framework of the study integrating climate forcing, NOAH-HMS-CDI simulation, irrigation scenarios, and impact-attribution analyses.

water (Dong et al., 2022). In addition to the standalone mode of
NOAH-HMS, NOAH-HMS can be fully coupled with the Weather
Research and Forecasting model (Skamarock et al., 2008), enabling the
potential of the joint atmosphere-hydrology modeling (Wagner et al.,
2016).

To represent irrigation practices in NOAH-HMS, a crop-specific dy-
namic irrigation (CDI) scheme described in Yang et al. (2025) is used. A
key feature of the CDI scheme is its ability to differentiate irrigation
practices for rice and non-rice crops (Fig. 2), which allows a more
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realistic estimation of IWU. For rice, the model calculates its irrigation
water requirement by maintaining a specified ponded water depth in
paddy fields. IWU for rice is estimated in the model by closely following
the local irrigation activities, such as cropping season, irrigation period,
and field drying period. Irrigation is applied when the remaining ponded
water from the previous time step plus precipitation is insufficient to
maintain the prescribed target water depth.

For non-rice crops, irrigation water requirement is calculated using a
soil moisture deficit method. The model first identifies the irrigation
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Fig. 2. Spatial distributions of the irrigation area fraction (-) at a horizontal resolution of 10 km x 10 km over PLB for (a) rice crops and (b) non-rice crops. The maps
are derived from the Global Harvested Area and Yield (GHAYC) dataset covering 175 individual crop types. City boundaries within PLB are overlaid to show the

locations of the main administrative areas.
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period according to the greenness fraction. Irrigation is then triggered
when crops are in the growing period and root-zone soil moisture
availability falls below the prescribed threshold. Irrigation water
requirement for non-rice crops is calculated as the amount of water
required to raise the soil moisture at the root zone to its field capacity.

Irrigation water supply is represented through a virtual reservoir in
NOAH-HMS. The virtual reservoir stores part of the surface runoff
simulated by the model and releases water to meet crop-specific irri-
gation requirement. For rice, irrigation water is added to net precipi-
tation to maintain the surface water layer over paddy fields. For non-rice
crops, irrigation water is added to total precipitation as an additional
water input to replenish root-zone soil moisture. A detailed description
of the irrigation-represented NOAH-HMS model is given in Yang et al.
(2025).

The coupling strategy among the land surface, terrestrial hydrology,
and irrigation practices compartments is as follows: NOAH calculates
surface runoff, subsurface runoff, and groundwater recharge, whereas
HMS routes overland flow, channel flow, and subsurface flow. CDI re-
tains part of the simulated surface runoff and then releases the stored
water under crop-specific irrigation conditions. The updated surface
water and soil moisture from CDI and HMS feed back into the processes
of energy and water partitioning in NOAH, allowing the interactions
across three compartments during the model iteration.

The irrigation-enabled NOAH-HMS-CDI framework has been previ-
ously evaluated over PLB under historical conditions (Yang et al., 2025),
where it showed reasonable performance in reproducing the major hy-
drological processes and seasonal irrigation dynamics. On this basis, the
model is applied here to assess future climate-driven changes in
basin-scale hydrology and IWU.

2.2. Model configuration

In this study, we configure the irrigation-represented NOAH-HMS
model for the multi-cropping PLB in Southeast China (Fig. 3). The PLB
covers an area of about 162,200 km?. The annual mean air temperature
averaged over the basin is 17.5 °C and the precipitation is about
1640 mm year’1 (Wu et al., 2022). As the climate of the PLB is

114°E
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modulated by the East Asian summer monsoon, this region is known for
its high spatial and temporal variability in precipitation (Zhang et al.,
2011). Spatially, the precipitation amount within the basin is higher
in its southeastern part than that in the northwestern part. Temporally,
the rainy season lasts from April to June in association with the East
Asian summer monsoon. The dry period covers November and
December. It is reported that the wet-dry abrupt alternation in the PLB is
strongly impacted by changes in the large-scale circulation patterns
partly induced by El Nino-Southern Oscillations (Xing et al., 2022,
2024). Moreover, the interannual variability of precipitation in the basin
is also high, which leads to drought and flood disasters there. For
example, the precipitation amount in 2012 was nearly twice as high as
that in 2011.

The basic NOAH-HMS model is configured for covering Southeast
Asia including our study area PLB, with a spatial resolution of 10 km.
This model configuration has been adopted in the recent studies of Wei
et al. (2021) and Yang et al. (2025). Specifically, the land surface static
inputs in NOAH consist of topography, soil properties, soil types and
dominant land use derived from Food and Agriculture Organization of
the United Nations (FAO) and United States Geological Survey (USGS).
The hydrogeographic inputs in HMS, such as, hydraulic conductivity
and river networks, are derived from the Chinese Geology data set and
the USGS 1-km digital elevation data set (HYDRO1K). As for the
configuration of the CDI scheme, the land-use types from USGS and the
crop types from the Global Harvested Area and Yield for 175 Crops
(GHAYC, Monfreda et al., 2008) are used.

The NOAH-HMS-CDI framework was previously evaluated over the
Poyang Lake basin under historical conditions by Yang et al. (2025). The
model was run for 2006-2015, with 2006 used as the spin-up period.
Historical performance was evaluated using different observational
datasets and periods: monthly streamflow at five hydrological stations
for 2007-2015, 10-day topsoil moisture at three agrometeorological
stations from August 2009 to July 2010, heat fluxes at the Qianyanzhou
ChinaFLUX site for 2007-2010, and city-level annual irrigation water
use records for 2007-2015.

