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ABSTRACT
An advanced land model [the National Center for Atmospheric Research (NCAR) Community Land
Model, version 2 (CLM2)] is coupled to the Florida State University (FSU) regional spectral model to
improve seasonal surface climate outlooks at very high spatial and temporal resolution and to examine its
potential for crop yield estimation. The regional model domain is over the southeast United States and is
run at 20-km resolution, roughly resolving the county level. Warm-season (March–September) simulations
from the regional model coupled to the CLM2 are compared with those from the model with a simple land
surface scheme (i.e., the original FSU model). In this comparison, two convective schemes are also used to
evaluate their roles in simulating seasonal climate, primarily for rainfall. It is shown that the inclusion of the
CLM2 produces consistently better seasonal climate scenarios of surface maximum and minimum temperatures, precipitation, and shortwave radiation, and hence provides superior inputs to a site-based crop model
to simulate crop yields. The FSU regional model with the CLM2 exhibits some capability in the simulation
of peanut (Arachis hypogaea L.) yields, depending upon the convective scheme employed and the site
selected.

1. Introduction
Because seasonal climate information is very valuable and useful to many weather-sensitive activities,
such as agriculture and hydrological modeling, much
effort has been made to improve the accuracy of the
seasonal climate predictions (e.g., Cocke and LaRow
2000; Kanamitsu et al. 2002; Palmer et al. 2004; Roads
2004). The state-of-the-art climate models can now provide somewhat reliable seasonal outlooks. They can
project, for example, that the upcoming season will be
normal, above normal, or below normal with some confidence, depending on the target season and the field
of interest. However, a seasonal average, often for
3-month periods, is not sufficient for some application
models, such as crop yield simulations. Since crops respond dynamically to both the magnitude and frequency of climate variables, more specific and detailed
weather/climate information is required in the crop
model to project total yields several months ahead of
time for risk management and decision-making practices.
Corresponding author address: D. W. Shin, Center for Ocean–
Atmospheric Prediction Studies, The Florida State University,
Tallahassee, FL 32306-2840.
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Seasonal climate outlooks must be very high resolution in both time and space (Dai and Trenberth 2004;
Tomita et al. 2005) for crop model applications. In particular, the temporal interval should be daily with sufficient length to encompass the growing season and the
spatial resolution must be high enough to catch the
mesoscale nature of spatial variability [e.g., the county
level (⬃20 km) in the southeast United States]. While
the daily weather data can be drawn from a global climate model, the high spatial resolution data cannot be
directly obtained from the global model. A simple interpolation of the global model output to a particular
station may result in inaccurate results. Regional climate models, which are usually run at very high resolutions with the boundary information provided by the
global model, may allow more accurate representation
of the station-level data (Juang and Kanamitsu 1994;
Giorgi et al. 1994; Cocke 1998).
Substantially high spatial resolution data can be obtained using so-called downscaling approaches. While
many previous studies in agricultural applications of
climate information have employed statistical/empirical
methods to arrive at downscaled climate scenarios (e.g.,
Dubrovsky et al. 2000; Phillips et al. 1998), few studies
have used a regional climate model directly to downscale global climate model outputs to create seasonal
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climate scenarios appropriate for driving site-based
crop simulation models. Regional climate models have
mostly been used to study local effects of long-range
(multidecadal) climate change resulting from an increasing concentration of greenhouse gases in the atmosphere (e.g., Mearns et al. 2003). Moreover, the
resolution of regional models in a few seasonal dynamical downscaling studies (Misra et al. 2003; Sun et al.
2005) was still too coarse (⬎50 km) to use in a crop
model. The statistical/empirical methods have been
preferred to the dynamical method partly because of
their simplicity and partly because the skill levels of
current global and regional models are believed to be
less accurate than those of statistical methods. However, the dynamical downscaling approach has the potential to outperform statistical/empirical approaches,
particularly in the prediction of extreme events or in
areas where observed data needed to train the statistical/empirical models are not available (Palmer et al.
2004).
The potential benefits of climate forecasting to agriculture have been discussed previously (e.g., Jones et al.
2000; Meinke and Stone 2005). Nevertheless, the accuracy and usefulness of dynamical downscaling has not
been carefully evaluated for crop simulation models. A
highly developed global and regional model system is
expected to provide more accurate site- and year-specific climate forecasts and hence can be directly linked to
various application models such as crop, hydrology,
ecology, etc. Even though their skill levels are still being assessed, the examination of the regional climate
models linked to agricultural models is warranted to
produce relevant information for use by agricultural
decision makers.
To make a better surface climate outlook, which is
important for these application models, it is necessary
to have an advanced land model in a global and regional climate model system. We mean surface climate
to be the lowest few meters of the atmosphere to about
a meter or so below the surface. Important meteorological variables include the 2-m air temperature, incident solar radiation, and surface precipitation. The
Florida State University (FSU) global climate model
has recently been upgraded by including the National
Center for Atmospheric Research (NCAR) Community Land Model, version 2 (CLM2) as its land surface
component (Shin et al. 2005). Noticeable improvements
were shown in surface temperature and precipitation
because of reduced latent heat flux and increased sensible heat flux. To generate climate data suitable for the
site-based crop models (i.e., downscaled surface climate
data), the NCAR CLM2 is coupled to the FSU regional
spectral model as well in this study. The objectives of
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this paper include an examination of the role of the
advanced land model in seasonal surface climate simulations and a demonstration of usefulness of dynamically downscaled seasonal climate information in a crop
model application.
The paper is organized as follows. Brief descriptions
of climate and crop models used in this study are given
in section 2, followed by the experimental design in
section 3. The results are presented in section 4. Concluding remarks are in section 5.

