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Abstract The estimation of groundwater storage variations is important for quantifying available water
resources and managing storage surpluses to alleviate storage deficiencies during droughts. This is particu-
larly true in semi-arid regions, where multiyear droughts can be common. To complement the local informa-
tion provided by soil moisture and well level measurements, land models such as the Community Land
Model (CLM) can be used to simulate regional scale water storage variations. CLM includes a bulk aquifer
model to simulate saturated water storage dynamics below the model soil column. Aquifer storage
increases when it receives recharge from the overlying soil column, and decreases due to lateral flow (i.e.,
base flow) and capillary rise. In this study, we examine the response of the CLM aquifer model to transitions
between low and high recharge inputs, and show that the model simulates unrealistic long-period behavior
relative to total water storage (TWS) observations from the Gravity Recovery and Climate Experiment
(GRACE). We attribute the model’s poor response to large wetting events to the lack of a finite lower bound-
ary in the bulk aquifer model. We show that by removing the bulk aquifer model and adding a zero-flux
boundary condition at the base of the soil column, good agreement with GRACE observations can be
achieved. In addition, we examine the sensitivity of simulated total water storage to the depth at which the
zero-flux boundary is applied, i.e., the thickness of the soil column. Based on comparisons to GRACE, an opti-
mal soil thickness map is constructed. Simulations using the modified CLM with the derived soil thickness
map are shown to perform as well or better than standard CLM simulations. The improvements in simu-
lated, climatically induced, long-period water storage variability will reduce the uncertainty in GRACE-based
estimates of anthropogenic groundwater depletion.

1. Introduction

The use of groundwater resources to compensate for precipitation shortfalls has grown due to population
increases and greater extraction intensity [Konikow, 2011; Wada et al., 2010; Siebert et al., 2010]. In many
regions, groundwater withdrawals are currently considered unsustainable [Famiglietti, 2014; Gleeson et al.,
2012], and studies projecting future conditions predict increasing demand for groundwater resources
[Wada et al., 2013; Taylor et al., 2012; Alcamo et al., 2007].

Groundwater storage varies in response to both natural climate variability and human activities. Separating the
effects of variations in precipitation and recharge from the impacts of human influences is important for under-
standing and managing groundwater resources [Konikow, 2015]. At the regional scale, a number of studies have
used estimates of total water storage from GRACE satellite data and land models forced with observed meteoro-
logical data to quantify the contribution of human withdrawals to observed trends in water storage [Tiwari et al.,
2009; Kuss et al., 2012; Voss et al., 2013; Long et al., 2013; Joodaki et al., 2014; Castle et al., 2014].

GRACE-based groundwater extraction estimates are subject to errors in both the GRACE observations and
the models used to remove the natural component of water storage variability. Swenson and Lawrence
[2014] showed that large systematic biases in the seasonal cycle of water storage in semi-arid regions mod-
eled by CLM were greatly reduced after improvement of the soil evaporation parameterization. Other water
storage biases still exist in CLM, notably in the simulation of interannual variability. Improving the ability of
CLM to accurately simulate climatically forced interannual water storage changes will lead to more accurate
GRACE-based estimates of anthropogenic groundwater depletion.

The choice of lower boundary of a land model can have implications for a variety of processes, such as sur-
face runoff, infiltration, surface turbulent heat fluxes, root water uptake and transpiration, base flow; in
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general, any process affected by the vertical distribution of moisture within the soil [Maxwell and Miller,
2005; Yeh and Eltahir, 2005; Niu et al., 2007; Miguez-Macho et al., 2007; Anyah et al., 2008; Lo and Famiglietti,
2010; Leung et al., 2011]. In this study, we give examples of unrealistic long-period (interannual to decadal
timescale) variability in CLM and show that these long-period biases are a consequence of the model soil’s
lower boundary condition.

In regions experiencing extended dry conditions (characterized by anomalously low recharge for multiple
years) followed by large precipitation events, we show that CLM greatly overestimates the increase in total
water storage relative to GRACE. Based on the long time scale of the response, the source of the water stor-
age bias can be attributed to the aquifer model dynamics. Specifically, the water table drops continuously
during extended drought conditions, and when a shift in surface climate conditions occurs and precipita-
tion increases, the accumulated groundwater storage deficit must be met before base flow becomes large
enough to balance the new recharge amount. GRACE observations indicate that total water storage typi-
cally does not decline indefinitely during long-term drought conditions. Furthermore, by comparing CLM to
GRACE, it is apparent that increased CLM simulated water storage in response to the resumption of normal
or above-normal precipitation is too large. Instead, nearly all of the water storage variability seen in the
GRACE observations can be explained by the modeled soil moisture and surface water, reinforcing the
implication that the groundwater dynamics are unrealistic.

To eliminate the spurious long-period variability simulated by CLM we replace the time-varying lower
boundary with a zero-flow boundary at a fixed depth. The subsurface lateral flow parameterization is
changed such that base flow is calculated only when saturated conditions exist within the soil column. The
addition of a fixed lower boundary limits the magnitude of water storage deficits during extended condi-
tions of low recharge and thus improves the agreement with GRACE total water storage observations dur-
ing these times. We demonstrate the effect of the model changes for two regions that show clear water
storage biases. We then examine the relative impacts of the direct effects of the modified lower boundary
and the indirect effects of changes to infiltration. Finally, we explore the sensitivity of simulated water stor-
age to the thickness of the soil column. Based on this sensitivity study, a map of CLM soil thickness parame-
ters designed to best reproduce GRACE TWS variability is constructed. A CLM simulation using these
parameter values together with a zero-flow lower boundary condition is shown to perform as well or better
globally than a standard CLM simulation with respect to GRACE TWS variability.

