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Abstract. Across many upland environments, soils are thin 
and plant roots extend into fractured and weathered bedrock 
where moisture and nutrients can be obtained. Root water ex­
traction from unsaturated weathered bedrock is widespread 
and, in many environments, can explain gradients in vege­
tation community composition, transpiration, and plant sen­
sitivity to climate. Despite increasing recognition of its im­
portance, the “rock moisture” reservoir is rarely incorpo­
rated into vegetation and Earth system models. Here, we ad­
dress this weakness in a widely used dynamic global vege­
tation model (DGVM; LPJ-GUESS). First, we use a water 
flux-tracking deficit approach to more accurately parameter­
ize plant-accessible water storage capacity across the con­
tiguous United States, which critically includes the water in 
bedrock below depths typically prescribed by soil databases. 
Secondly, we exploit field-based knowledge of contrasting 
plant-available water storage capacity in weathered bedrock 
across two bedrock types in the Northern California Coast 
Ranges as a detailed case study. For the case study in North­
ern California, climate and soil water storage capacity are 
similar at the two study areas, but the site with thick weath­
ered bedrock and ample rock moisture supports a temper­
ate mixed broadleaf–needleleaf evergreen forest, whereas the 
site with thin weathered bedrock and limited rock moisture 
supports an oak savanna. The distinct biomes, seasonality 
and magnitude of transpiration and primary productivity, and 
baseflow magnitudes only emerge from the DGVM when 
a new and simple subsurface storage structure and hydrol­
ogy scheme is parameterized with storage capacities extend­

ing beyond the soil into the bedrock. Across the contiguous 
United States, the updated hydrology and subsurface storage 
improve annual evapotranspiration estimates as compared to 
satellite-derived products, particularly in seasonally dry re­
gions. Specifically, the updated hydrology and subsurface 
storage allow for enhanced evapotranspiration through the 
dry season that better matches actual evapotranspiration pat­
terns. While we made changes to both the subsurface water 
storage capacity and the hydrology, the most important im­
pacts on model performance derive from changes to the sub­
surface water storage capacity. Our findings highlight the im­
portance of rock moisture in explaining and predicting veg­
etation structure and function, particularly in seasonally dry 
climates. These findings motivate efforts to better incorpo­
rate the rock moisture reservoir into vegetation, climate, and 
landscape evolution models. 

1 Introduction 

Climate change is driving changes to precipitation, tempera­
ture, and fire regimes. Regions with a Mediterranean climate 
in particular, which host significant amounts of the world’s 
threatened plant biodiversity (Cowling et al., 1996), are pro­
jected to experience increased precipitation volatility (Swain 
et al., 2018) and overall drier climate (Parmesan et al., 2022; 
Lee et al., 2021), including shorter wet seasons and an in­
crease in the frequency and duration of conditions that re­
sult in extreme wildfire (Swain, 2021; Lukovic ´ et al., 2021). 
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To preserve these communities and better inform land man­
agement and climate adaptation research and policy, it is 
essential to understand how the current changes unfolding 
globally will impact plant communities in the decades to 
come. However, dynamic regional to global vegetation mod­
els – our most advanced tools for evaluating vegetation re­
sponse to climatic drivers – have historically struggled to 
capture vegetation behavior in seasonally dry environments, 
such as regions with a Mediterranean climate (Hickler et al., 
2012, 2006), which experience hot, dry summers and cooler, 
wetter winters. This performance gap provides a clue that 
there may be an essential component missing from these 
models. 

Research insights from critical zone science may provide 
a clue as to what this missing piece might be. The criti­
cal life-supporting zone extends from the top of the vege­
tation canopy downward through typically thin, physically 
mobile soil and into deeper underlying saprolite and weath­
ered bedrock layers (Anderson et al., 2004; Grant and Di­
etrich, 2017). Soil and bedrock in the subsurface critical 
zone store and release water to plants and streams. Although 
extensive maps exist that can inform soil moisture proper­
ties in Earth system and vegetation models, mounting evi­
dence suggests that (i) many plants extensively exploit un­
saturated moisture sourced from weathered bedrock below 
the mapped soil to sustain transpiration (McCormick et al., 
2021), (ii) the importance of shallow roots may be overes­
timated (Feddes et al., 2001), and (iii) infiltrating rainfall 
and snowmelt in upland environments tend to transit this va­
dose zone rather than run off as Horton overland flow over 
the surface (Salve et al., 2012; Hahm et al., 2022). Woody 
plant use of water stored beneath soils in weathered bedrock 
has been documented as early as the beginning of the 20th 
century (Cannon, 1911). “Rock moisture”, or water derived 
from the unsaturated weathered bedrock layer, is now under­
stood to be an essential plant water reservoir, particularly in 
seasonally dry regions where it sustains transpiration later 
into the dry season (e.g., Schwinning, 2010; Rempe and Di­
etrich, 2018; Rose, 2003; McCormick et al., 2021; Hahm 
et al., 2022, 2020; Ruiz et al., 2010; Maysonnave et al., 
2022). It has been difficult to incorporate deeper water stor­
age into dynamic vegetation models and Earth system mod­
els because weathered bedrock storage capacity has been his­
torically challenging to quantify except at intensively moni­
tored study sites. Recently, Wang-Erlandsson et al. (2016) 
presented a mass-balance-based method for estimating total 
plant-available storage as the largest cumulative difference 
between incoming precipitation and outgoing evapotranspi­
ration over a given time period, referred to as a “deficit” 
(Grindley, 1960, 1968). For long time periods, the largest-
observed deficit places a reasonable lower bound on the true 
plant-accessible water storage capacity, providing a method 
for estimating total plant-accessible water at large scales. 
McCormick et al. (2021) used a modification (Dralle et al., 
2021) of this deficit-based approach to map rock moisture 

storage across the contiguous United States (CONUS) by 
subtracting soil water storage capacity (from Soil Survey 
Staff, 2019a) from the total plant-available storage capac­
ity. They confirmed that large regions of the US southwest 
and western Texas host vegetation communities that rely on 
bedrock-derived water nearly every year. In such seasonally 
or intermittently dry areas, the subsurface is responsible for 
storing the water that supports plant communities through 
dry periods. Generally, it is the case that water stored from 
the wet winter is essential for supporting plant function dur­
ing the dry summer in regions with Mediterranean climates. 

Regions with Mediterranean climates where rock mois­
ture appears to be important coincide with the regions where 
DGVMs and land surface models tend to underpredict dry-
season plant transpiration and vegetation growth (e.g., Hick­
ler et al., 2006, 2012), suggesting that incorporating rock 
moisture into DGVMs could improve performance in these 
regions. Across the set of widely used DGVMs included in 
Table 1, none explicitly accounts for rock moisture. Growing 
consensus in the hydrology community indicates that using 
soil properties to determine water availability to ecosystems 
neglects essential feedbacks between climate, ecosystems, 
and hydrology that determine subsurface water availability 
to plants (Gao et al., 2023). Further, subsurface plant water 
access (represented by rooting depth) has been demonstrated 
to be a strong control on DGVM results (e.g., Langan et al., 
2017; Sakschewski et al., 2021). For these reasons, it may be 
important to improve prescriptions of the subsurface water 
storage accessible to plants (Piedallu et al., 2013). Jiménez-
Rodríguez et al. (2022) implemented CLM-DGVM in Eu­
rope with two non-standard subsurface structures, both with 
soils 1.5 m deeper everywhere but using different soil tex­
tures for deeper soil layers. They found that the greater stor­
age capacity allowed for better model performance in season­
ally dry areas. This finding is suggestive, but without using 
realistic estimates of rock moisture storage, it is difficult to 
determine whether the model is “getting the right answers for 
the right reasons” (Kirchner, 2006). 

Here, we seek to investigate the impact of subsurface water 
flowpaths and deeper moisture supplies on plants by incor­
porating insights gained from an intensive field-based study 
of hillslope flow, water storage capacity and plant commu­
nity composition and function into the Lund-Potsdam-Jena 
GUESS Dynamic Global Vegetation Model (LPJ-GUESS 
DGVM; Smith et al., 2001, 2014). We alter model represen­
tation of subsurface structure to incorporate location-specific 
estimates of plant-accessible storage in weathered bedrock. 
Additionally, we develop a new hydrology scheme based 
on our best understanding of hydrological processes that re­
sults in increased infiltration into the vadose zone. Previ­
ous efforts focused on improving hydrological processes in 
DGVMs have shown important model improvements arising 
from increased hydrologic realism, for example, by capturing 
the effects of topography and inter-pixel flow or improving 
inter-soil layer water transfer (Tang et al., 2014, 2015; Wolf 
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Table 1. Table of subsurface storage structures used in DGVMs. In the “Variable soil depth?” column, Y indicates that depth can vary by 
location, and N indicates that it does not vary by location. 

