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Global managed aquifer recharge potential 
as a solution to water scarcity
 

Andrea Citrini    1, Bridget R. Scanlon    2, Ashraf Rateb2, Gang Zhao1,3, 
Matteo Sangiorgio    4 & Lorenzo Rosa    1 

Groundwater overexploitation from irrigated agriculture is accelerating 
in major food-producing regions, threatening long-term water and food 
security. Managed aquifer recharge (MAR), the intentional storage of 
available water in aquifers, could help buffer hydrologic extremes by 
diverting high flows for infiltration. Here we present a first-order global 
screening of spreading-based MAR potential across irrigated lands  
(2002–2021) by integrating Gravity Recovery and Climate Experiment- 
derived monthly groundwater depletion, high-magnitude flow and 
unsustainable irrigation water consumption. We estimate high-magnitude 
flow volumes under 90th and 95th percentile thresholds and weight 
them with a region-/monthly-specific feasibility coefficient representing 
infiltration suitability, evaporative competition and off-season crop-area 
availability. Globally, MAR could offset 4–6% of unsustainable irrigation, 
with hotspots reaching more than 50% offset (for example, Europe and 
Southeast Asia) but lower potential in basins such as the Ganges and the 
Central Valley (3–7%). Our results warrant subsequent regional assessments 
to evaluate technical, economic and governance/policy feasibility, as well as 
site-specific design.

Irrigated agriculture accounts for 90% of global freshwater consump-
tion and plays a key role in food production1. By providing a controlled 
water supply, irrigation reduces the impacts of droughts, heat stress 
and rainfall variability, making it essential for maintaining agricultural 
productivity and food security in a changing climate2.

Globally, 40% of irrigation relies on groundwater3, particularly 
in semi-arid and arid regions, where surface water is scarce and 
erratic4. Nearly half of the irrigation water consumption is unsustain-
able, exceeding local recharge rates and leading to aquifer depletion, 
reduced streamflow and ecosystem degradation via environmental- 
flow depletion5.

Data from the Gravity Recovery and Climate Experiment (GRACE) 
and its Follow-On (FO) mission have transformed global groundwater 
monitoring, revealing important declines in critical aquifers6,7. These 

losses impair environmental-flow requirements, accelerate land sub-
sidence and intensify competition for water among agricultural, urban 
and industrial users8,9.

Addressing water scarcity requires action in two directions: 
increasing water availability and/or demand management by focusing 
on improving irrigation efficiency and selecting less water-intensive 
crops10. Increasing water availability involves enhancing storage 
capacity11,12, wastewater reuse13,14 and desalination15. Additional 
approaches include inter-basin water transfers16, virtual water trade17 
and extracting moisture from the atmosphere18. Only the combined 
and regionally adapted application of these solutions can safeguard 
water security19.

Managed aquifer recharge (MAR) represents a strategy to address 
groundwater depletion by actively replenishing aquifers using available 
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Southeast Asia and southern South America display gains in GWS, with 
some exceeding 10 km3 in 2002–2021, namely, the Lower Yangtze River 
(27.8 ± 7.7 km3), the Upper Yangtze River (17.2 ± 5.2 km3), the Godavari 
River (16.4 ± 11.3 km3), the Pearl River (8.8 ± 5.7 km3) and the Mahanadi 
River (8.6 ± 11.3 km3) (Fig. 1). These gains may reflect reduced irrigation 
demand, supplemental surface-water supplies, stronger groundwater 
management and regulation, and/or favourable recharge conditions.

Together, these contrasting trends underscore the spatial het-
erogeneity of groundwater dynamics in irrigated systems worldwide. 
While depletion remains widespread in some breadbaskets, isolated 
gains offer critical insights into conditions that enable groundwater sta-
bilization. These patterns help identify high-risk and high-opportunity 
regions for groundwater sustainability, including MAR.

Potential of MAR to mitigate unsustainable irrigation
The capacity of MAR to alleviate unsustainable irrigation varies sub-
stantially worldwide, reflecting the spatial heterogeneity in both sur-
face water availability and groundwater depletion (Fig. 3). We estimate 
this capacity by converting HMF volumes screened for environmental 
flow requirements (EFRs) into a potential offset of unsustainable  
irrigation, after down-weighting by the region- and monthly-specific  
feasibility coefficient M(r, t)  (Methods, equations (2) and (3), and 
Extended Data Fig. 1).

The results reveal a gradient of feasibility, with high MAR potential 
in South Asia, Central Europe and parts of Central and South America 
(Fig. 3). In some important irrigation regions, MAR could compen-
sate a fraction of unsustainable irrigation, such as 3–7% in the Ganges 
River, 3–6% in California Central Valley, 4–7% in the Lower Yellow River, 
11–25% in the Upper Yellow River, 2–4% in the Ziya River, 3–6% in the 
Nile Delta, 16–23% in the Upper Tigris–Euphrates and 15–22% in the 
Lower Tigris–Euphrates considering the 95th and 90th percentile HMF 
scenarios, respectively (Fig. 3). To help interpret these region-level dif-
ferences, we examined two period-integrated constraint diagnostics 
(Supplementary Fig. 2 and Supplementary Text 1). The Ganges River, 
Lower Yellow River and Ziya River remain HMF-supply constrained 
under both percentile scenarios, whereas the California Central Val-
ley and Upper Yellow River shift from depletion-cap constrained at 
the 90th percentile to HMF-supply constrained at the 95th percen-
tile; the Nile Delta and the Upper and Lower Tigris–Euphrates remain 
depletion-cap constrained in both cases. Low offsets in the Ganges 
River, California Central Valley, Lower Yellow River, Ziya River and Nile 
Delta are further associated with strong irrigation consumption pres-
sure relative to the maximum bankable recharge volume, whereas the 
larger offsets in the Upper Yellow River and the Upper and Lower Tigris–
Euphrates are consistent with lower irrigation consumption pressure.

Regions shaded in deep blue, such as the central European regions, 
Southeast Asia, parts of the Central and Southwest America, Japan and 
Madagascar, exhibit MAR offset potentials exceeding 80% under both 
the 90th and 95th percentile HMF scenarios (Fig. 3a). These high-offset 
regions are generally associated with depletion-cap constraint and 
lower irrigation consumption pressure, consistent with cumulative 
feasible HMF supply being sufficient to approach the selected restora-
tion target in both scenarios (Supplementary Fig. 2 and Supplementary  
Text 1). These areas represent prime candidates for strategic recharge 
interventions as they combine high groundwater depletion with surface 
water surpluses. Conversely, many irrigation regions in Sub-Saharan 
Africa and Central Asia, the Indian subcontinent, the Mediterranean 
region and parts of western North and Central America show lim-
ited MAR feasibility (<20%) (Fig. 3a). Across regions, these low offsets 
reflect different combinations of HMF-supply constraint, depletion-cap 
constraint and irrigation consumption pressure, while local factors 
not resolved here must be assessed in subsequent site-scale studies. 
Figure 3b shows the differences between optimistic (90th percentile) 
and conservative (95th percentile) recharge scenarios. This contrast is 
especially pronounced in parts of South Asia, the Middle East, Central 

water20,21. MAR can help offset unsustainable irrigation by capturing 
excess floodwater for infiltration into depleted aquifers while enhanc-
ing the conjunctive surface and groundwater management22–25. Despite 
the growing recognition of MAR as a viable groundwater manage-
ment strategy, its potential remains under-utilized, contributing only 
1% (10 km3 yr−1) of global groundwater extraction20. Previous studies 
have predominantly examined MAR at regional or site-specific scales 
without extending the analysis worldwide26. Moreover, global analyses 
have not integrated the key factors for prioritizing MAR in irrigated 
agricultural regions, such as the co-occurrence of high-magnitude 
surface flows, long-term groundwater depletion and unsustainable 
irrigation. This leaves a critical gap in understanding where MAR could 
be most effectively deployed to address irrigation-induced water scar-
city, as well as the constraints and opportunities on a global scale for 
prioritizing investments and driving site-specific studies, where MAR 
could yield the highest benefit.