2. Data

2.1. The Community Land Model
The Community Land Model (CLM) [Lawrence et al., 2011] is the land component of the Community Earth
System Model (CESM) [Hurrell et al., 2013]. CLM simulates the partitioning of mass and energy from the
atmosphere, the redistribution of mass and energy within the land surface, and the export of fresh water
and heat to the oceans. To realistically simulate these interactions, CLM includes terrestrial hydrological
processes such as interception of precipitation by the vegetation canopy, throughfall, infiltration, surface
and subsurface runoff, snow and soil moisture evolution, evaporation from soil and vegetation and tran-
spiration [Oleson et al., 2013]. Here we use CLM version 4.5, with the addition of the soil evaporative
resistance parameterization described in Swenson and Lawrence [2014]. Swenson and Lawrence [2014]
showed that greater soil evaporative resistance in semiarid regions can significantly reduce evaporation,
thereby changing the partitioning of precipitation and the variability of soil moisture, runoff, and
evapotranspiration.

Subsurface hydrology in CLM consists of a 10 layer soil column spanning the uppermost 3.8 m of the land
surface coupled to an additional ‘‘aquifer’’ layer representing the time-varying volume of soil between the
deepest layer of the static soil column and the water table [Lawrence et al., 2011; Niu et al., 2007]. The aqui-
fer layer represents changes in saturated subsurface water storage, i.e., groundwater. When the water table
is below the bottom of the soil column, a zero-flow lower boundary condition in the vertical direction is
applied at the water table depth. When the water table is shallower than the bottom of the deepest soil
layer, the zero-flow condition is applied at the bottom of the tenth soil layer. Lateral flow from the aquifer
and soil column to the river network is parameterized as an exponential function of water table depth [Niu
et al., 2007]. A key feature of the aquifer model is that the total amount of water in the aquifer is uncon-
strained; in the absence of recharge, the aquifer will drain and the water table depth will drop indefinitely.
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In this study, CLM is forced with atmospheric conditions for the period 1980–2014 from the European
Centre for Medium-Range Weather Forecasting ERA-Interim reanalysis [Dee et al., 2011]. The precipitation
inputs are bias-corrected using merged satellite-gauge precipitation analyses from the Global Precipitation
Climatology Project (GPCP) [Huffman et al., 1997]. The spatial resolution of the simulations is 1.258 longitude
3 0.98 latitude.

2.2. GRACE Total Water Storage Data
The Gravity Recovery and Climate Experiment (GRACE) satellite project monitors the orbits of the twin
GRACE satellites to produce monthly estimates of the Earth’s gravity field [Tapley et al., 2004]. Changes in
the gravity field can be used to infer changes in total (vertically integrated) terrestrial water storage, and
GRACE data have been used to make global estimates of TWS having a spatial resolution of a few hundred
km and greater [Wahr et al., 2006], with higher resolution attainable via the use of model-dependent scaling
techniques [Landerer and Swenson, 2012].

In this study, we use Release 5 (RL05) data produced by the Center for Space Research (CSR). CSR gravity
fields are provided as spherical harmonic coefficient sets complete to degree and order 60. The gravity field
coefficients contain both random and systematic errors, so before the data are converted to mass (in units
of equivalent water thickness) and gridded, a two-step filtering process is applied. Systematic errors,

Figure 1. Maps showing locations of study regions. (top) The Lower Colorado River basin. (bottom) NE Australia.
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identified by correlations between co-
efficients, are removed using the filter
described by Swenson and Wahr
[2006], while the random error compo-
nent, which increases as a function of
decreasing wavelength, is reduced by
smoothing the data with a Gaussian fil-
ter with a half-width corresponding to
250 km [Wahr et al., 1998].

3. CLM Water Storage Biases

Two regions were chosen in which
large TWS biases are apparent: the
Lower Colorado River basin, in the
southwestern United States, and a
region in northeastern Australia
defined by a circle of 250 km radius
centered at latitude 218 S and longi-
tude 1458 E (Figure 1). Both regions are
semiarid environments, and can experi-
ence multiyear drought conditions.

Figure 2 compares regional average
time series of total water storage simu-
lated by CLM to observations from
GRACE. A key feature of the Lower Colo-
rado River basin time series is the large
increase in water storage occurring in
2005. In the decade preceding 2005,
mean annual precipitation (based on
water year) was about 270 mm, while in

the years following 2005, mean annual precipitation was about 250 mm. In 2005, 450 mm of precipitation fell
in the region, or roughly 170% more than the average for the period 1995–2014. In response to the anoma-
lously large precipitation, the GRACE time series shows that TWS increased by about 100 mm (Figure 2, top).
In about 2 years, the 2005 TWS anomaly decreased to pre-2005 values, then decreasing again in the last 2–3
years of the observed time period. The CLM TWS time series shows qualitatively similar behavior. In contrast
to the GRACE TWS time series, however, the TWS in the CLM simulation increased nearly 200 mm during
2005, after which it steadily declined for the rest of the time period. During the period 2005–2010, the root-
mean-square difference (rmsd) between the two time series is 57 mm, while outside the same period the
rmsd is 17 mm. The uncertainty in the GRACE TWS time series, estimated using the method of Wahr et al.
[2006], is 6 13 mm.