2. Model description
a. Climate model
The climate model used in this study is the FSU regional spectral model nested within the FSU global
spectral model. The regional model is a relocatable
spectral perturbation model that can be run at any horizontal resolution and uses base fields derived from the
global model as boundary conditions. The perturbations in the regional model are defined as deviations
from the global model solution. The base fields are
spectrally transformed from the global grid directly to
the regional grid. The regional spectral perturbations
are then spectrally transformed and added to the global
values on the regional grid to obtain the full regional
field. A 6-h nesting interval is used. The FSU regional
model has the same options for physical parameterizations as the global model. In particular, there are six
convective schemes that can be selected in the FSU
model. For this study, we use the simplified Arakawa–
Schubert (SAS; Pan and Wu 1994) scheme from the
National Centers for Environmental Prediction and the
relaxed Arakawa–Schubert (RAS) scheme developed
in the Naval Research Laboratory (Rosmond 1992) because they provided better precipitation simulations in
our previous experiments (Shin et al. 2003). Details of
the global and regional climate models can be found in
Cocke and LaRow (2000) and Cocke (1998).
As mentioned in the previous section, the CLM2 is
coupled to the FSU regional spectral model (hereinafter, FSUCLM) to replace the simple FSU land surface
scheme (FSUc) in this study. The simple land model is
a three-layer soil temperature model based on the
force-restore method and has prescribed soil moisture,
albedo, and surface roughness based on climatology.
Meanwhile, the CLM2 is a sophisticated land surface
model that contains advanced biogeophysical parameterizations and a hydrological cycle with 10 levels in
the vertical for soil temperature and soil water content.
A more detailed description of the CLM2 is provided in
Bonan et al. (2002), Dai et al. (2003), and Oleson et al.
(2004). The coupling method is the same as the method

Unauthenticated | Downloaded 01/09/23 12:38 PM UTC

688

JOURNAL OF APPLIED METEOROLOGY AND CLIMATOLOGY

VOLUME 45

used in the FSU global model (see Shin et al. 2005 for
details).