We present a global-scale assessment of MAR spreading potential 
by integrating two decades of GRACE-based groundwater depletion, 
high-magnitude flow (HMF) estimates, region- and monthly-specific 
feasibility constraints and unsustainable irrigation water consumption 
(Supplementary Fig. 1). MAR spreading is a technique that intentionally 
diverts excess surface water, such as floodwater or stormwater, over 
permeable land, infiltration basins or recharge ponds, to seep through 
the soil and replenish unconfined aquifers. We first characterize global 
patterns of groundwater depletion in irrigation regions from monthly 
GRACE-derived groundwater storage (GWS) anomalies (2002–2021). 
We then quantify the potential for MAR to mitigate unsustainable irriga-
tion by estimating feasibility-weighted, above-threshold HMF volumes 
(90th and 95th percentile thresholds) and benchmarking them against 
region-specific depletion and unsustainable irrigation demand. We 
further evaluate sensitivity to different HMF capture efficiencies and 
assess interannual variability in MAR potential to identify years and 
regions where offset responds strongly to extreme-flow conditions.

This study offers a first-order, global screening of MAR feasibility 
to support strategic prioritization at the basin-to-national scale. While 
not a substitute for site-specific design and permitting, the results flag 
where and when MAR may merit targeted local assessments by water 
managers under climate extremes, motivating subsequent site-specific 
studies to evaluate feasibility and design. These findings can help guide 
surface water and groundwater management strategies, enhancing the 
potential for irrigated agriculture to adapt to climate extremes while 
safeguarding long-term water security.

Results
Global patterns of groundwater depletion in irrigation regions
Groundwater trends obtained on the basis of the residual method27 
from the GRACE (-FO) missions revealed widespread groundwater 
depletion across major global irrigation regions between April 2002 
and December 2021 (Figs. 1 and 2). We quantified long-term groundwa-
ter changes, using the GRACE (-FO) total water storage (TWS) anoma-
lies, relative to the long-term mean (2002–2021). TWS is assumed to 
represent the sum of water stored in a region, including groundwater, 
soil moisture, snow and surface water28. To isolate GWS anomalies, we 
subtracted the contributions of soil moisture, snow and surface water 
by using land surface models and observational datasets (Methods). 
Time series for ten highly impacted regions show consistent downward 
trends in GWS (Fig. 2). All values include Theil–Sen trend uncertainties 
(2002–2021) (Methods). The Ganges River Basin shows the largest 
absolute loss of GWS, with a trend of −16.4 mm yr−1, corresponding to 
a cumulative depletion of 283.9 ± 49.0 km3 (2002–2021) (Figs. 1 and 
2a). Other river basins also exhibit substantial rates of groundwater 
depletion, such as the Sabarmati River (−14.8 mm yr−1, 83.8 ± 22.3 km3), 
the Ziya River (−18.7 mm yr−1, 73.8 ± 9.2 km3), the Lower Yellow River 
(−11.6 mm yr−1, 42.6 ± 4.0 km3) and the Indus River (−6.9 mm yr−1, 
36.6 ± 8.6 km3) (Fig. 2b–e). Several regions in eastern Europe, parts of 
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Asia and Central Europe, where the percentage of unsustainable irriga-
tion offset by MAR drops by around 30–45% over the 2002–2021 period 
under the conservative HMF scenario, substantially lower than the val-
ues exceeding 70% observed in the more optimistic scenario for regions 
such as the Danube River (Central Europe), the Lower Volga River (Rus-
sia–Kazakhstan), the Irrawaddy River (Myanmar) and the Chao Phraya 
River (Thailand) (Fig. 3b). These reductions reflect strong hydrological 
variability, with recharge opportunities concentrated in relatively few 
extreme flow events (Supplementary Fig. 3), highlighting the need for 
highly adaptive and flexible MAR infrastructure in these areas.

Sensitivity to different HMF capture efficiencies
We benchmarked the region-specific feasibility scenario against 
uniform HMF capture efficiencies of 100% (namely, capturing all 
HMF), 50% and 10% under both the 90th and 95th percentile thresh-
olds (Extended Data Fig. 2). Figure 4 shows the feasibility-weighted 
percentage of unsustainable irrigation water consumption offset by 
MAR (90th in blue and 95th in orange). Overlaid are the outcomes for 
uniform 100% (grey bar extent), 50% (solid line) and 10% (dotted line), 
thereby enabling identification of the equivalent uniform efficiency 
for the global case and for the top 20 irrigation regions with the high-
est MAR potential.

In most regions, the feasibility-weighted offset of unsustainable 
irrigation water consumption by MAR lies well below the uniform 100% 
reference (grey bar) and typically between the 10% and 50% uniform 
cases (dotted and solid lines). A few systems retain comparatively high 
offsets: the Danube River shows 88% (90th) dropping to 57% (95th), 
that is, a 31% sensitivity to the HMF threshold; Chao Phraya reaches 85% 
(90th) but falls to 40% (95th; 45% drop); the Mekong Delta declines from 
57% (90th) to 33% (95th; 24%), and the Lower/Upper Tigris–Euphrates 
register 22%/23% at the 90th against 15%/16% at the 95th. By contrast, 
many large irrigation regions sit at or below an equivalent uniform 
efficiency of ~10% even under the 90th-percentile HMF threshold, 
including the Ganges River, the Lower Yellow River, the Manchurian 
Plains, the Huai River, the California Central Valley, the Indus River, 
the Ziya River, the Junggar Basin and the Sabarmati River, where the 

move to the 95th percentile suppresses offsets further. Aggregating 
globally, the feasibility-weighted MAR offset remains single-digit, from 
6% (90th) to 4% (95th), underscoring that once operational constraints 
are accounted for, many regions behave as ≤10% uniform-efficiency 
systems, while only a smaller subset consistently exceeds 10% and, in 
a few cases, approaches ~50%.

Interannual variability in MAR potential
To further explore the spatiotemporal dynamics of MAR feasibility 
at the interannual level, we assessed the annual percentage of unsus-
tainable irrigation that could be offset by MAR across the 20 most 
groundwater-stressed irrigation regions over the 2002–2021 period 
on the basis of GRACE (-FO) (Fig. 5). The heat map illustrates striking 
heterogeneity across regions, scenarios and through time, revealing 
distinct patterns of MAR potential aligned with HMF availability and 
unsustainable irrigation.

