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ABSTRACT
Land surface heterogeneity over an area of 71 km 3 74 km in the lower Walnut River watershed, Kansas,
was investigated using models and measurements from the 1997 Cooperative Atmosphere Surface Exchange
Study (CASES-97) field experiment. As an alternative approach for studying heterogeneity, a multiscale atmospheric and surface dataset (1, 5, and 10 km) was developed, which was used to drive three land surface
models, in uncoupled 1D mode, to simulate the evolution of surface heat fluxes and soil moisture for approximately a 1-month period (16 April–22 May 1997) during which the natural grassland experienced a rapid
greening. Model validation using both surface and aircraft measurements showed that these modeled flux maps
have reasonable skill in capturing the observed surface heterogeneity related to land-use cover and soil moisture.
The results highlight the significance of rapid greening of grassland in shaping the surface heterogeneity for the
area investigated. The treatment of soil hydraulic properties and canopy resistance in these land surface models
appears to cause the majority of differences among their results. Several factors contributing to the discrepancy
between modeled and aircraft measured heat fluxes in relation to their respective time–space integration were
examined. When land surface heterogeneity is pronounced, modeled heat fluxes agree better with those measured
by aircraft in terms of spatial variability along flight legs. When compared to Advanced Very High Resolution
Radiometer/Normalized Difference Vegetation Index (AVHRR/NDVI) data, it is demonstrated that modeled heat
flux maps with different spatial resolutions can be utilized to study their scaling properties at local or regional
scales.

1. Introduction
Developing different approaches to representing subgrid-scale variability effects for atmosphere–hydrology
*The National Center for Atmospheric Research is sponsored by
the National Science Foundation.
Corresponding author address: Fei Chen, National Center for Atmospheric Research, P.O. Box 3000, Boulder, CO 80307.
E-mail: feichen@ncar.ucar.edu

models has become a primary focus of many recent
studies. The mosaic approach (e.g., Avissar and Pielke
1989; Koster and Suarez 1992; Bonan et al. 1993; Koster et al. 2000) divides the model grid into finer subgrid
elements and assumes that they are homogeneous. The
subgrid elements are then evaluated separately by applying surface-energy equations to each. The grid-average fluxes are obtained by a fractional weighting of
the subgrid fluxes. Koster et al. (2000) proposed to partition a large area of land surface into a mosaic of hydrologic catchments that represent distinctive hydrolog-
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ic regimes. The statistical-dynamical approach (Entekhabi and Eagleson 1989; Famiglietti and Wood 1991;
Li and Avissar 1994) uses probability density functions
(PDFs) to describe subgrid-scale variability in land surface characteristics such as precipitation, soil moisture,
leaf area index, and topography, etc., and derives PDFs
for an aggregate response of the surface fluxes. The
mesoscale flux approach (e.g., Pielke et al. 1991; Avissar and Chen 1993; Chen and Avissar 1994) argues
that, in addition to the random turbulence mixing, the
organized sea-breeze-like mesoscale circulations generated by the differential heating at subgrid scales
should contribute to the area-integrated fluxes.
One fundamental issue concerning these modeling approaches is how to verify their methods and results.
Lack of rigorous validation of those approaches against
observations severely limits the application of subgridscale parameterizations in coupled atmosphere–hydrology models. For instance, Sellers et al. (1995) utilized
the First International Satellite Land Surface Climatology Project Field Experiment (FIFE) observations to
investigate the effects of spatial variability in topography, vegetation cover, and soil moisture on area-integrated surface fluxes. However, the FIFE experimental
area in their study only covers a small domain (15 km
3 15 km) dominated by grassland. As such, their conclusions may not be applicable to larger (or more complex) inhomogeneous situations. By contrast, Shaw and
Doran (2001) found, based on data from the Southern
Great Plains Cloud and Radiation Testbed, that a boundary layer circulation is likely attributed to land use differences at the scale of 100 km. They also found that
these circulations are more likely related to gentle topographic features than to land-use differences.
Applying land surface models developed/tested at one
scale (e.g., point or catchment) to atmospheric models
running at another scale (e.g., mesoscale or regional
scale) involves the transfer of information across scales
and is thus called scaling (Bloschl and Sivapalan 1995).
This requires understanding the characteristic length (or
time) of a process, observation, or model. Some studies
show encouraging results by combining surface-flux
tower and aircraft measurements for scaling up fluxes
at regional scales (Desjardins et al. 1997; Ogunjemiyo
et al. 1997). Nevertheless, surface-flux towers can only
measure fluxes at a few sites and aircraft flux measurements are taken for short periods of time. As an alternative way to investigate the effects of land surface
heterogeneity and their scaling properties, we developed
a multiscale, continuous, gridded dataset including atmospheric, surface, and subsurface observations based
on the 1997 Cooperative Atmosphere Surface Exchange
Study (CASES-97) field experiment (LeMone et al.
2000; Yates et al. 2001), which covers a large region
on the order of 100 km, across the Walnut River watershed in southern Kansas. With a dense network of
surface-flux tower observations, the CASES-97 field experiment site encompassed various land-use types in-

cluding natural grassland, winter wheat, trees, and urban
areas. This, together with a soil moisture gradient imposed by convective precipitation, presents an excellent
opportunity to study the surface heterogeneity at the
mesoscale in the semiarid regions of the Great Plains.
The CASES-97 near-surface observations were gridded
over an area of 71 km 3 74 km at three scales, namely,
1, 5, and 10 km, and were used to drive three soil–
vegetation–hydrology models, in uncoupled 1D mode,
to generate multiscale gridded surface heat flux maps.
One important issue addressed here is how to compare
low-level aircraft-measured heat flux with modeled surface heat flux, because of the difference in their footprints and temporal resolution. The unique aspect of this
study is the use of these modeled flux maps, as pseudoobservations, to examine issues related to the influence
of subgrid-scale heterogeneity at the mesoscale and the
scaling up of surface heat fluxes. This two-part paper
presents our research effort that focuses on scaling of
surface heterogeneity. In the current paper (Part I), we
describe this multiscale atmospheric dataset, the essence
of the three land surface models (LSMs), the approach
to generate surface heat flux maps by models, and comparison of modeled flux maps with surface-flux tower
and aircraft data. In Yates et al. (2003, hereafter Part
II), we investigate the scaling up of modeled surfaceflux maps produced by the three LSMs under various
vegetation, soil, and atmospheric conditions. Statistics
are computed from Advanced Very High Resolution Radiometer/Normalized Difference Vegetation Index
(AVHRR/NDVI) to compare with surface fluxes calculated by each LSM.
2. Data and land surface models
a. Atmospheric forcing and surface boundary data
The multiscale, gridded atmospheric forcing data
used in this study are based on the measurements obtained from the S-Pol radar, the Next Generation Weather Radar (NEXRAD), and 10 surface-flux tower stations
over the CASES-97 observation array for the period of
16 April–22 May 1997. The CASES site is located in
the lower Walnut River watershed, Kansas, and a detailed description of the CASES-97 field experiment can
be found in LeMone et al. (2000). The goal of CASES
is to obtain a quantitative understanding of the interactions among the subsurface, the surface vegetation
and soil, and the atmosphere—from the surface through
the boundary layer into the free troposphere, over timeand space scales ranging from those associated with
turbulence up to years and 100 km, respectively. The
first episodic experiment, CASES-97, was conducted
during April–June 1997 to look at the role of surface
characteristics in determining the diurnal variation of
wind, temperature, and moisture in the planetary boundary layer (PBL); to study rainfall and soil moisture scal-
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FIG. 1. The location of 10 surface-flux tower stations, NEXRAD, and S-Pol radar in the experimental array for the
CASES-97 field campaign. Also showing are the Walnut River watershed (thick dark line), elevation contours (light
thin lines), the 74 km 3 71 km modeling domain, and the aircraft flight transects. The King Air flight legs on 29
Apr, and 4 and 10 May were along transect A, and those on 20 May were along transect B. The King Air had a
shorter leg on 4 May than on 29 April. The Twin Otter flight legs were along the transect B on 29 Apr, and 4 and
10 May, and along the transect C on 20 May.

ing; and to test Weather Surveillance Radar-1988 Doppler (WSR-88D) precipitation-estimation algorithms.
Figure 1 shows the experimental array for CASES97, and the numbers in the figure denote surface-flux
stations, sited so that the surface data are in rough pro-

portion to land use. These surface-flux stations sampled
heat, moisture, and momentum fluxes using eddy correlation techniques. Near-surface temperature, wind,
pressure, rainfall, net radiation, and (at stations 1–8)
radiometric surface temperature were also measured.
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FIG. 2. Spatial distribution of land-use types in the 1-km gridded modeling domain (the
rectangle box shown in Fig. 1).

