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ABSTRACT
When initial soil moisture is perturbed among ensemble members in the operational NWS global forecast
model, surface latent and sensible fluxes are immediately affected much more strongly, systematically, and
over a greater area than conventional land–atmosphere coupling metrics suggest. Flux perturbations are
likewise transmitted to the atmospheric boundary layer more formidably than climatology-based metrics
would indicate. Impacts are not limited to the traditional land–atmosphere coupling hot spots, but extend over
nearly all ice-free land areas of the globe. Key to isolating this effect is that initial atmospheric states are
identical among quantities correlated, pinpointing soil moisture and snow cover. A consequence of this high
sensitivity is that significant positive impacts of realistic land surface initialization on the skill of deterministic
near-surface temperature and humidity forecasts are also immediate and nearly universal during boreal
spring and summer (the period investigated) and persist for at least 3 days over most land areas. Land surface
initialization may be more broadly important for weather forecasts than previously realized, as the research
focus historically has been on subseasonal-to-seasonal time scales. This study attempts to bridge the gap
between climate studies with their associated coupling assessments and weather forecast time scales. Furthermore, errors in land surface initialization and shortcomings in the parameterization of atmospheric
processes sensitive to surface fluxes may have greater consequences than previously recognized, the latter
exemplified by the lack of impact on precipitation forecasts even though the simulation of boundary layer
development is shown to be greatly improved with realistic soil moisture initialization.