Several irrigated regions reach full offset in multiple years under 
the 90th-percentile HMF scenario, whereas under the 95th percentile 
threshold, they (at times) fail to attain meaningful offsets, revealing a 
step-like limit imposed by the smaller volumes available for infiltra-
tion. This behaviour is evident in the Chao Phraya River, the Mekong 
Delta, the Danube River, the Upper and Lower Tigris–Euphrates, and 
along the Persian Gulf coast, with offsets generally increasing towards 
the end of the study period, consistent with more frequent and larger 
above-threshold exceedances that increase the cumulative HMF, 
driven by increasing extreme rainfall and flooding events29. Notably, 
the Brahmaputra River displays sustained 100% coverage across all 
years, indicating persistent alignment between surplus surface water 
and modelled demand (Fig. 5). By contrast, regions such as the Huai 
River, the Manchurian Plains, the Iran Central Plateau, the Khorasan 
Plateau, and the California Central Valley show substantial interannual 
variability, with coverage ranging from 0% in dry years to >40% during 
periods of elevated HMF availability (Fig. 5). The Ganges River, the Ziya 
River, the Kura-Aras Basin, the Tarim River, the Junggar Basin and the 
Lower Yellow River are emblematic cases in which feasibility constraints 
sharply limit performance: under the 90th-percentile HMF scenario, 

Irrigated land boundaries

km3

+30+20+10+5+2+10–1–2–5–250 –10–20–30–50–100–150–200–300

Fig. 1 | Global net GWS volume change in irrigation regions, 2002–2021. Net 
GWS volume change (cubic kilometres) in irrigation regions between April 
2002 and December 2021, derived from GRACE (-FO) data. Irrigation regions are 
coloured according to GWS change, with warmer colours indicating groundwater 

loss and cooler colours indicating groundwater gain. Black-outlined polygons 
show irrigated land boundaries within each irrigation region. Basemap data from 
Esri, Garmin International, Inc., the US Central Intelligence Agency (The World 
Factbook) and the National Geographic Society.
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Fig. 2 | GWS anomalies in selected irrigation regions, 2002–2021. a, A global 
map showing the location of the ten irrigation regions analysed. b–k, Long-term 
variability of TWS and GWS over 20 years in major irrigation regions heavily 
affected by groundwater depletion: Ganges River (b), Sabarmati River (c), 
Ziya River (d), Lower Yellow River (e), Indus River (f), Mekong Delta (g), Iran 
Central Plateau (h), Upper Tigris–Euphrates (i), California Central Valley (j) 
and Lower Tigris–Euphrates (k). Reported slopes indicate the annual rate of 
groundwater depletion (in millimetres per year), while net values represent the 

total cumulative groundwater loss (in cubic kilometres) over the 2002–2021 
period. Lines show median values, shaded bands indicate the interquartile range 
(25th–75th percentiles) of GWS across the ensemble combinations of GRACE 
(CSR, Center for Space Research; JPL, Jet Propulsion Laboratory) and GLDAS 
sources (Noah and VIC). Basemap data in a from Esri, Garmin International, 
Inc., the US Central Intelligence Agency (The World Factbook) and the National 
Geographic Society.

http://www.nature.com/natwater


Nature Water

Article https://doi.org/10.1038/s44221-026-00672-3

the percentage of unsustainable irrigation water consumption offset 
exceeds 10% in fewer than half of the study years. In the Ganges, for 
example, exceedances occur only in 2006–2007 and 2010–2011. Moreo-
ver, the spread of values under the two HMF scenarios varies from 
year to year, illustrating the interannual variability of MAR potential 
under different HMF availability conditions (Fig. 5). Regions such as 
the Sabarmati River and the Indus River exhibit low MAR effectiveness 
across most years, reflecting either limited surplus surface water or low 
estimated aquifer storage availability based on groundwater deple-
tion trends (Fig. 4). These fluctuations underscore the importance of 
seasonally adaptive MAR planning that aligns recharge operations with 
hydrologic windows of opportunity.

Taken together, these results underscore the importance of 
flexible MAR strategies that account for hydrological variability and 
site-specific hydrogeological constraints. This analysis also rein-
forces the need to align infrastructure, policy and environmental-flow 

requirements to enable recharge during episodic HMF periods, thereby 
maximizing the contribution of MAR to irrigation sustainability.

Discussion
Our findings confirm that MAR can play a valuable role in sustaining 
agricultural production in water-scarce regions by harnessing HMFs 
to replenish overexploited aquifers. We demonstrated that MAR 
potential is spatially heterogeneous and strongly governed by the 
interaction of three primary factors: (1) the magnitude and frequency 
of available surface water flows, (2) the volumetric storage capacity 
of depleted aquifers and (3) the scale of unsustainable irrigation. In 
addition, region-specific feasibility controls (captured by the coef-
ficient M) further constrain capture by down-weighting HMF volumes 
before MAR (infiltration suitability, seasonal evaporative competi-
tion, cold-season suppression and off-season crop-area availability), 
and in many irrigation regions these feasibility terms are as or more 

1009080706050403020100

%

a

b

Managed aquifer
recharge
not evaluated

Managed aquifer
recharge
not evaluated

Percentage of unsustainable
irrigation water consumption o�set by MAR
(90th percentile of high-magnitude flow) 

–45–40–35–30–25–20–15–10–50

%

Percentage di�erence between 90th and
95th percentiles of high-magnitude flow

Fig. 3 | Potential of MAR to offset unsustainable irrigation and its sensitivity 
to the HMF threshold definition. a, The percentage of unsustainable irrigation 
that could be offset by MAR from 2002 to 2021, assuming the utilization of HMF, 
defined as the cumulative volume of flow events exceeding the 90th-percentile 
threshold, after pre-scaling HMF volumes by a region- and monthly-specific 
feasibility coefficient. Lighter colours indicate lower offset potential, whereas 
darker blue colours indicate higher offset potential. b, The percentage difference 
of HMFs between the 90th and 95th percentile exceedance-threshold scenarios, 
computed with the same feasibility weighting, indicating the sensitivity of 

MAR potential to the definition of HMF thresholds. Colours closer to 0 indicate 
smaller differences between scenarios, whereas darker orange–brown colours 
indicate larger reductions under the more conservative 95th percentile scenario. 
Areas where MAR was not evaluated are presented with grey hatching (modelled 
unsustainable irrigation water consumption of 0 and/or median GRACE-inferred 
groundwater depletion over 2002–2021 ≤0 within the irrigation region). 
Basemap data from Esri, Garmin International, Inc., the US Central Intelligence 
Agency (The World Factbook) and the National Geographic Society.

http://www.nature.com/natwater


Nature Water

Article https://doi.org/10.1038/s44221-026-00672-3

limiting than storage or flow magnitude (Fig. 4). Where surface-water 
availability constrains these high-flow recharge opportunities, MAR 
could still be complemented by alternative water sources (for example, 
treated wastewater recharge30, transfers/conveyance31, desalination32, 
reservoir re-operations33 or stormwater capture34), which are not evalu-
ated here. This framework aligns with recent modelling efforts in the 
California Central Valley, where simulation-optimization approaches 
demonstrate that targeted MAR infrastructure could cost-effectively 
recover large groundwater volumes24. Previous global screening efforts, 
such as the Underground Transfer of Floods for Irrigation global suit-
ability assessment, mapped potential flood-to-aquifer opportunities 
using a weighted overlay of flood/drought hazard proxies and broad 
hydrogeologic indicators (for example, groundwater depth, aquifer 
type and salinity) to identify co-location of depletion and high suit-
ability35. Several hotspots highlighted in our study have already been 
investigated in basin-scale MAR/Underground Transfer of Floods for 
Irrigation assessments (for example, the Ganges suitability mapping 
and large-scale MAR modelling in the North China Plain), and our 
contribution is to place these results into a single, globally consist-
ent, time-resolved framework that enables cross-basin comparability 
and prioritization36,37.