Model name Reference Maximum soil depth Number of layers Variable soil depth? 

LPJ-GUESS Smith et al. (2001), Smith et al. (2014) 1.5 m 2d N 
IBIS Pollard and Thompson (1995) 4.25 m 6 N 
MC1 Daly et al. (2000) 3 m ≤10 Y 
HYBRID Friend et al. (1997) N/Ab 1 Y 
SDGVM Bond et al. (2005) 1 mc 4 N 
SEIB-DGVM Sato et al. (2007) 3 m 3 N 
TRIFFID Cox (2001) 2 mc 1 N 
CLM-DGVM Lawrence et al. (2019) Variablea Variable Y 
ED, ED2 Moorcroft et al. (2001) Variablea 1 Y 

a Soil depth is determined from a soil dataset, which does not generally include weathered bedrock storage. Five of the nine dynamic global vegetation models 
(DGVMs) do not allow for soil depths greater than 3 m. Of the four models with spatially varying soil depth, the soil depth is specified from a soil dataset alone, 
which does not account for rock moisture. b Soil water depth is not defined. Soil water capacity is defined. c This is the default value, but it may be possible to edit 
this in the model. d This study uses LPJ-GUESS version 4.0.1. The most recent version of LPJ-GUESS has 10 soil layers, although the soil depth is still 1.5 m. 

et al., 2008a). We hypothesize that the inclusion of plant-
available water storage in weathered bedrock – in addition to 
soil water storage – in a DGVM will significantly improve 
the prediction of (i) potential plant communities, (ii) pheno­
logical patterns, and (iii) summer dry-season evapotranspira­
tion (Gordon et al., 2004; Pappas et al., 2013; Eliades et al., 
2018; Schwinning, 2010; Milly and Dunne, 1994; Pitman, 
2003). We expect to see the largest impacts in areas with a 
Mediterranean climate, but these improvements should show 
up more modestly in other areas as well since this change will 
result in a more realistic depiction of subsurface water avail­
ability everywhere. We test this hypothesis in detail at two 
intensively monitored sites in Northern California with simi­
lar climates but distinct vegetation communities (Hahm et al., 
2019) and more broadly at 4 km resolution across CONUS 
to demonstrate that these changes result in realistic predic­
tions not just in areas with Mediterranean climates but across 
all biomes represented in CONUS. This work provides a 
blueprint for incorporating deeper moisture stores into other 
DGVMs and Earth system models; accurately simulating this 
rock moisture reservoir is critical to understanding the im­
pacts of global change on plants and water–carbon cycles in 
seasonally dry climates. 

2 Methods 

2.1 Field site descriptions 

We build on recent studies (Hahm et al., 2019; Dralle et al., 
2018, 2023b; Lovill et al., 2018) that found that within a 
large area of similar climate in the Northern California Coast 
Ranges, lithologically controlled differences in the extent of 
bedrock weathering and water storage capacity result in rad­
ical differences in plant communities (Fig. 1) and their phe­
nological behavior as well as regional runoff patterns. 

Two intensively studied watersheds across a geologic con­
tact reveal the role of bedrock water storage on plant wa­
ter availability and streamflow generation. Elder Creek, a 
16.9 km2 watershed in the western Coastal Belt of the Fran­
ciscan Formation, receives around 2000 mm of annual pre­
cipitation, mostly as rain between November and April. The 
underlying bedrock consists primarily of shale (argillite) 
with some sandstone and conglomerate. The critical zone 
at Elder Creek has a thick unsaturated zone and weathered, 
fractured bedrock (30 m thick at ridgetops) (Rempe and Diet­
rich, 2018; Salve et al., 2012), allowing ample water storage 
and supporting a dense evergreen forest canopy. Hydrologi­
cal dynamics follow an annual cycle, with all rain infiltrat­
ing into the subsurface, increasing moisture in the soil and 
weathered bedrock vadose zone at the start of the wet season. 
The vadose zone recharges a hillslope groundwater aquifer 
(Dralle et al., 2023a), which flows laterally through fractures 
to generate streamflow, including both storm and baseflow 
(Dralle et al., 2018). 

In contrast, Dry Creek is a smaller watershed (3.5 km2) 
located about 20 km southeast of Elder Creek in the Cen­
tral Belt of the Franciscan Formation. It receives approxi­
mately 1800 mm of annual precipitation. Dry Creek’s lithol­
ogy consists of mélange with an intensely sheared, primarily 
argillaceous matrix (Hahm et al., 2019). The subsurface crit­
ical zone at Dry Creek is shallow, with thin organic soils and 
clay-rich weathered matrix overlaying unweathered, peren­
nially saturated mélange found just 2–4 m below the surface 
(Hahm et al., 2020). As a result of limited weathering, Dry 
Creek has limited subsurface water storage capacity, which 
results in a winter deciduous oak and annual grassland sa­
vanna as the primary vegetation community, despite similar 
rainfall totals to Elder Creek. Across the state of California, 
the Central Belt mélange has a lower plant water storage ca­
pacity than other rock types in a similar climate (Hahm et al., 
2024). 
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Figure 1. Map showing the locations of the two field study sites in Northern California, reprinted from Hahm et al. (2019). Elder Creek 
is positioned to the west of the geologic divide marked in white, while Dry Creek is positioned to the east so that the two sites have very 
similar climate but very different subsurface characteristics. Elder Creek has a large subsurface storage capacity, while Dry Creek has a small 
subsurface storage capacity. Coordinates reported in WGS84, geologic contact based on Jayko et al. (1989), and canopy cover from the 2011 
National Land Cover Database. 

Thus, the differing lithologies and critical zone structures 
between the two sites lead to significant disparities in storage 
dynamics and vegetation communities. Elder Creek’s thick 
subsurface critical zone supports a dense mixed broadleaf– 
needleleaf evergreen forest canopy, while Dry Creek’s shal­
low subsurface critical zone can only sustain a grassland sa­
vanna. 

2.2 Model description 

LPJ-GUESS is a process-based dynamic regional to global 
vegetation model that represents plant physiological and bio­
geochemical processes as well as detailed representations 
of tree population dynamics, disturbance by wildfires, and 
biome biogeography (Sitch et al., 2003; Smith et al., 2001). 
LPJ-GUESS has been successfully used for a variety of ap­

plications in vegetation change, carbon cycling, and biomass 
modeling (Hickler et al., 2004; Steinkamp and Hickler, 2015; 
Wolf et al., 2008b, and others found at https://web.nateko.lu. 
se/lpj-guess/index.html, last access: 9 April 2024). A full de­
scription of the LPJ-GUESS model can be found in Smith 
et al. (2001) and Smith et al. (2014), with the default hy­
drology scheme described by Gerten et al. (2004). In this 
study, we work from LPJ-GUESS version 4.0.1 (https://web. 
nateko.lu.se/lpj-guess/index.html, last access: 9 April 2024). 
We made two distinct updates to the subsurface hydrology 
scheme in LPJ-GUESS. The first update is a change to the 
subsurface storage capacity, and the second is a change to 
the hydrological processes. We refer to these throughout as 
the “modified” storage and hydrology, respectively, as com­
pared to the “default” storage and hydrology. Figure 2 shows 
a schematic diagram of the subsurface hydrology for the de-
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Figure 2. Schematic representing (left) the default LPJ-GUESS soil storage hydrology vs. (right) the modified LPJ-GUESS soil storage 
hydrology. See Sect. 2.2 for more details. Roman numerals indicate the order in which processes are simulated. PFT is plant functional type, 
“T ” transpiration, “E” evaporation, “rain_and_snowmelt” the combination of input rainwater and snowmelt, Qsurf surface runoff, Qpercolate 
percolation of water from upper soil layer to lower soil layer, Qdrain a lateral drainage term of water leaving the lower soil layer, Qbaseflow 
a runoff term leaving the lower soil layer, wcont0 and wcont1 the water content of the upper and lower soil layers, θ0 and θ1 the volumetric 
water content of the upper and lower soil layers, and θ0,max and θ1,max the volumetric water content at field capacity for the upper and lower 
soil layers, respectively. Ksat is the saturated hydraulic conductivity, wcontevap is the water content in the evaporative layer, eet is the daily 
evaporation rate in equilibrium with atmospheric conditions, PTC is the Priestley–Taylor coefficient, and Fevap is the fraction of pixel area 
that is exposed to evaporation. 

fault storage capacity and hydrology (left) and the modified 
storage capacity and hydrology (right). Here, we discuss the 
differences between the two schemes, summarized in Ta­
ble 2. 