Figure 2 (bottom) shows that substantial TWS biases are also present in the simulation of the NE Australia
region. Precipitation in this region exhibits strong interannual variability, with high precipitation around
2000 and again around 2010. During the years 1998–2002 and 2008–2012, average annual precipitation var-
ied between 800 and 900 mm, while during the rest of the time period values of 500–600 mm were
observed. The GRACE TWS time series shows a relatively stable period from 2002 to 2005, followed by gen-
erally increasing TWS anomalies from 2006 to 2012 and a decreasing trend after 2012. The CLM TWS time
series decreases steadily until about 2006, after which time it greatly overestimates the increase in water
storage by a factor of about 2. Before 2008, the rmsd is 72 mm; after 2008, the rmsd increases to 173 mm.
The uncertainty in the monthly GRACE TWS data is estimated to be 6 51 mm.

The difference in the observed and simulated responses to the 2005 precipitation anomaly in the Lower
Colorado River basin can be understood by examining the relative contributions to TWS from soil moisture
and groundwater. CLM groundwater is shown in Figure 3 (middle left). The groundwater time series is

Figure 2. Total water storage anomalies (mm). (top) Regional average time series
for the Lower Colorado River basin. (bottom) Regional average time series for a
region in NE Australia. GRACE in red, CLM in blue.
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relatively stable from 1995 to 2004, at which time it exhibits an increase of about 50 mm, followed by a steady
decline. Soil moisture is shown in the bottom left plot of Figure 3, where it is compared to the same GRACE
TWS time series shown in the top plot. Soil moisture alone explains much of the GRACE TWS variability, and in
fact agrees better with GRACE TWS than does CLM TWS; between 2005 and 2010, the rmsd between GRACE
TWS and CLM soil moisture is 23 mm (compared to 57 mm for the direct TWS comparison) and 18 mm out-
side the same period (compared to 17 mm for the direct TWS comparison). This implies that much of the TWS
bias shown in the top plot can be attributed to the model’s groundwater parameterization, and that the long
time scale of simulated groundwater variability is inconsistent with the GRACE observations.

The plots of the right column of Figure 3 reveal similar behavior in the NE Australia region. Comparing the
CLM soil moisture and groundwater time series indicates that the large interannual variability in the

Figure 3. Water storage components (mm). (top) TWS; (middle) groundwater; (bottom) soil moisture. (left column) Lower Colorado River
basin; (right column) NE Australia region. GRACE in red, CLM in blue.
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modeled groundwater storage is not supported by the GRACE TWS observations. As was seen in the case of
the Lower Colorado, the soil moisture time series alone agrees very well with the GRACE TWS time series.
Before 2008, the rmsd between GRACE TWS and CLM soil moisture is 44 mm (compared to 72 mm for the
direct TWS comparison) and 39 mm outside the same period (compared to 173 mm for the direct TWS
comparison).

4. CLM Groundwater Parameterization

In the CLM subsurface hydrology scheme, the model’s 10 soil layers (representing the uppermost 3.8 m of
soil) are augmented with an additional ‘‘aquifer’’ layer representing the time-varying volume of soil between
the deepest layer of the static soil column and the prognostic water table [Oleson et al., 2013; Niu et al.,
2007]. When the water table resides within the soil column, a zero-flux boundary condition is applied at the
bottom of the tenth soil layer, and the aquifer layer is inactive. Recharge, the flux of moisture to the water
table, is calculated as part of the solution of Richards equation for the 10 layer system. When the water table
drops below the bottom of the soil column, the aquifer layer is used to extend the solution of Richards
equation to the water table depth. The thickness of the aquifer layer is calculated as the distance between
the water table and the bottom of the soil column, and a zero-flux boundary condition is specified at the
water table depth. Changes in moisture content of the aquifer layer are used to calculate recharge, which is
then used to update the water table depth at each time step.

The lateral flow from the soil column to the river network, Qbaseflow, is parameterized as an exponential func-
tion of water table depth.

Qbaseflow5Hice Qmax e2f zwt ; (1)

where Hice is an ice impedance factor, Qmax is a scaling parameter (mm
s ), zwt is the water table depth (m), and

f 52:5 is the exponential shape parameter. Subsurface flow between gridcells is not simulated.

Under relatively stable conditions, the mean water table depth attains a value such that recharge is bal-
anced by base flow. The water table depth at which this occurs can be controlled by adjusting the
parameters Qmax and f; for example, increasing Qmax will generate higher average base flow and result
in a deeper mean water table. During transient conditions, when recharge differs significantly from its
antecedent value, the water table will adjust to eliminate the imbalance between recharge and base
flow.

Under drought conditions, when recharge is anomalously low for an extended period of time, groundwater
storage will decrease approximately exponentially, in accordance with equation (1). Thus, the groundwater
storage deficit incurred during a drought interval is proportional to the length of the drought. When
recharge returns to predrought conditions, this deficit must be filled before base flow can balance the new,
higher recharge value. This behavior can be seen in both of the middle plots of Figure 3. In the first few
years after 2000, the modeled groundwater storage in the Lower Colorado River basin declined by about
50 mm. When recharge increased in 2005, this deficit was filled before base flow reached values adequate
to balance recharge. After the 2005 event, groundwater declined steadily for the subsequent 10 years. In NE
Australia, groundwater storage declined by about 200 mm between 2001 and 2006. Groundwater storage
surpassed year 2000 levels after 2008, at which time base flow increased enough to match recharge for
some years.

