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ABSTRACT
The characteristics of satellite-derived land-cover data for climate models vary depending on sensor properties
and processing options. To better understand the first-order effects of differences in land-cover data on a land
surface parameterization scheme (VBATS), stand-alone model runs were performed for two adjacent 2.88 3
2.88 GCM grid cells in Wyoming using land cover from two satellite-derived maps (AVHRR, TM) and a global
land-cover dataset commonly used in GCMs.
The dominant cover type by area differed among the datasets for both grid cells. In the western grid cell,
these differences resulted in substantially different surface fluxes simulated by VBATS. At spatial resolutions
of 0.28 and 0.48, the two satellite-derived datasets agreed on only 54%–62% of the land-cover types in both
grid cells. Despite this disagreement, the VBATS simulated surface fluxes averaged over the grid cell were
similar in the eastern grid cell for the two satellite-derived datasets. In the western grid cell, the partitioning of
net radiation into sensible and latent heat fluxes was influenced by the dataset prescriptions of land-cover
heterogeneity. In particular, the relative proportions of wet cover types (i.e., inland water and irrigated crop)
had an effect on this partitioning, emphasizing the importance of accounting for the presence of wet cover types
within a GCM grid cell in arid regions.
Spatial aggregation of the satellite-derived datasets reduced the number of land-cover types prescribed for
each GCM grid cell. In the western grid cell, the reduction in the number of cover types from 11 to 2 resulted
in differences in annual averages of sensible and latent heat fluxes of about 10%. Other simulations involving
these datasets suggest that these differences could be reduced if one accounted for the wet cover types. In this
respect, fine spatial resolution is required for some cover types, whereas coarser resolution may be adequate for
other types. Land-cover classifications for land surface modeling need to be based more on model sensitivities
than on traditional vegetation-type schemes.

1. Introduction
Due to computational constraints, general circulation
models (GCMs) partition the earth’s land surface into
large grid cells (typically greater than 18 latitude by 18
longitude), with a single land-cover type assigned to
each. These land-cover types provide a simple means
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for assigning to a grid cell a suite of distinct biophysical
parameters that are used to estimate fluxes between the
land surface and the atmosphere.
Land-cover datasets used within most GCMs are derived from a wide variety of map and atlas sources (e.g.,
Mathews 1983; Olson et al. 1983; Wilson and HendersonSellers 1985; Kuchler 1988). The accuracy of these datasets suffers from several limitations. Townshend et al.
(1991) quantified the extent of these inadequacies by noting the significant disparities in estimates of cover-type
area and spatial distribution between several groundbased datasets. Another significant drawback is that these
maps cannot account for changes in land cover over time.
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Remote sensing offers the most promising means for
deriving improved global land-cover maps (Sellers et
al. 1995; Townshend et al. 1991). Several issues arise,
however, regarding choices in remote sensing instruments, classification methodology, and data processing
to best meet the needs of GCMs (Hall et al. 1995). These
issues are pertinent to remote sensing data processing
and storage requirements during the Earth Observing
System (EOS) era.
The Advanced Very High Resolution Radiometer
(AVHRR) and the Thematic Mapper (TM) are two remote sensing instruments that have a long history as
sources of land-cover information (Tucker et al. 1985;
Townshend et al. 1987; Goward et al. 1985; Hopkins et
al. 1988; Coleman et al. 1990; Saxena et al. 1992). To
create land-cover datasets appropriate for climate modeling using these sensors, the choice of classification
method should result in land-cover types that have distinct biophysical characteristics related to surface–atmosphere interactions. The interpretation of time series
of spectral vegetation indices has recently become a
common method for creating land-cover maps because
of the relationship of these indices to vegetation characteristics (Loveland et al. 1991; DeFries and Townshend 1994; Townshend et al. 1994).
The resultant land-cover types must be ‘‘mapped’’
into the cover types defined by the land surface parameterization scheme (LSP). For example, Running et al.
(1995) divide the world’s land cover into six types. The
ISLSCP Initiative I global land-cover dataset (Meeson
et al. 1995) specifies 14 cover types. The Moderate Resolution Imaging Spectroradiometer (MODIS) Land
Team proposes 19 cover types (three of which are nonvegetated land) for their MODIS Land Cover Product
(Strahler et al. 1994). LSPs implemented in GCMs such
as the Simple Biosphere Model (SiB) (Sellers et al.
1986) and the Biosphere–Atmosphere Transfer Scheme
(BATS) (Dickinson et al. 1993) allow for 11 and 15
vegetated surface types, respectively. Consequently, the
mapping rules used to translate the derived cover types
into the appropriate LSP cover types warrant careful
consideration. Mapping must not be based on simply
matching cover-type labels but on the relevance of the
cover type to the biophysical parameters specified within the LSP.
The spatial resolution of the remote sensing instrument is also an important consideration, especially with
regard to the impact on data volume and aggregation
methods. At AVHRR and TM spatial resolutions of 1.1
km and 30 m at nadir, respectively, both of these sensors
are capable of providing land-cover data at resolutions
that are much finer than can be used by current GCMs.
However, these finer scales may be necessary for assessing the degree of land-cover heterogeneity and evaluating methods for scaling up to GCM grid-cell dimensions (Townshend et al. 1994). Fine spatial resolution land-cover information may also be required for
other applications such as applying remote sensing al-
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gorithms to extract land-cover parameters (Hall et al.
1995) and to characterize land-cover transformations
(Townshend and Justice 1988).
Land-cover data at AVHRR and TM spatial resolutions thus require some form of aggregation to match
the coarser scales of the LSPs. Most GCMs specify a
single land-cover type for each grid cell. The choice of
land-cover type is typically resolved by selecting the
dominant cover type present in the grid cell from the
available land-cover maps (e.g., Dickinson et al. 1993).
Evidence is mounting, however, that this homogeneous
representation of land cover is unrealistic (Avissar 1992;
Pielke et al. 1991; Henderson-Sellers and Pitman 1992).
Thus, a variety of methods to account for land-cover
heterogeneity within climate models have been proposed. Some researchers have applied statistics to important biophysical features that characterize the land
surface. Both probability density functions (Entekhabi
and Eagleson 1989; Avissar 1992; Boman et al. 1993;
Collins and Avissar 1994) and simple averaging (blending) have been used (Henderson-Sellers and Pitman
1992; Verseghy et al. 1993). Alternatively, in the ‘‘mosaic’’ approach, land-cover types defined at subgrid spatial scales are regrouped into patches of homogeneous
vegetation (Avissar and Pielke 1989; Koster and Suarez
1992). Surface fluxes are computed for each patch and
area averaged to yield GCM grid-cell fluxes.
The goal of our work was to quantify the effects of
some of the choices and information content inherent
in remotely sensed land-cover datasets by incorporating
these datasets at various spatial resolutions into the LSP
component of a GCM. Specifically, we examined the
effects of forcing a stand-alone vectorized version of
the Biosphere–Atmosphere Transfer Scheme (VBATS)
(Seth et al. 1994) with three land-cover datasets sampled
at four spatial resolutions for two GCM grid cells in
Wyoming. The influence of satellite-derived land-cover
heterogeneity on simulated surface fluxes is investigated
using the mosaic approach of Avissar and Pielke (1989).
The two grid cells contain a broad range of land-cover
types and thus offer a valuable test of the effects of
mapping methods and scale.
Each dataset represents a different approach to landcover mapping. The first, a standard map–atlas-based
dataset (Olson et al. 1983 as adapted by Dickinson et
al. 1993) is used in the National Center for Atmospheric
Research (NCAR) Community Climate Model 2
(CCM2) GCM. The second is based on AVHRR data
and was compiled at the EROS Data Center (EDC) using
temporal normalized difference vegetation index
(NDVI) profiles for the conterminous United States
(Loveland et al. 1991). The third is based on photointerpretation of Landsat TM data at high resolution for
the Wyoming domain and was constructed as part of
the Gap Analysis Program (GAP) of the National Biological Service (Driese et al. 1996). We refer to these
datasets as NC2, EDC, and GAP, respectively.
Through comparisons of output from VBATS simu-
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FIG. 1. The location of the two Wyoming GCM grid cells (denoted GWEST and GEAST) modeled. Both grid cells are
2.88 3 2.88 in size.