These observed atmospheric forcing and surface radiative fluxes were interpolated, using a cubic-spline interpolation algorithm, into a domain of 71 km 3 74 km
with a time interval of 30 min and at three spatial resolutions: 1, 5, and 10 km (Yates et al. 2001). Verified
against observations, this interpolation approach produced satisfactory results for this type of land surface
modeling study (Yates et al. 2001).
The gridded precipitation data were a hybrid product,
merged from the high-resolution (roughly 100 m in
space and 5-min in time) S-Pol radar operated for five
heavy rainfall events and the continuous hourly 4-km
NEXRAD observations. Although atmospheric conditions such as wind and temperature in this dataset resulting from the cubic-spline interpolation may appear
homogenous, the use of a high-resolution rainfall field
introduced much of the desired heterogeneity. Moreover, 1-km State Soil Geographic Database (STATSGO)
soil texture and 1-km land-use cover maps (see Fig. 2)
were used to capture the heterogeneity at small scales.
The results show that 32% of the domain was covered
by winter wheat (mostly in the western part), 62% of
the domain is grassland (mostly in the eastern part), and
the rest of the domain consists of urban area, water, and
trees.
To initialize soil moisture at various depths in the
three models, we ran a simple water budget model with
eight-layers (soil depths are 0.05, 0.05, 0.1, 0.1, 0.1,
0.2, 0.2, 0.2 m) for a roughly 5-month spinup period (1
January–16 April 1997). This model used the precipitation obtained from Wichita’s NEXRAD (WSR-88D)

and analyzed atmospheric forcing conditions based on
local weather station measurements. Three LSMs used
the soil moisture field generated by the water budget
model to further spin up in each model for another 10
days, because surface observations that we used to verify models started on 27 April 1997.
b. Validation data
Surface, aircraft, and remote sensing data were used
in this study to evaluate the simulations by three land
surface models and to study the scaling of surface heat
fluxes. Data from the AVHRR were archived and corrected to derive the NDVI by Argonne’s Atmospheric
Boundary Layer Experiments (ABLE) group (Song et
al. 2000), and the NDVI data were computed for the
five CASES-97 intensive observation periods (IOPs):
28 April, 4 May, 10 May, 16 May, and 20 May 1997.
The AVHRR data were obtained by direct reception of
a National Oceanic and Atmospheric Administration
satellite (NOAA-14), and the size of each satellite pixel
is about 1 km. The satellite view angle varied from 488
to 44.588 on the three days, which has been taken into
account in computing atmospheric corrections. With
these views at the small solar zenith angles at the time
of the satellite overpasses, the effects of bidirectional
reflection on NDVI could be assumed to be negligible.
The reflectances in the red waveband (channel 1, 0.58–
0.68 mm) and near-infrared waveband (channel 2, 0.73–
1.10 mm) were used to estimate NDVI.
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1) HEAT

FLUXES MEASURED AT SURFACE-FLUX
TOWER STATIONS

The 30-min averages of first- and second-order moments were computed from data obtained at surfaceflux tower stations 1–8 and 10. For station 9, the procedure is the same except that latent heat flux is found
as the residual from the surface-energy balance equation. Data obtained from station 10 are not used for
validation because of its much shorter time coverage.
The momentum and sensible and latent heat fluxes (u*,
H, LE) have been computed from the sonic data using
all known corrections. The surface ground heat flux has
been computed from the soil heat flux plus heat storage
determined from soil temperature and moisture measured at 5 cm below the surface. Soil moisture and temperature were sampled continuously at ;5 cm below
the surface at stations 1–9. Roughly every 10 days, soil
moisture profiles were sampled down to 70 cm at station
7 and to 90 cm at station 8.
2) AIRCRAFT-DERIVED

HEAT FLUXES

The aircraft-derived sensible heat flux is estimated
from
H 5 r cp

1
N

O w9u9,
N

(1a)

1

where the (9) is a departure from a linear trend over the
flight leg, r is total air density, w is vertical velocity, u
is potential temperature, and N is the number of points
in the average. We use u because it is less sensitive to
changes in aircraft altitude compared to temperature.
Similarly, latent heat flux LE is given by
LE 5 r d L

1
N

O w9mr9,
N

(1b)

1

where mr is mixing ratio, r d is dry air density, and L
is the latent heat of vaporization.
In theory, this captures fluxes due to eddies of wavelength up to the aircraft leg length, which extends up
to 50 km. In practice, the larger eddies are only poorly
sampled (e.g., Mann and Lenschow 1994), leading to
large scatter in flux estimates, particularly for moisture.
The alternative, to account for only the shorter wavelengths, usually leads to significant underestimation of
fluxes (Desjardins et al. 1992; Betts et al. 1992).
To prepare the dataset for direct comparison with the
surface data, we took the following steps. 1) We computed the fluxes at 1-km intervals along the leg using
Eq. (1), and the primed quantities are still relative to
the whole-leg linear trend. Thus the average of the 1km fluxes will equal the total leg flux. 2) We interpolated
the data to points lying at 0.018 increments in longitude
(e.g., 97.008, 97.018, etc). And 3) we performed a fourpoint running mean and assigned the data to the center
point. This four-point filter was selected by trial and
error in a balance to reduce scatter but have an average
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over as small an area as possible. The result is close to
the 4-km running average at 1-km intervals selected by
Desjardins et al. (1992) in their comparisons of aircraft
CO 2 fluxes to satellite-derived surface greenness index.
The exact distance (in km) between the points in our
case is given by
d;

)

)

1.11 cos(f )
,
sin(h)

where f is latitude, and h is heading. Typical latitudes
are 37.58–37.68; typical flight tracks and corresponding
distances between points are ;988 (0.9 km), ;608 (1.0
km), or 658 (1.0 km).
c. Land surface models
Three land surface models with different degrees of
complexity were used in this study to generate monthlong multiscale surface-flux maps. The first LSM, the
atmosphere–soil–vegetation model SOLVEG, consists
of multilayer submodels for atmosphere, soil, and vegetation (Nagai 2002). For this intercomparison study,
we used 10 atmosphere layers (height for each layer:
0.1, 0.3, 0.5, 0.7, 1.0, 1.5, 3.0, 5.0, 8.0, and 12.0 m), 7
soil layers (depths of layers: 0.02, 0.03, 0.05, 0.1, 0.2,
0.5, and 1.0 m), and 9 vegetation layers (same as the
lower 9 layers of the atmosphere). The atmosphere submodel calculates momentum, heat, and water conservation and transport through diffusion, phase change of
water, heat and water exchange with soil and vegetation,
aerodynamic resistance, and turbulence production by
the ground surface and vegetation. The soil submodel
simulates the heat and water transport through heat conduction, water transport, phase change of water, reflection, absorption and emission of radiation at the ground
surface, heat and water exchange with the atmosphere,
and precipitation. The vegetation submodel evaluates
heat and water budgets on the leaf surface, vertical flux
of liquid water in the canopy, and transmission of solar
and atmospheric radiation. Those submodels are linked
with each other by heat and water exchange. Submodel
variables include 1) atmosphere: horizontal wind components, potential temperature, specific humidity, fog
water, turbulence kinetic energy, and turbulence length
scale; 2) soil: soil temperature, volumetric water content, and specific humidity of air within soil; and 3)
vegetation: leaf surface temperature, and leaf surface
liquid water.
The second LSM, the National Center for Atmospheric Research (NCAR) LSM, utilizes the tile approach for representing multiple surface types within a
grid cell and simulates the energy, momentum, water,
and CO 2 exchange between the atmosphere and land
accounting for ecological differences among vegetation
types, and thermal and hydrological differences among
soil types (Bonan 1996). A number of processes, including ecosystem dynamics (vegetation phenology),
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TABLE 1. Major submodel components of three land surface models: OSU LSM, NCAR LSM, and SOLVEG.

