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ABSTRACT
A consistent set of Moderate Resolution Imaging Spectroradiometer (MODIS) vegetation parameters, including leaf and stem area index (LAI and SAI, respectively), land-cover category (LCC), fractional vegetation
cover (FVC), and albedo parameterization are developed, and their impacts on North American regional climate are evaluated based on 10-yr Climate–Weather and Research Forecasting Model (CWRF) simulations. As
compared with the previous Advanced Very High Resolution Radiometer (AVHRR) set, MODIS LCC increases grassland and cropland fractions in the central Great Plains and Midwest, respectively. Evergreen
needleleaf forest converts to mixed forest in the Southeast, and mixed forest converts to evergreen needleleaf in
Canada. FVC decreases by 0.05–0.3 over the central Great Plains but increases by 0.1–0.35 over the northern
Rocky Mountains, Canada, and the U.S. Southeast. MODIS LAI is less than AVHRR by 2–6, except in the
central Great Plains, eastern Rocky Mountains, and central Mexico. LCC and FVC changes over the central
Great Plains reduce CWRF warm biases by 0.718C and wet biases by 0.36 mm day21. Large LAI reductions
cause latent and sensible heat fluxes to decrease by 0.78–5.81 and 0.91–6.54 W m22, respectively. They also
lessen cold biases over the Gulf States and Southeast and wet biases over the North American monsoon region
and Canada during summer. In densely vegetated regions including eastern Canada, the Ohio Valley, and the
mid-Atlantic region, spring and summer precipitation decreases and temperature increases result from LAI
reductions that cause positive evapotranspiration–precipitation–soil moisture feedbacks. Conversely, precipitation and temperature decreases in sparely vegetated regions, such as the Great Plains, result from FVC
reductions that cause negative albedo–evapotranspiration–precipitation–soil moisture feedbacks.

1. Introduction
The performance of regional climate models (RCMs)
strongly depends upon the accurate specification of land
surface boundary conditions (SBCs), given that the
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surface interacts with the atmosphere through hydrometeorological, biogeophysical, and biogeochemical
processes (Liang et al. 2012c). Inaccurate SBC specifications generally result in large biases and uncertainties
in the prediction of surface energy, carbon, and related
fluxes as well as hydrology (Yuan and Liang 2011). Land
SBCs describe the characteristics and properties of soil
and vegetation (Liang et al. 2005a,b; Lawrence and Chase
2007; Lawrence and Slater 2008; Lawrence et al. 2011).
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The vegetation parameters or properties in land SBCs
typically include leaf area index (LAI), stem area index
(SAI), fraction of vegetation cover (FVC), land-cover
category (LCC), and albedo parameterization, where
each plays an important role in regulating surface energy
and mass balance exchanges (Zeng et al. 2002; Liang et al.
2005a). Additionally, data source consistency and the
realistic specification of seasonal and interannual variations of these parameters, both in terms of phenology and
physiology, are necessary to produce reliable global and
regional climate model simulations (Lawrence and Chase
2007; Liang et al. 2005a; Zeng et al. 2002).
Global remote sensing products are typically used to
specify these parameters and improve the representation
of land–atmosphere interactions (Henderson-Sellers and
Wilson 1983; Zeng et al. 2002). Advanced Very High
Resolution Radiometer (AVHRR) Normalized Difference Vegetation Index (NDVI) data have been widely
used to derive the vegetation parameters used in various
land surface models, including the National Center for
Atmospheric Research (NCAR) Land Surface Model
(Bonan 1998; Buermann et al. 2001), Common Land
Model (CoLM; Zeng et al. 2002; Dai et al. 2004),
Community Land Model (CLM) versions 2, 3, and 3.5
(Bonan et al. 2002; Dickinson et al. 2006; Oleson et al.
2008) and Conjunctive Surface and Subsurface Process
(CSSP) model (Liang et al. 2005a,b; Yuan and Liang
2011; Liang et al. 2012c). In addition, nearly half of the
global circulation models (GCMs) used in the Coupled
Model Intercomparison Project phase 5 (CMIP5) have
either previously utilized or continue to utilize vegetation data directly or partially derived from AVHRR
data for their land surface models (LSMs).
AVHRR data possess major deficiencies when compared with AVHRR’s successor, the Moderate Resolution Imaging Spectroradiometer (MODIS) including
1) quality degradation due to atmospheric effects, satellite drift, and changeover (Gutman 1999), 2) larger
uncertainties from the calibration, geometric registration, and cloud screen (e.g., Goward et al. 1991; Zhang
et al. 2004), and 3) lower spatial, spectral, and temporal
resolutions. Additionally, all AVHRR vegetation parameters (i.e., LAI, LCC, and FVC) are derived from
NDVI data that have limited available information and
redundant variations (Zeng et al. 2002). These data will
be saturated in dense vegetation and cause substantial
errors (Zhang et al. 2004).
Numerous studies have indicated that substantial differences exist between the global land surface mapping
products from MODIS and AVHRR. This is especially
true for FVC, LAI, the fraction of photosynthetically
active radiation (FPAR), and land surface albedo (Tian
et al. 2004a,b; Wang et al. 2004; Liang et al. 2005a;
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Lawrence and Chase 2007; Oleson et al. 2008; Ke et al.
2012). Therefore, we need to develop a consistent set of
MODIS vegetation data and perform a comprehensive
evaluation of their impacts on climate before replacing
AVHRR data in current climate models.
The use of MODIS vegetation data is expected to
improve climate simulations (Tian et al. 2004b). However, simulation quality is highly dependent upon the
physical representations and coupling strength of various land–atmosphere interactions in LSMs (Liang et al.
2005b; Yuan and Liang 2011). For example, albedo is an
important parameter that normally depends on the angular and spectral distributions of solar radiation and is
determined by surface characteristics that include LAI,
SAI, and fractional vegetation cover (Liang et al. 2005b).
Liang et al. (2005b) developed a dynamic and statistical surface albedo parameterization by optimizing
MODIS broadband black-sky (direct) and white-sky
(diffuse) albedo in visible and near infrared broadbands
using both AVHRR and MODIS vegetation data and the
North American and Global Land Data Assimilation
System outputs of soil moisture during 2000–03. There
were, however, three inconsistencies in optimizing the
albedo parameterization with the MODIS albedo
product in Liang et al. (2005b). First, because of large
differences between the AVHRR and MODIS LAI and
SAI, the MODIS LAI and SAI were scaled to AVHRR
for each LCC. Second, because the LCC and FVC were
derived from only one year of AVHRR NDVI data
(1992–93), they produced large uncertainties when
treated as climatology. Third, because the data used in
the study were collection version 4 and only available for
a short period (2000–03), snow-free pixel values with
an embedded mandatory quality flag of ‘‘processed’’
(QA 5 0 and 1) were chosen rather than those with the
flag of ‘‘best quality’’ (QA 5 0) in order to maximize
useable data for the optimization. This may have degraded the data quality and resulted in large albedo
parameterization biases.
At present, the new collection version 5 of MODIS
contains continuous data from 2000 (to present) that is of
higher quality due to a combination of observations from
the Terra and Aqua satellites with many refinements, retrieval algorithm improvements, atmosphere correction,
and cloud screen and mask1 in 8-day composites. Thus,
these data are well suited for albedo optimization and
construction of the vegetation climatology to be used in the
LSMs. The purpose of this study is to replace the AVHRRderived vegetation parameters (LAI, SAI, FVC, and LCC)