b. Crop model
The Cropping Systems Model (CSM) “CROPGRO”
is used and run within the Decision Support System for
Agrotechnology Transfer Environment, version 4.0
(DSSAT; Jones et al. 2003). The CROPGRO is a dynamic process–based crop model that simulates how
crop development, crop carbon, soil water, and crop
and soil nitrogen balances respond to different weather,
soil profiles, and management. The model uses submodules for plant, soil, and environmental processes
and soil-, management-, and species-specific genetic parameters are read from preprepared files. The model
uses maximum and minimum temperature, precipitation, and solar irradiance from daily weather records. It
computes plant development, growth, and partitioning
processes on a daily basis in a specific site, from planting date to maturity date. As a result, the impact of
weather, soils, and management decisions on the crop
yield can be well estimated.

3. Experimental setup

FIG. 1. The regional model domain and the target states (FL,
GA, and AL) analyzed in this study. The global model cell grids
are shown in thick solid lines, and those of the regional model are
shown in thin lines. Crop yield estimations are performed in three
sites indicated.

a. Seasonal dynamical downscaling
Seasonal integrations of the Northern Hemisphere
warm season are carried out, starting from 1 March of
each year, for a period of 10 yr (1994–2003) using the
FSU nested regional spectral model with four combinations of physical parameterization options. The integrations are 7 months in length, from 1 March to 30
September. The four physical parameterization setups
are devised from the combinations of two surface land
models and two convective schemes. The two land
models are the original FSU land model and the CLM2.
The two convective schemes are the SAS and the RAS.
While atmospheric initial conditions were provided by
European Centre for Medium-Range Weather Forecasts (ECMWF) analyses, land initial conditions are obtained from 10-yr spun-up climatological simulations.
All simulations use observed weekly sea surface temperatures (Reynolds et al. 2002) for the experiment period.
The global model is first run at T63 (⬃1.875°) horizontal resolution and 17 terrain-following sigma coordinate levels in the vertical to provide 6-hourly base
fields. The regional model is centered over the southeast United States and is run at about 20-km resolution,
roughly resolving the county scale, and uses the same
number of levels in the vertical as the global model. The
regional model uses a Mercator projection over the domain. The regional model domain for this study is

shown in Fig. 1, where the thick solid lines indicate the
global model meshes and the thin lines represent the
regional model grids. The choice of this domain is because of our ongoing multidisciplinary project with the
Southeast Climate Consortium (SECC; information
available online at http://secc.coaps.fsu.edu), whose
mission is to utilize cutting-edge climate sciences, including improved dynamical seasonal forecasts, and to
distribute scientifically sound information and decision
support tools for agriculture, forestry, and water resources management in three states (Florida, Georgia,
and Alabama) of the southeastern United States.

b. Crop yield estimation
Daily regional model outputs from the FSUCLM
with two convective schemes are used as weather inputs
for the crop model for the 10-yr period over three
southeastern peanut production stations; Alachua in
Florida, and Tifton and Vidalia in Georgia (see Fig. 1).
These three agricultural sites are primary locations of
peanut production and were selected because of the
presence of agricultural research stations that can provide the necessary data for the models. There were no
available soil profiles for DSSAT in Alabama at the
time of this experiment. Differences between the sites
include different soil profiles and possible local climatic
differences. The soil profile would tend to magnify or
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diminish the relative importance of errors in precipitation between sites because of the differences in soil
capacity and rates of soil moisture evaporation at the
surface and through drainage. A verification crop
model simulation is also performed using observed
maximum and minimum temperatures and precipitation from the cooperative station network, and solar
radiation calculated using the technique of Richardson
and Wright (1984). The crop model is parameterized
for the peanut (Arachis hypogaea L.) variety Georgia
Green in this study because it is a well-validated crop
suitable for simulation during the season of interest.
Soil profiles for the dominant agricultural soil are based
on U.S. Soil Conservation Service county data for each
site. Management conditions include no irrigation or
fertilizer applications. Identical initial soil conditions, at
each site, are used assuming 25 April as the planting
date for each year.