For a single shift between recharge regimes, it may be possible to calibrate the parameters in equation (1)
to achieve a good match to the GRACE observations. However, when multiple recharge regimes occur, it is
in general not possible to calibrate the CLM base flow equation to produce good agreement with GRACE
for the entire time period. In the NE Australia region shown in Figure 3, for example, the time series exhibits
two distinct wet periods and two distinct dry periods, each having a unique magnitude and duration. As a
result, the CLM TWS time series is biased at both the seasonal and interannual timescales. In 2010–2011,
groundwater storage decays too slowly to match the seasonal variation seen in the GRACE observations,
while during the period 2002–2006 the groundwater declines more than is seen in the observations. Adjust-
ing the parameters of equation (1) cannot remedy these biases, because increasing the rate of groundwater
decline to better match the seasonal period variations will also increase the rate of decline during drought;
thus degrading the simulation at interannual periods.
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5. Incorporating a Finite Lower Boundary

5.1. CLM Modifications
The analysis of Figure 3 indicates that the long-period behavior of the CLM groundwater scheme is unrealis-
tic. A simple explanation for the unrealistic behavior is that water storage in these regions is finite, and does
not decrease indefinitely during periods of drought. We test this hypothesis by removing the bulk aquifer
layer, and solving Richards equation using a zero-flux boundary condition at the bottom of the soil column.
Lateral flow from saturated soil is included, but the exponential form of the base flow parameterization
(equation (1)) is replaced with a simple linear relationship:

Qbaseflow5Hice Qmax zwt2zbottomð Þ; (2)

where zbottom (m) is the depth of the soil column. If no saturated zone if found, base flow is zero.

Figure 4 shows the results of using a 2 m deep soil column with the base flow parameterization given by
equation (2). The CLM TWS time series for both regions show good agreement with the GRACE TWS obser-
vations. The root mean square differences between CLM and GRACE time series are 19 mm and 57 mm for
the Lower Colorado River basin and NE Australia region, respectively; the uncertainties in the GRACE obser-
vations are 13 mm and 51 mm, respectively. The TWS biases are reduced primarily due to changes in
groundwater storage. (Because the aquifer layer has been removed, groundwater storage is no longer a
model state variable. Instead, groundwater storage anomalies in the modified version of CLM are diagnosed
as the product of the specific yield (calculated as the difference between saturation and field capacity) and
the water table depth anomalies.) Averaged over the Lower Colorado River basin, the bottom of the soil col-
umn never becomes saturated, so a water table does not persist and the groundwater storage is always
negligible. Thus nearly all of the variability of the GRACE TWS time series can be explained by variations in
the upper 2 m of soil simulated by CLM. In the NE Australia region, a saturated zone develops occasionally,
but groundwater storage is only a small component of TWS; the dominant component of TWS is soil mois-
ture in the upper 2 m of soil. Figure 4 is therefore consistent with field studies which indicate that ground-
water recharge in semiarid basins is often focused in a small fraction of the area, and in some years may not
occur [Pool, 2005].

There are two primary reasons for the drastic alteration of the groundwater time series shown in Figure 3.
The first is that water storage no longer decays indefinitely during periods of drought. The soil column con-
tains a finite amount of moisture with which to produce base flow, effectively bounding the range of the
TWS anomalies. Once all portions of the soil column are reduced to below saturation, the only mechanism
for removing water is through evapotranspiration, which tends to zero as near-surface soils dry.

A second reason for the changes to the simulated groundwater behavior is that infiltration is indirectly
modified by changing the depth of the soil column. Infiltration in CLM is calculated as the difference
between moisture inputs (i.e., precipitation throughfall and snowmelt) and moisture losses (i.e., surface run-
off and evapotranspiration). Surface runoff in CLM depends on water table depth, and therefore changes in
mean water table depth affect infiltration.

Surface runoff, Qsurface, is parameterized in CLM as

Qsurface5Qtop Fsat; (3)

where Qtop (mm
s ) is the moisture input to the surface, and Fsat represents the runoff contributing area:

Fsat5Fmax e2fsat zwt ; (4)

where Fmax is a scaling parameter, and fsat50:5 is a shape parameter. If fsat is changed, the water depth
adjusts to a new equilibrium value, which alters the partitioning of runoff between surface and subsurface
contributions. The CLM surface runoff parameterization, derived from TOPMODEL [Niu et al., 2005], assumes
that surface runoff generation occurs in areas where the water table intersects the land surface, i.e., areas
that are impermeable because they are saturated. In the modified CLM, this concept is extended to include
areas where the impermeable lower boundary (bedrock) intersects the land surface. Because zwt in equation
(4) in the simulation shown in Figure 4 was constrained by the soil depth to be at most 2 m, surface runoff
was increased and the ratio of base flow to surface runoff decreased. In the control simulation, the Lower
Colorado mean water table depth was 11.7 m resulting in a mean Fsat of 0.05. The mean water table depth
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in NE Australia was 6.6 m, giving an Fsat value of 0.09. In the modified simulation, mean Fsat increased to
0.23 in both regions, leading to increases in surface runoff and corresponding decreases in infiltration and
recharge.

5.2. Sensitivity to Infiltration
Given the large reductions in infiltration (22% and 40% for the Lower Colorado and NE Australia, respec-
tively) between the control and modified CLM simulations, we performed a suite of simulations (ZMIN) to
quantify the extent to which changes in Fsat alone could be responsible for the reduction in the TWS biases
identified in Figure 2. These simulations were identical to the control simulation, except that equation (4)
was changed to

Figure 4. Water storage components (mm). (top) TWS; (middle) groundwater; (bottom) soil moisture. (left column) Lower Colorado River
basin; (right column) NE Australia region. GRACE in red, CLM with 2 m soil column in blue.
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Fsat5Fmax e2fsat zmin ; (5)

where zmin was set to the minimum of
the actual water table and a specified
value: 1, 1.5, 2, 3, and 4 m (Table 1).