1
See http://modland.nascom.nasa.gov/cgi-bin/QA_WWW/
newPage.cgi?fileName5MODLAND_C005_changes.
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with MODIS-derived data in RCM SBCs and to evaluate the climatic impacts of these modifications. The
surface albedo parameterization is also reoptimized
using the new MODIS-consistent SBCs. This study
provides an overview of new vegetation data and the
methods used to derive these data from MODIS products as well as a comprehensive evaluation of the climate
impacts that result from the use of these new data. The
RCM used in this study is the Climate–Weather and
Research Forecasting Model (CWRF; Liang et al.
2012c). Although our results may be somewhat model
dependent, they are applicable to RCMs in general
through consistent physical analyses, and thus will benefit others when they replace the conventional AVHRR
with the recent MODIS data in their climate models.
Section 2 gives a brief description of the CWRF climate model and experimental design. In addition, the
processing methods used to derive the new vegetation
parameters and observational data for comparisons are
described. The results will be presented in section 3 and
focus on differences between the MODIS-derived and
AVHRR-derived vegetation parameters. The regional
surface climates simulated by CWRF using the different
parameters will also be compared and discussed in this
section. This will be followed by the conclusions in
section 4.

2. Model and method
a. Brief description of CWRF
The CWRF model (available at cwrf.umd.edu) is
a climate extension of the Weather Research and
Forecasting Model (WRF; Skamarock et al. 2008) that
inherits all WRF functionalities while enhancing its
capability to predict climate by incorporating a grand
ensemble of alternate schemes for major physical processes (Liang et al. 2012c). In particular, CWRF incorporates seven important components. The first is an
advanced cloud–aerosol–radiation ensemble modeling
system that is developed from radiation packages in
global and regional climate models to simulate the interplay among clouds, aerosols, and radiation (Liang
and Zhang 2013). The second is the core land surface
model CSSP that was developed from CoLM and has
terrestrial hydrology improvements that account for
comprehensive SBCs (Liang et al. 2005a), subgrid topographic controls, and realistic bedrock depth constraints on soil moisture (Choi et al. 2007; Yuan and
Liang 2011). CSSP also has an explicit treatment of
surface–subsurface lateral flow interactions (Choi and
Liang 2010; Choi et al. 2007, 2013). The third is the incorporation of grid and subgrid orographic effects on
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surface radiation, turbulence stress, and gravity wave
drag (Liang et al. 2005c). The fourth is an upper ocean
mixing layer module (UOM) to simulate ocean effects
(Ling et al. 2011). The fifth is the implementation of two
new planetary boundary layer (PBL) schemes and six
new cumulus schemes. The sixth is a suite of crop growth
modules for climate impact and feedback studies (Liang
et al. 2012a,b). Finally, CWRF is fully coupled across all
of its components with plug-and-play interfaces and
improvements on the integration of external (top, surface, lateral) forcing conditions (Liang et al. 2012c).
The CWRF model has demonstrated significant skill
enhancement over the driving GCM for U.S. regional
precipitation seasonal forecasts (Yuan and Liang 2011).
Moreover, a comparison of CWRF model skill based on
a continuous integration during the period 1982–2004,
with the WRF and other RCMs, shows that CWRF
better simulates radiation and terrestrial hydrology
(Liang et al. 2012c). However, Liang et al. (2012c) found
that CRWF produces systematic warm surface air temperature biases across the central Great Plains for the
entire year and large wet biases over eastern Canada
during summer. They suspected that these biases may
partially result from the surface albedo parameterization and vegetation parameters developed from combinations of earlier MODIS and AVHRR products. We
will show in section 3 that the biases are substantially
reduced when the latest and most consistent MODIS
data are used.
The CWRF North American computational domain
(Fig. 1) for this study is centered at 37.58N, 95.58W,
covers the entire continental United States with a 30-km
grid, and has produced skillful simulations of U.S. regional climate variations resulting from interactions
between the planetary circulation (via lateral forcing)
and regional surface processes, including orography,
soil, vegetation, and adjacent ocean areas (Liang et al.
2012c). The buffer zones are located along the four
edges of the domain and have a width of 14 grids, where
lateral boundary conditions are temporally and spatially
interpolated from the driving GCM or global reanalysis
data (Liang et al. 2001, 2012c).

b. New vegetation parameters derived from MODIS
products
The MODIS data used in this study to derive the new
SBC vegetation parameters are the Terra yearly water
mask and vegetation continuous field products for the
year 2000, and the combined Terra and Aqua yearly
LCC (MCD12Q1), 8-day composites (i.e., 1–8 January,
9–16 January, etc.) for LAI (MCD15A2), and albedo
parameter (MCD43B1) products in collection version 5
during 2000–10. The products are first aggregated from
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FIG. 1. The geographic distributions of (a) old and (b) new USGS-based land-cover category data, and (c) new FVC
and (d) FVC differences (new minus old) in the CWRF computational domain. The eight boxes in (a) are the eight
regions that are studied to assess model ability to simulate precipitation and surface air temperature annual cycles.

their original spatial resolutions to a 1-km sinusoidal
projection and then remapped using a nearest-neighbor
interpolation to a 1-km map projection within a computation domain defined by users. Pixels are processed
only where the embedded quality control (QC) flag
indicates best quality. The remaining pixels are assigned
a missing value. To remove the missing value pixels and
minimize cloud and snow contamination, multiyear
data are used to construct a climatology of yearly data
and 8-day composites. Finally, these 1-km data are
spatially aggregated to the RCM grids. The MODIS
vegetation parameter derivation details for CWRF are
as follows.

1) LAND-COVER CATEGORY
The LCC for CWRF is defined to be the vegetation
type in the U.S. Geological Survey (USGS) 24-category
land-cover classification system that has the largest
fractional area within a grid (Liang et al. 2005a). We use
MODIS LCC yearly data from 2000–10 with a 500-m
spatial resolution to derive a new 1-km LCC in the
CWRF map projection by employing the spatial aggregation and map projection mentioned above. The climatology of 1-km LCC is defined to be the vegetation
type that occurs most frequently during the 11-yr period.
The missing value pixels are effectively eliminated after