2.2.1 Changes to subsurface storage capacity 

In LPJ-GUESS v4.01, the plant-available water storage ca­
pacity is divided between an upper and a lower subsurface 
layer. In the default storage capacity, the two soil layer thick­
nesses are globally uniform (0.5 and 1 m for the upper and 
lower layers, respectively). The storage capacity varies by lo­
cation only due to variability in soil properties that alter the 

water-holding capacity of the substrate. However, the size 
of this subsurface storage reservoir is crucial to plant func­
tioning through dry periods. If geology permits and climate 
supplies enough water, plants can expand their root systems 
to access water stored outside of this 1.5 m zone. In order 
to capture plant functioning through dry periods, it is es­
sential to incorporate a more accurately sized storage reser­
voir. Thus, in the modified storage capacity, the upper soil 
layer depth is defined by a soil capacity specified from a 
soil dataset, and the lower layer depth is defined by a storage 
capacity specified from a rock moisture dataset. In general, 
this difference from the default layer depths will result in 
greater root-zone depth in the modified storage capacity, but 
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Table 2. Table summarizing modifications made to the LPJ-GUESS hydrology scheme. 

Parameter or 
process 

Subsurface storage capacity Soil water transport 
capacity 

Surface flow Subsurface flow 

Default 
scheme 

Two layers of depths 50 cm 
and 100 cm. 

Limited by a slow 
drainage capacity 
(maximum ≈ 2 mm d−1). 

Overflow from upper soil 
when at field capacity. 

Qdrain is runoff from lower 
soil layer in excess of 
field capacity. Qbaseflow is 
a slow drainage term from 
the lower soil layer. 

Modified 
scheme 

Two layers with depths 
defined by a soil storage 
capacity and a rock 
moisture storage capacity. 

Limited by Ksat. Rainfall in excess of Ksat. 
Overflow when at field 
capacity is routed to deeper 
soil/weathered bedrock 
layer. 

All water from the lower 
soil/weathered bedrock 
layer in excess of field 
capacity is combined into 
one Qbaseflow term. 

Effect of 
modification 

Places with larger storage 
capacity can support 
transpiration longer 
through dry periods. 

More water infiltrates 
into lower soil layer. 

More water infiltrates into 
the lower soil layer. 
Surface flow is no longer 
the primary runoff 
mechanism. 

All subsurface-mediated 
runoff is combined into a 
single term, which 
becomes the most impor­
tant runoff mechanism. 

the magnitude and direction of change is location-specific. It 
is important that the rock moisture be location-specific rather 
than quasi-unlimited everywhere since the latter formulation 
can result in a model with no water limitation, which is not 
realistic. By setting a location-specific depth, water stress 
is allowed but only when a realistic storage capacity is de­
pleted. 

2.2.2 Changes to flow processes 

Each gridcell in LPJ-GUESS functions as a separate 1-D col­
umn (i.e., there is no lateral flow). The input flux at the top 
of the column is from rain or snowmelt, which recharges the 
upper layer. Abiotic evaporation can remove water from the 
uppermost portion of the upper layer until the wilting point 
is reached. Transpiration can remove water from throughout 
both the upper and lower layers, based on the availability of 
water in these layers, leaf and atmospheric demand, and root 
distribution of present plant functional types (PFTs). The de­
tails of the hydrologic processes determine how much wa­
ter enters and leaves each soil layer and where it goes when 
it leaves. There are three main differences between the de­
fault and modified hydrology introduced here, which pertain 
to (i) overland flow runoff generation, (ii) percolation from 
the upper to the lower soil (or weathered bedrock) layer, 
and (iii) runoff generation from the lower soil (or weathered 
bedrock) layer. 

In the default hydrology, overland flow (Qsurf) can remove 
water from the upper layer only when field capacity is ex­
ceeded. In the modified hydrology, we instead allow for Qsurf 
when the intensity of rainfall exceeds the infiltration capac­
ity of the soil (Ksat), which explicitly represents the process 
of infiltration excess or Horton overland flow (HOF; Hor­
ton, 1933, 1945). When field capacity is reached, excess wa­

ter percolates (at a rate not exceeding the saturated hydraulic 
conductivity, Ksat) to the lower layer rather than leaving the 
soil column as surface runoff. The overland flow mechanism 
of saturation overland flow (SOF; Dunne and Black, 1970) 
occurs when the subsurface is fully saturated in a manner 
similar to Qsurf in the default hydrology. However, without a 
confining layer, this mechanism would require saturation of 
both soil layers (rather than just the top layer) before produc­
ing surface flows. Without additional process modeling and 
details on subsurface structure, it is most reasonable to as­
sume that water would infiltrate to the lower soil layer before 
producing runoff. If SOF did occur once both layers were sat­
urated, it would be classified as subsurface-mediated flow in 
the modified hydrology, leaving from the lower layer. How­
ever, this classification is reasonable for SOF, which does in­
volve significant mixing with subsurface waters prior to pro­
ducing flows (Lapides et al., 2022). 

In the default hydrology, percolation from the upper layer 
to the lower layer and to baseflow from the lower soil layer 
occurs at a percolation rate which is determined from soil 
textural properties and multiplied by the square of the relative 
plant-available water content (PAWC) in the layer. This per­
colation rate, when at field capacity, is at most  2 mmd−1

≈ . 
Importantly, the slow rate of percolation from the upper soil 
layer in the default hydrology limits the amount of water that 
can infiltrate into the lower soil layer so that, once the upper 
soil layer reaches field capacity, nearly all rainfall is trans­
ported out of the column as Qsurf. In the modified hydrology, 
we allow percolation from the upper to lower layer at a rate 
of Ksat. For comparison, Ksat in forested areas can be as high 
as tens or hundreds of mmh−1 (e.g., Godsey and Elsenbeer, 
2002; Elsenbeer et al., 1999; Davis et al., 1996), orders of 
magnitude larger than the default percolation rate. Thus, in 
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the modified model, more water is transported into storage in 
the lower layer before runoff is generated. 

While the default hydrology provides two pathways for 
runoff from the lower layer, the modified hydrology has only 
one. The slow drainage term called Qbaseflow and the Qdrain 
runoff term in the default hydrology are replaced in the modi­
fied hydrology by a single baseflow term Qbaseflow that deliv­
ers all water above field capacity out of the column. In effect, 
the modified hydrology Qbaseflow is the same as the default 
hydrology Qdrain, and the default Qbaseflow is removed from 
the modified hydrology. This means that when the lower 
layers are below field capacity in the modified hydrology, 
there is no runoff or drainage (compared to the slow drip of 
Qbaseflow in the default model), retaining more water in the 
lower layer for plant use. 

Overall, the processes in the default hydrology can be in­
terpreted as quickflow that relatively rapidly flows to streams 
(Qsurf and Qdrain) and a baseflow term (Qbaseflow) that 
recharges groundwater that more slowly makes its way to 
streams. In the modified hydrology, the processes can be in­
terpreted as Horton overland flow (Qsurf) and groundwater-
mediated runoff (Qbaseflow). Groundwater-mediated runoff 
conceptually includes saturation overland flow (Dunne and 
Black, 1970), which is a groundwater-mediated flow (Lapi­
des et al., 2022); drainage to groundwater; and any lateral 
flows out of the column. Without simulating groundwater 
levels or routing flows, this 1-D hydrology scheme allows 
us to simply account for runoff in a mass balance sense, 
although we do not know specifically which groundwater-
mediated runoff mechanisms are at play in a given location 
without a more detailed modeling approach. Both the upper 
and lower layers in the modified hydrology function with 
a threshold drainage behavior that matches contemporary 
understanding of runoff generation on hillslopes (Spence, 
2010). 

