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ABSTRACT
Water is essential to life on Earth. Since water exists in all three phases (solid,
liquid, and gas) on Earth, it exists in various reservoirs throughout the planet that
compose the hydrologic cycle, and its movement through these reservoirs requires
energy. Thus, water is a key component of the energy balance of the Earth. Despite its
importance, its representation in modeling and dataset generation is problematic. Here,
the depiction of three phenomena, ocean surface turbulent fluxes, humidity inversions,
and groundwater, are assessed, and suggestions for improvements of their representations
are made.
First, ocean surface turbulent fluxes, including those of moisture (latent heat flux),
heat (sensible heat flux), and momentum (wind stress), from reanalysis, satellite-derived,
and combined products which are commonly used to produce climatologies and to
evaluate global climate models are compared to in situ observations from ship cruises to
ascertain which products are the least problematic. The National Aeronautics and Space
Administration’s reanalysis, the Modern Era Retrospective Analysis for Research and
Applications, is the least problematic for all three fluxes, while a couple of others are the
least problematic for only one of the three fluxes. Also, the product biases are
disaggregated into uncertainties from the grid cell mean quantities, or bulk variables,
used plus the residual uncertainties which includes the algorithm uncertainties due to the
parameterization used to relate the small-scale turbulent processes to the large-scale bulk
variables. The latter contribute the most to the majority of product latent heat fluxes,
while both uncertainties can contribute the most to product sensible heat fluxes and wind
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stress. Thus, both algorithms and bulk variables need to be improved in ocean surface
flux datasets.
Second, humidity inversion climatologies in five reanalyses are evaluated.
Humidity inversions, similar to its thermal counterpart, are layers in which specific
humidity increases with height rather than the usual decrease with height. These are
especially persistent in the polar regions in autumn and winter. However, Arctic
inversions are the strongest in summer corresponding to the time of year that low cloud
cover is the highest. Comparing the reanalysis inversions to radiosonde observations
reveals some problems with the realization of humidity inversions in reanalyses including
the misrepresentation of the diurnal cycle and of the overproduction of inversions in areas
outside the polar regions.
Finally, the simulation of groundwater in the Community Land Model (CLM) as
used in the Community Earth System Model is made more realistic by including variable
soil thickness. Because the bottom of the model soil column is placed at effectively
bedrock, the unconfined aquifer model currently used in CLM is removed and a zero
bottom water flux is put in place. The removal of the unconfined aquifer allows the
simulation of groundwater to not be treated separately from soil moisture. The model is
most affected where the number of soil layers is reduced from the original constant 10
layers and largely unaffected where the number of soil layers is increased except for
baseflow where the mean annual range in rainfall is large.
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CHAPTER 1
Introduction
1.1 The Hydrologic Cycle
On Earth, water exists in all three phases: solid, liquid, and gas. Thus, water
exists in various reservoirs on the Earth’s surface. These make up the various
components of the hydrologic cycle (Hartmann 1994). In this, water is cycled through
the various components over years to decades, even centuries and millenia. This water
cycle is presented in Fig. 1. Of these components, the largest reservoir by far is the
ocean, containing 97% of the world’s surface water (Hartmann 1994) and covering 72%
of the Earth’s surface (Wallace and Hobbs 2006). In contrast, the atmosphere holds the
least amount of surface water (0.001%, Hartmann 1994).
The cycling of water through these various reservoirs represents an exchange of
matter. Water evaporates from the ocean into the atmosphere. Most of it actually
recondenses and returns to the ocean as rain, but some of it actually is advected over the
land where it can also be condensed to provide precipitation to the land surface. The
average amount of water transported away from the ocean annually ( Tr ) can be
calculated simply by finding the difference in the annual mean evaporation ( E ) and
€
precipitation ( P ) over all of the oceans, such that (Wallace and Hobbs 2006):
€

E − P = Tr

€
Over the area of the global oceans, E = 118 cm yr-1 and P = 107 cm yr-1 (Hartmann
€

1994). Since E > P , there is a transport toward land (Dai and Trenberth 2002,
€
€
Trenberth et al. 2011) Tr = 118 cm yr-1 – 107 cm yr-1 = 11 cm yr-1 (Hartmann 1994).

! !
Trenberth and Fasullo (2013) suggested that much of this transport in extratropical
€
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(1.1)

winters should be done by the westerlies. There is also a northward component in the
winter transport of moisture poleward from the tropical oceans from phenomena like
atmospheric rivers. In summer, this northward transport from ocean to land also occurs
due to the monsoons, and, on a smaller scale, sea breezes transport moisture from ocean
to land (Trenberth and Fasullo 2013). For the global land area, the 11 cm yr-1 of water
transported from over the oceans is equivalent to 27 cm yr-1 considering the difference in
coverage of ocean and land over the Earth (11 cm yr-1 × ocean fraction / land fraction =
11 cm yr-1 × 0.72 / 0.28 = 27 cm yr-1. Hartmann 1994).
Over the global land, the annual average precipitation (75 cm yr-1) is balanced by
the mean water advected from over the oceans (27 cm yr-1) and average surface
evapotranspiration, the combined evaporation of water from the ground and vegetation
and transpiration from plants (48 cm yr-1) (Hartmann 1994). Since P > E over the land,
there has to be a net transport globally within the ground towards the ocean ( P − E = 75

! !
cm yr-1 – 48 cm yr-1 = 27 cm yr-1), the same 27 cm yr-1 that is advected from the global
€
ocean, thus completing the hydrologic cycle (Hartmann 1994, Dai and Trenberth 2002,

Trenberth et al. 2011). This transport occurs as surface runoff in rivers and as
groundwater that is replenished from infiltrated water through the soil (Fig. 1). Before
reaching the groundwater, the infiltrated water provides the moisture in the unsaturated
soil that is partially evaporated or transpired by plants. Groundwater can also serve as a
source of moisture in the unsaturated soil column. Note that this discussion of the global
water budget does not address the phenomenon of “precipitation recycling,” how much
regional precipitation originates from local evaporation at sub-annual time scales (e.g.,
Dominguez et al. 2006).
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Residence times for water within each of these reservoirs can also be calculated as
the amount of water in a reservoir divided by the flux out of the reservoir (Wallace and
Hobbs 2006). Doing this for the hydrologic cycle, the shortest reservoir of water is the
atmosphere in which water only remains on the order of days. This is because water
evaporated from the surface is quickly condensed into clouds and precipitation. This also
leads to the high variability in atmospheric water vapor concentration, ranging from 0-5%
by volume (Wallace and Hobbs 2006).
Over land, the water budget is highly unknown, because observations of many of
the water fluxes and reservoirs are difficult to measure. The terrestrial water balance is:
(1.2)

S ʹ′ = P + D − E − R

where S ʹ′ is a storage rate; P is precipitation; D is surface condensation; E is
€

evapotranspiration, the combined evaporation from soil and of intercepted precipitation
€

by plants plus transpiration from plants; and R is runoff (Hartmann 1994). For long-term,
large-scale averages, S ʹ′ and D are small, so that
(1.2)

R =P −E
€
€
Thus, P − E may be used as a proxy for runoff under steady state conditions
€

(Baumgartner and Reichel 1975), but runoff may deviate substantially from this estimate
€

at short timescales because of snow accumulation and melt and changes in storage
(Fekete et al. 2000). Runoff also depends on the frequency, sequence, and intensity of
precipitation events due to its impact on infiltration and storage (Fekete et al. 2000). An
important component of that storage is soil moisture, the amount of water in the
unsaturated portion of the soil column. Soil moisture only approaches steady state at
annual or longer time scales (Dai and Trenberth 2002, Trenberth et al. 2011).
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P and E may also be problematic. While precipitation is measured quite
regularly globally, evapotranspiration is limited to a few select experimental sites. Pan
€
€ evaporation
has historically been used to estimate potential evaporation, but this is not

true evapotranspiration. For instance, actual evapotranspiration and potential evaporation
have been shown to have different trends historically (Milly and Dunne 2001). To
calculate regional P − E , products like reanalyses or satellite/in situ datasets would be
used. However, P and E based on such products have been shown to be biased
€
(Trenberth and Guillemot 1998, Trenberth et al. 2001b, Yang et al. 2001, Adler et al.
€
€
2001, Nijssen et al. 2001a). Reanalyses are produced by atmospheric models that have

ingested observations and satellite measurements to constrain the model output.
Reanalysis P and E are problematic (Oki 1999), because they are purely model-derived
(Dai and Trenberth 2002).
€

€
Atmospheric moisture fields in reanalyses can also be biased because of changes

in satellite measurements assimilated which cause anomalously large spurious changes
(Trenberth et al. 2011, Bosilovich et al. 2011). Radiosondes are another source of
moisture profiles for assimilation in reanalyses. Radiosonde measurements of moisture
can be biased dry under certain circumstances (Vömel et al. 2007, Leblanc et al. 2011),
but reanalyses correct radiosonde biases (Trenberth et al. 2011). There are gaps in the
radiosonde network (Trenberth et al. 2011), most notably in developing countries and in
the polar regions. Therefore, reanalyses must rely on satellite measurements for
assimilating global moisture fields. The assimilation of satellite-derived moisture and of
satellite radiances have greatly improved reanalyses (Trenberth et al. 2011), but the
satellite measurements assimilated varies from product to product. For instance, Groves
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and Francis (2002) noted that satellite retrievals of moisture were ignored over the polar
regions in the first National Center for Environmental Prediction reanalysis.
A similar water balance to (1.2) exists in the air above the land such that
Saʹ′ = E − P − D − Tr .

(1.3)

For long-term, large-scale averages, Saʹ′ and D , are small (Hartmann 1994), resulting in
€

(1.1). Adding (1.2) to (1.3), the total storage in the air and land is
S ʹ′ + Saʹ′ = −R − Tr .

€

€

(1.4)

For long-term, large-scale averages, the storage terms are small, so that R = −Tr
€

(Hartmann 1994).
€
For a particular region of the world, −Tr would have to be the net convergence of

atmospheric moisture into the region, and atmospheric moisture convergence has been
€
used to estimate R (e.g., Eltahir and Yeh 1999). Streamflow is measured at certain

locations globally, and Perry et al. (1996) compiled these from 981 rivers globally.
€
Fekete et al. (2002) integrated streamflow measurements into a water balance model

(Vörösmarty et al. 1998) to generate global runoff.

1.2 The Role of Water in the Energy Budget
Water also plays an important role in the energy budget of the Earth system. One
reason is that it requires energy to evaporate water. For instance, solar radiation absorbed
at the ocean surface excites some of the water molecules enough for them to escape into
the air. This cools the ocean, because the remaining water molecules are at a lower
energy state. The absorbed energy used to evaporate the water is said to be latent,
because it is not manifested sensibly as temperature. Rather, it is only released when it
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recondenses to form clouds, heating the atmosphere. This release of latent heat warms
the atmosphere, compensating for the radiative cooling in the atmosphere (Roads et al.
2002).
Water also affects the energy budget in other ways. Water vapor is the strongest
greenhouse gas, accounting for approximately half of the natural greenhouse effect, and a
significant absorber of shortwave radiation (Hartmann 1994). The impact of water vapor
on the radiative budget of the Earth might be stronger if it were not for the fact that water
vapor concentration is highly variable ranging from near-zero to as much as 5% by
volume (Wallace and Hobbs 2006). Additionally, the clouds that form from the
condensation of water vapor are strong reflectors of solar radiation and important
absorbers of longwave radiation (Hartmann 1994).
Frozen forms of water are strong reflectors as well. For instance, fresh snow can
have an albedo of up to 0.95 (Garrett 1992). Likewise, some other components of the
cryosphere like the Antarctic and Greenland ice sheets, sea ice, and mountain glaciers are
also highly reflective. These help to make the Earth more reflective (Wallace and Hobbs
2006), keeping the surface from absorbing more solar radiation. Thus, a reduction in
snow and ice cover would result in more sunlight being absorbed, warming the surface
and melting more ice and snow. This leads to a reinforcing cycle, or positive feedback.
Snow and sea ice are also strong insulators, protecting the surface below from cooling
down more than it would.
Oceans play a very important role in the Earth’s energy balance. Water has a
higher heat capacity than that of air (Hartmann 1994). Thus, oceans are slower to absorb
solar radiation and take longer to warm up and cool down. The ocean also transports
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energy around, as, like the air, the ocean is not static. Warm currents transport warm
water from the tropics to the poles, and cold currents move cold water from the poles
towards the tropics. These are wind-driven surface currents, which are important to airsea interaction. Heat is also transported to the deep ocean for storage by the large-scale
meridional overturning circulation. Thus, heat from the current global warming is being
accumulated by the oceans, which will take millennia to be released (Solomon et al.
2009).

1.3 Modeling the Hydrologic Cycle
Because water plays a critical role in climate, it is essential to accurately represent
hydrologic processes in global climate datasets and in global climate models. In
modeling the atmosphere, the large-scale movement of water vapor with the wind, or
advection, can be explicitly accounted for, because this involves the grid mean quantities
directly. However, subgrid processes like evaporation or convection have to be
parameterized with the use of empirical relationships to relate these small-scale processes
to large-scale quantities. There are large uncertainties in the modeling of these
parameterized processes, because there are multiple parameterizations for each. For
example, there is a spread in the ocean surface fluxes of heat, moisture, and momentum
calculated for climate and numerical weather prediction models (Zeng et al. 1998;
Brunke et al. 2002, 2003). All of the parameterizations of these fluxes use the same
equations:

τ = ρCDU 2

(1.5)

for momentum flux or wind stress,

€

SH = −ρC pCHUΔθ

€

	
  

(1.6)
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for sensible heat flux,
(1.7)

LH = − ρLv CEUΔq
for latent heat flux, where ρ is air density, Cp is specific heat, Lv is the latent heat of

€

vaporization, U is the large-scale wind speed, Δθ is the difference between near-surface
potential temperature and that at the surface, Δq is the similar difference between nearsurface and surface specific humidity, and CD, CH, and CE are exchange coefficients for
momentum, heat, and evaporation, respectively. What differs between parameterizations
is how they find the exchange coefficients. The parameterization of ocean surface
turbulent fluxes is explored further in Section 2.1 and Appendix A.
All parameterized processes suffer similar uncertainties. Many of these processes
involve water. These include cloud processes, which are poorly simulated, making the
simulation of the cloud feedback highly uncertain in climate models. Also uncertain in
models are the feedbacks due to water vapor, snow, and ice (Bony et al. 2006). Many of
these feedbacks involve radiation, which is also parameterized.
Like the ocean surface, the land surface can be a potential source of energy to the
atmosphere. Thus, land surface models (LSMs) were developed to model this interaction
between the land and atmosphere. Similar to atmospheric models, large-scale vertical
transport of temperature and water is explicitly simulated by LSMs. Early LSMs were
very simple, but they have since incorporated more and more complexities from
processes like vegetation and snow. Vegetation is needed to add transpiration and
evaporation of water intercepted by leaves to land evapotranspiration. As discussed in
Section 1.1, snow affects the surface water balance, and frozen soil may impact water
below the surface.
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However, below-ground characteristics are poorly constrained due to the lack of
observations. Thus, LSM developers have had to put together as much information as
possible or to make assumptions. Another complication is variability within the largescale grid cells needed in models. For instance, within a, say, 1° × 1° grid cell, several
different land covers exist within most grid cells. To account for such subgrid variability
in vegetation, models have generally employed subgrid tiles each with different land
covers. The water and energy balance is calculated separately for each tile, and the grid
cell quantity is determined as the area-weighted mean of the various tiles. However,
vegetation may not be the only land characteristic that needs to be accounted for on a
subgrid basis. Elevation can change rapidly within very short distances. Thus, elevation
bands have been included in some LSMs to account for subgrid variability in elevation
(e.g., Nijssen et al. 2001b).
Models of the other components of the Earth system also have similar
uncertainties. For instance, like in the atmosphere, simulation of large-scale motions are
very well constrained in the ocean. However, mesoscale eddies are subgrid and, thus,
need to be parameterized (e.g., Gent and McWilliams 1990). Of course, the uncertainty
of the ocean turbulent flux algorithms also affects the ocean. In sea ice, melt ponds that
develop in the summer must be parameterized. Ice surface fluxes are also parameterized
similar to that of ocean surface fluxes. Such parameterizations were assessed in Brunke
et al. (2006). At that time, climate and numerical weather prediction models utilized
constant roughness lengths used to find the exchange coefficients. Constant roughness
lengths seemed unrealistic considering the heterogeneity of the sea ice surface. Brunke et
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al. (2006) showed that constant roughness lengths for heat and moisture were justified,
while for a constant roughness length for momentum should not be.

1.4 Objectives of This Dissertation
Because of water’s importance to global climate and the great uncertainty in its
representation in global climate models, it is imperative to improve the modeling of the
hydrologic cycle in the ocean, atmosphere, and land. Most studies of assessment and
improvement of hydrologic processes in modeling focus on processes in only one of
these components. Here, I have compiled a more comprehensive study to assess and
improve hydrologic processes in the ocean, atmosphere, and land by integrating lessons
learned from air-sea interactions, land-atmosphere interactions, hydrology, and
atmospheric science.
First, ocean surface turbulent fluxes in reanalyses, satellite-derived, and combined
reanalysis/satellite products are assessed. Reanalyses use models constrained by
observations to produce global maps of surface latent heat, sensible heat, and momentum
fluxes. Satellite-derived and combined products are added to the assessment, because
they use the same algorithms to derive these fluxes. Sensible heat and momentum fluxes
are also assessed with latent heat fluxes in order to have a complete assessment.
Second, I move to the atmosphere to assess the realization of specific humidity
inversions in reanalyses. Like temperature inversions, specific humidity inversions are
layers in which specific humidity increases with height. Usually, specific humidity
decreases with height, but under certain circumstances, specific humidity is able to be
higher at upper levels than down below. Reanalyses are also used to establish a
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climatology of this phenomenon and to better understand the processes that contribute to
the formation of these inversions.
Finally, I suggest how to improve LSMs used in global climate and Earth system
models by including variable soil thickness. All LSMs utilize a constant soil thickness.
This previously precluded the modeling of groundwater which was shown to be
important to climate modeling (Entekhabi et al. 1999, Dirmeyer 2000). To rectify this,
separate groundwater representations have been included (e.g., Gutowski et al. 2002,
York et al. 2002, Liang et al. 2003, Niu et al. 2007, Yeh and Eltahir 2005, Miguez-Macho
et al. 2007), but an inconsistency is introduced by separating groundwater from the
unsaturated soil column. Groundwater should be considered within the soil column, but
it is separately treated with the use of a groundwater model. By including variable soil
thickness, groundwater can be explicitly simulated where the soil column is extended to
deeper layers. By treating soil moisture and groundwater together, this will add realism
to LSMs. LSMs will be made more realistic by replacing the constant soil thickness with
one that varies from grid cell to grid cell.
Besides these three works presented here in which I have played a principal role, I
have collaborated with various colleagues on related topics, providing a perspective
based on my previous research as well as the research presented in this dissertation.
Decker et al. (2012) performed an intercomparison of reanalysis surface fluxes and nearsurface quantities similar to what is done in Appendix A for ocean surface fluxes. The
ranking system used in that study was repeated in Decker et al. (2012) for the evaluation
of land surface fluxes from the various reanalyses. My expertise in intercomparing
various products as in Appendix A helped the evaluation of satellite-derived data of
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normalized difference vegetation index (NDVI), a measure of how much vegetation there
is and how healthy that vegetation is, by Scheftic et al. (2014). Global climate models
were evaluated in Sakaguchi et al. (2012a, 2012b) in terms of what spatio-temporal scales
have the most accurately portrayed climate signal in the ensemble of models used in the
Intergovernmental Panel on Climate Change (IPCC) assessments. I have also been
participating in the development of the Regional Arctic System Model (RASM) in which
the research in Appendix B has provided some guidance for how such a model could be
used. Also, the formulation for sea ice roughness for momentum developed in prior
research (Brunke et al. 2006) has been used in the sea ice model used in RASM as
reported by Roberts et al. (2015). What was learned from the development of the RASM
sea ice model feeds back into the Community Earth System Model (CESM), since the
same sea ice model is used in both.
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CHAPTER 2
Present Study
This chapter synopsizes the motivation, methodology, and principal findings of
the three works included in this study. They are more completely described in the
manuscripts in Appendices A-C.

2.1 Assessment of the Uncertainties in Ocean Surface
Turbulent Fluxes
As the largest reservoir of water on Earth, the oceans play a critical role in the
hydrologic cycle. Water evaporated from the oceans is transported toward land to be
precipitated. Since evaporation is a subgrid-scale process, it is calculated as an energy
flux, latent heat flux, in global climate models and numerical weather prediction by
parameterizations that relate the grid cell mean quantities to those small-scale processes.
Latent heat flux is one component of the surface energy balance. Under steady-state
conditions within any particular oceanic grid cell,

Rnet = LH + SH + Tr ,

(2.1)

where Rnet is the net radiation flux at the surface, LH is latent heat flux, SH is sensible

€

heat flux, and Tr is the net horizontal transport (Hartmann 1994). If horizontal transport
is negligible, then the net radiation flux is balanced by latent and sensible heat fluxes. In
models, sensible heat flux is also found using the same parameterizations that are used to
find latent heat flux. Those same parameterizations are also used to find the momentum
flux, or wind stress. Wind stress drives surface ocean currents which move water
warmed at the Tropics poleward and water cooled at the poles toward the Tropics. For
reanalyses, numerical weather prediction models are used to generate a global
climatological dataset of these three surface turbulent fluxes (latent and sensible heat flux
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and wind stress) when constrained by in situ and satellite observations. These
parameterizations are also used to generate datasets of these fluxes from satellite
measurements.
As initially discussed in Section 1.3, these parameterizations, or algorithms, all
use the same equations (1.5-1.7 in Section 1.3 or 1-3 in Appendix A) but differ in how
they find the exchange coefficients CE, CH, and CD. These parameterization differences
lead to uncertainties in the fluxes from the various products (reanalyses, satellite-derived,
and combined reanalysis/satellite-derived). Additional uncertainties come about from
differences in the mean quantities, or bulk variables, used in the parameterizations to
derive the surface turbulent fluxes. Because reanalyses are model-derived, some of this
uncertainty is due to model errors. The assimilation of satellite measurements also
introduces uncertainty due to changes in the satellite measurements that introduce
unrealistic jumps in bulk variable climatologies (Bosilovich et al. 2011). The
assimilation can also produce unrealistic discontinuities in bulk variables at analysis
times (Decker et al. 2012).
Since these datasets are used in process studies and to evaluate global climate
models, these two different uncertainties, algorithm and bulk variable, need to be
assessed. I do this in Appendix A by comparing fluxes from six reanalyses, four satellitederived products, and one product that uses bulk variables derived from a combination of
satellite measurements and reanalyses with in situ observations made during 12 ship
cruises conducted from 1991 to 1999. The uncertainties are derived from disaggregating
the product error such that:

(

) (

)

Fprod − Fobs = Fprod − Falgor + Falgor − Fobs ,

€

	
  

(2.1)
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where Fprod is the flux from a particular product, Fobs is the observed flux, and Falgor is the
flux derived from the product’s flux algorithm using observed bulk variables. The first
term on the right hand side represents the bulk variable uncertainty, since the only thing
that is different between Fprod and Falgor is the input of different bulk variables into the
same algorithm. Therefore, the algorithm uncertainty contributes to the second term, but
since there is also uncertainty in the in situ measurements of Fobs, this uncertainty is also
included in this term.
Another goal of this study was to assess which of the 11 products are least and
most problematic as was done in Brunke et al. (2003) for model, reanalysis, and satellite
product surface turbulent flux algorithms. This assessment is performed by assigning a
score from 1 to 11 (8 for wind stress) based upon the product bias and standard deviation
of errors (SDE) for each of the 12 cruises. Similar scores are obtained based upon the
product bias and SDE from all cruises. An overall score is obtained for each product as
the average of the mean individual cruise bias and SDE scores and the all-cruise bias and
SDE scores (Fig. 2). The products are divided into three categories based upon the
overall scores. The least problematic, or “best performing,” are those that fall into
Category A with the smallest overall scores, and the most problematic are those in
Category C with the largest overall scores. See Appendix A for more details.
Based upon such scoring, the Modern-Era Retrospective Analysis for Research
and Applications (MERRA) is among the best performing for all three fluxes (latent heat
flux, sensible heat flux, and wind stress). Two other reanalyses, the European Centre for
Medium-Range Weather Forecasts interim reanalysis (ERA-Interim) and the National
Centers for Environmental Prediction-Department of Energy (NCEP-DOE) reanalysis,
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are among the best performing for two of the three fluxes as is one of the satellite-derived
products, the Goddard Satellite-Based Surface Turbulent Fluxes version 2b (GSSTF2b).
Residual uncertainties contribute to most products’ biases for latent heat flux, while bulk
algorithm uncertainties tend to be the largest contributor to product biases for sensible
heat flux and wind stress. Biases and uncertainties for some products (e.g., for MERRA
latent heat and sensible heat flux) are small because of contributions from equally large
positive and negative errors. This is also found for 2-m specific humidity biases from the
products, while wind speed biases are large from two reanalyses (NCEP-DOE and CFSR)
and the satellite-derived products (Fig. 8 in Appendix A). The latest versions of products
are as good or better than older versions, but satellite-derived products may not
necessarily be better than reanalyses. This suggests room for improvement for the
satellite-derived products. Also, some of the satellite measurements used in the satellitederived products are also assimilated into the reanalyses. This work, therefore, provides
guidance for users of surface flux datasets and for developers of such datasets.
Statement of work contribution: The candidate was the leading author of the
paper presented in Appendix A and responsible for acquiring, preparing, and analyzing
the observational and product data. Frequent suggestions and comments were made by
Prof. Zeng throughout the research. The candidate wrote the majority of the article
(including replying to reviewers and subsequent revisions) under the supervision of Prof.
Zeng.

2.2 Establishing a Climatology of Tropospheric Humidity
Inversions from Reanalyses
In the second study of this dissertation, I move to the atmosphere to understand
humidity inversions, layers in which humidity increases with height. On average,
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specific humidity decreases with height in the troposphere (see Fig. 1 in Appendix B).
However, there can be layers in which specific humidity increases with height just as
temperature can sometimes increase with height instead of decreasing. These layers of
increasing humidity can be quite persistent in the polar regions from autumn into winter
(see Fig. 2 in Appendix B). They also occur periodically outside of the polar regions
(e.g., Kloesel and Albrecht 1989, Jiang et al. 2002, Liu et al. 2002, Liu et al. 2010).
In Appendix B, I establish an all-sky climatology of tropospheric humidity
inversions by using reanalyses despite them being biased warm and moist (Tjernström
and Graversen 2009, Serreze et al. 2012, Jakobson et al. 2012). Still, the reanalyses can
produce humidity inversions in all of the January means in a good part of the Arctic and
of the July means over much of the Antarctic (Fig. 3 in Appendix B). Humidity
inversions are also quite prevalent in the subtropics, especially in the subtropical stratus
decks off the west coasts of continents. Climatologies are established in the polar and
subtropical stratus regions for two older reanalyses (the second National Center for
Environmental Prediction (NCEP) reanalysis (NCEP-2) and the ECMWF 40-year
reanalysis (ERA-40)) and three newer reanalyses (MERRA, the Climate Forecast System
Reanalysis (CFSR), and the ECMWF interim reanalysis (ERA-Interim)). The
climatologies include inversion base pressure and thickness (in terms of pressure) (Fig.
3), inversion strength as defined in Eq. (1) in Appendix B, and percent coverage of each
region. Verification of reanalysis inversions is performed through comparison with
rawinsonde observations at 22 locations.
There is some disagreement between humidity inversions in the reanalyses and
the rawinsondes at these 22 locations (Figs. 9-12 and Tables 2 and 4 in Appendix B).
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This is partly due to the reanalyses not accurately capturing the diurnal cycle. Despite
these discrepancies, the Arctic climatologies presented in Appendix B are similar to prior
research. For instance, humidity inversions are most prevalent in boreal winter, while
they are the strongest in summer (Fig. 7 in Appendix B), which was also documented in
the clear-sky climatology of Devasthale et al. (2011). The humidity tendencies provided
by MERRA allow for the investigation of what processes contribute most to humidity
inversions; these are dynamical (i.e., advection), turbulent, and moist physics (Fig. 14 in
Appendix B). Dynamical processes that have been suggested to be important to creating
or maintaining humidity inversions include moist and dry air advection and differential
advection with height (Nygård et al. 2013). Mean profiles of MERRA advective fluxes
provide inconclusive proof of local advective processes playing a strong role in Arctic
humidity inversions, but regional moisture convergence seems to play more of a role.
Some humidity inversions, especially in polar summer, are tied more to cloud processes.
Summer inversions in the Arctic and Antarctic are further above the surface in summer
with median cloud tops located within humidity inversions (Table 3 in Appendix B). The
presence of cloud tops within humidity inversions prevents cloud water from evaporating
due to entrainment (Solomon et al. 2011, Sedlar et al. 2011). In the winter, humidity
inversions are closer to the surface (Table 3 in Appendix B), more likely tied to
temperature inversions, which are prevalent in this season due to radiational cooling
during the polar night. A humidity inversion would be consistent with the ClausiusClapeyron relationship that would require colder air at the thermal inversion bottom to
hold less water than the warmer air at the top.
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Statement of work contribution: The candidate was the leading author of the
paper presented in Appendix B and responsible for acquiring, preparing, and analyzing
the observational and reanalysis data. Frequent suggestions and comments were made by
Prof. Zeng throughout the research. The candidate wrote the majority of the article
(including replying to reviewers and subsequent revisions) under the supervision of Prof.
Zeng.