Component
Atmosphere component
Ecosystem structure/plant
phenology
Soil layers
Surface albedo, radiative
fluxes
Momentum, sensible heat
and latent heat fluxes;
vegetation and ground
temperature
Plant canopy and soil vapor phase
Runoff; lower boundary
CO 2, nitrogen fluxes
Subgrid variability

OSU LSM
None
One canopy layer, simple canopy
resistance
Four layers with depths of 0.1, 0.3,
0.6, and 1 m; plant rooting
depth: 1 m
No spectral dependence, short- and
longwave radiation
Single linearized energy balance
equation representing combined
ground/vegetation surface
No

NCAR LSM

SOLVEG

None
u, y, u, u9, y9, u9; multilayer
One canopy layer; LAI used in ex- Multiple canopy layer; LAI applicit resistance scheme
proach
Six layers with depths of 0.1, 0.2, Seven layers with depths of 0.02,
0.4, 0.8, 1.6, and 3.2 m; rooting
0.03, 0.05, 0.1, 0.3, 0.5, and 1.0
depth: about 1.5 m
m; rooting depth: 1 m
Explicit two-stream approximation Explicit calculation of visible and
of diffuse and direct for visible
near infrared
and near infrared
Coupled energy and water budget Coupled energy and water budgets
for surface, solved iteratively for
for surface temperature and huplants and soil
midity, iteratively solved for foliage and soils
No
Yes

Surface runoff considering subgrid- Horton, Dunne based on stochastic None surface runoff; gravity drainscale rainfall and soil moisture;
soil moisture; gravity drainage
age
gravity drainage
No
Yes
No
None; single 1D vertical grid rep- Subgrid mosaic based on fractional None; single 1D vertical grid represents grid average flux
land cover weighting; precipitaresents grid average flux
tion and soil moisture

biophysical processes (radiative transfer within canopy,
stomatal physiology), hydrologic processes (infiltration
and runoff, water transfer within soils), and biogeochemical processes (photosynthesis, plant respiration,
net primary production), are taken into account in this
complex model. It is used here with six soil layers and
one canopy layer.
Compared to SOLVEG and NCAR LSM, the third LSM
[the so-called Oregon State University (OSU) LSM or
National Centers for Environmental Prediction (NCEP)/
OSU/Air Force/Office of Hydrology (NOAH) LSM] is a
rather simple model. It is based on the work of Pan and
Mahrt (1987) and extended by Chen et al. (1996) to include
the modestly complex canopy resistance approach of Jacquemin and Noilhan (1990). It has one canopy layer and
the following prognostic variables: soil moisture and temperature in the soil layers, water stored on the canopy, and
snow stored on the ground. For the soil model to capture
the daily, weekly, and seasonal evolution of soil moisture
and also to mitigate the possible truncation error in discretization, we use four soil layers, and the thickness of
each layer is 0.1, 0.3, 0.6, and 1.0 m, respectively. The
total soil depth is 2 m, with the root zone in the upper 1
m of soil. The surface skin temperature is determined
following Mahrt and Ek (1984) by applying a single linearized surface energy balance equation representing the
combined ground/vegetation surface. Table 1 summarizes
the major components (submodels) of these three LSMs.
More detailed information can be found in the abovementioned references.
3. Results and discussion
a. Rapid greening process of grassland
The two dominant land-use types in our modeling
domain of 5254 km 2 are grassland (pasture) and winter

wheat. Modern-era land surface models often include
an explicit treatment of vegetation and, hence, require
the knowledge of a few primary vegetation parameters
that includes the vegetation (land use) type, the fractional area of the vegetation (horizontal density), and
the leaf area index (LAI) (vertical vegetation density).
The vegetation fraction is defined as an area average
shielding factor that represents the degree to which the
foliage prevents shortwave radiation from reaching the
ground and also is coupled to LAI (Deardorff 1972).
Many land surface models refer to the green vegetation
fraction as the fraction of canopy leaves that are photosynthetically active. LSMs use this variable to partition the total evaporation into direct evaporation from
bare soils and plant transpiration via the uptake of water
from the vegetation root zone. To a large extent, the
definition of green vegetation fraction is similar to the
fraction of photosynthetically active radiation (FPAR)
(of the incident radiation in photosynthetically active
wavelengths) that is actually absorbed by green, living
vegetation.
LAI and green vegetation fraction can be specified as
time varying parameters depending on vegetation type,
or they can be derived from remote sensing data. One
satellite-derived variable used the most frequently to
characterize the vegetation characteristics is NDVI obtained from AVHRR. It is, however, difficult to simultaneously derive LAI and green vegetation cover from
a single product NDVI, unless one of them is prescribed.
According to Gutman and Ignatov (1998), it is more
justified to prescribe LAI and derive vegetation fraction.
In addition, while green vegetation fraction and LAI are
about equally important, the natural variability (a priori
uncertainty) in vegetation fraction seems substantially
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FIG. 3. Comparison of latent heat fluxes between CASES-97 observation and simulations by
OSU LSM with two sets of estimates of green vegetation fraction for the grassland station 2:
1) OSU LSM, using green vegetation fraction derived from five IOP NDVI with Gutman and
Ignatov (1998) method, and 2) OSU LSM new vegetation, using green vegetation fraction
estimated from site photographs. Note that observation (solid line) started on 29 Apr 1997.

higher. Assuming a prescribed large LAI, Gutman and
Ignatov (1998) suggested the following relationship to
calculate the green vegetation fraction ( f g ):
fg 5

(NDVI 2 NDVI0 )
.
(NDVI` 2 NDVI0 )

(2)

They prescribed NDVI 0 5 0.04 (with a standard deviation s 0 ; 0.03) and NDVI` 5 0.52 (with s 0 ; 0.03)
as seasonally and geographically invariant constants,
which correspond to the NDVImin and NDVImax of the
desert and evergreen clusters, respectively. The monthly, 0.158 global green-vegetation-fraction dataset, based
on 5-yr climatology AVHRR NDVI, was derived using
the above equation by Gutman and Ignatov (1998). It
has been used in the NCEP Eta operational model and
in the fifth-generation Penn State–NCAR Mesoscale
Model (MM5; Chen and Dudhia 2001).
The NDVI data used here were collected during CASES-97 by an Argonne ground station from the NOAA
polar-orbiting satellite high-resolution (0.01158) image
transmissions for the first five IOPs of CASES-97. We
applied the above formulation to the CASES-97 NDVI
dataset to compute the green vegetation fraction, which
ranges from 0.48 to 1.0 for grassland and from 0.59 to
1.0 for winter wheat on 29 April. Photos taken at grass
sites and aircraft videos, however, reveal that the grassland was brown and, hence, not photosynthetically active at the early stage of the field experiment, and that
the grassland experienced a rapid greening so that at the
end of experiment (i.e., 22 May 1997) it became greener
than the winter wheat. Compared to these in situ data,

the green vegetation fraction derived from NDVI using
Gutman and Ignatov’s algorithm seems to be overestimated for the grassland at its early growing season.
To demonstrate the significance of the greening of the
grassland, the latent heat flux (LE) simulated by OSU
LSM, using this vegetation fraction dataset, for a 1-km
grid box dominated by grassland is shown in Fig. 3.
Also shown for comparison in Fig. 3 is LE computed
by OSU LSM using the vegetation fraction as assessed
from photos, which is systematically lower than the former. Compared to LE measured at station 2 (observations available after 29 April), the simulation using the
NDVI-based green-vegetation-fraction data overestimated the evaporation for late April and early May.
Clearly, using the green vegetation fraction based on in
situ data produced better agreement with observations.
Other studies (e.g., Betts et al. 1997) also show the
sensitivity of short-range weather forecasts of surface
weather variables to the green vegetation fraction in
coupled atmospheric models. Nevertheless, obtaining an
accurate f g from NDVI seems challenging. One has to
assume a fixed LAI in order to compute f g due to the
close link between the two parameters (Carlson and Ripley 1997; Gutman and Ignatov 1998). It was suggested
that the sensitivity of NDVI to LAI becomes increasingly weak with increasing LAI beyond a threshold value of typically 2 or 3 (Carlson and Ripley 1997). In our
study, it seems that the vegetation fraction is overestimated when NDVI reaches some relatively high value
(.0.45).
A few factors could contribute to the overestimation
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FIG. 4. Averaged surface heat fluxes and skin temperature of three LSM simulations and observations obtained
from nine surface stations; LE, latent heat flux; H, sensible heat flux; and G, ground heat flux. These variables are
averaged for the period 29 Apr–22 May 1997.

of green vegetation fraction using the above approaches
and CASES-97 NDVI data. For instance, the max value
of NDVI (0.52) suggested by Gutman and Ignatov
(1997) was for evergreen clusters, which is lower than
expected from the surface observations using a handheld
multispectral radiometers. Their NDVI data were composite, while the CASES-97 NDVI data are corrected
for atmospheric effects (Song et al. 2000). The composite data almost always have smaller NDVI values
for terrestrial surfaces than the data that have been subjected to rigorous adjustments for atmospheric effects
(such as the Argonne group did with LOWTRAN 7 in
this work; M. Wesely 2001, personal communication).
In addition, traditionally the NDVI transformation is
computed as the ratio of the measured intensities in the
red (R) and near-infrared (NIR) spectral bands using the
following formula: NDVI 5 (NIR 2 red)/(NIR 1 red).
For AVHRR data, NDVI is calculated from channel-1
and -2 radiance data, normalized for incoming solar
radiation in the respective bands: NDVI 5 (band 2 2
band 1)/(band 2 1 band 1). The bandwidths of bands
1 and 2 are 0.58–0.68 and 0.725–1.10 mm, respectively.
While band 2 is essentially near infrared, band 1 includes not only ‘‘red’’ but also ‘‘yellow and orange’’
spectral region. Hence, the AVHRR band 1 has a broader
band than red and may yield higher NDVI.

