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Abstract. Subsurface water sustains vegetation between precipitation events and shapes ecosystem responses to
hydroclimatic variability. Yet existing observations capture either near-surface soil moisture or bulk terrestrial water storage,
leaving the dynamic component of subsurface water that vegetation actively mobilizes poorly understood at the global scale.
Here we analyze a global reconstruction of active root zone water storage (aS.,), defined as the depth of subsurface water
ecosystems actively mobilize for evapotranspiration, from 2001 to 2020. The global area-weighted mean aS, is about 100
mm, with the largest values concentrated where precipitation supply and atmospheric demand are climatologically
comparable. Trends in climatic water balance are most strongly reflected in aS;, in seasonally driven systems such as
croplands, savannas, and seasonal forests, and more weakly in evergreen tropical forests and tundra. The turnover time of the
active component distinguishes rapidly cycled storage in warm and seasonally dry regions from slowly cycled storage in
boreal and Arctic regions. Comparison with satellite gravimetry shows that aS;, co-varies with bulk terrestrial water storage
at monthly scales, but the coupling weakens and becomes more regime-dependent at interannual scales, especially in snow-
dominated and dry regions. These patterns identify where bulk storage provides information on subsurface water accessed by
ecosystem and where changes in bulk storage mainly reflect changes in other water stores. Overall, these findings establish
ecosystem-accessed water storage as an observation-based dimension of the terrestrial water cycle, revealing patterns of
ecosystem water access and change that bulk storage and climatic wetness indicators do not resolve, and providing a

foundation for assessing ecosystem water vulnerability under hydroclimatic change.

1 Introduction

The ability of terrestrial ecosystems to sustain transpiration and carbon uptake during dry periods, and to moderate land
surface temperature through latent heat loss, depends on how much subsurface water vegetation can continue to access after
the soil surface has dried (Green et al., 2019; Humphrey et al., 2021; Seneviratne et al., 2010). This water is held in

unsaturated stores, weathered substrate, and shallow groundwater connections, and is supplied by earlier rainfall, snowmelt,
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or lateral inflow (Fan et al., 2017; McCormick et al., 2021; Rempe and Dietrich, 2018). By buffering evapotranspiration (ET)
beyond individual precipitation events, the root-zone water storage shapes how vegetation activity, surface temperature, and
near-surface humidity evolve during droughts, heat waves, and shifts in snowmelt timing (Gao et al., 2024). Recent multi-
year droughts in the Amazon (Saatchi et al., 2013), the western United States (Goulden and Bales, 2019), and central Europe
(Schuldt et al., 2020) have been associated with pronounced drawdown of subsurface water alongside vegetation dieback,
multi-year reductions in carbon uptake, and amplified surface heating. The volume of this storage and the rate at which it is
depleted vary substantially across landscapes and ecosystems (Gao et al., 2014; Koster and P. Mahanama, 2012), and both
the volume and the depletion rate are changing as precipitation (Lesk and Mankin, 2026), snowmelt (Myers-Smith et al.,
2020), and atmospheric demand shift (Qing et al., 2023) under continued warming. Quantifying how much subsurface water
is present, and how much of it is accessed by vegetation, is therefore important to anticipating where ecosystems can
maintain function under hydroclimatic shifts (Bachofen et al., 2024) and how vegetation water access feeds back into land-

atmosphere exchange (Seneviratne et al., 2010).

Existing observational approaches to quantify this subsurface buffer differ in what they sense. Satellite microwave retrieval s
of surface soil moisture (e.g., Dorigo et al., 2017; Entekhabi et al., 2010) provide frequent and spatially continuous
constraints on near-surface wetness and have reshaped large-scale studies of ecosystem water limitation, drought monitoring,
and land-atmosphere coupling. However, the observed layer is typically only the upper few centimeters of the soil column
and therefore mainly reflects recent wetting and drying. Terrestrial water storage anomalies (TWSA) from satellite
gravimetry (Landerer et al., 2020) extend the view below the surface and have become central to studies of groundwater
depletion (Rodell et al., 2018), ecosystem drought response (Humphrey et al., 2018), and vegetation functioning (Khanal et
al., 2024). As a bulk and spatially coarse signal, however, TWSA aggregates soil water, groundwater, snow, surface water,
and managed storage, each with different timing and different degrees of connection to vegetation water access. TWSA can
therefore contain information on ecosystem water availability under some hydroclimatic regimes and timescales, but the
fraction of the bulk signal that ecosystems actively mobilize cannot be isolated from gravimetry alone. Existing observations

therefore leave the dynamic storage component accessed by ecosystems only partially resolved.

Land surface models and land data assimilation systems can estimate root-zone soil moisture directly, but their internal states
depend on prescribed rooting depths, soil hydraulic properties, and plant water uptake formulations that remain weakly
constrained by observations (Fisher and Koven, 2020; Warren et al., 2015). Even with data assimilation, modeled states
remain tied to predefined soil layers (Reichle et al., 2019), describing where water resides in a prescribed soil column instead
of how much of it is functionally exchanged with vegetation. Physical soil moisture residing within a defined root-zone layer
and ecologically active water storage can therefore diverge. Part of the water in the nominal root zone is unavailable to
vegetation, for example water held below the wilting point, while landscapes promoting deep-rooted vegetation or shallow-

groundwater conditions may draw on water beyond the nominal root zone (Fan et al., 2017). A complementary class of
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diagnostic approaches moves toward an observation-based functional view by inferring an apparent root-zone storage
capacity from the cumulative water deficit that vegetation must bridge between recharge events (Gao et al., 2014; Stocker et
al., 2023; Wang-Erlandsson et al., 2016). These methods produce biome-scale estimates of how much water vegetation
needs to access to sustain observed ET. However, they target a capacity, which is an inferred bound on storage requirement
at a specified return period, rather than the time-varying state that ecosystems actually mobilize. The recharge and drawdown
dynamics of the storage accessed by ecosystems, and how these dynamics are shifting under hydroclimatic change, therefore
fall outside this framing, even though they reveal the timing, magnitude, and persistence of ecosystem reliance on stored

subsurface water.

