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ABSTRACT

The impacts of initialized land surface conditions on the monthly prediction were investigated using
ensemble simulations from the Community Atmosphere Model version 3 (CAM3). The land surface ini-
tialization was based on an offline calculation of Community Land Model version 3 driven by observation-
based meteorological forcings from the Global Soil Wetness Project 2 (GSWP2). A simple but effective
correction method was applied to the GSWP2 forcings prior to the offline calculation to reduce the
discrepancies between the observation-forced land surface conditions and the modeling system, which can
cause climate drift and initial shock problems. The climatological mean of GSWP2 forcings was adjusted to
that of the target model (CAM3), while the monthly anomalies were scaled to the model statistics and
high-frequency synoptic variabilities were included.

Ensemble hindcast experiments with and without land surface initialization were conducted for the boreal
summer (May–September), for 1983–95. The initialization process is shown to prevent climate drift and to
transfer the atmospheric anomalies to the land surface memory. Statistical analyses of the simulation results
reveal that the land surface initialization increased the externally forced variance over most continental
regions, which is translated to enhanced potential predictability, particularly for regions with strong land–
atmosphere coupling.

1. Introduction

Land surface processes have a significant impact on
the climate system through the exchange of energy and

moisture with the overlying atmosphere. Due to their
longer persistence relative to the chaotic behavior of
the atmosphere (Vinnikov et al. 1996; Liu and Avissar
1999; Wu and Dickinson 2004), it is widely recognized
that the slowly varying land surface conditions—soil
moisture, subsurface temperature, and snow cover—
modulate the overlying atmosphere in direct and/or in-
direct ways. In fact, many land–atmosphere coupled
general circulation model (GCM) studies emphasize
the usefulness of land surface conditions for extended
and seasonal predictions (e.g., Dirmeyer 2000; Koster
and Suarez 2003; Koster et al. 2004a,b; Kanae et al.
2006; Conil et al. 2007). In particular, the land–atmo-
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sphere interaction accounts for much of the atmo-
spheric variability over continental regions, a feature
that can be potentially translated into predictability en-
hancement, while the influence of the ocean is mostly
confined to the tropical and subtropical regions (Koster
et al. 2000; Koster and Suarez 2003).

Although the importance of land surface initializa-
tion is widely recognized, there are still several difficul-
ties to be resolved before it can be applied practically to
extended and seasonal prediction. The most important
requirement is a realistic estimate of land surface con-
ditions that can be used as the initial conditions in land–
atmosphere coupled GCM simulations. However, both
the temporal resolution and spatial coverage of direct
measurements of land surface variables are too limited
to be directly applicable to GCM simulations (Entin
et al. 2000; Robock et al. 2000). Several attempts have
been made to retrieve soil moisture using satellite re-
mote sensing, but generally the results are only appli-
cable to the thin upper soil layer where atmospheric
signals are dominant on short time scales (Wagner et al.
1999). Using the linear lead–lag relationship between
the surface and root-zone soil moisture shown in offline
land surface model (LSM) simulations, Hirabayashi
et al. (2003) suggested an algorithm to retrieve root-
zone soil moisture values from the Tropical Rainfall
Measuring Mission (TRMM) based surface soil mois-
ture retrieval by Oki et al. (2000). However, the
TRMM-based surface soil moisture retrieval has a de-
ficiency over vegetated regions and is only really avail-
able for subtropical latitudes. Calvet et al. (1998) sug-
gested an alternative method for retrieving root-zone
soil moisture from surface soil moisture using an assim-
ilation technique, but this approach makes intensive
use of datasets at both high spatial and temporal reso-
lutions.

As a result, sophisticated LSMs are widely used to
indirectly estimate land surface conditions. Driven by
accurate and relatively abundant atmospheric observa-
tions, an LSM can estimate physically consistent land
surface variables such as soil moisture and subsurface
temperature, which are used as the initial conditions in
a land–atmosphere coupled GCM simulation. Previous
studies have investigated this approach for the land sur-
face initialization in GCM simulations and generally
reported a modest but significant increase in predict-
ability from incorporating realistic land surface condi-
tions (e.g., Dirmeyer 2000; Koster and Suarez 2003;
Koster et al. 2004a). Land surface estimates are highly
dependent on the selected LSM and atmospheric forc-
ings, so many attempts have also been made to reduce
uncertainties by using multi-LSM-based calculations

with high quality atmospheric forcings that combine
direct observations with reanalysis (International
GEWEX Project Office 2002; Dirmeyer et al. 2004).