2.3 Including Variable Soil Thickness in a Land Surface
Model
The final study included here is to improve land surface models (LSMs) which
provide a bottom boundary for the atmosphere by supplying latent and sensible heat
fluxes as well as upward radiative fluxes. In order to obtain these, hydrological and
thermal processes within the soil should be as accurately represented as possible in
LSMs. To better simulate hydrological processes, groundwater models have been
implemented into some LSMs (e.g., Liang et al. 2003, Yeh and Eltahir 2005, MiguezMacho et al. 2007, Niu et al. 2007, Koirala et al. 2014). One reason for this is because
LSMs generally have a constant soil thickness due to the lack of knowledge of global
depth-to-bedrock (DTB). Rather, there have been localized estimates generally in upland
environments (e.g., Dietrich et al. 1995, Roering 1998, Pelletier and Rasmussen 2009,
Tesfa et al. 2009).
Recently, a group at The University of Arizona has developed a global estimate of
the thickness of relatively porous, unconsolidated sediments above bedrock (essentially
soil thickness) at a very high resolution of 30 arcseconds (~1 km) (Pelletier et al. 2015,
manuscript under preparation). This soil thickness estimate can be included in LSMs to
allow the model to have realistic soil thicknesses that vary from grid cell to grid cell. In
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Appendix C, I implement and test variable soil thickness derived from this dataset into
the Community Land Model (CLM), the LSM included in the Community Earth System
Model (CESM). At every grid cell, the soil column exists only for a certain number of
soil layers determined from the dataset soil thickness averaged to the model resolution of
0.9° latitude × 1.25° longitude. Since the soil column exists in this revised version of
CLM to effectively bedrock, the unconfined aquifer model (Niu et al. 2007) is no longer
needed, so that an aquifer is allowed to develop only within the saturated portion of the
soil column that exists to effectively bedrock. The water flux out of the bottom is zero,
and baseflow is only allowed if there is an aquifer within the soil column.
In Appendix C, this adapted version of CLM version 4.5 with variable soil
thickness (VAR) is compared to the out-of-the-box release (CLM4.5) and an additional
sensitivity test (DEEP) using the same framework as in VAR except that soil thickness is
a constant 14 layers everywhere. This last simulation is performed to help illustrate how
much of the changes in VAR are due to the removal of the aquifer model and the addition
of zero bottom flux, i.e., the change in bottom boundary condition.
The results of these comparisons are given in Appendix C. VAR changes water
fluxes like surface runoff and baseflow the most in grid cells where the number of soil
layers is decreased from the 10 layers in CLM4.5. At these locales, the decrease in soil
thickness adds to the sensitivity of the model that is introduced by the change in the
bottom boundary condition as represented by DEEP. These fluxes are generally
unaffected where the soil column is made deeper except that baseflow can be somewhat
sensitive where there is a large annual cycle in precipitation. VAR is most sensitive in
regions with shallow bedrock where the soil column is reduced, because soil moisture
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substantially changes in these locations. On the other hand, the soil moisture profiles in
VAR where the bedrock is deep are similar to CLM4.5’s, and, thus, the water table
depths are also similarly simulated. VAR can produce a water table for as little as nine
soil layers, but, where the soil column is composed of the original 10 layers or less, VAR
generally does not create an aquifer. On the other hand in these instances, CLM4.5 with
the unconfined aquifer model always has an aquifer below model bedrock. An additional
benefit of this change is to the soil temperature profiles, since the heat capacity and
thermal conductivity has to change from bedrock to soil where the soil column is
extended or vice versa where the soil column is reduced. Thus, the annual cycle in deep
soil temperature is reduced by as much as > 2 K in regions with deep bedrock and that of
the whole soil column is increased in regions with shallow bedrock.
Statement of work contribution: The candidate was the leading author of the
paper presented in Appendix C and responsible for acquiring, preparing, and analyzing
the satellite data and the land model simulations. Frequent suggestions and comments
were made by Prof. Zeng throughout the research. The candidate wrote the majority of
the article under the supervision of Prof. Zeng.

2.4 Dissertation Discussion and Conclusions
The three works included in this dissertation show that there are still challenges to
the modeling and dataset generation of processes in the hydrologic cycle across the
various components of the Earth system. Turbulent flux parameterizations, or
algorithms, provide surface fluxes, including latent heat flux, sensible heat flux, and wind
stress, from large-scale quantities for reanalyses and satellite-derived products. The
biases from these products vary considerably with contributions to both uncertainties due
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to variations in algorithms and due to errors in the large-scale bulk quantities, or
variables, used to derive the fluxes. Since the publication of the article in Appendix A,
some newer versions of two of these satellite-derived datasets, GSSTF and HOAPS,
along with a new dataset, SeaFlux (available at http://seaflux.org) which is available
beginning from 1998, have been released. These newer datasets are not necessarily better
than the older products. For instance, the daily mean latent heat fluxes from these new
datasets are compared to the older products from Appendix A for all of the 1999 cruises
in Fig. 4. The regressions in the newer versions, GSSTF2c, GSSTF3 and HOAPS3.2, are
similar or worse (further away from the one-to-one line) than their older versions.
Furthermore, the regression for the newest dataset, SeaFlux, is much farther from the
one-to-one line than any other product. In other words, some of the SeaFlux daily latent
heat fluxes can be quite a bit lower from the higher of the observed fluxes during these
cruises in 1999. Thus, there is still much room for improvement in the satellite-derived
products. The algorithm uncertainties between many products have been reduced,
because all products except for the GSSTF series use the same algorithm, the Coupled
Ocean Atmosphere Response Experiment (COARE) version 2.0. Thus, much of the
inter-product variation in the satellite-derived flux errors is due to differences in the bulk
variables used. As for the reanalyses, a new version of MERRA is in production, and
ECMWF is planning to replace ERA-Interim. It is unclear whether these new reanalyses
will reduce some of the errors in the current versions such as the analysis-time
discontinuities or those introduced by changes in assimilation of satellite measurements.
Both satellite-derived flux products and reanalyses are used to produce
climatologies (e.g., Trenberth et al. 2009). Since there are uncertainties in these product
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fluxes, these uncertainties are introduced into such climatologies. These products are
also used to assess global climate models (e.g., Wittenberg et al. 2006, Gleckler et al.
2008), the same models which are used in the Intergovernmental Panel on Climate
Change (IPCC) assessments to understand climate change during the 20th century and
project it into the future. Thus, there is uncertainty in the model evaluations introduced
by the product uncertainties.
In Appendix B, reanalyses were used to establish climatologies of specific
humidity inversions, an atmospheric phenomenon that is most prevalent in the polar
regions. These regions are undergoing substantial climate change (e.g., Serreze et al.
2000). Yet, I find that humidity inversions do not seem to have changed much over the
period 1981-2000. For instance, there are very small trends in annual maximum and
minimum humidity inversion strength (not shown). Polar humidity inversions are also
unaffected by interannual modes of variability like the Northern and Southern Annual
Modes (not shown). Thus, humidity inversions seem to be a robust and constant feature
of the polar regions for some reason. Another important feature of the Arctic summer is
the persistent stratus deck, which appears to be intimately tied to humidity inversions that
encompass the cloud tops. If humidity inversions are not being affected by climate
change, then these cloud decks may also be a robust feature of the Arctic.
Finally, one of the global climate models used in the IPCC assessments, the
CESM, has been improved here by allowing soil thickness to realistically vary from grid
cell to grid cell in its land component, the CLM. It is unclear how this change will affect
the model climate, since the model changes in Appendix C were evaluated in an offline
mode uncoupled to the atmosphere. If the adapted version of the LSM is coupled to the
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atmospheric model, feedbacks may introduce changes to simulated precipitation (Anyah
et al. 2008, Jiang et al. 2009, Leung et al. 2011). Furthermore, the increased surface
runoff and baseflow from global land implies a need for revision of the global mean
water budget discussed in Section 1.1, since that increased amount of water flow towards
the ocean also has to be transported by the atmosphere globally over the land from over
the ocean. Such a revision may be made using the revised LSM coupled to an
atmospheric model.
Furthermore, the LSM may be made more realistic if subgrid variability in soil
thickness is included. Also, largely ignored in climate models is the horizontal
movement of groundwater. Such three-dimensional (3-D) modeling of groundwater is
computationally expensive and, thus, has been tested largely in regional modeling due to
its importance at these smaller scales (York et al. 2002). Colleagues are working on
implementing a hybrid 3-D framework in which there is horizontal groundwater flow
between hillslopes, valley bottoms, and riparian zones within a grid cell. Such a
framework works well on hillslopes (Hazenberg et al. 2015, submitted to Water
Resources Research), and the interaction between hillslopes and the valley bottoms and
riparian zones are currently being added.
The three studies included in this dissertation have shown that there is room for
improvement in the representation of the water cycle in models and datasets. This
improvement is imperative because of its importance to life on Earth and its major role in
the energy balance of the Earth system. This dissertation provides some possible
direction towards these improvements for ocean surface turbulent fluxes, atmospheric
humidity inversions, and groundwater modeling. Additional research is needed to further
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reduce the bulk variable and algorithm uncertainties in ocean surface turbulent fluxes.
While algorithm uncertainties between satellite-derived products have largely been
reduced due to the adoption of the same algorithm by most, there are still important
differences in algorithms used by the global models used to produce reanalyses (Brunke
et al. 2002, 2003). Algorithm uncertainties are enhanced in high wind speeds, conditions
in which these algorithms are largely untested for. The bulk variables between products
can differ quite substantially. These uncertainties also need to be diminished in order to
reduce the uncertainties of using them in climatologies and model evaluation.
The climatology of humidity inversions based on reanalyses presented here needs
to be further investigated. The persistence of humidity inversions in the polar regions has
already been established (Nygård et al. 2013, 2014; Devasthale et al. 2011), and the
climatology presented in Appendix B allows previous hypotheses to be tested. The lack
of sensitivity of polar inversions to interannual modes of variability seen in reanalyses
could be tested by rawinsonde measurements or satellite-derived humidity profiles.
Outside of the polar regions, reanalyses seem to create too many humidity inversions,
suggesting a model error in representing some process(es) related to these inversions.
The reanalysis climatology can also be used to evaluate the realization of specific
humidity inversions in global climate models. For instance, Fig. 5 presents the
frequencies of humidity inversion occurrence in the January monthly means for the
Northern Hemisphere and the July monthly means for the Southern Hemisphere for
several of the models used in the latest IPCC assessment. Comparing these to Fig. 3 in
Appendix B, all of these models produce monthly mean inversions in all or almost all of
the Januaries of the Arctic and of the Julies off the coast of Antarctica similar to the
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reanalyses. However, the French Centre National de Reserches Meteorlogiques coupled
model version 5 (CNRM-CM5) also produces humidity inversions over almost all of the
land globally for at least some of the Januaries and Julies (Fig. 5i,j) which is not seen in
any of the the reanalyses. This suggests that humidity inversions may be problematic in
global climate models, overproducing outside of the polar regions even more than the
reanalyses.
Finally, while realism was added to CLM by including variable soil thickness
between grid cells here, further realism could be added by taking into consideration that
soil thickness varies on much smaller scales within grid cells. Further research is
necessary to best implement such subgrid representation of variable soil thickness. Most
likely, soil thickness should be tied to elevation bands, since soil thickness is generally
dependent on elevation. Then, the model plant functional types that represent the
different vegetation covers would have to be distributed to the new elevation bands.
Improved representation of groundwater processes could be added by including
horizontal flow between the elevation bands using the hybrid 3-D framework.
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FIG. 1. A schematic of the hydrologic cycle including its principal components. Blue
arrows represent additions to the component, and brown arrows represent removals from
a component. White arrows represent transports within a component. P is precipitation
and E is evaporation over the ocean or evapotranspiration (the combined ground
evaporation and evaporation of intercepted water by vegetation plus the transpiration
from plants) over land.
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FIG. 2. A schematic of how scores were obtained for the product flux rankings in
Appendix A. First, a score from 1 to 11 (1 to 8 for wind stress) was derived for each
product based on biases and standard deviation of errors (SDEs) from each of the 12
cruises (1 for the product with the lowest bias or SDE and 11 for the product with the
highest). Then, these scores are averaged over all cruises ( sbias and sSDE ). Similar scores
were also obtained for all cruises combined (Sbias and SSDE). Finally, the average of these
four values is what is used to rank each of the product fluxes, dividing them into three
categories. See Appendix A for more details.
€
€
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FIG. 3. The definitions for humidity inversion base and top as well as the specific
humidities at the base and top (q(pmax) and q(pmin), respectively) on a hypothetical
specific humidity profile.
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FIG. 4. Scatterplots of daily mean product latent heat (LH) flux versus observed LH flux
from the 1999 ship cruises used in Appendix A. Compared are the Modern Era
Retrospective Analysis for Research and Applications (MERRA); the European Centre
for Medium-Range Weather Forecasts 40-year reanalysis (ERA-40) and interim
reanalysis (ERA-Interim); the National Centers for Environmental Prediction (NCEP)National Center for Atmospheric Research (NCAR) reanalysis; the NCEP-Department of
Energy (DOE) reanalysis; the Climate Forecast System Reanalysis (CFSR); the Goddard
Satellite-based Surface Turbulent Fluxes (GSSTF) versions 2, 2b, 2c, and 3; the Japanese
Ocean Flux Data Sets with Use of Remote Sensing Observations (J-OFURO); the
Hamburg Ocean Atmosphere Parameters and Fluxes from Satellite Data (HOAPS); the
Objectively Analyzed Air-Sea Fluxes (OAFlux); and the SeaFlux data set.
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FIG. 5. The relative frequency of occurrence (%) of specific humidity inversions in
January (for the Northern Hemisphere, top row) and July (for the Southern Hemisphere,
bottom row) monthly means in (a,b) the Community Climate System Model version 4
(CCSM4), (c,d) the Community Earth System Model version 1 (CESM1), (e,f) the
Goddard Institute for Space Studies Model E2 coupled to the Hybrid Coordinate Ocean
Model (GISS-E2-H), (g,h) the Marine-Earth Science and Technology Model for
Interdisciplinary Research on Climate model version 4h (MIROC4h), and the Centre
National de Reserches Meteorlogiques coupled model version 5 (CNRM-CM5).
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ABSTRACT
Ocean surface turbulent fluxes play an important role in the energy and water cycles of the atmosphere–
ocean coupled system, and several flux products have become available in recent years. Here, turbulent fluxes
from 6 widely used reanalyses, 4 satellite-derived flux products, and 2 combined product are evaluated
by comparison with direct covariance latent heat (LH) and sensible heat (SH) fluxes and inertial-dissipation
wind stresses measured from 12 cruises over the tropics and mid- and high latitudes. The biases range
from 23.0 to 20.2 W m22 for LH flux, from 21.4 to 6.0 W m22 for SH flux, and from 27.6 to 7.9 3 1023
N m22 for wind stress. These biases are small for moderate wind speeds but diverge for strong wind speeds
(.10 m s21). The total flux biases are then further evaluated by dividing them into uncertainties due to errors
in the bulk variables and the residual uncertainty. The bulk-variable-caused uncertainty dominates many
products’ SH flux and wind stress biases. The biases in the bulk variables that contribute to this uncertainty
can be quite high depending on the cruise and the variable. On the basis of a ranking of each product’s flux, it is
found that the Modern-Era Retrospective Analysis for Research and Applications (MERRA) is among the
‘‘best performing’’ for all three fluxes. Also, the European Centre for Medium-Range Weather Forecasts
(ECMWF) interim reanalysis (ERA-Interim) and the National Centers for Environmental Prediction–
Department of Energy (NCEP–DOE) reanalysis are among the best performing for two of the three fluxes.
Of the satellite-derived products, version 2b of the Goddard Satellite-Based Surface Turbulent Fluxes
(GSSTF2b) is among the best performing for two of the three fluxes. Also among the best performing for
only one of the fluxes are the 40-yr ERA (ERA-40) and the combined product objectively analyzed air–sea
fluxes (OAFlux). Direction for the future development of ocean surface flux datasets is also suggested.

1. Introduction
The atmosphere and ocean interact at their interface
through surface turbulent fluxes of temperature [sensible
heat (SH)], moisture [latent heat (LH)], and momentum
(wind stress t). Knowledge of these fluxes is important to

Corresponding author address: Michael A. Brunke, Department
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210081, Tucson, AZ 85721-0081.
E-mail: brunke@atmo.arizona.edu

understand the ocean heat and freshwater budget and the
partitioning of the global pole-to-equator heat transport
between the atmosphere and the ocean. The fluxes are
also needed to provide a boundary condition for both
atmospheric and ocean models and are instrumental in
assessing numerical weather prediction and global coupled models (Brunke et al. 2002, 2003).
Direct observation of these fluxes can be made using
high-speed instruments, such as a sonic anemometer or
high-speed hygrometer, but such measurements are
limited to at most a few cruises per year. Another option
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is to derive fluxes from measurements of bulk quantities
of air temperature, sea surface temperature, air humidity,
and wind speed from moored buoys and ships of opportunities as was done for da Silva et al. (1994) and the
National Oceanography Centre, Southampton (NOC),
flux product (Berry and Kent 2009), which used observations from the International Comprehensive Ocean–
Atmosphere Data Set (ICOADS; Worley et al. 2005).
Such products utilize these bulk quantities as input into
bulk aerodynamic algorithms to calculate the fluxes by
way of the following equations:
SH 5 ra cp CH U(us 2 ua ),

(1)

LH 5 ra Ly CE U(qs 2 qa ), and

(2)

t 5 r a CD U 2 ,

(3)

where ra is the density of air, cp is the specific heat of air
at constant pressure, and Ly is the latent heat of vaporization. The bulk quantities are the wind speed, U; the
surface and near-surface atmospheric potential temperatures, us and ua, respectively; and the surface and
near-surface atmospheric specific humidities, qs and qa,
respectively. The values for the exchange coefficients—CH
for heat, CE for moisture, and CD for momentum (also
known as the drag coefficient)—are determined empirically based upon the bulk quantities and differ slightly
from algorithm to algorithm (e.g., see Zeng et al. 1998;
Brunke et al. 2002, 2003). However, such observations
of bulk quantities from moored buoys and ships of opportunity are limited temporally and spatially, being
particularly absent from the Southern Hemisphere, and
fluxes from these products are not very accurate (e.g., da
Silva et al. 1994; Josey et al. 1999; Wang and McPhaden
2001).
A third option is to derive the bulk quantities from
satellite observations, which provide truly global coverage, and the surface fluxes are generally calculated
using a bulk algorithm. Several such datasets have been
developed over recent years, most notably the Goddard
Satellite-Based Surface Turbulent Fluxes (GSSTF; Chou
et al. 2003), the Japanese Ocean Flux Data Sets with Use
of Remote Sensing Observations (J-OFURO; Kubota
et al. 2002), the Hamburg Ocean Atmosphere Parameters
and Fluxes from Satellite Data (HOAPS, http://hoaps.org;
Andersson et al. 2010), and those documented in Bentamy
et al. (2003) and Bourras et al. (2002). For these datasets,
wind speed and sea surface temperature can be easily
derived from satellite measurements. In contrast, nearsurface air humidity derived from satellite measurements
is not particularly accurate, while in the past, near-surface
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air temperature was almost impossible to retrieve accurately (Bourras 2006). Recent studies (Jackson et al. 2006;
Roberts et al. 2010; Jackson and Wick 2010), however,
have produced accurate derivations of near-surface air
temperature from satellite measurements. Still, some
datasets use the air temperatures from reanalysis products instead of using a satellite-derived air temperature,
while some others employ a constant surface–air temperature difference as done in HOAPS (Andersson et al.
2010). Another method would be to use a neural network
to find a direct relationship between Special Sensor
Microwave Imager (SSM/I) brightness temperatures and
sensible heat flux similar to what was done for latent heat
flux by Bourras et al. (2002).
Finally, sea surface turbulent fluxes can be derived
from global model results that have been constrained by
surface and rawinsonde observations and satellite measurements. Such products are called reanalyses and are
produced by some of the major modeling centers, such as
the National Oceanic and Atmospheric Administration
(NOAA) National Centers for Environmental Prediction
(NCEP), the European Centre for Medium-Range
Weather Forecasts (ECMWF), the Japan Meteorological
Agency (JMA), and the National Aeronautics and Space
Administration (NASA) Goddard Space Flight Center
(GSFC) Global Modeling and Assimilation Office
(GMAO). Again, bulk algorithms are utilized to calculate
the fluxes generally using the values from the lowest model
layer as the near-surface quantities. Because of the use
of models to produce these reanalyses, model errors
can be introduced into their surface fluxes (e.g., Weller
and Anderson 1996; Wang and McPhaden 2001; Smith
et al. 2001; Renfrew et al. 2002).
Reanalyses are widely used, while satellite-derived
fluxes are becoming more widely used as their accuracy
is approaching that of the reanalyses. The climatological
fluxes in these products have been intercompared extensively, particularly when a new product or version
has been introduced. For example, Chou et al. (2003) compared the climatological characteristics of their version
2 of GSSTF (GSSTF2) with HOAPS, the older NCEP–
National Center for Atmospheric Research (NCAR)
reanalysis, and da Silva et al. (1994). Similarly, Kubota
et al. (2002) compared their original version of J-OFURO
to da Silva et al. (1994), the NCEP–NCAR reanalysis,
and ECMWF’s reanalysis, and Kubota et al. (2003) added
HOAPS and GSSTF to their comparison of J-OFURO2.
The goal, as established by the U.S. Climate Variability
and Predictability (CLIVAR) Program and the Global
Energy and Water Cycle Experiment (GEWEX), is to
attain an accuracy of 5 W m22 for each component of
the surface heat budget (Curry et al. 2004). To get there,
one must know what is contributing most to the product
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bias: the algorithm used or the bulk variables inputted
into them. Brunke et al. (2002) did this by separating out
the algorithm and bulk variable contributions in the
NASA GMAO’s Goddard Earth Observing System
(GEOS) reanalysis and HOAPS, and comparing them
to each other. Bourras (2006) went one step further to
assign contributions to the individual bulk variables for
several satellite-derived products, but this was only done
for latent heat flux using buoy data in the North Pacific
and Atlantic.
Futhermore, with the recent availability of a new generation of several ocean surface turbulent flux products,
we should now ask the question, Is the new generation of
reanalyses [e.g., the Modern-Era Retrospective Analysis
for Research and Applications (MERRA), the Climate
Forecast System Reanalysis (CFSR), and the ECMWF
interim reanalysis (ERA-Interim)] better than the previous generation [e.g., NCEP–NCAR, NCEP–Department
of Energy (DOE), and 40-yr ERA (ERA-40)]? And how
well do the satellite-derived and combined products
perform relative to the reanalyses? Furthermore, what
is the main contributor to the flux errors in all of these
products? Here, we address these questions with six reanalyses, four satellite-derived products, and one product
based on both satellite-derived measurements and reanalysis. These products are briefly described in section 2.
Instead of using buoy measurements, as in Bourras (2006),
which needed a bulk algorithm to derive the ‘‘observed’’
surface turbulent fluxes, we compare the product fluxes
to direct observations taken from 12 experimental ship
cruises in the tropics and Northern Hemisphere subtropics and mid- and high latitudes. These cruises are
described briefly in section 3. To better understand the
product flux biases, we split the total bias into two components, a bulk variable uncertainty and a residual one,
and rank the products according to their biases and
standard deviation of the errors (SDEs) as described in
section 4. The results are presented in section 5, followed
by some further discussion of the results and some concluding remarks in section 6.

2. Data products
The ocean surface turbulent flux data products
compared here include commonly used reanalyses and
satellite-derived products: NASA GMAO’s MERRA,
ERA-40 and ERA-Interim, NCEP’s original reanalysis
(versions 1 and 2) and the latest (CFSR), NASA GSFC’s
GSSTF versions 2 and 2b, J-OFURO version 2, HOAPS
version 3, and Woods Hole Oceanographic Institution
(WHOI)’s objectively analyzed air–sea fluxes (OAFlux).
The bulk flux algorithms used by these products are explained in the appendix.