lations conducted with these datasets, this work addresses the following questions in the context of the two
Wyoming GCM grid cells:
1) How does the land-cover composition of the two
GCM grid cells differ as a function of the datasets
and the degree of spatial resampling?
2) Is VBATS sensitive to differences in the dominant
cover type prescribed by the three datasets?
3) Is VBATS sensitive to the differences in land cover
prescribed by the EDC and GAP datasets at their
finest spatial resolution?
4) Is VBATS sensitive to changes in prescribed land
cover resulting from spatial aggregation of the datasets?
2. Approach
a. Study area description
The areas chosen for analysis correspond to two standard CCM2 2.88 latitude 3 2.88 longitude grid cells
contained within the state of Wyoming (Fig. 1). Both

cells extend from 41.98 to 44.78N. The western cell
(denoted GWEST) extends from 108.38 to 111.18W. The
eastern cell (denoted GEAST) extends from 105.58 to
108.38W. The two cells together include much of the
variability in land cover typical of Wyoming and other
parts of the intermountain west.
Most of Wyoming can be characterized as extensive
basins separated by mountain ranges (Blackstone 1988)
(Fig. 1). Elevations range from 939 to 4207 m above
sea level with a mean elevation of 2030 m (Knight
1994). This high position coupled with a midcontinental
location results in a generally cold, dry climate, although high relief between basins and mountain ranges
causes wide variation in both precipitation and temperature. For most of the state, winters are cold and long.
Summers are relatively short with temperatures above
328C occurring on only a few days a year. Precipitation
ranges from less than 15 cm to more than 150 cm per
year in the mountains and averages 43 cm (Martner
1986).
The land cover of Wyoming varies with temperature,
precipitation (amount and timing), soil, geology, dis-
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turbance, and other environmental factors (Knight
1994). In general, the western portion of the state (and
hence the GWEST grid cell) is dominated by mountain
ranges. Evergreen and deciduous (mostly aspen) forest
and herbaceous meadows in the mountains are interspersed with areas of primarily shrub-dominated basins.
Eastern Wyoming (GEAST) is dominated by basins, but
with some mountainous areas. The basins tend to be
occupied by shrubs, although short-stature grasslands
become more prevalent along the eastern one-third of
the state.
b. Land-cover datasets
In addition to the contrasts offered by these landcover types, the Wyoming domain was chosen as a test
area due in part to the existence of land-cover data widely available to the modeling community (e.g., NC2 and
EDC), along with the more highly refined and fieldchecked TM-based Wyoming Gap dataset (GAP). These
three datasets represent different remote sensing platforms, spatial resolutions, land-cover mapping methods,
and levels of field checking.
1) NC2
The NC2 dataset is equivalent to the NCAR CCM2
T-42 dataset described by Dickinson et al. (1993) and
was derived by associating one of the 18 BATS types
with each of the global vegetation types mapped by
Olson et al. (1983). The Olson et al. dataset was originally constructed at 0.58 3 0.58 resolution and included
46 land-cover types mapped globally from a variety of
sources. The NC2 dataset was aggregated by assigning
the dominant cover type (by area) to the GEAST and
GWEST grid cells.

VOLUME 125

vided into 159 classes based on ancillary data and phenological profiles.
To make this land-cover data more useful to the climate modeling community, the EDC has translated the
159 classes into land-cover types used by some LSPs
(i.e., SiB and BATS). The EDC added 9 additional
‘‘mixed’’ classes to its BATS dataset to account for
classes comprising a mixture of two or more of the 18
BATS classes. These mixed classes are incompatible
with the BATS code as it currently exists. To resolve
this problem, we used EDC descriptions of the composition of the mixed classes, including percent occupancy by the various mixture components, to translate
the mixed classes into the 18 BATS classes. These assignments were usually based on the dominant BATS
type (by area) in each mixed class. In certain areas,
however, the combination of several nondominant landcover types that were perceived to have similar biophysical parameters sometimes resulted in the second
most dominant land-cover type being assigned to the
pixel.
Inspection of the EDC BATS data revealed an additional problem in the mapping of western shrub types
(A. Seth 1995, personal communication). Sparse shrublands in much of the Intermountain West and the Great
Basin had been translated to the BATS evergreen shrub
type by the EDC when in fact the parameters associated
with the BATS semidesert type are more appropriate in
most of these areas. To improve this assignment, annual
NDVI profiles were generated from AVHRR data for
each of the original EDC shrub classes occurring in the
western United States. The original EDC western shrub
classes were reassigned to the most appropriate BATS
class, taking into account the fractional vegetation cover
and LAI prescribed by BATS for each class. In some
cases, existing vegetation maps were used to aid in the
reclassification. The result is an improved EDC-based
BATS landcover dataset for the United States.