Unauthenticated | Downloaded 01/09/23 04:33 AM UTC

8582

JOURNAL OF CLIMATE

the climatology calculation. Because the MODIS landcover category type product provides only five land-cover
classification systems [i.e., International Geosphere–
Biosphere Programme (IGBP), University of Maryland
(UMD), MODIS-derived LAI/FPAR, MODIS-derived
Net Primary Production (NPP), and Plant Functional
Type (PFT)], but does not include the USGS 24category classification used by CWRF, a conversion
from the MODIS classification systems to the USGS 24category classification is required before spatial aggregations to the CWRF grids may be performed.
Strahler et al. (1999) provided an example to translate
the IGBP to other classification systems (e.g., USGS) that
are compatible with those used by the modeling community. They directly remapped one or more IGBP types to
their equivalents by relabeling them. Yucel (2006) adopted
a similar relabeling (‘‘cross-walking’’) approach to translate
the IGBP to the USGS and simple biosphere (SiB) classifications used by the fifth-generation Pennsylvania State
University–NCAR Mesoscale Model version 5 (MM5).
Liang et al. (2005a) proposed a method to consistently
convert LCC between the USGS and IGBP classifications by using corresponding conversion coefficients
calculated from LCC data in both the USGS and IGBP
classifications that were derived from AVHRR NDVI
composites from April 1992 to March 1993. After intersecting the two LCC maps using GIS tools, the fractional areas of all contributing categories within each
CWRF grid, and thus the USGS–IGBP conversion coefficients, were determined (Liang et al. 2005a).
In this study, we combine the cross-walking and Liang
et al. (2005a) methods. For tree types, since the IGBP
and USGS classifications have an exact one-to-one
correspondence, we relabel the IGBP types directly to
the corresponding USGS types. For other types, including herbaceous vegetation types, the 1-km resolution LCC climatology in the IGBP classification system
from MODIS is translated to the LCC in the USGS 24category classification using the conversion coefficients
(Liang et al. 2005a). To make the conversion coefficients
more spatially representative, we calculate the conversion coefficient for a 1-km pixel within a 90 km 3 90 km
spatial window that centers on that pixel rather than
within a CWRF grid.

2) FRACTIONAL VEGETATION COVER
The FVC is a crucial vegetation parameter that largely
affects surface albedo (Tian et al. 2004b). FVC is assumed to be static (i.e., not vary with time in the CWRF
SBCs), and all vegetation canopy seasonality is attributed to LAI seasonal variations, following Zeng et al.
(2000) and Liang et al. (2005a). This concept was used in
the land surface models including CSSP, CoLM, and
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CLM, and was a basic assumption during model development. The FVC is typically derived from satellite
NDVI data using a linear model (Gutman and Ignatov
1998; Zeng et al. 2000; Liang et al. 2005a) or a quadratic
model (Carlson and Ripley 1997). However, because of
the difficulty in determining the bare soil NDVI and its
substantial impact on the derived FVC, the FVC used
here is defined to be one minus the sum of the water
fraction and bare soil fraction.
The MODIS 250-m water mask dataset (Carroll et al.
2009) for the year 2000 is used to derive the water
fraction by computing the approximate proportion of
250-m grids within a CWRF gird. The bare soil fraction
is directly calculated from the MODIS 500-m vegetation
continuous field dataset (Hansen et al. 2003).

3) LEAF AND STEAM AREA INDICES
In climate applications, LAI indicates the vertical
vegetative canopy structure and is defined to be the
single-side green leaf area per unit ground area in
broadleaf canopies and the projected needle leaf area in
coniferous canopies (Tian et al. 2004a; Liang et al.
2005a). MODIS Terra and Aqua combined LAI products (Myneni et al. 2002) were used to define the LAI
and SAI vegetation parameters. The missing value
pixels that resulted from the QC flag filter application
are spatially filled using the average of nearby data
pixels having the same land-cover type within a certain
radius, following Liang et al. (2005a). Moreover, if
a pixel is missing at least one 8-day composite in a year,
but has at least two measurements per season, then
a temporal filling for the missing value(s) within a year is
applied by a cubic spline fitting. Finally the 8-day LAI
composite climatology is divided by the FVC derived
above to calculate the green LAI with respect to the
vegetated area used in CWRF (Liang et al. 2005a). The
1-km, 8-day SAI data during 2000–10 are derived from
the 1-km, 8-day LAI generated above following the
method of Zeng et al. (2002). Both the LAI and SAI are
spatially aggregated within a CWRF grid and temporally averaged to generate a monthly climatology.
Yuan et al. (2011) constructed a continuous and consistent global LAI dataset by applying the modified
temporal spatial filter method and a Savitzky–Golay
filter to fill the MODIS LAI gaps and process lowerquality data (QC . 0). Ke et al. (2012) followed the
same methodology to produce a global LAI dataset
from MODIS Terra and Aqua combined products in
collection version 5. In our study, we use only the bestquality LAI data (QC 5 0) to derive the monthly LAI
climatology in the North American domain. No LAI
inconsistencies or gaps were found using the method
described above. We plan to use the global LAI data
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from Yuan et al. (2011) as a backup in those areas outside of the North American domain where our LAI data
may be inconsistent and/or have significant gaps.

4) LAND SURFACE ALBEDO
Liang et al. (2005b) developed an improved dynamic
and statistical parameterization of nonsnow land surface
albedo based on MODIS albedo products. The snowfree albedos (direct and diffuse visible and near infrared) are functions of several vegetation parameters
including LAI, SAI, FVC, and LCC, and top 0.1-m
volumetric soil moisture. The coefficients in the functions for each LCC are determined from the optimization solutions through advanced inverse modeling that
minimizes the calculation error for MODIS albedos
across all grids in that LCC (Liang et al. 2005b). Here,
we follow their method and use the latest MODIS albedo, LAI, FVC, LCC, and North American Regional
Reanalysis (NARR) soil moisture data to derive the
nonsnow albedo parameterization at specific CWRF
grids.
We hereafter refer to the MODIS-based LAI, SAI,
FVC, LCC, and albedo derived from these quantities as
‘‘new’’ vegetation data or parameters, while the corresponding AVHRR-based values will be referred to as
‘‘old’’ vegetation data.

c. Model evaluation data
For model evaluation, daily total precipitation and
daily mean surface air temperature (average of maximum and minimum at a screen height of 1.25–2 m above
the ground) data from 7325 National Weather Service
cooperative stations across the United States are mapped onto the CWRF grid following an objective analysis
(Liang et al. 2004) with the topographic adjustment of
Daly et al. (2008). Over Canada and Mexico, precipitation and temperature data are based on the National
Oceanic and Atmospheric Administration (NOAA) Climate Prediction Center (CPC) 0.58 daily analysis (Chen
et al. 2008) and the Climatic Research Unit (CRU) TS3.0
0.58 monthly-mean analysis (www.cru.uea.ac.uk/cru/data/
hrg/), respectively, both from station measurements and
with no topographic adjustment.
The upscaled sensible and latent heat fluxes are derived from FLUXNET (Baldocchi 2008; Baldocchi et al.
2001) observations using the data-oriented approach
and model tree ensembles (MTE). The derived data can
be used to validate the land surface process models at
scales that are generally equal to the grid spacing of
climate models (Beer et al. 2010; Bonan et al. 2011; Jung
et al. 2010, 2011). Cross-validation shows that the MTE
produces realistic geographical and seasonal latent and
sensible heat flux variability (Jung et al. 2011). However,

the MTE flux data are still model outputs from the upscaling of the Lund–Potsdam–Jena Managed Land
(LPJmL) model constrained by FLUXNET tower data
and cannot be considered as accurate as those from field
measurements. These data are mapped onto the CWRF
grid using a bilinear spatial interpolation for model
performance evaluations below.