4. Results and discussion
a. Seasonal dynamical downscaling
1) GENERAL

PERFORMANCE

Model performances are evaluated, in climatological,
seasonal, and monthly average senses, by comparing
the regional model outputs with the observed station
data provided by the National Weather Service Cooperative Observed Program (COOP). The analyzed
fields are maximum and minimum surface temperatures and precipitation. Because there are no observed
shortwave radiation data available over most of the region of study, no attempt has been made in the verification of this field except for the three selected agricultural sites.
General model performance in a climatological sense
(10-yr average, 1994–2003) can be seen from Figs. 2–5.
Spatial differences between the models and the observation are shown in Figs. 2–4 where a 10-yr (1994–2003)
and 7-month (March–September) time average is applied at each grid point. Meanwhile, in Fig. 5, the
monthly mean fields (March–September) are separately computed by applying a 10-yr time average and
area average over the target states (Florida, Alabama,
and Georgia).
Figure 2 shows maximum surface (2 m) air temperature differences between the four simulations and the
observation. The four simulations are based on the
combinations of two land surface schemes (FSUc and
FSUCLM) and two convective schemes (SAS and
RAS) within the FSU regional model. While positive
values (⬎2°C) are shaded light, negative values
(⬍⫺2°C) are shaded dark. The maximum temperature
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from the FSUc turns out to be much colder than that of
the observation, regardless of the convective scheme.
The target state average (Florida, Georgia, and Alabama) values show about a 4°–7°C cold bias during the
entire 7 months (Fig. 5a). Meanwhile, the FSUCLM
with either convective scheme eliminates or reduces the
cold bias, mainly over Georgia and Alabama. The reduction of the cold bias is, however, smaller in Florida
(Fig. 2). Similarly, the minimum temperature differences are compared in Figs. 3 and 5b. The cold bias is
relatively smaller than those of the maximum temperature in the FSUc simulations. The FSUCLM eliminated
most of the biases outside of ⫾2°C over all of the target
areas. The area-averaged biases of the FSUCLM with
the SAS scheme are almost zero, except for March.
Some warm biases are even introduced from June to
September in the FSUCLM-RAS simulation. The reduction of the cold bias found in both maximum and
minimum surface air temperatures, irregardless of the
convective scheme, is primarily because of the increased sensible heat flux and reduced latent heat flux
in the FSUCLM (Shin et al. 2005).
Average rainfall amount differences between the
simulations and the COOP observation are evaluated
in Fig. 4. Here, values greater than 1 mm day⫺1 are
shaded light. Values smaller than ⫺1 mm day⫺1 are
shaded dark. Unlike the temperature simulation, the
impact of the new land model turns out to be insignificant, but the choice of convective schemes is important.
Nevertheless, the new land model with the SAS
scheme, that is, FSUCLM–SAS, provides a better rainfall simulation. The differences are less than 1 mm
day⫺1 in the northeastern Florida and all of Georgia.
The RAS scheme with the new land model introduces a
much wetter rainfall bias over Florida, resulting in
more than a 2 mm day⫺1 wet bias for several months
(Fig. 5c).
Skill scores of the FSUc and the FSUCLM in terms
of root-mean-square error (rmse) are compared using
box–whisker plots for all three states (Florida, Alabama, and Georgia) in Fig. 6. Only the skill scores from
the SAS scheme are shown here because the RAS
scheme gives similar results. Each box shows the upper
and lower quartiles (i.e., interquartile); the line within
the box shows the median, and the whiskers show the
full extent of the rmse. Each box–whisker plot includes
10 individual year skill scores. Hence, this figure presents the interannual variability (1994–2003) of each
month’s skill scores and the variability through the season (March–September) simultaneously. The gray box–
whisker plots are for the FSUc and dark are for the
FSUCLM.
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FIG. 2. Maximum surface (2 m) air temperature difference between site-based observations and the models [(a)
FSUc–SAS, (b) FSUc–RAS, (c) FSUCLM–SAS, and (d) FSUCLM–RAS] after applying 10-yr, 7-month average
(1994–2003, March–September). Values greater than 2°C are shaded light. Values smaller than ⫺2°C are shaded
dark.