For streamflow, the model captured the monthly variability well at
the five stations, with correlation coefficients generally above 0.90;
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Fig. 3. Location of PLB. The left panel shows the location of PLB in China, situated in the middle reach of the Yangtze River basin; the right panel displays the
elevation and river network of the basin, with rivers shown in gray. The pink squares, red triangles, purple circle, and dark red pentagons indicate the locations of
meteorological stations, hydrological stations, the flux station, and agrometeorological stations, respectively.
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better performance was found at Hushan and Waizhou, where NSE
exceeded 0.85 and relative bias was within 10%. For soil moisture, the
simulated top 10-cm soil moisture reproduced the observed wetting and
drying variations at the three agrometeorological stations, with corre-
lation coefficients above 0.70. The simulated heat fluxes also agreed
reasonably with observations at Qianyanzhou, with correlation co-
efficients of 0.97 for latent heat flux and 0.80 for sensible heat flux. For
IWU, the 10-km gridded simulations were aggregated to the city scale
and compared with reported annual records. The CDI simulation
reproduced the main spatial pattern of IWU. It slightly underestimated
regional IWU, with a relative bias of —18% and a correlation coefficient
of 0.72, but clearly outperformed the traditional dynamic irrigation
scheme, which showed a relative bias of —57% and a correlation coef-
ficient of 0.46. Groundwater recharge was analyzed as part of the
simulated water budget, but groundwater was not independently vali-
dated because continuous and spatially representative groundwater
observations are not available for the PLB.

2.3. Observed meteorological forcings

The time-varying observed meteorological forcing for the irrigation-
enabled NOAH-HMS model is taken from station records. In the basin
and its surrounding area, there are 26 meteorological stations operated
by the National Meteorological Information Center of the China Mete-
orological Administration (Fig. 3). The station records encompass daily
precipitation, 2-m air temperature, relative humidity, surface pressure,
wind speed, surface downward longwave radiation, and surface down-
ward solar radiation. For this study we collected the daily meteorolog-
ical data for the years 1986-2015 from 26 stations, and spatially
interpolated them to the 10 km grid using the bilinear interpolation
method.

2.4. Selection of regional climate projections

To facilitate the climate impact assessment at the regional level,
high-resolution climate projections are required to force the irrigation-
enabled NOAH-HMS. In this study, the dynamically downscaled pre-
cipitation and 2-m air temperature are retrieved from Coordinated
Regional Climate Downscaling Experiment for East Asia (CORDEX-EA).
CORDEX was initiated by the World Climate Research Programme to
support climate change, adaptation and vulnerability assessments, as
well as government decision-making. CORDEX-EA provides a set of
regional climate simulations driven by multiple emission scenarios from
general circulation models.

The CORDEX-EA project consists of two phases: Phase I, with a
horizontal resolution of 0.44° (~50 km), and Phase II, with a finer
horizontal resolution of 0.22° (~25 km). In this study, we evaluate and
assess the regional climate projections from both phases (Fig. S1 and
S2), as numerous studies have demonstrated the added values of the
dynamical downscaling in model evaluation (Park et al., 2013; Jin et al.,
2016; Shen et al., 2017; Tang et al., 2017; P. Wang et al., 2019; E. Yu
et al., 2015) and impact assessment (Hu et al., 2021).

We selected 11 GCM-RCM combinations (Tables 1 and 2) to evaluate
their performance in reproducing historical (observed) regional climate
over the PLB. The general circulation models of HadGEM2-AO,

Table 1

Selected Models under the CORDEX-EA-I Framework.
CORDEX-EA-I
GCM HadGEM2-AO
Number 1 2 3 4 5
RCM HadGEM3-RA RegCM4 MMS5 WRF RSM
Resolution 0.44° 50 km 50 km 50 km 50 km
Affiliation MOHC ICTP NCAR NCAR YSU
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HadGEMZ2-ES, MPI-ESM-LR, and NorESM1-M are selected because of
their superior performance in reproducing the climate of East Asia (Bao
et al., 2014; Lee and Wang, 2014; Siew et al., 2014; Wang et al., 2015;
Xu et al.,, 2017; Dong et al., 2020). Based on their performance in
reproducing the observed climate over PLB, the dataset from HadGE-
M2-ES-RegCM4.4 is selected as the future climate forcing for the
NOAH-HMS-CDI simulations (Fig. S1 and S2). Before being used to drive
the NOAH-HMS-CDI simulations, the selected CORDEX-EA precipitation
and 2-m air temperature are bias-corrected against observations. Daily
precipitation is corrected using quantile mapping, and temperature
using the delta method.

2.5. Modeling strategy for irrigation impact analysis

In this study, the historical period of 1986-2015 is selected as the
baseline to represent the modern hydroclimatic and irrigation condi-
tions in the PLB. For the impact analysis, two future periods, 2031-2060
and 2065-2094, are considered to assess regional climate change and
irrigation water use in the mid-century and late-century, respectively.
Each period covers 30 years to ensure robust climate change signals and
impact assessment, while minimizing the influence of interannual
variability. It is worth noting that the NOAH-HMS-CDI modeling
framework used here has been extensively validated and evaluated in
our recent study of Yang et al. (2025) for 2007-2015. This study further
expands the historical simulation period up to 30 years and sheds light
on projected variations of irrigation water use under different climate
change scenarios.

In order to further understand the resilience of the current (param-
eterized) irrigation practice (Section 2), we designed two intensified
irrigation scenarios: (1) “FRA + 5%”, the GHAYC-based irrigated frac-
tion (FRA) is increased by 5% relative to the baseline fraction (Fig. 2)
and (2) “FRA + 10%”, the irrigated fraction is increased by 10%. Both
scenarios were implemented for the two future periods, with particular
focus on the high-emission RCP8.5 pathway.

Regarding the technical implications, the increases are applied only
to model pixels classified as cropland and are proportional to the
GHAYC-based irrigation area fraction (Fig. 2). In this study, we do not
differentiate the irrigation intensification increases across crop types
and sub-regions.