2) EDC
The U.S. Geological Survey EROS Data Center has
developed a prototype land-cover characteristics database for the conterminous United States based on 1-kmresolution AVHRR NDVI data (Loveland et al. 1991;
Brown et al. 1993). NDVI is calculated from the difference of near-infrared and visible surface reflectances
normalized by their sum and has been correlated with
modeling parameters such as annual net primary productivity (Goward et al. 1985), leaf area index (LAI)
(Weiser et al. 1986), and fraction of photosynthetically
active radiation (FPAR) (Sellers et al. 1992). Time series
of the NDVI can assist in defining land-cover types
based on their seasonal characteristics (Reed et al.
1994).
To create the EDC database, eight 4-week composites
of maximum NDVI for the 1990 growing season (March
to October) were clustered into 70 distinct spectral–
temporal classes. These classes were subsequently di-

3) GAP
The TM-based GAP dataset for Wyoming was assembled in response to the need for a highly resolved
and accurate land-cover map of the state for use with
animal habitat models in support of the National Biological Service Gap Analysis Program (Scott et al.
1993). Similar maps are in various stages of completion
for other states. The GAP map is the finest-resolution
land-cover map available for the state of Wyoming. It
is based on extensive field reconnaissance and has been
reviewed by land managers in Wyoming (e.g., the Bureau of Land Management and the U.S. Forest Service)
(Driese et al. 1996). A formal statistical evaluation using
airborne video is scheduled for 1997.
Construction of the Wyoming GAP land-cover map
followed the methods of Davis et al. (1990) and is described in detail by Driese et al. (1995, unpublished
manuscript). Degraded resolution (100 m) TM data were
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used to create a digital false-color composite image that
served as a basis for manual photointerpretation of nearly 17 000 vector polygons into 41 land-cover classes.
The vector map was converted to a cell-based map and
reclassified into the 18 BATS types based on the dominant BATS type in each of the original vector polygons.
The reclassification was accomplished by assigning each
GAP type to an appropriate BATS type before rasterization.
4) AGGREGATION
We aggregated the EDC and GAP datasets to coarser
spatial resolutions to examine the effects of a coarser
prescription of land cover on VBATS output. EDC and
GAP datasets were resampled from their original resolutions to 0.28, 0.48, and 2.88 resolution cells by assigning the dominant BATS land-cover type (by area)
from the finer-resolution data to each coarser-resolution
cell.
c. Sensitivity of VBATS to the heterogeneous nature
of land cover
1) MODEL

DESCRIPTION

In the stand-alone version (i.e., uncoupled from the
GCM atmosphere) of the VBATS model (Seth et al.
1994), the GCM grid cell is modeled as a higher-resolution grid of N2 subcells. For example, the Wyoming
2.88 3 2.88 CCM2 grid cells were divided into subcell
meshes consisting of 72 5 49 and 142 5 196 subcells
of 0.48 3 0.48 and 0.28 3 0.28 size, respectively. A
single land-cover type was assigned to each subcell.
Each of the subcells has its own independent connection
to the atmosphere, and horizontal interactions between
subcells are not permitted. This approach allows for the
modeling of land-cover heterogeneity while maintaining
the relative location of each subcell within the GCM
grid cell. This approach thus also allows for heterogeneity in atmospheric forcing, although we did not exploit this feature in our work.
To force the model with the land cover prescribed by
the datasets at spatial resolutions of less than 2.88, we
adopted the mosiac approach to regroup subcells with
identical land-cover types into a single subcell. The
number of subcells for each simulation was therefore
determined by the number of cover types in each version
of the dataset. To yield GCM grid-cell fluxes, subcell
fluxes were weighted according to each land-cover type’s
areal coverage within the 2.88 grid cell and then summed.
This linear combination approach assumes that the atmosphere is well mixed within the surface layer and
each subcell interacts independently within that surface
layer. In reality, contrasts in the surface characteristics
of adjacent land-cover types can act nonlinearly on surface fluxes under certain conditions (Pielke et al. 1991).
For example, wind stress can be influenced in a non-
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linear fashion by spatial patterns of roughness length.
However, since these interactions are not currently modeled within GCMs, we have adopted the assumption of
linearity as a first approximation for examining the influence of differences in satellite-derived land cover on
surface fluxes.
The land-surface parameterizations within VBATS
are identical to those of BATS (Dickinson et al. 1993),
but the vectorized nature of the VBATS code allows for
efficient simulations of multiple subcells. VBATS models the land surface using a single vegetation layer and
a multiple-soil-layer scheme. Vegetation can be specified as one of 15 global types. To quantify the fundamental structural and physiological characteristics of
each cover type, a set of biophysical parameters (e.g.,
vegetation fractional cover, roughness length, albedos
for visible and near-infrared wavelengths, leaf area index) is specified by the model based on ecosystem field
data. The seasonality of vegetation fractional cover and
LAI is approximated through a dependence on the prognostic deep soil temperature ranging between maximum
and minimum prescribed values.
Air temperature within the canopy and foliage temperature are calculated using an energy balance equation
that includes canopy to ground, canopy to atmosphere
radiative and sensible heat exchanges, transpiration, and
evaporation of water/snow intercepted by the foliage.
Transpiration is calculated from the aerodynamic resistance to moisture and heat flux of the foliage molecular
boundary layer and a parameterization of stomatal resistance based on a set of environmental factors.
Sensible and latent heat and momentum fluxes are
calculated using a standard drag coefficient parameterization. Drag coefficients, expressed as a neutral drag
coefficient multiplied by a stability correction factor, are
obtained for a grid cell by averaging coefficients over
vegetation, soil, and snow-covered surfaces. The neutral
drag coefficient is a logarithmic function of the lowest
atmospheric model layer height and the roughness
length of the surface. The stability correction factor is
expressed in terms of the local Richardson number.
The soil is represented by two layers for temperature,
a surface layer and a deep layer, and three layers for
moisture. Soil temperature is solved for using modified
equations of the force–restore method (Dickinson 1988).
Soil moisture is predicted from water budget equations
taking into account contributions from precipitation,
leaf drip, evapotranspiration, groundwater and surface
runoff, and the exchange of soil water between layers.
Soil texture can be specified as one of 12 classes, ranging from sand to clay. The hydrologic characteristics of
differing soil textures are governed by prescribed parameters of porosity, hydraulic conductivity, wilting
point, etc., for each of the 12 classes. Soil albedos are
specified by eight color classes, from light to dark, and
as a function of the moisture content of the surface soil
layer.
While a coupled atmosphere–surface model is needed
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TABLE 1. Description of VBATS simulations. The first letter in the simulation name indicates west (W) grid cell or east (E) grid cell.
Simulation

Land-cover
data source

Aggregation
method

Number of
subcells

WEN, ESG

NC2

Dominant @ 2.88

1

WSD, ESD
WEDC.FR, EEDC.FR
WGAP.FR, EGAP.FR
WEDC.4, EEDC.4
WGAP.4, EGAP.4
WEDC.2, EEDC.2
WGAP.2, EGAP.2

EDC, GAP
EDC
GAP
EDC
GAP
EDC
GAP

Dominant @ 2.88
Full resolution (1 km)
Full resolution (100 m)
Dominant @ 0.48
Dominant @ 0.48
Dominant @ 0.28
Dominant @ 0.28