	
  

5471

a. MERRA
MERRA is the most recent reanalysis produced by
the NASA GMAO using the GEOS Data Assimilation
System (DAS), which has at its core the GEOS version
5 (GEOS-5) atmospheric general circulation model
(AGCM) (Rienecker et al. 2011; Suarez et al. 2008;
Rienecker et al. 2007). The model has a finite-volume
dynamical core that is run at a resolution of ½8 latitude 3
2/ 38 longitude (Suarez et al. 2008) with 72 vertical layers.
Assimilation is done by gridpoint statistical interpolation
(GSI), a new three-dimensional variational (3DVar)
analysis (Rienecker et al. 2011). To reduce shocks from
the mass-wind analysis increments, the incremental analysis update (IAU) procedure (Bloom et al. 1996) is implemented (Rienecker et al. 2007). In this procedure,
assimilation at the 6-h synoptic times is based upon 6 h
of model predictions centered on the synoptic time. The
analyzed correction, then, is applied at the previous 6 h,
and the model is run for 12 h (Suarez et al. 2008).
Conventional observational inputs to MERRA include
data from surface land, ship, and buoy observations;
rawinsondes; dropsondes; pilot balloons (PIBALs); wind
profilers; and aircraft. Satellite inputs include upper-air
winds derived from geostationary satellites and the Moderate Resolution Imaging Spectroradiometer (MODIS);
surface winds from SSM/I, the Quick Scatterometer
(QuikSCAT), and the European Remote Sensing Satellite (ERS) scatterometers 1 and 2 (ERS-1 and ERS-2,
respectively); surface rain rate from SSM/I and the
Tropical Rainfall Measuring Mission (TRMM) Microwave Imager (TMI); radiances from the Geostationary
Operational Environmental Satellite (GOES) sounder,
Television and Infrared Observation Satellite (TIROS)
Operational Vertical Sounder (TOVS) and Advanced
TOVS (ATOVS) instruments, the Atmospheric Infrared
Sounder (AIRS), the Microwave Sounding Unit (MSU),
the Advanced Microwave Sounding Unit-A (AMSU-A),
and SSM/I; and ozone retrievals from the Solar Backscatter Ultraviolet instrument (SBUV) (Rienecker et al.
2011). SST was taken from the Hadley Centre Sea Ice and
Sea Surface Temperature (HadISST; Rayner et al. 2003)
and the Reynolds et al. (2007) products.
Used here are the surface turbulent flux (tavg1_2d_flx_
Nx) and single-level atmospheric bulk variable (tavg1_2d_
slv_Nx) data collections, which are provided in the model
horizontal resolution (½8 latitude 3 2/ 38 longitude) at 1-h
temporal resolution. These data were downloaded through
the MERRA Web site (http://gmao.gsfc.nasa.gov).

b. ECMWF reanalyses
Included here are two generations of ECMWF reanalyses: ERA-40 and ERA-Interim. ERA-40 utilized
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the ECMWF atmospheric model with a spectral resolution of T159 and 60 vertical layers (Uppala et al. 2005).
The model included improvements to the parameterizations of deep convection and radiation and a new representation of sea ice (Uppala et al. 2005). Data assimilation
was done by a 3DVar system. Inputs included conventional sources (surface land and ship observations, rawinsondes, dropsondes, PIBALs, wind profilers, and aircraft)
and satellite measurements [upper-level winds from geostationary satellites, radiances from the Vertical Temperature Profile Radiometer (VTPR), the High Resolution
Infrared Sounder (HIRS), the Stratospheric Sounding
Unit (SSU), MSU, and AMSU-A; total column water
vapor and surface wind speeds from SSM/I; ocean wave
height and surface wind from ERS-1 and ERS-2, total
column ozone from the Total Ozone Mapping Spectroradiometer (TOMS), and ozone profiles from SBUV]
(Uppala et al. 2005).
ERA-Interim is the newest generation of ECMWF
reanalyses (Simmons et al. 2006). Unlike ERA-40, which
was limited to a 45-yr period (September 1957–August
2002; Uppala et al. 2005), ERA-Interim has near-real-time
analyses. ERA-Interim’s model has a higher horizontal
resolution (T255) with improved model physics. For ERAInterim, ECMWF implemented a 12-h 4DVar assimilation
system with improvements to the handling of data biases
and the background error constraint. The same data from
ERA-40 was inputted into ERA-Interim with the addition
of clear-sky radiances from Meteosat-2; Global Ozone
Monitoring Experiment (GOME) ozone profiles; and
radio occultation (RO) measurements from the Challenging Minisatellite Payload (CHAMP), the Constellation
Observing System for Meteorology, Ionosphere, and Climate (COSMIC), and the Gravity Recovery and Climate
Experiment (GRACE). Also included were reprocessed
ocean wave height data from ERS-1 and ERS-2 and upperlevel winds from Meteosat-2 (Simmons et al. 2006).
Utilized here are the 6-hourly surface and single-level
analysis on a 2.58 latitude–longitude fixed grid for ERA40 and the model-resolution 3-hourly surface fluxes and
surface bulk variables from ERA-Interim. The ERA-40
data were downloaded from the NCAR Research Data
Archive (RDA) Web site (http://dss.ucar.edu), and the
ERA-Interim data were downloaded from the mass storage on NCAR’s supercomputers.

c. NCEP reanalyses
The NCEP reanalyses compared here include NCEP–
NCAR, NCEP–DOE, and the CFSR. NCEP–NCAR (also
referred to as NCEP-I) was originally a 40-yr product
(Kalnay et al. 1996) but has been extended to near–real
time. Its model is NCEP’s operational global forecasting
model of the mid-1990s with a horizontal resolution of
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T62 and 28 vertical layers. Assimilation is done by spectral statistical interpolation (SSI), an older 3DVar technique, using data from the conventional sources mentioned
above; satellite radiances from Satellite Infrared Spectrometer (SIRS), HIRS, VTPR, and TOVS; and upperlevel winds from geostationary satellites. SST was taken
from the Met Office (UKMO)’s Global Sea Ice and Sea
Surface Temperature dataset (GISST; Rayner et al.
2006) product before 1982 and from the Reynolds and
Smith (1994) analysis afterward (Kalnay et al. 1996).
NCEP–DOE (also referred to as NCEP-2) should be
considered to be a revised version of NCEP–NCAR, not
a new generation of reanalysis, developed to correct
errors discovered in the processing of the earlier version.
As in the previous version, NCEP–DOE uses a T62
spectral resolution model with 28 layers in the vertical.
Some improvements were made to the model physics,
including changes to boundary layer turbulence and
radiation. The ocean albedo was also reduced from 0.15
in NCEP–NCAR to 0.06–0.07 in NCEP–DOE, while
desert albedo was increased in NCEP–DOE. Similar data
were ingested into NCEP–DOE, except that sea ice and
SST were prescribed from the Atmospheric Model Intercomparison Project (AMIP-II) analysis and a new ozone
climatology (Rosenfield et al. 1987) was used. Also, a geolocation error was fixed in the Southern Hemisphere
surface pressure analysis (Kanamitsu et al. 2002).
CFSR is the latest generation of NCEP reanalyses
(Saha et al. 2010). It uses the Climate Forecast System
(CFS), a fully coupled atmosphere–ocean–sea ice–land
model. The atmospheric component is run at a spectral
resolution of T382 with 64 vertical layers with the addition of a cloud microphysics scheme to determine
cloud condensate prognostically (Zhao and Carr 1997;
Sundqvist et al. 1989; Moorthi et al. 2001), the simplified
Arakawa–Schubert cumulus convection scheme (Pan
and Wu 1995; Hong and Pan 1998), and orographic
gravity wave drag (Kim and Arakawa 1995; Alpert et al.
1988, 1996). The ocean component is run at a variable
horizontal resolution of 1/ 48–½8 latitude 3 ½8 longitude
and 40 layers in the vertical with the uppermost layer at
10-m thickness. Data similar to that of the other reanalyses were also ingested into the CFSR with the addition of SSM/I, ERS, QuikSCAT, and WindSat ocean
surface winds; GOES, AIRS, Advanced Microwave Scanning Radiometer for Earth Observing System (AMSR-E),
Infrared Atmospheric Sounding Interferometer (IASI),
and Microwave Humidity Sounder (MHS) radiances; and
RO from CHAMP and COSMIC. SST was taken from
NCEP’s optimum interpolation (OI) product (Reynolds
et al. 2007).
The 6-hourly surface fluxes and surface bulk variables
taken from the model-resolution two-dimensional fields
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of NCEP–NCAR and NCEP–DOE were downloaded
from the NCAR RDA Web site, and those from CFSR’s
low-horizontal-resolution (;1.98 3 1.98) hourly time
series products from the mass storage on NCAR’s supercomputers.

d. GSSTF products
Compared here are two of the latest versions of the
NASA GSFC satellite-derived products: GSSTF2 and
GSSTF2b. GSSTF2 (Chou et al. 2003) was produced for
a 13.5-yr period (July 1987–December 2000) with a 18 3
18 latitude–longitude horizontal resolution and a daily
temporal resolution. Wind speed is retrieved from SSM/I
measurements using the version 4 (Wentz 1997) scheme.
Specific humidity at 10 m is derived from SSM/I version
4 total column water vapor and from the lowest 500 m,
as described in Chou et al. (1995, 1997). Near-surface
air temperature and SST are taken from NCEP–NCAR.
The bulk algorithm used to calculate turbulent fluxes is
slightly adapted from the Chou (1993) algorithm (Chou
et al. 2003; see appendix).
Recently, the GSSTF products were revived and extended with a slightly improved version— that is, GSSTF2b
(Shie 2010; Shie et al. 2009) being just released using
an updated version 6 of the SSM/I total precipitable
water, brightness temperature, and wind speed retrieval
(Wentz et al. 2007 and online supplemental material; also
see online at http://www.ssmi.com) as well as NCEP–
DOE near-surface air temperatures and SSTs. The horizontal and temporal resolutions are unchanged but the
period has been extended out to December 2008.
Both versions of GSSTF used here were downloaded
via anonymous FTP through the Goddard Earth Sciences Data and Information Services Center (http://disc.
sci.gsfc.nasa.gov). GSSTF2b can also be downloaded in
Hierarchical Data Format for the Earth Observing System (HDF-EOS5) format (from ftp://measures.gsfc.nasa.
gov/data/s4pa/GSSTF/ or http://disc.sci.gsfc.nasa.gov/
daac-bin/DataHoldingsMEASURES.pl?PROGRAM=
ChungLinShie). There are two sets of data produced for
GSSTF2b: sets 1 and 2 (Shie 2010). Set 1 used here was
found to possess a slightly increased global latent heat
flux, especially after 2000. Therefore, set 2 was produced
later by removing certain available satellite products
that seemed to have a relatively larger trend in latent heat
flux. As such, set 1 may contain a larger global temporal
trend in latent heat flux with less missing data, while there
might be a smaller trend in set 2 with more missing data.
Detailed information about sets 1 and 2 can be found in
Shie (2010). The results here are unaffected by the choice
of set 1, but there might be more of a difference if data
after 1999 (when more data were disqualified) were used.
The reanalysis near-surface air temperature was not
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provided in the GSSTF products, so this was taken by the
NCEP–NCAR and NCEP–DOE reanalyses for GSSTF2
and GSSTF2b, respectively.
Shie (2010) pointed out that the GSSTF2b set-1 latent
heat flux trend was mainly caused by a trend in SSM/I
brightness temperatures used to retrieve the bottom
500-m column water vapor. This was found to be due to
temporal variations of the Earth incidence angle of the
individual SSM/I satellites (Shie and Hilburn 2011).
Thus, adjusted brightness temperatures are being used
in an updated version (GSSTF2c) in which the temporal
trends in specific humidity and latent heat flux are considerably reduced. This version is scheduled to be released in autumn of 2011. Soon, the GSSTF team will
start production on a newer version (GSSTF3) that will
include the adjusted brightness temperatures used in
GSSTF2c plus increased horizontal (0.258 3 0.258) and
temporal (12-hourly) resolution as well as SSTs based on
AMSR-E and TRMM measurements. GSSTF3 is expected to be released no later than spring of 2012.

e. J-OFURO
J-OFURO (http://dtsv.scc.u-tokai.ac.jp/j-ofuro/index.
html) is produced by the School of Marine Science and
Technology at Tokai University in Japan. In version 2
used here, wind speed for the sensible and latent heat
fluxes is taken from SSM/I, ERS-1 and ERS-2, the active microwave instrument (AMI), QuikSCAT, AMSRE, and TMI. SST is taken from the JMA Merged Satellite
and In situ Data Global Daily SST (MGDSST). Specific humidity at 10 m is retrieved from SSM/I measurements following Schlüssel et al. (1995), excluding
certain data as in Schulz et al. (1993). Near-surface air
temperature was taken from NCEP–DOE. Latent and
sensible heat fluxes were calculated using the Coupled
Ocean–Atmosphere Response Experiment (COARE),
version 3.0, algorithm (Fairall et al. 2003; see appendix).
Wind stresses were also available beginning in August
1999, but most of the cruise data (see section 3) occur
before this time. So, we have not included the J-OFURO
wind stresses here.
J-OFURO’s daily 18 3 18 surface fluxes and specific
humidities were provided through the dataset’s Web site
(http://dtsv.scc.u-tokai.ac.jp/j-ofuro/index.html). SST was
calculated from the surface specific humidity. Air temperature was taken from NCEP–DOE, since it is not included in J-OFURO.

f. HOAPS
HOAPS is produced by the University of Hamburg
and the Max Planck Institute for Meteorology in Germany. Version 3 (Andersson et al. 2010) compared here
uses a neural network to obtain wind speed (Krasnopolsky
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FIG. 1. The ship trajectories of each of the 12 cruises used in this study [as in Fig. 1 in Brunke
et al. (2003), but repeated here for ease of reference].

et al. 1995). Specific humidity at 10 m is derived from
SSM/I measurements using the updated coefficients of
Bentamy et al. (2003), and surface specific humidity is
derived using the Magnus formula, as described in Murray
(1967), with a salinity correction. SST is taken from the
Advanced Very High Resolution Radiometer (AVHRR)
Oceans Pathfinder SST product (Casey et al. 2010). Nearsurface air temperature is taken as the average of two
methods: from the air specific humidity assuming that the
relative humidity is a constant 80% (Liu et al. 1994) and
from the SST assuming a constant surface–air temperature difference of 1 K (Wells and King-Hele 1990). Latent and sensible heat fluxes are computed using the
COARE 3.0 algorithm (Fairall et al. 2003; see appendix).
The twice-daily (12 hourly) surface fluxes and bulk
variables on a 18 3 18 grid (referred to as the HOAPS-G
dataset) were downloaded from the Climate and Environmental Data Retrieval and Archive Web site (http://
cera-www.dkrz.de/CERA/) at the Max Planck Institute
for Meteorology.

g. OAFlux
OAFlux is produced by the WHOI. OAFlux is unique,
in that it combines bulk variables derived from satellites with those from reanalyses (Yu and Weller 2007).
Satellite-derived wind speeds come from SSM/I measurements using the Wentz (1997) algorithm and from
AMSR-E and QuikSCAT. Specific humidity at 10 m is
derived from SSM/I measurements using Chou et al.
(1995, 1997), which is brought down to 2 m using the
COARE 3.0 algorithm (Fairall et al. 2003). Satellite
SST comes from NCEP’s OI product (Reynolds et al.
2007). Also ingested are the corresponding bulk variables from NCEP–NCAR, NCEP–DOE, and ERA-40
(Yu et al. 2008). The latent and sensible heat fluxes are

	
  

calculated using the COARE 3.0 algorithm (Fairall et al.
2003; see appendix).
The daily 18 3 18 fluxes and bulk variables were downloaded from the OAFlux project Web site (http://oaflux.
whoi.edu/).

3. Ship cruises
The fluxes and bulk variables are compared with observational data during 12 cruises shown in Fig. 1. Ten of
these [the Atlantic Stratocumulus Transition Experiment
(ASTEX), the COARE, the Fronts and Atlantic Storm
Track Experiment (FASTEX), the Joint Air–Sea Monsoon Experiment (JASMINE), the Kwajalein Experiment
(KWAJEX), a cruise to service buoys in the North Pacific
(Moorings), Nauru ’99, the Pan-American Climate Study
Flux 1999 cruise (PACS Flux ’99), the San Clemente
Ocean Probing Experiment (SCOPE), and the Tropical Instability Wave Experiment (TIWE)] were carried
out by the NOAA Environmental Technology Laboratory (ETL) [now part of the Earth System Research
Laboratory (ESRL)] between 1991 and 1999. The other
two [Couplage avec l’Atmosphère en Conditions
Hivernales (CATCH) in January–February 1997 and
Flux, État de la Mer et Télédétection en Condition de
Fetch Variable (FETCH) in March–April 1998] were
operated by the Centre d’Etude des Environments
Terrestre et Planétaires (CETP) [now part of the Laboratoire Atmosphères, Milieux, Observations Spatiales
(LATMOS)] at L’Institut Pierre-Simon Laplace in
France. For more information on these experimental
cruises, please refer to Brunke et al. (2003) and the references therein.
The observed fluxes used herein are those derived
from the covariance and inertial-dissipation methods.
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Both are provided for sensible and latent heat fluxes as
well as wind stress for all of the ETL cruises. Both were
also provided for sensible and latent heat fluxes from
FETCH, while only inertial-dissipation fluxes were provided for all fluxes during CATCH and for wind stress
during FETCH. The covariance fluxes have been shown
to be more reliable for latent and sensible heat fluxes
(Fairall et al. 1996; Pedreros et al. 2003), so we use those
whenever possible in this study. Inertial-dissipation wind
stresses are always used, and the inertial-dissipation latent
and sensible heat fluxes are used whenever covariance
fluxes are unavailable. Additionally, flow distortion, ship
motions, and environmental conditions have all been accounted for as described in Brunke et al. (2003).

4. Methodology
Since the temporal resolution of these flux products
ranges from hourly to daily, mainly the daily average
fluxes and bulk variables are compared to each other
here. This also allows the bulk variables from some of
the reanalyses (e.g., NCEP–NCAR and NCEP–DOE),
which are only provided instantaneously, to be compared to the average quantities in the other products. It
is important to point out that the daily quantities provided by the satellite-derived products may not be truly
averages but a composite of all of the available passes
during the day. Also, the bulk variables in GSSTF2,
GSSTF2b, J-OFURO, and HOAPS are derived at 10 m,
so these have been brought down to 2 m using their respective algorithms.
The product algorithms are also used offline to calculate the turbulent fluxes using the observed bulk variables as input (referred to as algorithm fluxes). This
provides an assessment of the impact of the algorithm to
the flux product error. To mimic the model timestepping
used to produce the reanalyses, the observed temporal
resolution was used to produce the algorithm fluxes from
the model algorithms, whereas (either daily or 12 hourly)
mean quantities of the observations were inputted into
the algorithms used to produce the other products. Also,
since wave information is not provided for these cruises,
the wave age dependence in the additional roughness due
to waves, as was done to produce the ECMWF reanalyses
using a wave model (e.g., ECMWF 2007), was ignored
here, and a constant 0.018 was used instead (see appendix). There would be a small impact on the algorithm
fluxes from the ECMWF algorithm, especially for conditions in which young waves are prevalent.
The crux of this study is to analyze the uncertainties
associated with the total error of a product’s flux. Thus,
the total flux error can be divided into two uncertainties
as follows:

	
  

Fprod 2 Fobs 5 (Fprod 2 Falgor ) 1 (Falgor 2 Fobs ),

5475
(4)

where Fprod is the product flux (the flux directly from
each product), Fobs is the observed flux, and Falgor is the
algorithm flux (computed using the respective offline
algorithm inputted with the observed bulk variables).
The first term on the right-hand side, called the ‘‘bulkvariable-caused uncertainty,’’ is predominately due to
the difference in bulk variables, as the same algorithm
was used to produce both Fprod and Falgor. There is also
some uncertainty included in this term because of the
possible mismatch between a point measurement and
a gridbox average. However, this should be lessened by
the temporal averaging that is applied to the data from
a moving ship. The last term is called the ‘‘residual uncertainty’’ and is partly due to the uncertainty caused by
problems in the algorithm, as discussed in Zeng et al.
(1998) and Brunke et al. (2002, 2003). There is also some
measurement uncertainty in this term, as mean covariance
latent heat flux, covariance sensible heat flux, and inertialdissipation wind stress typically have an uncertainty
of 4 W m22, 2 W m22, and 5%, respectively (Fairall et al.
1996).
In Brunke et al. (2003), we found it helpful to rank
bulk flux algorithms to assess which ones were least
problematic. Thus, here we employ a similar strategy to
assess the overall quality of the ocean surface fluxes in
the products presented here by ranking them for each
flux based upon their total bias (i.e., average error,
Fprod 2 Fobs ) and their SDEs.
Thus, for each cruise, a score (sibias ) from 1 for the
F
lowest bias magnitude to 11 (8 for wind stress) for the
highest bias magnitude is assigned to each product’s flux
for each cruise. A similar score is also assigned to each
product’s flux for each cruise based upon their SDEs
(siSDE ). This method assigns equal weighting to each
F
cruise with variable amounts of valid points (see Table 3
in Brunke et al. 2003). So, scores are also assigned to each
product’s flux based upon the all-cruise biases (Sbias ) and
F
SDEs (SSDE ), as presented in Table 1. An overall ranking
F
of each product’s flux is, then, the average of these four
values as follows:
1
SF 5 (sbias 1 sSDE 1 Sbias 1 SSDE ).
F
F
F
F
4

(5)

5. Results
a. Evaluation of the total biases
Most of the bulk algorithms are not well tested at high
wind speeds, since few observations are made in this
regime. Zeng et al. (1998) found that the algorithm
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TABLE 1. The bias (Fprod 2 Fobs ), mean bulk variable uncertainty (Fprod 2 Falgor ), mean residual uncertainty (Falgor 2 Fobs ), and SDE for
each product during all cruises based on the daily means. Those based on just CATCH and FASTEX are given in parentheses. The
boldface numbers are the higher values between Fprod 2 Falgor and Falgor 2 Fobs .
Product

Fprod 2 Fobs

Fprod 2 Falgor

SDE

20.7 (21.0)
13.4 (8.4)
13.8 (7.5)
24.5 (41.1)
24.5 (41.1)
11.0 (15.7)
7.0 (24.8)
7.0 (24.8)
7.3 (1.9)
7.3 (1.9)
7.3 (1.9)

31.2 (42.4)
37.5 (50.4)
34.7 (45.8)
41.7 (65.6)
46.1 (72.9)
44.8 (77.5)
49.6 (76.9)
44.9 (71.1)
45.4 (70.6)
50.3 (85.3)
41.0 (64.9)

MERRA
ERA-40
ERA-Interim
NCEP–NCAR
NCEP–DOE
CFSR
GSSTF2
GSSTF2b
J-OFURO2
HOAPS
OAFlux

2.6 (215.6)
16.7 (8.7)
17.6 (8.3)
11.2 (11.3)
20.2 (38.1)
19.3 (2.9)
9.0 (31.7)
20.6 (25.6)
23.0 (8.3)
1.7 (29.8)
11.6 (24.7)

MERRA
ERA-40
ERA-Interim
NCEP–NCAR
NCEP–DOE
CFSR
GSSTF2
GSSTF2b
J-OFURO2
HOAPS
OAFlux

20.8 (214.5)
0.9 (29.0)
2.7 (24.5)
6.0 (3.1)
0.7 (1.9)
20.3 (215.3)
4.4 (26.0)
20.4 (29.2)
2.3 (0.0)
21.4 (220.3)
2.2 (4.7)

SH flux (W m22)
21.0 (20.3)
0.9 (6.5)
2.6 (11.3)
29.0 (216.6)
214.3 (217.8)
212.0 (223.3)
5.2 (12.1)
0.4 (8.9)
21.9 (13.0)
21.6 (23.8)
1.3 (17.7)

0.2 (214.2)
0.1 (215.5)
0.1 (215.8)
15.0 (19.7)
15.0 (19.7)
11.7 (8.1)
0.1 (217.3)
0.1 (217.3)
1.0 (213.0)
1.0 (213.0)
1.0 (213.0)

14.8 (30.2)
18.7 (41.5)
14.2 (32.4)
23.2 (54.5)
22.1 (53.6)
22.6 (53.0)
20.1 (43.3)
18.5 (40.6)
20.1 (43.6)
19.0 (35.4)
18.1 (43.1)

MERRA
ERA-40
ERA-Interim
NCEP–NCAR
NCEP–DOE
CFSR
GSSTF2
GSSTF2b

26.2 (225.8)
23.9 (28.3)
22.3 (22.5)
27.6 (21.0)
20.1 (21.1)
4.8 (33.4)
4.7 (21.6)
7.9 (38.8)

Wind stress (1023 N m22)
1.0 (14.4)
23.4 (3.2)
22.2 (12.4)
23.7 (19.9)
3.8 (42.0)
8.2 (55.0)
14.5 (58.3)
17.7 (75.6)

27.2 (240.2)
20.6 (211.5)
20.1 (214.9)
23.9 (220.9)
23.9 (220.9)
23.5 (221.5)
28.0 (234.9)
28.0 (234.9)

42.3 (71.7)
55.1 (89.9)
43.3 (69.9)
48.5 (86.1)
50.4 (98.6)
89.1 (214.6)
106.9 (229.4)
92.7 (204.0)

fluxes—that is, the fluxes calculated by bulk algorithms
using observed bulk variables as input—diverge for high
wind speeds. Figure 2a shows that the suite of cruise data
in this study covers a wide range of wind speeds, from
very low (,1 m s21) to $10 m s21. Ten of the 12 cruises,
most of them in the tropics and subtropics, have the most
number of data points in the moderate range (from 3 to
6 m s21). The other two (CATCH and FASTEX) have
the most number of points in the high wind speed range,
and FETCH has many high wind speed points as well as
many in the moderate range.
Thus, to examine how well the data products produce
fluxes at high wind speeds, the quality of the daily mean
fluxes from CATCH and FASTEX are compared with
that of all other cruises by comparing the product fluxes
with the observed fluxes in Figs. 3–5. For LH and SH fluxes
(Figs. 3, 4), the reanalysis regression slopes (except for
CFSR LH flux) are generally higher for CATCH/FASTEX

	
  

Falgor 2 Fobs

LH flux (W m22)
3.3 (214.6)
3.3 (0.2)
3.8 (0.8)
213.4 (229.8)
24.3 (23.1)
8.2 (212.8)
1.6 (36.6)
28.0 (30.5)
210.6 (6.4)
25.9 (28.6)
4.2 (22.8)

than for the other cruises, whereas some of the slopes of the
regressions for the satellite-derived products are lower
during CATCH/FASTEX. Except for NCEP–DOE’s LH
flux, NCEP–NCAR’s and NCEP–DOE’s regression slopes
are usually very close to 1, while the scatter in these two
products as well as CFSR is higher than the other products.
The wind stresses from the reanalyses are better than those
from the GSSTF products, especially GSSTF2 (Fig. 5). As
for LH and SH fluxes, the wind stress regression slopes for
the reanalyses, except CFSR, are all higher for CATCH/
FASTEX. CFSR and both versions of GSSTF2 overestimate low wind stresses and underestimate high wind
stresses, particularly during the cruises other than CATCH
and FASTEX (Fig. 5).
The product total biases based on the daily means for all
cruises are presented in Table 1. For LH flux, total biases
range from 23.0 W m22 for J-OFURO to 20.2 W m22 for
NCEP–DOE. The highest total biases come from the
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FIG. 2. The number of (a) wind speed observations for each of the 12 cruises for every 1 m s21
bin and (b) SST observations for every 28C bin for each of the 12 cruises.

reanalyses other than MERRA. SH fluxes over ocean are
generally much smaller in magnitude, so the total biases
are generally smaller as well (from 21.4 W m22 for
HOAPS to 6.0 W m22 for NCEP–NCAR). For wind
stress, the lowest total bias comes from NCEP–NCAR
(27.6 3 1023 N m22), while GSSTF2b has the highest
bias (7.9 3 1023 N m22).
Also shown in Table 1 are the SDEs based on the daily
means. HOAPS has the highest SDE for LH and SH
fluxes (50.3 and 26.8 W m22, respectively). The lowest
LH flux SDEs come from MERRA, ERA-40, and ERAInterim, while GSSTF2, J-OFURO, and HOAPS have
higher SDEs than the other products.
The all-cruise biases and SDEs are dominated by
lower wind speed data points, so the biases and SDEs for
just CATCH and FASTEX are also shown in parentheses

	
  

in Table 1. The SDEs from these two cruises alone are
higher than for all the cruises combined, consistent
with the higher scatter seen in Figs. 3–5. Most products
have biases that are higher in magnitude for CATCH/
FASTEX.
The CATCH/FASTEX biases in Table 1 provide a
hint as to the effect of wind speed on the product fluxes.
To get a better understanding of this, the total biases for
each product averaged for 1 m s21 bins are shown in
Figs. 6a–c. The product biases are generally close to 0 in
the moderate wind speed range but diverge at very low
wind speeds (,1 m s21) and high wind speeds ($9 m s21).
These regimes also have a low number of total observations (Fig. 2a), and there are higher standard deviations in the observed fluxes in the high wind speed
bins (not shown).
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FIG. 3. Daily mean product LH flux compared with observed LH flux from CATCH and FASTEX (purple triangles) and from every
other cruise (orange crosses). The regression lines and their slopes (m) in their corresponding colors for all of the data (black dashed line),
CATCH and FASTEX only (purple short-dashed line), and the other cruises (orange dotted line) are also given. The solid black line is the
1-to-1 line.
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FIG. 4. As in Fig. 3, but for SH flux.
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FIG. 5. As in Fig. 3, but for wind stress.

Another way to differentiate between data from the
various cruises is by SST. Tropical SSTs are warm with
most temperatures . 268C, while the midlatitude cruises
have cold SSTs with most SSTs lying between 128 and
228C (Fig. 2b). Figures 7a–c present the total product
biases averaged over 28C bins. The total biases in SH flux
and wind stress from the products are typically around
0 except for SSTs , 188C (Figs. 7b,c). These low SSTs
correspond to the midlatitude cruises of CATCH and
FASTEX as well as some other midlatitude and subtropical cruises (Fig. 2b), whereas the total biases in
product LH flux do not show a strong dependence

	
  

on SST (Fig. 7a). As was seen for high wind speeds,
the scatter in the observed fluxes is higher for SSTs of
,188C (not shown).

b. Assessment of the general performance
of the data products
Based upon the scores obtained from Eq. (6), we put
the products into categories of performance for each of
the fluxes. For the fluxes that all products have (LH and
SH flux), there are three categories: A for the four ‘‘best
performing’’ or lowest overall scores (SF), C for the

62

1 NOVEMBER 2011

BRUNKE ET AL.

5481

FIG. 6. (a)–(c) Bias (Fprod 2 Fobs), (d)–(f) mean bulk variable uncertainty (Fprod 2 Falgor), and (g)–(i) mean algorithm uncertainty
(Falgor – Fobs) based on the daily means for every 1 m s21 wind speed bin in (left) LH flux, (center) SH flux, and (right) wind stress for each
product over all 12 cruises.

three ‘‘worst performing’’ or highest SF, and B for the
other four. Because wind stress is only provided by eight
of the products, there are only two categories: A and B.
This is presented in Table 2, in which the products are
listed in alphabetical order per category.
Of the reanalyses, MERRA is in category A for all
three fluxes. ERA-Interim falls into category A for two
fluxes (LH flux and wind stress), while ERA-40 is also in

	
  

category A for LH flux. NCEP–DOE is in category A
for two fluxes (SH flux and wind stress).
The satellite-derived products generally do fairly well,
falling into either category A or B for LH and SH fluxes.
For instance, GSSTF2b is in category A for both LH and
SH fluxes. Conversely, GSSTF2 LH and SH fluxes are in
category C, and HOAPS and J-OFURO have category
C LH and SH fluxes, respectively.
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FIG. 7. As in Fig. 6, but for 28C bins of SST.

c. Evaluation of the bulk variables
To understand the total biases in Figs. 3–7 and Table
1 and the general levels of performance in Table 2, the
contributions to the biases are examined by first looking at the accuracy of the bulk variables (wind speed,
near-surface air temperature, SST, and near-surface air
humidity) that are used as input into the bulk algorithms.