We closely follow Mehta et al. (2024) in selecting the degree of
irrigation intensification. Their study reported that the global area
equipped for irrigation (AEI) increased by 11% from 2000 to 2015. In
addition, PLB was identified as a region with potential for sustainable
AEI expansion (see Fig. 4a in Mehta et al., 2024). Under these circum-
stances, we developed irrigation intensification scenarios with increases
of + 5% (moderate level) and + 10% (global average). These scenarios
represent moderate and global average levels of potential AEI expansion
within our multiple-cropping modeling system. It is worth noting that
the designed scenarios here are consistent with China’s agricultural
water policy reforms (Shah et al., 2023) and the well-facilitated farm-
land construction project (Wang et al., 2025), both of which aim to
sustainably improve farmland-use efficiency.

2.6. Precipitation-temperature (P-T) quadrant analysis

To investigate the combined effects of precipitation and temperature
on IWU under compound hydroclimatic conditions, a precip-
itation—-temperature (P-T) quadrant analysis was employed. Annual
basin-averaged precipitation and 2-m air temperature were first calcu-
lated. The 20th and 80th percentiles of the annual precipitation and
temperature during the historical baseline period were then used as
fixed reference thresholds and applied consistently to both the historical
and future simulations. Based on the historical thresholds, each year in
the historical and future simulations was classified into one of four
compound hydroclimatic states: Wet-Cold (P > P80 and T < T20),
Wet-Hot (P > P80 and T > T80), Dry—Cold (P < P20 and T < T20), and
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Table 2

Selected Models under the CORDEX-EA-II Framework.
CORDEX-EA-II
GCM HadGEM2-ES MPI-ESM-LR NorESM1-M
Number 6 7 8 9 10 11
RCM REMO2015 RegCM4.4 REMO2015 RegCM4.4 REMO2015 RegCM4.4
Resolution 0.22° 25 km 0.22° 25 km 0.22° 25 km
Affiliation MOHC MOHC MPI-M MPI-M NCC NCC
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Fig. 4. The basin-averaged monthly changes in (a) temperature (°C), temporally averaged for 30 years. The changes are derived by comparing the mid-century
(2031-2060) and late-century (2065-2094) simulations to the historical baseline (1986-2015), under the RCP2.6 and RCP8.5 climate scenarios. (b) as in (a) but
for simulated precipitation changes in PLB (mm/day).

Dry-Hot (P < P20 and T > T80), where P20/P80 and T20/T80 denote states were computed as
the 20th and 80th percentiles of precipitation and temperature,
respectively. AIWUpy_x =
For each hydroclimatic state, the corresponding annual basin-
averaged IWU was extracted for all classified years. The mean IWU of
each state was then calculated. To quantify the amplification effect of
compound warm-dry conditions, the relative differences in mean IWU
between Dry-Hot (DH) years and each of the other three hydroclimatic

AIWUpy — AIWUx

0,
ATWU, x 100%

where X denotes Wet-Cold, Wet-Hot, or Dry-Cold conditions. This
metric provides a normalized measure of the sensitivity of IWU to
compound precipitation-temperature extremes, enabling a systematic
diagnosis of climate—irrigation interactions beyond univariate analyses
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of precipitation or temperature alone.

2.7. Climatic attribution analysis

The relative contributions of precipitation and temperature to
interannual variations in IWU are quantified using standardized multi-
ple linear regression at the annual scale. Basin-averaged annual IWU is
regressed against annual precipitation and mean temperature after
standardizing all variables to remove unit effects. The relative contri-
bution of each climatic factor is calculated from the normalized absolute
values of the standardized regression coefficients, representing their
relative explanatory power within the linear framework.

3. Results
3.1. Projected changes in temperature and precipitation

In this section, we present the projected temperature and precipita-
tion changes for the mid-century (2031-2060) and late-century
(2065-2094) periods under RCP2.6 and RCP8.5.

Basin-mean annual temperature increases by approximately 1.1-1.3
°C under RCP2.6 and by about 2.1 °C (mid-century) and 4.3 °C (late-
century) under RCP8.5, relative to the historical baseline (1986-2015;
Fig. 4a). The warming signal is spatially coherent across the basin, with

(a) A Monthly Soil Moisture
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larger increases occurring in the northern and northwestern regions,
particularly around Jiujiang (Fig. S4).

In contrast, projected precipitation changes are smaller in magnitude
but exhibit pronounced seasonal and spatial heterogeneity. Basin-mean
precipitation increases by approximately 3-7% in the mid-century and
remains positive in the late-century under both scenarios (Fig. 4b).
However, this overall wetting masks a clear intra-annual redistribution,
with increased precipitation mainly in spring and summer and drying
tendencies emerging in early autumn, especially during Septem-
ber-October under RCP8.5. Spatially, precipitation increases are stron-
gest in the central-eastern basin (e.g., Fuzhou), while northern and
southwestern regions experience weaker increases or slight decreases
(Fig. $3).

3.2. Responses of soil moisture and evapotranspiration

In this section, we examine the climate change-induced variations in
basin-averaged 1-meter soil moisture and evapotranspiration, derived
from the NOAH-HMS-CDI simulations.

The simulated top 1-meter soil moisture and evapotranspiration (ET)
respond coherently to the projected climate changes. Basin-averaged 1-
meter soil moisture generally decreases in winter and late autumn, but
increases in late summer, especially around August-September. During
the crop growing season (April-October), changes in mean soil moisture
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Fig. 5. The basin-averaged monthly changes in (a) the simulated top 1-meter soil moisture (m®/m?), temporally averaged for 30 years. The changes are derived by
comparing the mid-century (2031-2060) and late-century (2065-2094) simulations to the historical baseline (1986-2015), under the RCP2.6 and RCP8.5 climate

scenarios. (b) as in (a) but for the simulated evapotranspiration (mm/day).
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are relatively small (within +1%), yet their seasonal contrast is pro-
nounced, with wetter summers and drier autumns (Fig. 5a).