To diagnose the ecologically active component of subsurface storage, (Blougouras et al., 2025) introduced active root zone
water storage (aS;,), which represents the time-varying water volume that ecosystems actively mobilize for ET, tracked
relative to the lowest state observed at each grid cell over the analysis period (Fig. 1). Unlike volumetric root-zone soil
moisture provided by conventional models, which is reported as a fraction over a prescribed modeled soil layer, aS., is
reported as a depth of water, in mm, without requiring a prescribed rooting depth or soil thickness assumptions. The absolute
size of this reservoir cannot be fully constrained from available observations, but the range over which it has been drawn
down during the analysis period can. aS;, captures this observable active range, providing a quantity that is consistent with
the underlying water balance and tracked through time. As a natural extension, aS;, can be directly compared with ET to

yield the turnover time of the ecosystem-accessible reservoir.
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Figure 1. Active root zone water storage (aS$,,) as the ecosystem-accessible component of subsurface storage. The left
diagram illustrates how aS,, fits into the surface water balance. aS., is the water within an ecosystem-accessible reservoir that
vegetation actively mobilizes for evapotranspiration (ET). It is recharged by effective input from rainfall and snowmelt (Pugf)
and depleted by ET, while water that drains to runoff or to deeper layers is separated from this reservoir. The upper right
panel illustrates how aS;, is defined from the modeled ecosystem-accessible storage. The full amount of subsurface water
potentially connected to vegetation cannot be uniquely separated from other storage components using available
observations, but the dynamic portion that ecosystems actively draw upon can be diagnosed. aS;, at any moment is defined as
the current state of the reservoir relative to its observed minimum over the analysis period (red triangle), capturing the active

component (light blue) without requiring knowledge of the unconstrained background storage (grey).

Building on this framework, we use a global reconstruction of aS;, produced with a hybrid ecohydrological framework that
infers the active state from joint observations of ET, runoff, TWSA, and snow water equivalent (SWE) (Blougouras et al.,
2026). The goal of this study is to quantify how subsurface storage accessed by ecosystems is organized, changing, and
cycled at the global scale, and to assess when bulk terrestrial water storage carries information on this active component. We
address three questions. (1) How is active root zone storage distributed globally, and how does it vary across hydroclimatic
and land surface conditions? (2) Where has active storage increased or declined over recent decades, and how has the
turnover of the active reservoir accelerated or slowed alongside these changes? (3) When and where does bulk terrestrial
water storage provide information about active storage across seasonal and interannual timescales, and where do changes in
bulk storage mainly reflect water stores not actively accessed by ecosystems? Overall, these analyses identify where
ecosystem access to subsurface water is changing and where existing bulk water cycle indicators do or do not capture those
changes, providing a global, observation-based basis for understanding how the terrestrial biosphere responds to

hydroclimatic change.

2. Methods and Data
2.1 Active root zone water storage and its global reconstruction

We use the global aS,, reconstruction developed by (Blougouras et al., 2026). The framework represents the subsurface
storage accessed by ecosystems as a time-varying reservoir, S}, diagnosed jointly from hydrological and ecosystem flux

observations (Fig. A1). At each spatial unit and daily time step t, the reservoir evolves as:

St =Si + P — ET* (M)
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where Pl is the effective input from rainfall and snowmelt that enters the ecosystem-accessible reservoir. The remaining
water input enters an ecosystem-inaccessible compartment that contributes to runoff and deeper drainage (Fig. 1). aS., is then

defined as the active range of S, relative to its lowest value at that location over the analysis period:
aSy, = S; —minSy (2)

where T ranges over the analysis period, here 2001 to 2020. This definition means that aS;, quantifies the observed dynamic
range of subsurface storage accessed by ecosystems, not the absolute amount of water stored belowground. Although the
reference minimum is necessarily tied to the climatic conditions sampled within a finite record, sensitivity tests using
progressively expanding windows from 1 to 20 years show that climatological mean aS,, stabilizes as the window
approaches 20 years across major vegetation classes (Fig. S1 in the Supplement). The 20-year baseline therefore captures the
realized active storage range under the prevailing hydroclimate. The implications of this baseline choice for the magnitude

and spatial robustness of aS;, are discussed further in Sect. 4.

The reconstruction addresses the fact that neither Py¢ nor the parameters controlling aS,, dynamics are directly observed. In
the underlying framework, these unknown process parameters are represented as functions of static catchment attributes,
including climate, vegetation, soil, and topography, using neural networks embedded in a differentiable water-balance
model. The model is trained at catchment scale against multiple observational constraints, so that simulated ET, runoff, snow
water equivalent, and TWSA are matched simultaneously. The governing equations and main process parameters used to
obtain aS;, are summarized in Appendix A, while full model architecture, training objectives, sensitivity tests, and product-

level evaluation are provided by (Blougouras et al., 2026).

The global reconstruction is produced at 0.25° spatial resolution for 2001 to 2020. The training uses 1,186 global catchments
from the GRDC-Caravan dataset (Firber et al., 2025), restricted to drainage areas between 100 and 2,500 km? and to
catchments with limited urban cover, irrigation, and upstream reservoir storage. Daily meteorological forcing, including
precipitation, temperature, and net radiation, is obtained from ERAS5-Land (Muiloz-Sabater et al., 2021), and daily leaf area
index (LAI) is interpolated from GIMMS LAl4g (Cao et al., 2023). Static attributes describing aridity, snow cover, terrain,
soil texture, and land cover fractions are taken from HydroATLAS (Linke et al., 2019) and SoilGrids (Poggio et al., 2021).
The observational targets are taken from FLUXCOM X-BASE (Nelson et al., 2024) for ET, GRDC-Caravan for runoff,
ERAS-Land for snow water equivalent, and GRACE(-FO) mascon products (Watkins et al., 2015) for TWSA. Each target
contributes equally to the training loss through its Nash-Sutcliffe efficiency.