The large reduction of the rmse in the FSUCLM is
evident in comparison with the FSUc in the maximum
temperature. The interannual variability of skill scores
of FSUCLM is also much smaller during most months.
In other words, the FSUCLM has a better ability in
simulating interannual variability than the FSUc. Similar findings hold for the minimum temperature where

overall skills are better than those of the maximum
temperature. Meanwhile, limited improvement is obtained in the rainfall simulations from the new land
model (Fig. 6c). This is because the convective scheme
plays a much more important role than the land model
in the precipitation simulation. Unlike the temperature,
the seasonal dependence of skills is evident in precipi-
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FIG. 3. Same as Fig. 2, but for minimum temperature.

tation. The skills of the summer season (June–September) are worse than those of the spring season
(March–May). Table 1 summarizes 10-yr- and 7-monthaveraged rmses over the target states. The best rmse is
highlighted with bold character. While the FSUCLM–
RAS shows the best score for maximum temperature,
the FSUCLM–SAS combination shows the best scores
for minimum temperature and precipitation. In general,
the inclusion of the new land model provides a better

simulation of surface temperatures for crop model application, but is less important in the rainfall simulation.

2) PERFORMANCE

AT A STATION LEVEL

Next, we will evaluate monthly mean fields simulated
at a station level. To grasp general accuracies of model
simulations at the station level, 10-yr-averaged monthly
observations (March–September) and four corresponding model simulations are compared for Tifton (Fig. 7).
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FIG. 4. Same as Fig. 2, but for precipitation. Values greater than 1 mm day⫺1 are shaded light. Values smaller
than ⫺1 mm day⫺1 are shaded dark.

Because similar results are applicable to the other locations, they are not shown in this paper. The FSUc
provides a strong cold bias even in this spatially downscaled temperature simulation, regardless which of convective scheme is employed. Both maximum and minimum temperatures from the FSUCLM–SAS generally
coincide with the observations quite well. The RAS
scheme in the old land model and the SAS scheme in
the new land model work reasonably well in the pre-

cipitation simulation (Fig. 7c), although the explanation
of this result is unclear because of the highly nonlinear
interaction between the land and convective schemes.
Because Tifton is one of a few stations where observed daily surface solar irradiance data are available,
direct comparison between the models and the observations is possible (Fig. 7d). The new land model
produces better solar radiation amounts using both
convective schemes. The solar radiation from the
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FIG. 5. Climatological (10-yr average) differences between model forecasts and the sitebased observations for monthly mean (a) maximum temperature, (b) minimum temperature,
and (c) rainfall amount. Values are averaged over the target states (FL, AL, and GA).

FSUCLM–RAS agrees well with the observation, except for 2 months that are overestimated. The surface
solar radiation can be used as a proxy for total cloud
amount. The higher the surface solar radiation amount
is, the less the cloud amount. Simulations from the
FSUCLM model using both convective schemes result
in more surface solar radiation and thus less cloudiness.
The RAS scheme, in particular, seems to precipitate
atmospheric moisture out as soon as evaporation exceeds some threshold value, which might be related to
the excessive rainfall amount shown previously.
It is evident now that the inclusion of the new land

model improves the accuracy of the downscaled
weather/climate simulation. In fact, the peanut crop
model (see section 4b) using the FSUc outputs fails
because of its strong cold bias, which dramatically reduces crop development rates and prevents crop maturity. Hence, the remainder of the paper emphasizes results from the FSUCLM.
To evaluate model performance for each year and
assess the interannual variability, individual year (from
1994 to 2003) monthly mean observed maximum and
minimum temperatures, precipitation, and solar radiation are compared with those of the simulations using
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FIG. 6. Box–whisker diagrams of rmse for monthly mean (a) maximum temperature, (b)
minimum temperature, and (c) rainfall amount over the target states (FL, AL, and GA). The
box shows the upper and lower quartiles, the line within the box shows the median and the
whiskers show the full extent of the data (10 individual years). While gray boxes are for the
FSUc–SAS, dark boxes are for the FSUCLM–SAS.