2.2.3 Effects of the modified hydrology scheme 

The change to realistic soil and weathered bedrock storage 
capacities from a globally uniform soil depth generally in­
creases water storage capacity. This increase in capacity pro­
vides more space to store plant-available water that is ac­
cessible during dry periods. The changes to the hydrology 
scheme further act to enhance subsurface water availability 
to plants. First, more water percolates from the upper soil 
layer to the lower layer due to the increased soil transport 
capacity in the modified model, retaining more water in the 
root zone rather than immediately generating surface runoff. 
Second, runoff is not generated from the lower layer in the 
modified hydrology unless it has reached field capacity, so all 
unsaturated moisture below field capacity (and above wilting 
point) is retained for plant water use in the lower layer. The 
other major effect of the modified hydrology scheme is that 
Qsurf becomes a negligible term, and runoff is predominantly 
made up of Qbaseflow, which reflects better the understand­

ing that most runoff is generated via groundwater-mediated 
mechanisms rather than as overland flow, particularly in ar­
eas with a Mediterranean climate (Salve et al., 2012; Hahm 
et al., 2022). 

2.2.4 Root water uptake in LPJ-GUESS 

We used the so-called “SMART” root water uptake scheme 
implemented in LPJ-GUESS. This maintains a key feature 
of the current default water uptake scheme, which is that the 
supply of water for transpiration is not curtailed until soil 
water content reaches wilting point (which stands in contrast 
to previous versions of LPJ and its ancestor BIOME mod­
els). In the SMART scheme, unlike the default water up­
take scheme, trees are not constrained to access water ac­
cording to prescribed root distributions. By removing this 
constraint on trees, we believe that the SMART scheme bet­
ter reflects the ability of trees to forage for water through­
out the available subsurface storage volume using their tap­
root and other coarse roots. This is supported by our finding 
that the SMART water uptake strategy allows transpiration 
to continue further into the summer (more closely match­
ing real transpiration patterns) than any other root water up­
take model implemented in LPJ-GUESS (Fig. A6 in the Ap­
pendix). This also is aligned theoretically with our approach 
for determining the subsurface storage capacity, which is 
sized to hold all of the water that plants are known to have ac­
cess to. As such, trees should be able to access all of the water 
stored in the subsurface in either layer. Furthermore, model 
parsimony is improved by effectively removing the rooting 
depth parameters. This has the further benefit of avoiding 
the necessity to reconcile rooting depth profiles developed 
for the fixed soil layer depths in the default LPJ-GUESS 
model with the new subsurface structure with spatially vari­
able layer depths. Grasses, however, follow the default root 
uptake behavior in which they have 90 % of their roots in 
the upper soil layer, with only 10 % of their roots in the 
lower layer. Their maximum water uptake rates are weighted 
by this rooting profile regardless of layer depths, implying 
that grasses have limited access to the lower soil/weathered 
bedrock water pool and can draw a maximum of 10 % of 
their water from it. Again we believe this is a reasonable rep­
resentation of reality because, without coarse roots, grasses 
mostly draw water from near the surface but may be able to 
root deeper to some extent if needed. 

2.2.5 Plant dynamics in LPJ-GUESS 

LPJ-GUESS is a dynamic global vegetation model, which 
simulates how different plant functional types (PFTs) com­
pete for resources (here light, water, and nitrogen). The traits 
of the PFTs determine which PFTs are most successful and 
thus reach the largest biomass or cover under given environ­
mental conditions. For example, a summer- or raingreen phe­
nology is beneficial in seasonal environments, and PFTs with 
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such a phenology then outcompete evergreen PFTs because 
individuals grow faster. Root distributions influence the com­
petition for water, whereby deep rooting yields more water 
access in Mediterranean areas with winter rain. These out­
comes are not predefined, but they emerge from the func­
tional traits of the PFTs in a given environment. The distri­
bution of PFTs is further constrained by bioclimatic limits 
(adopted from Sitch et al., 2003), and disturbance by wild­
fires also affects vegetation dynamics. 

2.3 Data sources 

Historical climate data for the period from 1981–2021 were 
compiled from the sources listed in Table 3. All data were 
regridded to match the 4 km grid used for the PRISM 
dataset since that is the lowest-resolution forcing data source. 
PRISM precipitation and PML-V2 have been found to per­
form well for mass balance closure compared with USGS 
streamflow gages (Rempe et al., 2023). For case study model 
runs, soil depth and rock moisture were derived from field-
based estimates (Rempe and Dietrich, 2018; Dralle et al., 
2018; Hahm et al., 2019, 2020). For CONUS model runs, soil 
depth and rock moisture are derived from the datasets avail­
able through Dralle et al. (2021), including the downsam­
pled gNATSGO (Soil Survey Staff, 2019b) and rock moisture 
storage. We masked out areas where evapotranspiration (ET) 
exceeds precipitation (P) over the period 2003–2017 and ar­
eas with negative estimated rock moisture storage. These cri­
teria help to ensure that ET is not supplemented significantly 
by irrigation and that pixels with negative rock moisture stor­
age estimates are not fed into LPJ-GUESS. We then con­
verted the rock moisture storage capacity to a depth for the 
lower layer using the soil texture characteristics, as speci­
fied by Sitch et al. (2003). Since plant water access is not 
restricted by depth within the second soil layer, it is impor­
tant only that the storage capacity of the lower layer is re­
flective of natural conditions, not its depth. For this reason, 
it is convenient to use the same soil texture for both layers 
since depth can be tuned to achieve the correct storage. Prior 
to model evaluation, we masked out pixels classified as open 
water, developed, or cultivated land cover types in the Na­
tional Land Cover Database (Jin et al., 2023). 

2.4 Model runs 

We ran LPJ-GUESS for case study sites at Elder Creek and 
Dry Creek and then across CONUS. For all model runs, the 
nitrogen cycle was enabled, and land use was not included, 
so simulation results represent potential natural vegetation. 
For all locations, we ran four different simulations based on 
the same climate data for the period 1981–2021 using a 500­
year spin-up period. Results are shown as a mean over the 
period 1981–2021. These simulations include each combina­
tion of the default storage capacity and hydrology and the 
modified storage capacity and hydrology: (i) default storage 

capacity and hydrology; (ii) modified storage capacity with 
default hydrology; (iii) default storage capacity with modi­
fied hydrology; and (iv) modified storage capacity and hy­
drology, as shown in Fig. 3. For the case study locations both 
in reality and in the model, climate is nearly the same at both 
sites, and the soil texture is the same. This means that the 
model runs with default storage capacity (i, iii) are essen­
tially identical for the two sites, so only a single output is 
shown to represent these cases in the case study results. 

2.5 Model evaluation 

Case study results for Elder Creek and Dry Creek were 
evaluated based on field observations of plant communities. 
All output was evaluated based on the comparison between 
mean annual and mean summer (July–September) ET signa­
tures produced by LPJ-GUESS and the distributed ET data 
product PML-V2 (Zhang et al., 2019) for the full study pe­
riod (1981–2021). Pixel-wise annual runoff was estimated 
as mean annual evapotranspiration from PML-V2 subtracted 
from mean annual precipitation from PRISM. This estimated 
annual runoff was also used for validation purposes, given 
the introduction of a new hydrology scheme (see Fig. A1). 
Since there is no saturated zone model, stream routing algo­
rithm, or lateral flow in LPJ-GUESS, the absolute timing of 
runoff cannot be compared directly to hydrograph data, but 
integrated seasonal and annual runoff totals should approxi­
mate basin-scale runoff, which has been proven to be an ap­
propriate approach at the coarse scale at which the model of­
ten is applied (0.5°, i.e., roughly 50 km pixels; Gerten et al., 
2004). When comparing LPJ-GUESS modeled ET to PML­
V2, output data were restricted to the period 2000–2021 for 
which PML-V2 is available. 

For the case study sites, vegetation community composi­
tion was assessed using MODIS leaf area index (LAI) (My­
neni et al., 2021), with a mean and standard deviation LAI 
of 4.4 ± 0.85 for Elder Creek and 1.6 ± 0.19 for Dry Creek. 
Based on field observations, we estimated a fraction of LAI 
expected for trees vs. grass at each site. For Elder Creek, 
given nearly full forest cover, we expect that 75 %–100 % of 
LAI is accounted for by trees. At Dry Creek, given the oak 
woodland structure, we expected that 10 %–50 % of LAI is 
accounted for by trees. 