Another consideration is that the signals memorized
by land surface conditions should be effectively trans-
lated into the climate model system in a consistent
manner. To this end, a precise dynamical–physical
treatment of the GCM–LSM to resolve realistic land–
atmosphere interaction is essential; moreover, the com-
patibility of the land surface estimates with the target
model should be ensured. Because most GCMs still
have a considerable bias with regard to the observa-
tions, the land surface conditions estimated by obser-
vational forcings are inevitably biased relative to the
GCM climatology. Such a discrepancy is known to lead
to an improper depiction of the climatic regime that
determines the characteristics of the land–atmosphere
interaction (Mahanama and Koster 2005) and to the
so-called climate drift problem—initialized land surface
states rapidly drift toward a chosen AGCM’s own cli-
matology at an early stage of simulation (Dirmeyer
2001). Both problems eventually diminish the simu-
lated land–atmosphere interaction. Thus, Dirmeyer et
al. (2004) and Koster et al. (2004a) have pointed out the
necessity of postprocessing land surface estimates be-
fore they are applied in a GCM simulation.

The objective of the present study is to develop an
appropriate land surface initialization method that ad-
dresses the above-mentioned considerations. The pri-
mary strategy is to develop a bias correction and scaling
process for the observed meteorological forcings, which
drive an offline LSM simulation for land surface initial-
ization. Since this approach employs a high quality me-
teorological dataset from the Global Soil Wetness
Project 2 (GSWP2: International GEWEX Project Of-
fice 2002), it is expected to ensure that the initial land
surface estimates are both accurate and compatible
with the GCM, and so avoid the climate drift problem.
Ensemble simulations from the Community Atmo-
spheric Model version 3 (CAM3) are performed both
with and without the estimated land surface conditions
as initial conditions, and the impact of the land surface
initialization on the GCM’s predictability is evaluated.

This paper is organized as follows. Section 2 de-
scribes the experimental design, including the models;
the land surface initialization processes; and the en-
semble simulations performed. Section 3 then presents
the results of the experiments; the effectiveness of the
bias correction and the predictability changes due to
the land surface initialization are presented based on
several statistical evaluation techniques. A summary
and discussion are presented in section 4.
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2. Experimental design

a. Model

CAM3, the fifth generation atmospheric GCM de-
veloped by the National Center for Atmospheric Re-
search (NCAR), is used. The horizontal and vertical
resolutions of this model are spectral T42 (approxi-
mately 2.875° � 2.875°) and 26 hybrid-sigma levels, re-
spectively. The most up-to-date dynamical treatments
and physical parameterization schemes are incorpo-
rated into CAM3, and details are documented in Col-
lins et al. (2004, 2006).

The Community Land Model version 3 (CLM3; Bo-
nan et al. 2002; Oleson et al. 2004) is the land surface
parameterization incorporated into CAM3. Coupled
with CAM3 of T42 horizontal resolution, the global
land surface comprises 3799 grid points, each of which
are represented as a nested subgrid composed of five
primary subgrid land cover types: glacier, lake, wetland,
urban, and vegetated. These subgrids further consist of
10 soil columns for the calculation of the soil tempera-
ture and soil water contents and 5 snow columns for the
treatment of snow depth. The vegetated subgrid is com-
posed of up to 4 different plant functional types from a
total 15 types.

The present study uses the land–atmosphere coupled
CAM3–CLM3 (hereafter CAM3) for ensemble simula-
tion and an offline version of CLM3 (without direct
interaction with CAM3) for land surface initialization.

b. Initialization procedures

The “proxy” land surface conditions estimated from
the offline calculation of the LSM were used as the
initial land surface conditions for the ensemble simula-
tions. While the LSM continuously exchanges energy
and moisture with the overlying atmosphere in the
coupled mode, in offline-mode LSM evolves under the
prescribed atmospheric states and fluxes. Here, we used
the offline version of CLM3 and the atmospheric forc-
ings provided by GSWP2 for land surface initialization.