the new land model with two convective schemes for
Tifton (Fig. 8). As anticipated, there are more discrepancies between the observations and the simulations as
compared with the climatological evaluation (Fig. 7).
TABLE 1. The 10-yr- and 7-month-averaged (1994–2003, March–
September) rmse for maximum and minimum temperatures and
precipitation over the target states (FL, GA, and AL). Boldface
values indicate the best rmse for each field.

Tmax (°C)

FSUc
FSUCLM

Tmin (°C)

Precipitation
(mm day⫺1)

SAS

RAS

SAS

RAS

SAS

RAS

6.50
2.76

5.80
2.55

3.37
1.92

2.88
2.18

3.86
3.21

3.59
4.04

Except for precipitation, the model-simulated fields
generally follow the observations. There is obvious observed interannual variability of each variable. It is
known that the wintertime weather in the southeast
United States is very sensitive to El Niño–Southern Oscillation (ENSO; Montroy 1997). While El Niño winters
tend to be wetter and colder than normal, La Niña
winters tend to be drier and warmer than normal. However, the ENSO signal is much weaker in the summer,
although Barlow et al. (2001) have found some evidence of a strong monthly ENSO signal in the eastern
United States during summer. Regardless of the signal
strength, the FSUCLM captures the observed interannual variability with some accuracy, depending on convective scheme and simulated field. In general, the SAS
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FIG. 7. Monthly mean (a) maximum temperature (°C), (b) minimum temperature (°C), (c) rainfall amount (mm day⫺1), and (d)
solar radiation (MJ m⫺2) for Tifton from the climatology (10-yr-averaged observation) and four corresponding model simulations.

scheme seems to perform better in most fields than the
RAS scheme.

b. Crop yield estimation
The basic idea of dynamical downscaling in this study
is to use output from a higher-resolution (regional)
model to force a crop model. However, to simulate crop
yields properly, daily values of precipitation, surface
maximum and minimum temperatures, and solar radiation have to be supplied at a station or county level.
Monthly means alone are generally not sufficient.
Daily downscaled weather data in the grid cells containing three stations (see Fig. 1) are extracted from
the seasonal simulations of the FSUCLM with the SAS
and RAS convective schemes to force the CROPGRO
peanut model. The simulations with the old land model (FSUc) are not employed in this application because its strong cold biases slow crop development,
resulting in the crop’s failure to mature. At least maximum and minimum temperatures must be bias cor-

rected to use the FSUc weather data in driving the crop
model.
Dry seed yield and days to crop maturity [days after
planting (DAP)] are principal outputs from the crop
model as measures of crop growth and development.
Figure 9 shows the peanut variety Georgia Green
maturity dates from three crop simulations using observed daily weather and the model daily values from
the FSUCLM–SAS and the FSUCLM–RAS for a period of 10 yr (1994–2003). Here, the average and standard error bars of maturity dates are computed from
three stations in the southeast United States. It is assumed that 25 April is the planting date for each year.
No significant differences in the maturity dates of peanut are seen resulting from daily weather sources. It is
also found that the Alachua site has significantly faster
development to maturity than the Tifton or Vidalia
sites because of its higher mean temperatures. In general, the crop maturity date from using the observed
weather coincides well with those using model weather
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FIG. 8. Individual year (1994–2003) monthly (March–September) mean (a) maximum temperature (°C), (b) minimum temperature (°C), (c) rainfall amount (mm day⫺1), and (d) solar
radiation (MJ m⫺2) for Tifton from observations and two model simulations: observations
(thick solid lines), FSUCLM–SAS (lines with circles), and FSUCLM–RAS (line with times
signs).