d. Experimental design
For simplicity, the CWRF simulation using the old
vegetation data and derived albedo is hereafter referred
to as the control run (CTL) while that using the new data
and derived albedo is the experimental run (EXP). Two
11-yr (1998–2008) simulations in the CWRF domain
(Fig. 1), one for CTL and the other for EXP, are conducted with CWRF version 3.1.1, where the physical
configurations are identical to those proposed by Liang
et al. (2012c). These include the Goddard Space Flight
Center (GSFC) radiation scheme (Chou and Suarez
1999; Chou et al. 2001), CSSP land surface model, the
Community Atmosphere Model planetary boundary
layer scheme (Holtslag and Boville 1993), Ensemble
Cumulus Parameterization modified from G3, GSFC
Goddard Cumulus Ensemble microphysics scheme (Tao
et al. 2003) and University of Washington (UW) shallow
convection scheme (Park and Bretherton 2009). Both
simulations are driven by the global Interim European
Centre for Medium-Range Weather Forecasting
(ECMWF) Re-Analysis (ERA-Interim) data (Dee et al.
2011). The initial year is considered as a spinup, while
the simulations from the last 10 years (1999–2008) are
used in the evaluation below.

3. Results and discussion
a. New land-cover category data
Figures 1a and 1b compare the old and new USGSbased dominant LCC geographic distributions over the
North American domain, given a 30-km grid spacing. A
comparison of the two maps shows that the new LCC
derived from the latest MODIS land-cover product
considerably alters dominant vegetation covers over
several regions, including the west coast of Mexico
(from a mixture of deciduous broadleaf, evergreen
needleleaf, and mixed forests to shrubland), the northern Rocky Mountains (mainly from shrubland to
grassland), the eastern Dakotas and western Minnesota
(from cropland/grassland mosaic to dryland cropland
and pasture), eastern Canada (from mixed forest to
evergreen needleleaf forest), the U.S. Southeast (from
evergreen needleleaf forest to mixed forest), and
southeastern Texas (from cropland/grassland mosaic to
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TABLE 1. Summary of new and old vegetation parameters in USGS classifications.

Percentage (%)

LAI max

LAI seasonal
amplitude

LAI min

FVC

LCC name

Old

New

Old

New

Old

New

Old

New

Old

New

Urban and built-up land
Dryland cropland and pasture
Irrigated cropland and pasture
Cropland/grassland mosaic
Cropland/woodland mosaic
Grassland
Shrubland
Mixed shrubland/grassland
Savanna
Deciduous broadleaf forest
Evergreen broadleaf forest
Evergreen needleleaf forest
Mixed forest
Water bodies
Wooded wetland
Barren or sparsely vegetated
Wooded tundra

0.14
6.18
0.27
4.04
2.16
6.14
8.89
0.11
1.01
4.02
0.56
10.25
7.39
46.95
0.48
0.25
1.17

0.30
7.21
0.48
1.54
1.81
10.15
9.33
0.52
1.42
3.09
0.69
9.31
5.39
46.81
0.96
0.33
0.65

3.25
4.04
2.94
3.27
4.54
1.52
1.76
2.21
2.72
5.44
5.73
5.36
5.60
0.00
2.92
2.15
3.78

1.86
2.44
1.33
2.31
2.62
1.36
1.65
1.10
1.96
2.66
3.29
2.47
2.74
0.00
1.82
0.73
1.51

0.90
0.76
0.63
0.36
0.76
0.59
0.97
1.13
1.33
0.75
4.61
3.31
1.25
0.00
0.38
1.66
0.36

0.67
0.30
0.45
0.52
0.64
0.35
0.80
0.51
0.89
0.59
3.07
1.49
1.01
0.00
0.47
0.39
0.21

2.36
3.28
2.31
2.91
3.78
0.93
0.79
1.08
1.39
4.69
1.12
2.05
4.35
0.00
2.54
0.49
3.43

1.19
2.14
0.88
1.78
1.98
1.01
0.85
0.59
1.07
2.07
0.22
0.98
1.73
0.00
1.35
0.34
1.30

0.80
0.96
0.84
0.84
0.97
0.75
0.42
0.67
0.88
0.96
0.97
0.89
0.90
0.00
0.77
0.09
0.73

0.81
0.92
0.85
0.94
0.97
0.72
0.59
0.74
0.90
0.97
0.94
0.90
0.93
0.00
0.93
0.08
0.88

grassland). In the new LCC map, the dryland cropland
type covers much of the U.S. Midwest and eastern Plains
and extends into south central Canada, while the
shrubland and grassland types prevail over the western
Plains and mountainous regions of the western United
States and Mexico. The majority forest type in the
southeast United States (including the Gulf Coast
states) and eastern Canada is altered to mixed forest and
evergreen needleleaf forest, respectively.
Overall, western Mexico is the only region where the
conversion is from tree to herbaceous types (from deciduous broadleaf, evergreen needleleaf, and mixed
forests to shrubland). The MODIS IGBP LCC map reveals that woody savanna and open shrubland are the
two major types in this region. When they are remapped
onto the USGS LCC classification using the above
remapping method, they are mostly reclassified as
shrubland. Because of the distinct biophysical and biochemical characteristic differences between trees and
shrubland, the climate in this region is expected to be
substantially altered. We will discuss the effect of this
LCC change on precipitation in section 3d.
Table 1 summarizes the total percentage coverage of
each land-cover category across all grids in the domain
for both the old and new LCC. The grassland type in the
new LCC has the largest increase (4%) in coverage
when compared with the old LCC. In addition, the new
LCC increases the coverage of urban and built-up areas,
irrigated and dryland cropland and pasture, shrubland,
mixed shrubland/grassland, savanna, evergreen broadleaf forest, and barren or sparsely vegetated types.
Conversely, coverage decreases substantially in the new

LCC for the cropland/grassland mosaic and mixed forest
types (22.5% and 22%, respectively) with smaller decreases for water bodies, cropland/woodland mosaic,
deciduous broadleaf forest, evergreen needleleaf forest,
and wooded wetland. After tabulating differences across
all categories, total forest coverage in the new LCC
decreases by 3.73% while total cropland (including
dryland and irrigated cropland) and other herbaceous
coverage increases by 1.24% and 2.44%, respectively.

b. New fractional vegetation cover
The new FVC spatial distributions, as well as their
differences (new minus old), are illustrated in Figs. 1c
and 1d, respectively. The new FVC derived from
MODIS is 0.05–0.30 lower over regions located within
an arc that extends from south central Canada, through
the Great Plains to the desert Southwest. Conversely,
FVC values are 0.05–0.35 greater across much of the
eastern half of Canada as well as substantial areas of
Oregon, Nevada, the U.S. Southeast, and western Mexico.
Table 1 lists the mean FVC for each land-cover category across all land grids for the old and new data.
Values increase (old to new) from 0.77 to 0.93 for
wooded wetland, 0.42 to 0.59 for shrubland, and 0.73 to
0.88 for wooded tundra. This corresponds to FVC increases in the land-cover types in the eastern half of
Canada, the U.S. Southeast, mountainous regions of the
western U.S., and areas adjacent to Hudson Bay, respectively, in Fig. 1d. Conversely, the dryland cropland
and pasture, grassland, and evergreen broadleaf forest
FVCs decrease by 0.04, 0.03, and 0.03, respectively.
These decreases occur within an arc shaped region
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FIG. 2. (top) Seasonal geographic distributions of the new LAI and (bottom) differences between the new and old LAI (new minus old).
(from left to right) The seasons are winter (DJF), spring (MAM), summer (JJA), and autumn (SON).