1. Introduction
It is accepted that the state of the land surface can
influence the atmosphere across a range of time scales,
thanks to a number of weather and climate modeling
studies. Most studies have focused on soil moisture, as it
has the largest impact on subseasonal-to-seasonal time
scales. Furthermore, the focus has been on time scales of
weeks or months, out to seasonal scales, as it has been
assumed that weather forecasts (on the order of hours
to a few days) are an atmospheric initial value problem,
and the state of the earth’s surface is often neglected
in deterministic forecasts (cf. WMO 2011). Thus,
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subseasonal–seasonal–interannual forecasts have been
considered a boundary value problem within the domain of probabilistic forecasts (Waliser 2005). In fact,
subseasonal time scales are a transition range where aspects of climate prediction are being brought to bear
within the traditional weather forecast setting (Vitart and
Robertson 2015).
A lingering problem has been that we have not observed the global state of soil moisture like we have been
observing for decades ocean surface temperatures and
atmospheric states. Recent satellite missions are beginning to address this problem with the coverage and accuracy needed to initialize global models (Kerr et al.
2001; Bartalis et al. 2007; Entekhabi et al. 2010), and
data assimilation methodologies for soil moisture initialization are being implemented (e.g., van den Hurk
et al. 2008; Reichle et al. 2008; Drusch et al. 2009;
Dharssi et al. 2011; Santanello et al. 2016), but the difference between what a forecast model represents as soil
moisture and what is measured in the field or by satellite greatly complicates initialization (Dirmeyer 2004;
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Koster et al. 2009). Historically, the best alternative has
been to integrate the land surface component of global
weather and climate models uncoupled from an atmospheric model but rather driven by observed gridded analyses of surface meteorology, including precipitation and
radiation (e.g., Rodell et al. 2004; Dirmeyer et al. 2006).
The land surface states from such simulations have been
used to initialize operational weather and climate models
(Saha et al. 2010; Kobayashi et al. 2015; Boisserie et al.
2016), but the expectations from modeling centers for
improved forecasts from better land surface initialization
seems to remain at medium-range weather and longer
time scales (e.g., Merryfield et al. 2013; Vitart et al. 2016).
Model sensitivity studies established that the state of
the atmosphere is responsive to soil moisture variations
(e.g., Shukla and Mintz 1982; Meehl and Washington 1988;
Delworth and Manabe 1989; Cook and Gnanadesikan
1991; Dirmeyer 1999; Koster et al. 2000; Douville 2003).
Although there is considerable variability among the behavior of different models, a consensus has emerged that
certain regions of the globe in each season act as ‘‘hot
spots’’ of land–atmosphere coupling through the water and
energy cycles (Koster et al. 2004). Hot spots are locations
where variations in land surface properties, namely soil
moisture, are shown to generate a significant response in
atmospheric conditions such as near-surface air temperature or precipitation. These hot spot regions are most
prevalent in the midlatitudes during the local warm season
and in the subtropics, generally located in transition regions between arid and humid climates (e.g., Dirmeyer
2011; Wei and Dirmeyer 2012). The original coupling
metric was based on the reduction of ensemble spread that
resulted from specifying identical soil moisture conditions
in every member of an ensemble of seasonal retrospective
forecasts (Koster et al. 2002). Sensitivity of the atmosphere
to soil moisture is largely dictated by whether surface
evapotranspiration is more limited by a lack of available
energy or a lack of moisture in the soil (Dirmeyer et al.
2009). Further studies established that realistic initialization of subseasonal-to-seasonal forecasts improved forecast skill (Koster et al. 2010, 2011). The need for improved
monitoring and real-time analysis of global soil moisture
was established by such research.
A range of metrics has been developed to assess in
models and nature the degree and character of land–
atmosphere feedbacks (e.g., Schlosser and Milly 2002;
Findell and Eltahir 2003; Notaro 2008; Zeng et al. 2010;
Dirmeyer 2011; Taylor et al. 2011; Roundy et al. 2014).
Such metrics typically focus on one of two segments of
the feedback pathway: the terrestrial segment that links
land states to surface fluxes that affect the atmosphere
near the surface and the atmospheric segment that
quantifies the responsiveness of the troposphere to
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surface fluxes (Guo et al. 2006). In both segments, the
feedbacks operate through the water and energy cycles.
Most metrics are defined around a covariance or contingency relationship between variables expected to be
physically connected through feedback processes, which
are typically calculated on a monthly or seasonal basis.
Recently, more attention is being paid to the diurnal
cycle and its associated metrics (e.g., Ek and Holtslag
2004; Santanello et al. 2009; Findell et al. 2011; Gentine
et al. 2013; Tawfik and Dirmeyer 2014).
From these assessments, an assumption has been
broadly asserted that accurate initialization of soil
moisture should have the greatest positive impact on
forecasts in those locations where coupling metrics indicate hot spots exist. However, such metrics have routinely been developed using a large amount of data
spanning all days in a month or season across many
years. In other words, they represent a climatological
status of land–atmosphere coupling. Guo and Dirmeyer
(2013) showed that there is considerable interannual
variability in the location and strength of hot spots.
We contend that an assessment of the processes by
which land surface initialization affects the first days of a
forecast has been lacking. Historically, initial land surface states have been taken from an uncoupled land
model analysis driven by observationally based meteorological forcings (e.g., Rodell et al. 2004) or unadvisedly from a completely different source than the
forecast model (cf. Koster et al. 2009). There have been
some efforts made to improve land surface initialization
for weather forecast applications using data assimilation
(see the review by de Rosnay et al. 2014), as sensitivity to
the land surface state may affect the deterministic evolution of the atmosphere, not just its statistical nature
over the course of weeks. Tawfik and Dirmeyer (2014)
showed that there is an immediate impact of land surface
states on boundary layer development that, together with
the properties of the atmospheric profile of temperature
and humidity, can have profound effects on the triggering of cloud formation and precipitation, becoming
the basis of a new convective triggering parameterization (Bombardi et al. 2016). For an answer to the
question of initializing forecasts, we need to know
whether surface fluxes or atmospheric states are sensitive
to a perturbation (or error) in initial soil moisture and,
furthermore, whether that sensitivity exhibits a systematic behavior that can impact forecast skill.
In this study, we use the operational global forecast
model of the National Weather Service to determine this
sensitivity beginning on day 1 of the forecast. Section 2
describes the global model and experiment design. Coupling metrics, typically applied on monthly to seasonal
scales, are assessed in the first days of the forecasts in
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section 3. The impact on forecasts on weather time scales
is shown in section 4. Section 5 presents discussion and
our conclusions.