The aim of GSWP2 is to measure global land surface
estimates in agreement with multi-LSM offline calcula-

tions (Dirmeyer et al. 2006). The GSWP2 forcings are
created from various combinations of global observa-
tions and model-based reanalysis products to give glob-
al coverage and to resolve high-frequency temporal
variations (Zhao and Dirmeyer 2003; see Table 1).
GSWP2 products include global 3-hourly surface air
temperature, wind speed, specific humidity, incident
short- and longwave radiation, and precipitation at 1° �
1° resolution. In addition to these time-varying atmo-
spheric forcings, the GSWP2 provides the fixed surface
parameters that are used for the boundary conditions of
the LSM (such as soil type, elevation, vegetation type,
and wilting levels) to allow direct intercomparison
among the offline results of LSMs. In the present study,
however, we only used the time-varying forcings from
the GSWP2; the specified boundary parameters were
those that were originally incorporated in CAM3.

Even using such high quality atmospheric forcings to
produce the initial land surface conditions does not en-
sure that the AGCM accurately simulates the land–
atmosphere interaction. The main reasons are as fol-
lows. First, there are still too many uncertainties in cur-
rent LSMs to resolve complex land surface processes.
This might be the primary reason why there is a con-
siderable degree of error in simulated LSM results. Sec-
ond, even if accurate land surface conditions were es-
timated by perfect LSM and forcings data, the incon-
sistency between the LSM estimations and the AGCM
may cause a climate drift problem in a land surface-
initialized AGCM simulation. Despite great progress in
the development of AGCMs in recent decades, most
AGCMs continue to have large biases with respect to
observations (Gates et al. 1999). Consequently, there
could be a large climatological discrepancy between
LSM estimates forced by observational data and those
simulated by the AGCM–LSM coupled system. When
LSM estimates forced by observations are used without
correcting the initial conditions in an ensemble simula-
tion, the biased land surface conditions tend to drift
toward the AGCM–CLM coupled system’s individual
climate state (Dirmeyer 2000, 2001; Koster and Suarez
2003). Such climate drift can quickly remove the

TABLE 1. Description of the GSWP2 atmospheric forcing data.

Variable Data source

Temperature Monthly CRU data hybridized with the 3-hourly NCEP–DOE reanalysis near-surface
air temperature at 2 m

Wind speed NCEP–DOE reanalysis wind speed at 10 m
Specific humidity NCEP–DOE reanalysis near-surface specific humidity at 2 m
Incident short- and longwave radiation Surface radiation budget data produced at NASA Langley Research Center
Precipitation Hybridized GPCC, CRU gauges, and NCEP–DOE reanalysis
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“memory” contained in land surface conditions, or it
can act as an initial shock. Thus, compatibility between
the land surface estimates and the target AGCM must
be ensured before the land–atmosphere interaction can
be simulated appropriately.

The left panels in Fig. 1 display the climatological
differences between the observations (GSWP2 forc-
ings) and a CAM3 Atmospheric Model Intercompari-
son Project (AMIP; Gates et al. 1999) type simulation
for precipitation, air temperature, and wind speed at
the lowest level of the atmosphere, and net surface ra-
diation flux over land areas. These differences demon-
strate the problem of using CAM3 to drive an LSM,
particularly for surface fluxes. The most notable fea-
tures are warm and dry biases over northern Eurasia,
Canada, East Asia, India, the Middle East, and the Sa-
hara Desert, and relatively cold and wet biases over
America, South America, and the coastal region
around the Mediterranean Sea (Figs. 1a and 1c). Over-
all, there is a dry bias over the major precipitation zones
and a wet bias over many arid or desert regions; these
are the well-known common deficiencies of existing
GCMs reported in the AMIP results (Gates et al. 1999).
These biases appear to be highly correlated with the
strong biases of the net incident radiation (Fig. 1b),
which dominates the surface energy balances as well as
local evapotranspiration and the subsequent hydrologi-
cal cycle. In the model, the surface wind is generally
weaker than that obtained from observations over most
of the global continents except the Tibetan region (Fig.
1d). The right panels in Fig. 1 represent the results of
the bias correction that was applied in the present
study, which will be discussed in section 3a below.

Undoubtedly, if an AGCM could be greatly im-
proved so that it is unbiased with respect to the obser-
vations, then the observation-forced LSM estimates
could be used directly as the initial land surface condi-
tions and there would be no climate drift or initial
shock problem. However, the performance of existing
AGCMs does not satisfy this prerequisite. As a com-
promise between the AGCM’s deficiency and our aim
of realistically initializing land surface conditions, we
attempted to adjust the observed “forcings” to match
the target AGCM’s climatology. Assuming that the
AGCM’s capability to produce atmospheric anomalies
from given anomalous boundary conditions (e.g., SST
and land surface) was reliable, we adjusted the clima-
tology of GSWP2 forcings to the target GCM’s clima-
tology and rescaled the anomalies based on the local
statistics of the model and the observations. Thus, it
was expected that the mean bias correction would pre-
vent the climate drift problem, while the rescaled
anomalies would yield realistic anomalies for land sur-

face states and provide a longer memory for the atmo-
sphere.