that extends from south central Canada to the desert
Southwest in Fig. 1d. For the other land-cover categories, FVC increases are relatively small and range
from 0.01 to 0.1.
For a given CWRF grid, the category with the largest
fractional coverage is chosen to be the LCC for that grid,
and the fraction of the cell that it occupies is assumed to
be the FVC (Liang et al. 2005a). Consequently, for
a given land cell (i.e., water body fraction is zero), 1.0 2
FVC is the bare soil fraction. The new bare soil fraction
is 9.6% over the U.S. domain and is 2.1% less than the
old bare soil fraction. Ke et al. (2012) found that the bare
soil fraction derived from MODIS used in CLM4 is still
considerably larger than that from the 2006 National
Land Cover Database. Further study on the FVC specification is needed in the future.

c. New LAI and SAI parameters
Both the AVHRR and MODIS LAIs are quite small
over the U.S. Intermountain West as well as regions with
arid and semiarid climates, while values are much larger
across the northwestern and eastern regions of the
United States and much of Canada (Fig. 2). In addition,
both patterns exhibit substantial seasonal variability
over cropland grids in the U.S. Midwest, and mixed
forest grids in southern Canada and the U.S. Southeast.
Although the LAI spatial pattern derived from MODIS
is similar to that from AVHRR, the magnitude is much
smaller (Fig. 2). During winter [December–February
(DJF)], the MODIS LAI is 0.5–2.5 less than AVHRR

over the U.S. Northwest and Southeast as well as
southern Canada. The difference patterns during spring
[March–May (MAM)], summer [June–August (JJA)],
and autumn [September–November (SON)] are similar,
when the MODIS LAI is smaller than AVHRR by more
than 2.5 over virtually the entire domain, with the exception of the U.S. Great Plains. Differences are particularly large during the summer, when the MODIS
LAI is less than AVHRR by more than 4.0 over the U.S.
Midwest and southern Canada. The MODIS cropland
LAIs over the U.S. Midwest are also much smaller
during all seasons except winter. Unlike the LAI parameter, the magnitude of the MODIS SAI parameter
(not shown) is close to that of AVHRR in spring and
summer but substantially smaller (by 1.8–2.5) over the
U.S. Midwest and Northeast as well as southern Canada
during autumn and winter.
Tian et al. (2004b) found that MODIS LAI values are
0.5–1.5 smaller than the AVHRR values used in CLM2
over the U.S. Southeast in July. Tian et al. (2004a) also
found that MODIS values were smaller than the
AVHRR values used in CoLM by as much as 2 over
most of the Northern Hemisphere, especially boreal
regions, during March, and that a similar spatial difference pattern occurred in July. Liang et al. (2005a) found
that the MODIS LAI is only about half that of the
AVHRR LAI during summer over croplands while
differences for other land-cover categories, especially
trees, are smaller. Lawrence and Chase (2007) identified
similar results. Ke et al. (2012) found that MODIS LAI
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values were much smaller than AVHRR LAI throughout the year, with maximum (minimum) differences
over the Northern Hemisphere boreal region during
summer (winter). MODIS SAI values are smaller than
AVHRR SAI over all land areas throughout the year with
the largest differences over the Northern Hemisphere
boreal region in autumn (Ke et al. 2012). Our results are
consistent with those of the studies described above.
The AVHRR global LAI map is derived generally
from the simple relationship of NDVI and LAI as described in Myneni et al. (1997) and is used, without extensive validations, in many land surface models
including CLM, CoLM, and CSSP. Because the low
quality of AVHRR NDVI data results from the various
deficiencies described in section 1 above, the quality of
the NDVI derived LAI data also remains low. Recent
studies have attempted to correct AVHRR NDVI bias
and therefore increase the quality of the LAI derived
from it. Tucker et al. (2005) constructed new long-term
Global Inventory Monitoring and Modeling Study
(GIMMS) NDVI data by correcting the AVHRR NDVI
from 1981–2002 in a consistent and quantitatively
comparable manner with MODIS and Système Pour
l’Observation de la Terre (SPOT)-4 data. The corrections addressed sensor degradation and intercalibration
differences, view geometry errors due to satellite drift,
biases from lack of atmospheric corrections, and aerosol
effects (Tucker et al. 2005). Zhu et al. (2013) developed
a neural network algorithm between the third generations of the GIMMS NDVI and best-quality Terra
MODIS LAI products for the overlapping period
2000–09 and then generated corresponding LAI data
from 1981–2011 using a trained neural network. Their
results showed that the improved AVHRR LAI is
consistent with the MODIS LAI and is in good agreement (RMSE 5 0.68) with observations from 29 sites
that represent all major biomes (Zhu et al. 2013). Liu
et al. (2012) also generated a consistent long-term LAI
product from GIMMS NDVI using the relationship between LAI and the ratio of near-infrared to red band land
surface reflectance. Their results indicated that the LAIs
from corrected AVHRR NDVI and MODIS are consistent, where LAI differences are less than 0.6 in 99.0%
of all vegetated pixels. Additionally, Zhao et al. (2013)
used corrected AVHRR surface reflectance data instead
of NDVI from NASA’s Land Long Term Data Record
project to derive the global LAI product using an artificial
neural network algorithm and found that their LAI
product is consistent with MODIS LAI data and is both
spatially complete and temporally continuous.
In contrast to AVHRR LAI, MODIS LAI is derived
from MODIS surface reflectance with various sensor
and atmospheric corrections (Myneni et al. 2002) using

VOLUME 27

a lookup table method by an inversion modeling of the
three-dimensional radiative transfer in the vegetation
canopy. They are typically used to calibrate and validate
AVHRR data in the overlapping time (Vermote and
Saleous 2006; Liu et al. 2012; Zhu et al. 2013). The
MODIS data have been well validated against site
measurements (Hill et al. 2006; Yang et al. 2006; Fang
et al. 2012) and are continuously improved with a refined
algorithm (De Kauwe et al. 2011). Fang et al. (2013)
compared five major global LAI products and found
that the average uncertainties and relative uncertainties
of the MODIS LAI are 0.17% and 11.5%, respectively,
which are the smallest among the five products. They
further stated that the discrepancies are due mainly to
differences between definitions, retrieval algorithms,
and input data (Fang et al. 2013).

d. Impacts of new vegetation parameters on regional
climate
In this section, the impacts of the new vegetation parameters on regional climate are examined by comparing latent and sensible heat fluxes, precipitation, and
surface air temperature, as simulated by CTL and EXP
with the old and new vegetation parameters during
1999–2008, respectively. Additionally, their mean bias
(MB) and root-mean-square (RMS) errors in the
CONUS and eight key regions illustrated in Fig. 1a are
compared in Table 2. For precipitation and surface air
temperature, we also compare the annual cycles of their
biases in the eight regions. A Student’s t test is applied to
monthly data to assess the statistical significance of
biases from observations and differences between CTL
and EXP. Hereafter, the biases and differences with
statistical significance greater than 95% are stippled in
their geographical distribution maps.