	
  

First, Fig. 8a compares the biases in 2-m specific humidity
from all of the products for each cruise. The all-cruise
biases in this quantity are quite low (from 20.5 to
0.9 g kg21), which is because this quantity is overestimated
in some cruises and underestimated in others (Fig. 8a).
During some cruises, the difference between the product and observed specific humidity can be quite substantial. For instance, six products (NCEP–NCAR,
NCEP–DOE, GSSTF2, GSSTF2b, J-OFURO, and
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TABLE 2. The general level of performance of the 11 data
products compared here based on Eq. (5) using all of the cruise
data. The products are put into one of three categories: A, B, or C.
Products in each category are listed in alphabetical order.
Group

LH flux

SH flux

Wind stress

A

ERA-40
ERA-Interim
GSSTF2b
MERRA
CFSR
J-OFURO
NCEP–NCAR
OAFlux
HOAPS
GSSTF2
NCEP–DOE

GSSTF2b
MERRA
NCEP–DOE
OAFlux
CFSR
ERA-40
ERA-Interim
HOAPS
GSSTF2
J-OFURO
NCEP–NCAR

ERA-40
ERA-Interim
MERRA
NCEP–DOE
CFSR
GSSTF2
GSSTF2b
NCEP–NCAR

B

C

OAFlux) have biases . 11 g kg21 during TIWE (Fig.
8a). OAFlux’s overestimation at this location is due to its
contribution from NCEP–NCAR and NCEP–DOE and
only one of the ECMWF reanalyses (ERA-40), which
has a better representation of specific humidity here.
Problematic for the products that derived the near-surface
specific humidity only from satellite data (J-OFURO
and HOAPS) is SCOPE; all of these products underestimate this quantity in excess of ;1.8 g kg21. The
location of this cruise is within ;70 km of the Southern
California coast, so the proximity near the coast may
have an effect here.
All-cruise biases are higher (22.1 to 1.0 m s21) for
10-m wind speed. Seven products (NCEP–DOE, CFSR,
GSSTF2, GSSTF2b, J-OFURO, HOAPS, and OAFlux)
generally overestimate wind speed for most cruises, with
the highest overestimations by the satellite-derived
products (Fig. 8b). For FETCH, the reanalyses other
than NCEP–DOE plus OAFlux underestimate wind
speed in excess of 1 m s21.
The biases in 2-m air temperature can be quite high
as well (Fig. 8c). The reanalyses all overestimate this
quantity in excess of 18C for SCOPE. These products
have an inexplicable warming during the latter half of
the cruise that is not seen in the observations until the
very last day (not shown). J-OFURO and OAFlux also
use the air temperatures from reanalyses, so they also
overestimate air temperature in excess of 18C during
SCOPE (Fig. 8c). Another problematic cruise for 2-m
air temperature in some products is FETCH. Particularly, NCEP–NCAR and NCEP–DOE underestimate
this quantity by on average ;2.48 and ;1.88C, respectively.
Since GSSTF2, GSSTF2b, and J-OFURO also utilize these
temperatures, they also underestimate this quantity substantially. The underestimation is not as great in OAFlux
because it also ingests ERA-40 temperatures, which have
a small overestimation during this cruise.
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SST biases are generally within 18C except for a few
instances (Fig. 8d). During SCOPE, ERA-40, NCEP–
NCAR, and NCEP–DOE have lower SSTs in excess of
18C. During FETCH, NCEP–NCAR and NCEP–DOE
also underestimate SSTs by more than 18C. Since GSSTF2
and GSSTF2b use the SSTs from NCEP–NCAR and
NCEP–DOE, respectively, their SSTs are also much
lower than observed during this cruise.
Figure 9 shows the SDEs of the product bulk variables.
The satellite-derived 2-m specific humidities in GSSTF2,
GSSTF2b, J-OFURO, and HOAPS have slightly higher
SDEs than those from the reanalyses and OAFlux (Fig.
9a). Wind speed SDEs, especially from the products that
use satellite-derived quantities, are usually higher during
CATCH, FASTEX, FETCH, and Moorings, which all
experienced some higher wind speeds at higher latitudes
(Fig. 9b). SDEs for 2-m air temperature are generally
small (,18C) except for a few instances (Fig. 9c). SST
SDEs are generally even smaller (,0.58C) except during
PACS Flux 99; CATCH; FASTEX; and Moorings for all
but GSSTF2, J-OFURO, and OAFlux (Fig. 9d).

d. Evaluation of the uncertainties
The combined effect of the bulk variable biases seen
in the last subsection is expressed in the bulk-variablecaused uncertainties given in the third column in Table 1.
For LH and SH fluxes, the all-cruise mean bulk-variablecaused uncertainties range from very high negative values
to more modest positive values (from 213.4 W m22
from NCEP–NCAR to 8.2 W m22 from CFSR for LH
flux and from 214.3 W m22 from NCEP–DOE to
5.2 W m22 from GSSTF2 for SH flux). The lowest
mean wind stress bulk-variable-caused uncertainty is
from NCEP–NCAR (23.4 3 1023 N m22), while the
highest values are from GSSTF2 and GSSTF2b (1.5 3 1022
and 1.7 3 1022 N m22, respectively).
How much these contribute to the total biases can be
assessed by comparing them with the residual uncertainties
in the fourth column of Table 1. The larger contributor to
the total bias depends on the product. In some, the residual
uncertainty contributes more to the total bias, while
others have the bulk-variable-caused uncertainty contributing more. For LH flux, all products—except
MERRA, J-OFURO, and HOAPS—have the most
uncertainty coming from the residual uncertainty. In contrast, the total SH flux biases of nine products (MERRA,
ERA-40, ERA-Interim, CFSR, GSSTF2, GSSTF2b,
J-OFURO, HOAPS, and OAFlux) are predominately
composed of the bulk-variable-caused uncertainties. For
wind stress, five products (ERA-40, ERA-Interim, CFSR,
GSSTF2, and GSSTF2b) have the bulk-variable-caused
uncertainties contributing the most, while the residual
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FIG. 8. The mean difference between the daily mean product and observed (a) 2-m specific
humidity, (b) 10-m wind speed, (c) 2-m temperature, and (d) SST for each cruise. Note that
there are no valid points from GSSTF2 and GSSTF2b for SCOPE.

uncertainties predominate in the total biases from MERRA,
NCEP–NCAR, and NCEP–DOE.
Even though the residual uncertainties are composed
of contributions from the algorithm and measurement
uncertainties, they can still be used to get some understanding of the algorithm uncertainties. For instance, we
can see a lessening of the residual uncertainty in CFSR

	
  

compared to NCEP–NCAR and NCEP–DOE because of
the use of the Zeng et al. (1998) roughness lengths for
heat and moisture in CFSR. Also, the LH flux residual
uncertainties from the satellite-derived and combined
products are all lower than those from the ECMWF and
NCEP reanalyses, and the SH flux residual uncertainties
from these products are lower than those from the NCEP
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FIG. 9. As in Fig. 8, but for SDEs.

reanalyses. J-OFURO, HOAPS, and OAFlux use the
COARE 3.0 algorithm, which Brunke et al. (2003) found
to be one of the least problematic overall.
The values for just CATCH and FASTEX are shown
in parentheses in the third and fourth columns of Table
1. Different from the tropical- and subtropical-dominated
all-cruise means, the reanalysis means during CATCH/
FASTEX are usually dominated by the residual means,
whereas the satellite-derived means (including OAFlux)

	
  

are usually dominated by the bulk-variable-caused
uncertainties.
An idea of whether these uncertainties are systematic
or cruise dependent can be gleaned from the middle and
bottom rows of Figs. 6, 7. Similar to the total biases, the
spread in the mean bulk-variable-caused and residual
uncertainties is greatest at high wind speeds (.10 m s21),
but the spread is higher in the bulkvariable-caused uncertainties in this regime (Figs. 6d–i). Also, the NCEP
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TABLE 3. The total biases and SDEs of various temporal averages
of product LH flux for data from all of the cruises.
Average
Product

1h

3h

MERRA
CFSR
ERA-Interim
ERA-40
NCEP–NCAR
NCEP–DOE

0.1
17.5

Total bias
1.9
19.3
17.3

MERRA
CFSR
ERA-Interim
ERA-40
NCEP–NCAR
NCEP–DOE

41.5
53.2

SDE
38.7
51.7
41.9

6h

12 h

Day

2.5
20.9
18.4
16.8
11.1
19.5

0.2
19.3
16.2
14.8
8.4
16.6

2.6
19.3
17.6
16.7
11.2
20.2

36.4
49.3
38.7
42.8
46.5
52.6

36.0
48.0
37.2
41.3
44.5
49.5

31.2
44.8
34.7
37.5
41.7
46.1

products have the highest residual uncertainties overall
for wind speeds . 2 m s21 (Figs. 6g–i), but the use of
the Zeng et al. (1998) roughness lengths in CFSR does
drastically improve these uncertainties for LH flux,
making them much closer to the others at ;0 (Fig. 6g).
The middle and bottom rows of Fig. 7 present the
mean uncertainties for the 28C SST bins. The spread in
the total biases of Figs. 7a–c is predominantly due to that
of the bulk variable uncertainties in Figs. 7d–f. Also, the
NCEP products’ residual uncertainties are systematically larger than those of the other products for all SSTs,
so this is not a regional or regime-specific bias.

e. The effects of temporal resolution
So far, we have not looked at the effects of temporal
resolution on the data products. The most recent reanalyses (MERRA, CFSR, and ERA-Interim) have increased temporal resolution (less than 6 hourly). Table 3
presents the total biases and SDEs of various temporal
means of the reanalysis LH fluxes using data from all of
the cruises. The biases vary for each temporal resolution
within at most ;4 W m22, so there is no systematic lessening or amplifying of the product biases with temporal
resolution in LH flux nor in SH flux and wind stress (not
shown). In contrast, the SDE generally decreases as the
averaging period increases. This is also the case for SH flux
and wind stress (not shown). Thus, any ‘‘diurnal cycle’’ in
the reanalysis errors is smoothed out in the daily means
that have been compared so far.
This smoothing may have an effect on the rankings in
Table 1. The choice of the number of lowest scores in
category A and the highest scores in category B is somewhat arbitrary. Any small change in the score might bump
a product from one category to another. Thus, the relative
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position of the reanalysis rankings are tested by rescoring
the six reanalyses based upon their 6-hourly means instead
of their daily means. The relative positions of the reanalysis rankings are only affected for wind stress where
ERA-Interim is improved over ERA-40.
Figure 10 compares the 3-hourly mean bulk variables
and fluxes from the reanalyses with the highest temporal
resolution (MERRA, CFSR, and ERA-Interim) with
observations over the course of KWAJEX during which
the ship was fairly stationary at ;88229N, 1678449E. This
was chosen because the diurnal cycle would be resolved
by the ship measurements without it being due to the
movement of the ship. Because of the stationarity, more
of the differences between the reanalysis values and the
observed values would be due to the comparison between point measurements and grid average values than
in most of the other cruises in which the ship was underway. However, some bias could be due to either a mean
overall bias or a temporal one. For instance, observed
specific humidity is fairly uniform across the day at
;19 g kg21. The diurnal cycles in the reanalyses are also
small, with MERRA having humidities slightly above
observed within one standard deviation of observed
mean humidity; CFSR and ERA-Interim have humidities
that are ;1 and ;1.25 g kg21, respectively, lower, generally falling below one standard deviation of the observed mean (Fig. 10a). Also, the diurnal cycle of 2-m air
temperature in MERRA and CFSR is fairly consistent
with observations, while those in ERA-Interim are ;18C
lower outside one standard deviation from the observed
mean (Fig. 10b).
Conversely, the SST diurnal cycle in MERRA and
ERA-Interim is virtually nonexistent compared to the
slight one of ;0.68C observed (Fig. 10c). CFSR with its
coupling to an ocean model has a slight diurnal cycle in
SST; however, since the uppermost layer is 10 m thick, it
is unable to resolve the surface skin temperature diurnal
cycle (Brunke et al. 2008). Near-surface wind speeds in
MERRA are fairly consistent with the observed means
(Fig. 10d), with the root-mean-square error (RMSE) of
the eight 3-hourly averages being 0.2 m s21. In contrast,
the RMSEs of CFSR and ERA-Interim are 0.6 and
0.3 m s21, respectively.
The combined effect of these bulk variable errors on
the diurnal cycle of fluxes can be seen in the bottom two
rows of Fig. 10. The underestimated specific humidities
in CFSR and ERA-Interim produce overestimated LH
fluxes. The poor diurnal cycle in wind speed in CFSR
is also reflected in the poor diurnal cycle in its LH
flux, with a maximum at 1930 UTC as opposed to the
0430 UTC maximum observed (Fig. 10e). SH flux in
ERA-Interim is way too high because of its lower 2-m
temperatures. The reanalysis SH fluxes steadily increase
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FIG. 10. The 3-h mean (a) 2-m specific humidity, (b) 2-m air temperature, (c) SST, (d) 10-m wind speed, (e) LH flux,
(f) SH flux, and (g) wind stress from observations (with 61 standard deviation represented by the vertical lines),
MERRA, CFSR, and ERA-Interim over the course of KWAJEX.
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over the course of the day because of increasing air–sea
temperature differences due to the small diurnal cycle
in SST (Fig. 10f). The diurnal cycle of wind stress
closely follows that of the 10-m wind speed, and the
three reanalyses overestimate wind stress most of the
time (Fig. 10g).

6. Discussion and conclusions
Intercomparison of the ocean surface turbulent fluxes
in six reanalyses (MERRA, ERA-40, ERA-Interim,
NCEP–NCAR, NCEP–DOE, and CFSR), four satellite-derived products (GSSTF2, GSSTF2b, J-OFURO,
and HOAPS), and one combined product (OAFlux)
reveals that the product flux biases are a combination of
two uncertainties: bulk variable caused and residual [Eq.
(4)]. The residual uncertainties generally dominate for
all-cruise LH flux biases, while the bulk-variable-caused
uncertainties tend to dominate in most of the all-cruise
SH flux and wind stress biases (Table 1).
The bulk-variable-caused uncertainties in fluxes are
a combined effect of the errors in the bulk variables used
in the products. While 2-m specific humidity errors over
all the cruises are small because of equal and opposite
regional errors (Fig. 8a), wind speed errors are quite
strong from NCEP–DOE, CFSR, and the satellite-derived products (Fig. 8b). SST and 2-m air temperature
biases are generally low except for a few cruises, particularly in 2-m temperature during SCOPE for all of
the reanalyses that have a warming during the latter half
of the cruise, which is not observed (not shown).
For the satellite-derived products, these bulk variable
errors are simply produced by inaccuracies in the retrieval. In the reanalyses, there are also measurement
errors and model errors that include uncertainties from
the physical parameterizations other than the surface
flux algorithm and errors in the assimilation of data.
These can result in an overall bias, as in the specific
humidity underestimations by CFSR and ERA-Interim
or air temperature underestimation by ERA-Interim
during KWAJEX, or in temporally dependent biases, as
in the wind speed biases in CFSR and ERA-Interim
during KWAJEX (Fig. 10). The latter can be partially
caused by shocks added to the model when the assimilation is performed. A comparison of the hourly bulk
variables from MERRA and CFSR during KWAJEX
shows that there are periodically unrealistic jumps in the
10-m wind speed at some of the assimilation times in
CFSR, whereas there are none in MERRA (not shown).
This suggests the need to minimize shocks to the model
at assimilation times, as is done in MERRA, through
the use of the incremental analysis update (IAU) technique.
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The residual uncertainties include contributions from
the algorithm uncertainty (i.e., the uncertainty as to the
accuracy of the bulk algorithm used to calculate the flux)
and measurement uncertainty. Still, a comparison of the
residual uncertainties between products can reveal some
valuable information about the algorithm uncertainties.
For instance, the reduction in the residual uncertainty in
all the fluxes from NCEP–NCAR and NCEP–DOE to
CFSR shows that the inclusion of the Zeng et al. (1998)
heat and moisture roughness lengths has reduced the
algorithm uncertainties in the NCEP flux algorithm (Table
1). The residual uncertainties from the satellite-derived
and combined products are also lower than that of the
ECMWF and NCEP reanalyses for LH flux and that of the
NCEP reanalyses for SH flux. Several of these products
(J-OFURO, HOAPS, and OAFlux) utilize the COARE
3.0 algorithm, which was found to be one of the least
problematic overall (Brunke et al. 2003).
Finally, the ranking of these widely used product fluxes
according to Eq. (5) provides an assessment of the bestperforming products (Table 2). MERRA is in category A
for all three fluxes. Also in category A are ERA-Interim
for LH flux and wind stress, GSSTF2b for LH and SH
fluxes, ERA-40 for LH flux, OAFlux for SH flux, and
NCEP–DOE for wind stress.
These products qualify because they have some of the
lowest biases and/or SDEs. For some of these products,
their good performance is due to having very low biases
that have nearly equal contributions from bulk variable
and residual uncertainties. For instance, this is true for
all-cruise LH and SH fluxes in GSSTF2b as well as for
all-cruise SH fluxes in MERRA (Table 1). Plus, there
are still large bulk-variable-caused uncertainties in some
of the products that generally increase in high wind
speed conditions (Table 1; Fig. 6). Thus, significant improvement is still needed in both algorithms and the
retrieval of bulk variables to reduce the total uncertainty
in product LH and SH fluxes to within 5 W m22.
In general, the new generation of flux datasets is as
good or better than the older generations of products.
For instance, the new version of GSSTF (i.e., GSSTF2b)
represents a significant improvement over GSSTF2 (e.g.,
Table 1). In contrast, ERA-40 already performed reasonably well, so there is not much improvement in ERAInterim (e.g., Table 1). The results from CFSR, which is
the only reanalysis involving a coupled atmosphere–
ocean data assimilation, are not that bad considering that
it falls into category B for all three fluxes (Table 1). However, further work may still be needed to realize the full
potential of ocean–atmosphere coupled reanalysis.
While the current generation of satellite-derived and
combined products (e.g., GSSTF2b and OAFlux) are
generally better than the earlier generation of reanalyses
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TABLE 4. The mean all-cruise difference in surface downward
LW and SW radiative fluxes between the reanalyses and ship
observations.
Product

LW flux

SW flux

MERRA
ERA-40
ERA-Interim
NCEP–NCAR
NCEP–DOE
CFSR

29.5
6.2
21.2
3.5
6.8
0.1

5.8
12.1
21.8
38.3
15.2
30.1

(NCEP–NCAR and NCEP–DOE), they are comparable
or slightly worse than the new generation of reanalysis
(particularly MERRA). This is because 1) the data assimilation method has been improved from the first
generation to the current generation of reanalyses and
2) more satellite data (including all of those used in the
satellite-derived products plus others that were not used)
are assimilated in the new generation of reanalyses.
Furthermore, when compared with satellite-derived and
combined products, the new reanalyses provide higher
temporal resolution (3 hourly in ERA-Interim and hourly
in MERRA and CFSR) than the previous generation of
reanalyses (6 hourly) or the satellite-derived and combined products (daily or 12 hourly).
Another shortcoming of the satellite-derived products
is that they do not generally provide radiative fluxes,
which are also needed to study the surface energy budget or to force an OGCM, whereas they are generally
not provided in the satellite-derived products [HOAPS
does provide the net longwave (LW) flux but not the net
shortwave (SW) flux]. Table 4 presents the mean difference in surface downward LW and SW radiative fluxes
between the reanalysis values and ship observations from
all of the cruises. LW radiation is very well constrained in
the reanalyses with CFSR having the lowest bias, but
a few reanalyses have high biases (.20 W m22) in SW
radiation. In fact, CFSR has the highest bias of all of the
reanalyses for SW radiation. In contrast, if the satellitederived fluxes are desired, then one could use them with
another satellite radiative flux dataset, such as the International Satellite Cloud Climatology Project (ISCCP;
Zhang et al. 2004), as is also included with the OAFlux
data.
Another problem facing reanalyses is inconsistencies
that result with changes with the satellite data ingested
as newer and improved satellites come online. Such
‘‘jumps’’ can be seen in MERRA, for instance, in
Robertson et al. (2011). For example, the moisture
corrections change suddenly from drying to moistening
over the course of the MERRA assimilation, with most of
that change happening in late 1998, when the assimilation
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of NOAA-15 AMSU-A data began and to a lesser extent
in late 1987 with the incorporation of the SSM/I data.
Bosilovich et al. (2011) report that changes in evaporation due to the change in the analysis moisture increments
with the ingestion of AMSU-A as compared with before
depend upon the region. Such changes result in LH flux
biases that are more positive for all of the 1999 cruises
except for PACS Flux ’99, which is negative (not shown).
PACS Flux ’99 corresponds to an area of decreased
evaporation after late 1998, and the other cruises correspond to areas of weak or positive change in evaporation
afterward (see Bosilovich et al. 2011, their Fig. 12b).
Another possible concern is the increasing number of
data from multiple SSM/I satellites ingested, which would
affect near-surface wind speed. There is no effective
difference in the wind speed biases and SDEs between
the cruises except by region (Figs. 8b, 9b), but there were
at least two SSM/I satellites ingested into MERRA during
all of these cruises (http://gmao.gsfc.nasa.gov/research/
merra/IMAGES/MERRA_Satellite_data_streams.jpg).
Such biases may be more substantial if any cruises in
1987–90, when there was only one SSM/I satellite, or
even pre-SSM/I (before 1987) cruises were used.
Despite these concerns, the current generation of
reanalyses (MERRA, ERA-Interim, and CFSR) still
holds promise for the future direction in the development
of ocean surface turbulent flux datasets because of their
high frequency and all of the satellite data that they ingest. Such datasets would be derived from a combination
of the high-frequency bulk variables from the new generation of reanalysis products (MERRA, ERA-Interim,
and CFSR) and computing high-frequency fluxes using
one of the least problematic bulk algorithms discussed in
Brunke et al. (2003).
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APPENDIX
The Product Bulk Algorithms
The bulk algorithms use Eqs. (1)–(3) to calculate the
turbulent surface fluxes compared here. The exchange
coefficients (i.e., CH, CE, and CD) are defined as
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where k is the von Kármán constant of 0.4; z is the height
of the lowest model level above the ground; zom, zot, and
zoq are the roughness lengths for momentum, temperature, and humidity, respectively; L is the Obukhov
length; and cm and ch are stability functions. It is the
parameterization of these coefficients that causes most
of the uncertainty between algorithms, although there
are differences in how other parameters are set that
could be substantial in certain circumstances (Zeng et al.
1998; Brunke et al. 2002, 2003). Here, we focus on the
differences in the formulation of the exchange coefficients. Other details of the algorithms are explained
in the three studies mentioned above.
The algorithm in the GEOS-5 AGCM, which is used to
produce MERRA, as described in Helfand and Schubert
(1995), uses stability functions from Clarke (1970) for
stable conditions and from Panofsky and Dutton (1984)
for unstable conditions. The roughness length for momentum is a function of the friction velocity u* as follows:
zom 5

a1
1 a2 1 a3 u* 1 a4 u2* 1 a5 u3* ,
u*

(A4)
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between. The roughness lengths for temperature and
humidity are
!
! "
z
z
ln om 5 ln om 5 0:72(Re* 2 0:135)1/2, (A5)
zot
zoq
where Re* is the roughness Reynolds number calculated from the friction velocity, roughness length
for momentum, and kinematic viscosity of air n as
u*zom/n.
In the algorithm in the ECMWF operational model
(Beljaars 1995) used to produce both ERA-40 and ERAInterim, the stability functions are taken from Holtslag
and de Bruin (1988) for stable conditions and as used in
Dyer (1974) for unstable conditions. The roughness lengths
are
u2
1:65 3 1026
,
zom 5 0:018 * 1
g
u*
zot 5

6 3 1026
, and
u*

(A7)

zoq 5

9:3 3 1026
.
u*

(A8)

Note that zom is actually computed from an ocean wave
model (ECMWF 2007) in the ECMWF operational
model and reanalysis, but (A6) is used in our uncertainty
decomposition analysis in section 4.
The algorithm in the NCEP operational model used
to produce the NCEP–NCAR and NCEP–DOE reanalyses extends Monin–Obukhov similarity to include
empirical profile equations for various stability regimes. The roughness lengths are parameterized as
follows:

where the coefficients a1, a2, a3, a4, and a5 are taken from
Large and Pond (1981) for moderate to large wind
speeds, Kondo (1975) for weak wind speeds, and interpolated between the two for wind speeds in

u2
zom 5 0:014 *
g

!
!
"
21:076 1 0:7045 ln(Re* ) 2 0:058 08[ln(Re* )]2
z
z
.
ln om 5 ln om 5
zot
zoq
1 2 0:1954 ln(Re* ) 1 0:009 999[ln(Re* )]2
The algorithm in the CFS used to produce the CFSR is
the same as the previous one used for NCEP–NCAR and
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and

(A9)

(A10)

NCEP–DOE, except that the Zeng et al. (1998) roughness
lengths for heat and moisture are used instead as shown:
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The bulk algorithm used to produce both versions of
GSSTF here was based on Chou (1993) with the addition
of the salinity effect to surface saturated humidity and
a change to the parameters used for the von Kármán
constant (Chou et al. 2003). The stability functions are
taken from Large and Pond (1981) for stable conditions
and Businger et al. (1971) for unstable conditions. The
roughness length for momentum is
zom 5

0:0144u2* 0:11n
1
,
g
u*

(A12)

while the following roughness lengths for heat and moisture are from Liu et al. (1979):
zot u*
n
zoq u*
n

b

5 a1 Re 1 and
*
b

5 a2 Re*2 .

(A13)
(A14)

The coefficients a1, a2, b1, and b2 are taken from Table 1
in Liu et al. (1979).
J-OFURO, HOAPS, and OAFlux utilize the COARE
3.0 algorithm (Fairall et al. 1996, 2003), which was found
to be one of the least problematic in Brunke et al. (2003).
For unstable conditions, the Grachev et al. (2000) stability functions are used, whereas under stable conditions,
the stability functions are taken from Beljaars and Holtslag
(1991). The roughness length for momentum is parameterized as
zom 5

au2*
g

1

0:11n
,
u*

(A15)

where a varies with wind speed, such that
8
>
0:011
for U # 10 m s21
>
<
0:007
(U 2 10) for 10 , U , 18 m s21 .
a 5 0:011 1
>
8
>
:
0:018
for U $ 18 m s21

(A16)

The roughness lengths for heat and momentum are equal
25
to the smaller of 5:5 3 1025 Re20:6
* or 1.1 3 10 m.
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a b s t r a c t
Specific humidity is generally thought to decrease with height in the troposphere. However, here
we document the existence of specific humidity inversions in five reanalyses: the National Centers
for Environmental Prediction (NCEP) second reanalysis (NCEP-2), the European Centre for
Medium-Range Forecasts (ECMWF) 40-year reanalysis (ERA-40), the Modern Era Retrospective
Analysis for Research Applications (MERRA), NCEP's Climate Forecast System Reanalysis (CFSR),
and the ECMWF interim reanalysis (ERA-Interim). These inversions are most frequent in the polar
regions. Inversions do occur elsewhere, most notably over the subtropical stratus regions, but are
less frequent and likely overproduced depending on the location. Polar inversions are the most
persistent in winter and the strongest (as defined by the humidity difference divided by the
pressure difference across the inversion) in summer or autumn with low bases (at pressures N
900 hPa). Winter humidity inversions are lower, being near-surface, due to the persistence of
low-level temperature inversions associated with these humidity inversions, while summer
humidity inversions tend to be located near cloud top providing moisture to prevent the melt
season stratus from evaporating. The most important contributions to affect humidity inversions
in MERRA are dynamics, turbulence, and moist physics. However, local advection may not play
as much of a role as regional humidity convergence. The subtropical stratus inversions are as thick
as polar humidity inversions but with higher bases generally at pressures b900 hPa. These
inversions are confirmed by rawinsonde data, but there are discrepancies between the observed
annual and diurnal cycles in inversion frequency and those portrayed in the reanalyses.
© 2014 Elsevier B.V. All rights reserved.
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1. Introduction

is no mean positive Δq, and the area of mean positive Δq
redevelops in boreal autumn (SON). This seems to indicate that
humidity inversions would be more numerous in the polar
regions during the autumn and winter seasons but does not
preclude the existence of humidity inversions in those regions
in any other season. Humidity inversions may be less numerous
or not strong enough to withstand the averaging.
Previously, specific humidity inversions were observed
periodically during the Arctic Ocean Experiment 2001
(Tjernström et al., 2004; Tjernström, 2005; Sedlar and
Tjernström, 2009), and Gerding et al. (2004) documented the
case of a moister layer above a near-surface dry layer observed
by lidar on 28 February 2002 on the island of Spitsbergen in the
Arctic. More recently, Vihma et al. (2011) investigated humidity
inversions over two Svalbard fjords finding that they were
connected to temperature inversions occurring simultaneously
which was also found by Sedlar et al. (2011) from observations
made during two field experiments over the Arctic Ocean.
Arctic humidity inversions were also previously documented by
Serreze et al. (1995a, 1995b) and modeled by Curry (1983).
These inversions are not limited to the Arctic. Near-surface
humidity inversions can be seen from three years of summer
and autumn radiosonde profiles over Dome C (Tomasi et al.,
2006) and in ten years of radiosonde profiles at 11 coastal sites
(Nygård et al., 2013a) in Antarctica. Additionally, Roberts et al.
(2010) documented that specific humidity above 900 hPa
tends to be higher than surface values over the northeastern
Pacific Ocean in MERRA. Humidity inversions have also been
observed over the Sichuan Basin (Jiang et al., 2012) and the
Tibetan Plateau (Liu et al., 2002), and are associated with a
radiative fog event in Nanjing, China (Liu et al., 2010). Humidity
inversions outside of the polar regions may go by various other
names. For instance, Kloesel and Albrecht (1989) called them
“q-reversals.” They also may be found when looking at other
phenomena, such as stratospheric air intrusions (Di Giralamo
et al., 2009).
Such specific humidity inversions might have a radiative
impact. Devasthale et al. (2011) implied that humidity inversions in the Arctic would impact longwave radiation especially
in winter since the inversion contributes as much as 50% to the
total column precipitable water. Other radiative impacts may be
associated with their effect on clouds. Sedlar and Tjernström
(2009), Solomon et al. (2011), and Sedlar et al. (2011)
documented instances of humidity inversions topping Arctic
stratus in the summer, and Paluch et al. (1999) gave details of
instances of higher free tropospheric specific humidity than in
the boundary layer, or in other words, a humidity inversion,
over the eastern equatorial Pacific. All of these suggest that these
humidity inversions prevent evaporation from cloud-top
entrainment (induced by cloud-top radiative cooling), thus
promoting continuity of the boundary layer cloud. Furthermore,
such inversions would also impact the temperature-lapse rate
feedback of the greenhouse effect, particularly at high latitudes
where it is more important (Webb et al., 1993; Curry et al.,
1995).