data. The largest difference between them is still less
than a week. This good agreement is due to the fact that
the maturity date is primarily determined by maximum
and minimum temperatures. It was already shown (in
section 4a) that the FSUCLM provides good temperature simulations.
Dry seed yield (kg ha⫺1) is a much more interesting
output from the crop model. Peanut yield responses for
the above three weather data sources are examined in
Fig. 10 at all three selected stations for the same period

(1994–2003). Unlike the crop maturity date estimation,
significant differences in the dry seed yield are detected
because of weather data sources. Yields are significantly higher in the crop simulation with the FSUCLM–
RAS data than with others. This might be due to
the excessive rainfall amount in the RAS scheme,
which reduces the water stress. A much more skillful
outlook of peanut yield is achieved from the simulation
forced with the FSUCLM–SAS daily data, whose average rainfall amount is similar to the observation, result-
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FIG. 9. Crop development measured as days to maturity from crop simulations using observed daily weather (circle) and the model daily values from FSUCLM–SAS (triangle) and
FSUCLM–RAS (square). Error bars represent standard error from three sites (see Fig. 1) in
the southeast United States.

ing in similar water stresses during the reproductive
phases of peanut growth. Although absolute values of
simulated crop yields are important, it is also crucial to
assess how well the model is capturing temporal variability of yields. The interannual variability of crop
yields is well simulated by the FSUCLM–SAS, especially in Alachua, even though some exceptional years
exist in Tifton and Vidalia (e.g., 2002 and 2003).
To scrutinize the response of crop yields to different
weather input data, an arbitrary year is selected, for
demonstration, at Tifton. The daily weather data for
year 2000 are shown in Fig. 11 where the DAP is used
in the abscissa. Many discrepancies can be found between the observed and the simulated fields, as expected. These data are actual input used in the crop
model. Table 2 provides the detailed crop simulation
responses at important development stages for three
weather data sources. Here, leaf area index (LAI) is a
state variable of crop simulation models that influences
the magnitude of total plant transpiration and photosynthesis. It is a very good indicator of growth throughout the vegetative period, being closely related to biomass until pod set, when alternate sinks for photosynthates become available. The number of leaf nodes
(LN) is an alternate measure of the same effects as
LAI, being a growth process that is sensitive to water
deficit. At the emergence stage, all three sources give
the same values of LAI and LN at the exact same date.

This is mainly a function of identical starting conditions. A noticeable difference is found about 40 days
after planting, that is, at the first flower stage. The SASsimulated LAI and LN agree well with the observed
values. Here, the RAS weather source produces much
higher LAI and LN relative to the observed and SAS
weather sources. With a much greater canopy area for
photosynthesis and numerous nodes for the formation
of pods, the higher yield potential for simulation under
the FSUCLM–RAS is evident. This stage is one of the
critical periods for determining final peanut yield
amounts because the monotonic increase of LAI and
LN for all three data is observed after this stage. Water
stress and planting dates are usually said to be the most
important factors limiting peanut yield (Mavromatis et
al. 2002). Because the same planting date and no irrigation are assumed in this study, the key determinant
on yield is the water stress, that is, rainfall amount and
frequency, even though the impact of other fields
(maximum and minimum temperatures and solar radiation) cannot be ignored. The much higher peanut yield
in the RAS is due to about 2 mm day⫺1 higher rainfall
amount (reduced or no water stress) than the observation during this water-sensitive reproductive stage of
peanut growth. However, this discussion cannot be generalized to all different years and stations because of
the strong nonlinearity of crop responses to the daily
weather field.
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FIG. 10. Peanut (variety Georgia Green) yields from 1994 to 2003 simulated at three locations in
the southeast United States using observed daily weather (circle) and the model daily values from
FSUCLM–SAS (triangle) and FSUCLM/RAS (square).