1
10(W),
11(W),
7(W),
2(W),
8(W),
7(W),

Size of
subcells
2.88 3 2.88

9(E)
9(E)
4(E)
3(E)
7(E)
4(E)

2.88 3 2.88
*
*
*
*
*
*

VBATS Land-cover type(s)
Evergreen needle leaf (W), short
grass (E)
Semidesert (W, E)
See Fig. 2a (W), Fig. 3a (E)
See Fig. 2b (W), Fig. 3b (E)
See Fig. 2a (W), Fig. 3a (E)
See Fig. 2b (W), Fig. 3b (E)
See Fig. 2a (W), Fig. 3a (E)
See Fig. 2b (W), Fig. 3b (E)

* Each subcell represents a different land-cover type. Subcell fluxes were weighted according to each land-cover type’s areal coverage
within the 2.88 3 2.88 grid cell and then summed to obtain GCM grid cell fluxes.

to fully define the effects of land cover on surface fluxes,
the stand-alone version used here describes the firstorder direction and magnitude of effects and is efficient
enough to permit a set of sensitivity experiments. A set
of VBATS simulations (Table 1) was designed to address the last three questions (2, 3, 4) posed in section
1. We performed eight simulations for each of the
GEAST and GWEST domains using the land-cover
composition prescribed by the NC2, GAP, and EDC
datasets at spatial resolutions of 2.88, 0.48, and 0.28 and
the finest spatial resolution of each satellite-derived dataset (100 m and 1 km for GAP and EDC, respectively).
We examined the output from these simulations to
quantify the effects of land cover on surface fluxes that
are calculated for input to a GCM (net radiation, sensible
and latent heat, and momentum). Runoff was also examined because of its importance in the water balance,
as was ground heat flux because of its role in the surface
energy balance.
2) ATMOSPHERIC

FORCING FIELDS

In a stand-alone mode, VBATS requires downward
shortwave and longwave radiation, specific humidity,
air temperature, precipitation, surface pressure, and
wind speed for each model time step. The Vegetation–
Ecosystem Modeling and Analysis Project (VEMAP)
database was used to provide a climatology of these
variables for the two Wyoming GCM grid cells (Kittel
et al. 1995). For our study, the VEMAP 0.58 3 0.58
daily climate data were extracted, averaged to 2.88 3
2.88 for each grid cell, and interpolated to hourly values
as follows:
1) Shortwave radiation. The VEMAP fields of daily
total incident solar radiation and mean daily irradiance were used to obtain hourly values of shortwave
radiation. A sinusoidal variation of solar radiation
was computed such that the area under its curve was
equal to the daily total incident solar radiation.
2) Air temperature. The VEMAP fields of daily minimum temperature and daily maximum temperature
were interpolated with a sine curve to create hourly

3)

4)

5)

6)

7)

values. The daily maximum temperature was assumed to occur at 1400 LT and the daily minimum
temperature at one hour before sunrise.
Surface pressure. Surface pressure was not available
in the VEMAP dataset. However, elevation was
available at the VEMAP grid-cell resolution. This
was used to compute an average elevation for both
the GEAST and GWEST grid cells. Surface pressure
was then computed using U.S. Standard Atmosphere,
1976. The pressure forcing was prescribed as a constant throughout the year.
Specific humidity. The VEMAP field of daily vapor
pressure was used along with the surface pressure
to compute a daily value of specific humidity. Specific humidity was prescribed as a constant for each
day.
Wind speed. Wind speed was available from VEMAP
as a monthly grid-averaged value at a 10-m height.
The wind speed forcing was prescribed as a constant
for each month.
Precipitation. The VEMAP field of daily precipitation was interpolated to obtain hourly precipitation.
Daily precipitation was assumed to occur as a 12-h
event during the cold season (October–March) and
as a convective 2-h event in the warm season (April–
September) (Seth et al. 1994). The sum of hourly
precipitation was constrained to match the VEMAP
daily values.
Longwave radiation. Longwave radiation was not
available from the VEMAP dataset but was calculated based on atmospheric emissivity and the interpolated air temperature. Atmospheric emissivity
was determined based on the VBATS formulation
for cloudless skies (Brunt 1932) using the VEMAP
daily vapor pressure. The effects of clouds on longwave radiation were included by assuming that
clouds were present during precipitation events. Atmospheric emissivity was assigned a value of 0.95
during these times as per Seth et al. (1994).

The atmospheric forcing derived for each of the 2.88
3 2.88 grid cells was applied to each of the subcells
identically.
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3) MODEL

INITIALIZATION

Soil types are often associated with the type of overlying vegetation cover. While VBATS has the capability
to also model heterogeneity in soil types simultaneously
with land-cover heterogeneity (by specifying soil hydrologic and radiative properties according to texture
and color types), we did not model this so that differences in surface fluxes could be attributed solely to differences in land cover. Soil texture and color were thus
taken from the CCM2 prescribed fields for the GEAST
and GWEST domains and identically assigned to all
subcells. Inclusion of soil heterogeneity could alter the
sensitivities described here.
Soil water in all subcells except inland water and
irrigated crop (one or both of these types are present
in most of the VBATS simulations listed in Table 1)
was initialized at 50% of saturation. Inland water within VBATS is modeled as a saturated soil surface. Negative runoff is added to the subcell to replace water
lost by evaporation and infiltration into deeper soil
layers. Therefore, the soil water of inland water subcells was initialized at saturation. Irrigated crop is kept
at field capacity via negative runoff, so soil water for
irrigated crop subcells was initialized at field capacity.
Soil temperatures were initialized at the mean air temperature for January, as were the foliage and canopy
air temperatures. Snow cover and canopy water were
initially set to zero.
Simulations were run for 20 years to allow the modeled soil water to equilibrate with the climatological
forcings. No interannual variability was found during
the last several years of each simulation so results were
taken from the last year of each simulation.
3. Results
a. Comparison of the land-cover datasets
1) GWEST