2. Model simulations
The global general circulation model used in this study
is version 2 of the Coupled Forecast System (CFSv2; Saha
et al. 2014) of the National Centers for Environmental
Prediction. CFSv2 consists of the Global Forecast System, version 2 (GFSv2) atmospheric model coupled to
the Modular Ocean Model, version 4 (MOM4; Griffies
et al. 2004). Although the coupled ocean component is of
little consequence for this study of the first days of forecasts, the simulations examined are actually many months
long. The atmospheric horizontal resolution is approximately 0.98 (T126 spectral resolution), and the ocean
has a horizontal resolution of 0.58, increasing to 0.258 in
the meridional dimension near the equator. Han and Pan
(2011) describe updates to the atmospheric physics in
GFSv2, which include a revised implementation of the
Hong and Pan (1996) boundary layer scheme that has
enhanced turbulent diffusion in areas of stratocumulus to
reduce low cloud, and updated shallow and deep convection. The atmosphere has 64 vertical levels with 16
levels below 800 hPa, and the ocean has 40 levels. Sea ice
is predicted using a modified version of the Geophysical
Fluid Dynamics Laboratory (GFDL) Sea Ice Simulator
(cf. Saha et al. 2010). The land surface model is the Noah
LSM (Ek et al. 2003), version 2.7.1, a ‘‘second generation’’ land surface scheme that models the surface energy
and water budgets and estimates the transpiration component of evapotranspiration based on plant water stresses.
Noah has four soil layers extending to a depth of 2 m (0.1,
0.3, 0.6, and 1.0 m thick).
The source of both the model initialization and forecast validation is the NCEP CFS Reanalysis (CFSR;
Saha et al. 2010). CFSR has a higher horizontal resolution (T382, ;0.38) than the forecast configuration used
in this study, but still employs 64 vertical levels. The sea
surface temperature (SST) analysis for the ocean in
CFSR uses two daily SST analyses at 0.258 developed
using an optimum interpolation scheme. The first is an
AVHRR-only SST dataset (November 1981–May 2002)
and the second is a combined AMSR-E and AVHRR
SST data from June 2002 onward (Reynolds et al. 2007).
Assimilated sea ice concentrations are derived from
several datasets (Grumbine 1996; Cavalieri et al. 1996,
2007; Saha et al. 2010). Land states in CFSR are reset
every 24 h at 0000 UTC from offline simulations of Noah
using atmospheric forcing from the GFS Data Assimilation System (GDAS) and precipitation based on a
blend of observed global analyses (Xie and Arkin 1997;
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Xie et al. 2007) and the 6-hourly precipitation generated
by GFSv2. In this methodology, the land surface model
is said to be ‘‘semicoupled’’ to the atmosphere. Further
details about the preparation of CFSR can be found in
Saha et al. (2010).
For this study, ensemble retrospective forecast simulations are initialized in each of 28 yr spanning 1982–
2009, at 0000 UTC on the first day of April, May, and
June, a period of transition to strongly coupled land–
atmosphere conditions across much of the Northern
Hemisphere (Dirmeyer 2011; Guo et al. 2012). For each
initial date, the baseline ensemble member (Control
run) is initialized from CFSR for that date. The other
ensemble members are initialized with the same atmosphere, sea ice, and ocean states as in the baseline simulation, but with initial land states taken from the
corresponding month and day of each of the remaining
27 yr to achieve the maximum initial land perturbation.
As such, one member can be considered to have the
‘‘right’’ global land initial state, and the other 27 members effectively have a ‘‘wrong’’ global land state that is
highly perturbed. Figure S1 in the online supplement to
this article (http://dx.doi.org/10.1175/WAF-D-16-0049.s1)
shows the range of initial soil moisture values across the
28-yr span for each of the three initialization dates for
the top two soil layers. For purposes of understanding
the impacts of land surface initialization, we consider
that each ensemble of 28 forecasts has 378 possible
differences calculable from pairs of initial land states
(28-choose-2 combinations) and likewise in the 1-day
differences in surface fluxes and atmospheric variables.
Land surface states, particularly soil moisture, can affect the atmosphere by their control on surface fluxes in
the energy and water budgets. We calculate correlations and the slope of the linear regressions (sensitivity)
for each ensemble between soil moisture (surface layer,
which directly affects surface temperature and evaporation, and the second layer, which impacts transpiration) and surface fluxes (latent and sensible heat
fluxes), and between the surface fluxes and boundary
layer states (height of boundary layer and boundary
layer cloud fraction). We then average across all 28
ensembles to ascertain the impacts of land initialization
on the terrestrial and atmospheric segments of coupling,
respectively. This approach follows the process chain of
land–atmosphere coupling (Santanello et al. 2011). Note
that this is not the same as previous climatological metrics
because in each case the initial atmospheric state is
identical for all terms that go into a correlation or sensitivity calculation. As such, the regime of the atmosphere
has no bearing on the calculated coupling indices.
Finally, forecast validation is relative to CFSR, but the
28 simulations with the right global initial land states are
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FIG. 1. Correlations between daily soil moisture (layers indicated on the left) and surface heat fluxes (indicated at
the top) across days 3–7 of all forecast ensemble members for years 1982–2009 (784 simulations) initialized on 1 Jun.
Magnitudes greater than 0.05 are significant at the 95% confidence level.