Uncertainty related to catchment sampling and neural-network initialization is represented using five-fold spatial cross-
validation combined with five random seeds, yielding 25 model instances. Each instance is applied independently to the
global grid using gridded forcing and static attributes from the same data sources, and the ensemble mean is aggregated from

daily to monthly time series for all subsequent analyses. We use this ensemble mean reconstruction as an observation-
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constrained estimate of the active storage range accessed by ecosystems. Because aS,, is a latent diagnostic derived from the
dynamic range of S,, it has no direct one-to-one observational counterpart. However, comparisons with independent gridded
root-zone soil moisture products show that the reconstructed storage dynamics are broadly consistent with existing estimates

of root-zone wetness across most vegetated land areas (Fig. A2).

2.2 Turnover time of the active reservoir

The size of the active reservoir alone does not determine the pace at which water cycles through it (Qing et al., 2023),
because the same storage amount can imply different cycling rates depending on ET. Conversely, similar ET rates can
correspond to different depletion times when the active storage differs. To characterize this pace and to track how it changes
alongside aS,,, we define the turnover time 7 of the active reservoir as the ratio of climatological mean aS;, to climatological

mean ET over 2001 to 2020:

_
T_ﬁ (3)

Here, T has units of days and represents the characteristic timescale over which the active reservoir would be depleted at the
current rate of ET if water inputs ceased. A long 7 indicates slow cycling of the active store relative to ET, while a short T
indicates rapid cycling and a shorter depletion timescale under interrupted water inputs. Because aS;, represents the part of
subsurface storage mobilized for ET within the analysis period, T characterizes the bulk pace at which this active component
is cycled through the land-atmosphere interface. Unlike transit time distributions derived from tracer data, 7 does not resolve
age distributions of individual water parcels, but instead measures a storage-to-outflow timescale for the active reservoir
(Sprenger et al., 2019). To track changes in 7, we additionally compute annual turnover time at each grid cell as the ratio of
annual mean of aS;, to annual mean ET in each year from 2001 to 2020 and estimate trends in annual 7 (as described in Sect.
2.4). For this calculation, ET is taken from FLUXCOM X-BASE (Nelson et al., 2024), aggregated to the same 0.25° grid and

timescale as aS;,.

2.3 Coupling between aS,, and bulk terrestrial water storage

To diagnose when bulk terrestrial water storage contains information on storage accessed by ecosystems, we compare aS;,
with TWSA over 2003 to 2020, the overlap between the GRACE record and the aS,, reconstruction. TWSA is regridded to
0.25° to match the aS,, reconstruction, and both signals are compared at monthly and annual scales. At each grid cell, we
compute two Pearson correlations between the paired time series. The monthly correlation uses the full monthly series and
reflects joint variability across all timescales captured by both signals, although it is in practice dominated by the shared
seasonal cycle in many regions. The interannual correlation uses annual means and isolates year-to-year coupling after
seasonal variability has been averaged out. Because TWSA aggregates soil water, groundwater, snow, surface water, and

managed store, while aS,, represents the ecosystem-accessible component of subsurface storage, comparing the two

6
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correlations diagnoses where and at which timescales the active reservoir and the bulk storage signal evolve together. Grid
cells with multi-year mean snow cover fraction above 75% are flagged in subsequent analyses, because the TWSA signal in
these regions is strongly affected by SWE and is unlikely to track the same processes as aS., (Frappart et al., 2006). Snow
cover fraction is taken from HydroATLAS (Linke et al., 2019), which aggregates MODIS daily snow cover (MYD10A1)

into a multi-year mean snow extent, here resampled to 0.25°.

2.4 Spatial and temporal analyses

All analyses use monthly aS;, time series obtained by aggregating the daily reconstruction over 2001 to 2020. The analysis
domain covers all land grid cells with an assigned vegetation class based on the MODIS modified IGBP classification (Friedl
et al., 2010), originally available at 30 arc-second resolution and aggregated to 0.25° by retaining the dominant vegetation
type within each grid cell (Fig. S2 in the Supplement); Greenland and Antarctica are excluded. We compute annual
precipitation P from ERAS-Land, consistent with the forcing used to produce aS;,, and annual potential evapotranspiration
(PET) independently using the Priestley-Taylor formulation (Priestley and Taylor, 1972) with a = 1.26 and net radiation, air
temperature, and surface pressure from ERAS-Land. The resulting climatological P, PET, and aridity index P/PET fields are
shown in Fig. S3 in the Supplement. Temporal trends are computed at each grid cell using the Mann-Kendall test combined
with the Theil-Sen slope estimator on annual series from 2001 to 2020. We compute trends for annual aS,,, annual t, and
annual climatic water balance (P—PET). For each land cover type, we quantify the sensitivity  of aS;, trends to climatic
water balance trends as the slope of an ordinary least squares regression of grid-cell aS,, trends against grid-cell climatic

water balance trends within that land cover class. Confidence intervals for B are estimated using 1,000 bootstrap replicates.

3 Results and Discussions
3.1 Climatology and controls of active root zone water storage

The reconstructed climatology of aS;, over 2001 to 2020 has a global area-weighted mean of 97 mm, excluding Greenland
and Antarctica, and shows large spatial variability, from values near zero across the driest regions to values exceeding 300
mm in parts of the wet tropics and subtropics (Fig. 2a). Time series at four representative grid cells illustrate how the active
storage range differs across different ecosystems and aridity conditions (Fig. 2b-e). In a continuously humid Amazon
evergreen broadleaf forest, aS., is relatively moderate, with a mean of 84 mm, despite the wet subsurface conditions
indicated by the large modeled ecosystem-accessible storage S, (Fig. 2b). This is consistent with shallow and continuously
available water supply that limits the range over which storage must be drawn down (Miguez-Macho and Fan, 2012). In a
southeastern deciduous broadleaf forest in the United States, aS,, exceeds 200 mm and varies strongly through the seasonal
cycle (Fig. 2¢). In a semi-arid savanna, aS;, swings between near-zero and around 400 mm each year, with a mean 192 mm

(Fig. 2d). In an East Asian grassland, aS;, remains small, with a mean of 37 mm and a narrow active storage range (Fig. 2e).