We used annual runoff from mass balance between PRISM 
P and PML-V2 ET for comparison with LPJ-GUESS runoff 
and annual and summer ET from PML-V2 for comparison 
with LPJ-GUESS ET to evaluate model performance based 
on Kling–Gupta efficiency (KGE; Gupta et al., 2009) and a 
spatial distribution metric (Seiler et al., 2022). 
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Table 3. Distributed data sources used for input to LPJ-GUESS and evaluation of results. 

Data type Data source Native resolution Use 

Precipitation PRISM1 4 km Input and evaluation 
Air temperature PRISM1 4 km Input 
Shortwave radiation Daymet2 1 km Input 
CO2 concentrations ACCMIP, as processed by (3) 0.5° Input 
N concentrations ACCMIP, as processed by (3) 0.5° Input 
Soil texture LPJ-GUESS3 0.5° Input 
Soil depth gNATSGO4 via (5) 500 m Input 
Rock moisture Derived from (5) 500 m Input 
ET PML-V26 500 m Evaluation 
LAI MODIS LAI7 500 m Evaluation 
Land cover NLCD8 30 m Processing 
GPP Benchmark9 1° Evaluation 

1 – PRISM Climate Group (2014); 2 – Thornton et al. (2022); 3 – Smith et al. (2014); 4 – Soil Survey Staff (2019b); 5 – 
McCormick et al. (2021); 6 – Zhang et al. (2019), Gan et al. (2018), and Zhang et al. (2016); 7 – Wang et al. (2022); 8 – Jin et al. 
(2023); and 9 – Seiler et al. (2022). 

Figure 3. Key to describe the four model structures used in this study as combinations of two hydrology schemes (rows) and two storage 
structures (columns). Colors correspond to the colors used to represent each model structure in Sect. 2.4. More details about the model 
structures can be found in Sect. 2.2. 

3 Results 

3.1	 Modified hydrology increases plant-available 
storage 

The modified hydrology scheme increases infiltration into 
the lower soil/weathered bedrock layer. This is clear to see 
in the case study results (compare squares to circles for each 
color in Fig. 4b). The increase in available water becomes 
larger as the size of the lower layer increases from Dry Creek 

(green) to default (blue) to Elder Creek (red). The observa­
tion that (with the modified hydrology) all curves meet the 
maximum relative water content at the end of the wet sea­
son in March in Fig. 4c indicates that the climate is able to 
supply water to fill larger subsurface storage. Thus, at Elder 
Creek, increasing total root-zone storage capacity substan­
tially increases plant-available water, especially through the 
summer as water use draws down storage. These same obser­
vations hold across the contiguous United States (CONUS; 
see Fig. A5 in the Appendix). 
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Figure 4. Monthly mean relative water content in the (a) upper soil layer, (b) lower soil or weathered bedrock layer, and (c) total root zone 
for each model setup. Squares denote the modified hydrology scheme, and circles denote the default hydrology scheme. Color indicates the 
subsurface storage, with blue default, green Dry Creek, and red Elder Creek. Default and Dry Creek water contents go to zero in the summer 
for both hydrology schemes. Only the large storage capacity for Elder Creek allows for sustained water supply through the summer. By 
comparing the circles and squares for each storage, it is clear that more water enters the lower layer with the modified hydrology scheme in 
the wet season, leading to enhanced water availability even with the same storage. 

3.2	 Modified hydrology results in more accurate 
representation of plant community 

Enhanced moisture availability results in improvements to 
the representation of the plant community composition. For 
the case study areas, this can be represented as a position in 
a 2-D space relating the LAI of grasses and trees (Fig. 5). 
Shaded regions denote the estimated space in which plant 
community should fall for (red) Elder Creek and (green) Dry 
Creek, based on MODIS LAI and field expertise. Using the 
default storage capacity, LPJ-GUESS predicts the same plant 
community for Elder Creek and Dry Creek (blue) with es­
sentially all trees with the default hydrology (blue circle) and 
about 80 % trees with the modified hydrology (blue square). 
With the modified storage capacity but the default hydrology, 
Dry Creek (green circle) and Elder Creek (red circle) are still 
very similar to the default storage capacity vegetation com­
munity, although Elder Creek has slightly higher LAI than 
Dry Creek. With the modified storage capacity and hydrol­
ogy, however, vegetation communities for Elder Creek and 

Dry Creek are substantially different, with nearly 100 % trees 
at Elder Creek and less than 50 % trees at Dry Creek. LAI at 
Dry Creek is also significantly lower than that at Elder Creek. 
Neither prediction falls exactly in the shaded region for the 
site; however these results clearly distinguish the high- and 
low-storage sites. 

Across CONUS, greater storage capacity is related to 
an increase in trees (Fig. 6a), as was found at the Elder 
Creek site. Conversely, where storage capacity decreases (as 
with Dry Creek), the community shifts towards more grass 
(Fig. 6c). Increases in trees are largest in Texas and Califor­
nia (Fig. 6b), the same places where enhancements in ET are 
strongest. Increases in grass are centered in the Great Basin 
(Fig. 6d). 

At both the case studies and across CONUS, Figs. 4–6 in­
dicate that it is necessary to incorporate both the modified hy­
drology and the modified storage capacity in order to achieve 
best performance. Throughout the remainder of the results, 
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Figure 5. Predicted vegetation community, as measured by fraction of LAI devoted to C3G (C3 grass) vs. TeBE (temperate broadleaf 
evergreen tree). The shaded regions denote the actual vegetation community composition at (red) Elder Creek and (green) Dry Creek, 
estimated from field observations. Dotted lines indicate lines of constant total LAI, and dashed lines indicate lines of constant ratio between 
TeBE and C3G. Default model configuration (blue circle) does not closely match either the Dry Creek or Elder Creek biome. It is necessary 
to modify both the hydrology scheme (squares) and the subsurface storage capacity (red for Elder Creek and green for Dry Creek) to achieve 
the best match to the actual vegetation community. 

we will show results only for the fully default model and the 
fully modified model. 

3.3	 More plant-accessible water results in more 
transpiration 

Enhanced water availability (along with the modified hydrol­
ogy) translates into overall greater plant transpiration at the 
case study sites (transpiration T ; Fig. 7a and b). As storage 
capacity increases from Dry Creek (green) to default (blue) 
to Elder Creek (red), T shifts later into the summer, better 
matching T derived from the satellite-derived product PML­
V2 (Zhang et al., 2019). 

With modified storage capacity and hydrology, T is 
enhanced across CONUS relative to the default model 
(Figs. 8a–c and A4 in the Appendix), with a median in­
crease of 100–150 mm annually. This effect is particularly 
notable in the late-summer months, when monthly T can in­
crease by a median of 20 mm. As with the case study, both 
modified hydrology (Fig. 8b) and modified storage capacity 
(Fig. 8c) result in generally greater T , with an additive ef­
fect between both changes resulting in strong increases in ET 
along the west coast, Texas, and the southeast (Fig. 8a). The 
regions with the greatest increase in ET match with the areas 
with highest storage capacity in the modified storage capac­
ity model (Fig. 8d). The effect is strongest in the intersection 
between areas with large root-zone storage capacity and high 

asynchronicity index (Fig. 8e). T increases are largely lim­
ited to temperate dry summer and temperate no-dry-season 
climates (Fig. 8f). 

To compare with the satellite-derived product PML-V2 
product, we use the modeled ET, which includes, in addi­
tion to T , modeled soil evaporation and interception. While 
we generally report changes in T to highlight the plant re­
sponse, we compare ET from LPJ-GUESS to PML-V2 to 
ensure that different partitioning between evaporation and 
T does not affect the comparison. The increase in summer 
T results in more accurate summer ET (July–September) 
across CONUS when compared to PML-V2 (Fig. 9a). KGE 
between mean annual summer ET from LPJ-GUESS and 
PML-V2 improves from 0.27 for the standard model to 0.89 
with the modified model (see Table A1 in the Appendix 
for more details). As the difference in storage capacity be­
tween the modified and default models increases, the fit be­
tween PML-V2 and the default LPJ-GUESS summer ET be­
comes worse, with the highest median error around 100 mm 
from July–September (Fig. 9a). With modified storage capac­
ity and hydrology, the fit is much better, and median errors 
nearly vanish until the largest storage capacity bins (Fig. 9a). 
Across CONUS, these error reductions are strongest in the 
west and western Texas, although improvements are visible 
across most of the area (Fig. 9c and d). The change in storage 
capacity between the modified and default models does an 
excellent job determining how large of a change there will be 
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Figure 6. Modifications to hydrology and subsurface storage capacity impact the modeled plant community across CONUS. (a) As the 
modified storage capacity grows relative to the default, more trees are supported. When storage capacity decreases, fewer trees are supported. 
Conversely, in (b) there is more grass at lower storage capacity and less grass at higher capacity. Panels (b) and (d) show the spatial patterns 
of changes in vegetation. In (b), more trees are supported along the west coast and in Texas, while fewer trees are supported in the Great 
Basin. In (c), more grass is supported in the Great Basin. In (a) and (c), points mark median value for each bin, and the range spans the 
25th–75th percentile. 

to summer ET (Fig. 9a), so places with little change in sum­
mer ET are those where the storage change was negative or 
very small. In terms of overall model performance, summer 
ET improvements with the fully modified model drive strong 
model improvements, although annual runoff and overall ET 
performance is slightly decreased (Appendix A). 