This rapid greening of grass played a critical role in
shaping the surface heterogeneity for the area investigated in late spring and early summer. The SOLVEG
LSM did not originally explicitly consider green vegetation fraction. A number of sensitivity tests using
CASES-97 data demonstrated that including a seasonality of vegetation significantly improved SOLVEG. To
capture the heterogeneity in surface evaporation, one
must rely on knowledge of vegetation characteristics;
hence, methods for estimating these characteristics from
satellite data need to be evaluated and improved in light
of the new generation of Terra/Moderate Resolution Imaging Spectroradiometer (MODIS) sensors that have
much narrow spectral bands.
b. Evaluation against surface-flux tower
measurements
Latent and sensible heat flux, ground heat flux, and
surface skin temperature measured at nine surface-flux
tower stations were used to evaluate the simulations of
three LSMs, and the results are shown in Fig. 4. In
general, the three LSMs captured the observed tendency
for winter wheat (sites 5, 6, and 7) to produce higher
latent heat fluxes than grassland (sites 1, 2, 8, and 9).
Similarly, they reproduced the observed lower sensible
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heat fluxes at the winter wheat sites and higher sensible
heat fluxes at the grassland sites. Among the three
LSMs, the NCAR LSM generally produces the highest
latent heat fluxes and the lowest sensible heat fluxes for
all sites. For the four grassland sites, all models tend to
overestimate latent heat fluxes for sites 1, 2, and 8. The
latent heat flux was found by eddy correlation for sites
1–8, while for site 9 it was computed as the residual of
the surface energy balance equation using measured net
radiation, and sensible and ground heat flux. As we will
see later in section 3c, the latent heat flux computed
from surface energy balance equation is higher. All three
LSMs overestimated the observed sensible heat flux
across all land-use categories, particularly for the three
winter wheat sites. The averaged ground heat fluxes
from observations and models were small, as expected,
but the NCAR LSM had negative mean ground heat flux
for the grassland sites 1 and 2. A negative ground heat
flux would indicate a net energy transfer from a shallow
soil layer to the ground surface. This discrepancy in the
NCAR LSM may be partly due to its somewhat excessive evaporation and to the uncertainty in specifying the
initial soil temperature profile. The OSU LSM generally
overestimated the surface skin temperature, while the
NCAR LSM had the lowest skin temperatures. SOLVEG and NCAR LSM appear to have overestimated
evaporation for sites 3 and 4 (both located at bare soil
or sparsely covered vegetation). The OSU LSM and
SOLVEG models specified these two points with baresoil characteristics. But NCAR LSM applied four subgrid cells to each of these two points and does not have
‘‘true’’ bare-soil points.
Examining modeled soil moisture fields for sites 3
and 4 reveals that the OSU LSM had lower surface soil
moisture than the other two models throughout the simulation period, consistent with its lower evaporation.
Interestingly, SOLVEG had drier surface soil but still
overestimated the observed evaporation, because the incorporation of the water-vapor phase in SOLVEG allows
water vapor to evaporate from its deep soil layers even
in the absence of vegetation. Figure 5 shows the comparison of soil moisture between the three models and
observations obtained at stations 7 (winter wheat) and
8 (grassland) at three depths. Soil moisture in the three
LSMs had a faster response to precipitation in soil layers
closer to the ground surface, as expected. However, soil
moisture evolves differently in the three LSMs. For instance, more water was able to penetrate into the deeper
soil layers of SOLVEG, while NCAR LSM was wetter
than other two models after heavy rainfall events.
The depletion curve of soil moisture looked similar
among the three LSMs for the shallow surface layer at
5 cm. It did, however, have different characteristics for
the deep root zones. For instance, water movement in
SOLVEG was faster than that in the other two models.
These three LSMs calculate the hydraulic conductivity
K as a function of soil moisture following the approach
of Clapp and Hornberger (1978):

VOLUME 4

K(Q) 5 K s (Q/Q s ) 2b13 ,

(3)

where Q is the volumetric soil moisture, Q s the saturated
volumetric soil moisture, K s the hydraulic conductivity
at saturation, and b a curve-fitting parameter. While the
OSU LSM and SOLVEG specify K s values as documented by Cosby et al. (1984), the NCAR LSM uses
the following empirical function to compute K s :
K s 5 0.0070556 3 10 20.88410.0153(%sand) .

(4)

Apparently, the choice of empirical coefficients in this
function produced a much lower hydraulic conductivity
in NCAR LSM compared to other two LSMs, resulting
in higher values of soil moisture. Unfortunately, continuous measurements of soil moisture profiles were not
taken during CASES-97, and we are not able to fully
evaluate the different parameterizations for computing
the hydraulic conductivity and to study the depletion of
root-zone soil moisture in detail.
Another important factor contributing to the difference in simulating latent heat fluxes is the formulation
of soil moisture stress. These three models account for
the effect of soil-moisture stress on canopy resistance
in their computation of plant transpiration. A more elaborated discussion about canopy resistance formulation
used in the three LSMs is given in Part II in the context
of examining the development of surface heterogeneity
in model results. Both SOLVEG and OSU LSM use a
relatively simple parameterization scheme for canopy
resistance as documented in Jarvis (1976) and Noilhan
and Planton (1989). The canopy resistance in this parameterization scheme depends on the minimum canopy
resistance and is modulated by vegetation phenology
parameters like LAI, air temperature, FPAR, vapor pressure deficit, and soil moisture. The soil moisture stress
function F can be expressed as in Chen and Dudhia
(2001):
F5

(Q 2 Q w )
,
(Qref 2 Q w )

(5)

where F typically assumes a linear relationship in soil
moisture stress between the field capacity Qref and the
wilting point Q w (both depending upon soil texture),
and ranges from 1 when the soil is wet to 0 when the
soil is dry. However, Chen et al. (1996) proposed a
nonlinear soil moisture stress function to reflect (or to
account for) the subgrid-scale variability in soil moisture. For instance, even though the area-averaged soil
moisture represented by a grid box of an atmospheric
model is at the wilting point (no evaporation according
to F 4 ), the soil moisture in some subarea can be higher
than the wilting point, and vice versa. To save computational time, a linear but broader range for soil moisture stress is suggested and a new set of values for field
capacity and wilting point can be derived (e.g., Chen
and Dudhia 2001), and SOLVEG and OSU LSM utilize
these values in their simulations. Using the values of
Qref and Q w from Chen and Dudhia (2001), the soil
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moisture stress function for silty clay loam, the dominant soil texture in our CASES-97 simulation domain,
is plotted in Fig. 6. The NCAR LSM has a complex
formulation of latent heat flux for vegetated and nonvegetated surfaces, but it still employs a similar soil
moisture stress function, named F here for the sake of
convenience, which is




(Q 2 Qdry )
,
2 Qdry )