7
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200 Notably, the deciduous broadleaf forest and the grassland have nearly identical aridity index value (Al = 1.05), yet differ in
mean aS,, by nearly a factor of six. Therefore, aridity alone does not determine how much subsurface water is mobilized;
vegetation structure and ecosystem water use strategy also strongly shape the active storage range (Fan et al., 2017; Gao et
al., 2024; Schenk and Jackson, 2002).
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205 Figure 2. Global distribution of mean active root zone water storage (aS:,) and representative time series. (a)
Climatological mean aS;,over 2001 to 2020. The inset histogram shows the global distribution of grid-cell mean aS;,. The
right panel shows the zonal mean, with shading indicating with the 25th to 75th percentile range. Red dots labelled b-e mark
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four grid cells whose time series are shown in panels b to e. (b-e) Monthly time series of modeled ecosystem-accessible
water storage S, on the left axis and the corresponding active component aS;, on the right axis over 2012 to 2018 at four
representative grid cells: (b) Amazon evergreen broadleaf forest, (c¢) southeastern US deciduous broadleaf forest, (d)

southern African savanna, and (e) northern China grassland. Al denotes the aridity index, defined as P/PET.

These patterns are consistent with earlier estimates of root-zone storage capacity based on climatic water deficits, which
show low values in continuously wet tropical forests, larger values where seasonal water limitation favors deeper storage
access, and reduced values in grasslands that often respond to drought through dormancy instead of deep water uptake.
(Knapp et al., 2008; Stocker et al., 2023; Wang-Erlandsson et al., 2016). In the analysis below, we focus on aS,, instead of .S,
which is shown in Fig. 2 only to illustrate how this active range is defined relative to the modeled storage trajectory; aS.,

captures the observed active range of ecosystem-accessible storage during the analysis period.

The non-monotonic dependence of mean aS,, on climate is also evident globally (Fig. 3a). Across the global P and PET
space, mean aS,, peaks where annual precipitation is comparable to annual PET and decreases toward both arid and very
humid extremes (Gao et al., 2014). As shown in the inset of Fig. 3a, median aS;,rises from below 50 mm in arid conditions
to above 100 mm in dry sub-humid and humid conditions, then declines again in very humid regions. The largest active
reservoirs therefore occur not at the wet end of the moisture gradient, but where seasonal mismatch between supply and
atmospheric demand requires sustained reliance on stored water to maintain ET. Within each climatic class, vegetation
activity further structures the active storage magnitude (Fig. 3b). The dependence on mean LAI is strongest from semi-arid
to humid climates, where median aS,, increases from around 30 mm at LAI < 0.5 to above 200 mm at LAI > 3.0. In very
humid climates, the LAI gradient remains visible but weakens at high LAI, consistent with the Amazon example in Fig. 2b,
where dense vegetation does not require a large active drawdown range under continuously wet conditions. Soil texture and
topography add further controls within the same climatic condition. Mean aS,, is larger on gentle terrain than on steep slopes
(Fig. 3c¢), consistent with deeper soil development and more sustained water retention on low-relief landscapes, whereas
steep terrain favors shallow soils and faster drainage (Fan et al., 2017; Gnann et al., 2025). Sand fraction shows a broadly
negative relationship with aS., (Fig. 3d), consistent with the low water-holding capacity of coarse-textured soils and their

limited retention against gravity (Fatichi et al., 2020; Wankmidiller et al., 2024).
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Figure 3. Mean aS$,, across climate, vegetation, terrain, and soil. (a) Mean aS,, across the global precipitation (P) and
potential evapotranspiration (PET) space. Each bin shows the mean aS,, over all grid cells with the corresponding annual P
and annual PET. Bins with fewer than 25 valid grid cells are masked. The red dashed line marks P=PET. The inset shows the
median and 25th to 75th percentile range of mean aS,, across aridity classes ordered from drier to wetter. (b) Mean aS,,
stratified by aridity class and mean leaf area index (LAI). Aridity classes are defined by P/PET: arid < 0.20, semi-arid 0.20-
0.50, dry sub-humid 0.50-0.65, humid 0.65-1.5, very humid 1.5-3.0, and extremely humid > 3.0. Boxes show the 25th to
75th percentiles, whiskers extend to 1.5 times the interquartile range, and the horizontal dashed line marks the global area-
weighted mean. (¢) Mean aS,, stratified by aridity class and terrain slope. (d) Mean aS,, stratified by aridity class and sand
fraction of the soil. In panels ¢ and d, each cell shows the mean aS,,over all grid cells with the corresponding combination of

aridity class and physical attribute; white cells indicate combinations with fewer than 25 valid grid cells.
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3.2 Recent changes in active storage and reservoir turnover