3.4	 When using modified hydrology, interpretation of 
dominant runoff generation mechanisms is 
dramatically different 

The modified hydrology scheme results in a massive shift in 
the runoff generation mechanism from mostly Horton over­
land flow to essentially all groundwater-mediation runoff 
(Fig. 10). This change matches our understanding of runoff 
generation at Elder Creek (Salve et al., 2012) and Dry Creek 
(Lapides et al., 2022), where Horton overland flow does not 
occur (Hahm et al., 2019; Dralle et al., 2018). More gener­

ally, the prevalence of groundwater-mediated runoff matches 
the contemporary understanding of runoff processes in up­
land, vegetated landscapes. 

4 Discussion 

4.1	 Where is it most important to account for rock 
moisture? 

Across CONUS, the largest enhancements in transpiration 
(T ) with the modified storage and hydrology occurred along 
the west coast and in Texas with other visible gains around 
the southeast (Fig. 8a). Both the west coast and Texas expe­
rience long dry periods with substantial precipitation in be­
tween (Kottek et al., 2006). However, annual patterns of pre­
cipitation delivery are markedly different. On the west coast, 
precipitation is delivered primarily in the winter with a pre-
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Figure 7. Comparison between average monthly ET as estimated by LPJ-GUESS using different storage and hydrology and from PML­
V2 for (a) Elder Creek, which has a large subsurface storage capacity, and (b) Dry Creek, which has a small subsurface storage capacity. 
Transpiration from PML (black triangles) shows sustained T (transpiration) into the dry season. LPJ-GUESS best approximates this behavior 
at Elder Creek with both greater subsurface storage capacity and the modified hydrology routine. 

dictably dry summer (Kottek et al., 2006), whereas in Texas, 
dry periods are scattered throughout the year. Thus, for both 
areas, the ability to store more water allows for sustained T 
through dry periods when plants can continue to transpire 
water stored underground. For the west coast, the dry period 
is specifically the summer, so the enhancement in T is par­
ticularly clear when examining summer ET only (Fig. 9b), 
whereas the increase in ET is spread throughout the year 
for Texas and the southeast. Regardless of the seasonal pat­
tern, enhanced water availability allows for enhanced T and 
representation of a lusher vegetation community particularly 
where dry periods are common and storage capacity is large. 
The resulting impact on the water cycle can be large (more 
than 100 mm more T per year; Fig. A4a in the Appendix), 
corresponding to a large change in modeled vegetation com­
munity (Fig. 6), net primary productivity (Fig. A2), and car­
bon storage (Fig. A3). 

4.2	 Further improvements to LPJ-GUESS needed to 
capture late-summer ET 

In the Elder Creek case study, transpiration (T ) is extended 
later into the summer when using the modified storage and 
hydrology (Fig. 7). However, T from LPJ-GUESS still drops 
before T from PML-V2. This behavior holds for the sites 
across CONUS with the largest storage, where summer ET 
is still underestimated by LPJ-GUESS relative to PML-V2 
(Fig. 9). It is possible that PML-V2 may overestimate the ex­
tent to which T continues through the late summer (MODIS 
may overestimate late-summer T ; Link et al., 2014). How­
ever, if T does continue further into the summer at sites with 

large storage capacity, what limits this late-summer T in LPJ­
GUESS? 

The case study root-zone moisture time series provide a 
clue. For Dry Creek and default storage capacity, all stor­
age water was used up in the summer (Fig. 4c). This drop 
in available storage corresponded to a drop in T . At Elder 
Creek, T also drops before the end of the summer, but signif­
icant water remains in storage (Fig. 4c). This is true for min­
imum storage at large-storage-capacity sites across CONUS, 
where up to a median of about 200 mm of storage remained 
even at the driest time of year (Fig. A5c in the Appendix). 
Since simulated transpiration is given by the smaller of wa­
ter supply or demand, the fact that the supply was not used 
up indicates that the model identified demand-limited (rather 
than supply-limited) conditions. This observation indicates 
that the limitation on late-summer T was no longer water 
availability but something related to plant physiology or root 
water uptake. To rule out root distribution or water uptake 
strategy, we perturbed the root distributions (10 %, 40 %, and 
90 % of roots in top soil layer) and applied three of the built-
in water uptake schemes (SMART – used in this study –, 
root-distribution-based, and water-content-based) in the case 
study sites. Across all of these permutations, none resulted 
in an enhanced transpiration signal that extends later into the 
dry season than the results presented in the main text (see 
Appendix C), indicating that plant physiology routines are 
driving the downregulation of T late in the summer. There­
fore, the limitation on late-summer T must be related to a 
rate limitation from photosynthetic pathways that may not 
be well-represented in LPJ-GUESS since they are still not 
fully understood in water-limited conditions (Tezara et al., 
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Figure 8. (a–c) Difference in simulated annual T between each modified simulation and the simulation with default storage capacity and 
hydrology. In (a), regions with the largest enhancement in T from modifications to storage and hydrology include the west coast, Texas, and 
the southeast. (d) Root-zone storage used for the modified storage capacity, as described in Sect. 2.3. The largest storage capacities are found 
in California and in a vertical band running north from Texas. (e) Asynchronicity index, demonstrating difference in seasonality between 
ET and precipitation at each pixel, following Feng et al. (2019). See Sect. 2.3 for more detail. (f) Koppen–Geiger climate classification from 
Kottek et al. (2006). Symbols are defined as follows: Af – tropical rainforest; Am – tropical monsoon; Aw – tropical savanna; BS – dry 
semi-arid; BW – dry arid desert; Cf – temperate no dry season; Cs – temperate dry summer; Df – continental no dry season; Ds – continental 
dry summer; ET – polar tundra. 

1999; Tuzet et al., 2003; Pappas et al., 2013; Zweifel et al., 
2006; Vico and Porporato, 2008; Lawlor and Tezara, 2009; 
Keenan et al., 2010; McDowell, 2011; Tardieu et al., 2011; 
Sun et al., 2020). Thus, if it is necessary to further enhance 
late-summer T for greater model realism, it is necessary to 
improve the plant physiology in addition to the hydrology 
scheme and storage to see further gains. 

Elder Creek (480 mm storage capacity) and Dry Creek 
(180 mm storage capacity) have storage capacities at the 79th 
and 4th percentiles of storage capacities in the region with 
a Mediterranean climate included in this study (Cs label in 
Fig. 8e). As such, they capture two broad sets of behavior 
found in sites with Mediterranean climates that are also com­
mon beyond these sites, but they do not fall into the mode of 
the distribution of storage capacities, which is 330 mm. Thus, 
it would be valuable to continue with more site-specific stud­
ies to identify whether additional complexity or alteration to 

the model structure would be valuable. In particular, it would 
be valuable to explore rock moisture dynamics in DGVMs 
in snow-dominated sites, which was not explored in detail in 
this study. 