considered as one set for the purposes of estimating the
interannual anomaly correlation coefficients (ACC; the
forecast skill metric), and 27 other ensembles of 28
simulations (always one atmosphere/ocean initialization
from each of the years during 1982–2009 and jumbled,
nonrepeating perturbed initial land states) are used for
comparison, with the average of the ACCs from the 27
ensembles being the metric for the wrong initial land
states.

3. Land–atmosphere coupling
In this section we describe only results for the 1 June
initialized retrospective forecasts, but corresponding
figures for 1 April and 1 May cases are provided in the
supplemental material online, so some notion of the
evolution from boreal spring into summer can be discerned, including snow impacts (cf. Dirmeyer 2013). The
correlations between soil moisture and surface heat
fluxes calculated as a standard terrestrial coupling metric, using forecasts from days 3 to 7 from all 784 forecasts
spanning the 28 yr, are shown in Fig. 1 (Figs. S2 and S3
for April and May). This estimate samples across intraseasonal and interannual variability in atmospheric
states at each location, as well as various soil moisture
conditions, providing a climatological picture of land–
atmosphere coupling in CFS during early June, analogous to previous studies. For such a large sample, the
threshold for significance is low and only the pale-grayshaded areas fail to achieve statistical significance at the

95% confidence level. The strongest correlations between soil moisture and latent heat fluxes are over arid,
semiarid, and subtropical regions. Anticorrelations with
sensible heat fluxes are strong over most locations except very arid regions and ice sheets. Correlations in
general are stronger with surface layer soil moisture
than subsurface moisture. These results are consistent
with those found with other models (e.g., Guo et al. 2006;
Dirmeyer et al. 2013a,b; Cheruy et al. 2014; Berg et al. 2015).
Correlations between differences in initial soil moisture states and differences in day 1 surface fluxes among
pairs of forecasts where the initial atmospheric and
oceanic states are identical (i.e., from within the same
ensemble) show an extremely strong response (Fig. 2;
Figs. S4 and S5 for April and May). Over nearly every
ice- and snow-free location, the correlations are greater
than 60.6. For correlations between 0- and 10-cm soil
moisture and latent heat flux, the median is greater than
0.68 and for the sensible heat flux the median is 20.73.
Correlations are lower for 10–40-cm soil moisture but
are still much stronger than for the standard coupling
metric in Fig. 1. This indicates that nearly everywhere,
over a much larger area than the traditional terrestrial
coupling hot spots, a perturbation (or error) in initial soil
moisture leads to a systematic response in surface
heat fluxes.
Furthermore, the spatial patterns between the latent
and sensible heat flux correlations are much greater in
Fig. 2: 20.52 between the top two panels versus 20.08
for the corresponding panels in Fig. 1. This makes sense
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FIG. 2. Correlations between differences in 1 Jun initial soil moisture between ensemble members with identical 1
Jun initial atmospheric and oceanic states (layers indicated on the left) and corresponding differences in day 1
surface heat fluxes (indicated at the top). Magnitudes greater than 0.10 are significant at the 95% confidence level.

in that identical atmospheric states lead to nearly identical downward total radiation on day 1 and, thus, very
similar net radiation. This means the main effect of soil
moisture differences within this context is to alter the
partitioning of net radiation between sensible and latent
heat fluxes, fostering a strong anticorrelation between
the two quantities.
The nearly universal correspondence of surface flux
perturbations to initial soil moisture perturbations would
be inconsequential for weather and climate forecasting if
the atmosphere were not responsive. Figure 3 shows
correlations for aspects of the atmospheric segment of the
coupling, namely between the sensible heat flux and
boundary layer properties (Figs. S6 and S7 for April and
May). There is an extremely robust response of boundary
layer depth to perturbations in the sensible heat flux,
consistent with theory (Betts 2004). There is also a strong
inverse relationship over humid and semihumid regions
between sensible heat flux perturbations and boundary
layer cloud, consistent with the findings of Findell et al.
(2011), as reduced sensible heat flux corresponds to
greater latent heat flux and more favorable conditions for
convective rainfall in such areas. The top and bottom
panels in Fig. 3 show the responsiveness of the atmosphere in the energy and water cycles, respectively.
Correlations indicate covariance, but the implications
of soil moisture perturbations on the atmosphere are
important only if the magnitude of the response is sufficiently large. Sensitivity to initial soil moisture perturbations is quantified by the slope of the best-fit linear