The active reservoir does not show a globally dominant trend direction over 2001-2020 (Fig. 4a). Area-weighted fractions
of grid cells with positive and negative trends are nearly balanced, 50.4% and 49.6%, respectively, and about 6% of grid
cells show trends significant at p<0.05, split similarly between the two directions. This relatively small fraction of significant
local trends is expected for a 20-year annual record, where interannual variability reduces the power to detect monotonic
changes at individual grid cells. Nevertheless, the trend field shows coherent regional structure. Western and eastern Europe,
parts of east Asia, southern Africa, and the southern and eastern margins of the Amazon show declining aS,,, while the Sahel,
parts of the Indian subcontinent, the southeastern United States, the maritime continent, and eastern Australia shows
increasing aS;,. The broad geography of these trends overlaps with reported TWSA changes in some regions, including
declines in Europe and Brazil (Lu et al., 2025), but diverges in others, such as the southeastern United States, where total
storage trends may be strongly affected by groundwater changes that are not directly tied to ecosystem water access. This

divergence motivates the explicit comparison with TWSA in Sect. 3.3.
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Figure 4. Recent trends in active root zone water storage and their sensitivity to climatic water balance. (a) Trend in
annual aS,, over 2001 to 2020 at each grid cell. The inset bar chart shows the area fraction of grid cells with positive and
260 negative trends, with darker shading indicating trends significant at p < 0.05. (b) Relationship between trends in annual aS;,
and annual P—PET across grid cells. Grey points show individual grid cells, and colored lines show ordinary least squares
regressions fitted separately for each land cover type. The right panel shows the sensitivity 3 of aS;,trends to P-PET trends
for each land cover type, estimated as the corresponding regression slope. Horizontal bars show 99% confidence intervals

estimated by bootstrapping. The vertical dashed line marks the global § across all grid cells.
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Trends in aS;, broadly follow trends in climatic water balance, defined here as P-PET (Fig. 4b and Fig. S4 in the
Supplement). Regions shifting toward drier climatic water balance tend to be losing active storage, whereas regions shifting
toward wetter balance tend to gain active storage. However, changes in climatic water balance are not expressed uniformly
across ecosystems. Croplands, deciduous needleleaf forests, savannas, deciduous broadleaf forests, and grasslands show the
steepest sensitivities, reaching about twice the global mean sensitivity, § = 0.13 mm per mm of P—PET. These ecosystems
share pronounced seasonal cycles of water use, during which the active reservoir is filled and drawn down through a wide
dynamic range. As a result, shifts in climatic water balance are more strongly reflected in aS;,. In contrast, evergreen
broadleaf forests and tundra show sensitivities close to half the global mean. In evergreen broadleaf forests, water is rarely
the primary constraint on ET, so vegetation activity and active storage respond more weakly to changes in climatic water
balance (Restrepo-Coupe et al., 2013). In tundra, water use is also constrained by temperature and growing-season length
(Myers-Smith et al., 2020). These results indicate that hydroclimatic change is more strongly expressed in active storage
within seasonally driven ecosystems, including the major croplands, savannas, and seasonal forests, where changes in
subsurface water access are most relevant for vegetation productivity, carbon uptake, and drought response (Lesk et al.,

2016; Vicente-Serrano et al., 2013).

To characterize how rapidly the active reservoir cycles, we examine the turnover time 1, defined as the ratio of mean aS;,to
mean ET. Mean t varies by more than an order of magnitude across the land surface (Fig. 5a). The longest values, exceeding
150 days, occur across boreal and Arctic regions, where low ET leads to slow cycling of the active reservoir. Values of 50 to
100 days are typical of temperate forests and croplands, while 7 shorter than 50 days is common across the wet tropics,
seasonally dry savannas, and semi-arid grasslands and shrublands. In these regions, high ET produces rapid cycling even
where active storage is large in absolute terms (Fig. 5b). Trends in annual 7 over 2001 to 2020 show where the pace of the
active water cycle has changed (Fig. 5c¢). Shortening t, indicating faster turnover, occurs across much of Europe, westem
North America, parts of central Asia, southern Africa, and the southeastern Amazon. Lengthening t, indicating slower
turnover, occurs across Alaska, northern Canada, the Sahel, the Indian subcontinent, and the southeastern United States.
These patterns reflect the combined effects of trends in aS\, and ET (Fig. 4 and Fig. S5 in the Supplement). Where declining
aS;, and shortening 7 occur together, the active reservoir is becoming both smaller and faster to cycle through. In ecosystems
with strong seasonal water use and limited dry season recharge, this combination may reduce the duration over which
subsurface storage can buffer ET and carbon uptake during dry periods (Reichstein et al., 2013), warranting further analysis

with independent vegetation and flux observations.
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295 Figure S. Turnover time of the active reservoir. (a) Climatological mean turnover time t, defined as the ratio of mean aS,,
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to mean ET over 2001 to 2020, at each grid cell. The inset histogram shows the global distribution of grid-cell mean 1. (b)

Mean t stratified by land cover type, rows, sorted by median t, and aridity class, columns. Aridity classes are defined by
P/PET: arid < 0.20, semi-arid 0.20-0.50, dry sub-humid 0.50-0.65, humid 0.65-1.5, very humid 1.5-3.0, extremely humid >

3.0). Values in parentheses give the mean t and standard deviation in days for each land cover type and aridity class. Only

combinations with more than 25 valid grid cells are shown. (¢) Trend in annual t over 2001 to 2020 at each grid cell. Blue

indicates faster turnover (shortening 1) and red indicates slower turnover (lengthening t).
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3.3 Decoupling between active storage and bulk terrestrial water storage

TWSA from satellite gravimetry is increasingly used as a proxy for root-zone water availability in ecosystem studies
(Gentine et al., 2019; Humphrey et al., 2018; Khanal et al., 2024), because it extends below the shallow layer sensed by
surface soil moisture and provides global coverage where direct root-zone observations are unavailable. However, TWSA
aggregates soil water, groundwater, snow, surface water, and managed storage, each with different timing and different
degrees of connection to vegetation water access. The aS,, reconstruction provides a functional estimate of the storage
component actively accessed by ecosystems, allowing us to diagnose where and over which timescales TWSA and active
root zone storage remain coupled and where they decouple. Fig. 6a shows the Pearson correlations at each grid cell between
monthly aS., and monthly TWSA, and between their annual means. The monthly correlation reflects joint variability
dominated by the seasonal cycle, whereas the interannual correlation isolates year-to-year coupling after seasonal variability
has been averaged out. Across much of the land surface, aS,, and TWSA co-vary strongly under shared seasonal climate
forcing. Grid cells with both monthly and interannual correlations exceeding 0.6 cover roughly 70% of the analyzed land

area, and the highest coupling class alone accounts for about one third of the analyzed land (Fig. 6a inset).
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Figure 6. Coupling and decoupling between active root zone water storage (aS,,) and terrestrial water storage

anomalies (TWSA) across timescales, 2003—-2020. (a) Bivariate map of grid-cell Pearson correlations between aS,, and