GRID CELL

The three datasets differ considerably in their depiction of the relatively diverse western grid cell. NC2
classifies the grid cell as the VBATS cover-type evergreen needle leaf. Although the full-resolution EDC and
GAP datasets (EDC at 1 km and GAP at 100 m in Figs.
2a,b) have significant coverage of this type (20% and
34%, respectively), both are dominated instead by semidesert (27% and 36%). EDC contains a large (17%)
mixed woodland component in addition to semidesert
and evergreen needle leaf, while the GAP data is more
evenly split between evergreen needle leaf and semidesert.
In general, as the EDC and GAP datasets are aggre←
FIG. 2. VBATS land-cover types in the 2.88 3 2.88 western Wyoming GCM grid cell (GWEST) as prescribed by (a) the EDC dataset

at resolutions of 1 km, 0.28, and 0.48 and (b) the GAP dataset at
resolutions of 100 m, 0.28, and 0.48. The NC2 dataset prescribes 100%
evergreen needle leaf.
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gated to coarser spatial resolutions (0.28 and 0.48), the
proportions of the two to three dominant cover types
increase and the number of cover types within the grid
cell decreases. The dominant cover type prescribed by
the GAP dataset at 0.48 resolution changes from semidesert to evergreen needle leaf. The EDC dataset retains
the largest number of VBATS land-cover types at coarser spatial resolutions. The EDC data at 0.48 resolution
prescribes seven cover types, while the corresponding
GAP data contains only two cover types. At a spatial
resolution of 0.28, the two datasets agree on the VBATS
land-cover type for only 105 of 196 (54%) of the
GWEST subcells. At 0.48 resolution, the agreement between the datasets increases to about 60% of the 49
subcells.
2) GEAST GRID CELL
All three land-cover datasets depict the GEAST grid
cell as dominated by basin vegetation but differ in assignment of physiognomic dominance (Figs. 3a,b). The
NC2 dataset prescribes short grass. The 1-km EDC data
depict GEAST as a short-grass-dominated grid cell, although the data also contain a large (38%) semidesert
component and some evergreen shrub and crop/mixed
farming (5% each). In contrast, the 100-m GAP data
are dominated by semidesert (58%), with a significant
short-grass component (20%) and more evergreen needle leaf (10%) than EDC.
Resampling the GAP dataset to resolutions of 0.28
and 0.48 reduces the number of cover types and strengthens the dominance of semidesert within the grid cell.
The number of VBATS cover types is reduced from
nine in the full-resolution GAP dataset to three in the
0.48 data, and the proportion of semidesert increases to
70% of the grid cell. In the resampled EDC datasets,
the codominance of semidesert and short grass also increases as resolution decreases. The number of cover
types in the 0.28 and 0.48 EDC datasets is reduced to
seven and four, respectively, from nine types at full (1
km) resolution. The agreement between datasets in the
GEAST domain is similar to the results for GWEST. At
a resolution of 0.28, the GAP and EDC datasets correspond for 62% of the subcells. However, at 0.48 resolution, the agreement between datasets decreases to
59% of the subcells.
b. VBATS sensitivity to differences between NC2,
EDC, and GAP dominant cover types
1) GWEST GRID CELL
Both the EDC and GAP datasets, when aggregated
from their finest resolution to 2.88 3 2.88 using a dom←
FIG. 3. VBATS land-cover types in the 2.88 3 2.88 eastern Wyoming GCM grid cell (GEAST) as prescribed by (a) the EDC dataset

at resolutions of 1 km, 0.28, and 0.48 and (b) the GAP dataset at
resolutions of 100 m, 0.28, and 0.48. The NC2 dataset prescribes 100%
short grass.
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FIG. 4. Results from GWEST VBATS simulations at 2.88 spatial resolution: WEN (100% evergreen needle
leaf) and WSD (100% semidesert). Monthly averages of (a) net radiation, (b) sensible heat, (c) latent heat,
(d) soil heat flux, (e) total runoff, and (f) zonal wind stress. Fluxes are positive away from the surface.

inant-cover-type rule, prescribed semidesert in the
GWEST domain while the NC2 dataset prescribed evergreen needle leaf. To quantify the effects of this difference in terms of VBATS simulated surface fluxes,
we compared output from the WEN (100% evergreen
needle leaf) and WSD (100% semidesert) simulations
(Table 1).

The semidesert average monthly net radiation Q* was
consistently lower than the evergreen needle leaf Q*,
up to a maximum difference of 45 W m22 in July (about
23% lower for the annual average) (Fig. 4a, Table 2).
Semidesert soil surface and leaf temperatures were higher than corresponding evergreen needle leaf temperatures (;38–58C), particularly in the summer months,
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TABLE 2. Annual averages for GWEST and GEAST simulations at
2.88 spatial resolution. Fluxes (QH, QE, QG) are positive away from
the surface. Land-cover types shown below represent 100% of the
grid cell. Values on GWEST second rows are percent differences
from WEN simulation, while those on GEAST second rows are differences from ESG simulation. See Table 1 for a description of each
simulation.

Net radiation (Q*)
(W m22)
Sensible heat (QH)
(W m22)
Latent heat (QE)
(W m22)
Soil heat flux (QG)
(W m22)
Total runoff
(mm month21)
Zonal wind stress
(N m22)

WEN
(Evergreen
needle
leaf)

WSD
(semidesert)

ESG
(Short
grass)

ESD
(Semidesert)

129.9
—
93.2
—
38.2
—
24.3
—
0.73
—
0.97
—

99.9
223.1%
68.7
226.3%
36.8
23.7%
29.7
1125.6%
2.00
1174.0%
0.12
287.6%

100.3
—
72.9
—
30.3
—
23.7
—
0.29
—
0.14
—

94.4
25.9%
71.2
22.3%
29.4
23.0%
29.6
1159.5%
0.79
1172.4%
0.13
27.1%

which resulted in a slight increase in the upward longwave radiation (not shown). This accounted for a decrease in Q* in these months. A more significant effect
on Q* throughout the year was the decrease in semidesert Q* resulting from the higher prescribed albedo
of the semidesert cover type (0.25 versus 0.14 for evergreen needle leaf).
On an annual basis, the lower semidesert Q* was
partitioned into a lower sensible heat flux (QH), slightly
lower latent heat flux (QE), and a doubling of ground
heat flux (QG) (Table 2). Within VBATS, the important
differences between the semidesert and evergreen needle leaf parameterizations, besides albedo, are a high
fractional vegetation cover for evergreen needle leaf
(0.7–0.8) compared to semidesert (0.0–0.1), a smaller
prescribed seasonality in LAI for evergreen needle leaf,
and a larger roughness length for evergreen needle leaf
(1.0 m) compared to semidesert (0.1 m). Due to the
relatively dry climate forcings (average monthly precipitation was less than 30 mm), the significance of the
interaction of moisture with vegetation (interception,
transpiration) was greatly reduced. Hence, because of
the lack of available moisture, predicted QE differed by
only a small amount annually (1.4 W m22) despite the
large difference in vegetation cover. The annual difference between semidesert and evergreen needle leaf Q*
was therefore primarily accounted for by QH.
The characteristics of the evergreen needle leaf QE
were peaks in March and May, a trough in April, and
a generally flat profile in July–November (Fig. 4c). Generally, this profile followed that of the GWEST precipitation seasonality (not shown), with the exception being
the peak in March, which was driven by substantial
snow melt and subsequent ground evaporation. The predicted snow pack decreased from 43 mm of water in
February to 18 mm in March (not shown).