Evapotranspiration increases throughout most of the year in all
future scenarios, particularly from May to September. Growing-season
ET increases by approximately 4% in the mid-century and 4.7% in the
late-century, with stronger enhancement under RCP8.5. These results
indicate that warming-driven increases in atmospheric evaporative de-
mand are partially compensated by enhanced precipitation in summer,
but not during autumn when precipitation declines (Fig. 5b).

3.3. Basin-scale irrigation water use and seasonal redistribution

Despite enhanced evapotranspiration, basin-mean IWU decreases in
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most future scenarios. Relative to the historical period, IWU decreases
by about 8.8% (RCP2.6) and 3.2% (RCP8.5) in the mid-century, and by
3.4% (RCP8.5) in the late century. A slight increase (1.35%) is simulated
only for the late-century period under RCP2.6. These results suggest that
increased precipitation generally offsets the warming-induced increase
in IWU at the basin scale.

More pronounced changes occur in the intra-seasonal distribution of
IWU. In all future scenarios, IWU decreases in mid-summer, especially in
July and August, but generally increases in autumn, particularly in
October and November. IWU in August decreases by up to 1.8 mm/
month under mid-century RCP2.6 and late-century RCP8.5, whereas
October IWU increases by more than 2.1 mm/month under late-century
RCP2.6. This “summer decline-autumn rise” pattern reflects a shift in

(a) Historical (1986-2015)
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(b) RCP2.6 Mid (2031-2060)
4 Centroid=7.42
R=0.18
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(d) RCP8.5 Mid (2031-2060)
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R=0.16

10
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Centroid=7.70
R=0.24

(c) RCP2.6 Late (2065-2094)
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R=0.17
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8

(e) RCP8.5 Late (2065-2094)
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Fig. 6. (a) Centroid month (Apr-Nov) and concentration (R) of 30-year averaged monthly irrigation water use (IWU, mm/month) during the historical period
(1986-2015). The outer ring represents months from April to November, and the radial distance denotes monthly IWU (mm/month), averaged for 30 years. The
centroid indicates the weighted average timing of IWU within the irrigation season, and the concentration (R) quantifies how concentrated the irrigation is around
the centroid month, with higher values indicating more focused irrigation and lower values indicating more evenly distributed irrigation over the season. (b, ¢) as in
(a), but for IWU during the mid-century (2031-2060) and late-century (2065-2094) periods under RCP2.6 climate scenario, respectively. (d, e) as in (b, ¢), but for the

RCP8.5 climate scenario.
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the seasonal alignment between rainfall supply and irrigation water
demand.

This redistribution is further summarized by the centroid analysis
(Fig. 6). For each period and scenario, the temporal centroid was
calculated from the 30-year averaged monthly IWU during April-No-
vember. The eight months were evenly assigned to a circular scale, and
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monthly IWU was used as the weight. The centroid month indicates the
weighted timing of IWU within the irrigation season, while the vector
length (R) indicates the degree of seasonal concentration. The centroid
analysis shows that IWU tends to shift toward the later irrigation season.
In most future scenarios, the centroid month moves from 7.7 to about
8-8.18, while R decreases from 0.24 to 0.16-0.18. This indicates a
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weaker summer concentration and a greater contribution of autumn
IWu.

3.4. Spatial heterogeneity of irrigation responses

The basin-average decrease in IWU conceals strong spatial hetero-
geneity. Fig. 7 shows the spatial patterns of the 30-year averaged IWU
derived from the historical (1986-2015) period and of the differences in
the simulated IWU between the future periods and the historical
(baseline) period. Most regions experience reduced IWU in the future,
whereas northern parts of the basin show increased IWU (Fig. 7). City-
level analysis reveals that Jiujiang is the only city exhibiting consis-
tent increases in IWU in the mid-century under both scenarios (+10.7%
under RCP2.6 and +18.8% under RCP8.5). In contrast, Fuzhou shows
the largest reductions (—14.8% and —12.1%), corresponding to sub-
stantial projected precipitation increases (Fig. S3). In the late century,
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irrigation responses diverge further. Under RCP2.6, several cities
experience increased IWU, while under RCP8.5 most cities show
declining IWU, particularly in precipitation-enhanced regions such as
Nanchang and Fuzhou (Fig. S3).

3.5. Crop-specific irrigation responses to climate change

Fig. 8 shows the monthly variations in the area-averaged irrigation
water use for rice and non-rice crops, derived from the five simulations.
From the perspective of crop type, rice irrigation exhibits a clear intra-
annual rise, increasing from spring to late summer and peaking in
September. From the historical to the mid- and late-century periods, the
rice IWU curves show a more pronounced rise during the growing sea-
son, with a progressively steeper month-by-month increase within the
year. This indicates that future climate change strengthens the within-
season build-up of rice irrigation demand, although the total rice IWU
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generally decreases. In contrast, non-rice irrigation remains low for most
of the year and is concentrated in pronounced late-season peaks in
September—October. Moreover, non-rice irrigation is more responsive to
emission scenarios in the mid-century period, with RCP8.5 showing
larger increases than RCP2.6, whereas this scenario dependence be-
comes weaker in the late-century period (Fig. 8).