TWSA at monthly (M) and interannual (I) timescales. Each axis of the bivariate color legend (inset, right) is divided into five

bins with edges at —1, —0.6, —0.2, 0.2, 0.6, and 1, yielding 25 categories of joint coupling strength. The bar chart (inset, left)

shows the ten most extensive categories and the fraction of analyzed land area they cover. Class labels indicate monthly and

interannual bins, respectively. (b) Joint distribution of monthly and interannual correlations across all analyzed grid cells,

colored by aridity index, defined as P/PET. Grid cells with multi-year mean snow cover fraction above 75% are outlined. (c)
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Distribution of monthly and interannual correlations stratified by IGBP land cover class. Boxes show the 25th to 75th

percentiles, horizontal lines mark the median, and whiskers extend to 1.5 times the interquartile range.

Humid regions generally show positive correlations at both monthly and interannual timescales (Fig. 6b), except where snow
dominates the TWSA signal (Frappart et al., 2006). In these snow-dominated grid cells, correlations are close to zero or
negative because snow storage and aS;, follow opposite seasonal phases. Snow accumulates when aS;, is near its winter
minimum and melts when the active reservoir is being replenished. The same behavior is evident for tundra in the land -cover
comparison (Fig. 6¢). In most other vegetated regions, monthly correlations are high; savannas, broadleaf forests, and
croplands show especially strong monthly coupling, with median correlations around or above 0.75, indicating pronounced
seasonal recharge and depletion cycles that make aS;, and TWSA vary in phase with seasonal climate forcing. The annual
correlations are lower and more variable, meaning that the shared seasonal cycle accounts for much of the apparent
agreement between aS,, and TWSA, while year-to-year variations are more strongly affected by other storage components,
including groundwater, river and floodplain storage, and other water stores that are not directly tied to ecosystem water
access (Humphrey et al., 2023; Scanlon et al., 2018). It is worth highlighting that savannas, where soil water availability is
identified as the dominant mediator of precipitation variability on carbon fluxes, show the largest discrepancy between

monthly and interannual correlations (Nadolski et al., 2026).

In arid and semi-arid regions, monthly correlations are systematically low (Fig. 6a, b). aS,, is small in absolute magnitude in
these regions, so its contribution to the bulk TWSA signal is limited, and monthly TWSA variability is shaped more by other
storage components than by ecosystem-accessible storage. Interannual correlations, in contrast, vary widely across these
regions. Some areas, such as interior Australia, parts of central Asia, and the Sahel margin, show moderate to high coupling,
while hyper-arid regions such as the central Sahara, the Arabian Peninsula, and the Atacama show correlations near zero or
strongly negative. The mechanisms governing this interannual heterogeneity are likely diverse, involving long-term
groundwater trends, sporadic recharge and flood events, and large-scale climate modes (Phillips et al., 2012; Rodell et al.,

2018; Werth et al., 2017).

3.4 Limitations and outlook

Although the reconstruction of aS;, provides a globally consistent, observation-constrained view of subsurface storage
accessed by ecosystems, several limitations should be considered when interpreting the results and point to directions for

further development.

First, aS,, is referenced to the observed minimum at each grid cell over 2001 to 2020. Its magnitude therefore depends on the
hydroclimatic conditions sampled during this period; where the record does not include a pronounced dry-down, the

reference minimum may be elevated and the active reservoir may be correspondingly underestimated. Nevertheless, a sub-
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window analysis (Fig. S1 in the Supplement) shows that climatological mean aS, stabilizes as the window length approaches
20 years across all major vegetation classes, with slower convergence in deciduous broadleaf forests, croplands, and
savannas. In these systems, the estimated active storage is more sensitive to whether the analysis window captures years with
strong seasonal drawdown or unusually severe dry conditions. The broad relative ordering of mean aS,, across vegetation
classes and the global spatial pattern remain consistent across window choices (Figs. S1 and S6 in the Supplement),
indicating that the biome-level and spatial conclusions of this study are robust to the analysis period, even if absolute
magnitudes in some seasonally driven systems may be modestly underestimated. Because the framework is prognostic, it can
in principle be extended to longer meteorological forcing records to sample a wider range of hydroclimatic conditions,
although the degree of observational constraint will vary with the availability of ET, runoff, snow, and TWSA data. Such
extensions would reduce dependence on the specific drought history of 2001 to 2020, and improve estimates of the realized
active storage range. Extreme value approaches based on the return period of cumulative water deficit (Stocker et al., 2023;
Wang-Erlandsson et al., 2016) provide a complementary route by estimating storage requirements associated with rarer
droughts than those directly observed. Combining such estimates with observation-constrained aS,, could help connect what

ecosystems have mobilized during the observational record with what they may need to mobilize under more extreme events.