Our results highlight that surface flows exceeding environmental- 
flow requirements, particularly those above the 90th and 95th percen-
tile scenarios, constitute a largely unused recharge opportunity. This 
finding aligns with the findings of Kocis and Dahlke23, who demon-
strated that episodic high flows in California could support extensive 
groundwater banking when strategically managed.

Consistent with the strong spatial heterogeneity identified by 
our framework, the extent to which these excess flows can be con-
verted into recharge varies widely across regions. In the Po Valley (Italy) 

(Supplementary Figs. 4 and 5), we find that a modest unsustainable irri-
gation, with maximum peaks around 1 km3 yr−1 over two decades, could 
be fully offset through MAR, with depleted aquifer storage (~5 km3) 
offering ample space to accommodate MAR recharge potential. These 
findings expand on the study by Carlson et al.38, who show that irriga-
tion inefficiencies have historically supported unintentional recharge, 
particularly in the upper plains fed by alpine runoff. Our results sug-
gest that implementing this recharge through MAR could stabilize 
declining trends in the lower and central plains, enhancing resilience 
without compromising ecological flows. In the Ganges River Basin, 
we estimate ~284 km3 of groundwater loss between 2002 and 2021, 
making it the most depleted irrigation region globally. This estimate 
aligns with Dangar and Mishra39, who reported ~227 km3 of GWS loss 
from 2002–2016. In addition, Panda et al.40 identified annual GWS losses 
as high as 189 km3 in specific sub-regions of northern India, highlight-
ing the intensity of local depletion rather than a basin-wide total in 
the 2003–2015 period. Their observations of declining groundwater 
contributions to the Ganges River provide a process-based explana-
tion for the depletion trends our GRACE-based estimates confirm. 
In California’s Central Valley, we estimate a depletion of ~9 km3 from 
2002 to 2021, lower than long-term estimates by Scanlon et al.41,42, who 
reported ~80 km3 lost from the 1960s to 2010. More recent work by Liu 
et al.43 reported a loss of ~44.3 ± 0.9 km3 between 2003 and 2021. Our 
relatively lower estimate probably reflects both improved recharge 
efforts and conservative assumptions under our global framework, 
and potential differences in the time periods considered. Still, the 
Central Valley remains a prime example of successful MAR integra-
tion, where engineered systems have demonstrated the capacity to 
stabilize aquifer trends41. Our feasibility-weighted screen indicates  
~6% unsustainable irrigation offset in the California Central Valley  
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Fig. 5 | Interannual share of unsustainable irrigation offset by MAR for the top 
20 irrigation regions affected by groundwater depletion, 2002–2021. A heat 
map showing the percentage of unsustainable irrigation covered by MAR for the 
top 20 most groundwater-stressed irrigation regions from 2002 to 2021. Each cell 
displays triangular coverage values for the 90th (lower right) and 95th (upper left) 
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depletion volumes for 2002–2021 (in cubic kilometres) are indicated in the 
leftmost column. Values indicate the proportion of unsustainable irrigation water 
consumption that could be sustainably met through MAR, highlighting the spatial 
and temporal variability in MAR feasibility and potential.
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(90th percentile, 2002–2021), consistent with a seasonal buffering role 
in wet years rather than sustained aquifer recovery. Alam et al.31 report 
9–22% overdraft recovery for the Central Valley as a whole, rising to 
~30–62% in southern sub-basins with engineered transfers: a difference 
arising from the metric, space–time resolution and assumptions. The 
two results are complementary, addressing different decision contexts 
(strategic screening versus regional design). Finally, in the Danube 
Basin, we estimate ~8 km3 of cumulative depletion, consistent with 
regional studies. Farkas et al.44 observed 7–8 km3 of groundwater loss 
in Hungary’s southern Great Plain. These patterns indicate that ground-
water overuse is not confined to arid regions but also affects temperate 
zones with climatic water imbalances and high irrigation demands.

These results should be interpreted as a first-order global screen-
ing of hydrologic opportunity rather than as implementable recharge 
volumes. The MAR scenario assumes idealized recharge and extrac-
tion, spatially uniform infiltration behaviour within irrigation regions 
and no explicit land-use, infrastructure, permitting or policy con-
straints. To partly reflect operational limitations, we pre-scale HMF 
volumes using the region- and monthly-specific feasibility coefficient 
M and benchmark the feasibility-weighted results against uniform 
capture-efficiency scenarios of 100%, 50% and 10% under both the 90th 
and 95th percentile HMF thresholds (Fig. 4 and Extended Data Fig. 2). 
We also cap recoverable storage at cumulative GRACE-derived deple-
tion over 2002–2021, which provides a consistent restoration target 
and an internally comparable upper bound on MAR feasibility across 
regions, but may be conservative in some high-capacity systems and 
restrictive in others. Under this rule, the High Plains appears out of 
scope in Fig. 3 because the ensemble-median net GWS change within 
the irrigated-region footprint is slightly positive (+1.2 km3), which 
yields a zero storage cap, although the associated uncertainty is large 
(±15.4 km3, as a semi-amplitude of the 95% confidence interval). This 
reflects the analysis window and spatial aggregation adopted here 
and should not be interpreted as a judgement on local MAR feasibility, 
which requires basin- and site-specific assessment.

Real-world MAR performance may therefore differ from our 
screening estimates because the framework does not explicitly resolve 
site clogging, aquifer heterogeneity, uncertain infiltration rates, inter-
ference with other groundwater uses, shallow water-table rise, salinity, 
contamination, sediment loading, reservoir regulation or convey-
ance operations, all of which can materially alter realizable recharge 
volumes and may require pretreatment, adaptive diversion rules and 
risk-based management20,21,45. Economic and institutional feasibility 
are equally important: although infiltration/spreading approaches 
using untreated water are often among the lower-cost MAR options, 
well-based recharge, major conveyance works and advanced treat-
ment can be substantially more expensive46, while weak governance, 
inadequate environmental-flow protection and contested water 
rights may constrain implementation8,47,48. Because the modelled 
unsustainable irrigation is source-agnostic, the estimated offsets 
should be interpreted as reductions in irrigation stress rather than as 
direct groundwater savings in every setting; intersecting irrigation 
regions with a groundwater-share map provides useful context in 
this regard (Supplementary Fig. 6). MAR is therefore best viewed as 
one component of broader adaptation portfolios, consistent with 
recent evidence that groundwater recovery often depends on combi-
nations of alternative water supplies, policy or market interventions 
and artificial recharge49.