The vertical distribution of water vapor strongly affects
radiative transfer as well as cloud and precipitation formation
and hence plays a fundamental role in weather forecasting
and climate studies. It is generally thought that specific
humidity decreases with increasing height in the troposphere
(e.g., Fig. 12.4 in Peixoto and Oort, 1992; Wagner et al., 1990;
Johnsen and Rockel, 2001). On average, this is indeed the case
as can be seen in the profile of the zonal mean of specific
humidity from the National Aeronautics and Space Administration (NASA) Goddard Modeling and Assimilation Office
(GMAO) Modern Era Retrospective Analysis for Research and
Applications (MERRA) in Fig. 1.
However, in certain circumstances there can be specific
humidity inversions, or layers in which specific humidity
increases with height, in the troposphere. Fig. 2 presents
the zonal mean of the vertical profiles of the difference in
specific humidity Δq with height in MERRA for each season:
(a) December–February or DJF, (b) March–May or MAM,
(c) June–August or JJA, and (d) September–November or SON.
This Δq is calculated at halfway between each pressure level in
MERRA as the simple difference in specific humidity between
pressure levels. Now, one can clearly see the areas of positive
Δq, i.e. increasing humidity with height, as the blue shading in
the polar regions. Over the Antarctic, positive Δq is only over
the South Pole from austral autumn (MAM) to spring (SON).
Over the Arctic, the largest area of positive Δq occurs in boreal
winter (DJF). In boreal spring (MAM) and summer (JJA), there

Fig. 1. The zonal mean specific humidity (g kg−1) from MERRA for 1981–2000.
The black areas indicate regions that are below ground.
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Fig. 2. Zonal mean difference in specific humidity with height Δq (g kg−1) averaged over 1981–2000 for (a) December–February (DJF), (b) March–May (MAM),
(c) June–August (JJA), and (d) September–November (SON) from MERRA. This Δq is calculated at halfway between each pressure level in MERRA as the difference
between pressure levels. Blue shading indicates positive Δq, and the black shading indicates areas below ground.

Recent studies have shown that some or all of these
reanalyses have erroneous realizations of the low-level thermodynamics. For instance, Serreze et al. (2012) recently found
that NCEP-1 (the predecessor to NCEP-2), ERA-40, the Japanese
25-year reanalysis (JRA-25), MERRA, CFSR, and ERA-Interim
were biased warm and moist on average in comparison to
radiosonde observations at nine locations across the Arctic
Basin, thus preventing the realization of persistent temperature
and humidity inversions. Similar warm and moist near-surface
biases were found by Jakobson et al. (2012) in comparisons of
tethersoundings taken at the drifting ice station Tara with the
latest generation of reanalyses (MERRA, CFSR, ERA-Interim,
and the Japanese Meteorological Agency Climate Data
Assimilation). A warm near-surface bias was also found by
Tjernström and Graversen (2009) in ERA-40 in comparison to
soundings taken during the Surface Heat Balance of the Arctic
(SHEBA) field experiment. de Boer et al. (2013) showed that
such errors could be caused by errors in cloud occurrence and
location in the models used to generate the reanalyses. Still, Fig. 3
shows the relative frequency of specific humidity inversions in
the five reanalyses compared here, including two different
versions of ERA-40 (ERA-40m and ERA-40p) which are defined

Given the possible implications of specific humidity inversions sometimes occurring in the troposphere, what are the
temporal and spatial variabilities of such instances? Recently,
Devasthale et al. (2011) produced a clear-sky climatology in
the Arctic based on Atmospheric Infrared Sounder (AIRS)
profiles. They found that Arctic humidity inversions were more
prevalent in winter but strongest in summer. Our strategy is to
do something similar but instead look at the all-sky climatology
globally by using reanalyses. Similar work was done by Nygård
et al. (2013b) for the Arctic and by Nygård et al. (2013a) for the
Antarctic using radiosonde observations. However, by using
radiosonde observations only, the results are rather localized,
especially since these are only available regularly over land. A
truly regional, and even global, perspective can only be reached
by using reanalyses in which radiosonde data is assimilated. The
reanalyses included here are two older generation reanalyses
[the European Centre for Medium-Range Weather Forecasts
(ECMWF) 40-year reanalysis (ERA-40) and the National Oceanic
and Atmospheric Administration (NOAA) National Centers for
Environmental Prediction (NCEP) reanalysis] and three current
generation reanalyses (NASA MERRA, NOAA CFSR, and ECMWF
ERA-Interim).
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means in the Southern Hemisphere. This suggests that the
humidity inversions in the reanalyses are strong and/or
persistent enough to withstand the monthly averaging during
these months.
The reanalyses are described in the next section, and the
results are presented in Section 3. In Section 4, we compare
the reanalysis inversions to those in rawinsonde data, and in
Section 5, we discuss the possible mechanisms for developing
and maintaining such humidity inversions. Conclusions and
further discussion are provided in Section 6.

ERA-40m

NCEP-2
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2. Reanalyses

f

ERA-40p

e

In this study, we use both the monthly mean and 6-hourly
values from the second version of the NCEP reanalysis
(hereafter, NCEP-2), ERA-40 (including three versions with
varying horizontal and vertical resolutions), MERRA, CFSR, and
ERA-Interim. A brief description of each reanalysis follows;
more description can be found in the included references.
2.1. NCEP-2

h

i

j

k
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ERA-Interim

CFSR

MERRA

g

NCEP-2 (also referred to as NCEP-DOE) was developed as a
revision of the first reanalysis to correct errors discovered in
the processing of the earlier version. NCEP-2 utilizes the same
T62 spectral resolution model with 28 vertical layers as in the
first version (NCEP-1) with some minor improvements to the
model physics and data assimilation (Kanamitsu et al., 2002).
Like in NCEP-1, data, which, for upper air, includes conventional sources from rawinsondes, dropsondes, pilot balloons
(PIBALs), wind profilers, and aircraft measurements as well as
satellite radiances from the Satellite Infrared Spectrometer
(SIRS), the High Resolution Infrared Sounder (HIRS), the Vertical
Temperature Profile Radiometer (VTPR), and TIROS Operational
Vertical Sounder (TOVS) and upper-air winds from geostationary satellites, were assimilated using the spectral statistical
interpolation (SSI) technique (Kalnay et al., 1996).
Here, we choose to use NCEP-2 because NCEP-1 had
negative specific humidities in some parts of the polar regions.
This seems to be one of the errors that have been corrected in
NCEP-2. Both the monthly and 6-hourly data downloaded from
the mass storage on the supercomputers at the National Center
for Atmospheric Research (NCAR) are on a regular 2.5° × 2.5°
grid with 17 standard pressure levels.
2.2. ERA-40
ERA-40 utilized the ECMWF atmospheric model with a
spectral resolution of T159 and 60 vertical layers (Uppala et al.,
2005). The model included improved parameterizations of
deep convection and radiation and a new representation of sea
ice (Uppala et al., 2005). Data assimilation was done by a 3DVar system. Upper air observations from conventional sources
were combined with satellite measurements from geostationary satellites, HIRS, the Microwave Sounding Unit (MSU), and
the Advanced Microwave Sounding Unit A (AMSU-A) (Uppala
et al., 2005).
Here, we use 6-hourly analyses and monthly means from
three different versions that differ in terms of horizontal and
vertical grids: the model's original resolution both horizontally
and vertically (~1.125° × 1.125° and 60 vertical model sigma

Fig. 3. The relative frequency of occurrence (%) of humidity inversions in the
January (for the Northern Hemisphere, left column) and July (for the Southern
Hemisphere, right column) monthly means in NCEP-2, ERA-40m, ERA-40p,
MERRA, CFSR, and ERA-Interim. The light pink contour represents only 100%
frequency of occurrence.

below. Most reanalyses have humidity inversions in large
portions of both polar regions in 100% (the light pink contour)
of January means in the Northern Hemisphere and of July
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Operational Model Archive and Distribution System (NOMADS) website (http://nomads.ncdc.noaa.gov).

layers, hereafter referred to as ERA-40m), the data averaged
vertically to 23 standard pressure levels but horizontally on
the model grid (hereafter ERA-40p), and the data averaged
horizontally to a regular horizontal grid of 2.5° × 2.5° and
vertically to 23 standard pressure levels (hereafter ERA-40g).
ERA-40m and ERA-40p were downloaded from NCAR's
Research Data Archive (RDA) web site (http://rda.ucar.edu),
while ERA-40g was downloaded from the ECMWF website
(http://www.ecmwf.int).

2.5. ERA-Interim
ERA-Interim is the newest ECMWF reanalysis. The model
used to produce ERA-Interim has a higher horizontal resolution
of T255 and improved model physics from ERA-40. Instead of
the 3D-Var assimilation used for ERA-40, ERA-Interim uses a
12-h 4D-Var assimilation system with improvements to the
handling of data biases and of the background error constraint
(Simmons et al., 2006; Dee et al., 2011). ERA-Interim uses
the same data from ERA-40 plus clear-sky radiances from
Meteosat-2, Global Ozone Monitoring Experiment (GOME)
ozone profiles, CHAMP and COSMIC radio occultation (RO)
measurements, the Gravity Recovery and Climate Experiment
(GRACE), reprocessed ocean wave height data from ERS-1 and 2,
and upper-level winds from Meteosat-2 (Simmons et al., 2006).
Used here are the 6-hourly and monthly mean analyses
that have been interpolated to 37 pressure levels at the model
horizontal resolution of ~0.70° × 0.70°. These data were
downloaded from the NCAR RDA web site (http://rda.ucar.edu).

2.3. MERRA
MERRA is NASA GMAO's most recent reanalysis (Rienecker
et al., 2011) using the Goddard Earth Observing System version
5 atmospheric general circulation model with a finite-volume
dynamical core and a resolution of 1/2° latitude × 2/3° longitude
and 72 vertical layers (Suarez et al., 2010). Assimilation is done
by a three-dimensional variational analysis (Rienecker et al.,
2011). To reduce shocks from the mass-wind analysis increments, the incremental analysis update procedure (Bloom et al.,
1996) is implemented (Rienecker et al., 2007). In this procedure,
assimilation at the 6-h synoptic times is based upon 6 h of
model predictions centered on the synoptic time. The analyzed
correction, then, is applied at the previous 6 h, and the model is
run for 12 h (Suarez et al., 2010).
MERRA assimilates upper-air data from conventional
sources as well as from satellite measurements of upper air
winds derived from geostationary satellites and the Moderate
Resolution Imaging Spectroradiometer (MODIS), radiances from
the Geostationary Operational Environmental Satellites (GOES)
sounder, TOVS and Advanced TOVS (ATOVS) instruments,
the Atmospheric Infrared Sounder (AIRS), MSU, and AMSU-A
(Rienecker et al., 2011).
Used here are the three-dimensional analysis fields
(inst6_3d_ana_Np) which are provided in the model horizontal
resolution (1/2° latitude × 2/3° longitude) in both the 6-h
temporal resolution and the monthly means. These data were
downloaded through the Goddard Earth Sciences Data and
Information Services Center website (http://data.sci.gsfc.nasa.
gov).

3. The speciﬁc humidity inversion climatology in
the reanalyses
To better understand the characteristics of humidity
inversions, we define a humidity inversion strength QIS. For
the vertical column of specific humidity in each grid box of a
particular reanalysis, the pressure at the bottom of the lowest
inversion layer above which humidity begins to increase with
height is pmax, and the pressure at the top of that layer is pmin.
Then,
QIS ¼

qðpmin Þ−qðpmax Þ
jpmin −pmax j

ð1Þ

where q(pmin) and q(pmax) are the specific humidities (in
g kg−1) at the top and bottom of the inversion respectively.
Thus if the pressures are given in hPa, QIS has units of
g kg−1 hPa−1.
For the mean January profile in the Northern Hemisphere
(in the middle of the season with the deepest and largest area
of positive Δq over the Arctic), Fig. 4 shows that all reanalyses
have humidity inversions in most of the areas poleward of 60°N
as well as over much of mid-latitude Eurasia. NCEP-2 and
MERRA also have inversions extending down over the North
American continent east of the Rockies. Another area of
inversions occurs along ~15°N from the northeastern Atlantic
subtropical stratus region eastward into the southern Sahara
and Sahel. MERRA additionally has some humidity inversions
in January over the northeastern Pacific stratus region. The
geographical extent varies between the different reanalyses in
these regions. NCEP-2 has the smallest extent over the
northeast Atlantic and the Sahara, whereas MERRA and CFSR
have the most. There is also a difference between ERA-40m and
ERA-40p in that humidity inversions cover less area over the
northeast Atlantic and the Sahara in the latter. Even poleward
of this, humidity inversions cover less area over the midlatitudes in ERA-40p than in ERA-40m. The extent of humidity
inversions in ERA-40g is very similar to ERA-40p (not shown).

2.4. CFSR
CFSR is the latest NCEP reanalysis that utilizes a fully
coupled atmosphere–ocean–sea ice–land model, the Climate
Forecast System (CFS) (Saha et al., 2010). The atmospheric
component is run at T382 spectral resolution with 64 vertical
layers, while the ocean component is run at a horizontal
resolution that varies between 1/4° and 1/2° latitude × 1/2°
longitude with 40 layers in the vertical of which the uppermost
is 10 m thick. Similar upper air data to that of the other
reanalyses plus radiances from GOES, AIRS, Advanced Microwave Sounding Radiometer—Earth Observing System (AMSR-E),
Infrared Atmospheric Sounding Interferometer (IASI), and
Microwave Humidity Sounder (MHS) and radio occultation
from the Challenging Minisatellite Payload (CHAMP) and the
Constellation Observing System for Meteorology, Ionosphere,
and Climate (COSMIC) are ingested into the CFSR.
Used here are the 6-hourly and monthly mean profiles
gridded at 0.5° lat/lon on 37 pressure levels downloaded from
the NOAA/National Climatic Data Center's (NCDC) National
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Fig. 4. Northern Hemisphere specific humidity inversion strength [QIS as defined in Eq. (1), g kg−1 hPa−1] (left column), inversion base pressure (pmax, hPa) (middle
column), and inversion thickness (|pmin − pmax|, hPa) (right column) based on the January climatological mean profiles for 1981–2000 in NCEP-2, ERA-40m, ERA-40p,
MERRA, CFSR, and ERA-Interim.
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Humidity inversions are weakest (b0.0025 g kg−1 hPa−1)
over the Arctic and stronger over the subtropics (Fig. 4). The
strongest inversions appear in NCEP-2 over the eastern Sahara
(Fig. 4a) and in MERRA over the northeast Atlantic (Fig. 4j). The
inversion bases over most of the Arctic and mid-latitudes are
low to the ground (N 900 hPa except over high terrain) in all
reanalyses. They are mostly higher (pmax b 900 hPa) in both
ERA-40m, MERRA, and CFSR around ~15°N over the Sahara and
the northeast Atlantic (Fig. 4e, h, k), whereas the bases are still
generally low (N900 hPa) in these regions in NCEP-2, ERA-40p,
and ERA-Interim (Fig. 4b, n). The inversions are generally
thicker (N 150 hPa) in NCEP-2, ERA-40p, and CFSR (Fig. 4c, f, l)
and thinner (b150 hPa) in ERA-40m, MERRA and ERA-Interim
over the Arctic.
The quantities based on the mean July profile in the
Southern Hemisphere are shown in Fig. 5. As in the Northern
Hemisphere winter, NCEP-2, ERA-40m, MERRA, CFSR, and
ERA-Interim have mean inversions over most of Antarctica
and some of the nearby ocean (Fig. 5a, d, j, m, p). MERRA also
produces more inversions further out over the Southern Ocean
than any of the other reanalyses (Fig. 5j). On the other hand,
humidity inversions are lost over most of the Antarctic
continent in ERA-40p, restricted to mainly the coast and nearby
oceans (Fig. 5g). ERA-40g looks very similar to ERA-40p (not
shown). Additionally, there are mean inversions over at least
part of the subtropical stratus regions over both the southeast
Atlantic and Pacific in NCEP-2, ERA-40m, MERRA, CFSR, and
ERA-Interim (Fig. 5a, d, j, m, p). On the other hand, the
humidity inversions have almost been lost over the subtropical
stratus regions in ERA-40p, being limited to a very small area
over the southeastern Atlantic stratus region (Fig. 5g). This is
the same in ERA-40g (not shown). Interestingly, ERA-Interim
with its higher horizontal resolution also has a limited amount
of humidity inversions over the Southern Hemisphere subtropical stratus regions (Fig. 5p).
QIS is smallest over the polar region and higher over the
subtropical stratus regions in all reanalyses (Fig. 5a, d, g, j, m, p).
QIS is also higher in MERRA over the Southern Ocean (Fig. 5j).
In fact, the highest QIS (N0.01 g kg−1 hPa−1) is from MERRA
over the southeast Pacific and the Southern Ocean. In the
Antarctic, the polar inversion bases are low to the ground
following the terrain to higher altitudes where there are
humidity inversions in the interior of the continent (Fig. 5b, e,
h, k, n, q). In the subtropical stratus regions, the inversions are
generally the lowest near the coast (pmax N 900 hPa) and are
lifted higher (600 b pmax b 900 hPa) away from the coast in
NCEP-2, MERRA, and CFSR (Fig. 5b, h, n). Over the Antarctic, the
humidity inversions are thicker in NCEP-2 than in ERA-40m,
MERRA, CFSR, and ERA-Interim (Fig. 5c, f, l, o, r). Over the
subtropical stratus, NCEP-2's inversions are thicker offshore,
whereas there is no indication of this in ERA-40m, MERRA, or
CFSR (Fig. 5c, f, l, o).
Figs. 4 and 5 are based on the humidity inversion in the
climatological mean humidity profile. If, however, the humidity
inversions are computed from each month's mean humidity
profile, they also appear in varying degrees of frequency in
most of the mid-latitudes and along a substantial fraction of a
band along ~15° of both hemispheres in all reanalyses (Fig. 3).
The frequency of occurrence in monthly mean humidity
inversions is 100% (the light pink contour) over large fractions
of the Arctic in all reanalyses (Fig. 3a, c, e, g, i, k) and of the
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Antarctic in NCEP-2, ERA-40m, MERRA, CFSR, and ERA-Interim
(Fig. 3b, d, h, j, l); humidity inversions are still largely absent
from most of the interior of Antarctica in ERA-40p (Fig. 3e, f).
Humidity inversion frequency is N 60% over a large portion of
the subtropical stratus regions except in the northeast Pacific
(Fig. 3). Because of the low frequency of occurrence in this
region, the humidity inversion is averaged out of the climatological mean profile in this region (Fig. 4).
Taking the mean of the quantities of QIS, inversion base, and
inversion thickness derived from each January's mean profile,
the correlation in these quantities of NCEP-2 with ERA-40g,
MERRA, CFSR, and ERA-Interim in the Northern Hemisphere is
shown in Fig. 6. Here, we directly compare ERA-40g with the
same resolution NCEP-2 product, whereas the other higher
resolution reanalyses are regridded to the same 2.5° × 2.5°
resolution of NCEP-2. Note that unshaded areas not only
indicate areas where there are no humidity inversions but also
areas where there is absolutely no variation in that quantity in
either NCEP-2 or the other reanalysis or both. Fig. 6 shows that
where there is variation in the QIS in both reanalyses, the
correlation between the NCEP-2 and this quantity is weak as
indicated by the light shading (Fig. 6a, d, g, j). In most areas, the
other reanalyses are positively correlated, but there is more
negative correlation over the Sahara and northeast Atlantic in
all reanalyses. Also, MERRA is more negatively correlated over
the mid-latitudes. On the other hand, the reanalyses are very
strongly correlated to NCEP-2 in inversion base and thickness
as indicated by the darkest shadings, mostly positively
although again more negatively over the Sahara and northeast
Atlantic (Fig. 6b, c, e, f, h, i, k, l). The same is true for the
Southern Hemisphere in July (not shown).
The annual cycle in polar regional mean statistics are
presented in Fig. 7. The top row presents the maximum percent
total area possible to be covered by humidity inversions. As
expected from Fig. 5, MERRA's inversion covers more area than
the other reanalyses (Fig. 7a, b). In fact in boreal winter, almost
100% of the grids poleward of 60°N have inversions in the
1981–2000 mean. There is a minimum in all reanalyses in the
areal extent in boreal summer (May in ERA-40p and ERA-40g
with a secondary minimum in September; June in ERA-40m,
MERRA and ERA-Interim; August in NCEP-2; and September in
CFSR with a secondary minimum earlier in May). The secondary
minimums in all versions of ERA-40, CFSR, and ERA-Interim
are due to a slight increase in the maximum possible areal
extent reported by all of these in mid-summer. Also as expected
from Fig. 5, the vertical averaging done in ERA-40p and
ERA-40g reduces maximum areal extent in these versions,
most profoundly in boreal summer. In the Antarctic, the
difference between the maximum possible areal extent of the
inversion is more noticeable between MERRA and the other
reanalyses (Fig. 7b). MERRA has a minimum extent of ~75% in
December and a maximum of N95% in austral winter (July–
September). On the other hand, NCEP-2, ERA-40m, ERA-40p,
ERA-40g, CFSR, and ERA-Interim have a maximum of only
~40%, 40%, 22%, 22%, 30%, and 20%, respectively, in austral
winter (Fig. 7b).
The remaining quantities reported in Fig. 7 are obtained
from taking the regional mean of the quantities that have been
averaged for each month over the 20-year period 1981–2000.
In the Arctic, MERRA has the highest QIS than any other
reanalysis, but all reanalyses have a maximum in QIS in boreal
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Fig. 5. Same as Fig. 4 except for July in the Southern Hemisphere.

summer (Fig. 7c). Over the Antarctic, all reanalyses have fairly
constant mean inversion strength or a very weak annual cycle
in this quantity (Fig. 7d).

	
  

As can be seen in Fig. 3, Arctic inversion bases from all five
reanalyses are low (N 900 hPa) with very little variation
throughout the year (Fig. 7e). Over the Antarctic, MERRA
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Fig. 6. The correlation in QIS, inversion base, and inversion thickness of NCEP-2 with ERA-40g, MERRA, CFSR, and ERA-Interim.

(Fig. 7i), low cloud amount is smallest in winter and largest in
summer with a maximum in June. This is also the season when
humidity inversion strength is largest in this region (Fig. 7c).
This suggests that humidity inversion characteristics may be
influenced by clouds or vice versa in this region. This will be
explored in more detail in Section 5. On the other hand in the
Antarctic, the annual cycle in low cloud amount is small (Fig. 7j),
coinciding with a similarly small annual cycle in humidity
inversion strength (Fig. 7d).
A similar figure for the subtropical stratus regions is
presented in Fig. 8. MERRA and CFSR generally have larger
maximum possible inversion areal extent except in the northeast
Atlantic from June to November, while ERA-Interim generally
has the lowest areal extents (Fig. 8a–d). On the other hand,
NCEP-2 has the highest mean inversion strength in these regions
(Fig. 8e–h). As deduced from Figs. 3 and 4, the mean inversion
bases are lowest from NCEP-2 in all of these regions, whereas
those in all versions of ERA-40, MERRA, CFSR, and ERA-Interim

shows a weak annual cycle in base pressure with slightly lower
bases in austral summer (December and January) and fairly
constant pressures across most other months (Fig. 7f). Base
pressures in all versions of ERA-40, CFSR, and ERA-Interim peak
in austral spring (November and October, respectively). NCEP2, on the other hand, has a very strong annual cycle in base
pressure with much higher bases in January.
The annual cycle in both Arctic and Antarctic inversion
thickness is fairly similar in NCEP-2, ERA-40m, MERRA, CFSR,
and ERA-Interim with minimum thicknesses in summer and
higher thicknesses in winter, but the thicknesses in NCEP-2,
ERA-40p, and ERA-40g are higher than in the other three
reanalyses (Fig. 7g, h). This is to be expected considering the
lower vertical resolution of these latter products.
The monthly mean low cloud amount from the International Satellite Cloud Climatology Project (ISCCP) D2 product
(Rossow and Schiffer, 1999; available at http://isccp.giss.nasa.
gov) is given in the bottommost panels in Fig. 7. In the Arctic
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Fig. 8. Same as Fig. 7 except for the subtropical stratus deck regions in the northeast (NE) Pacific (15°–30°N, 110°–140°W) (leftmost column), the NE Atlantic (5°–25°N,
20°–40°W) (2nd column), the southeast (SE) Pacific (25°S–0°, 80°–110°W) (3rd column), and the SE Atlantic (25°S–0°, 5°W–5°E) (rightmost column).

cloud fractions seem not to correspond as well to humidity
inversion characteristics as they do in the Arctic. For instance, the
highest maximum possible coverage (Fig. 8a–d) and QIS
(Fig. 8e–h) seem to occur when cloud cover is increased but
not necessarily when cloud cover is at its maximum (Fig. 3q–t).
This also varies from region to region and product to product.

are generally about the same (Fig. 8i–l). Also as in Figs. 3 and 4,
the reanalysis inversion thicknesses are similar in ERA-40m,
MERRA, CFSR, and ERA-Interim, while NCEP-2, ERA-40p, and
ERA-40g with reduced vertical resolutions have generally larger
thicknesses in all four regions.
The monthly mean ISCCP low cloud amount for these
subtropical stratus regions is also presented in the bottommost
panels of Fig. 8. ISCCP low cloud amount is maximum in August
in the northeast Pacific (Fig. 8q), January in the northeast Atlantic
(Fig. 8r), and July in the southeast Pacific and Atlantic (Fig. 8s, t),
while the cloud minimum occurs in November, August, and
February over the northeast Pacific, northeast Atlantic, and
southeast Pacific and Atlantic, respectively (Fig. 8q–t). These

4. Comparison to rawinsonde data
To verify the veracity of the humidity inversions in the
reanalyses presented above, the reanalyses’ humidity profiles
are compared to those of in situ rawinsonde data archived at
the NOAA Earth System Research Laboratory (ESRL) (Schwartz