Second, aS;, is diagnosed as a latent state jointly constrained by ET, runoff, SWE, and TWSA. A key strength of the
framework is that runoff provides an integrated catchment-scale water-balance constraint, which greatly broadens the
observational basis beyond locations with direct vegetation or flux measurements (Jung et al., 2020; Schimel et al., 2015). It
helps identify the partitioning between water retained in the ecosystem-accessible bucket and water routed to runoff and
deeper drainage. However, the strength of the constraint still varies geographically because river gauges are unevenly
distributed (Krabbenhoft et al., 2022). As a result, uncertainty may remain larger in regions that are weakly represented by
the gauge network or where local water management, permafrost, wetlands, or tropical forest hydrology are not fully
captured by the training data. Unlike streamflow or near-surface soil moisture, aS;, does not have a direct one-to-one
observational counterpart that can be used for straightforward validation. Its evaluation therefore relies on functional
consistency across multiple lines of evidence. Future tests should examine whether aS;, behaves as expected in ecologically
meaningful situations, such as buffering ET during meteorological drought (Miralles et al., 2019), sustaining canopy activity
through dry-down periods (Noormets et al., 2008), or recovering after extreme dry years (Schwalm et al., 2017), and whether

these behaviors agree with independent vegetation, flux, and remotely sensed stress indicators.

Third, aS,, quantifies the net storage range that ecosystems actively mobilize for ET, but it does not resolve the source
pathways that supply this water. The active reservoir may be fed by shallow unsaturated stores, deeper weathered substrate,
or shallow groundwater connections (McCormick et al., 2021; Rempe and Dietrich, 2018). At a given location, it may also
be affected by lateral subsurface flow from upslope areas (Fan et al., 2019; Maxwell and Condon, 2016), hydraulic

redistribution within root systems (Neumann and Cardon, 2012), or riparian and floodplain exchanges with surface water
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(Yang et al., 2025). These contributions can vary substantially across landscapes and may decouple aS,, from the local
vertical water balance, particularly in regions with strong topographic gradients, shallow water tables, or floodplain
connectivity. Disentangling these source pathways is beyond the scope of the present analysis but is important for linking
active storage dynamics to subsurface hydrological processes and for understanding how ecosystems sustain water access

under variable supply.

4 Conclusions

In this study, we used a global, observation-constrained reconstruction of active root-zone water storage to analyze how
subsurface storage accessed by ecosystems is distributed, changing, cycled, and reflected in bulk terrestrial water storage.
The results show that aS,, behaves as a distinct component of the terrestrial water cycle whose magnitude and dynamics are
jointly governed by climatic supply, atmospheric demand, and how ecosystems mobilize and use that supply. Its largest
values occur not where water is most abundant, but where supply and demand are comparable, because the reservoir reflects
the water vegetation routinely draws upon instead of the amount of water that is meteorologically available. Within each
climatic regime, vegetation activity, soil texture, and terrain further regulate active storage behavior (Figs. 2 and 3). Recent
changes in aS,, show no globally dominant trend direction over 2001 to 2020, but they reveal coherent regional increases and
declines. In particular, trends in climatic water balance are expressed most strongly in seasonally driven systems that fill and
empty the active reservoir each year, and more weakly in systems where water is rarely limiting or where energy and
growing-season length also constrain water use (Fig. 4). These storage changes are accompanied by changes in reservoir
turnover, showing that the active water cycle’s size and pace are both changing (Fig. 5). This regime dependence can be also
found in the relationship with bulk terrestrial water storage (Fig. 6). The result suggests that TWSA can provide useful
information on ecosystem-accessed storage at monthly to seasonal timescales across many temperate and tropical forests,
croplands, and savannas with limited snow cover. At interannual scales, however, the agreement weakens across many
ecosystems, as TWSA also carries signals from snow, groundwater, and other storage components that may evolve
independently of ecosystem water access. Studies using TWSA as a proxy for ecosystem water availability therefore need to

account for the timescale and hydroclimatic regime under which this proxy relationship holds (Khanal et al., 2024).

More broadly, these results show that ecosystem-accessed subsurface storage can be tracked and interpreted as an
observation-based dimension of the terrestrial water cycle. Coupling aS,, with carbon flux, phenology, and stress indicators
would help clarify how access to subsurface water regulates gross primary production, transpiration efficiency, and drought
vulnerability (Choat et al., 2018; Humphrey et al., 2021; Stocker et al., 2019). Comparing aS;, with root-zone soil moisture
representations in land surface models offers a path for assessing how models partition water between vegetation use and
other subsurface pathways (Giardina et al., 2025). Extending the prognostic reconstruction to longer meteorological forcing

records would improve detection of longer-term shifts in ecosystem water access and active storage turnover (Berdugo et al.,
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2020; Forzieri et al., 2022). Overall, as hydroclimatic change alters both water supply and demand (McDowell et al., 2022),
an observation-based view of the water vegetation actually mobilizes can help identify where ecosystem function is buffered
by subsurface storage, where that buffering is becoming compressed in time, and where bulk water cycle indicators provide

an incomplete view of ecosystem water change.

Appendix A: Summary of the aS;, reconstruction

The aS;, reconstruction is produced with a differentiable hybrid framework that combines a conceptual ecohydrological
model with a neural-network parameterization. The conceptual model represents the subsurface water accessible by
ecosystems as a prognostic storage reservoir, while the neural-network parameterization maps static environmental
attributes, including climate, vegetation, topography, and soil properties, to spatially varying process parameters. The
differentiable structure allows the model to be trained end-to-end against multiple observational constraints, so that ET,

runoff, SWE, and TWSA jointly inform learned parameter fields (Fig. Al).

t
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Figure Al. Schematic of the aS,, reconstruction framework. Dynamic drivers, including precipitation P, air temperature
T, net radiation R, and leaf area index (LAI), force a conceptual ecohydrological model that partitions liquid input into
ecosystem-accessible and ecosystem-inaccessible pathways. Liquid input is partitioned between an ecosystem-accessible
bucket, which supplies ET, and an ecosystem-inaccessible pathway, which generates runoff through fast and slow stores. ET,

runoff, snow water equivalent (SWE), and terrestrial water storage anomalies (TWSA) provide observational constraints
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during basin-scale training. The map in the upper right shows the GRDC-Caravan catchments used for training. Static
attributes of each basin or grid cell, A, are mapped by fully connected neural networks (FCNNSs) to spatially varying process
parameters 8 = V' (A4). After training, the same parameterization is applied to the global grid to produce the ecosystem-

accessible storage S,, from which aS;, is diagnosed.