5. Conclusions
This paper described the significant role of the CLM2
(an advanced land model) in the seasonal dynamical
downscaling of surface fields (maximum and minimum
temperatures, precipitation, and solar radiation)
through the FSU regional climate model and explored
the suitability of these surface fields for crop yield estimations using the CSM CROPGRO peanut model.
Seasonal simulations for the peanut growing season

with the atmospheric regional model coupled to the
CLM2 (FSUCLM) were compared with those with the
control (FSUc). Two convective schemes (SAS and
RAS) were also employed in this comparison.
The importance of the land model was clearly shown
in seasonally downscaled surface climate simulations.
While the FSU model with the simple land scheme exhibited large biases in the seasonal climate in comparison with observation, the model with the sophisticated
land model produced a greatly improved seasonal cli-
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FIG. 11. Same as Fig. 8, but for daily data for 2000, from 25 Apr to 30 Sep.

mate because of its realistic treatment of land processes
within the parameterization. Three fields (maximum
and minimum temperatures and solar radiation),
among four input fields for use in a crop model, were
simulated close to the observed seasonal climate in the
new land model setup. However, precipitation was not
because the amount of rainfall is mostly determined by
the convective scheme. Nevertheless, the new land
model modulated latent heat fluxes (or evaporation)
better and provided a slightly better seasonal rainfall
amount with the SAS scheme. Additional efforts to improve rainfall simulations are needed.

Despite noticeable gaps between the observed and
the model seasonal climates, the regional climate model
with the CLM2 provided encouraging results for siteand year-specific seasonal surface climates suitable for
the crop model use. The FSUCLM with the SAS
scheme exhibited its potential for simulating the interannual variability of crop yields. However, a conclusive
statement cannot be made at this stage of the study.
More work needs to be done to evaluate the skill of the
model and to determine if the model has similar skill
during other seasons, different locations, or different
crop types.
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TABLE 2. Peanut responses at critical growth stages from the crop simulations forced by three weather sources (the observation,
FSUCLM–SAS, and FSUCLM–RAS) at Tifton for year 2000.
Observed

SAS

RAS

Growth stage

DAP

LAI

LN

DAP

LAI

LN

DAP

LAI

LN

Planting
Emergence
First flower
First pod
First seed
Maturity

0
10
38
55
64
140

0.04
0.22
1.58
1.54
2.6

0.10
6.0
10.3
10.9
19.9

0
10
42
57
64
138

0.04
0.13
0.82
1.08
1.51

0.10
5.4
9.9
11.2
19.5

0
10
40
54
61
140

0.04
0.84
2.71
3.87
6.2

0.10
8.6
12.5
14.5
27.5

To build a firm bridge between the numerical climate
model (dynamical downscaling) and the crop model,
the following details must be studied in future work.
First, a method should be developed to correct the inaccurate model precipitation by some dynamical and/or
statistical methods (e.g., a posteriori bias correction).
Second, ensemble simulations are needed to characterize uncertainty in the forecast. We plan on generating
10–20 member ensembles of the regional model using
different initial conditions and/or model configurations
(e.g., the ensemble methods based on different convective schemes; LaRow et al. 2005). These ensembles will
be used to make probabilistic forecasts of the crop
yield. Third, a coupled ocean–atmosphere model
should be used instead of the prescribed sea surface
temperature to provide an actual seasonal forecast to
drive the crop model. Fourth, a comparison study is
also needed to measure the current skill levels of the
dynamical downscaling approach relative to the statistical/empirical methods. Fifth, a coupled version
of atmospheric and crop models should be developed
to capture the nonlinear seasonal weather–yield interactions (Tsvetsinskaya et al. 2001; Challinor et al.
2003).
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