The contrasting irrigation trends between Fuzhou and Jiujiang
further clarify the basin-wide patterns (Fig. S5 and S6). In Fuzhou,
where total IWU decreases most in the mid-century, monthly IWU re-
veals a clear reduction in both rice and non-rice irrigation, particularly
under RCP2.6, consistent with the projected increase in precipitation,
which reduces IWU. By contrast, Jiujiang, the only city showing
increasing total IWU under both RCP scenarios in the mid-century, ex-
hibits relatively small intra-annual changes in rice irrigation, but with an
overall increase in rice IWU. The increase is even more pronounced for
non-rice irrigation, especially in autumn with the maximum increase
reaching about 50%. This divergent behavior is consistent with the
combined effects of pronounced warming and reduced precipitation in
Jiujiang, which together enhance irrigation demand for both crop types.

3.6. City-level responses to irrigation intensification scenarios

Fig. 9 shows that under the RCP8.5 scenario, city-level changes in
IWU under the no-intensification baseline and the intensified irrigation
scenarios (+ 5% and + 10%) exhibit clear spatial differences relative to
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the historical period (1986-2015). The responses are generally stronger
in the late-century (2065-2094) than in the mid-century (2031-2060).
In addition, the + 10% scenario generally produces larger changes than
the + 5% scenario, indicating that a greater increase in irrigation in-
tensity leads to a stronger effect on regional IWU.

During 2031-2060, the responses vary considerably among cities,
with both positive and negative changes observed. The largest increase
occurs in Jiujiang, where IWU rises by about 0.009 and 0.012 mm/day
under the + 5% and + 10% scenarios, respectively. IWU also increases
noticeably in Nanchang, especially under the + 10% scenario, and
shows slight increases in Ganzhou and Yingtan. In contrast, the largest
decrease occurs in Fuzhou, where IWU declines by about 0.017 and
0.013 mm/day under the two scenarios. IWU also decreases in Ji’an,
Shangrao, Xinyu, and Yichun, while changes in Jingdezhen and Poyang
remain close to zero. These results indicate that in the mid-century, the
effect of irrigation intensification on IWU does not follow a uniform
pattern across cities.

By 2065-2094, city-level IWU changes are dominated by increases.
Except for Fuzhou, IWU increases in all cities under both intensified
irrigation scenarios. The largest increases occur in Jiujiang, Nanchang,
and Yichun. In Jiujiang, IWU rises by about 0.017 and 0.019 mm/day
under the + 5% and + 10% scenarios, respectively. The corresponding
increases are about 0.008 and 0.016 mm/day in Nanchang, and about
0.008 and 0.018 mm/day in Yichun. IWU also increases in Ganzhou,
Jingdezhen, Shangrao, Xinyu, Ji’an, and Yingtan, although with smaller
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magnitudes. Fuzhou is the only city that still shows reduced IWU under
the intensified scenarios, although the magnitude of decline is smaller
than that in the mid-century. Overall, these results suggest that the effect
of irrigation intensification on IWU becomes stronger over time and
remains highly heterogeneous across the basin.

3.7. Climate—irrigation interaction and compound dry-hot effect

The P-T quadrant analysis is used to examine annual IWU under
compound hydroclimatic conditions. For comparison, the 20th and 80th
percentiles of annual precipitation and temperature derived from the
historical period are used as thresholds to classify four types of extremes
including “Dry-Hot”, “Wet-Hot”, “Dry-Cold”, and “Wet-Cold”. The
defined thresholds are then applied to analyze all future projections
under two scenarios to assess their impacts on the simulated IWU.
Fig. 10 shows that climate change leads to consistently higher temper-
atures in the Poyang Lake basin across the investigated scenarios, but
the projected precipitation change signals vary. As a result, two hot

Agricultural Water Management 333 (2026) 110538

compound extremes (“Dry-Hot” and “Wet-Hot”) are projected to occur
more frequently, in comparison to those during the historical period
(Fig. 10 and Table S1). Table 3 further quantifies the IWU contrast be-
tween Dry-Hot and Wet-Hot years. Under RCP2.6, the projected IWU is
higher in Dry-Hot years than in Wet-Hot years in both future periods.
The relative difference in IWU due to future drying is 27.2% in the mid-
century period (a bootstrap-based 95% confidence interval of

Table 3
The relative differences in the projected IWU (%) between the identified Dry-
—Hot years and Wet-Hot years during three periods under two scenarios.

Scenario Dry-Hot vs. Wet-Hot (%) Bootstrap 95% CI
Historical (1986-2015) 13.2 Limited samples
RCP2.6 (2031-2060) 27.2 11.1-45.2
RCP2.6 (2065-2094) 16.2 —11.9-50.6
RCP8.5 (2031-2060) 33.6 Limited samples
RCP8.5 (2065-2094) No Dry-Hot years Not estimated
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11.1-45.2%). Such drying-induced IWU difference becomes lower in the
late-century period (16.2%) with a wider confidence interval (—11.9%
to 50.6%). As for the RCP8.5 scenarios, a similarly large positive dif-
ference (33.6%) is found during the mid-century, but no confidence
interval is estimated due to limited sample size.

3.8. Climate factor contributions

Fig. 11 shows the relative contributions of precipitation and tem-
perature to interannual variations in IWU for the historical period and
future climate scenarios. As shown in Fig. 11, precipitation is the
dominant driver of IWU variability in all periods. During the historical
period, precipitation accounts for 74% of the total variability, while
temperature contributes 26%. Under RCP2.6, the contribution of pre-
cipitation decreases slightly from 70% in the mid-century period to 64%
in the late-century period, accompanied by an increase in the temper-
ature contribution from 30% to 36%. In contrast, RCP8.5 exhibits a
different temporal pattern. In the mid-century period, precipitation ex-
plains 91% of IWU variability, with temperature contributing only 9%.
By the late-century period, the contribution of precipitation decreases to
70%, while the temperature contribution increases to 30%.