Figure 5 shows the effects on the
Lower Colorado River basin water stor-
age simulation due to changing CLM
infiltration through equation (5). The
overprediction of TWS between 2005
and 2009 (Figure 5, top) is incremen-
tally reduced by decreasing zmin,
and thereby decreasing infiltration
(Table 2). When zmin51 m is used in
equation (5), close agreement to the
GRACE TWS observations is obtained

for the years before 2010. Beginning in 2010, however, the zmin51 m simulation exhibits a persistent low
bias. The reduction in infiltration results in a subsequent decrease in recharge to the aquifer layer, which
diminishes the rise in groundwater storage in response to the 2005 precipitation anomaly (Figure 5, mid-
dle). Thereafter, the rate of groundwater decline is similar for all the simulations. This is because the
base flow parameterization in these simulations is unaffected by changes in Fsat. The effect of reduced
infiltration on soil moisture is more muted (Figure 5, bottom). A general reduction in the seasonal peak

soil moisture can be observed, most
clearly in 2005; otherwise the CLM soil
moisture time series are quite similar.
In the NE Australia region, decreasing
infiltration through the use of equa-
tion (5) incrementally reduces the
TWS overprediction that can be seen
following 2008 (Figure 6, top), but dif-
ferences in excess of 100 mm remain
(Table 3). Changing Fsat has a limited
effect on the decreasing groundwater
trend during the first half of the time
period (Figure 6, middle). Soil mois-
ture (Figure 6, bottom) is quite similar
for all CLM simulations, and agrees
well with GRACE TWS observations.

The results shown in Figures 5 and 6
demonstrate that reducing infiltration is
not sufficient to resolve the TWS biases
observed in Figure 2. By decreasing
recharge, lower infiltration reduces posi-
tive changes in groundwater storage.
Lower infiltration does not impact nega-
tive changes in groundwater, such as
the continuous water storage decline
that occurs during drought. The latter
effect can be eliminated by placing a
bound on the amount of subsurface
storage, as indicated by Figure 4. Here
the sensitivity to the storage bound, i.e.,
the thickness of the soil column, is
examined.

Table 1. Comparison of CLM Simulation Configurations

CLM Simulations

Aquifer Layer Soil Thickness Zmin

CONTROL Y 4 m N/A
Zmin 5 1 m Y 4 m 1 m
Zmin 5 1.5 m Y 4 m 1.5 m
Zmin 5 2 m Y 4 m 2 m
Zmin 5 3 m Y 4 m 3 m
Zmin 5 4 m Y 4 m 4 m
Zbot 5 1 m N 1 m N/A
Zbot 5 1.5 m N 1.5 m N/A
Zbot 5 2 m N 2 m N/A
Zbot 5 3 m N 3 m N/A
Zbot 5 4 m N 4 m N/A
Zbot 5 6 m N 6 m N/A
Zbot 5 8 m N 8 m N/A
Zbot 5 10 m N 10 m N/A

Figure 5. Lower Colorado River basin water storage components (mm) for the
ZMIN suite of simulations in which infiltration varied. (top) TWS; (middle) ground-
water; (bottom) soil moisture (colored lines) and GRACE TWS (black line).
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5.3. Sensitivity to Soil Column
Thickness
The effects on water storage of changing
the soil thickness in the modified CLM
simulation for the Lower Colorado River
basin are shown in Figure 7 (top). In this
suite of simulations (ZBOT), soil thickness
varied from 10 to 1 m (Table 1). The
zbottom510 m simulation represents the
end member having the largest poten-
tial infiltration values and the largest
available subsurface water storage
capacity. Conversely, the zbottom51 m
simulation has the smallest infiltration
values and the smallest subsurface water
storage capacity. Note that the zbottom52
m simulation is the simulation shown in
Figure 4.

Consistent with the set of simulations in which zmin varied, reduced infiltration alleviates the TWS overprediction
shown in Figure 2. In addition, the finite amount of storage capacity alters the simulation of both groundwater
and soil moisture. The long, continuous declines seen in the original CLM groundwater simulation are absent.
Base flow only occurs when saturated conditions exist, preventing sustained drainage from the soil column. In

the simulation with the highest infiltra-
tion (zbottom510 m), groundwater stor-
age rises and falls in response to the
positive precipitation anomaly, and a
water table develops during the 2005
wet period. After the wet period, the
groundwater storage anomaly is gradu-
ally eliminated, and the soil column
returns to unsaturated conditions.

In contrast to the ZMIN simulations,
which had identical soil depths, soil
moisture varies markedly among the
zbottom simulations (bottom plot). The
zbottom simulations having thinner soil
columns exhibit the smallest interan-
nual variations, while the deeper soil
columns show greater variability at lon-
ger time scales. For example, the zbottom

510 m simulation has the largest posi-
tive soil moisture anomaly in 2005, as
well as the greatest decline in soil
moisture after 2010. The decline in
water storage after 2010 highlights the
impact of variations in soil thickness
(Table 4). Simulations with thin soil col-
umns quickly dry out, reaching moisture
levels at which evapotranspiration effec-
tively ceases. Simulations with thicker
soil columns support longer periods of
evapotranspiration as deeper soil mois-
ture is transported upward, preventing

Figure 6. NE Australia water storage components (mm) for the ZMIN suite of sim-
ulations in which infiltration varied. (top) TWS; (middle) groundwater; (bottom)
soil moisture (colored lines) and GRACE TWS (black line).