Fig. 7. (a, b) Maximum possible percentage of area covered by humidity inversions based upon the total area of all grids in which humidity inversions are possible every
month plus area mean, (c, d) inversion strength [QIS, Eq. (1)], (e, f) base pressure, and (g, h) thickness for only the grid cells that have an inversion poleward of 60°N (left
column) and 45°S (right column). Also included is the area-mean low cloud fraction from the International Cloud Climatology Project (ISCCP) product (bottom row).
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observations and the reanalyses (Fig. 10). The highest observed
frequencies (N80%) occur at Barrow (Fig. 10c), Alert (Fig. 10e),
Eureka (Fig. 10f), Cambridge Bay (Fig. 10h), and Inuvik (Fig. 10i)
in winter and autumn. At these sites plus Kotzebue, there is a
pronounced annual cycle with much more frequent inversions
in winter than in summer or autumn. At the two Greenland
stations (Ausiat and Scoresbysund, Fig. 10a, b), the observed
annual cycle is much less pronounced, especially at
Scoresbysund. At these sites, the reanalyses produce a larger
annual cycle with MERRA, all versions of ERA-40, CFSR, and
ERA-Interim overestimating the frequency of occurrence in
winter and autumn and underestimating in summer and NCEP2 underestimating all year long. At these Arctic locations, the
different versions of ERA-40 are generally consistent.
The reanalyses are quite inconsistent over Antarctica
(Fig. 11). At Casey (Fig. 11a), ERA-40m, ERA-40p, MERRA, CFSR,
and ERA-Interim have a pronounced annual cycle with generally
overestimated inversion frequencies throughout the year by
MERRA, CFSR, and ERA-Interim and overestimated frequencies
only in austral winter by ERA-40m and ERA-40p. On the other
hand, NCEP-2 and ERA-40g have a small annual cycle, generally
underestimating this. At Amundsen-Scott (Fig. 11b), the
reanalyses produce inversions throughout the year, whereas
there are practically none observed in austral winter (June–
August) and only a few observed during the rest of the year. At
Mawson (Fig. 11c), the reanalyses underestimate inversion
frequency throughout the year. ERA-40m, ERA-40p, MERRA,
CFSR, and ERA-Interim have a small annual cycle, but NCEP-2
and ERA-40g have a pronounced annual cycle with frequencies
approaching those observed from April to September. Finally
at Dumont d'Urville (Fig. 11d), all reanalyses have a large
annual cycle in inversion frequency. Like at Casey, ERA-40m,
ERA-40p, MERRA, CFSR, and ERA-Interim generally overestimate frequencies, while NCEP-2 and ERA-40g generally
underestimate. So at the Antarctic coastal sites (Fig. 11a, c, d),
ERA-40g is more consistent with NCEP-2 with the same
horizontal resolution than with ERA-40m and ERA-40p at the
original model resolution.
At the six mid-latitude sites (see Table 1), observed humidity
inversions at Legionowo, Durban, and Macquarie Island (Fig. 12a,
c, f) do not have a pronounced annual cycle in inversion
frequency. At Macquarie Island (Fig. 12f), the reanalyses do not
have a strong annual cycle in humidity inversion frequency,
while they produce a pronounced annual cycle with maxima in
winter at Legionowo and Durban (in January and December and
in June, respectively, Fig. 12a, c). At the other stations, there is a
clear annual cycle in the observations (Fig. 12b, d, e) which all
these reanalyses capture at San Clemente Island and Nashville
(Fig. 12d, e). At Wuhan (Fig. 12b) though, there is a more
pronounced annual cycle in humidity inversion frequency with
the reanalyses generally overestimating throughout, less so in
summer (July and August). At San Clemente Island underneath
the northeast Pacific stratus deck, the season of highest
reanalysis inversion frequency coincides with the season in
which the subtropical stratus is at its strongest (Klein and
Hartmann, 1993 and Fig. 7q).
Some of the differences between the observed annual cycle
and those in the reanalyses can also be seen in the diurnal cycle.
Fig. 13 presents some examples of the frequencies in the
periods from 18:00 to 6:00 LT (left) and 6:00 to 18:00 LT (right)
for four stations (Eureka, Durban, Nashville, and Hilo). At

and Govett, 1992). These data are also included in the Global
Telecommunications System (GTS) that the reanalyses obtained their rawinsonde data from. The data from 1994 to 2001
were downloaded from the website http://www.esrl.noaa.gov/
raobs. They have been processed using a hydrostatic error
handling procedure to detect inconsistencies between observed
temperatures and reported heights. Only data up to 300 hPa are
used here. We selected a number of stations based upon
whether or not they had a sufficient number of records (i.e., at
least 20 days of at least one sounding per day for every month)
in the database. From these, we selected nine stations in the
Arctic and four in the Antarctic because of our focus on the polar
regions plus another six from the mid-latitudes and subtropics
and three from the tropics. Table 1 gives the locations of these
22 sites.
An example of the mean rawinsonde humidity profiles
for January at the nine Arctic stations is shown in Fig. 9. At
all stations except Ausiat, the observations indicate a mean
near-surface humidity inversion of varying strengths. For the
reanalysis profiles, we take those from the 6-h values of the grid
box that contains the station location interpolated to the
rawinsonde vertical resolution. The reanalysis humidity profiles are generally smaller than the observed profile, whereas
ERA-40's humidity profiles are higher than the observations at
two stations (Scoresbysund and Inuvik). There are inversions
in the mean profiles from all reanalyses except NCEP-2 at all
locations except Ausiat, while NCEP-2 produces inversions at
all stations except Ausiat and Scoresbysund. The humidity
profiles are not very different between ERA-40m and ERA-40g
except at Barrow and Kotzebue.
Histograms of the frequency of inversions at these stations
show that inversions occur throughout the year in both the

Table 1
The rawinsonde sites used in this study.

	
  

Station name

(Lat., lon.)

Arctic
Ausiat, Greenland
Scoresbysund, Greenland
Barrow, Alaska
Kotzebue, Alaska
Alert, Canada
Eureka, Canada
Resolute, Canada
Cambridge Bay, Canada
Inuvik, Canada

(68.7°N, 52.75°W)
(70.5°N, 22°W)
(71.3°N, 146.8°W)
(66.9°N, 162.6°W)
(82.5°N, 62.3°W)
(80°N, 85.9°W)
(74.7°N, 95°W)
(69.1°N, 105.1°W)
(68.3°N, 133.5°W)

Antarctica
Casey, Antarctica
Amundsen–Scott, Antarctica
Mawson, Antarctica
Dumont d'Urville, Antarctica

(66.3°N, 110.5°E)
(90°S, 0°E)
(68.6°S, 62.9°E)
(66.7°S, 140°E)

Mid-latitudes
Legionowo, Poland
Wuhan, Hubei, China
Durban, South Africa
San Clemente Island, Calif.
Nashville, Tennessee
Macquarie Island, Australia

(52.4°N, 21°E)
(30.6°N, 114.1°E)
(30°S, 31°E)
(32.9°N, 117.2°W)
(36.3°N, 86.6°W)
(54.5°S, 158.9°E)

Tropics
Vishakhapatnam, India
Hong Kong, China
Hilo, Hawaii

(17.7°N, 83.3°E)
(22.3°N, 114.2°E)
(19.7°N, 155.1°W)
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Fig. 9. Climatological mean January specific humidity profiles for 1994–2001 from rawinsonde observations and NCEP-2, ERA-40m, ERA-40g, MERRA, CFSR, and
ERA-Interim at nine stations over the Arctic.
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Fig. 10. Relative frequency of occurrence of humidity inversions per month for each of the Arctic stations in Fig. 9 in the rawinsonde data (obs.), NCEP-2, ERA-40m,
ERA-40p, ERA-40g, MERRA, CFSR, and ERA-Interim.

Fig. 11. Same as Fig. 10 except for the four Antarctic stations.
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Fig. 12. Same as Fig. 10 except for the six mid-latitude stations.

Fig. 13. Same as Fig. 10 except for (a, b) Eureka, (c, d) Durban, (e, f) Nashville, and (g, h) Hilo only split into earlier than 6:00 and later than 18:00 LT (left) and between
6:00 and 18:00 LT (right).
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and Antarctic as a function of the humidity difference across the
inversion is presented in Fig. 14. As expected from the location
in the lower troposphere, the chemical tendencies are zero. The
dynamical (i.e., advective) tendency provides an overwhelming
positive contribution on average to humidity inversions in both
seasons and regions particularly as the humidity inversion gets
stronger. Moist physics contributes a drying effect to humidity
inversions that increases in magnitude with the strength of the
humidity inversion. This effect is stronger for the strong
inversions in winter than it is in summer in both hemispheres.
Turbulence contributes a small moistening that is larger in
summer than in winter in the Arctic. In the Antarctic, turbulence
seems to have very little effect on humidity within inversions.
Interestingly, analysis tendencies are low, producing a slight
drying, but they have more of an effect in the Arctic summer.
This suggests that humidity appears to get too high in humidity
inversions in the Arctic, especially in summer.
Thus, dynamic, moist physics, and turbulent processes
appear to be the most influential on humidity inversions in
MERRA. The drying by moist physics would occur from
condensation. This can occur within clouds or from cooling the
air enough so that water vapor has to be removed, consistent
with the Clausius–Clapeyron equation. The latter could occur in
temperature inversions, and humidity inversions have long
been recognized to be quite often associated with temperature
inversions in the Arctic (Devasthale et al., 2011; Sedlar et al.,
2011; Vihma et al., 2011; Nygård et al., 2013a, 2013b).
Furthermore, specific humidity increasing with height would
be consistent with the Clausius–Clapeyron equation within an
increasing temperature profile (Nygård et al., 2013b) if the
relative humidity is 100% with respect to ice. This is often the
case near-surface in the Arctic (Andreas et al., 2002). Temperature inversions are slightly more frequent in Arctic winter
(Serreze et al., 1992, 1995a, 1995b), and this is the season when
humidity inversions are most prevalent (Fig. 7). In MERRA,
humidity inversions are more prevalent when a temperature
inversion is present (not shown). Fig. 15 shows the reanalysis
humidity inversion strength as given by the humidity difference
across the inversion as a function of the potential temperature
difference across the humidity inversion in both polar regions.
For most reanalyses, the humidity inversion is stronger when
there is also a temperature inversion and as the temperature
inversion strengthens. CFSR also has some very strong humidity
inversions for unstable conditions that can even exceed the
strongest humidity inversions for strongly stable conditions.
This tends to occur over the oceans and in summer of both polar
regions, suggesting that CFSR may have an even higher lowlevel moist bias than the other reanalyses.
Humidity inversions have also been recognized to be often
coincident with clouds (Curry, 1986; Devasthale et al, 2011;
Sedlar et al., 2011; Solomon et al., 2011). The annual cycle in
monthly mean ISCCP low cloud amount is more pronounced in
the Arctic (Fig. 7i) with some of the largest cloud amounts
being in summer when humidity inversion strength is at its
peak (Fig. 7c). In contrast in the Antarctic, the annual cycle in
low cloud amount (Fig. 7j) and humidity inversion strength
(Fig. 7d) are both correspondingly small. An example of a
humidity inversion associated with a cloud deck was given by
Solomon et al. (2011) at Barrow, Alaska where the cloud top
was situated in the middle of a humidity inversion in both the
observations and a large eddy simulation. Similar conditions

Eureka (Fig. 13a, b) and Nashville (Fig. 13e, f), all or most of the
observed frequencies occur in the 6:00–18:00 LT period
throughout the year, whereas the reanalyses distribute the
frequency equally between the two periods. The same is also
true at Resolute (not shown). At Durban, the frequency does
not change much with season, with the reanalyses generally
underestimating frequencies in both time periods. Finally, Hilo
is an example where the reanalyses are consistent with the
observed even distribution of humidity inversions throughout
the day (Fig. 13g, h).
A final test on the accuracy of the humidity inversion
frequencies in the reanalyses is shown in Table 2. All reanalyses
have true positives, i.e., when the reanalysis correctly has a
specific humidity inversion, in 38–52% of the total number
of corresponding times with observations. True negatives,
i.e., when the reanalyses and rawinsondes both do not have
specific humidity inversions, occur ~25–30% of these occurrences. So, ERA-40g, ERA-40m, MERRA, CFSR, and ERA-Interim
are correct in having or not having a specific humidity inversion
in their profiles ~75% of the time, while NCEP-2 is correct a little
less frequently. For the remaining percentage, the reanalyses
either have a humidity inversion when it should not (false
positives) or do not have one when it should (false negatives).
The split between these depends on the reanalysis. MERRA has
nearly equal frequencies of false positives and negatives, while
NCEP-2, ERA-40, CFSR, and ERA-Interim have more false
negatives than positives. Furthermore, the vertical and horizontal averaging in ERA-40g has the effect of increasing the
frequency of false negatives and decreasing that of false
positives slightly.
5. Discussion
Given that humidity inversions are quite frequent in the
polar regions and less frequent elsewhere as shown in Section 3,
under what conditions are humidity inversion formation
favorable? Temperature inversions, moist air advection, dry air
advection, differential humidity advection, large-scale subsidence, condensation in the air and at the surface, and turbulence
have all been hypothesized as contributing to the formation or
continuance of polar humidity inversions (Nygård et al., 2013a;
Curry, 1983). In its tavg3_3d_qdt_Cp dataset, MERRA provides
the forecasted moisture tendencies due to dynamics, moist
physics, turbulence, chemistry, and analysis, or the adjustment
made by the assimilation. The average of these quantities over
humidity inversions for winter and summer in both the Arctic

Table 2
The frequency of true positive and negative (when both the reanalysis and the
rawinsonde have or do not have a speciﬁc humidity inversion, respectively)
and false positive and negative (when the reanalysis has a humidity inversion
but the rawinsonde does not or vice versa, respectively) humidity inversion
occurrence relative to the rawinsonde observations for all nine Arctic stations.

	
  

Product

True
positive

True
negative

False
positive

False
negative

NCEP-2
ERA-40g
ERA-40m
MERRA
CFSR
ERA-Interim

38%
43%
46%
52%
49%
46%

30%
29%
29%
26%
26%
28%

7%
8%
8%
11%
11%
9%

25%
20%
18%
11%
14%
17%
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Fig. 14. The mean humidity tendencies due to dynamics (“dynamic”), moist physics (“moist”), turbulence (“turbulent”), chemical processes (“chemical”), and
assimilation (“analysis”) for 0.05 g kg−1 bins of the humidity difference across humidity inversions (Δq) in the Arctic (top row, latitudes poleward of 60°N) and
Antarctic (bottom row, latitudes poleward of 45°S) in local winter (left column) and summer (right column).

Fig. 15. The mean humidity difference across humidity inversions (Δq) in the Arctic (top row, latitudes poleward of 60°N) and Antarctic (bottom row, latitudes
poleward of 45°S) for 2-K bins of potential temperature difference across humidity inversions (Δθ) in local winter (left column) and summer (right column).
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in the Arctic (Sverdrup, 1933; Robinson and Ludwig, 1966;
Andreas et al., 2002). Curry (1983) found that falling frozen
precipitation aids in the formation of humidity inversions by
drying out the air as it falls.
Moist air advection, dry air advection, or differential
humidity advection has been hypothesized as contributing to
the formation or maintenance of humidity inversions (Nygård
et al., 2013a). Devasthale et al. (2011) hypothesized that the
increased stability of the temperature inversion would further
focus moist air advection to the top or near the top of the
inversion. Nygård et al. (2013a) suggested that differential
humidity advection, i.e., moist air advection at or near the top of
the inversion versus dry air advection, may be important. An
example of the vertical profiles of the horizontal advective
humidity fluxes (−u Δq|x for the zonal direction, thick red
lines, and −v Δq|y for the meridional direction, thick blue lines,
where u and v are the horizontal wind speeds in the respective
directions and Δq|x and Δq|y are the horizontal humidity
differences in those respective directions) from MERRA is
given in Fig. 16 for five of the Arctic locations in Table 1. The
mean humidity inversion bottom (solid red line across) and top
(dashed red line across) at each site are also indicated in Fig. 16.
Moist air advection at or near the inversion top would be
indicated by a positive advective flux there, and this is evident
at several locations (in zonal flux at Scoresbysund, Fig. 16a; in
zonal flux at Barrow, Fig. 16b; in both fluxes at Kotzebue,
Fig. 16c; and in meridional flux at Cambridge Bay, Fig. 16e).
However, the highest meridional moist air advection occurs at
the bottom of the mean humidity advection at Eureka in
January (Fig. 16d) opposite to the dry air advection required by
Nygård et al. (2013a). In July, there are increases in zonal
humidity advection from negative to near-zero or positive
across the humidity inversion only occurring at two locations
(Barrow, Fig. 16g; Kotzebue, Fig. 16h). The moist advection is
higher in the meridional direction and tends to decrease across
the mean humidity inversion. These results may be affected by
the combination of humidity inversions at multiple layers, so it
is inconclusive whether local humidity advection plays as much
of a role in humidity inversions as previously believed.
However, differential humidity advection may play a larger
role in the Antarctic, especially at the coastal locations (not
shown). This is not surprising considering the strong dry
katabatic winds that often occur there (Nygård et al., 2013a).
Local humidity advection may not have as much of a role in
humidity inversions, and it may be regional humidity convergence that might be more important, particularly in summer.
This can be quantified by the column integrated horizontal
humidity flux across a certain latitude like 60°N for the Arctic.
Groves and Francis (2002), deriving such humidity fluxes from
satellite-based moisture profiles combined with NCEP-1 winds,
noted a net column-integrated (below 300 hPa) moisture flux
between November and March into the Arctic mostly from the
North Atlantic into Siberia and out through the Canadian
Archipelago. The highest fluxes, though, occurred in boreal
summer. An earlier study by Cullather et al. (2000) found
similar summer maximum fluxes into the region using
reanalysis data from ERA-40 and NCEP-1. Fig. 17 shows the
mean annual cycle in total column integrated horizontal
humidity flux from the MERRA dataset tavg1_2d_int_Nx across
60°N and 45°S. The Arctic annual humidity flux cycle here is
comparable to that implied from the difference between

were also documented by Sedlar and Tjernström (2009) and
Sedlar et al. (2011). In MERRA for 1994–2001 for instances of
humidity inversions coinciding with a cloud over the Arctic
when the surface pressure is above 1000 hPa (poleward of
60°N), the median cloud top (912.5 hPa) lies between the
humidity inversion bottom (975.0 hPa) and top (900.0 hPa) in
winter (December–February). This is also true in summer
(June–August) with the three values being 887.5, 925.0, and
875.0 hPa, respectively.
Cloud-top humidity inversions that were reported by Sedlar
and Tjernström (2009), Solomon et al. (2011), and Sedlar et al.
(2011) were also coincident with a temperature inversion.
Temperature inversions are indeed prevalent throughout the
Arctic (Sverdrup, 1933; Kahl, 1990; Serreze et al., 1992), and
humidity inversions are usually coincident with thermal
inversions in both polar regions (not shown). Temperature
inversions are prevalent throughout the year in the Arctic.
However, surface-based inversions were found to be slightly
more prevalent in winter and above-surface inversions more
prevalent in summer during the Surface Heat Budget in the
Arctic (SHEBA) experiment (Tjernström and Graversen, 2009).
Polar humidity inversions may also follow this pattern. For
example in MERRA during the winters of 1994–2001, the
median humidity inversion top is lower when there is no cloud
present (925.0 hPa) than when cloud is present (900.0 hPa)
over the low-elevation Arctic (when the surface lies below
1000 hPa poleward of 60°N). This is also true over the Southern
Ocean (poleward of 45°S) with the corresponding values being
825.0 and 750.0 hPa, respectively. These results suggest that
the humidity inversions tend to be closer to the surface when
clouds are less frequent in winter.
Thus, there appears to be two different humidity inversion
regimes in the polar regions. The first is surface-based humidity
inversions tied to surface-based temperature inversions. As the
surface cools in the development of a surface temperature
inversion, the humidity has to decrease adiabatically because
the air cannot hold as much water vapor as it cools (Devasthale
et al., 2011). This type of humidity inversion would be more
prevalent in winter because of the prevalence of temperature
inversions from the radiative cooling at the surface during the
polar night. As clouds become more prevalent going into the
summer melt season, a second regime in which humidity
inversions capping clouds becomes more dominant. These are
also coincidental with temperature inversions near the cloud
top. Vowinckel and Orvig (1966) found that near-surface
thermal inversions are more prevalent in winter when surface
radiative cooling is dominant and upper level inversions are
more prevalent in summer when clouds are more prevalent.
However, cloud-topped temperature inversions are not necessarily absent in winter. Tjernström and Graversen (2009) found
that, during SHEBA, about half of winter temperature inversions were surface-based with the remaining similar to the
summer elevated inversions but at a lower height. These winter
inversions rapidly moved between these two regimes.
For cloud-topped humidity inversions, Solomon et al.
(2011) found from large eddy simulations that the downward
flux of humidity inferred from the humidity inversion helps
maintain stratus by keeping the cloud top air saturated even in
the presence of entrainment. Downward moisture flux is also
associated with surface-based inversions. This may explain the
high frequency of hoarfrost, fog, and “diamond dust” observed
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Fig. 16. Climatological mean January (left column) and July (right column) profiles of advective flux of specific humidity (−u Δq|x for the zonal direction, thick red lines,
and −v Δq|y for the meridional direction, thick blue lines, where u and v are the horizontal wind speeds in the respective directions and Δq|x and Δq|y are the horizontal
humidity differences in those respective directions) for 1994–2001 from MERRA at (a, f) Scoresbysund, (b, g) Barrow, (c, h) Kotzebue, (d, i) Eureka, and (e, j) Cambridge
Bay. The mean humidity inversion bottom and top at each site are also indicated as the solid and dashed red lines, respectively, across.
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cloud tops fall in the middle of the humidity inversions in the
northeast Pacific like in the Arctic, and the humidity inversions
lie wholly within the cloud in the northeast Atlantic.
Some of these contradicting characteristics of the subtropical
stratus humidity inversions may be due to the reanalyses likely
producing too many inversions outside of the polar regions. For
the six mid-latitude sites in Fig. 12, the reanalysis performance
varies from location to location as the reanalyses produce
reasonable annual cycles at three sites and unreasonable annual
cycles at the other three sites. At one of these sites, San
Clemente Island, Table 4 presents the frequencies of true and
false positives and negatives in the reanalyses for 1994–2001
similar to what is presented in Table 2 for the Arctic. Most of the
reanalyses correctly have many more true negative occurrences
of humidity inversions than of true positive. However as
suggested by Fig. 12d, there is a large amount of false positives.
The effect of vertical and horizontal averaging is to increase the
frequency of true negatives slightly by decreasing that of false
positives, while the true positive frequency is reduced by
increasing the false negative frequency.

regional mean precipitation and evaporation in Cullather and
Bosilovich (2011). Most of this flux is due to transient eddies, or
cyclones (Tietäväinen and Vihma, 2008; Jakobson and Vihma,
2010). Comparing this with the annual cycle in humidity
inversion strength (Fig. 7c, d), the maximum humidity fluxes
into the two polar regions correspond to the same months in
which humidity inversions are the strongest (Fig. 17). The
increased regional humidity fluxes provide more moisture for
cloud formation which is also more frequent (Fig. 7i, j). In the
Arctic in particular, the increased cloud cover occurs during the
melt season. The increased melt pond and open water coverage
during this season is also an additional moisture source to the
atmosphere.
Humidity inversions elsewhere likely play some different
roles from those in the polar regions. Similar to surface-based
inversions in the Arctic regions, they probably affect the
development and propagation of radiation fog events (Liu
et al., 2010). Unlike in the Arctic, Paluch et al. (1999) found that
radiational cooling is reduced from the top of eastern equatorial
Pacific clouds that were topped by humidity inversions. This is
similar to the “q-reversals” that Kloesel and Albrecht (1989)
found from observations of suppressed convective activity in
the Tropics. These “q-reversals” were layers of increased
specific humidity above a drier layer right above the top of
the atmospheric boundary layer. These layers were hypothesized to have been derived from deep convective detrainment.
Similarly, the higher specific humidity observed by Paluch et al.
(1999) over eastern equatorial Pacific cloud-topped boundary
layers was found to have originated from deep convection over
the South American continent (Fuelberg et al., 1999). Table 3
presents the median humidity inversion tops and bottoms in
MERRA for inversions coincident with clouds along with the
median cloud tops for all four subtropical stratus regions
presented in Fig. 7. Over the southeast Pacific and Atlantic,
the humidity inversions do lie wholly above the cloud top like
the “q-reversals” in Kloesel and Albrecht (1989). However, the

6. Conclusions
We have documented the occurrence of humidity inversions, or layers in which specific humidity increases with height
instead of decreasing, in five reanalyses (NCEP-2, ERA-40,
MERRA, CFSR, and ERA-Interim), presenting the climatology of
these occurrences and of their characteristics in the form of
inversion strength, inversion base, and inversion thickness. In
the Arctic, humidity inversions are the most prevalent in boreal
winter, while the strongest inversions are in the summer melt
season (Fig. 7) similar to what Devasthale et al. (2011) found
for clear-sky Atmospheric Infrared Sounder (AIRS) satellite data
for the Arctic. We have further shown that these five reanalyses
produce humidity inversions in the Antarctic and in some other
regions, most notably over the subtropical stratus regions. Even
though Serreze et al. (2012) found that reanalyses had difficulty
in producing humidity inversions over the Arctic, we find that

Table 3
Median humidity inversion bottom and top and cloud top for instances of
humidity inversions occurring with clouds over each of the subtropical stratus
regions in Fig. 7. Winter here in the Northern Hemisphere is December–January
and is July–August in the Southern Hemisphere and vice versa for summer.

Fig. 17. The 1981–2000 mean annual cycle in MERRA tavg1_2d_int_Nx total
column integrated specific humidity flux into the Arctic (across 60°N) and the
Antarctic (across 45°S).
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Season

Winter

Summer

NE Paciﬁc
Inversion top
Cloud top
Inversion bottom

750.0 hPa
837.5 hPa
850.0 hPa

775.0 hPa
862.5 hPa
875.0 hPa

NE Atlantic
Inversion top
Cloud top
Inversion bottom

775.0 hPa
737.5 hPa
850.0 hPa

750.0 hPa
837.5 hPa
850.0 hPa

SE Paciﬁc
Inversion top
Cloud top
Inversion bottom

750.0 hPa
862.5 hPa
825.0 hPa

725.0 hPa
837.5 hPa
775.0 hPa

SE Atlantic
Inversion top
Cloud top
Inversion bottom

800.0 hPa
887.5 hPa
875.0 hPa

775.0 hPa
862.5 hPa
850.0 hPa
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regions (Fig. 17) are coincident with the season when humidity
inversions are strongest (Fig. 7).
Moist physical processes can occur within clouds or from
condensation due to cooling air until it gets saturated such as
what may happen in temperature inversions. In the polar
regions, humidity inversions are indeed more prevalent in the
presence of a temperature inversion and becoming stronger as
the temperature inversion becomes stronger (Fig. 15). However,
the strongest humidity inversions occur in the summer melt
season when clouds are the most prevalent (Fig. 7). The median
summertime cloud tops are located within humidity inversions,
creating a way to prevent the evaporation of cloud water by
entrainment from the top (Solomon et al., 2011; Sedlar et al.,
2011). This explains why stratus clouds are so prevalent in the
polar regions during the summer melt season. In the winter, the
humidity inversions tend to be lower, or in other words, surfacebased. These humidity inversions are caused by the removal
of moisture that is required when the surface is cooled to form
a temperature inversion. This may help to explain why the
surface is almost always near saturation with respect to ice in
the Arctic (Andreas et al., 2002) leading to a high frequency of
hoarfrost, fog, and “diamond dust” (Sverdrup, 1933; Robinson
and Ludwig, 1966; Curry, 1983; Andreas et al., 2002).
Outside of the polar regions, humidity inversions are still
possible but less frequent and weaker (Fig. 8). In some regions,
humidity inversions are tied to surface-based temperature
inversions playing a role in the production and propagation of
radiative fog events (Liu et al., 2010). Elsewhere, humidity
inversions exist above clouds similar to what happens in the
polar regions but may play different roles there than in the polar
regions.
The work presented here helps put previous hypotheses,
particularly those made for Arctic humidity inversions, into
context. Still, some questions remain. For instance, why do a
small amount of humidity inversions in the polar regions still
exist even when there is no temperature inversion present?
Also, polar humidity inversions are unaffected by the phase of
the Southern or Northern Annual Modes (not shown), even
though one would expect so given the higher humidity fluxes
into the polar regions during positive phases (Tietäväinen and
Vihma, 2008; Jakobson and Vihma, 2010). Even though the
reanalyses tend to form too many humidity inversions outside
of the polar regions, they have been observed to form from time
to time (e.g., Liu et al., 2002, 2010; Jiang et al., 2012). Back
trajectory analysis of observed events would be extremely
helpful here.
Reanalyses can be useful in further investigating this
phenomenon even though their realization of humidity inversions may be problematic as discussed here and in Serreze et al.
(2012). As seen here, averaging tends to wash out humidity
inversions. Humidity inversions are the least robust in the
climatological means. Also, horizontal resolution is important in
not washing out humidity inversions, especially over high
terrain. Furthermore, vertical resolution affects the realization of
inversion statistics such as location and thickness. Thus, the
current generation of reanalyses (MERRA, ERA-Interim, and
CFSR) with this higher spatial resolution would be more useful
in this regard. If process studies are warranted, MERRA includes
a myriad of additional quantities such as tendencies from
dynamics and various parameterized processes and vertical
integrals of fluxes which no other reanalysis includes so far.