The conceptual core is designed to separate incoming liquid water into an ecosystem-accessible pathway and an ecosystem-
inaccessible pathway. Liquid input, consisting of rainfall and snowmelt, is partitioned between these two pathways according
to the relative wetness of the ecosystem-accessible storage. The ecosystem-accessible bucket stores water that can be used

for ET by ecosystems, while the ecosystem-inaccessible pathway feeds fast and slow runoff stores. At daily time step ¢, the
®
S

moist

relative wetness of the accessible storage is defined as = S;t) / Bcap € [0,1], where S;t) is the ecosystem-accessible

storage and 6,, is the storage capacity parameter. The fraction of liquid input routed to the ecosystem-accessible reservoir

isa® = (1 - Sg;ig)eak,where 0,1s a learned shape parameter, which follows the logic of nonlinear, moisture-dependent
partitioning in conceptual rainfall-runoff models (e.g., Koster and P. Mahanama, 2012; Perrin et al., 2003), where the
fraction of incoming water retained in a storage compartment decreases as that compartment fills. The liquid input to the

©
iq

. .. t
ecosystem-accessible reservoir is therefore Pe(ff) = a(t)P1 s Pt

, and the remaining liquid input PO = a- a(t))Pli(é), is routed
to the ecosystem-inaccessible pathway. The ecosystem-accessible storage evolves as S;t) = Sét_l) + Pe(ftf) —ET®.ETis
computed using a Priestley-Taylor formulation (Priestley and Taylor, 1972), modulated by soil moisture stress and canopy
phenology (Koppa et al., 2022). This structure means that S, is depleted only through ET and therefore represents the
subsurface storage functionally accessed by ecosystems. The ecosystem-inaccessible pathway is represented by fast and slow
stores following a conceptual runoff-generation structure (Seibert, 1997). The fast store receives P, qff, generates rapid
runoff, and transfers water to the slow store through percolation. The slow store generates delayed baseflow. Total runoff is

the sum of fast runoff and slow baseflow, Q(t) = Qf(gt + Q(t)

total slow*

The main learned process parameters include the rain-snow partitioning thresholds, the snowmelt factor, the liquid-input
partitioning shape parameter 6, the ecosystem-accessible storage capacity parameter 6.,;,, soil-moisture stress parameters
controlling ET reduction, canopy phenology parameters controlling seasonal ET modulation, and fast-flow, percolation, and
slow-flow parameters controlling runoff generation. These parameters are predicted from static environmental attributes by
the neural-network parameterization and therefore vary across basins and grid cells. The full model description is provided
by (Blougouras et al., 2026). The dynamic forcing, static attributes, observational constraints, basin selection, cross-

validation design, and global application used to obtain aS, are described in Sect. 2.1.
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Because aS,, is defined from the dynamic range of S,, it has no direct one-to-one observational counterpart. It therefore
cannot be validated in the same way as runoff, snow water equivalent, or near-surface soil moisture. Instead, we assess
whether the reconstructed storage states are consistent with independent estimates of root-zone wetness. Figure A2
compares temporal Pearson correlations between existing gridded root-zone soil moisture products and two reconstructed
storage states: the ecosystem-accessible storage S,, and modeled bulk root-zone storage Sy, defined as the sum of
ecosystem-accessible and ecosystem-inaccessible storages. The comparison uses GLEAM, SoMo.ml, and ERA5-Land root-
zone soil moisture, which were not used as training constraints. Because these products differ in units, represented soil depth,
and absolute magnitude, the comparison focuses on temporal correlation. As shown in Fig. A2, the modeled Sy, is strongly
correlated with all three products across most vegetated land areas, indicating that the framework captures broad bulk root-
zone wetness dynamics. S, also covaries with these products in many regions, but correlations are lower in high-latitude,
energy-limited, and some dry regions. This divergence is expected because conventional root-zone soil moisture products
represent bulk water content within prescribed soil layers, whereas S, represents the storage component functionally
accessed and depleted through ET. The contrast between Sy, and S, therefore supports the interpretation of S, as

ecosystem-accessible storage. Full model evaluation and benchmarking are provided by (Blougouras et al., 2026).
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Figure A2. Comparison between reconstructed storage states and global root-zone soil moisture products. Pearson
correlations between modelled bulk root-zone storage Sy ,1x, left column, and ecosystem-accessible storage S,, right column,
with root-zone soil moisture from GLEAM, panels a and b, SoMo.ml, panels ¢ and d, and ERA5-Land, panels e and f. S

is defined as the sum of ecosystem-accessible and ecosystem-inaccessible storages.

Code and data availability

The monthly active root zone water storage fields analyzed in this study are available at

https://doi.org/10.5281/zenodo.21136948 (Jiang and Blougouras, 2026). The external datasets used in the analyses are

publicly available from their original providers. Terrestrial water storage anomalies used in the coupling analysis were
obtained from GRACE and GRACE-FO mascon products (Watkins et al., 2015). Evapotranspiration used to calculate active
reservoir turnover time was obtained from FLUXCOM X-BASE (Nelson et al., 2024). Precipitation and meteorological

variables used to calculate PET were obtained from ERAS-Land (Mufioz-Sabater et al., 2021). Land cover classes were
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derived from the MODIS modified IGBP product (Friedl et al., 2010). Leaf area index was obtained from GIMMS LAI4g
(Cao et al., 2023). Terrain slope and snow cover fraction were taken from HydroATLAS (Linke et al., 2019), and soil texture
was taken from SoilGrids (Poggio et al., 2021). The reconstruction model code used to produce aS,, is available at

https://doi.org/10.5281/zenod0.20692925 (Blougouras and Jiang, 2026).
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