VOLUME 125

Semidesert QE was most different from that of evergreen needle leaf QE in January–March, with the differences in other months being less than 6 W m22 (Fig.
4c). The differences in January–March can be seen most
clearly by dividing the modeled evapotranspiration into
components of transpiration, intercepted leaf evaporation, and ground evaporation (Fig. 5). In January and
February when there was no transpiration for either
land-cover type, ground evaporation was similar and
snowmelt was minimal, the semidesert evapotranspiration was less than that for evergreen needle leaf primarily because of the near-zero intercepted leaf evaporation (Fig. 5d). In March, transpiration was still not
important in the water balance, but the semidesert
ground evaporation became much larger than the evergreen needle leaf ground evaporation and more than
offset the decreased intercepted leaf evaporation. For
other months (April–December), the smaller semidesert
transpiration and intercepted leaf evaporation was balanced for the most part by the increase in ground evaporation. As a result, under these climatic forcings, the
semidesert QE was quite similar to the evergreen needle
leaf QE during the months of April–December.
The magnitude of the evergreen needle leaf QG was
less than 5 W m22 for all months except September to
November when there was increased heat flux from the
deeper layers of the soil to the surface as the surface
soil cooled (Fig. 4d). The semidesert QG was a more
significant component of the energy balance than the
evergreen needle leaf QG because of the lower fraction
of vegetation cover in semidesert.
Runoff amounts for evergreen needle leaf were near
zero for all months except March–May (Fig. 4e). The
peak in April occurred when the surface soil water was
at a maximum for the year due to snowmelt and subsequent infiltration. The peak runoff for semidesert came
one month earlier and was larger than the evergreen
needle leaf runoff peak. The relative lack of vegetation
in the semidesert cover type allowed more precipitation
to reach the ground and increased the surface soil water
more quickly than in the evergreen needle leaf simulation. Surface soil water for semidesert peaked one
month earlier (not shown). Consequently, snowmelt and
further precipitation combined to create an earlier runoff
peak.
Since the wind forcings were identical in both simulations, the average zonal wind stress for a given month
was primarily affected by differences in surface roughness. The effective surface roughness of the semidesert
cover type is essentially that of bare soil and is much
smoother than that of evergreen needle leaf. Consequently, zonal wind stress was significantly lower in the
semidesert simulation (Fig. 4f).
2) GEAST

GRID CELL

In the GEAST domain, at 2.88 resolution, the NC2
and EDC datasets prescribe short grass while the GAP
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FIG. 5. Results from GWEST VBATS simulations at 2.88 spatial resolution: WEN (100% evergreen needle
leaf) and WSD (100% semidesert). Monthly averages of (a) total evapotranspiration, (b) ground evaporation,
(c) transpiration, and (d) intercepted leaf evaporation.

dataset prescribes semidesert as the dominant cover
type. Therefore, we compared output from the ESG
(100% short grass) and ESD (100% semidesert) simulations (Table 1).
Semidesert Q* was lower than short grass Q* by no
greater than 10 W m22 in any month (Fig. 6a) and by
less than 6% for the annual average (Table 2), indicating

that these two cover types influence net radiation similarly for these climatic forcings. The smaller Q* of
semidesert resulted in a smaller QH than short grass in
most months (Fig. 6b), while monthly QE was mostly
unchanged (,3 W m22), except in July (;8 W m22)
(Fig. 6c). The 8 W m22 decrease in semidesert Q* appears to be due to the difference between the simulated
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FIG. 6. Results from GEAST VBATS simulations at 2.88 spatial resolution: ESG (100% short grass) and
ESD (100% semidesert). Monthly averages of (a) net radiation, (b) sensible heat, (c) latent heat, (d) soil heat
flux, (e) total runoff, and (f) zonal wind stress. Fluxes are positive away from the surface.

transpiration for this month. The maximum difference
in transpiration between these two simulations occurred
in July, the month of peak transpiration for both cover
types.
The VBATS parameterizations of short grass and
semidesert are quite similar in most respects. Of the
14 biophysical parameters that represent each cover

type, only two (maximum fractional vegetation cover
and maximum LAI) are notably different between cover types. Semidesert is parameterized by a small maximum fractional vegetation cover (0.1 versus 0.8 for
short grass) and high maximum LAI (6 versus 2 for
short grass). The results indicate that for these atmospheric forcings, the combination of high LAI and low
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fractional vegetation cover produces nearly the same
surface fluxes as low LAI and high fractional vegetation cover.
The larger proportion of bare soil in the semidesert
cover type resulted in a larger QG contribution during
the cold season, although it was still a small proportion
of the total energy budget (Fig. 6d). Runoff for the
semidesert simulation was slightly increased over that
of the short grass simulation because of the difference
in fractional vegetation cover (Fig. 6e). Zonal wind
stress was virtually identical (,0.02 N m22 difference)
for the two simulations (Fig. 6f).
c. VBATS sensitivity to differences between full
resolution EDC and GAP datasets
1) GWEST
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GRID CELL

Despite the substantial differences in land cover prescribed by the full-resolution EDC (WEDC.FR) and
GAP (WGAP.FR) datasets (compare Fig. 2a with Fig.
2b), the simulated monthly fluxes were similar except
in the summer months (Fig. 7). Annually, the
WGAP.FR simulations of Q*, QH, and QG differed
from the corresponding WEDC.FR quantities by 0.6,
1.6, and 0.3 W m22, respectively (Fig. 8). The annual
difference in QE was about 2.5 W m22, but the monthly
differences in QE were up to 8 W m22 in the summer
months.
An analysis of the subcell fluxes revealed that the
difference in QE between the two datasets was primarily
related to the relative proportions of the wet cover types
(inland water and irrigated crop) prescribed by each of
the satellite-derived datasets (Fig. 2a and Fig. 2b). The
GAP and EDC datasets classify 6% and 2% of the grid
cell, with soil water maintained either at saturation or
at field capacity, respectively. In the dry climatic conditions considered here, even small proportions of these
wet cover types substantially increased the availability
of moisture in the grid cell. Consequently, the larger
proportions of wet cover types in the GAP dataset relative to the EDC dataset caused a higher QE in months
when energy was present to evaporate the increased
available moisture. The aggregated contribution of the
other cover types to the grid-cell QE was effectively the
same for both datasets.
Monthly runoff amounts were also noticeably different between the two simulations due to the proportions
of these two wet cover types, particularly during the
summer months (Fig. 7e). Both wet cover types require
water (supplied by negative runoff in VBATS) to make
up for losses from evaporation and soil infiltration. Due
to the small runoff amounts from the other subcells, the
overall grid cell runoff was dominated by negative runoff from subcells containing these two cover types.
The land-cover differences between the two datasets
did not significantly affect the monthly zonal wind stress