Table 4
Same as Table 2 except at San Clemente Island.
Product

True
positive

True
negative

False
positive

False
negative

NCEP-2
ERA-40g
ERA-40m
MERRA
CFSR
ERA-Interim

3%
2%
3%
4%
4%
2%

64%
76%
72%
55%
58%
74%

28%
16%
20%
37%
34%
18%

6%
6%
5%
4%
4%
6%

humidity inversions still appear in 100% of the January (July)
monthly means in a large portion of the north (some of the
south) polar region and in excess of 60% of the January (July)
monthly means in most of the subtropical stratus regions of the
Northern (Southern) Hemisphere (Fig. 3). There are some
discrepancies between the reanalyses and rawinsonde observations at select sites in the Arctic (Fig. 10), Antarctic (Fig. 11),
and mid-latitudes (Fig. 12). Since reanalyses provide data more
than twice a day, we were able to compare the diurnal cycle of
humidity inversions in the reanalyses to the rawinsonde
observations here. Such a comparison reveals that the diurnal
cycle is not captured correctly by reanalyses at some sites
(Fig. 13).
Such discrepancies between reanalysis and rawinsonde
observations in the polar regions might be due to a lack of
rawinsonde data in these regions to constrain the model profiles.
This may be especially true for NCEP-2 for which, as Groves and
Francis (2002) pointed out, “moisture retrievals from NOAA's
operational TOVS processing system are not assimilated into the
NCEP reanalysis over the Arctic, according to observation
counts.” If so, the NCEP-2 humidity profiles in this region are
actually those of the model and would suffer from the effects of
model error. Such model error could arise from the model
physics, i.e., the parameterizations of small-scale processes such
as boundary layer turbulence and clouds. Furthermore, differences in weighting of the various observations and satellite
measurements assimilated may also explain some of the
differences in realization of humidity inversions between the
reanalyses. Also as seen in the comparison of the three different
versions of ERA-40, horizontal and vertical resolutions can
impact somewhat how the humidity inversions are realized in a
reanalysis. This appears to be most problematic in areas of steep
topographic gradients and high topography such as over
Antarctica (Figs. 4 and 11).
The use of reanalysis here allows for the investigation of
the roles of various processes in the production of humidity
inversions. MERRA provides humidity tendencies due to various
processes including dynamics (i.e., advection), moist physics,
turbulence, chemistry, and analysis (i.e., assimilation). Based on
the mean tendencies across humidity inversions in the polar
regions, dynamics, turbulence, and moist physics are the most
important (Fig. 14). Dynamics and turbulence moisten humidity inversions, while moist physics dries inversions. Moist
advection, dry advection, and differential advection are a few
dynamical processes proposed as being influential in triggering
or maintaining humidity inversions (Nygård et al., 2013a).
Based on mean profiles of advective fluxes of specific humidity
(Fig. 16), it is inconclusive whether local advection plays such a
strong role in the Arctic, but regional moisture convergence may
be more important. The largest humidity fluxes into both polar
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Abstract
One of the recognized weaknesses of land surface models as used in weather and
climate models is the assumption of constant soil thickness due to the lack of global
estimates of bedrock depth. Using a 30 arcsecond global dataset for the thickness of
relatively porous, unconsolidated sediments over bedrock, spatial variation in soil
thickness is included here in version 4.5 of the Community Land Model (CLM4.5). The
number of soil layers for each grid cell is determined from the average soil depth for each
0.9° latitude × 1.25° longitude grid cell. Including variable soil thickness affects the
simulations most in regions with shallow bedrock corresponding predominantly to areas
of mountainous terrain. The greatest changes are to baseflow, with the annual minimum
generally occurring earlier, while smaller changes are seen in surface fluxes like latent
heat flux and surface runoff in which only the annual cycle amplitude is increased. These
changes are tied to soil moisture changes which are most substantial in locations with
shallow bedrock. Total water storage (TWS) anomalies do not change much over most
river basins around the globe, since most basins contain mostly deep soils. However, it
was found that TWS anomalies substantially differ for a river basin with more
mountainous terrain. Additionally, the annual cycle in soil temperature are affected by
including realistic soil thicknesses due to changes to heat capacity and thermal
conductivity.

	
  

101

1. Introduction
Land surface models (LSMs) are utilized by general circulation models (GCMs)
to represent land surface processes, primarily for the purpose of modeling of landatmosphere interactions as represented by energy and water fluxes across the landatmosphere interface. When coupled to river transport models (RTMs), LSMs can also
represent the transport of water from land back to the ocean. Accurate modeling of soil
moisture is a prerequisite for a good representation of land-atmosphere interactions and
surface runoff (Liang et al. 2003). Both of these require an accurate representation of
groundwater. Gravity and capillary forces create water fluxes between the unsaturated
soil and groundwater (Niu et al. 2007). Thus, a shallow water table would have more of
an effect on the soil moisture profile than a deep one (Chen and Hu 2004). Shallow water
tables also provide water for evapotranspiration and are more likely to result in runoff
from saturation excess (Gutowski et al. 2002, York et al. 2002, Liang et al. 2003, Chen
and Hu 2004). In fact, runoff was found to be more related to water table depth than to
precipitation (Eltahir and Yeh 1999). Additionally, shallow water tables have been
shown to impede drainage creating wetlands in regions unaffected by seasonal flooding
(Miguez-Macho and Fan 2012). Fan et al. (2013) found that 22-32% of land globally is
affected by shallow groundwater. Groundwater provides a source of water for
evapotranspiration even during dry seasons or drought conditions (Yeh et al. 1998,
Gutowski et al. 2002, Miguez-Macho and Fan 2012). In fact, some plants are highly
reliant on groundwater (Orellana et al. 2012, Rosatto et al. 2012). Roots have been
documented down to ~18 m in the Amazon (Nepstad et al. 1994) and even deeper
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elsewhere (Canadell et al. 1996). Fan et al. (2013) estimated that the water table was
high enough to be used by plants in between 7 and 17% of global land.
A widespread practice to model groundwater is to implement a model to represent
the groundwater which interacts with a soil moisture column of constant depth globally.
Some models (e.g., Gutowski et al. 2002, York et al. 2002) explicitly model the threedimensional flow of groundwater, but these are computationally expensive to implement
into GCMs (York et al. 2002). These have largely been implemented into regional
models with finer horizontal resolution, since horizontal transport is more important at
these smaller scales (York et al. 2002, Yeh and Eltahir 2005). Others implement a
simplified one- (e.g., Liang et al. 2003, Niu et al. 2007, Yeh and Eltahir 2005, Koirala et
al. 2014) or two-dimensional (e.g.,Miguez-Macho et al. 2007) representation of
groundwater. One of these simpler representations (Niu et al. 2007) is currently included
in the Community Land Model version 4.5 (CLM4.5, Oleson et al. 2015). It is connected
to a soil column of constant depth of 3.8 m. Within the soil column, soil moisture is
found using the revised Richards equation of Zeng and Decker (2009). This revision
allows the soil moisture based version of the Richards equation to be used under saturated
conditions as would be found when the water table lies within the soil column, so that a
separate groundwater model may not be necessary. Decker and Zeng (2009) suggested
that the separation of soil moisture processes and groundwater is unrealistic and
physically unjustified and further showed how this revision of the Richards equation
(with the groundwater model removed) improved CLM3.5. Still, the thickness of the soil
column was held constant at ~3.5 m.
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However, soil thickness varies from region to region. Uplands tend to have
shallow soil thicknesses, while lowlands have deeper soils. In uplands, soil depths vary
from slope to slope due to differences between rates of soil production and erosion,
which depend on terrain slope, climate, and rock type (Pelletier and Rasmussen 2009). In
principle, variable soil thickness in LSMs should make the models more realistic, but
implementation has been impractical due to a lack of global estimates of bedrock depth.
Instead, localized estimates have been more prevalent. For instance, Dietrich et al.
(1995), Roering (1998), Pelletier and Rasmussen (2009), and Tesfa et al. (2009)
developed geomorphically-based soil depth models, applying them to upland basins.
Including variations in soil thickness is an important next step in LSM evolution.
Soil thickness is the main determinant of hydrologic response in upland watersheds, since
thin soils are more likely to produce surface runoff than thicker soils which can store
more water (Pelletier and Rasmussen 2009). Soil depth has been shown to control
infiltration rates in a desert basin in Nevada (Woolhiser et al. 2006). When the soil
column thickness was reduced to realistic values in the Noah LSM for selected locations
in the mountains of semi-arid northwest Mexico, there was more variation in simulated
half-hourly latent heat fluxes over the summer (Gochis et al. 2010). However, soil
thickness may not have a large impact on model simulations in all regions or in all model
configurations, as Gulden et al. (2007) showed that a deeper soil column containing 30
layers is equally adept at representing column total water storage in Illinois as the 10layer CLM coupled with the unconfined aquifer model..
The use of variable soil thickness in LSMs has been hampered by the lack of any
global estimate of such a quantity. Building upon the partial success of previous
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localized attempts at soil depth generation, Pelletier et al. (2015, manuscript under
preparation) have developed a 30 arcsecond (~1 km) global dataset of the thickness of
relatively porous, unconsolidated sediments over bedrock (essentially soil thickness)
based on topographic, geologic, and climate data. Separate models for upland hillslopes
and valley bottoms/lowlands are utilized. Globally, lowlands are determined from
geologic data and topographic criteria. Lowland soil thickness is simply predicted using
a model that is based on topographic curvature that is calibrated with high-density well
data from four U.S. states. Valley bottoms that exist in upland landscapes are determined
using topographic analysis (Pelletier 2013), and the thickness of soil/alluvium for a
particular valley bottom is predicted from the curvature of the valley bottom and the
gradient of the hillslopes flanking the valley. Soil thickness on the remaining upland
hillslopes is then predicted by a geomorphic model that balances soil production with
erosion. It is based on topographic curvature but has parameters that are dependent on
climate, which are calibrated with soil data from the STATSGO database across the
contiguous U.S. (Miller and White 1998). This dataset contains separate soil thickness
estimates for uplands and lowlands along with the fraction of lowland/upland within each
30 arcsecond pixel.
The previous small-scale studies motivate us to investigate what would happen
when global soil depth is implemented into an LSM. We hypothesize that the LSM
would be more sensitive to a variable soil thickness in places where bedrock is shallow
like in Gochis et al. (2010), but simulations with deep bedrock would be similar to what
would be produced with a groundwater model as what Gulden et al. (2007) found. Here,
we document the implementation of the global soil thickness into the latest version of
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CLM, CLM4.5. Section 2 describes how groundwater processes are handled currently in
CLM4.5 and the changes that are made here to include variable soil thickness. The
various sensitivity tests carried out to evaluate the performance of variable soil thickness
are explained in Section 3, and the results of these sensitivity tests are given in Section 4.
Finally, these results are summarized and further discussed in Section 5.

2. The model
a.

The current representation of hydrological processes in
CLM4.5
The current configuration of CLM4.5 is shown in the left panel of Fig. 1. It

includes an unconfined aquifer (Niu et al. 2007) that is positioned below a 10-layer soil
column of constant depth of ~3.8 m. A maximum of 5000 mm of water is allowed in the
unconfined aquifer (Oleson et al. 2013). If the unconfined aquifer reaches this maximum,
the water table is allowed to be within the soil column. In this case, a recharge rate is
defined by Darcy’s law:
qrecharge = −kaq

ψ∇ − ψ jwt
	
  ,
z∇ − z jwt

(1)

where ψ = 0 is the soil matric potential at the water table depth z , ψjwt is the soil matric
∇

€

∇

potential in the layer above the water table, and zjwt is the depth of the layer above the
water table. Furthermore, kaq is a hydraulic conductivity of recharge that is based upon
the hydraulic conductivity of the layer which contains the water table depth (jwt + 1) such
that kaq = Θice, jwt+1 k(zjwt+1) with Θice, jwt+1 being an ice impedence factor for that layer such
that:
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log Θice

⎛ N levsoi
⎞
⎜ ∑ Fsat, i Δzi ⎟
⎜ i= jwt
⎟
= −6⎜ N levsoi
⎟ .
⎜ ∑ Δzi ⎟
⎜
⎟
⎝ i= jwt
⎠

(2)

The change in water table depth is based upon how much water is added to the
€

unconfined aquifer by recharge (qrecharge) and how much is removed by drainage (qdrain):
Δz∇ =

qrecharge − qdrain
Δt ,
Sy

(3)

where Δt is the model time step. Sy is the specific yield defined as
€

−1 B ⎤
⎡ ⎛
z∇ ⎞ ⎥
⎢
	
   S y = θ sat 1 − ⎜1+
,
⎟
⎢⎣ ⎝ ψsat ⎠ ⎥⎦

(4)

where θsat and ψsat are the saturated values of volumetric soil moisture and soil matric
€

potential, respectively, and B is the Clapp-Hornberger exponent. The sub-surface
drainage, qdrain, is based upon Niu et al. (2005) with the addition of the ice impedence
factor:
	
   qdrain = Θice qdrain max exp( − fdrain z∇ ) ,

(4)

where qdrain max is a maximum drainage rate based upon the mean grid cell topographic
€

slope β such that qdrain max = 10 sin β and fdrain is a decay factor of 2.5 m-1.
€

In the case of the water table lying below the model soil column, the aquifer water
storage €
is less than 5000 mm, and the recharge rate is based upon a hypothetical soil layer
between the bottom of the explicit soil column and the top of the unconfined aquifer
(Zeng and Decker 2009):

qrecharge =

€

	
  

Δθ liq, N levsoi +1Δz N levsoi +1
Δt

	
  ,

(5)
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where Δθ liq, N levsoi +1 is the change of liquid water content in this hypothetical layer during a
model time step and Δz N levsoi +1 is the difference between the water table depth z and the
∇

€

bottom of the soil column Δz N levsoi . The change in the amount of water in the unconfined
aquifer is

€

€
ΔWa = qrecharge − qdrain Δt .

(

b.
€

)

(6)

How variable soil thickness is accounted for in CLM4.5
To include variable soil depth, the ~1-km soil thicknesses within each 0.9°

latitude × 1.25° longitude resolution are averaged to obtain what we consider to be the
depth-to-bedrock for the determination of how many soil layers are allowed for each grid
cell (Fig. 2a). The same layers from the original version are used except that the number
of layers considered to be soil may be increased or decreased from 10. The depth of the
node for a particular layer i is determined to be

(

zi = 0.025 e

0.5( i−0.5)

)

−1 ,

(7)

and the bottom of that layer is found by:
€

⎪⎧ 0.5( zi + zi+1 ) for i = 1 −14
	
   zbi = ⎨
.
⎪⎩ z14 + 0.5( z15 − z14 ) for i = 15

(8)

The node and bottom interface depths from Eqs. (7) and (8) are given in Table S1. A

€

minimum of five layers and a maximum of 14 layers are allowed. The number of soil
layers for a particular grid cell within that range is determined based upon where the 0.9°
× 1.25° depth-to-bedrock happens to fall. If the bedrock depth falls above the middle of a
particular layer N, then the model bedrock depth is put at the top of that layer, and there
are N – 1 soil layers. If the bedrock depth falls at or below the middle of layer N, the
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model bedrock depth is placed at the bottom of that layer, and there are N layers. Figure
2b shows the number of soil layers allowed in CLM4.5 with variable soil depth globally.
As the number of soil layers at each land grid cell extends to effectively bedrock,
it is no longer necessary to include an artificial unconfined aquifer below the soil column;
therefore, we remove it. Instead, a water table only exists if any of the soil layers become
fully or partially saturated (Fig. 1, right). In such a case, recharge is defined as in Eq. (1),
and the water table depth changes according to Eq. (3) with a limit that it cannot be
deeper than the bottom of the last soil layer allowed (i.e., the model bedrock depth). An
assumption of equilibrium in that bottom soil layer is made so as to determine when
water table depth can be above model bedrock depth (see Section S1). A zero bottom
flux boundary is currently assumed, which allows no water to flow into bedrock, but
future versions could allow a flow of water into the bedrock if the bedrock porosity and
hydraulic conductivity are known. Also, maximum baseflow is determined as in Eq. (4),
but the total baseflow cannot exceed only be that fraction that can be removed from the
saturated storage of the soil column.
If a particular soil column has less than the default 10 layers, then the root
fractions (Zeng 2001) used in the determination of how much water is removed from
each layer by transpiration need to be adjusted. The original root fractions within the
number of layers allowed are normalized by the sum of the root fractions calculated for
the original 10 layers. For grid cells with 10 or more layers, the root distribution is
unchanged, and no roots are allowed in any layer below the tenth soil layer. As the focus
of this paper is on the effects of variable soil thickness and not on vegetation, we do this
to keep the model as similar to the CLM4.5 release as possible. However, deep roots
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have been observed in places like the Amazon (Nepstad et al. 1994, Zeng et al. 1998) and
may play more of a role in arid and semi-arid environments (Canadell et al. 1996). The
root fraction distribution might need to be adjusted to account for the possibility of these
deep roots in the future. While we ignore the effects of deep roots for now, we perform a
sensitivity test of the effect of this assumption that is shown in Section 5.
If there are less than 10 layers within a soil column, surface runoff also must be
adjusted, since it depends on water table depth:
qover = f max e −0.5 f over qliq,0

(8)

where qliq, 0 is the flux of water coming from above the soil, fover is a decay factor set to
€

0.5 m-1, and fmax is the maximum fraction of surface water flux capable of running off if
the water table is at the surface (z = 0). In our new version with variable soil thickness,
∇

water table depth cannot exceed the model bedrock depth, because it has no meaning
below that. For shallow soil thicknesses, this constrained z would be too close to the
∇

surface, leading to an overestimation of surface runoff. Therefore in our adapted version,
we adjust fover so that the exponent will be near 0 at the model bedrock depth by
increasing it such that
	
   fover = 0.5 ×

3.8 m
zbot

(9)

where zbot is the model bedrock depth.

€

3. Sensitivity tests
The principal runs performed here are the unaltered CLM4.5 (referred to as
CLM4.5), VAR with the changes to include variable soil depth as described above, and
DEEP using the same framework as for VAR but with a constant 14 soil layers globally

	
  

110

(down to a depth of ~28.25 m). In other words, model bedrock depth is at the bottom of
the 14th layer everywhere in DEEP allowing the simulation of the unconfined aquifer
within the soil column and not by the Niu et al. (2007) formulation if the water table is
below the bottom of the 10th soil layer in CLM4.5. This last run is performed to illustrate
how much of the differences in VAR relative to CLM4.5 are contributed to by the change
in the bottom boundary condition of removing the aquifer model and replacing it with
zero flux at the bottom interface.
All simulations are run uncoupled to the atmosphere using the Qian et al. (2006)
forcing data with satellite phenology of prescribed vegetation characteristics as derived
from MODIS. We found that VAR with its deep soil profiles in some grid cells needed
about 200 years for the soil moisture and water table to spin up to equilibrium. We spin
up all the runs, using repeated Qian et al. (2006) meteorological forcing for 1948-2004.
Then, we use the same forcing to perform 50-year simulations for each experiment.
These final runs are what are analyzed in the following sections, focusing mostly on the
20 years corresponding to 1978-1997 unless otherwise noted.
To illustrate differences between the simulations, we analyze standard statistics
like means and root mean square differences (RMSDs). We also analyze mean annual
ranges (MARs) with a focus on both the differences in MAR between simulations and the
MAR of the differences between simulations. The former would be 0 if there is no
amplitude difference in the mean annual cycles of the two runs and is not affected by the
phase shift. However, the latter is affected by both phase shifts in the annual cycle and
amplitude changes.
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Also shown in Section 4.3 are the simulated monthly mean total water storage
(TWS) anomalies from the simulations compared with those from the Gravity Recovery
and Climate Experiment (GRACE) observations. GRACE-derived anomalies based on
spherical harmonics from three groups (Chen et al. 2005, Swenson and Lahr 2006,
Landerer and Swenson 2012) downloaded from http://grace.jpl.nasa.gov are used to
represent data uncertainty. For CLM4.5, TWS is considered to be the sum of the water
stored in the unconfined aquifer below the soil column and the integrated water within
the soil column. In DEEP and VAR, it is just the integrated water in the soil column
since the aquifer does not exist below the soil column in these simulations. All anomalies
are computed from the 2002-2004 means.

4. Results
a.

Changes to the mean and interannual variability
Generally, seasonal means in DEEP surface runoff is only slightly changed

compared to CLM4.5 (Figs. 3c; S1c). Therefore, the change in bottom boundary
condition by removing the unconfined aquifer model has little effect on surface runoff.
On the other hand, baseflow can be quite strongly affected by the bottom boundary
change in some regions and varying by season as shown in Figs. 3d and S1d. The
reduction of soil layers in VAR compared to DEEP in certain areas such as parts of
eastern Siberia, southern China, and northwestern North America has more of an impact
on surface runoff as represented by the difference between VAR and DEEP (Figs. 3e;
S1e) and also impacts baseflow quite substantially in some of these same regions (Figs.
3f; S1f).
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Interannual variability in surface runoff and baseflow is also affected in VAR.
Figure 4a,b presents the median RMSDs of annual mean surface runoff and baseflow
between VAR and CLM4.5 for various bins of mean annual range in total precipitation as
a function of the number of soil layers used in VAR. The interannual variability of VAR
surface runoff and baseflow is higher at locations where the number of soil layers is the
same or less than in CLM4.5 and where there is a higher mean annual range in
precipitation (Fig. 4a,b). There is also elevated interannual variability of baseflow at
some deep bedrock grid cells (number of soil layers > 10) if the annual range in rainfall is
high enough (Fig. 4b). Comparing this to the median RMSDs between DEEP and
CLM4.5, some of the higher variability in baseflow can be explained by the change in
bottom boundary especially for the extended soil columns (Fig. 4b,d), whereas very little
of the change in variability in surface runoff can be explained by this (Fig. 4a,c). The
median RMSDs between VAR and DEEP (Fig. S2) look similar to those between VAR
and CLM4.5 for shallow soil columns (i.e., number of soil layers ≤ 10) (Fig. 4a,b),
confirming that the change in interannual variability from CLM4.5 to VAR is due to the
reduction of the number of soil layers when the model bedrock is shallow.

b.

Changes in the mean annual cycle
Figure 5 explores the changes in mean annual cycle by looking at the mean annual

range (MAR) of the difference in the quantities surface runoff and baseflow between two
runs (i.e., MAR(DEEP – CLM4.5), MAR(VAR – CLM4.5), or MAR(VAR – DEEP)).
Median MAR(DEEP - CLM4.5) of surface runoff is ~0.07 mm day-1 where there are
more than six soil layers in VAR. Median MAR(VAR – CLM4.5) is similar to
MAR(DEEP – CLM4.5) where the number of soil layers in VAR is greater than 10,

	
  

113

while MAR(VAR – CLM4.5) is higher than that of MAR(DEEP – CLM4.5) where the
number of soil layers is not changed or decreased in VAR (Fig. 5a). This suggests that
the change in the mean annual cycle is due solely to the change in bottom boundary
where the bedrock is deep (i.e., soil layers increased), whereas VAR adds to the annual
cycle changes where the bedrock is shallow (i.e., soil layers ≤ 10). Similar to surface
runoff, MAR(VAR – CLM4.5) and MAR(DEEP – CLM4.5) in baseflow are similar
where the number of soil layers is greater than 10, but MAR(VAR – CLM4.5) >
MAR(DEEP – CLM4.5) for areas where the bedrock is shallow (Fig. 5b). MAR(DEEP –
VAR) for both surface runoff and baseflow is of a similar magnitude to MAR(VAR –
CLM4.5) for shallow model bedrock but decreases to zero where DEEP and VAR are the
same for 14 soil layers (Fig. 5a,b). This suggests that, where the model soil column is
shallow, the differences between VAR and CLM4.5 is due to or added by the soil column
being shallower than in CLM4.5, whereas most of the change between VAR and CLM4.5
is due to simply the change in bottom boundary condition imposed also in DEEP.
These changes to the mean annual cycle may be best illustrated at select locations
(Table 1). First, we will consider four locations where the number of soil layers is less
than 10 (i.e., shallow model bedrock). The annual cycle in latent heat (LH) flux (not
shown) largely matches that of rainfall (Fig. S3), so that there can be no phase shift in LH
flux in DEEP or VAR. This may not be the case if coupled to an atmospheric model
because of potential feedbacks between LH flux and precipitation. Several studies
(Anyah et al. 2008, Jiang et al. 2009, Leung et al. 2011) have shown changes to LH flux
in response to changes in precipitation caused by the inclusion of groundwater models.
However, there are small changes in the magnitude of LH flux at some times of the year
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in both DEEP and VAR at all locations except Southeast Africa (not shown). There, LH
flux in DEEP is almost the same as CLM4.5’s, whereas LH flux in VAR is as much as
~12 W m-2 lower than DEEP and CLM4.5 (Fig. S4a).
Phase shifts are also not present in surface runoff at these four locations (Figs. 6ac, S4b). DEEP tends to have a slightly smaller MAR at these locations with near-zero
runoff at the Southeast Africa location. On the other hand, VAR generally has a higher
maximum runoff at these locations (Fig. 6a-c) with the largest change in maximum runoff
of ~0.37 mm day-1 occurring in Southeast Africa in February (Fig. S4b). In Eastern
Siberia, CLM4.5 and DEEP both produce peak runoff in late summer or early autumn
with a secondary peak in the snowmelt season in May. DEEP decreases this secondary
peak, but VAR increases it such that May is the month of maximum runoff in this run
while maintaining similar runoff in late summer (Fig. 6b).
There are clear phase shifts in baseflow to earlier maximums in VAR at some
locations (Fig. 6d-f). In the Yukon, DEEP reduces baseflow from CLM4.5, and VAR
shifts it earlier (Fig. 6d). On the other hand, South China baseflow is first increased by
the bottom boundary condition change (i.e., DEEP) and then shifted earlier by variable
soil thickness (i.e., VAR) (Fig. 6e).
Infiltration (solid lines) and snowmelt (dashed lines) from the three runs are
compared in the bottom row of Fig. 6. DEEP produces similar snowmelt and infiltration
to CLM4.5 at all locations. On the other hand, the springtime peaks in surface runoff
(Fig. 6a) and infiltration (Fig. 6g) are due to snowmelt in the Yukon. In the Yukon,
snowmelt in VAR is reduced in April and enhanced in May, suggesting a delay in
snowmelt with variable soil thickness. The increases in VAR surface runoff at all
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locations result in reduced infiltration, whereas DEEP infiltration is similar to CLM4.5’s,
especially in Eastern Siberia and South China. This suggests that the change in bottom
boundary conditions has little effect on these quantities, but variable soil thickness does.
These changes to the water fluxes in the experimental simulations are clearly
evidence or a result of soil moisture changes. The change in soil moisture (θ) in VAR
relative to CLM4.5 for these four locations is shown in Fig. 7a-d, and the corresponding
change in the saturation fraction (θ/θsat where θsat is soil porosity determined based on the
soil texture which is not uniform throughout the column) is presented in Fig. 7g-j. Soil
moisture and saturation fraction are very much affected at these locations with shallow
bedrock in VAR (Fig. 7a-d,g-j), but the annual cycle of soil moisture changes depends on
location. In the Yukon (Fig. 7a,g), the soil column generally becomes wetter in the VAR
simulation. On the other hand, in Siberia (Fig. 7b,h), the soil column generally becomes
drier. Both locations have similar annual rainfall, but snowfall is less in Siberia than in
the Yukon (Fig. S3a,b). The lower snowfall in Siberia results in lower infiltration during
the snowmelt season which is further reduced in VAR (Fig. 6h), drying out the soil
column in that run. For South China (Fig. S3c), where there is a higher amplitude of the
annual cycle of rainfall, the soil moisture amplitude is enhanced in VAR (Fig. 7c,i) with a
drier springtime dry tongue and wetter wet tongues throughout the rest of the year. In
South Africa, where there is less rainfall overall (Fig. S3d), the soil column gets drier in
VAR (Fig. 7d,j) due to the decreased infiltration (Fig. S4d) resulting from the increased
surface runoff (Fig. S4b).
Interestingly, the moisture response in DEEP relative to CLM4.5 (Fig. S5) also
depends on location. The soil columns in the Yukon and Eastern Siberia become slightly
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wetter throughout the year in all layers (Fig. S5a,b,g,h), whereas most of the soil column
is changed very little throughout the year in South China and Southeast Africa (Fig.
S5c,d,i,j). Therefore, most of the soil moisture response seen in Fig. 7a-d,g-j is due to the
change in soil thickness as seen in the change in soil moisture in VAR relative to DEEP
(Fig. S6).
The horizontal lines in Fig. 7g-j represent the mean annual cycle in water table
depth (WTD) in CLM4.5 (red), DEEP (green), and VAR (blue). VAR does not produce
an aquifer at any of these locations as represented by the constant WTD at model bedrock
depth, whereas CLM4.5 utilizing the unconfined aquifer model does have a WTD within
model bedrock at these locations (Fig. 7g-j). DEEP with its 14 layers everywhere
generates an aquifer in the Yukon and Southern China as represented by WTDs generated
above the bottom of the 14th layer (< ~28 m) (Fig. 7g,i). On the other hand, it does not
produce one in Eastern Siberia and Southeast Africa, since the DEEP WTDs at these two
locations are at the bottom of the 14th layer (Fig. 7h,j).
At the two deep bedrock locations (Lower Mississippi Valley and Amazon in
Table 1), the mean annual cycles of LH flux and surface runoff from VAR and DEEP are
both very similar to CLM4.5 and, thus, not shown. Baseflow is, however, is more
substantially affected in the sensitivity runs (Fig. 8a,b). VAR and DEEP both produce
similarly slightly higher maximum baseflow in boreal spring and lower minimum
baseflow in boreal autumn at both locations (Fig. 8a,b). While maximum baseflow in the
Lower Mississippi Valley is slightly higher, it is preceded by larger winter baseflows as
much as ~0.3 mm day-1 , and summer baseflows are lower by a similar amount (Fig. 8a).
The higher winter to spring baseflows are the result of more recharge to the aquifer, while
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the lower baseflows in summer and autumn are a result of less recharge to the aquifer
(Fig. 8). Since this appears in both VAR and DEEP, this is likely a result of the change
in the bottom boundary condition at these deep bedrock locations.
Because of the above changes in recharge, WTD at these two locations is slightly
higher at the annual maximum and lower at the minimum. Otherwise, WTD is very
similar in DEEP and VAR to that of CLM4.5 (Fig. 7k,l). Also, the simulated soil
moisture in VAR is very similar to that of CLM4.5 (Fig. 5e,f,k,l), consistent with Gulden
et al. (2007). Since they both have 14 layers at these locations, the soil moisture in DEEP
and VAR are exactly the same, and the difference between the two are not shown.
To illustrate that this interpretation applies globally, Fig. 9 shows the medians of
the change in 1978-1997 MAR and of the change in annual mean soil moisture content in
the topmost five layers (down to ~0.3 m) in VAR from CLM4.5 for various bins in the
mean annual range in rainfall and snowfall as a function of the number of soil layers used
in VAR. These topmost layers are of particular interest because they exist in every grid
cell in VAR and interact most directly with the atmosphere. Figure 9 clearly shows that
the soil moisture is most affected at locations where the number of soil layers is reduced.
Since the change in these quantities in DEEP relative to CLM4.5 is small (not shown),
most of this change is due to the reduction of soil layers used in VAR. Also, how much
rain varies throughout the year has a greater impact on the mean annual cycle in soil
moisture at shallow bedrock locations than does snowfall (Fig. 9a,c).
Figure 10a presents the median WTD difference between VAR and CLM4.5
when WTD is above model bedrock in VAR for various 2 mm day-1 wide bins of mean
annual range of total precipitation. Where the number of soil layers has been increased
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beyond the 10 layers, WTD is less than 0.5 m different from CLM4.5. WTD can be
within the soil column in VAR where the number of layers is 9 or 10 and can be > 5 m
lower (closer to the surface) than in CLM4.5 for nine soil layers. With a model bedrock
depth of ~2.3 m, this means that CLM4.5 with the unconfined aquifer model places WTD
below bedrock. No aquifer develops within the soil column in VAR for any less than
nine soil layers, but one can see how much CLM4.5’s WTDs are below model bedrock in
the WTD difference between VAR and CLM4.5 for instances when there is no aquifer in
VAR in Fig. 10b. CLM4.5 WTDs are below model bedrock in grid cells with 10 or less
soil layers in VAR, being as high as 5 m or more below model bedrock where the soil
column is shallow and the mean annual range of precipitation is small. For soil columns
that have been extended in VAR, the WTD can actually be above the model bedrock in
CLM4.5 when it does not actually develop in VAR as represented by the positive run
differences here (Fig. 10b).

c.