Table 2. Summary of Lower Colorado River Basin RMS Differences Between
GRACE TWS and CLM TWS and Soil Moisture (mm) for Simulations in Which
Zmin Varied

Figure 4 Summary

Full Time Period 2005–2009 2010–2014

TWS
CONTROL 39 57 18
Zmin 5 1 m 25 11 38
Zmin 5 1.5 m 26 13 40
Zmin 5 2 m 21 17 28
Zmin 5 3 m 24 24 28
Zmin 5 4 m 27 38 12
Soil Moisture
CONTROL 20 22 19
Zmin 5 1 m 15 14 16
Zmin 5 1.5 m 17 16 17
Zmin 5 2 m 16 17 15
Zmin 5 3 m 18 19 17
Zmin 5 4 m 19 22 16
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near-surface soil moisture from drying
excessively. This loss of deeper soil mois-
ture is manifested in the greater nega-
tive soil moisture anomalies shown in
Figure 7 (bottom).

Figure 8 compares the ZBOT simula-
tions of water storage to the GRACE
TWS observations for the NE Australia
region. All of the ZBOT simulations
agree well with GRACE during the
period 2002–2006 (Figure 8, top). The
ZMIN simulation TWS biases during this
period caused by the negative trend in
groundwater storage are not seen in
these simulations (Table 5). Saturated
soil conditions develop during the wet
years from 2008 to 2012, but generally

dissipate within 12 months or less, at which time no further base flow losses occur (Figure 8, middle). Soil
moisture simulations bracket the GRACE TWS observations, with the deepest soil columns showing too
much variability and the shallowest soil columns showing too little variability (Figure 8, bottom). Intermedi-
ate soil depth simulations can reproduce both seasonal and interannual variability fairly well, e.g., Figure 4.

6. Constraining Effective Soil
Thickness Parameters Using
GRACE Data

Currently, a global soil depth data set
having the necessary vertical resolution
(O(�10m)) to constrain the CLM soil
thickness parameter does not exist.
Soils databases, such as the Harmon-
ized World Soil Database [FAO, 2012],
generally provide information on only
the upper meter of soil. In the absence
of a data set based on direct soil meas-
urements, here we examine the poten-
tial for inferring global soil thickness
parameters for CLM from GRACE data.

The TWS comparisons shown in Figures
7 and 8 indicate that the simulation of
interannual variability depends on the
thickness of the CLM soil column.
Based on the metric of the smallest
root-mean-square difference between
the GRACE and CLM time series, the
optimal soil depths are 3 m for the
Lower Colorado and 1.5 m for NE Aus-
tralia. Both of these values are smaller
than the standard soil depth used in
CLM. In some regions, the CLM TWS
time series based on a deeper soil col-
umn agrees more closely with GRACE.
For example, the TWS time series for

Table 3. Summary of NE Australia RMS Differences Between GRACE TWS and
CLM TWS and Soil Moisture (mm) for Simulations in Which Zmin Varied

Figure 5 Summary

Full Time
Period 2002–2007 2008–2014

TWS
CONTROL 120 67 152
Zmin 5 1 m 81 67 89
Zmin 5 1.5 m 109 65 136
Zmin 5 2 m 120 70 151
Zmin 5 3 m 136 67 177
Zmin 5 4 m 123 71 156
Soil Moisture
CONTROL 41 41 41
Zmin 5 1 m 42 41 39
Zmin 5 1.5 m 41 41 38
Zmin 5 2 m 40 41 38
Zmin 5 3 m 40 42 40
Zmin 5 4 m 40 43 40

Figure 7. Lower Colorado River basin water storage components (mm) for the
ZBOT suite of simulations in which the thickness of the soil column varied. (top)
TWS; (middle) groundwater; (bottom) soil moisture (colored lines) and GRACE
TWS (black line).
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the Amazon River basin (Figure 9) from
a simulation having a soil depth of 8 m
agrees most closely with GRACE (Table
6), with more shallow soil depths exhib-
iting progressively decreasing seasonal
cycle amplitudes. In and around
regions where large scale human modi-
fications to the natural water cycle
have occurred, GRACE observations
may not be directly comparable to CLM
simulated water storage. For example,
human management of large lakes and
reservoirs [Swenson and Wahr, 2009]
and widespread groundwater pumping
[Tiwari et al., 2009; Joodaki et al., 2014]
can influence observed TWS over broad
regions. Figure 10 compares TWS aver-
aged across the Indus River basin from

GRACE and CLM. Because of its proximity to extensive groundwater extraction [Tiwari et al., 2009], TWS
observed in this region exhibits a declining trend during this time period. In contrast, CLM TWS, which lacks
a representation of groundwater pumping, shows increased water storage after 2010 when the region
experienced devastating flooding (Table 7). Thus, the discrepancy in the multiyear trends shown in Figure

10 indicates a missing process (ground-
water extraction), rather than a model
parameterization error.