(Fig. 7f). The annual difference was about 0.03 N m22
(Fig. 8).
2) GEAST

GRID CELL

In the GEAST domain, VBATS was even less sensitive to the differences in satellite-derived land cover
than in the GWEST domain. The annual averages of
Q*, QH, QE, and QG differed by at most 1.5 W m22
(Fig. 9). Monthly differences of these quantities were
consistently small (not shown). This is primarily because the grid cell is dominated by two cover types
(short grass and semidesert) that influence surface fluxes similarly in these simulations (see section 3b) and
because the wet cover types only occupy 3% and 1%
of the GAP and EDC grid-cell land cover, respectively
(about one-half that of GWEST wet land cover). Runoff
again differed between the two datasets because of the
inland water and irrigated crop cover types, although
not quite as much as in the GWEST domain (Fig. 9).
Annual zonal wind stress values differed by 0.06 N m22
(Fig. 9).
d. VBATS sensitivity to coarser prescriptions of land
cover
Reductions in dataset spatial resolution decreased the
number of cover types in each grid cell, with different
results depending on the dataset. Here we compare the
output from the full-resolution simulations to simulations that use reduced resolution versions of the datasets.
1) GWEST

GRID CELL

Average annual Q* was slightly higher for both the
GAP and EDC datasets at coarse spatial resolution than
at finer spatial resolution (Fig. 8). The QH increased
and QE decreased as the number of cover types were
reduced with aggregation. The changes in QH and QE
were largest in the months of April through October
(not shown). Part of the reduction in QE and, therefore,
some of the increase in QH during these months can be
attributed to the reduction or elimination of the irrigated
crop and inland water cover types in the coarser-resolution datasets. The reduction in QE was largest for the
GAP dataset, which at full resolution had the largest
wet cover type component (6%). In the winter months,
snow and cold temperatures combined to reduce the
effects of the wet cover types and of differences in
vegetated land cover on QE at the various spatial resolutions. During these months, transpiration was zero
and evaporation from both soil and water surfaces was
suppressed by the snow cover and by the low amount
of energy available at the surface.
Runoff was substantially affected by the wet cover
types with the greatest increase in grid-cell runoff occurring in the GAP datasets as the wet cover types were
reduced or eliminated (Fig. 8). Annually averaged zonal
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FIG. 7. Results from GWEST VBATS simulations using the full-resolution EDC (WEDC.FR) and GAP
(WGAP.FR) land-cover datasets. Monthly averages of (a) net radiation, (b) sensible heat, (c) latent heat, (d)
soil heat flux, (e) total runoff, and (f) zonal wind stress. Fluxes are positive away from the surface.

wind stresses differed by 0.07 and 0.12 N m22 between
the EDC and GAP full and 0.48 resolution datasets,
respectively (Fig. 8).
2) GEAST

GRID CELL

The relative homogeneity of the land cover and the
smaller proportion of wet cover types in the GEAST

domain resulted in less significant flux differences as
the spatial resolutions of the EDC and GAP datasets
were reduced. Annual Q*, QH, QE, and QG fluxes differed by at most 1.1 W m22 between the EDC fullresolution simulation (EEDC.FR) and the coarsest resolution EDC dataset (EEDC.4) (Fig. 9). For the GAP
datasets, the magnitude of the differences in Q*, QH,
and QG were similar to those for the EDC data. Dif-
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FIG. 8. Annual averages for GWEST simulations at dataset spatial resolutions of 100 m (WGAP.FR), 1
km (WEDC.FR), 0.28 (WEDC.2, WGAP.2), and 0.48 (WEDC.4, WGAP.4). Fluxes are positive away from
the surface. Runoff values are multiplied by 10.0. Wind stress values are multiplied by 100.0. Numbers in
parentheses on x-axis labels are the number of cover types prescribed by each dataset. See Table 1 for a
description of each simulation.

ferences in QE were larger due to the elimination of
wet cover types in the coarser-resolution GAP datasets.
The runoff differences were smaller than in GWEST
but were still substantial, particularly for the GAP datasets, again due to the irrigated crop and inland water
cover types (Fig. 9). Zonal wind stress differences were
negligible between the EDC datasets and small (,0.03
N m22) for the GAP datasets (Fig. 9).
4. Discussion
The nature of GWEST land cover prescribed by the
satellite datasets at full resolution illustrates a disadvantage of aggregating by dominant cover type. The
dominance of the semidesert cover type in GWEST as
prescribed by the EDC and GAP datasets is weak. Evergreen needle leaf and mixed woodland also occupy
substantial proportions of the grid cell (20% and 17%,
respectively, for the EDC dataset, and 34% and 2% for
the GAP dataset) and are very similar with respect to
most VBATS biophysical parameters. Taken together,
these two cover types as prescribed by the GAP dataset
roughly equal the proportion of semidesert within the
grid cell. For the EDC dataset, the sum of these two
cover types dominates over semidesert. Consequently,
an alternate choice for the GCM grid cell could be evergreen needle leaf, as in the NC2 prescription. This

choice between two dominant cover types is important
here because of the distinctly different effects of the
semidesert and evergreen needle leaf cover types on
surface fluxes (see Fig. 4). It is clear that the biophysical
parameters associated with land-cover types must be
considered when producing GCM-scale land-cover
maps from satellite data. Recently, a new classification
scheme has been proposed that characterizes land cover
according to primary characteristics of vegetation structure in contrast to a traditional taxonomic or floristic
approach (Running et al. 1995). Further, DeFries et al.
(1995) propose replacing discrete vegetation classes
with a set of continuous land surface characteristics.
This latter approach would eliminate the need for assigning a single or even multiple land-cover types to a
grid cell but would require new model parameterizations
based on these continuous characteristics.
The sensitivity of these VBATS simulations to small
proportions of wet cover types (e.g., inland water and
irrigated crop) emphasizes that the consequences of ignoring the potential contribution of certain cover types
to the relative distribution of surface fluxes can often
be disproportionate with respect to their areal coverage
within the grid cell. Land surface parameterizations
have advanced to the point where GCM grid-cell land
cover can now be modeled using more than one land-
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FIG. 9. Annual averages for GEAST simulations at dataset spatial resolutions of 100 m (EGAP.FR), 1 km
(EEDC.FR), 0.28 (EEDC.2, EGAP.2), and 0.48 (EEDC.4, EGAP.4). Fluxes are positive away from the surface.
Runoff values are multiplied by 10.0. Wind stress values are multiplied by 100.0. Numbers in parentheses
on x-axis labels are the number of cover types prescribed by each dataset. See Table 1 for a description of
each simulation.