(Qopt

F5
0.01,

for T1 . Tf
for T # Tf ,

(6)

where Qopt is the optimal water content for evapotranspiration, Qdry is the water content when evapotranspiration cases, T is the soil temperature, and T f is the
freezing point (Bonan 1996). Hence, conceptually,
Qdry (Qopt ) in Eq. (6) is equivalent to Q w (Qref ) in Eq. (5).
This function is also plotted in Fig. 6 for comparison.
It is clear that for a broad range of soil moisture (0.23–
0.38), the NCAR LSM has higher F, and hence higher
evaporation, than SOLVEG and OSU LSM. Noticeable
also is the narrow responding range of F to soil moisture
in NCAR LSM. For dry soil (i.e., less than 0.21 for this
particular case), the NCAR LSM produces no evaporation. However, as mentioned above, because of its
lower hydraulic conductivity, NCAR LSM remained
wetter in root zone compared to SOLVEG and OSU
LSM for most of the simulation, which leads to less
soil-moisture stress on canopy resistance and, hence,
higher vegetation transpiration. This is a major reason
for the overestimated latent heat fluxes in NCAR LSM.
In order to assess the overall model performance, we
used three statistical measures: 1) mean error (ME),
which is often referred to as bias; 2) root-mean-square
error (rmse), and 3) correlation coefficient. The ME and
rmse of surface heat fluxes and surface skin temperature
averaged for the entire simulation period are shown in
Table 2. Consistent with results seen in Fig. 4, all three
models overestimated evaporation at the three grassland
sites 1, 2, and 8. SOLVEG and NCAR LSM also overestimated evaporation for the sparsely vegetated and
winter wheat sites. When averaging over sites located
at the same land-use cover, the model bias ranged from
222 W m 22 (OSU LSM for winter wheat) to 56 W m 22
(NCAR LSM for sparse vegetation). SOLVEG and OSU
LSM have relatively small mean errors for latent heat
fluxes over grassland sites.
The range of model ME for sensible heat fluxes was
similar to that for latent heat fluxes, except that models
tended to overestimate sensible heat fluxes, particularly
for the winter wheat sites. The bias averaged for all sites
is less than 29 W m 22 . OSU LSM and NCAR LSM
performed well for grassland, while SOLVEG had the
smallest errors for the sparsely vegetated site. OSU LSM
and NCAR LSM tended to underestimate the ground
heat fluxes. Averaged mean errors in surface skin temperature range from 22.78C (NCAR LSM for the grassland site 2) to 5.78C (OSU LSM for site 3), and OSU

LSM (NCAR LSM) tended to overestimate (underestimate) surface skin temperature. SOLVEG had consistently the best estimates of surface skin temperature.
The OSU LSM and SOLVEG models had similar
rmse ranges for latent heat and sensible heat fluxes,
while NCAR LSM had larger rmse for latent heat flux.
OSU LSM had the largest rmse in surface skin temperature among the three models. Errors in OSU LSM
surface skin temperature calculation were not necessarily associated with the fact that it has a very simple
vegetation layer, because large errors occurred over the
sparsely vegetated sites 3 and 4. Rather, it seems to be
the result of underestimating evaporation for these sites.
Also examined are rmse and ME computed separately
for daytime and nighttime model simulations; and, qualitatively, these statistics show very similar behavior to
what seen from the averaged statistics. Nevertheless,
daytime rmse and ME are larger than those for nighttime. This is not surprising given that the surface radiation fluxes are larger during daytime. Table 3 shows
the correlation coefficients [as defined in Press et al.
(1989)] for various parameters between model results
and observations, which are averaged for grass sites,
bare-soil sites, and winter wheat sites, respectively. As
regards latent heat fluxes, the land surface models
showed the best performance for winter wheat sites and
performed more poorly for sparsely vegetated sites. On
average, model surface skin temperature and sensible
heat flux are more strongly correlated with the observations for grassland sites than for winter wheat and
bare soil. Among the parameters, surface temperature
has the highest correlation and latent heat flux the lowest. It is more difficult to model latent heat fluxes, which
had more variability and more sensitivity to soil, atmospheric, and specific plant conditions.
c. Uncertainty in surface measurements
We should bear several factors in mind when comparing surface-energy components between observations and models. First, the longwave downward radiation, used to force all three LSMs, was computed by
a simple function with an estimated error of about 30
W m 22 (Yates et al. 2001), and this may explain some
discrepancies. Another major factor concerns the surface energy closure in observations. It is a well-known
problem that the independent measurements of the major surface flux components often do not balance the
surface energy budget (e.g., Twine et al. 2000). One
outstanding problem is that the usual ‘‘energy balance
closure’’ (Rnet 5 H 1 LE 1 G s ) neglects the heat storage
in the canopy and energy associated with photosynthesis, which is probably a small term for CASES-97. Most
reported results have shown the sum of sensible and
latent heat fluxes measured by eddy covariance to be
less than the difference between net radiation and soil
heat fluxes. The residual, averaged for all CASES-97
sites, in surface-energy balance around solar noon was
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FIG. 5. Evolution of volumetric soil moisture at three soil depths for site 7 (winter wheat) and site 8 (grassland). Measurements of soil
moisture below 5-cm soil depth were taken once for roughly every 10 days together with soil moisture profile sampling. Note that for each
plot, the depth of modeled soil moisture at vegetation root zone is different from model to model due to individual model configuration and
from model to measurements.
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FIG. 5. (Continued)
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FIG. 6. Soil moisture stress factor (F ) as function of volumetric
soil moisture for silty clay loam. Note that OSU LSM and SOLVEG
use the same formulation and values as specified in Chen and Dudhia
(2001).

approximately 50 W m 22 (Yates et al. 2001) with H 1
LE 1 G s always being too small.
To evaluate the impacts of observational uncertainty
on model verification, we adopted the approach of
Twine et al. (2000) to ‘‘adjust’’ the measured surface
latent and sensible heat fluxes. An adjustment factor R a
is defined as
Ra 5

(H 1 LE)
,
(Rnet 2 G s )

(7)

where Rnet , H, LE, and G s are the originally estimated
net radiation, sensible, latent, and ground heat fluxes,
respectively, from station measurements. The fluxes H,
LE, and G s are positive when they are directed away
from the ground surface (e.g., during daytime). Assuming that the measured available energy Rnet 2 G s is
representative of the site (Twine et al. 2000), adjusted
LE a and H a are computed as the following to close the
energy balance equation:
LE a 5

LE
Ra

(8)

Ha 5

H
.
Ra

(9)

As expected, the adjusted latent and sensible heat fluxes
are generally larger than the ‘‘original’’ estimates, as
shown in Fig. 7 in which both the original and adjusted
estimates are plotted. Note that these two estimates differ the most for the sparsely vegetated sites, and the
difference between them is close to the differences
among three model results. Model ME and rmse based
on adjusted fluxes are shown in Table 4. Utilizing these
adjusted fluxes significantly improves NCAR LSM latent heat flux verification statistics, except for sites 8,
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9, and 4 where ME does not change much. The OSU
LSM and SOLVEG models now have better ME for
sites 1 and 2, but worse scores for sites 5 and 6. Mean
errors in SOLVEG and OSU LSM sensible heat fluxes
were also improved for the majority of sites. Nevertheless, rmse, for both latent and sensible heat flux, increases in all three models. Adjusted data mostly affect
the nighttime rmse (not shown). This may imply that
applying the above approach for nighttime adjustment
is problematic, because both LE and H are small compared to ground heat fluxes. Correlation coefficients
based on adjusted measurements are slightly decreased
(not shown) and decreased more for sensible heat fluxes.
It is out of the scope of the present study to discuss
the best way to adjust surface heat flux measurements
when the closure of the surface-energy budget is not
satisfied. Rather, it is shown that such an adjustment
could significantly affect model evaluation. The simple
approach of adjustment used in this study seems to be
problematic for nighttime heat fluxes, because it assumes that Rnet 2 G s is accurate, while in reality G s may
be a difficult component to estimate because of the soil
heterogeneity at small-scale and uncertainty in computing heat storage in the top 5 cm of the soil.
d. Evaluation against aircraft measurements
The transects of aircraft flight legs during CASES97 were located to sample heat flux across different
land-use cover so that aircraft measurements would provide a snapshot of the effects of surface heterogeneity.
Aircraft sensible and latent heat flux data were compared
with 1-km gridded flux maps obtained from the three
LSMs. These data were taken from the Wyoming King
Air and NOAA Twin Otter aircraft for the five IOP days
(29 April, and 4, 10, 16, and 20 May 1997). The aircraft
data were smoothed and interpolated to roughly 1-km
averages, which were then subjected to a 4-km running
average. The overlapping portions of the flight tracks
were then averaged. A slightly different averaging technique has been successfully done for CASES-97. Figure
11 of LeMone et al. (2000) shows a clear link between
H and NDVI and CO 2 flux for 10 May when applying
this averaging technique.
Points at the center of the 1-km flux-map grids that
are closest to the corresponding aircraft points for the
original unsmoothed 1-km aircraft fluxes were chosen
for comparing with aircraft fluxes. Then we applied the
same four-point running-average technique as used for
the aircraft measurements. In general, the spatial fluctuations along flight tracks measured by the Twin Otter
were smaller than those measured by the King Air. Also,
the King Air had an onboard camera, allowing a better
description of underlying land-use distribution. Finally,
the King Air data have longer flight legs, and hence
more samples, than the Twin Otter data. Thus we focused on the comparisons using the King Air data. However, data from both the King Air and Twin Otter aircraft
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9.90
26.29
18.42
232.57
4.38
216.49
216.89
249.78
1.76
5.51
26.06
221.64
26.11