Our feasibility-weighted global screening of HMFs coincident 
with depleted aquifers indicates that MAR can provide a limited yet 
policy-relevant reduction of unsustainable irrigation in hydrologically 
favourable regions and seasons, best pursued as part of a broader port-
folio to enhance groundwater sustainability. MAR offers an adaptive 
tool to increase water resilience under increasing climate extremes 
and demographic pressures by leveraging hydrologic variability and 
available aquifer storage. However, aiming towards its full potential 

requires more detailed regional scale analysis that integrates plan-
ning, robust governance and sustained investment in both physical 
and institutional infrastructure.

Methods
Summary
We developed a global-scale assessment framework to quantify the 
potential of MAR to offset groundwater depletion and mitigate unsus-
tainable irrigation (Supplementary Fig. 1). Recognizing the dual chal-
lenge of declining groundwater reserves and increasing irrigation 
demand, we integrated three core components: (1) two decades of 
satellite-derived GWS anomaly data to detect long-term depletion 
trends, (2) estimates of HMF availability suitable for MAR opera-
tions and (3) an intra-annual water balance-based quantification of 
unsustainable irrigation. To evaluate the effectiveness of MAR, we 
constructed a MAR-scenario in which surplus surface water is captured 
and recharged, contrasting with observed conditions without MAR 
application, allowing us to estimate the fraction of unsustainable irriga-
tion that could have been resolved over the 2002–2021 period. This spa-
tially explicit, temporally resolved analysis enables the identification 
of priority regions where MAR implementation could have the most 
pronounced impact, providing a science-based foundation for sustain-
able groundwater management and strategic water resource planning. 
All datasets, versions, spatial/temporal resolutions, pre-processing 
steps and direct access links are listed in Supplementary Table 1.

Delineation of irrigation regions
We mapped global irrigated regions by identifying contiguous areas 
with irrigation infrastructure using the 2015 Global Area Equipped for 
Irrigation dataset50. Specifically, we selected pixels where ≥5% of the 
grid-cell area is classified as area equipped for irrigation in 2015, to 
delineate coherent irrigation clusters while filtering sparsely irrigated 
or highly mixed pixels that are less representative of irrigation hotspots 
and contribute little to region-scale irrigation consumption51. Pixel 
clusters were generated using the Region Group tool in a geographic 
information system (GIS) environment, applying ‘eight-way’ connec-
tivity to capture both orthogonal and diagonal spatial relationships 
among irrigated pixels, as done in the study by Citrini et al.52. These 
preliminary clusters were subsequently refined by spatially overlaying 
them with HydroBASINS level-6 watershed polygons53 and subdividing 
any cluster that crossed watershed boundaries, ensuring that each 
irrigated region maintains hydrological coherence across upstream 
and downstream flow paths. This operation treats ‘level-6’ watershed 
boundaries as topography-derived cut lines to align region edges with 
drainage divides; however, the within-region hydrological heteroge-
neity remains to be addressed in subsequent finer-scale assessments. 
The resulting irrigated region dataset delineates areas where irrigation 
water management is a dominant land use, and hydrologic interactions 
are internally consistent, encompassing many of the world’s critical 
agricultural production zones, including the Indo-Gangetic plains, the 
California Central Valley, the Yellow River and the Nile Delta.

GWS depletion
We quantified GWS anomalies using the monthly data from the GRACE 
satellites. Following the approach of Rateb et al.54, GWS was calculated 
as follows:

GWS = TWS − SWS − SnWS − SMS, (1)

where the TWS anomaly was obtained as the average of two inde-
pendent GRACE mascon solutions produced by the Center for Space 
Research55 and Jet Propulsion Laboratory56 processing centres. To 
isolate GWS, we removed contributions of snow water storage (SnWS) 
and soil moisture storage (SMS) anomalies based on two models (Noah 
and VIC) from Global Land Data Assimilation System (GLDAS) reanalysis 

http://www.nature.com/natwater


Nature Water

Article https://doi.org/10.1038/s44221-026-00672-3

datasets57,58. The surface water storage (SWS) anomaly was derived from 
a global extension of Zhao et al.59, which applies the same object-based 
and scalable remote-sensing method beyond drylands and provides 
monthly storage-change estimates for individual lakes, reservoirs 
and wetlands worldwide for 1985–2021. This object-based procedure 
integrates multi-mission satellite remote sensing (including surface 
water extent from Landsat and elevation from satellite altimetry) to 
construct a consistent time series of volumetric changes of SWS. Lev-
eraging this capability, 132,953 waterbodies located within irrigated 
regions from the HydroLAKES dataset60 were selected and the SWS 
time series for each of them were calculated. This approach represents a 
major advancement in the global monitoring of inland water resources.

The analysis covered the period from April 2002 to December 2021, 
being limited by the availability of the SWS dataset. All datasets were 
harmonized at a standard 30 arc-min spatial resolution (~50 km at the 
Equator) to enable consistent integration. We applied seasonal-trend 
decomposition using Loess61 to separate seasonal variability from 
long-term groundwater trends. Long-term GWS trends were then 
derived using the Theil–Sen estimator62,63, a non-parametric statistical 
method that provides robust trend estimates that are less sensitive to 
seasonal and interannual fluctuations. Multiplying the annual trends 
by the number of years studied and normalizing the volume on the 
actual irrigated areas within each irrigation region allowed us to pro-
duce consistent data across two decades of groundwater depletion 
estimates. Reported uncertainties reflect the semi-amplitude of the 
two-sided 95% confidence interval of the Theil–Sen trend estimated 
from the deseasonalized GWS time series and propagated to cumula-
tive changes over 2002–2021.

Surface water availability and HMF estimation
Surface water availability for MAR was assessed using daily river dis-
charge data from the Global Flood Awareness System (GloFAS), version 
4.0, developed by the Copernicus Emergency Management Service64. 
GloFAS provides global-scale, observation-driven hydrological esti-
mates generated through the LISFLOOD hydrological model65, which 
is forced with the ERA5 atmospheric reanalysis66. Lakes and reservoirs 
are represented in this configuration through a regulation module that 
attenuates and re-times discharge67; in our global analysis we rely on 
that representation and apply no additional reservoir-specific adjust-
ments. To determine the volumes of surplus surface water available for 
recharge, we identified HMF events, defined as days when discharge 
exceeded the 90th and 95th percentile thresholds (representing a less 
conservative versus more conservative definition of above-threshold 
capture, respectively) after meeting environmental-flow requirements. 
Environmental-flow requirements were quantified using the variable 
monthly flow method68, which reserves 60%, 45% and 30% of natural 
monthly flow for the environment during low (<40%), intermediate 
(40–80%) and high (>80%) flow months, respectively. We computed 
monthly means and the mean annual flow at each irrigation-region out-
let (2002–2021; Supplementary Fig. 7), assigned variable flow fractions 
month by month, linearly interpolated the monthly environmental-flow 
requirements to a daily series and subtracted this requirement 
from daily GloFAS discharge to obtain the available-flow series. The 
90th/95th percentiles were then calculated on the daily available dis-
charge record, and the excess above these thresholds was accumu-
lated by month to produce the monthly HMF volumes. These volumes 
screened by the environmental-flow requirements ensure that MAR 
interventions do not compromise aquatic ecosystems. This assump-
tion is reasonable for the purpose of our first-cut global screening; 
however, better estimates of surface-water harvesting volumes will 
ultimately depend on site-specific legal, institutional and policy con-
straints. Irrigation-region outlets were identified by intersecting each 
region’s boundary with the GloFAS river network and selecting, among 
the egressing river cells, the main-stem cell with the highest long-term 
mean discharge (within a one–two cell neighbourhood to mitigate 