Examples of regional changes
To see how moisture changes on the regional scale, the monthly mean total water

storage (TWS) anomalies from the model runs averaged over nine river basins across the
globe are compared with those derived from GRACE measurements. Considering that a
large fraction of these river basins are located mostly in lowlands with deep bedrock in
the model, it is not surprising that the TWS anomalies are similar between DEEP and
VAR for most river basins and that the difference in these from CLM4.5 is also small
(Fig. 11). However, VAR’s TWS anomalies are dramatically different from CLM4.5’s
and DEEP’s in the Yangtze River basin (Fig. 11f). Mountainous terrain with shallow
model bedrock is included in a large portion of this basin. There are still problems with
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the model annual cycle of TWS such as the timing of peak storage or the lower annual
range in TWS in the Colorado and Arctic basins (Fig. 11d,g,h,i) that the changes to the
model implemented in VAR do not rectify.
Regional responses to rain events are also affected. Examples for rain events
during June-August 1993 in the Southwestern U.S. and Northern Great Plains are given
in Section S2. The former region is more influenced by a decrease in soil column
thickness, since VAR’s uppermost soil moisture is consistently lower than those from
DEEP and CLM4.5. In the Northern Great Plains, DEEP and VAR soil moisture are
slightly higher than CLM4.5 on the day of rainfall), returning to CLM4.5 values within
~4 days (Fig. S8).

d.

The effect on soil temperature
An additional effect of the inclusion of variable soil thickness in VAR is a change

in the annual cycle of soil temperature globally. The mean annual range in soil
temperature in CLM4.5 decreases with depth but still is as large as > 4 K in some regions
in the mid- to high-latitudes at the 12th node (Figs. S9a,b; 12a). In much of the mid- to
high latitudes, the DEEP annual range in Node 12 is reduced by as much as >2 K (Fig.
12b) in these same regions (Fig. 12a). This represents a substantial reduction in the
annual cycle of temperature at this deep layer which intuitively seems more realistic, as
the annual cycle at such a depth is expected to be small.
The difference in mean annual range between VAR and DEEP, representing what
is added by including variable soil thickness, is 0 everywhere the model bedrock is deep
(Fig. 12c). Therefore, VAR retains the reduction in deep soil temperature annual range in
these regions. However, the annual range in the whole column is increased in locations
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where the bedrock is shallower than the original 10 soil layers of CLM4.5 (Figs. 12c;
S9e,f).
In those grid cells with deep bedrock necessitating adding soil layers to the
original 10, the reduction of deep soil temperature annual range is caused by a reduction
in heat capacity from that of granite/sandstone (2.0 × 106 J m-3 K, Shabbir 2000) to that
of soil which varies based on organic matter content and soil texture (Lawrence and
Slater 2008). Thermal conducitivity is also lowered from that of saturated granitic rock
(3.0 W m-1 K-1, Clauser and Huenges 1995) to that of soil (Farouki 1981). Of course, the
opposite occurs in grid cells with shallow bedrock where the number of soil layers is
reduced. Thus, the soil temperature annual cycle is increased throughout the column in
places with shallow model bedrock and reduced substantially in deep soil throughout
much of the mid- to high latitudes where the model bedrock is deep (Figs. S9; 12b,c).

5. Discussion and conclusions
Variable soil thickness based upon a 30 arcsecond dataset of the thickness of
relatively porous, unconsolidated sediments over bedrock (Pelletier et al. 2015,
manuscript in preparation) has been tested in version 4.5 of the Community Land Model
(CLM4.5). Including variable soil thickness affects the model the most in locations with
shallow bedrock (i.e., where the number of soil layers is reduced). The largest impact is
to the mean annual range of the difference in quantities like surface runoff and baseflow
in the simulation with variable soil depth (VAR) and the original version with a constant
10 layers atop an unconfined aquifer (CLM4.5) and in the root mean square difference
between the two simulations representing the interannual variability. Baseflow is also
affected in some grid cells where the number of soil layers actually increases, whereas
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surface quantities like latent heat flux and surface runoff are only substantially changed
where the model bedrock is shallow.
The mean annual range of the simulation differences represents changes in the
amplitude of the annual cycle as well as phase shifts in the annual cycle. There are no
phase shifts in latent heat flux and surface runoff, so changes in these quantities are only
limited to amplitude changes. However, there can be a change in the time of maximum
baseflow in mountainous areas with shallow bedrock.
VAR is compared to a sensitivity run (DEEP) with the same framework as VAR
but with a constant 14 layers everywhere in order to reveal how much the changes in
VAR are due to the change of the bottom boundary conditions implicit with the removal
of the aquifer model. The removal of the unconfined aquifer and the change in bottom
boundary condition to zero flux does impact the model simulation even in regions with
greater soil thickness), though these changes are much more dramatic in locations where
the number of soil layers is decreased due to the presence of shallow soil thickness.
These changes to the water fluxes at and below the surface can be explained by
the column soil moisture changes. When the model bedrock is deep (allowing for
additional soil layers), the soil moisture does not change much throughout the column in
VAR and DEEP. Thus, it similarly simulates the water table depth at many of these deep
bedrock locations, and latent heat flux and surface runoff in particular remain largely
unchanged in most of the grid cells where this occurs. This is consistent with Gulden et
al. (2007) who found that total column water storage was similarly simulated with the
unconfined aquifer model and a 30-layer soil column in Illinois. Therefore, the
unconfined aquifer model is not necessary in CLM4.5 to produce a realistic aquifer for
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regions with deep bedrock as long as the model soil column is realistically thick, since
the Richards equation was adapted for use in both unsaturated and saturated conditions
(Zeng and Decker 2009).
On the other hand, the unconfined aquifer model simulates a water table depth in
CLM4.5 that is below the model bedrock in VAR throughout the year in locations where
the number of soil layers is reduced to below 9, whereas VAR produces no aquifer at
these locations. It is at these locations that soil moisture throughout the soil column is
most affected, explaining the enhanced sensitivity of surface runoff and baseflow. The
effect on soil moisture and surface runoff varies in these shallow bedrock grid cells
depending on annual rainfall and snowfall. The soil column can actually become drier
throughout most of the year if snowfall or rainfall is low. If the annual cycle of rainfall is
large, the annual cycle of soil moisture is enhanced in VAR with wetter wet tongues and
drier dry tongues.
The above changes in soil moisture help to explain why the mean total water
storage (TWS) anomalies for 2002-2004 over several river basins globally do not
generally change much from CLM4.5 to either DEEP or VAR, because river basins
contain a large number of grid cells with deep bedrock in VAR. VAR is quite different
than DEEP and CLM4.5 in the Yangtze River basin which does include more
mountainous terrain with shallow bedrock, suggesting that variable soil thickness would
have more of an effect on basins largely within such terrain.
An added benefit of implementing variable soil depth is a change in the soil
temperature annual cycle. For those grid cells with deep bedrock which necessitate
adding soil layers to the original 10 layers, the heat capacity of the layer is reduced from
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that of granite/sandstone (Shabbir 2000) to that of soil which varies based on organic
matter content and soil texture (Lawrence and Slater 2008), and thermal conductivity is
similarly reduced from that of granitic rock (Clauser and Huenges 1995) to that of soil
(Farouki 1981). Of course, the opposite occurs in grid cells with shallow bedrock where
the number of soil layers is reduced. Thus, the soil temperature annual cycle is increased
throughout the column in places with shallow model bedrock and reduced substantially in
deep soil throughout much of the mid- to high latitudes where the model bedrock is deep.
It is important to note some caveats here. The model bedrock depth in VAR has
been determined from the dataset soil thicknesses averaged to 0.9º latitude × 1.25º
longitude used here, so unless much of a model grid box contains mountainous terrain,
the shallow soil thicknesses found in that terrain will be averaged out with the deeper soil
thickness of the valley bottoms. This could have important implications in basins where
the hydrologic response is dominated by processes such as snowmelt in the headwaters.
Perhaps, this might be reduced when going to finer horizontal resolution in the land
model or by including multiple columns within a grid cell each with its own soil
thickness. A sample of what this might look like is given in Fig. 13 for the single grid
cell at (40.05ºN, 105ºW) containing Boulder, Colorado. The number of soil layers
derived from the 30-arcsecond soil thicknesses range across all allowed in VAR (5-14
layers). There is a wide spread in latent heat fluxes simulated for the single column from
spring into autumn with the largest spread of ~12 W m-2 occurring in June (colored lines
in Fig. 13a). The spread in surface runoff between the various layer numbers occurs
throughout the year (Fig. 13b). The area-weighted mean of these is given as the thick
black line in Fig. 13; this is similar to the results for 11 layers. The best way to
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characterize this subgrid variability in soil thickness should be the focus of future
research. One possible way to do this would be to discriminate specifically between
vertical and lateral processes. The former would be solved at the grid scale, while the
latter would be performed at a much higher resolution. Recently, Hazenberg et al. (2015,
manuscript submitted to Water Resources Research) have shown that such a hybrid threedimensional approach performs well at the hillslope scale, and this method is currently
being extended to account for lateral flow within hillslopes, riparian zones, and valley
bottoms.
The interaction between the atmosphere and land is also ignored here by running
CLM4.5 offline with the Qian et al. (2006) forcing. Recent research has shown that a
model atmosphere would respond to groundwater dynamics (Anyah et al. 2008, Jiang et
al. 2009, Leung et al. 2011). Furthermore, the effects of deep roots are ignored by
limiting the roots to the 10th layer in VAR. However, deep roots have been observed
down to ~18 m in the Amazon (Nepstad et al. 1994), and deep roots may be particularly
important in arid and semi-arid regions (Canadell et al. 1996). To test how important this
is, we perform an additional sensitivity test that is the same as VAR except that root
fractions are allowed in all layers. The latent heat fluxes from this sensitivity run are
within ±1 W m-2 of VAR’s everywhere (Fig. S10). The effects of deep roots may be
minimized here because of the formulation of root fraction used in CLM4.5. It
exponentially decays with depth, so root fractions are very small at great depths. This
may need to be adjusted for the deeper soil columns allowed with variable soil thickness.
Another possibility is that the deep roots serve to move water up during dry periods and
down during wet periods via hydraulic redistribution. Lee et al. (2005) showed that the
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inclusion of this process improved the simulation of climate over the Amazon in CLM
coupled to the Community Atmosphere Model. However, Romero-Saltos et al. (2005)
observed that water moved upward during dry periods in the Amazon through the soil
rather than through the roots. The impacts of land-atmosphere feedbacks and deep root
distributions should be explored further using variable soil depth in LSMs.
Still, the model is made more realistic with the inclusion of variable soil thickness
on the coarse grid cell scale used here, because soil thickness is known to vary between
uplands and lowlands. The use of unconfined aquifer models in which groundwater is
partially separate from the soil column was necessitated by the implementation of
constant soil thicknesses in CLM because of the previous lack of sufficient information to
establish a reasonable estimate of soil thickness. Because of the use of the Zeng and
Decker (2009) revised Richards equation is in CLM, VAR has similar water table depths
to those in CLM4.5 in areas where the bedrock is deep. However, in some cases,
CLM4.5’s aquifer model generates water table depths below bedrock in locations with
shallow soil thicknesses, whereas no aquifer is able to exist in VAR. Therefore, this
implementation of variable soil thickness represents a step forward in LSM development
and should be widely used.
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TABLE 1. The sample locations referred to in Figures 4-6.

Location
Yukon
Eastern Siberia
Southern China
Southeastern Africa
Lower Mississippi Valley
Amazon

	
  

Latitude
62.5ºN
60.0ºN
20.0ºN
31.0ºS
35.0ºN
4.5ºS

Longitude
129.5ºW
120.0ºE
102.0ºE
27.5ºE
93.0ºW
69.0ºW
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Number of soil
layers above bedrock
in VAR SOIL
7
9
8
9
14
14

Figure Captions
FIG. 1. Hydrological processes (left) considered originally in CLM4.5 and how
they are considered in the version with variable soil thickness (VAR). The yellow-brown
layers represent the soil column.
FIG. 2. (a) The dataset soil thickness averaged to the model resolution used here
of ~0.9º latitude ×1.25º longitude. (b) The number of model layers determined to be
above bedrock from (a).
FIG. 3. (a,b) The March-May seasonal mean surface runoff (top) and baseflow
(bottom) in CLM4.5, (c,d) the difference in these seasonal means between DEEP and
CLM4.5, and (e,f) the difference in these between VAR and DEEP.
FIG. 4. The median root mean square difference in mm day-1 (top) between VAR
and CLM4.5 and (bottom) between DEEP and CLM4.5 in (left) surface runoff and (right)
baseflow for every 2 mm day-1 bin of the mean annual range in rainfall and every number
of soil layers to bedrock allowed in VAR. The gray areas denote bins with no data.
FIG. 5. The median mean annual range (MAR) of the difference in (a) surface
runoff and (b) baseflow between DEEP and CLM4.5 (i.e., DEEP – CLM4.5), between
VAR and CLM4.5 (i.e., VAR – CLM4.5), and between DEEP and VAR (i.e. DEEP –
VAR) for the number of soil layers used in VAR.
FIG. 6. The grid cell mean annual cycles in (top) surface runoff, (middle)
baseflow, (bottom) infiltration and snowmelt simulated by CLM4.5, DEEP, and VAR for
the first three locations in Table 1 where the number of soil layers is reduced from
CLM4.5’s original 10 layers.
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FIG. 7. The mean annual cycles of the change in (a-f) volumetric soil moisture
content, θ, and (g-l) fraction of saturation, θ / θsat, in VAR from CLM4.5 for the grid cells
containing all six locations in Table 1. The horizontal lines in the bottom row of panels
represent the mean annual cycle in water table depth (WTD) in CLM4.5 (red), DEEP
(green), and VAR (blue).
FIG. 8. The grid cell mean annual cycles in (a,b) baseflow and (c,d) infiltration,
snowmelt, and recharge simulated by CLM4.5, DEEP, and VAR for two locations given
in Table 1 where the number of soil layers is increased from CLM4.5’s original 10 layers.
FIG. 9. The median change in the (left) mean annual range and (right) mean
integrated top 5-layer (down to ~0.3 m) soil moisture in VAR from CLM4.5 for (top) 2
mm day-1 bins of the mean annual range in rainfall or (bottom) 0.5 mm day-1 bins of the
mean annual range in snowfall and for every number of soil layers above bedrock
allowed in VAR.
FIG. 10. The median difference in mean water table depth (WTD) between VAR
and CLM4.5 for instances (a) when there is and (b) when there is not an aquifer in VAR.
The negative values in (b) represent how much the WTD in CLM4.5 is theoretically
below the model bedrock depth, while positive values indicate the existence of an aquifer
in CLM4.5 when none exists in VAR.
FIG. 11. The basin mean total water storage anomalies (ΔTWS) derived from
GRACE measurements based upon the spherical harmonics from the Center for Space
Research (CSR) at the University of Texas-Austin, GeoForschungsZentrum Potsdam
(GFZ), and the Jet Propulsion Laboratory (JPL) and as simulated by CLM4.5, DEEP, and
VAR.
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FIG. 12. (a) The mean annual range in soil temperature in CLM4.5 and the
difference in soil temperature mean annual range between (b) DEEP and CLM4.5 and (c)
VAR and DEEP at Node 12 (~ 7.9 m depth).
FIG. 13. The variation in (a) latent heat (LH) flux and (b) surface runoff from
single column simulations at (40.05ºN, 105ºW) for all of the number of soil layers
possible from the 30 arcsecond data within the 0.9º latitude × 1.25º longitude grid cell
(colored lines) and the area weighted mean of these different simulations (dark black
line).

	
  

136

FIG. 1. Hydrological processes (left) considered originally in CLM4.5 and how they are
considered in the version with variable soil thickness (VAR). The yellow-brown layers
represent the soil column.
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FIG. 2. (a) The dataset soil thickness averaged to the model resolution used here of ~0.9º
latitude ×1.25º longitude. (b) The number of model layers determined to be above
bedrock from (a).
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FIG. 3. (a,b) The March-May seasonal mean surface runoff (top) and baseflow (bottom)
in CLM4.5, (c,d) the difference in these seasonal means between DEEP and CLM4.5, and
(e,f) the difference in these between VAR and DEEP.
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FIG. 4. The median root mean square difference in mm day-1 (top) between VAR and
CLM4.5 and (bottom) between DEEP and CLM4.5 in (left) surface runoff and (right)
baseflow for every 2 mm day-1 bin of the mean annual range in rainfall and every number
of soil layers to bedrock allowed in VAR. The gray areas denote bins with no data.
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FIG. 5. The median mean annual range (MAR) of the difference in (a) surface runoff and
(b) baseflow between DEEP and CLM4.5 (i.e., DEEP – CLM4.5), between VAR and
CLM4.5 (i.e., VAR – CLM4.5), and between DEEP and VAR (i.e. DEEP – VAR) for the
number of soil layers used in VAR.
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FIG. 6. The grid cell mean annual cycles in (top) surface runoff, (middle) baseflow,
(bottom) infiltration and snowmelt simulated by CLM4.5, DEEP, and VAR for the first
three locations in Table 1 where the number of soil layers is reduced from CLM4.5’s
original 10 layers.
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FIG. 7. The mean annual cycles of the change in (a-f) volumetric soil moisture content, θ,
and (g-l) fraction of saturation, θ / θsat, in VAR from CLM4.5 for the grid cells containing
all six locations in Table 1. The horizontal lines in the bottom row of panels represent the
mean annual cycle in water table depth (WTD) in CLM4.5 (red), DEEP (green), and
VAR (blue).
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FIG. 8. The grid cell mean annual cycles in (a,b) baseflow and (c,d) infiltration,
snowmelt, and recharge simulated by CLM4.5, DEEP, and VAR for two locations given
in Table 1 where the number of soil layers is increased from CLM4.5’s original 10 layers.
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FIG. 9. The median change in the (left) mean annual range and (right) mean integrated
top 5-layer (down to ~0.3 m) soil moisture in VAR from CLM4.5 for (top) 2 mm day-1
bins of the mean annual range in rainfall or (bottom) 0.5 mm day-1 bins of the mean
annual range in snowfall and for every number of soil layers above bedrock allowed in
VAR.
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FIG. 10. The median difference in mean water table depth (WTD) between VAR and
CLM4.5 for instances (a) when there is and (b) when there is not an aquifer in VAR. The
negative values in (b) represent how much the WTD in CLM4.5 is theoretically below
the model bedrock depth, while positive values indicate the existence of an aquifer in
CLM4.5 when none exists in VAR.
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FIG. 11. The basin mean total water storage anomalies (ΔTWS) derived from GRACE
measurements based upon the spherical harmonics from the Center for Space Research
(CSR) at the University of Texas-Austin, GeoForschungsZentrum Potsdam (GFZ), and
the Jet Propulsion Laboratory (JPL) and as simulated by CLM4.5, DEEP, and VAR.
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FIG. 12. (a) The mean annual range in soil temperature in CLM4.5 and the difference in
soil temperature mean annual range between (b) DEEP and CLM4.5 and (c) VAR and
DEEP at Node 12 (~ 7.9 m depth).
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FIG. 13. The variation in (a) latent heat (LH) flux and (b) surface runoff from single
column simulations at (40.05ºN, 105ºW) for all of the number of soil layers possible from
the 30 arcsecond data within the 0.9º latitude × 1.25º longitude grid cell (colored lines)
and the area weighted mean of these different simulations (dark black line).
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Supplemental Information for
“Implementing and testing variable soil thickness in the
Community Land Model version 4.5”
S1. Determination of water table depth within the soil column
Water table depth (WTD) in VAR and DEEP is limited to the bottom of the soil
column, defined as the bottom of the last layer allowed, or the model bedrock depth. To
allow the aquifer to enter into the soil column when WTD is at model bedrock depth, the
bottom layer is assumed to be in equilibrium. Therefore, if the soil matric potential, ψ >
zbot – zi, where zbot is the model bedrock depth and zi is the node depth of that bottom
layer, then the water table depth,
(S1.1)

z∇ = zi − ψ

S2. Model response to rain events
€

We also analyze the response of the simulations to rain events by composing
regional composite means similar to what was performed in Lawrence et al. (2007).
These composites are generated for lags ranging from -3 to +6 days for every instance in
the Southwestern U.S. (32-42ºN, 115-105ºW) and the Northern Great Plains (40-50ºN,
102.5-92.5ºW) during June-August of 1993 that daily rainfall exceeds 3 mm day-1 and is
followed by five consecutive days of < 0.5 mm day-1 rainfall.
Figure S8 presents these regional mean rain event composites for the boreal
summer (June-August) 1993 in the Southwestern U.S. and Northern Great Plains. The
former region is influenced by the North American Monsoon during this season, and its
mean rainfall for events is ~2 mm day-1 higher than it is in the Northern Great Plains
during this season (Fig. S8). In the Southwestern U.S., soil moisture in the uppermost
five layers is higher the day of an event in all runs. However, it is consistently lower in
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VAR compared to CLM4.5 and DEEP. This region is clearly impacted by a decrease in
soil columns (Fig. S8c). However, in the Northern Great Plains, the differences between
the simulations are smaller. Here, both DEEP and VAR soil moisture are slightly higher
than CLM4.5 on Day 0 (i.e., the day of the rainfall), but return to CLM4.5 values within
~4 days after rain events (Fig. S8d). Since this near-surface soil moisture interacts most
with the atmosphere, LH flux is slightly sensitive to this but is still only minimally
impacted (not shown).
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TABLE S1. The node depth (zi) and bottom interface depths ( zbi ) in meters of the 15
layers included in CLM4.5.
Layer

zi

zbi

1

0.0071

0.0175

2

€
0.0279

0.0451

3

0.0623

0.0906

4

0.1189

0.1655

5

0.2122

0.2891

6

0.3661

0.4929

7

0.6198

0.8289

8

1.0380

1.3828

9

1.7276

2.2961

10

2.8646

3.8019

11

4.7392

6.2845

12

7.8298

10.3775

13

12.9253 17.1259

14

21.3265 28.2520

15

35.1776 42.1032
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FIG. S1. (a,b) The June-August seasonal mean of surface runoff and baseflow in
CLM4.5, (c,d) the difference in these seasonal means between DEEP and CLM4.5, and
(e,f) the difference in these between VAR and DEEP.
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FIG. S2. The median root mean square difference in mm day-1 between VAR and DEEP
in (left) surface runoff and (right) baseflow for every 2 mm day-1 bin of the mean annual
range in rainfall and every number of soil layers to bedrock allowed in VAR. The gray
areas denote missing data.
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FIG. S3. The grid cell mean annual cycles in rainfall and snowfall as in the Qian et al.
(2006) forcing at four locations given in Table 1 where the number of soil layers is
reduced due to bedrock being shallow.
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FIG. S4. The grid cell mean annual cycles in (a) latent heat (LH) flux, (b) surface runoff,
(c) baseflow, and (d) infiltration simulated by CLM4.5, DEEP, and VAR in Southeastern
Africa.
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FIG. S5. The mean annual cycles of the change in (a-f) volumetric soil moisture content,
θ, and (g-l) fraction of saturation, θ / θsat, in DEEP from CLM4.5 for the grid cells
containing all six locations in Table 1.
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FIG. S6. The mean annual cycles of the change in (a-d) volumetric soil moisture content,
θ, and (e-h) fraction of saturation, θ / θsat, in VAR from DEEP for the grid cells
containing the four shallow bedrock locations in Table 1.
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FIG. S7. The grid cell mean annual cycles in rainfall and snowfall as in the Qian et al.
(2006) forcing at two locations given in Table 1 where the number of soil layers is
increased due to bedrock being deep.
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FIG. S8. The regional June-August 1993 composite mean for rain events in excess of 3
mm day-1 followed by five days of < 0.5 mm day-1 in (top) rainfall and (bottom)
volumetric (vol.) soil moisture of the topmost five layers (down to ~0.3 m) for the (left)
Southwestern U.S. (32-42ºN, 115-105ºW) and (right) Northern Great Plains (40-50ºN,
102.5-92.5ºW).
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FIG. S9. (left) The mean annual range in soil temperature in CLM4.5 and the difference
in soil temperature mean annual range between (middle) DEEP and CLM4.5 and (right)
VAR and DEEP in (top) Nodes 5 and (bottom) 10 (at ~0.2 and 2.9, respectively).
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FIG. S10. The (a-d) seasonal mean latent heat flux for (from top to bottom) DecemberFebruary, March-May, June-August, and September-November and the difference (e-h)
between VAR and CLM4.5 and (i-l) between the deep root sensitivity run and VAR.
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