38.19
54.97
61.41
53.13
69.83
64.73
53.79
92.76
38.90
51.93
67.28
61.82
58.63

Site 1
Site 2
Site 8
Site 9
Site 3
Site 4
Site 5
Site 6
Site 7
Grass
Bare soil
Winter wheat
Avg

Site 1
Site 2
Site 8
Site 9
Site 3
Site 4
Site 5
Site 6
Site 7
Grass
Bare soil
Winter wheat
Avg

OSU LSM

41.34
49.26
60.72
58.15
103.24
51.23
45.90
49.48
59.39
52.37
77.24
51.59
57.63

7.68
24.33
10.80
227.98
54.67
11.84
20.89
0.26
24.29
3.71
33.26
7.89
11.67

SOLVEG

Latent heat flux

73.14
101.90
98.43
39.34
141.00
89.75
51.88
62.22
67.34
78.20
115.38
60.48
80.56

24.67
53.04
45.93
220.48
74.03
38.20
12.90
18.86
35.05
25.79
56.12
22.27
31.36

NCAR LSM

41.92
37.59
38.02
39.38
64.77
56.50
55.56
84.33
55.28
39.23
60.64
65.06
52.59

24.25
13.50
6.52
28.80
28.19
20.98
37.30
62.47
41.88
8.87
24.59
47.22
25.14

72.75
50.75
55.39
78.58
57.00
45.47
82.25
68.65
65.94
64.37
51.24
72.28
64.09

35.00
23.52
22.63
45.71
1.40
7.93
44.58
35.28
42.12
31.72
4.67
40.66
28.69

21.57
0.78
0.42
3.68
2.12
21.12
24.07
2.19
3.14
0.83
0.50
0.42
0.62

28.08
23.94
26.13
20.52
22.01
25.05
27.41
21.56
20.45
24.67
23.53
23.14
23.91

54.81
49.72
49.11
43.52
97.68
71.82
40.69
54.66
36.96
49.29
84.75
44.10
55.44

25.27
43.16
34.00
24.69
55.48
33.88
31.63
52.05
29.11
31.78
44.68
37.60
36.59

24.13
45.65
30.94
31.48
44.76
45.59
18.99
18.61
19.98
33.05
45.18
19.19
31.13

SOLVEG

27.88
36.04
31.94
28.95
45.63
48.09
25.06
19.02
18.29
31.20
46.86
20.79
31.21

212.14
27.99
28.94
22.19
23.88
210.33
28.10
24.05
21.76
27.82
27.11
24.64
26.60

NCAR LSM

Ground heat flux
OSU LSM

Root-mean-square error

24.80
3.18
23.02
211.98
226.92
215.13
18.81
7.47
20.17
3.25
221.03
15.48
1.93

OSU LSM SOLVEG NCAR LSM

Sensible heat flux

Mean error

2.44
2.98
2.32
3.05
7.50
6.97
3.60
7.81
3.20
2.70
7.24
4.87
4.43

2.07
1.02
1.81
2.11
5.72
4.47
2.95
5.08
2.50
1.75
5.10
3.51
3.08

2.00
2.76
1.85
3.25
3.34
3.36
2.84
4.29
2.26
2.47
3.35
3.13
2.88

1.26
0.50
0.91
1.61
1.16
0.70
1.40
0.51
0.84
1.07
0.93
0.92
0.99

OSU
LSM SOLVEG

2.64
3.14
3.44
2.87
2.64
3.19
1.78
3.51
2.45
3.02
2.92
2.58
2.85

21.65
22.72
22.44
21.73
21.93
22.71
21.38
22.57
22.12
22.14
22.32
22.02
22.14

NCAR
LSM

Surface skin temperature

TABLE 2. Model mean errors and rmse’s based on nine CASES-97 surface-tower observations. Grass: averaged values for sites 1, 2, 8, 9; bare soil: average for sites 3 and 4; winter
wheat: average for sites 5, 6, and 7. The number of samples used to compute these statistics is 1776 for each site.
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TABLE 3. Correlation coefficients between modeled and observed
surface heat fluxes and surface skin temperature averaged for each
land-use cover. The number of samples used to compute these statistics are 7104, 3552, and 5328 for grass, bare soil, and wheat,
respectively.
Latent heat flux

OSU LSM
SOLVEG
NCAR LSM

Grass/pasture

Bare soil

Winter wheat

0.9132
0.8852
0.8742

0.7285
0.8154
0.7427

0.8950
0.9362
0.9439

Sensible heat flux
OSU LSM
SOLVEG
NCAR LSM

0.9352
0.9198
0.8815

0.8402
0.8428
0.5803

0.8599
0.8654
0.8365

Ground heat flux
OSU LSM
SOLVEG
NCAR LSM

0.7923
0.9201
0.9141

0.9007
0.8742
0.8577

0.9491
0.9489
0.9362

Surface skin temperature
OSU LSM
SOLVEG
NCAR LSM

0.9665
0.9738
0.9699

0.8992
0.9485
0.9677

0.9311
0.9582
0.9712

were used to compute the correlation coefficients between model results and aircraft measurements.
Figure 8 compares heat fluxes based on model results
from the three LSMs and King Air measurements for
the morning averages of 29 April. Four flight legs were
flown at ;30 m above the ground in the morning and
the length of the overlapping portion of the legs was
about 43 km. The root-zone soil moisture generated by
SOLVEG and OSU LSM is low and homogeneous along
the flight tracks, while NCAR LSM is wetter and shows
more heterogeneity because of its subgrid-cell configuration (Fig. 9). Nevertheless, the surface soil moisture
along the flight tracks, shown in Fig. 9a, appears more
heterogeneous than the deep root-zone soil moisture.

VOLUME 4

Moreover, as mentioned above, the plant phenology in
the CASES-97 domain was heterogeneous on this early
spring day, because of the contrast between nongreen
grassland in the east and green winter wheat in the west.
This is reflected in the aircraft latent heat flux decreasing
toward the eastern part of the CASES-97 domain. The
heterogeneity in both land-use cover and soil moisture
clearly has significant influences on model heat fluxes.
The evolution of soil moisture was largely controlled
by the variability of rainfall and land-use cover through
vegetation transpiration processes. Both SOLVEG and
OSU LSM seem to capture the major observed features
in the spatial variability of latent heat flux: larger latent
heat fluxes found at 96.858, 96.78, and 96.628W. However, the three models failed to capture the relatively
low evaporation at 96.918W. Although the NCAR LSM
has more variability than the other two LSMs, all three
tend to have less variation than aircraft measurements.
The NCAR LSM has a built-in subgrid-scale scheme
that partitions each model grid cell into four subgrid
cells and computes the grid average surface heat fluxes,
providing an opportunity to account for more of the
surface heterogeneity.
The King Air sensible heat fluxes are lower than the
model fluxes, but their latent heat fluxes for this case
are slightly higher. While the King Air–measured LE
seems to be similar to the Twin Otter data, comparison
of surface sensible heat fluxes to values obtained by
extrapolating linearly to the surface suggest that the
King Air values are 25%–35% too low compared to the
unadjusted surface heat fluxes; and the Twin Otter values lie within 10%, except for 4 May, when they are
20% higher. Typical sensible heat flux profiles decrease
approximately linearly from the surface to the top of
the boundary layer, and it is generally accepted that
aircraft-flux estimates are low [e.g., by 19%–25% according to Barr et al. (1997)]. Sun and Mahrt (1994)
found both the mesoscale flux and the random sampling
errors to be of the order of 10% of the turbulent flux

FIG. 7. Same as in Fig. 4 but with the addition of the adjusted measurements.
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TABLE 4. Mean errors and rmse’s computed from using the adjusted measurements. Grass: averaged values for sites 1, 2, 8, 9; bare soil:
average for sites 3 and 4; winter wheat: average for sites 5, 6, and 7. The number of samples used to compute these statistics is 1776 for
each site.
Mean error
Latent heat flux

Site 1
Site 2
Site 8
Site 3
Site 4
Site 5
Site 6
Site 7
Grass
Bare soil
Winter wheat
Avg

OSU LSM

SOLVEG

22.53
3.18
19.24
29.54
217.47
234.46
262.82
229.78
6.63
213.51
242.35
216.77

24.45
1.23
11.64
40.15
10.64
218.30
213.02
27.20
2.81
25.40
212.84
2.59

Sensible heat flux
NCAR LSM

OSU LSM

12.29
8.16
29.64
2.71
46.71
212.37
59.18
11.00
37.07
20.02
24.62
32.93
5.23
52.47
3.48
25.36
29.55
20.5
48.13
15.51
1.36
36.92
23.62
17.54
Root-mean-square error