coastline/boundary artefacts). For regions draining through multiple 
independent rivers, we defined one outlet per river. Deltaic systems 
were represented by a single outlet on the distributary with the largest 
mean discharge. Endorheic regions used the interior cell with the high-
est long-term discharge (or the terminal waterbody). We used ranking 
by long-term discharge rather than a fixed absolute threshold because 
magnitudes vary widely across regions (Supplementary Fig. 7). The con-
cept of utilizing floodwaters and high flows for groundwater recharge 
has been well-established in regional studies20,21,23,24,26,69, particularly 
through strategies such as Agricultural-MAR and Flood-MAR70,71. 
Agricultural-MAR and Flood-MAR involve spreading excess surface 
water onto agricultural lands or managed basins to enhance infiltration 
into underlying aquifers, leveraging existing farmland infrastructure 
to facilitate recharge69,71. These methods have been demonstrated 
as cost-effective and scalable solutions for enhancing water resil-
ience in arid and semi-arid regions, particularly in heavily irrigated 
agricultural basins. Our analysis extends this framework globally by 
screening hydrologic opportunities, identifying months and irriga-
tion regions where HMFs coincide with available aquifer space and 
favourable operational windows for water-spreading MAR. Cumu-
lative HMF volumes were aggregated at the irrigation region scale 
considering the main outlets within each of them over the April 2002 
to December 2021 period, providing a temporally resolved estimate of 
water surplus potentially available for recharge without undermining 
environmental-flow requirements (Extended Data Fig. 3).

Region-specific feasibility for HMF capture
HMFs offer windows to divert floodwater for MAR, but the fraction that 
can actually be infiltrated varies strongly by place and month due to 
(1) subsurface capacity to accept water, largely governed by permeabil-
ity and texture72,73; (2) concurrent evaporative use during spreading, 
which is minimized in cool/dormant seasons74,75; (3) the share of irri-
gated land that is off-season and practically available for spreading76,77; 
and (4) cold-season suppression of infiltration in frozen or partially 
frozen soils78,79. Infiltration capacity is also influenced by the hydraulic 
gradient and water-table depth80, but these controls are highly site- and 
time-specific and are not resolved in our global screening; they should 
therefore be evaluated in subsequent local assessments and design. In 
addition, many mid-latitude regions experience winter HMF pulses 
tied to atmospheric rivers, sharpening the seasonal opportunity win-
dow81. To reflect these controls, we apply a multiplicative feasibility 
factor M(r, t) ∈ [0, 1] at region r and month t to HMF-derived volumes 
before the infiltration step (Extended Data Fig. 1a).

M(r, t) = min {1, R(r, t) × Ccrop(r, t)} , (2)

R(r, t) = [Cinf(r)]
winf [1 − CET(r, t)]

wET [Cfrost(r, t)] , (3)

with winf +wET = 1winf + wET = 1 (we use winf = 0.6 and wET = 0.4). All coef-
ficients are dimensionless in [0, 1] and defined as Cinf infiltration sustain-
ability, CET evaporative competition, Cfrost cold-season suppression and 
Ccrop crop surface availability. This structure separates rate controls (R: 
Cinf, CET and Cfrost) from crop-area availability (Ccrop), ensures feasibility 
collapses towards zero when land is fully occupied, and avoids impos-
ing any artificial minimum on the rate itself.

We derived the Cinf infiltration suitability coefficient from the 
GLHYMPS 2.0 global permeability map73 (Extended Data Fig. 1b). 
GLHYMPS provides intrinsic permeability as log10k (square metres). 
For each irrigation region, we intersected GLHYMPS with a 5 arc-min 
sampling grid and took the median log10k across points falling inside 
each region. The median is preferred to the mean because permeability 
is highly skewed and spatially heterogeneous; it down-weights small 
patches of exceptionally coarse or fine materials while better represent-
ing near-surface hydrogeologic conditions that control infiltration 
during spreading. To obtain a dimensionless coefficient [0, 1], we 
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mapped the region medians in log-space to a unit interval using a 
smooth logistic normalization anchored to physically motivated 
end-members. Specifically, values near log10k = −15 (hydraulic conduc-
tivity K, ∼10−8 m s−1, silty/clayey alluvium) are mapped to 0.05, values 
near log10k = −10 (K, ∼10−3 m s−1, coarse sand–gravel) to 0.95 and the 
mid-range, −12.5, mapping near 0.50 (ref. 82). This soft-bounded trans-
form avoids hard truncation and literal 0/1 while preserving the 
intended ordering-regions underlain by coarser, better-drained materi-
als receive higher infiltration suitability (Extended Data Fig. 1b).

We derived the monthly CET evapotranspiration (ET) coefficient 
for each irrigated region to represent how much ET would oppose 
infiltration during spreading (Extended Data Fig. 1c). First, we extracted 
monthly ET from two independent land-surface models (GLDAS-Noah 
and VIC) on a common grid and aggregated to irrigation regions 
(median across grid points). Because ET varies both absolutely across 
climates and seasonally within a region, we used a two-step normaliza-
tion to obtain a dimensionless feasibility factor in [0, 1], where higher 
values indicate lower evaporative competition (that is, more favourable 
months for spreading). In a global energy context, we ranked all region–
month ET values together and mapped them monotonically so that 
climatologically low ET (cool, low-radiation months typical of winter) 
receives values near 1, and high ET (hot, high-radiation months) near 
0. This step avoids penalizing cool regions simply because they are 
energy-limited overall. In a region-relative seasonality context, within 
each region, we summarized its multi-year monthly cycle (from January 
to December) and rescaled those 12 climatological values to highlight 
the local off-season window (winter months score high, summer 
months low). Finally, we combined the global and region-relative sig-
natures into a single monthly coefficient and gently kept all values 
within [0, 1] to avoid pathological zeros or ones. The result is a conserva-
tive ET penalty that is high in cool months and low in hot months, 
aligned with operational practice for spreading (Extended Data Fig. 1c).

To reflect the suppression of infiltration under frozen or partially 
frozen soils, we derived a monthly Cfrost coefficient for each irriga-
tion region from 2-m air temperature. We first extracted monthly air 
temperature from GLDAS for two independent land-surface models 
(GLDAS-Noah and VIC) on a common grid, aggregated each to irriga-
tion regions by taking the median across grid points and then formed 
a single series per region-month as the cross-model median. We then 
mapped region-month temperatures to a three-level frost coefficient 
that penalizes months when frozen soils are likely to limit intake: T > 2 °C 
equals 1.0 (no frost penalty; soils expected to be unfrozen or fully 
thawed), 0 < T ≤ 2 °C equals 0.5 (partial thaw; reduced but not negligible 
intake) and T ≤ 0 °C equals 0.1 (frozen conditions; strong reduction in 
intake). These thresholds encode widely documented behaviour: the 
hydraulic conductivity and infiltrability of soils drop sharply as liquid 
water is replaced by ice near and below 0 °C; partial thaw conditions 
can permit some focused or preferential infiltration, but system-level 
intake is still curtailed78. The scheme is intentionally simple and con-
servative for global application, while aligned with cold-region hydrol-
ogy literature and modelling of frozen-soil infiltration.