4.3 Implications for DGVMs and ESMs 

Three key conclusions can be drawn from this work to in­
form DGVM modeling and Earth system models (ESMs). 
Firstly, modeling the ability of plants to access moisture in 
weathered bedrock has the capacity to improve DGVMs. 
These improvements will change water fluxes and vegetation 
cover and, in the context of simulation with ESMs, also en­
ergy fluxes. Including these improvements in the land surface 
components of ESMs has the potential to reduce model bi­
ases, particularly in the atmospheric model component which 
is dependent on the land surface for its lower boundary con-
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Figure 9. (a) Difference in summer ET between each simulation and ET from PML-V2 across CONUS. Points mark median value, and the 
range shown spans the 25th–75th percentile. Summer is defined as July–September. As the change in storage capacity grows, the difference 
in summer ET between PML-V2 and the default model grows as well, with the default model underpredicting ET by an average of about 
80 mm. The histogram above shows the distribution of pixels across the storage differences from the default model. (b) A map of the 
difference between summer ET in the fully modified model and in the default model. The most important summer gains are along the west 
coast, particularly in California. Differences between summer ET as modeled by PML-V2 and (c) the default model and (d) the modified 
model. 

dition. Given the importance of climate modeling, this would 
appear to be of high scientific and political priority. How­
ever, doing so for global modeling will be challenging as 
most regions are relatively data and knowledge poor when 
compared to the CONUS and the study sites. Implement­
ing weathered bedrock soil moisture in global DGVMs (and 
therefore ESMs) will likely require a coordinated effort by 
hydrologists, ecologists, and DGVM and ESM modelers. 

Secondly, we note that DGVMs are sensitive to both stor­
age and water flow pathways. Historically, this may not 
have been fully recognized. Pappas et al. (2013) found that 
LPJ-GUESS results were sensitive to only one hydrological 
model parameter: soil storage capacity. Our results corrobo­
rate this finding to some extent, but we also found that alter­
ing the hydrology scheme was important, in particular setting 
the maximum rate of infiltration to saturated hydraulic con­
ductivity. However, the increase in infiltration rate with the 
modified hydrology became important only with large stor­
age capacities (at least 100 mm more than default storage ca­
pacity; see Fig. A4), which fall outside the range explored 

by Pappas et al. (2013). Thus, our analysis reveals the im­
portance of improved process representation, as well as rep­
resenting realistic storage capacity. Other aspects of hydrol­
ogy may also be essential to account for in certain regions or 
landscape positions, such as lateral groundwater flows (Fan 
et al., 2019). However, most DGVMs are not structured to 
account for topography, making the inclusion of both sub­
surface and surface water flow subsidies highly challenging. 
Future efforts could explore more complex hydrology by re­
structuring a DGVM like LPJ-GUESS to take into account 
topography or coupling the plant dynamics in a DGVM such 
as LPJ to an existing hydrological model. 

Finally, improving the simulated hydrology (via, for exam­
ple, weathered bedrock moisture) will present opportunities 
to reevaluate and improve the representation of related plant 
processes (in this case plant water demand). This is well evi­
denced by the case of the simulated late-summer T shortfall 
as discussed above. Furthermore, in some cases some adjust­
ments may even be essential as unrealistic hydrology may 
have required a compensating error in other processes, and 
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Figure 10. Evaluation of runoff partitioning between surface flows and groundwater-mediated flows in the different model setups for (a) the 
case study sites and (b) across CONUS. With the modified hydrology scheme (squares in panel a, orange circle and green square in panel b), 
essentially all runoff is groundwater-mediated, whereas most runoff is Horton overland flow in the default model (circles in panel a, violet 
triangle and blue x in panel b). 

this error will be laid bare under the new hydrology scheme. 
It might be possible to mitigate such cases with fairly minor 
adjustments to existing process representations. However, in­
creased realism on the hydrological side presents an opportu­
nity to implement and test alternative approaches for model­
ing plant responses. In particular, recent developments in un­
derstanding plant behavior using eco-evolutionary optimality 
approaches (Stocker et al., 2020; Joshi et al., 2022) may pro­
vide alternative process representations that synergize with 
improved hydrology to increase overall model realism. 

4.4 Model simplifications 

The modified hydrology and subsurface representations pre­
sented in this study are simplified relative to reality. The hy­
drology scheme is 1-D, and subsurface structure is repre­
sented using only two buckets (soil and weathered bedrock). 
Even with this simple representation, enhanced process real­
ism and realistic subsurface storage capacities significantly 
improve flux calculations (see Figs. 4–9), indicating that pre­
vious model limitations were not due primarily to the bucket 
model structure (as expected from previous studies, e.g., Pap­
pas et al., 2013). However, using only two subsurface layers 
regardless of the depth does have limitations. For instance, 
the two-layer model does not allow for plants of different 
rooting depths within the upper soil layer to have different 
water access. If the upper soil layer is 150 cm thick, then 
a grass that roots to 50 cm has the same access to water 
as a plant that roots to 120 cm – both have full access to 
the upper soil layer. This setup also provides no ability to 
prescribe different plant sensitivities to water limitations at 
detailed sublayers within the root profile. Given the great 

complexity involved in plant water uptake, however, and our 
use of subsurface storage estimates based on actual plant 
water use (McCormick et al., 2021), it is reasonable to as­
sume that plants have access somehow to all stored water 
(Feddes et al., 2001). The simplicity of the two-layer model 
allows for plants to access all of the available water with­
out prescribing detailed strategies based on root profiles and 
niches. However, the model setup here does preserve the core 
logic implicit in the LPJ-GUESS hydrology, which is that 
grasses have very limited access to deeper soil water and that 
trees have more. Further, since layer depths were determined 
based on soil properties to achieve the desired storage, layer 
depths may not correspond to actual depths of water stor­
age in the landscape, so using rooting depths to determine 
plant water access within the profile is not appropriate in this 
model structure. 

4.5 Extending model modifications to other countries 

The data sources used in this study for soil capacity and to 
calculate weathered bedrock storage capacity are specific to 
the United States. To extend this model beyond the United 
States, it would be most important to extend estimates of to­
tal plant-accessible storage since soil datasets are generally 
inadequate to represent plant-accessible water stores even 
where they are available (McCormick et al., 2021) due to 
widespread plant water uptake from layers deeper than those 
in traditionally mapped soil databases. While the specific dis­
tributed water flux datasets used in this study are not glob­
ally available, Wang-Erlandsson et al. (2016) used a similar 
deficit-based strategy to the one used in this study to esti­
mate plant-accessible water storage globally with alternative 
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water flux datasets. The accuracy of estimates of this type is 
limited by both (i) the accuracy of the input water flux data 
and (ii) the time period of data availability. In the case of the 
present study, the PML-V2 evapotranspiration and PRISM 
precipitation datasets used to calculate the root-zone storage 
deficit close mass balance well with USGS streamflow gages 
(Rempe et al., 2023) in undisturbed watersheds in the west­
ern United States. However, data concordance should be con­
firmed with any data sources to be combined for use in a root-
zone storage deficit calculation since mass balance errors can 
compound over time. Second, the time period of data avail­
ability is important since the maximum root-zone storage 
deficit provides only a minimum bound on plant-accessible 
water storage. With a longer time series, the minimum bound 
is more likely to approach the actual plant-accessible water 
storage, particularly if dry periods or disturbances like fire or 
logging are included in the time series. Shorter time series or 
time series that fall during a particularly wet period of history 
may be more likely to underestimate plant-available water 
storage. Based on the findings of this study, underestimating 
storage capacity would result in lower evapotranspiration and 
less tree growth in LPJ-GUESS, and overestimating storage 
capacity would result in the opposite. 

5 Conclusions 

In this study, we unite three important themes that have re­
cently emerged from critical zone research efforts, respond­
ing to a recent call for action to better incorporate findings 
from critical zone science into Earth system models (Fan 
et al., 2019): (i) the observation that water sourced from 
below soil, within weathered bedrock, commonly sustains 
plant communities through seasonal dry periods (e.g., Rempe 
and Dietrich, 2018; Rose, 2003; Schwinning, 2010); (ii) the 
observation that the structure – or weathering profile – of 
this weathered bedrock zone dictates its water storage capac­
ity and seasonal water storage dynamics (e.g., Dralle et al., 
2018; Hahm et al., 2019, 2022); and (iii) empirical and the­
oretical work that suggests that critical zone architecture 
varies systematically across the landscape as a function of 
lithology, tectonics, and climate (e.g., Pelletier et al., 2018; 
Riebe et al., 2017). We bring these insights to bear on global 
dynamic vegetation models (DGVMs) by incorporating wa­
ter stored in weathered bedrock into a widely used DGVM, 
LPJ-GUESS. The addition of this spatially variable deeper 
moisture store (“rock moisture”) along with updates to the 
hydrology module allowed LPJ-GUESS to capture the dif­
ferences in vegetation community and response between two 
intensively studied sites with similar climate but very distinct 
vegetation communities. When applied across the contiguous 
United States, the addition of rock moisture allowed for en­
hanced evapotranspiration later into the dry season at season­
ally dry sites, better capturing observed behavior. This work 
highlights the importance of accounting for rock moisture in 

DGVMs and Earth system models and provides a roadmap 
for the inclusion of rock moisture in other modeling frame­
works. 