4. Discussion
4.1. Climatic control on IWU in a humid monsoon basin

Basin-mean IWU generally decreases in most future scenarios despite
projected warming, primarily due to enhanced precipitation (Section
3.1; Fig. 4) that offsets warming-induced increases in evapotranspira-
tion. This reduction does not imply a weakened climatic influence;
rather, it reflects the dominant role of precipitation in regulating soil
moisture availability in humid monsoon systems (Chen et al., 2023).
Under irrigation schemes triggered by root-zone soil moisture deficits,
increases or improvements in the seasonal distribution of rainfall can
substantially reduce irrigation requirements, even under pronounced
warming.

The attribution analysis (Section 3.8; Fig. 11) quantitatively supports
this interpretation. Precipitation explains 74% of interannual IWU
variability during the historical period and remains the dominant driver
under future scenarios. However, the relative contribution of tempera-
ture increases toward the late century, particularly under RCP8.5,
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indicating a strengthening warming signal under intensified climate
change. These findings confirm that while annual irrigation dynamics
remain precipitation-controlled, temperature effects become increas-
ingly relevant in a warmer climate.

This behavior is consistent with large-scale irrigation modeling
studies. Nazemi and Wheater (2015) show that most land surface and
hydrological models represent IWU as the water required to restore soil
moisture toward a prescribed threshold, making IWU highly sensitive to
precipitation variability. Similarly, Nie et al. (2021) report that pre-
cipitation explains most interannual irrigation variability across the
contiguous United States, with temperature exerting a secondary effect.
Recent studies have further emphasized that irrigation should be
considered within broader land-water—climate interactions. For
example, Yao et al. (2025) showed that climate change can intensify
irrigation-induced land water depletion. In this regard, our catchment
scale results are still in line with this broader concern: in humid
monsoon basins, the direction of annual IWU change can be strongly
conditioned by future precipitation changes.

4.2. Seasonal redistribution as the dominant adjustment of IWU

As shown in Fig. 6, IWU exhibits a pronounced “summer decline-
—autumn rise” pattern under future climate scenarios, with reduced IWU
in July-August and increased IWU in October—November. Although
annual irrigation totals provide an integrated measure of IWU, they do
not capture the dominant mode through which climate variability in-
fluences irrigation in humid monsoon basins. This projected redistri-
bution mainly reflects shifts in rainfall timing within the growing season
and their effects on soil moisture and evapotranspiration. Thus, the
annual decrease in IWU should not be interpreted as a uniform reduction
in irrigation demand throughout the growing season. Instead, it masks a
seasonal shift in irrigation pressure from the main monsoon period to-
ward the late growing season.

This seasonal redistribution is further supported by the monthly
changes in climate and land-surface water conditions shown in Figs. 4
and 5. Summer reductions in IWU coincide with increased precipitation
during the main monsoon period and wetter soil moisture conditions in
July-August, which partly compensate for warming-enhanced evapo-
transpiration and reduce the need for irrigation. In contrast, the increase
in IWU during September-November occurs when precipitation shows a
drying tendency and soil moisture declines, while evapotranspiration

RCP8.5_Mid RCP8.5_Late

I Temperature

Fig. 11. Relative contributions of precipitation (blue) and temperature (pink) to variations in IWU over PLB under historical and future climate scenarios (RCP2.6

and RCP8.5).
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remains elevated under warmer conditions. This mismatch causes
rainfall to become insufficient to replenish the root-zone water depleted
by continued evapotranspiration, thereby lowering soil moisture and
triggering more frequent or larger irrigation applications in autumn.
Against the background of the “wet-get-wetter and dry-get-drier”
pattern reported for China (Lin et al., 2024), the seasonal redistribution
identified in the PLB suggests that increased summer rainfall can sup-
press irrigation demand, whereas reduced autumn rainfall, combined
with sustained evaporative demand, may intensify irrigation pressure
during the late growing season.

Similar seasonal rainfall and growing season shifts have also been
reported in historical periods (Biemans et al., 2016; Nie et al., 2021) and
under future climate change conditions (Ahmad et al., 2023; Deng et al.,
2025). For example, Nie et al. (2021) quantified the sensitivity of
simulated irrigation water use to climate variability and found that IWU
is more sensitive to precipitation variability than to temperature vari-
ability, highlighting the importance of rainfall timing in shaping sea-
sonal irrigation responses. With respect to growing season shift, Ahmad
et al. (2023) found that irrigation demand in the
Indus-Ganges-Brahmaputra basins changes differently across rice
growth phases, i.e., increasing during the reproductive phase but
decreasing during the vegetative phase. However, because crop calen-
dars are fixed in this study, the seasonal redistribution of IWU identified
in our study mainly reflects changes in rainfall and evapotranspiration
under fixed crop phenology.

We are fully aware of the increasing blue-water demand and scarcity
in major breadbasket regions, including our study area (Deng et al.,
2025). Their study showed that irrigation demand is strongly influ-
enced by monthly crop water demand and seasonal water availability,
particularly for specific crop types. Our process-based, multi-cropping
modeling framework further demonstrates how annual irrigation totals
can obscure critical seasonal variations. The seasonal redistribution of
IWU identified in the PLB suggests that irrigation risk depends on both
water demand and its timing relative to water availability. These find-
ings imply that current irrigation planning and scheduling policies in the
PLB need to be adapted to finer temporal scales, particularly during the
late growing season (September-November), when rainfall replenish-
ment declines but crops may still require substantial irrigation.

This result has direct implications for agricultural water manage-
ment. To address the projected high temporal instability of water re-
sources, we suggest that water allocation policies for irrigated
agriculture in the PLB should be refined on finer temporal scales. Ideally,
sub-seasonal to seasonal climate forecast-informed irrigation policies
are recommended to support optimal agricultural water management,
particularly in the PLB where irrigation stress is projected to intensify
during September-November.