We quantified, for each irrigation region and month, the fraction 
of surface area that is realistically available for spreading given ongo-
ing crop occupancy (Ccrop) (Extended Data Fig. 1d). We used MIRCA-OS 
monthly growing-area grids (5 arc-min) for years 2000, 2005, 2010 and 
201583, and aggregated them to irrigation regions (area-weighted sum). 
MIRCA-OS provides separate crop calendars and associated growing/
harvested areas for irrigated and rainfed systems; here, we use only the 
irrigated layers, which report harvested/growing area (ha) by month, 
to characterize seasonal land occupancy within the irrigated agricul-
tural footprint. Rainfed cropping can also constrain land availability 
locally, but it is not explicitly represented in Ccrop in this first-order 
global screening and should be addressed in subsequent basin- and 
site-scale assessments. For each month, we summed the irrigated area 
of 17 major crops: wheat, maize, rice, barley, millet, sorghum, soybean, 

sunflower, potato, cassava, sugarcane, sugar beet, oil palm, rapeseed/
canola, groundnut/peanut, rye and cotton. We then expressed monthly 
crop occupancy as the ratio of this summed area to the region’s peak 
monthly irrigated area (the maximum monthly total over the year, 
used as the region-level irrigated footprint). To avoid double counting 
where multiple crops might co-occur within pixels, the monthly sum 
was capped by that peak footprint. We use a conservative 10% lower 
bound to represent incidental infiltration pathways that persist even 
when mapped occupancy approaches 100%, notably unlined convey-
ance canals and laterals, drains and sumps, farm roads and margins, and 
temporarily idle patches, which routinely admit water outside planted 
rows. Seepage from earthen/unlined canals is widely documented at 
multi-percent to tens-of-percent of flow, with typical values ~10–20% 
and higher in some systems84,85 (Extended Data Fig. 1d).

Unsustainable irrigation water consumption
Monthly unsustainable irrigation was quantified at a 30 arc-min resolu-
tion (50 km at the Equator) using a water-balance approach, building 
on the framework developed by previous studies5,52,86–89. Unsustain-
able irrigation water consumption was calculated over the 2002–2021 
period as the portion of irrigation water consumption that exceeded 
locally renewable water availability. Renewable water availability was 
determined as local surface and subsurface blue-water availability 
remaining after accounting for environmental flows68 and other human 
water consumptions. To enforce mass conservation and upstream–
downstream consistency, we then route this residual renewable blue 
water downstream using eight-direction flow routing, so that upstream 
contributions are accumulated before entering downstream cells and 
are not double counted. As a result, this unsustainable irrigation analy-
sis is source-agnostic: it quantifies the portion of irrigation consump-
tive use that exceeds contemporaneous renewable blue-water inflow, 
independent of the prevailing split between surface- and groundwater 
consumptions. Blue-water inputs and irrigation water consumption 
(Supplementary Fig. 8) were sourced from the Inter-Sectoral Impact 
Model Intercomparison Project ISIMIP3b ensemble90 (H0891,92 and 
WaterGAP2-2e93 hydrological models) forced by five Coupled Model 
Intercomparison Project (CMIP6) global climate models under his-
torical climate forcing and fixed 2015 socioeconomic conditions 
(GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1-2HR, MRI-ESM2-0 and UKESM1-
0-LL). The other inter-sectoral water consumptions (for example, 
domestic, manufacturing, mining, electric generation and livestock) 
were isolated and kept constant from multi-sectoral water-use esti-
mates derived from Huang et al.94 on the basis of the 2001–2010 data.

In addition, we contextualized the unsustainable irrigation 
water consumption by cross-referencing a widely used map of 
groundwater-sourced irrigation (Global Map of Irrigation Areas ver-
sion 5)95. To place the datasets on a common resolution, we aggregated 
that dataset to the irrigation-region scale using area-weighted means 
and reported regional values in four classes (0–25%, 25–50%, 50–75% 
and 75–100%) (Supplementary Fig. 6).

Assessment of the effect of MAR-scenario deployment
To quantify the potential impact of MAR on alleviating unsustain-
able irrigation, we developed a dynamic simulation framework that 
contrasts historical irrigation deficits with a MAR-scenario in which 
surplus surface water is diverted for recharge. The analysis covers the 
2002–2021 period and is performed using a monthly time-step.

The dynamic simulation framework was implemented to simulate 
monthly infiltration and groundwater extraction. The MAR-scenario is 
formulated as a monthly regional mass balance in which EFR-screened 
HMF volumes are first pre-scaled by the region- and monthly-specific 
feasibility coefficient M, recharge is limited by the GRACE-derived 
recoverable storage cap and subsequent extraction offsets modelled 
unsustainable irrigation subject to available stored volume. Recovera-
ble storage was defined as the cumulative GRACE-derived groundwater 
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depletion over 2002–2021, providing a consistent restoration target 
across irrigation regions. This volumetric threshold represents recov-
erable storage that can feasibly be replenished through MAR, beyond 
which additional recharge is assumed to be physically or operation-
ally constrained. We define each region’s available storage cap as the 
cumulative GRACE-inferred groundwater loss over 2002–2021. In 
the monthly accounting we track the remaining recoverable aquifer 
capacity, computed as the fixed cap minus the MAR volume in stor-
age at the end of each month. For each irrigated region and month, 
the infiltrated volume was computed as the minimum between HMF 
and the aquifer’s available storage capacity. This volume was then 
included in the dynamic monthly assessment of GWS. To offset unsus-
tainable irrigation, we allow monthly extraction up to the available 
stock, defined as the stored volume after accounting for that month’s 
feasibility-weighted infiltration and subject to the GRACE-derived stor-
age cap, so extraction may draw on both carryover storage and recharge 
in the current month but never exceeds the available stock. The model 
updated both GWS and remaining capacity at each time-step. Simula-
tions were executed separately for both the 90th and 95th percen-
tile HMF scenarios. These results provided the basis for comparing 
observed irrigation stress with MAR-scenario outcomes, allowing us to 
quantify the maximum feasible contribution of MAR to global agricul-
tural water sustainability in terms of percentage. We exclude irrigation 
regions from the MAR-offset calculation when (1) the unsustainable 
irrigation water consumption assessment reports zero over the analysis 
period (that is, irrigation consumptive use does not exceed contem-
poraneous renewable blue-water inflow after environmental-flow 
reservations and routing) and/or (2) the recoverable storage cap is 
zero, which we take to occur when the cumulative GRACE-inferred 
GWS change over 2002–2021 is non-positive within the irrigated-region 
polygon. This exclusion does not speak to implementability, it simply 
denotes regions where, under our definitions, there is no irrigation 
deficit to reduce and/or no recoverable aquifer capacity to bank addi-
tional recharge. Finally, to represent variability in infrastructure and 
operational performance, we report both the feasibility-weighted case 
and a set of uniform capture-efficiency benchmarks. In the benchmark 
runs, 100%, 50% and 10% capture efficiencies were applied multiplica-
tively to HMF volumes before the infiltration step of the MAR-scenario 
analysis, providing a consistent basis for comparison under both HMF 
percentile thresholds. The framework does not explicitly simulate 
reservoir operations, conveyance constraints, water-quality treat-
ment or site-scale hydrogeologic heterogeneity; these factors are 
therefore represented only indirectly through M and the benchmark 
capture-efficiency scenarios.