Although the full water storage signal
observed by GRACE has the potential
to be affected by human modifications
to the land surface, the signal at sea-
sonal time periods appears less prone
to human effects. To infer an optimal
soil thickness map for use with CLM,
we therefore use the high frequency
content of the GRACE observations. At
each gridcell, a high-pass filter is
applied to the full water storage time
series of both GRACE and CLM. The fil-
ter removes the running 24 month
average from each time series, and
effectively extracts the short-period
content. Next, rmsd between the
GRACE time series and the CLM time
series is calculated at each grid cell, for
each simulation. Finally, a soil thickness
map is constructed based on the soil
thickness of the CLM ZBOT simulation
having the minimum rmsd at each grid
cell. Figure 11 shows the soil thickness
that result in the lowest rmsd between
GRACE and CLM at seasonal timescales.
Soil depths range from 1 to 10 m.
Deeper soils (�6–8 m) are generally
preferred in tropical South America
and Africa, parts of Central Asia, and

Table 4. Summary of Lower Colorado River Basin RMS Differences Between
GRACE TWS and CLM TWS and Soil Moisture (mm) for Simulations in Which
Zbot Varied

Figure 6 Summary

Full Time
Period 2002–2009 2010–2014

TWS
Zbot 5 1 m 29 18 41
Zbot 5 1.5 m 27 20 35
Zbot 5 2 m 22 20 25
Zbot 5 3 m 19 20 19
Zbot 5 4 m 22 18 27
Zbot 5 10 m 26 30 24
Soil Moisture
Zbot 5 1 m 29 18 41
Zbot 5 1.5 m 27 20 35
Zbot 5 2 m 22 19 25
Zbot 5 3 m 19 20 19
Zbot 5 4 m 22 17 28
Zbot 5 10 m 25 28 24

Figure 8. NE Australia water storage components (mm) for the ZBOT suite of sim-
ulations in which the thickness of the soil column varied. (top) TWS; (middle)
groundwater; (bottom) soil moisture (colored lines) and GRACE TWS (black line).
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western North America. Shallow soils
(�1–2 m) provide the lowest rmsd in
Europe and Northern Asia, eastern
North America, the Tibetan Plateau,
and much of Australia.

Areas in which subsurface saturated
conditions persist are designated by
stippling in Figure 11. In these regions,
in which annual mean precipitation is
typically greater than annual mean
evapotranspiration, the magnitude of
TWS variability depends on the mean
water table depth, rather than the total
soil thickness. In the eastern United
States, for example, the relatively thin
soil thicknesses inferred from the
GRACE comparisons indicate the pres-

ence of shallow water tables, which is consistent with well level observations in Illinois [Swenson et al.,
2006].

To assess whether the improvements in simulated water storage that result from adding a finite lower
boundary to CLM (Figure 4) are general in nature, we compare a CLM simulation having a spatially variable
soil thickness determined from the map shown in Figure 11 to a standard CLM simulation. Figure 12 shows
the difference in rmsd between the standard and modified CLM simulations. The top plot of Figure 12 uses
the TWS time series at each gridcell to calculate the rmsd, while the bottom plot shows the rmsd when the
GRACE and CLM TWS time series are first high-pass filtered. With this convention, positive values denote
the reduction in rmsd obtained by incorporating a spatially variable lower boundary in CLM. Figure 12 (top)
shows the rmsd derived from the full water storage time series at each grid cell. In many regions, the modi-
fied CLM simulation performs comparably to the standard CLM simulation. Significant reductions in rmsd
can also be seen. The bias reductions shown in Figure 4 for the Lower Colorado River basin and NE Australia
region are captured, and additional regions like the Amazon River basin and the eastern United States show
improvement. Regions that show degraded model performance include the Missouri River basin in the
United States, south central Africa, and the Arabian Peninsula. The effects on evapotranspiration of chang-
ing the groundwater parameterization are relatively small globally, with a small reduction in annual mean

ET bias seen in the modified model.
The global root-mean-square differ-
ence in mean ET relative to the
FLUXNET-MTE data set [Jung et al.,
2009] changes from 15.6 to 15.1 W/m2.

Figure 12 (bottom) shows the change
in rmsd between the standard and
modified CLM simulations when only
the high-frequency signals are ana-
lyzed. In this case, the modified CLM
simulation reproduces the observed
seasonal variability as well or better
almost everywhere. The only apparent
rmsd degradation occurs in central
India. This is one of the areas where a
persistent saturated zone exists (identi-
fied by stippling in Figure 11), and the
bias can be reduced by adjusting mean
water table depth via equation (2) (not
shown).

Table 5. Summary of NE Australia RMS Differences Between GRACE TWS and
CLM TWS and Soil Moisture (mm) for Simulations in Which Zbot Varied

Figure 7 Summary

Full Time
Period 2002–2007 2008–2014

TWS
Zbot 5 1 m 58 44 68
Zbot 5 1.5 m 49 45 53
Zbot 5 2 m 56 47 63
Zbot 5 3 m 63 50 74
Zbot 5 4 m 65 52 74
Zbot 5 10 m 97 55 122
Soil Moisture
Zbot 5 1 m 63 47 74
Zbot 5 1.5 m 50 48 53
Zbot 5 2 m 54 49 58
Zbot 5 3 m 60 53 66
Zbot 5 4 m 60 54 64
Zbot 5 10 m 87 54 107

Figure 9. Amazon River basin TWS (mm) for the ZBOT suite of simulations in
which the thickness of the soil column varied (colored lines) and GRACE (black
line).
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Figure 12 indicates that the long-period water stor-
age behavior of the modified CLM simulation is
responsible for the increased TWS biases in the Mis-
souri River basin, south central Africa, and the Ara-
bian Peninsula. In the case of the former two
regions, significant flooding occurred during the
GRACE record, while groundwater pumping may be
occurring in the Arabian Peninsula. Because CLM
does not represent these processes, it is unknown
whether the increase in rmsd is due to inadequacies
in the soil depth parameterization or the effect of
the missing model processes on the simulation. It is

possible that the lower rmsd of the standard CLM simulation in these locations is fortuitous; the long
time scale of the aquifer model’s response may compensate for the lack of a representation of flooding
and human management in CLM.