Latent heat flux

Site 1
Site 2
Site 8
Site 3
Site 4
Site 5
Site 6
Site 7
Grass
Bare soil
Winter wheat
Avg

SOLVEG
18.72
12.96
3.73
215.86
6.92
40.24
25.46
25.58
11.80
24.47
30.43
14.72

NCAR LSM
8.44
27.79
222.00
245.16
216.31
14.38
23.24
3.69
27.12
230.74
4.94
28.50

Sensible heat flux

OSU LSM

SOLVEG

NCAR LSM

OSU LSM

SOLVEG

NCAR LSM

60.35
64.10
85.59
104.73
81.50
76.99
122.39
89.34
70.01
93.12
96.24
85.62

67.59
66.83
86.07
118.09
78.52
72.20
78.80
82.89
73.50
98.31
77.96
81.37

84.81
91.91
115.41
153.90
108.73
66.66
77.60
80.94
97.38
131.32
75.07
97.50

63.97
79.58
87.58
90.43
86.07
71.14
98.17
84.16
77.04
88.25
84.49
82.64

84.64
75.70
93.93
88.31
81.04
89.99
88.60
90.93
84.76
84.68
89.84
86.64

71.25
91.46
94.16
125.99
92.75
60.94
77.19
76.61
85.62
109.37
71.58
86.29

for a flight track with strong surface heterogeneity.
Comparisons of sensible heat fluxes revealed similar
features of spatial variability as seen from latent heat
flux comparison. Model results show large fluctuations
in sensible heat flux in the areas with mixed land-use
types, particularly in the areas where the fraction of
cropland (i.e., winter wheat in this case) becomes significant. Again, the variability in modeled sensible heat
fluxes along the flight leg has smaller amplitude than
aircraft measurements.
The next comparison is for the morning of 20 May
1997. The overlapping portion of the four King Air
morning flight legs was about 35 km. On 20 May both
grassland and winter wheat were at their peak growing
season, and heavy precipitation on 19 May almost saturated the soils across the CASES-97 domain. Soil
moisture simulated by the three models is high and homogeneous along the flight tracks, and the soil at the
surface is as wet as the deep root-zone soils (not shown).
The Geostationary Operational Environmental Satellite
(GOES) visible images show that the CASES-97 domain was mostly cloud free all morning. The CASES97 domain was, therefore, essentially homogeneous in
terms of plant photosynthetic capacity, surface soil
moisture, and solar radiation forcing. In fact, all three

LSMs produced fairly homogeneous surface heat fluxes
along the flight tracks (Fig. 10). Again, sensible heat
fluxes in the three models show less fluctuation than
latent heat fluxes, which agrees with the trend seen from
aircraft measurements. However, relatively larger spatial
variability in both latent and sensible heat flux is evident
in aircraft measurements.
Similar features seen from the above two examples
are found in the comparisons using other IOP morningaveraged aircraft measurements. Correlation coefficients (R) between fluxes from the aircraft and the three
models for all IOP morning averages are shown in Table
5. The OSU LSM (SOLVEG) produced better spatial
variability, as compared to aircraft-measured latent heat
fluxes, for the early (late) IOPs. Generally speaking,
model sensible heat fluxes are correlated with aircraft
measurements better than latent heat fluxes. Nevertheless, the correlation coefficients with aircraft measurements are much lower than those with surface station
measurements, and this should not be a surprise. There
are several factors contributing to this discrepancy.
First, one difficulty in comparing aircraft measurements with model results is certainly associated with
differences in their spatial sampling or model resolution.
As mentioned above, aircraft heat fluxes are computed
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FIG. 8. Comparison of heat flux between modeled flux map and King Air estimates for the
morning flight legs of 27 Apr 1997. Also plotted is the percentage of four major land-use covers
for each 4-km grid box on the 1-km gridded flux map, which is used to compute running averages:
(a) latent heat flux, (b) sensible heat flux.

at 1-km segments along the leg using Eqs. (1a) and (1b).
Hence, it can be assumed that this segment-average flux
is due to flux contributions from all land surface elements with different land-use cover, soil texture, terrain
elevation, and soil moisture within the flux footprint.
From a visual inspection of the King Air onboard camera data, some significant surface heterogeneity in land
use occurs on scales of the order of 100 m. In contrast,
two of the LSMs (SOLVEG and OSU LSM) assume a
homogeneous underlying surface in each 1 km 3 1 km
model grid, while the third, NCAR LSM, assigns an
arbitrary four-element subgrid-scale variability. Thus,
we may expect less fluctuation in surface heat fluxes in
the LSMs, even though we made an effort to perform

the 4-km model-flux averaging in much the way as the
technique used for processing aircraft fluxes.
Second, the footprint for the aircraft fluxes may not
correspond to the kilometer squares over which the aircraft flew. Desjardins et al. (1992) found that fluxes
sampled by aircraft at low levels correlated best with
surface conditions slightly upstream. The correlation of
flux with surface properties reached a peak at a separation of between 1 and 3 km, depending on wind speed,
surface roughness, and stability. The averaged wind for
the boundary layer was 10 m s 21 from the south on 29
April, 5–6 m s 21 from the south-southwest (SSW) on
10 May, and 6–7 m s 21 from the east-northeast (ENE)
on 20 May.
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FIG. 9. (a) Surface and (b) root-zone soil moisture simulated by three land surface models
along the morning flight track of 29 Apr.

Third, atmospheric processes in addition to surface
processes affect aircraft fluxes, at least on a transitory
basis. Even over a horizontally homogeneous surface,
converging air in large eddies sweep rising turbulent
elements into their updraft regions. LeMone (1976) and
LeMone and Pennell (1976) provide examples of horizontal roll vortices concentrating fluxes, but any large
eddy should have a similar effect. Figure 11 shows an
example of fluxes concentrated by the atmosphere for
20 May. Note the strong positive correlation between
aircraft sensible and latent heat flux, with large values
at 96.88W and around 96.658–96.78W. The sum LE 1
H exceeds the net radiation by at least 150 W m 22 ; LE
1 H 1 G exceeds the net radiation locally by more
than 200 W m 22 . Clearly, this type of atmospheric variability cannot be captured by 1D uncoupled LSMs,

which involve only interations at the surface. In other
words, land surface model results represent turbulence
characteristics in equilibrium with the local surface,
while events like that in Fig. 11 represent three-dimensional processes that involve larger scales.
Such large-amplitude events can dominate the entire
morning average. For example, large heat fluxes found
around 96.88W in Fig. 10 reflect an event recorded in
the first morning leg (Fig. 11). To see whether the correlation of modeled and observed fluxes along the flight
tracks could be improved with the elimination of extreme events such as that in Fig. 11, different sets of
legs were ‘‘resampled’’ and then used for computing
correlation coefficients. For each morning average, one
flight leg was alternatively dropped for morning leg
averaging. As a result, only three flight legs for 29 April
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FIG. 10. Same as in Fig. 8 but for the morning flight legs of 20 May 1997.

TABLE 5. Correlation coefficients between modeled flux maps and aircraft-based flux averaged for the five IOP morning flight legs. The
number of samples below is the number of ;1 km segments. Since the data have been filtered using a 4-km running mean, there are
effectively 10 independent samples for 43 segments.
Latent heat flux
King Air
29 Apr
OSU LSM
SOLVEG
NCAR LSM

0.310
0.095
0.020

4 May
0.256
0.326
20.048

10 May
20.334
0.238
0.213

Twin Otter
16 May
20.290
0.402
0.297

20 May
20.006
0.488
0.320
Sensible heat flux

29 Apr
0.144
0.258
0.140

King Air
29 Apr
OSU LSM
SOLVEG
NCAR LSM
Sample data

0.537
20.432
0.398
43

4 May
20.109
20.230
0.063
32

4 May
0.066
20.589
0.012

10 May
20.219
20.415
20.319

20 May
20.595
20.114
0.145

Twin Otter

10 May

16 May

0.470
0.400
0.492
39

0.008
0.876
0.417
17

20 May
20.037
20.013
20.346
35

29 Apr
20.768
20.706
20.522
27

4 May
0.233
0.322
0.492
18

10 May
20.340
0.311
0.375
16

20 May
20.042
0.210
20.189
13
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FIG. 11. Heat fluxes from King Air flight leg at 1544:17–1552:25 UTC 20 May. Here H, LE,
and R are aircraft-measured sensible heat, latent heat, and net radiation, respectively, while G is
the averaged ground heat flux computed by three LSMs.