cover type [e.g., the Land Surface Model (LSM); Bonan
1996]. The choice of how many and which cover types
to use should be evaluated with respect to the land-cover
composition within the grid cell and each cover type’s
response to the range of atmospheric forcing it might
experience.
It is necessary to address the question of whether the
differences in surface fluxes reported here that result
from different representations of land cover would have
any effects on climate. First, we briefly consider the
potential impact of differences between current and satellite-derived land cover on climate simulations that use
the traditional approach to modeling land cover, namely
the assignment of a single dominant land-cover type to
a GCM grid cell. The choice of a dominant land-cover
type can have significant effects on the net radiation at
the land surface and the subsequent partitioning into
sensible and latent heat fluxes (e.g., the choice between
evergreen needle leaf and semidesert in the GWEST
grid cell) (Table 2). GCM studies of the effects of deforestation have shown that the simulated regional climate is modified significantly by the conversion of tropical forest to secondary vegetation (as summarized by
Henderson-Sellers et al. 1993). For example, Dickinson
and Kennedy (1992) simulated large decreases in regional precipitation resulting from initial changes (before atmospheric and surface feedbacks) of 34 W m22

in surface radiative forcing due to differences in landcover albedo and roughness. Hence, it is not unrealistic
to expect that the choice of the dominant cover type in
the GWEST grid cell could have some effect on the
simulated regional climate.
Second, we consider the effects of differences in land
cover if land-cover heterogeneity is modeled to some
limited extent. It is possible that the choices among the
land-cover prescriptions represented by the various spatial versions of the satellite-derived datasets may not
matter a great deal when used in climate simulations
under the assumptions made in the modeling approach
used here (Fig. 8 and Fig. 9). Maximum differences in
annual net radiation and sensible and latent heat fluxes
are on the order of a few watts per square meter. However, in GWEST, the values of surface fluxes obtained
using these heterogeneous land-cover representations
(Fig. 8) differ substantially from the homogeneous representation (Table 2). For example, the simulated annual
average of net surface radiative forcing using the
WEDC.FR dataset is 111 W m22, while use of the NC2
dominant cover type results in a value of 130 W m22.
Again, based on the magnitude of this difference, it
would be reasonable to expect that the simulated regional climate could be affected. Further support for
this is offered in a recent regional modeling study of
the effects of potential versus current vegetation distri-
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butions on United States regional climates (Copeland et
al. 1996). By comparing regional climate model simulations using potential and satellite-derived vegetation
distributions, they suggested that current land use has
resulted in warmer and wetter summertime surface conditions in certain United States regional areas. For example, the conversion of land cover from short-grass
prairie to crop/mixed farming in the central plains resulted in a 5% decrease in simulated precipitation in
this region.
It is important to note two important limitations of
this type of modeling with respect to predicting the behavior of land surface parameterizations within GCMs.
First, the effects of atmospheric feedback are ignored
in these simulations. These effects can be positive or
negative, though coupled experiments generally produce lower sensitivities than uncoupled ones (Henderson-Sellers 1993).
Second, the relevance of the model sensitivities described here to the potential behavior of LSPs within
GCMs is restricted to applications that do not consider
the influences of subgrid atmospheric forcing. In our
simulations, we have applied the same mean grid climate forcing to all subcells. The application of a more
realistic distribution of atmospheric forcings to the subcells would alter the sensitivities described here. In particular, although the average yearly Wyoming precipitation derived from VEMAP data compares favorably
with the 30-yr climatology for the state described by
Martner (1986), the significant spatial variability in precipitation is not represented here. VBATS’s sensitivity
to differences in satellite-derived land cover could be
significantly affected by considering this spatial variability in precipitation. By applying the average precipitation forcing to all subcells, those with the most
vegetation (e.g., evergreen needle leaf) tend to receive
a smaller amount of precipitation than might normally
be expected, while semidesert subcells could receive
more precipitation than normal. This could minimize
differences in controls on surface fluxes by these two
land-cover types. Several investigators are exploring the
sensitivity of land surface parameterizations to subgrid
climate forcing with both stand-alone and coupled simulations (e.g., Entekhabi and Eagleson 1989; Pitman
1991; Pitman et al. 1993; Seth et al. 1994).
5. Conclusions
Comparison of two satellite-derived land-cover datasets with a standard map–atlas-based dataset commonly used in GCMs revealed substantial differences
in the areal proportions of land-cover types within two
2.88 3 2.88 Wyoming GCM grid cells. Aggregation of
the satellite-derived land-cover data to the GCM grid
cell resolution resulted in a different designation of land
cover for both grid cells than is used in the standard
map–atlas product. In the western grid cell, this resulted
in substantial differences in the magnitudes of surface
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fluxes simulated by a land surface parameterization
scheme. In the eastern grid cell, the resulting differences
in surface fluxes were smaller because of the similar
biophysical parameterization of the two dominant cover
types prescribed by the datasets. These results support
the assertion that accurate satellite-derived land-cover
datasets are needed to improve prescriptions of land
cover within current GCMs (Townshend et al. 1991).
Our results also support other studies suggesting that
land-cover heterogeneity needs to be considered when
modeling the effects of the land surface on climate (Avissar and Pielke 1989; Bonan et al. 1993; HendersonSellers and Pitman 1992). For these Wyoming GCM
grid cells, land-cover heterogeneity effects on average
annual sensible and latent heat fluxes may be reasonably
modeled (less than 10% difference from fluxes calculated by the model using the land-cover data at its finest
spatial resolution) by accounting for the presence of a
relatively small number of cover types (under the assumption that subgrid scale fluxes can be combined linearly). Recently developed land surface parameterizations have the capability to account for this extent of
within-cell land-cover heterogeneity (e.g., Bonan 1996).
The simulations performed here also suggest that for
arid regions, the partitioning of net radiation into sensible and latent heat fluxes is influenced by relatively
small proportions of ‘‘wet’’ cover types (e.g., inland
water and irrigated crop) within the grid cell. Therefore,
some consideration should be given to including wet
cover types when modeling the grid-cell land cover in
arid regions.
In general, these results suggest that the value of highresolution land-cover datasets depends on the presence
of certain critical land-cover types and on the biophysical differences among other types. Land-cover classification schemes for climate modeling should ideally be
flexible in terms of spatial resolution and information
content to take account of model sensitivities to different
surface conditions. The simplest way of achieving this
flexibility would be to maintain as fine a spatial resolution and as detailed a classification scheme as possible
in the archived land surface products. This would of
course increase data processing and storage requirements.
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