1) SURFACE LATENT AND SENSIBLE HEAT FLUXES
The top panel of Fig. 3 shows seasonal mean latent heat
flux biases (W m22) from FLUXNET MTE data for the
CTL and EXP cases as well as their differences (EXP
minus CTL). The CTL simulation produces significant
biases almost everywhere during all seasons, with the
largest (smallest) absolute biases occurring during summer (winter). The largest positive biases (.25 W m22)
exist over the central Great Plains, southern portions of
the Midwest, the Mississippi Valley, and mid-Atlantic
regions in spring, and over Mexico, the Rocky Mountains, the Midwest, and central Canada in summer. Significant negative biases (10–28 W m22) also occur along
the U.S. West Coast during both summer and autumn,
and the central and southern Great Plains in summer.
Although the EXP and CTL patterns are similar, EXP
generally produces smaller latent heat fluxes over most
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TABLE 2. Statistics of the precipitation, surface air temperature, and latent and sensible heat fluxes in eight key regions and continental
U.S. (CONUS) land grids. The numbers in the table are mean biases (without parentheses) and root-mean-square errors (with parentheses) between observed and CTL and EXP simulated monthly variations of precipitation and surface air temperature, respectively. For
sensible heat flux (SH) and latent heat flux (LH), the statistics are calculated between MTE flux data and CTL and EXP simulations. An
asterisk (*) indicates that mean biases or root-mean-square errors are significant at a 95% confidence level.
Precipitation
(mm day21)
Regions

CTL

EXP

Cascade
North Rockies
Central Great
Plains
Midwest
Northeast
Southeast
Gulf states
NAM
CONUS

0.30 (0.54)
0.34 (0.46)
0.44 (0.69)

0.31 (0.54)
0.19 (0.36)
0.08* (0.57)

0.68 (0.98)
0.66 (1.55)
0.78 (1.37)
0.60 (1.21)
0.31 (0.64)
0.59 (0.65)

0.31* (0.84)
0.47 (0.98)
0.36* (1.17)
0.01* (0.90)
0.03* (0.40)
0.28* (0.36)

SH (W m22)

Temperature (8C)
CTL

EXP

0.35 (0.74) 0.71* (1.09)
0.90 (1.26) 0.82 (1.48)
2.34 (2.44) 1.63* (1.81)
0.78 (1.19)
20.11 (0.78)
0.04 (0.76)
0.44 (1.23)
0.47 (0.83)
0.67 (0.79)

0.71 (1.24)
0.19 (1.07)
0.10 (0.73)
0.37 (1.03)
0.68 (0.84)
0.55 (0.66)

regions for all seasons due to its smaller LAI (Fig. 2).
Hence, EXP significantly reduces the positive CTL
biases over eastern Canada and the northern Rocky
Mountains in winter and spring; the Midwest, central
Canada, and a broad region that extends from Mexico
through the Rocky Mountains to western Canada during
summer; and Mexico, the central Great Plains, the
Rocky Mountains, and the Midwest in autumn. The
improvements are greatest during summer, particularly
over the Midwest, the Mississippi Valley, and the region
that extends from central Mexico to Arizona and New
Mexico, where the area averaged EXP latent heat flux is
16.8 W m22 smaller than CTL. However, CTL negative
biases are enhanced over the central and southern Great
Plains, especially eastern Texas, due to latent heat flux
decreases in EXP.
Compared to latent heat flux biases, sensible heat flux
biases generally have similar spatial patterns with reversed signs (Fig. 3, bottom). The CTL has significant
negative biases (3–36 W m22) over central Canada,
central Mexico, the U.S. Northeast, and mountainous
regions along the California–Arizona border for all
seasons, where the largest biases occur during summer.
In addition, significant negative biases are located in the
region that extends in an arc from southern portions of
the Midwest to the U.S. Northeast during spring. These
negative biases are generally reduced in EXP by
2–12 W m22, especially over Canada, where significant
negative biases (20–30 W m22) in CTL are reduced by
nearly half during summer.
Significant positive biases (13–22 W m22) are produced by CTL for the Great Plains and U.S. West Coast
during all seasons except winter. These biases decrease
in EXP by approximately 12 and 15 W m22 in spring
and summer, respectively. During autumn, EXP again

CTL

EXP

13.68 (23.99)
3.55 (11.89)
8.18 (12.22)

12.77 (24.86)
1.29* (11.54)
1.64* (8.42)

LH (Wm22)
CTL

EXP

0.26 (13.55) 21.58* (13.74)
3.65 (8.44)
0.10* (9.73)
9.70 (11.31)
4.11* (10.89)

20.21 (7.94) 20.53 (10.22) 14.86 (17.98)
25.11 (8.30) 20.97* (7.44) 10.99 (12.35)
8.09 (12.18)
1.86* (10.05) 6.98 (8.59)
24.16 (9.26) 22.87 (8.16)
10.82 (13.55)
4.07 (11.60)
1.05* (8.90)
7.46 (13.04)
3.03 (6.18)
0.74* (4.26)
8.18 (8.73)

11.08* (15.17)
9.56* (10.88)
6.20 (8.78)
5.70* (12.88)
1.65* (7.13)
4.72* (7.01)

reduces the magnitude of positive CTL biases over the
Great Plains. However, in much of the Midwest, CTL
produces negative biases while the EXP generates positive biases.
The latent and sensible heat flux differences between
EXP and CTL described above are mainly attributed to
discrepancies between MODIS and AVHRR vegetation parameters, especially LAI and FVC. Substantial
LAI decreases in densely vegetated regions will generally lead to reduced canopy transpiration and enhanced
sensible heat fluxes (Lawrence and Chase 2007; Pielke
et al. 2007). In addition, smaller LAI will generally reduce canopy evaporation, due to a decrease in its interception of precipitation, and enhance runoff and soil
evaporation (Lawrence and Chase 2007). Compared
with CTL, EXP latent heat fluxes are reduced in the
Midwest, eastern Canada, eastern Texas, and the U.S.
Southeast during summer, while sensible heat fluxes
(Fig. 3, bottom panel) increase. In general, enhanced
sensible heat fluxes will cause PBL heights to increase as
illustrated in Fig. 4. Our results confirm the effects that
LAI changes have on sensible and latent heat fluxes, and
we will further examine this relationship for precipitation and surface air temperature below.
On the other hand, both the EXP latent and sensible
heat fluxes decrease over sparely vegetated areas, including the Great Plains and mountainous areas of the
western United States during summer (Fig. 3). This is
especially true for the sensible heat fluxes, which diminish during all seasons, when compared with CTL.
The LAI differences are not the primary cause for the
latent and sensible heat reductions because the EXP and
CTL LAIs are very small (less than 1) and have negligible differences (Fig. 2). The fractional vegetation
covers in these regions, however, are very small (about
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FIG. 3. Geographic distributions of seasonal (winter, spring, summer, and autumn) mean (top half) latent heat flux (W m22) and (bottom
half) sensible heat flux (W m22) biases (departures from MTE flux data) averaged during 1999–2008 as simulated by CTL and EXP as well
as their differences (CTL minus EXP). Biases and differences with statistical significance greater than 95% are stippled.
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FIG. 4. Geographic distributions of seasonal (winter, spring, summer, and autumn) mean differences (EXP-CTL) averaged during
1999–2008 for (top) albedo (%), (middle) top 0.1 m soil moisture (mm), and (bottom) planetary boundary layer height (m).