regression of surface fluxes on surface soil moisture and of
boundary layer height on sensible heat flux, which are
shown in Fig. 4 (Figs. S8 and S9 for April and May). Locations where correlations in Figs. 2 and 3 explain less than

FIG. 3. As in Fig. 2, but for correlations between differences in
day 1 sensible heat flux and day 1 boundary layer properties (indicated on the left). Magnitudes greater than 0.10 are significant at
the 95% confidence level.
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properties remain strong even over snow, driven by
fluctuations in snow–air temperature gradients and net
radiation. May results (Figs. S3, S5, S7, and S9) indicate
the transition between April and June, with the recession
of snow cover toward the north seen very clearly.

4. Forecast skill

FIG. 4. Slope of the best-fit linear regression of differences in day
1 flux or boundary layer height (indicated on the left) on the presumed forcing (indicated at top). Regions where the magnitude of
correlations between the two terms is less than 0.5 are masked out.

25% of the variance (magnitudes less than 0.5) are
masked out. Note the units of the slopes; for the top two
panels, the denominator is volumetric soil moisture
(Vol.SM), which typically has a range between 0 and
’0.45 (refer to Fig. S1 for the distribution of the active
ranges). So, for example, a value of 250 W m22/Vol. SM
means a 0.1 change in volumetric soil moisture would
result on average in a change in the flux of 25 W m22.
The magnitude and spatial extent of the sensitivities
are considerable in all panels and are always of uniform
sign across the globe for each relationship.
Results for April (Figs. S2, S4, S6, and S8) are similar
except over high northern latitudes, where signals are
much weaker for relationships between the soil moisture
and surface fluxes over snow cover. Snow cover isolates
the atmosphere from the soil, preventing soil moisture
from having a direct connection to the surface fluxes.
Also, in those regions there is little or no interannual
variation in snow cover fraction (essentially 100% covered), and the differences in snow depth have little
consequence after only 1 day. However, relationships
between the sensible heat flux and boundary layer

The coupled response of the atmosphere to variations
in the initial state of the land surface have a degree of
persistence that affects forecasts on weather, subseasonal, and even seasonal time scales. Here, we focus
on deterministic (weather) forecasts of daily averages
validated against CFSR. Figure 5 shows the duration of
skill improvement for forecasts of temperature and humidity initialized on the first day of April, May, and June
on weather time scales. Colored shading indicates the
number of days that the skill of forecasts with realistic
land surface initialization, measured as the interannual
ACC, remains at least one standard deviation above the
mean from all the forecasts with jumbled land surface
initialization. The standard deviation is calculated
among just the simulations with the jumbled land initial
conditions, but because of the extreme nature of those
variations, one standard deviation is actually a rather
large hurdle to surmount compared to climatological
land initialization, or small perturbations in initial states
typical of operational weather forecasting. Thus, we use
it as a threshold for significance.
Deterministic air temperature forecasts are significantly improved for three or more days over 52%–59%
of the shaded land surface in the figures. Considerable
areas show improvements lasting seven or more days
(shades of green and blue). The weakest improvements,
typically 1–2 days, are found over very arid or very humid regions, where the natural range of soil moisture
does not induce much variation in the surface fluxes (see
Fig. S1), and over completely snow-covered areas (mainly
in April) that experience little variation in snow cover
fraction during the first third of the month. Humidity
forecast improvements lasting at least 3 days cover 52%–
53% of the land area. The lack of improvement over snowcovered, arid, and humid (namely the Amazon basin) regions is stark, but elsewhere the improvements tend to
persist nearly as long as for temperature.
Figure 6 applies this assessment to the predicted height
of the planetary boundary layer and the precipitation.
Boundary layer forecast improvements persist nearly as
long as temperature and humidity and are as widespread
as for those quantities. This is an indication that surface
fluxes are responding to the soil moisture initialization
in a way that is conducive to improving the profile of the
lower troposphere, not just the 2-m meteorological
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FIG. 5. Numbers of days into the forecast when the interannual ACCs of (left) 2-m air temperature and (right) humidity
with realistically initialized land surface states remain at least one standard deviation above the mean from all forecasts with
random land initialization. The color bars beneath each panel show the fraction of land area in each category.