The bias correction and anomaly scaling procedure
were as follows. Values of 3-hourly atmospheric tem-
perature, wind speed, and specific humidity at the near-
surface region were modified:

�XF�Y,M,D,H � �XAMIP�Y,M

� �X�GSWP�Y,M

���X�AMIP�Y,M�

���X�GSWP�Y,M�

� �X*GSWP�Y,M,D,H, �1�

where X denotes any parameter; subscript F, forcing; Y,
year; M, month; D, day; H, hour; superscript �, monthly
anomaly; and *, high-frequency variability. First, the
monthly anomaly from the GSWP2 13-yr mean, X�GSWP,
was extracted and scaled using the monthly based ratio
of two interannual standard deviations (	[(X�AMIP)Y,M]/
	[(X�GSWP)Y,M]), the latter obtained from GSWP2 and
an AMIP-type GCM simulation (a control experiment,
which is referred to as AMIP in Table 2). Second, the
scaled monthly anomalies were added to the monthly
climatology of the control simulation (XAMIP). Then,
the part representing the high-frequency variability
(X*GSWP), which was obtained by determining the dif-
ference between the raw data (XGSWP) and their cen-
tered 64-point (8 days) moving average values, was
added in consideration of the diurnal cycle and synoptic
variability. The result obtained (XF) should ensure con-
sistency between the monthly anomalies of GSWP data
and the climatological mean of the target model
CAM3.

For the adjustments of the radiation flux and precipi-
tation, a different method [Eq. (2)] was applied due to
the characteristics of these variables:

�XF�Y,M,D,H � �XGSWP�Y,M,D,H

�XAMIP�M

�XGSWP�M

. �2�

The precipitation in a certain grid box is a positive defi-
nite quantity with frequent zeroes; therefore, a bias cor-
rection method based on Eq. (1) could produce nega-
tive values. Moreover, very small 	(X�GSWP) values ap-
peared in high-latitude continental regions, making it
difficult to apply Eq. (1). The radiation fluxes also
suffer from a similar problem due to their sharp diurnal
variations. Therefore, we tried to reduce the mean
bias using different kinds of scaling factors based on
the ratio of the monthly seasonal cycle of the CAM3
climate to that of GSWP2, rather than using bias
subtraction and anomaly scaling as per Eq. (1). Finally,
the mean bias between the GSWP2 dataset and the
model is reduced by the multiplicative scaling factor
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FIG. 1. Climatological difference between observations (GSWP2) and CAM3 AMIP simulations (AMIP) averaged from May to
September for (a), (e) precipitation (P), (b), (f) net surface radiation (Rnet), (c), (g) surface air temperature (Tsfc), and (d), (h) surface
wind speed (|Vsfc|), for (left) original GSWP2 forcings and (right) bias-corrected forcings.
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(XAMIP)M/(XGSWP)M to avoid the above-mentioned
problems. In the present study, offline LSM and en-
semble AGCM–LSM experiments were performed at
T42 resolution, so the GSWP2 data were horizontally
interpolated to T42 resolution before the bias correc-
tion process.

Dirmeyer et al. (2004) suggested a similar method of
“renormalization” to reduce the initialization shock
caused by applying precalculated soil wetness estimates
as the initial conditions for other climate models. Using
a similar approach, Koster et al. (2004a) utilized “stan-
dard normal deviates” of the offline-calculated land
surface estimates. Both of these are postprocessing
methods, which can be done after offline LSM calcula-
tion. One important limitation of such methods is that
all of the land surface conditions would be corrected or
normalized separately. For example, 15 variables in an
initial condition of CLM3, such as soil moisture, soil
temperature, vegetation–ground temperature, snow
states (depth and age), canopy–ground-water, and so
on, would be corrected one variable at a time. How-
ever, some of them are physically dependent on each
other, so such corrections may introduce physical in-
consistencies between variables. As an alternative, we
attempted to suppress the possibility of climate drift in
CAM3 simulations at the stage of preparing atmo-
spheric forcing data, that is, prior to performing the
offline LSM simulation. It is possible that our approach
also produces some physical inconsistencies in the LSM
forcing, because each of the forcing variables is ad-
justed separately. However, inconsistencies will pre-
sumably be small because only the monthly anomalies
are corrected, while the synoptic- and shorter-scale
variabilities are preserved. Consequently, the present
methodology enables physically consistent land surface
variables to be estimated using a single run and elimi-
nates the need for further corrections. The results of the
bias correction, and the impact on the LSM simulation,
will be presented in section 3a.