and two flight legs for 10 May were employed, and the
correlation coefficients, based on such resampling, of
the three models are shown in Table 6. For 29 April,
utilizing only flight legs 1, 3, and 4 (i.e., eliminating
the flight leg of 1601 UTC) produced better correlation
coefficients for both latent and sensible heat fluxes. Recall that there were only three morning flight legs for
20 May, but removing flight leg 2 at 1643 UTC also
seems to generate better correlations. Utilizing more
samples may mitigate the dominance of one flight leg
(Mahrt 1998), provided the large events do not stay in
the same location from leg to leg. In a companion paper,
LeMone et al. (2003, this issue) show how to determine
whether surface effects can be separated from atmospheric effects through temporal and horizontal averaging.
Despite these limitations, model-flux maps are able
to capture major heterogeneity induced by land-use cover and soil moisture. Notably, models appear to capture
the spatial variability for the days when the land surface
was significantly heterogeneous (e.g., 29 April and 10
May).
Moreover, the models did a reasonably good job in
simulating the leg-averaged fluxes, as shown in Fig. 12.
The models seem to have the same range of variation
in latent heat fluxes as the aircraft measurements, while
modeled leg-averaged sensible heat fluxes are systematically higher. Also note that the correlation coefficients
for latent heat flux are slightly higher than these for
sensible heat flux, and the leg-averaged heat fluxes are
better correlated than along-leg flux variability. As
shown in Fig. 11, aircraft LE 1 H 1 G can be larger
or smaller than the net radiation in different parts of the

flight leg. However, being averaged over the entire flight
leg, LE 1 H 1 G is close to the net radiation.
4. Summary and conclusions
Land surface heterogeneity over an area of 71 km 3
74 km in the lower Walnut River watershed, Kansas,
was investigated using models and measurements from
the CASES-97 field experiment. As an alternative approach for studying heterogeneity, we developed a multiscale dataset (gridded at 1, 5, and 10 km). These data
were used to drive three land surface models, in uncoupled 1D mode, to simulate the evolution of surface
heat fluxes and soil moisture for approximately a onemonth period (16 April–22 May 1997). The results highlight the significance of rapid greening of grassland in
shaping the surface heterogeneity for the area investigated. Using OSU LSM and green vegetation fraction
as an example, it is shown that LSM simulations are
very sensitive to the specification of vegetation characteristics and current methods for estimating green vegetation fraction from clear-sky AVHRR data, which
were corrected for the atmospheric effects, may result
in an overestimation of vegetation greenness and evaporation in models during a rapid greening period. The
new generation of Terra/MODIS NDVI and derived LAI
and green vegetation fraction products will be available
soon. One question that needs to be addressed in future
research is to what extent the new MODIS NDVI products, given the much narrower spectral bands of MODIS
sensors, differ from NDVI derived from long-term composite AVHRR and from handheld NDVI measurements.
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TABLE 6. Correlation coefficients between modeled flux maps and
the King Air fluxes computed from resampling of morning average
flight legs for 29 Apr and 20 May.
29 Apr sensible heat flux
OSU LSM
Leg
Leg
Leg
Leg

11213
21314
11314
11214

0.48
20.525
0.491
20.407
0.546
20.354
0.473
20.404
29 Apr latent heat flux
OSU LSM

Leg
Leg
Leg
Leg

11213
21314
11314
11214

SOLVEG

20.117
0.026
20.034
0.002
0.047
20.004
20 May latent heat flux
OSU LSM

Leg 112
Leg 213
Leg 113

SOLVEG

0.081
20.019
0.294
0.103
0.452
0.161
0.203
0.126
20 May sensible heat flux
OSU LSM

Leg 112
Leg 213
Leg 113

SOLVEG

20.028
20.139
0.109

SOLVEG
0.43
0.497
0.312

NCAR LSM
0.196
0.434
0.478
0.405
NCAR LSM
0.146
0.166
0.115
0.035
NCAR LSM
20.414
20.197
20.258
NCAR LSM
0.158
0.251
0.352

This study explores the possibility of utilizing modeled surface heat flux maps at multiple spatial resolutions to study their scaling up over a mesoscale domain.
In this paper, these flux maps were validated against
surface and aircraft measurements. Model mean errors
averaged for the three major land-use types are usually
less than 30 W m 22 , which is within the observational
and forcing errors. Model results are clearly correlated
with surface flux and skin temperature observed at nine
surface-flux tower stations located at different land-use
covers. For the three LSMs used here, not one single
LSM seems to outperform others across all different
parameters and land-use types. These LSMs differ significantly, but the treatment of soil hydrologic properties, canopy resistance (see Part II for more details) and
soil-moisture stress function in canopy resistance formulation could explain a large part of the differences
among their results.
Although this exercise helped to improve the treatment of vegetation processes in SOLVEG, the CASES97 data are not suitable to tackle the major model weakness identified in this study, because lack of continuous
soil moisture monitoring and vegetation characteristic
data did not allow us to further test soil and vegetation
parameterization schemes. Motivated by this investigation, we included comprehensive soil and vegetation
sensors for the International H 2O Project (IHOP 2002)
surface–vegetation–soil field campaign. For the IHOP
2002, we placed 10 surface-flux stations, according to
land use, across the strong precipitation gradient between eastern Kansas and the Oklahoma panhandle. To

FIG. 12. Model and King Air aircraft heat fluxes averaged for each
morning flight leg on 29 Apr, and 4, 10, 16, and 20 May. There were
18 low-level morning flight legs for the above days: (a) latent heat
flux, (b) sensible heat flux. Also shown is the regression function
based on averaging all flight legs.

enable definitive testing and thus improvement of LSMs,
we included profiles down to 70–90 cm to continually
measure soil moisture, matric potential, and temperature; also measured are weekly vegetation characteristics (photographs, plant height, NDVI, LAI, canopy
temperature, stomatal conductance); and samples of horizontal heterogeneity along 45-m transects (vegetation
measurements plus near-surface soil moisture). With this
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comprehensive soil and vegetation dataset, we will continue our investigation and improve LSMs.
The uncertainty in measured surface-energy components and its effect on model verification were investigated. It is clear that using a simple adjustment for
measured heat flux could significantly affect model evaluation statistics, because the difference between the
original and adjusted fluxes was large and comparable
to the differences among three models. The simple approach of adjustment used in this study seems to be
problematic for nighttime heat fluxes, because it assumes that Rnet 2 G s is accurate, while in reality G s may
be a difficult component to estimate because of the soil
heterogeneity at small scales and uncertainty in computing heat storage in the top 5 cm of the soil. Despite
these discrepancies, comparison to aircraft data shows
that these modeled flux maps have reasonable skill in
capturing the observed surface heterogeneity related to
land-use cover and soil moisture.
We examined several factors contributing to the discrepancy between modeled and aircraft-measured heat
fluxes in relation to their respective time–space integration. Comparing modeled flux maps with low-level
(30–40 m in our study) aircraft measurements was not
straightforward. Modeled heat fluxes are closely tied to
the local vegetation, soil, and soil-moisture characteristics, which are crudely represented because of averaging over a 1-km grid before applying the models.
However, aircraft measurements reflect much finer-scale
variations at the surface over some upstream footprint,
and effects of boundary layer processes over larger
scales. It is not clear that we have enough data to assure
that 4-km running averaging of 1-km grid along the
flight legs represents fluxes that are in equilibrium with
local surface conditions. When the land surface shows
pronounced heterogeneity in land-use cover and soil
moisture, model results seemed to be better correlated
with aircraft measurements. Aircraft measurements had
large temporal variability among individual flights, but
it was still poorly understood whether this variability
represents real change in surface source and sink distributions rather than sampling fluctuations, as pointed
out by Ogunjemiyo et al. (1997). LeMone et al. (2003,
this issue) introduced a way to assess the sampling problems and discuss how more repeated flights may provide
more meaningful comparisons with model results. Neither aircraft measurements (which may include significant atmospheric effects even at low levels) nor modeled surface heat flux (which ignores heterogeneity at
the intra-1-km patchness scale) maps are perfect for
determining surface heterogeneity properties.
Despite these discrepancies, the modeled flux maps
appeared able to capture major features in surface heterogeneity along flight legs and comparisons of legaveraged flux were encouraging. Importantly, it was
shown that rapid green-up of grassland and soil moisture
dynamics are critical processes in defining the surface
heterogeneity in the late spring and early summer sea-

sons. Some studies demonstrate high correlations between surface fluxes and land-use cover, but that may
only apply to a ‘‘stationary’’ ecosystem such as boreal
forest. Combining aircraft and modeled flux maps can
provide useful information that can be used for the scaling up of surface heat fluxes and studying surface and
water budgets at regional scales. Part II (Yates et al.
2003) will address this issue.
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