0.35 on average), so that the surface albedo is strongly
influenced by the soil albedo. The reduced FVC in EXP
in these regions (Fig. 1d) will typically cause surface
albedo to increase (Fig. 4) because soil generally is
brighter (has higher albedo) than vegetation (Tian et al.
2004b). Increased surface albedo will reduce solar radiation absorption, and consequently decrease both
surface sensible and latent heat fluxes. In addition, reduced sensible heat fluxes will cause PBL heights to
decrease (Fig. 4). Our results for the Great Plains and
U.S. western mountainous areas are consistent with
FVC effects on latent and sensible heat fluxes in sparsely
vegetated regions.
The positive sensible heat flux MB (RMS) errors in
CTL over the central Great Plains, the Southeast, the
North American monsoon (NAM) region, and the
continental United States (CONUS) are significantly
reduced in EXP by 7.54 (3.80), 6.23 (2.13), 3.02 (2.70),
and 2.29 (1.82) W m22, respectively (Table 2). In addition, the positive latent heat flux MB (RMS) errors in
CTL over the Midwest, the Northeast, the NAM region,
and CONUS are significantly reduced in EXP by 3.78
(2.82), 1.03 (1.47), 5.81 (5.91), and 3.36 (1.72) W m22,
respectively.

2) PRECIPITATION
Figure 5 (top panel) compares seasonal precipitation
bias (simulation minus observation) patterns for the CTL
and EXP cases averaged during the 10-yr period 1999–
2008, as well as their differences (EXP-CTL). The CTL
overestimates precipitation almost everywhere throughout the year, except over the west coast of Mexico in
summer and coastal areas of the U.S. Northeast in autumn, when dry biases of 0.8–1.6 mm day21 occur. The
overall wet bias and its significance exhibit both seasonal
and regional variations. During winter, significant biases
occur over the northern United States and western
Canada, although the absolute magnitudes are small (less
than 0.8 mm day21). A similar pattern occurs in spring
although bias magnitudes increase over central Mexico,
the U.S. Midwest, and eastern Canada. Wet biases during
summer decrease substantially over the northern Great
Plains but increase over the NAM region, Canada,
southern Texas, and the Ohio Valley, where values range
from 1.2 to 3.4 mm day21. When compared with the other
seasons, CTL bias magnitudes during autumn are smaller
and significant only over scattered areas of eastern Canada, the U.S. upper Midwest, and the northern Rockies.
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FIG. 5. As in Fig. 3, but for (top half) mean precipitation (mm day21) and (bottom half) 2-m air temperature (8C). Biases and differences
with statistical significance greater than 95% are stippled.
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FIG. 6. The (a) 1999–2008 monthly mean precipitation (mm day21) from observations as well as the CTL and EXP simulations, and (b) 2-m
air temperature (8C) biases (departures from observations) simulated by CTL and EXP averaged over the eight regions showed in Fig. 1.

When compared with CTL during summer, EXP significantly reduces positive rainfall biases over eastern
Canada, the NAM region, the Ohio Valley, and Gulf
Coast states by 0.90, 0.60, 0.80, and 1.40 mm day21, respectively. In addition, EXP wet biases during spring
over the central Great Plains, upper Midwest, and
southern Mexico are less than those in CTL by 0.25, 0.30,
and 0.20 mm day21, respectively. However, they are not
statistically different from CTL during spring. During
autumn, EXP slightly reduces CTL wet biases over
eastern Canada and the southern Great Plains.
As discussed above, in densely vegetated regions, reduced EXP LAI typically decreases evapotranspiration.
When a positive evapotranspiration–precipitation feedback exists, evapotranspiration decreases are followed by
reduced local cloudiness and precipitation as well as enhanced downwelling solar radiation (Seneviratne et al.
2010). The overall reduction of EXP wet biases in eastern
Canada, the Ohio Valley, and the mid-Atlantic during
spring and summer confirms the above feedback. Reduced precipitation leads to decreased soil moisture
(Fig. 4) and evapotranspiration (Fig. 3), which completes

the positive evapotranspiration–precipitation–soil moisture feedback loop.
On the other hand, decreased FVC in sparely vegetated areas, including the broad region that extends
from central Mexico to the Intermountain West and
Great Plains, will lead to the increased surface albedo
and decreased evapotranspiration, sensible and latent
heat fluxes described above. The reduced EXP precipitation (Fig. 5) and soil moisture (Fig. 4) illustrated in
our results over this area confirm the important contribution of decreased evapotranspiration. In addition,
drier soil further increases surface albedo, since soil albedo increases with decreasing top layer soil moisture,
especially over dry soil (Liang et al. 2005a). Thus, this
set of relationships completes a negative albedo–
evapotranspiration–precipitation–soil moisture feedback.
Figure 6a shows the seasonal precipitation cycle for
the eight regions. The CTL is generally wetter than EXP
over all regions throughout the year except the Northeast in autumn. In addition, EXP occasionally produces
dry biases (e.g., the central Great Plains during June
through September). The EXP generally reduces CTL
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wet biases by an average of 0.38 mm day21 for all regions
during winter and spring, while its performance in
summer and autumn is region dependent. For example,
in summer, EXP reduces CTL wet biases by 0.28, 0.21,
0.21, and 0.41 mm day21 in the Northeast, Midwest,
Southeast, and Gulf States, respectively. However, EXP
reverses CTL wet biases to dry biases and underestimates observations by 0.11 and 0.20 mm day21
over the northern Rockies and central Great Plains,
respectively. Both CTL and EXP capture the seasonal
cycle for all regions with the exception of the Northeast,
where the simulated precipitation maximum lags observations by two months.
Liang et al. (2012c) argued that CTL peak rainfall
overestimations in the NAM region are likely to be realistic since the observational analysis has no topographic adjustment and is expected to underestimate
peak amount along mountain ranges. Further study reveals that CTL wet bias reductions in the NAM region in
EXP are caused mainly by LCC changes from tree types
to shrubland. A sensitivity study of a simulation from 1
January to 31 December 1999 found that, by retaining
the tree types in the new LCC, the rainfall peak amount
was overestimated by approximately 0.4 mm day21.
Table 2 compares monthly precipitation MB and
RMS errors during 1999–2008 for both the CTL and
EXP simulations. The greatest improvements in EXP
are found in the NAM, Gulf states, Southeast, Midwest,
and central Great Plains regions as well as the entire
continental United States, where MB (RMS) error reductions, relative to CTL, are 0.28 (0.23), 0.59 (0.31), 0.42
(0.20), 0.21 (0.25), 0.37 (0.14), and 0.38 (0.12) mm day21,
respectively. For the three remaining regions (the Cascades, northern Rockies, and Northeast), there is no statistically significant improvement when EXP is compared
to CTL.