quantities. Interestingly, these improvements do not translate at all in GFSv2 to broadly improved precipitation
forecasts. Convective precipitation is tightly coupled to
boundary layer development, but this model has demonstrated problems with the statistics of precipitation
(Dirmeyer 2013; Shin and Huang 2016; Lien et al. 2016)
and its connection to surface fluxes (Zhang et al. 2011).
Thus, this result should not be taken to indicate that land
surface initialization can do nothing to improve precipitation forecasts. Rather, it points out that model
shortcomings can hamper the ability to realize potential
predictability from the land surface.

5. Summary and conclusions
Many studies have established a climatological relationship between soil moisture, surface fluxes, and the

lower troposphere that varies spatially, seasonally, and
even interannually. These findings have been based on
quantitative metrics that relate soil moisture to fluxes
and atmospheric states compiled typically over many
days, months, or years across a range of atmospheric and
land surface conditions at every location. In this study,
we remove the variability of atmospheric states and
examine the relationship between differences in soil
moisture and snow to corresponding differences in surface fluxes, near-surface meteorology, and boundary
layer properties among pairs of ensemble members from
28 ensembles of global model forecasts covering boreal
spring and summer with identical initial states except at
the land surface. This provides a clean isolation of the
land surface impact on the atmosphere, concentrating
on the differences in the first hours and days of the
forecasts. The results have consequences for initialization
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FIG. 6. As in Fig. 5, but for the (left) height of the planetary boundary layer and (right) precipitation.

of the land surface for weather forecasts as well as climate
forecasts, helping bridge the gap between what have traditionally been considered the atmospheric initial value
problem of weather and the atmospheric boundary value
problem of climate.
We find extremely widespread strong correlations
between differences in initial soil moisture states and the
day 1 differences in surface heat fluxes when the initial
atmospheric states are identical in CFSv2, the global
model used for operational climate forecasting at NCEP
whose atmospheric and land components are those used
for operational weather forecasts. This strong correspondence is carried upward into the atmosphere, in the
form of correlations between day 1 differences in boundary layer properties and the surface flux differences. These
strong correlations are accompanied by substantial sensitivities over most locations, quantified as the change in
response per unit change in forcing (the slope of the linear
regression of the response on the forcing). Taken together,

these results suggest that variations in land surface
initialization may be extremely important not only for
subseasonal-to seasonal-forecasts, where soil moisture
initialization is assumed to have the greatest impact,
but also on weather times scales beginning on day 1 of
the forecast. Excluding precipitation, in this model skill
improvements in deterministic (daily mean) forecasts
are shown to extend out for about 3 days over half of
the land areas and at least a week for up to 15% of the
land areas.
From these results, the need is even clearer for operational global land data assimilation systems that produce accurate global soil moisture analyses for routine
use in weather and climate forecasts. This should include
higher-resolution land surface analyses that capture
heterogeneity on native scales of land–atmosphere interactions, which remain below the resolution of many
regional and all global models. The highly coupled and
sensitive nature of the responses demonstrated in this
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experiment further advocate for data assimilation to
take place within a coupled land–atmosphere framework, to ensure that the initial states in both components
are consistent and in balance with one another.
A noteworthy result is that improvements are not
found for precipitation forecasts. Combined with previous research, this result suggests that any biases or
otherwise incorrect responsiveness of atmospheric parameterizations (such as for shallow or deep convection,
clouds, the planetary boundary layer, or other aspects of
turbulent mixing or diffusion) to surface heat flux perturbations could result in an incorrect response of the
atmosphere to a ‘‘correct’’ land surface anomaly, failing
to improve the forecast or even degrading it. As the
body of quality-controlled observational data for land
surface states (e.g., Dorigo et al. 2011; Quiring et al.
2015) and surface fluxes (e.g., Baldocchi et al. 2001;
Abramowitz 2012) grows, our capability to perform
coupled land–atmosphere model development and validation to address coupled biases will also progress.
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