4.3. Crop-specific irrigation sensitivity and amplification under compound
dry-hot conditions

As shown in Fig. 8, rice and non-rice irrigation exhibit distinctly
different seasonal patterns. Rice irrigation dominates total IWU during
the main growing season, whereas non-rice irrigation contributes a
smaller annual volume but displays sharper seasonal peaks. Dis-
tinguishing between crop types is therefore essential for interpreting the
heterogeneous irrigation responses identified in this study. In humid
monsoon basins such as PLB, double-cropping rice systems account for
the majority of irrigated area and IWU, while non-rice crops contribute
less to annual total but exhibit stronger temporal variability. Treating
irrigation as a crop-agnostic process would obscure these fundamentally
different controls.

Rice irrigation reflects paddy water management practices that
maintain near-saturated soil or shallow ponding during the growing
season. Within the CDI framework, rice IWU is regulated by atmospheric
demand, field-scale water balance constraints, and prescribed irrigation
periods (Yang et al., 2025). Enhanced monsoon precipitation can
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therefore directly substitute for irrigation inputs when rainfall is suffi-
cient. As a consequence, warming-induced increases in evapotranspi-
ration tend to intensify intra-seasonal irrigation requirements, but
precipitation compensation can offset part of this effect, producing
muted or even declining total rice IWU. The rice response is mainly
characterized by a redistribution within the growing season. Although
total rice IWU generally decreases under future climate scenarios, its
increases during the growing period become steeper, indicating that
irrigation demand becomes more concentrated within key months. This
suggests that both the timing and magnitude of irrigation demand
should be considered when evaluating future rice irrigation risk. This
behavior is consistent with previous evidence that increased rainfall can
moderate annual paddy irrigation demand, while the seasonal timing of
rainfall relative to peak water demand remains a critical control on
irrigation requirements (Yoshino and Suppiah, 1984; Chung et al., 2011;
Rhymee et al., 2024).

By contrast, non-rice irrigation responds more directly to root-zone
soil moisture depletion, making it highly sensitive to the combined ef-
fects of precipitation deficits and elevated evaporative demand. In the
simulations, non-rice IWU remains low during the monsoon season but
concentrates into a pronounced late-monsoon peak, reflecting increased
soil moisture stress as rainfall declines while atmospheric demand re-
mains high. Similar seasonal concentration of upland-crop irrigation has
been reported in monsoon-dominated regions, where rainfall during the
main monsoon season substantially reduces irrigation demand but dry-
season water stress intensifies irrigation requirements. For example,
Biemans et al. (2016) showed that IWU is relatively low during the
monsoon growing season but substantially higher during the dry-season
cropping period in South Asian monsoon systems. These findings suggest
that seasonal redistribution driven by rainfall seasonality can dominate
irrigation responses in monsoon-influenced regions.

The contrasting responses of rice and non-rice irrigation help explain
why basin-mean irrigation water use may decline even as irrigation
stress intensifies during specific periods. Because rice dominates annual
irrigation totals and benefits from rainfall compensation under paddy
management, reductions in rice demand can lower the basin-wide
annual average. Meanwhile, non-rice irrigation, though contributing
less to annual totals, plays a larger role in shaping late-season peaks.
Irrigation risk thus becomes increasingly concentrated in the late
growing season.

This difference becomes particularly important under compound
dry-hot conditions. When precipitation deficits coincide with elevated
temperatures, IWU increases more sharply than under single drivers
alone, consistent with compound-event theory (Zscheischler et al., 2018,
2020). Such combined amplification is likely stronger in non-rice sys-
tems that respond directly to soil moisture depletion, whereas rice re-
sponses depend on the ability to maintain ponding conditions through
surface water availability.

4.4. Spatial hotspots and local controls of IWU responses

In this study, we identified local hotspots, namely, Jiujiang and
Fuzhou, where IWU exhibits contrasting responses to climate change.
We attribute these contrasting IWU responses primarily to differences in
projected precipitation and temperature changes (Fig. S3 and S4). For
example, Jiujiang is projected to experience a drier and substantially
warmer future climate. Under these conditions, a warming-induced in-
crease in evapotranspiration, together with reduced rainfall, leads to
larger soil moisture deficits and consequently higher IWU. In contrast,
Fuzhou is projected to become warmer but strongly wetter. The
increased precipitation results in wetter soils and partly offsets the
warming-enhanced evapotranspiration, thereby reducing IWU.

In addition to external forcings, land surface characteristics also
modulate local IWU responses. Agronomically, Jiujiang, known as a
“water-rich rice belt”, is characterized by double-cropping rice systems
and freshwater-based agriculture. These hydrology-dependent
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agricultural systems are particularly vulnerable to climate change. In
contrast, the upland agriculture in Fuzhou is generally more resilient to
variations in water availability, especially under wetter future condi-
tions. Therefore, agricultural water management strategies for these two
identified hotspots should account for both external forcings and local
agronomic characteristics.

These results suggest that agricultural water management in PLB
should account for spatial differences in future IWU responses. To sup-
port decision making in sustainable agricultural water management,
refining the indicator framework through localized agronomic analysis
and stakeholder engagement could provide a new avenue for practice. In
this regard, areas where IWU is projected to increase, e.g., Jiujiang, may
need advanced water-saving irrigation practices, particularly for non-
rice crops during warmer and drier periods. In contrast, areas where
IWU is projected to decrease, such as the largest farmland region Fuz-
hou, may benefit more from optimizing multiple-cropping systems and
irrigation scheduling strategies when sufficient irrigation water is pro-
jected to be available.

4.5. Uncertainties and limitations

In this section, we further discuss the sources of uncertainty in our
irrigation modeling study, including those arising from external forcing,
modeling framework, and model parameterization.