One thing to note is that GSWP2’s basic data period
is 10 yr from 1986 to 1995, and the driving data before
1986 (July 1983–December 1985) were created with
limited data for spinup simulation of the project. There-

fore, there is a difference in the forcing data between
the spinup and basic periods. During the spinup period,
the University of East Anglia’s Climate Research Unit
(CRU) data are used for precipitation instead of Global
Precipitation Climatology Center (GPCC) data due to
the unavailability of the GPCC data [in both periods,
CRU and GPCC data are combined with data from the
National Centers for Environmental Prediction–
Department of Energy (NCEP–DOE) reanalysis]. Also
SRB data are not available during the spinup period, so
the averages of 10 (January–October) or 9 (November–
December) yr hybridized with NCEP–DOE data were
used for the spinup period. In the present study, model
simulations were performed for both the spinup and
basic periods, so as to use as many samples as possible.
However, only the results for the basic period were
used to perform analyses with respect to observational
values (e.g., R*2 statistics, to be described in section 3c).

c. Experiments performed

First, two sets of the offline LSM calculation—the
L_NOC (offline LSM, no correction) and the L_COR
(offline LSM, correction)—were performed. The
L_NOC was driven by the original GSWP2 forcings
without bias correction, as described in section 2b,
while the L_COR was driven by the corrected forcings,
as described in section 2b. To obtain reliable estimates
of temperature and moisture throughout the model soil
layers, both L_NOC and L_COR were spun up for 13
yr. By cycling the 13-yr GSWP2 forcings (or corrected
GSWP2 forcings) twice, each offline LSM calculation
was integrated for 26 yr and results from the second
cycle of integration were utilized. The L_NOC was
used as a control offline LSM simulation to check the
effects of bias correction by comparison with the
L_COR simulation. The initial land surface conditions
on the first day of each month were taken from L_NOC
and L_COR and then saved and used for the subse-
quent AGCM ensemble simulations.

Four sets of AGCM ensemble simulations were per-
formed to examine the impact of the initialized land
surface conditions on monthly prediction in CAM3.
The first experiment is referred to as AMIP and was a

TABLE 2. Summary of experiments performed.

Model Expt Forcings/SSTs Land surface initial conditions Experiment period

CLM3 (offline) L_NOC GSWP2 before correction Spun up for 13 yr 1983–95
L_COR GSWP2 after correction

CAM3 AMIP Observed SST Initialized from AMIP-type simulations from 1950 1979–2002
ALIC Initialized from L_COR May–Sep 1983–95
ALIC_CLIM Initialized from climatology of L_COR May–Sep 1986–95
ALIC_NOC Initialized from L_NOC (no correction) May–Sep 1993–95
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parallel 10-member ensemble AMIP-type simulation
coupled with a freely evolving CLM3 (without land sur-
face initialization) with the prescribed observed sea sur-
face temperature (RSST; Reynolds and Smith 1994) for
the period 1979–2002. One initial land surface condi-
tion and 10 initial atmospheric conditions were chosen
from a 50-yr integration of CAM3 with climatological
SSTs, then parallel AMIP-type runs were integrated
from 1950 to 1979 to yield land initial conditions of the
“AMIP” experiment. Thus, the land surface conditions
in the AMIP experiment were consistent with the con-
current SST distribution.

The second experiment is ALIC (i.e., an AGCM ex-
periment with land surface initial conditions), a land-
initialized ensemble experiment of CAM3, which was
performed to assess the impact of land initialization by
comparison with the AMIP. For boreal summer (May–
September) from 1983 to 1995 (total 65 months),
1-month integrations with 10 ensemble members were
simulated with the initial land surface conditions calcu-
lated in the L_COR simulation. The SST used was al-
ways the same as that in the AMIP, and the atmo-
spheric initial conditions of the 10 ensemble members
were obtained from the AMIP simulation. Thus, the
ALIC experiment was identical to the AMIP experi-
ment, except for the land surface initial conditions. In
all there were 650 samples from the AMIP and ALIC
simulations, which allowed the impact of initial land
surface conditions to be examined with sufficient sta-
tistical significance.