Analysis for dominant limitation and irrigation consumption 
pressure
To interpret spatial patterns in MAR offset potential and to identify the 
dominant limiting factor across irrigation regions, we derived two 
complementary, period-integrated diagnostics from the same volumes 
used in the MAR-scenario simulations. For each irrigated region, we 
first computed the cumulative feasibility-weighted high-magnitude- 
flow supply (Sp),

Sp = ∑
t
HMFp,t, (4)

where p denotes the percentile threshold scenario (90th and 95th per-
centiles) and HMFp,t is the monthly EFR-screened feasibility-weighted 
HMF volume (cubic kilometres) used for the infiltration phase. We also 
defined the recoverable storage cap (C) as the cumulative groundwater 
loss over the 2002–2021 period (the maximum aquifer storage capac-
ity, as above, in cubic kilometres) and the cumulative unsustainable 
irrigation water consumption (UIWC, in cubic kilometres) over the 
same period. We then calculated a constraint ratio (CR) for each HMF 

scenario, which diagnoses whether MAR opportunities are primarily 
limited by the availability of above-threshold surface-water supply or 
by the selected restoration target (the recoverable storage cap).

CRp =
Sp
C . (5)

Regions with CRp <1 are classified as HMF-supply constrained 
(cumulative feasible HMF supply is insufficient to fill the recover-
able storage cap), whereas regions with CRp ≥1 are classified as 
depletion-cap constrained (feasible HMF supply exceeds the recov-
erable cap, such that the cap becomes the binding constraint in the 
period-integrated balance).

To quantify how strongly unsustainable irrigation demand 
exceeds the maximum recharge volume that can be banked under the 
MAR-scenario assumptions, we also computed an Irrigation Consump-
tion Pressure Index (ICPI),

ICPIp =
UIWC

min(Sp,C )
. (6)

This index quantifies the relative magnitude of cumulative unsus-
tainable irrigation consumption compared with the maximum feasible 
banked recharge volume over 2002–2021. Values of ICPIp >1 indicate 
that cumulative unsustainable irrigation consumption exceeds the 
period-integrated recharge capacity (partial offset), whereas ICPIp 
≤1 indicates that the cumulative feasible recharge capacity is suf-
ficient to fully offset unsustainable irrigation consumption under 
the scenario assumptions (full-offset potential). Both diagnostics 
were computed for the 90th and 95th percentile HMF scenarios and 
are used to support interpretation of the offset maps by separating 
supply- versus storage-cap constraints and by quantifying irrigation 
consumption dominance. For mapping, ICPIp was binned into equiva-
lent upper-bound offset classes using the inverse mapping (ICPIp ≥20 
corresponds to <5% of feasible offset, 10 ≤ ICPIp < 20 corresponds to 
5–10% of feasible offset, 5 ≤ ICPIp < 10 corresponds to 10–20% of feasible 
offset, 2 ≤ ICPIp < 5 corresponds to 20–50% of feasible offset and ICPIp <2 
corresponds to 50–100% of feasible offset). Unlike Fig. 3, these classes 
are derived from cumulative 2002–2021 balances to separate whether 
low offsets reflect limited recharge capacity relative to consumption, 
independent of within-year timing and carryover effects captured by 
the monthly simulation.

Data availability
Data supporting the findings of this study are available within the 
article and its Supplementary Information. Results are available via 
Zenodo at https://doi.org/10.5281/zenodo.15731808 (ref. 96).

Code availability
Data analysis was performed using Python 3.11.0, utilizing the following 
packages: PySheds (0.3.5), Xarray (2022.11.0), Cartopy (0.21.1), Geo-
Pandas (0.12.1), Matplotlib (3.6.2), Pandas (1.5.2) and NumPy (1.23.5). 
Spatial figure preparation was also carried out in ArcGIS Pro (version 
3.3.0, Esri). Custom scripts and functions developed for this study are 
available from the corresponding author upon reasonable request.
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Extended Data Fig. 1 | Basin-specific feasibility factors used in the MAR-
scenario analysis. Maps are shown at the irrigation-region scale. a, Multi-year 
median of the monthly feasibility coefficient M(r, t) ∈ [0, 1]. b, Infiltration-
suitability coefficient C inf(r) ∈ [0, 1]. c, Evapotranspiration coefficient 
1− CET(r, t) ∈ [0, 1], for which higher values indicate lower evapotranspiration 
competition and thus more favorable months for MAR. d, Off-season crop-area 

availability Ccrop(r, t) ∈ [0, 1]. All coefficients are dimensionless; warmer colors 
generally denote greater feasibility, except in panel c, where the scale reflects 
lower evapotranspiration competition. Basemap data from Esri, Garmin 
International, Inc., the US Central Intelligence Agency (The World Factbook) and 
the National Geographic Society.
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Extended Data Fig. 2 | Sensitivity of MAR offset potential to HMF capture-
efficiency and threshold assumptions. Percentage of unsustainable irrigation 
water consumption offset by MAR under three HMF capture-efficiency 
scenarios—100% (a,b), 50% (c,d) and 10% (e,f)—for the 90th-percentile HMF 
threshold (left column) and the percentage difference between the 90th and 
95th percentile scenarios (right column). These scenarios represent varying 

assumptions about infrastructure and institutional capacity to capture and 
store high-magnitude flows. Grey hatching indicates areas where MAR was 
not evaluated because modeled unsustainable irrigation water consumption 
was zero and/or groundwater depletion was not detected. Basemap data from 
Esri, Garmin International, Inc., the US Central Intelligence Agency (The World 
Factbook) and the National Geographic Society.
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Extended Data Fig. 3 | Accumulated high-magnitude flow and seasonal 
discharge variability in representative irrigation regions. a, Global 
distribution of accumulated high-magnitude flow volume (cubic kilometres) 
from 2002 to 2021, based on the 90th-percentile threshold of daily discharge 
derived from GloFAS67. Darker blue-to-purple colors indicate higher cumulative 
HMF volumes. b–k, monthly discharge patterns in a selection of major irrigation 
regions heavily impacted by groundwater depletion, showing the median and 

interquartile range (25th-75th percentiles) of monthly discharge across the 
2002–2021 period: b, Ganges River; c, Sabarmati River; d, Ziya River; e, Lower 
Yellow River; f, Indus River; g, Mekong Delta; h, Iran Central Plateau; i, Upper 
Tigris–Euphrates, j, California Central Valley; and k, Lower Tigris–Euphrates. 
Basemap data in a from Esri, Garmin International, Inc., the US Central 
Intelligence Agency (The World Factbook) and the National Geographic Society.
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