In this study, we use the RCM-based CORDEX-EA projections,
because these simulations provide high-resolution, localized climate
data for impact and adaptation planning through dynamical down-
scaling. Daily climate data during historical periods have been inten-
sively evaluated against multiple observations across China, and the
added values of RCM-based downscaling in reproducing temperature
and precipitation characteristics over China have been clearly elabo-
rated in Gu et al. (2018). Together with future projections, they have
further facilitated numerous hydrological and agricultural impact
studies.

For our irrigation impact study at the catchment scale, we evaluate
not only CORDEX-EA Phase I outputs, but also CORDEX-EA Phase II
simulations due to their higher spatial resolution (25 km). This is sup-
ported by a previous study showing that the 25-km regional climate
simulations from CORDEX-EA Phase II outperform the corresponding
CMIP5 GCMs and CMIP6 GCM ensembles as well, with respect to tem-
perature, precipitation, and relative humidity (Yu et al., 2023).

Regarding the selection of climate scenarios, our NOAH-HMS-CDI
simulations are currently restricted to RCP-based climate scenarios.
Nevertheless, this experimental design enables us to integrate our
agricultural impact assessment with previous studies on the terrestrial
(Dong et al., 2019) and atmospheric (Wei et al., 2024) water cycles,
thereby facilitating a more comprehensive evaluation of synergies for
sustainable agricultural water management in the Poyang Lake basin.
We are fully aware of the latest Shared Socioeconomic Pathways
SSP-based climate scenarios, which incorporate socio-economic devel-
opment pathways in addition to emissions trajectories. However, for our
target region, characterized by complex terrain and a
monsoon-dominated climate system, dynamically downscaled SSP sim-
ulations from regional climate models are still limited in ensemble size
and may not yet adequately capture the full range of uncertainties in
projected temperature and precipitation changes (Zhang et al., 2022).
Therefore, in this study, we adopted RCP2.6 and RCP8.5 as represen-
tative very low- and very high-emissions scenarios respectively, as
practical alternatives to SSP1-2.6 and SSP5-8.5. We expect that the
findings of this study will provide useful guidance for future SSP-based
irrigation impact studies in the region.

It is widely acknowledged that uncertainties may arise from the
model itself (Vrugt et al., 2003), and this also applies to our modeling
study. Our model sensitivity analysis of the irrigation intensification
scenarios (Section 3.6) showed that intensified agricultural practices
generally require higher IWU. We found that the ratio between the
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extent of irrigation intensification and the estimated basin-averaged
IWU under RCP8.5 was approximately 0.02 under the FRA + 5% sce-
nario and 0.05 under the FRA + 10% scenario, averaged for 30 years.
This suggests that, in our target region, irrigation intensification does
not result in substantial changes in water resource allocation to the
agricultural sector under high-emission warming scenarios. In other
words, on the catchment scale, it is possible to implement intensive
agriculture there and achieve the sustainable development goal of food
security in a warming condition.

We also acknowledge that hard-coded parameters and simplified
processes in the NOAH-HMS-CDI modeling framework could impact the
estimated IWU. For our irrigation impact assessment, the crop-specific
irrigation scheme proposed in Yang et al. (2025) has been applied. It
is expected that different irrigation-triggering thresholds, target water
conditions, or irrigation periods affect the magnitude and seasonal dis-
tribution of the simulated IWU. However, the decision was taken to
utilize the same irrigation scheme, incorporating time-invariant lower
boundary conditions for land-use and crop information in this instance.
This modeling strategy is adopted to ensure consistent agricultural
background conditions between historical and future simulations,
thereby facilitating more precise isolation of the climate-driven IWU
response. Future work could incorporate dynamic phenology, land-use,
and cropping-pattern scenarios to further assess how agricultural
structural changes interact with climate change in shaping future IWU.

5. Conclusions

This study applied the NOAH-HMS-CDI land surface-hydrological
model to project future irrigation water use in PLB under climate
change. The model explicitly represents crop-specific irrigation pro-
cesses for rice and non-rice crops. Despite projected warming and
increased evapotranspiration, basin-mean IWU generally decreases in
most scenarios, mainly because increased precipitation compensates for
part of the warming-induced water demand. However, this basin-mean
decline does not capture pronounced temporal and spatial
heterogeneity.

Future IWU shows a clear seasonal redistribution, with reduced IWU
in mid-summer and increased IWU during September-November under
projected autumn drying. Rice and non-rice crops respond differently to
these changes. Rice IWU generally decreases because rainfall can partly
substitute for irrigation in paddy fields, although the within-season rise
in rice irrigation becomes steeper. Non-rice irrigation shows greater
interannual variability and stronger sensitivity to late-season drying
than rice irrigation. Spatially, warming-dominated areas such as Jiu-
jiang show increasing IWU and emerge as local hotspots, while
precipitation-enhanced areas such as Fuzhou experience declining IWU.
Dry-Hot years are generally associated with higher IWU than wetter
conditions, indicating that compound dry-hot conditions can increase
short-term irrigation pressure. Precipitation remains the dominant
driver of interannual IWU variability, while the influence of temperature
strengthens toward the late century.

These findings have direct implications for agricultural water man-
agement in PLB. Irrigation planning should extend the critical supply
period into autumn, especially September—-November. Region-specific
allocation strategies are also needed. Hotspot areas may require stron-
ger water-supply regulation and infrastructure support, while wetter
sub-regions may benefit more from improving effective rainfall use and
field-level water management. In addition, Dry-Hot years should be
treated as warning conditions because they can create short-term pres-
sure on irrigation supply.

Overall, future irrigation risk in humid monsoon basins is shaped not
only by changes in annual water demand but also by seasonal redistri-
bution, crop-specific responses, spatial hotspots, and compound dry-hot
conditions. These process-based projections provide a scientific basis for
climate-resilient irrigation planning and agricultural water management
under ongoing climate change.
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