7. Summary and Discussion

In this study, we examine the response of the aquifer model used in CLM to transitions between dry and
wet meteorological regimes. Compared to GRACE TWS observations, the long-period variability arising in
CLM TWS simulations appears unrealistic. The magnitude of the CLM TWS variability at multiyear timescales
is directly related to the unbounded storage capacity inherent in the aquifer parameterization. Implement-
ing a limit on drainage via a soil column of finite depth largely eliminated the spurious long-period variabili-
ty and enabled more accurate simulation of water storage variability when compared to GRACE
observations.

The ability to better characterize drought and flood statistics in both historical retrospective simulations
and future projections will increase our understanding of the availability of water resources and how those
resources may change in the future. One implication of the results presented here is that the simulation of
long-period water storage changes based on the parameterization described here will likely differ substan-
tially from simulations based on the current version of CLM. New simulations will be required to examine
how these changes will impact climate, vegetation, and carbon storage in future Earth System projections.

Our results also imply that uncertainty in GRACE-based anthropogenic groundwater withdrawal studies
may be underestimated. GRACE data in conjunction with land model output have been used to estimate
human groundwater depletion in a number of studies [Tiwari et al., 2009; Kuss et al., 2012; Voss et al., 2013;

Long et al., 2013; Joodaki et al., 2014;
Castle et al., 2014]. The premise of these
studies is that GRACE data observe
water storage changes due to both cli-
mate variability and human influences,
while land models, which typically do
not model human processes, provide
reasonable estimates of climatically
forced water storage variability. By
removing the simulated climatically
forced variability from the GRACE data,
the human impact on the TWS observa-
tions is isolated. For example, Castle
et al. [2014] applied this approach to
the Colorado River basin, and attrib-
uted the bulk of the water storage
decline during the study period to
groundwater losses. Figures 5 and 7
indicate that simulated water storage is

Figure 10. Indus River basin TWS (mm) for the ZBOT suite of simulations in which
the thickness of the soil column varied (colored lines) and GRACE (black line).

Table 6. Summary of Amazon River Basin RMS Differences
Between GRACE TWS and CLM TWS (mm) for Simulations
in Which Zbot Varied

TWS
Figure 8 Summary

Full Time Period

Zbot 5 1 m 59
Zbot 5 2 m 43
Zbot 5 4 m 39
Zbot 5 6 m 34
Zbot 5 8 m 29
Zbot 5 10 m 31
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sensitive, especially at longer time
scales, to the soil depth and the
choice of boundary conditions. In par-
ticular, Figure 7 shows that, depend-
ing on the soil depth, it is possible to
attribute nearly all of the observed
TWS decline in the Lower Colorado
River basin to climate variability
rather than human withdrawals. That
is not to say that groundwater extrac-
tion is not occurring within this
region, but rather that it currently

may not be detectable when averaged over the area of the entire Lower Colorado River basin
(�350,000 km2).

By comparing TWS observations to TWS from a suite of simulations in which soil thickness is varied, the
model parameter giving the best agreement to GRACE total water storage data can be identified. The soil
thickness parameter represents an effective soil depth that captures the observed TWS variability, and may
depend on model resolution, structure, and other parameters.

Figure 11 shows that this parameter varies spatially, with values that are both greater and less than the spa-
tially uniform value (3.8 m) used in the standard CLM. In drier regions, shallow derived soil thickness parameter
values may relate to variations in soil hydraulic properties with depth such as the presence of low permeability
soil layers. In areas having a sustained zone of saturation, the best-fitting parameter relates to the thickness of
soil in which unsaturated conditions occur, and can potentially be used to constrain the mean water table.
However, in regions where the water table is near the surface, total water storage observations may be insuffi-
cient to discriminate between shallow soils and poorly drained deep soils; in both cases the TWS dynamic
range may be limited. Additional observations, as will be provided by NASA’s Soil Moisture Active Passive satel-
lite mission, may in the future help differentiate between alternative soil descriptions.

Replacing the aquifer layer with a relatively thin soil column may appear at odds with well level observa-
tions that in some locations indicate the presence of saturated conditions at depths greater than the maxi-
mum soil thickness (10 m) examined in this study. This apparent discrepancy is partly a matter of spatial

Table 7. Summary of Indus River Basin RMS Differences Between GRACE TWS
and CLM TWS for Simulations in Which Zbot Varied

TWS

Figure 7 Summary

Full Time Period 2002–2007 2008–2014

Zbot 5 1 m 56 32 71
Zbot 5 1.5 m 63 33 82
Zbot 5 2 m 68 32 88
Zbot 5 3 m 69 30 91
Zbot 5 4 m 67 29 88
Zbot 5 10 m 74 32 97

Figure 11. Optimal CLM soil thickness parameter (m). Value at each gridcell is taken from the ZBOT simulation giving the smallest rmsd
between GRACE and CLM TWS.
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resolution; both the GRACE data and CLM simulations represent average conditions of areas having spatial
scales of order 100 km, while wells represent much smaller domains. In southern Arizona, for example,
groundwater recharge occurs in focused areas such as stream channels [Pool, 2005], and may represent a
small term in the water budget at large spatial scales. The optimal CLM soil thickness parameter map
derived here is constrained by the relatively coarse spatial resolution of the GRACE data, and therefore only
provides information on bulk water storage dynamics at those spatial scales. Future development of a
global soil depth map based on direct soil and bedrock measurements would add valuable information on
the high frequency spatial variability of soil thicknesses. GRACE data in that case would help to discriminate
between competing methods for upscaling high resolution soil depth estimates.
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