Appendix A: Model evaluation – runoff 

We evaluated overall model performance by comparing mod­
eled annual runoff, annual ET, and summer ET across 
CONUS. PML-V2 (Zhang et al., 2019) was used as the ref­
erence ET dataset, and a reference runoff dataset was cal­
culated as the difference between precipitation from PRISM 
(PRISM Climate Group, 2014) and ET from PML-V2. We 
compared mean annual runoff and mean summer ET at each 
pixel (Fig. A1 for runoff and Fig. 9 for summer ET). There 
is essentially no difference in performance at estimating an­
nual runoff among the different LPJ-GUESS model scenarios 
tested (Fig. A1. However, summer ET model performance 
for pixels with a large subsurface storage capacity was signif­
icantly improved with the LPJ-GUESS model with modified 
storage and hydrology (Fig. 9). 

We further explored model performance for runoff and ET 
using Kling–Gupta efficiency (Gupta et al., 2009) and a met­
ric determining the effectiveness at capturing spatial distri­
bution, calculated following Seiler et al. (2022) as 

Sdist = 2(1 + R)

 
σ +

1 
 
σ

 −2

, (A1)

where R is the correlation coefficient between a mean annual 
variable from an LPJ-GUESS model scenario and a reference 
dataset, and σ is given as 

σmodel 
σ = , 

σreference 
(A2)

where σmodel and σreference are the standard deviation of a 
mean annual variable for the LPJ-GUESS model scenario 
and the reference dataset, respectively. 

For annual runoff and annual ET, KGE with the refer­
ence data decreases from the standard model to the modi­
fied model. The difference is modest but measurable in both 
cases. The spatial distribution of annual runoff and ET are 
captured essentially the same by all model scenarios. Dry-
season ET performance, however, is substantially improved 
from the standard to the modified model from a KGE of 
0.27 (poor performance) to 0.89 (excellent performance). 
The spatial distribution is also captured significantly better 
(improves from 0.66 to 0.96). 
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Table A1. Model performance for different subsurface structures and hydrology schemes showing runoff performance against mass balance 
and ET performance against PML-V2. KGE is the Kling–Gupta efficiency (Gupta et al., 2009), and Sdist (Seiler et al., 2022) describes how 
well the spatial distribution of values is captured. 

Hydrology Storage capacity Runoff KGE Runoff Sdist ET KGE ET Sdist ET KGE (dry season) ET Sdist (dry season) 

Standard Standard 0.57 0.96 0.90 0.95 0.27 0.66 
Standard Modified 0.51 0.96 0.82 0.94 0.81 0.92 
Modified Standard 0.49 0.94 0.80 0.93 0.54 0.78 
Modified Modified 0.45 0.96 0.73 0.93 0.89 0.96 

Figure A1. Mass balance check showing that the model modifi­
cations do not affect mass balance. Runoff from LPJ-GUESS is 
slightly lower than that calculated via mass balance from PRISM 
precipitation and PML-V2 ET across all pixels and simulations. 
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Figure A2. Impact of modified hydrology and storage relative to default LPJ-GUESS model on (a) net primary productivity (NPP) and 
(b) carbon (C) sequestration. Both NPP and C are enhanced with modified storage and hydrology schemes. 

Figure A3. Rock moisture storage across CONUS, as described in Sect. 2.3 of the main text. This storage reservoir represents water held 
below soils in weathered bedrock and is given by the difference between total estimated root-zone storage capacity and estimated soil storage 
capacity. 
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Figure A4. Binned histograms of the difference in simulated transpiration (T ) between each simulation and the simulation with default 
storage capacity and hydrology as a function of the change in storage capacity from the default to modified for (a) annual T and (b– 
d) monthly T for July, August, and September, respectively. Dashed grey lines mark (horizontal) no T change from the default model and 
(vertical) no storage capacity change between the modified and default storage capacity. Vertical lines for each marked point indicate the 
spread from 25th–75th percentile. There is little change in T for locations with a change in storage of < 100 mm. When greater than 100 mm, 
though, both the modified hydrology and modified storage capacity separately result in enhanced T , with the combined effect for the fully 
modified simulation being an average of about 100 mm annual increase for sites with large modified storage capacity or a monthly difference 
of about 20 mm in August. The result is significantly enhanced T , with the largest effect at sites with the largest storage capacity in the 
modified model. 
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Figure A5. Average maximum annual moisture storage in each soil or weathered bedrock layer and across the full root zone for all four 
simulations (a) across CONUS and (b) for pixels across CONUS where storage capacity increases by more than 200 mm. Differences between 
simulations are more substantial with a larger storage increase in panel (b). (c) Minimum root-zone storage as a function of difference in 
storage capacity from the default across CONUS. With large storage capacity, significant amounts of water remain in storage at all times. 
(d) Difference in maximum mean monthly plant-available moisture from the default model to each simulation across CONUS. As the 
difference in storage capacity grows, up to an average of 300 mm more moisture is available. In all panels, error bars show the range from 
25th–75th percentile. 

https://doi.org/10.5194/bg-21-1801-2024 Biogeosciences, 21, 1801–1826, 2024 

https://doi.org/10.5194/bg-21-1801-2024


1822 D. A. Lapides et al.: Bedrock moisture in a DGVM 

Figure A6. Elder Creek transpiration using three different root distributions for trees and three different water uptake strategies. All water 
uptake strategies and root distributions result in downregulated transpiration later in the summer compared to the PML-V2 distributed data 
product. 

Appendix B: Additional CONUS-wide results 

Modified hydrology and storage capacity generally result in 
more plant-available moisture (Fig. A5a and b). For loca­
tions where storage capacity increases by more than 200 mm 
between the default and modified storage capacity, differ­
ences between simulations in plant-available moisture are 
magnified (Fig. A5b). At an annual level, modified hydrol­
ogy increases root-zone storage, but modified storage capac­
ity has an even bigger impact on root-zone storage. As the 
modified storage capacity increases, maximal plant-available 
moisture with the modified storage capacity and hydrology 
grows to a median of about 300 mm more than with the de­
faults (Fig. A5d). 

Appendix C: Root distribution and water uptake 
impacts on transpiration 

To explore how the root distribution and water uptake rou­
tines may impact results, we adjusted the tree root distribu­
tion and water uptake scheme for the case study sites. We 
used three different root distributions (10 %, 40 %, and 90 % 
of roots in the upper layer). The 10 % and 90 % cases repre­
sent extremes of most roots in the lower level vs. most roots 
in the upper level, and the 40 % case is the default root dis­
tribution for trees that is used in this study. We applied three 
different water uptake schemes, including smart (described 
in Sect. 2.2.4), root-distribution-based (water uptake distri­
bution follows the root distribution), and water-content-based 
(water uptake distribution follows the distribution of mois­
ture in the profile multiplied by the root distribution). We 
ran LPJ-GUESS for the Elder Creek case study site for all 
permutations of the three root distributions and water uptake 
schemes (Fig. A6). The root distribution and uptake scheme 
have a large impact on resulting transpiration. Of the three 
schemes, smart is most appropriate for this model applica­
tion since it is the only scheme that allows roots to access 
the bottom soil layer fully regardless of the root distribution. 
This is important since the soil layers were sized under the 
assumption that plants can access the water. It is therefore un­
surprising that the model runs using the smart water uptake 
scheme all result in a similar transpiration curve that is higher 
than those using the other water uptake distributions. There is 
only a small impact of root distribution on the transpiration 
curve when using the smart water uptake scheme since the 
root distribution is only used to set a maximum transpiration 
rate. Across all water uptake schemes and root distributions, 
transpiration is downregulated late in the summer, indicating 
that root distribution or water uptake are not the drivers of 
transpiration downregulation. 
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Code and data availability. The modified version of the LPJ­
GUESS DGVM used to produce the results described in this pa­
per and the required input data and produced output are avail­
able on CyVerse at https://data.cyverse.org/dav-anon/iplant/home/ 
danalapides/Lapides_LPJ_Rock_Moisture_2023 (Lapides et al., 
2024). 
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