3) SURFACE TEMPERATURE
Figure 5 (bottom panel) shows the seasonal cycle of 2-m
temperature (T2M) biases (simulations minus observations) for both CTL and EXP. The CTL simulation
produces a large area of statistically significant warm
biases (1.28–3.58C) over the middle of the continent
during all seasons except autumn. Maximum extent
occurs in winter, when significant biases extend from
southern Texas to western Canada, while significant
biases are limited to the central Great Plains in spring.
Although neither CTL nor EXP produces significant
biases over the central Great Plains in autumn, EXP
warm biases are 1.08–1.58C less than CTL. Significant
cold biases of 18–48C occur in CTL during winter
(summer) over the Great Lakes region, California, and
much of Mexico (U.S. Southeast and Gulf states).
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A comparison of the two simulations shows that EXP
bias magnitudes are substantially less than those produced by CTL during all seasons except in summer. The
largest and most significant warm bias reduction (18–38C)
occurs in the central Great Plains during the cold seasons (winter and spring). In summer, both EXP and CTL
have warm biases in the northern Rocky Mountains,
central Great Plains, and western Canada. In addition,
EXP is about 1.28C warmer than CTL in the upper
Midwest. On the other hand, EXP slightly reduces CTL
cold biases in the eastern United States and Gulf states
during summer.
As discussed in the previous section, the reduction of
CTL warm biases in EXP over the Great Plains during
winter and spring results mainly from increased albedo
due to decreased FVC. The increased albedo causes
reductions in solar radiation absorption, and therefore
reduces surface sensible heat fluxes and air temperature.
Our results are consistent with the FVC effects in
sparsely vegetated areas discussed above. On the other
hand, in densely vegetated regions such as eastern
Canada, the Midwest, and the Southeast, the enhanced
sensible heat flux caused by the reduction of EXP LAI
causes the EXP surface temperature to be warmer than
CTL. The largest EXP surface temperature increases
occur over eastern Canada and the Midwest during
summer when the largest LAI differences between EXP
and CTL exist.
An analysis of CTL and EXP T2M biases for the eight
regions (Fig. 6b) reveals that EXP bias magnitudes are
generally 0.28–1.18C less than CTL values in winter. The
EXP simulation effectively diminishes CTL warm biases
over all regions except the Northeast and NAM region,
where it slightly increases CTL cold bias magnitudes.
Conversely, during summer, EXP biases are generally
0.18–1.68C higher than CTL. This produces greater
warmth over the Cascades, northern Rockies, and the
Midwest, but reduces cold biases over the Gulf Coast
states and NAM region. Overall, for the entire year,
EXP improves T2M simulations over the central Great
Plains and Gulf states by reducing CTL MB (RMS) errors by 0.708 (0.638) and 0.078C (0.208C), respectively
(Table 2). For the CONUS, it cuts CTL MB and RMS
errors by 0.128 and 0.138C, respectively.

4. Conclusions
MODIS data have been found to be more realistic
than AVHRR and are, thus, preferred for use in climate
models. Moreover, because land-use changes continue
to occur across large areas of the globe, MODIS (when
compared with AVHRR) data better represent current
vegetation and are more suitable for current climate
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simulations. However, before replacing AVHRR data
widely used in current climate models, it is necessary to
compare the vegetation parameters derived from
MODIS and AVHRR and to evaluate their regional
climate impacts.
This study first derives the new vegetation parameters
from MODIS data during 2000–10 and then replaces the
old ones derived from AVHRR in CWRF. When compared with AVHRR vegetation parameters, 1) MODIS
LCC greatly alters dominant vegetation covers over the
Mexican west coast, the northern Rocky Maintains,
eastern Canada, and the U.S. Southeast; 2) MODIS LAI
is clearly reduced during all seasons in densely vegetated
regions with forest land cover including the U.S.
Northeast, the Gulf Coast states, the U.S. Southeast, and
Canada; and 3) MODIS FVC is reduced over regions
located within an arc that extends from south central
Canada, through the Great Plains to the desert Southwest. Because there exist large AVHRR and MODIS
vegetation parameter differences, the CWRF simulated
regional climates during 1999–2008 differ substantially.
Our results illustrate that the incorporation of MODIS
parameters into CWRF substantially increases model
performance in precipitation, surface air temperature as
well as latent and sensible heat fluxes over several regions,
particularly the U.S. central Great Plains, the Southeast,
the Gulf states, and the NAM region. Improvements include 1) sensible and latent heat flux bias reductions of
0.78–5.81 and 0.91–6.54 W m22 across eight regions and
3.46 and 2.29 W m22 for the CONUS, respectively; 2) wet
bias reductions over all regions of 0.12–0.59 mm day21,
depending on region, and 0.28 mm day21 for the CONUS;
and 3) warm temperature bias reductions over the U.S.
Great Plains (entire United States) of 0.718C (0.128C)
averaged over all seasons.
We found that CWRF has strong land–atmosphere
coupling that realistically reflects the impacts of land
surface parameters on regional climate and is capable of
simulating complex land–atmosphere interactions. In
densely vegetated areas, including eastern Canada, the
Ohio Valley, and the mid-Atlantic region, the reduced
LAI causes positive evapotranspiration–precipitation–
soil moisture feedbacks that lead to decreased spring and
summer precipitation. Reduced LAI also increases the
sensible heat flux by decreasing evapotranspiration, which
then causes surface temperature to increase during spring,
summer, and autumn. Conversely, in sparely vegetated
areas, such as the Great Plains, decreased FVC causes
negative albedo–evapotranspiration–precipitation–soil
moisture feedbacks which lead to reduced precipitation
during summer. Decreased FVC also lowers surface
temperature during winter and spring due to the sensible
heat flux reduction that results from the albedo increase.

Despite the improvements described above for the
EXP simulation, there still exist some persistent biases
in both the CTL and EXP simulations, including 1) large
wet biases over the U.S. Midwest and eastern Canada
during spring and summer as well as large dry biases
over the U.S. Northeast during autumn and 2) large
warm biases over the northern Great Plains during
winter and the central Great Plains and eastern Canada
during summer as well as large cold biases over the
Great Lakes region in winter and Mexico for all seasons.
In addition to observational data uncertainties (Holder
et al. 2006), these biases may be attributed to errors in
physical representations and/or physical or empirical
parameters specified in the model. For example, we find
that cold biases in the Great Lakes region are caused by
extremely cold lake surface temperatures simulated by
the CWRF lake model, where the representations of
water phase changes, surface physics, and turbulent mixing are unrealistic. We will further investigate these issues
to improve regional climate simulations using the new and
consistent vegetation parameters derived from MODIS.
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