The third experiment, ALIC_NOC, was identical to
ALIC except it used initial land surface conditions from
L_NOC (i.e., the land surface conditions were uncor-
rected). Comparing ALIC and ALIC_NOC allowed
the impact of the bias correction to be examined.

The fourth experiment, ALIC_CLIM, was also iden-
tical to ALIC but used the L_COR climatology (10-yr
averages of the land surface variables) as land surface
initial conditions; that is, the interannual variations in
land surface condition were removed. This experiment
was used to examine the impact of interannual varia-
tions in land surface conditions on prediction by com-
parison with ALIC.

The CLM3 and CAM3 experiments performed in the
present study are briefly summarized in Table 2.

3. Results

a. The impact of bias correction

First, the impact of the bias correction on the offline
CLM3 simulation was examined by comparing experi-
ments L_NOC and L_COR. Figure 2 depicts the clima-
tological mean bias of the L_NOC (left panels) and the

L_COR (right panels) with respect to the AMIP results
of the target AGCM (CAM3). Evaporation, soil mois-
ture in the upper soil layer (0–0.2 m) and the deep soil
layer (0.2–1 m), and sensible heat flux at the surface are
shown. In L_NOC, the simulated evaporation and soil
moisture in the upper soil layer (Figs. 2a–c) generally
represented a dry bias in the major tropical precipita-
tion zones and a wet bias in many extratropical dry
regions. These are closely connected with the excessive
sensible heat over the northern extratropics and desert
regions and deficient sensible heat over tropical regions
(Fig. 2d). Furthermore, in the deep soil layer, a negative
bias of soil moisture is found over northern Eurasia and
America, a phenomenon largely due to the biases in
precipitation and radiation forcings (see Figs. 1a and
1b).

With bias correction (L_COR), most of the mean
differences were reduced considerably (Figs. 2e and 2f).
In particular, much of the excessive evaporation and
sensible heat in the extratropics disappeared. Still,
some positive soil moisture and related negative evapo-
ration bias is found over tropical regions (Figs. 2e–g),
which might to be due to the precipitation bias that
remains in spite of the correction process. But most of
those biases are found over the maritime continents
and coastal regions where the fraction of the land sur-
face is relatively low. Also, soil moisture biases remain
over high, latitudinal regions (especially in the deep soil
layer where the adjustment time is quite long), but it
appears that these are not closely related to the surface
fluxes. Thus, the L_COR results did show that the cor-
rections could suppress climate drift and initial shock
problems over the extratropics.

Next, we examined the impact of bias correction on
the CAM3 simulations. Figure 3 represents the differ-
ences in soil moisture (for the top 50 cm) between the
first and second weeks of May in 1993–95 for ALIC_
NOC (left panels) and ALIC (right panels). Before cor-
rection (ALIC_NOC), in all three of the example cases,
the first weeks show drier soils over the middle of Af-
rica and Southeast Asia, but wetter soils over mid–
northern America. This clearly represents a strong drift
from the initial soil moisture fields. The results for
ALIC do not show any such bias pattern and exhibit
interannual variations in the soil moisture field over the
regions where strong biases are found in ALIC_NOC.
Figure 4 shows the time evolution of soil moisture av-
eraged over the eastern United States (32.5°–37.5°N,
102.5–97.5°W) and mid-China (32.5°–37.5°N, 105°–
115°E), where prominent wet and dry biases in ALIC_
NOC are found. This clearly demonstrates the climate
drift in ALIC_NOC and also the impact of bias correc-
tion on ALIC; while the ALIC_NOC simulations rap-
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FIG. 2. Climatological difference between offline simulations of CLM3 and CAM3 (active CLM3 coupled) AMIP simulations
averaged from May to September, for (a), (e) evaporation, soil moisture in (b), (f) upper (0
0.2 m) and (c), (g) lower (0.2
1 m) layers,
and (d), (h) sensible heat for results (left) forced by original GSWP2 forcings and (right) by bias-corrected forcings.
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idly drift toward the AMIP values (i.e., reference states
of CAM3) in the early stages of the simulation (the first
2–3 weeks), the ALIC simulations evolve around the
AMIP values. A strong climate drift is found in other
land surface and near-surface variables as well, and also
in other months/years of the ALIC_NOC experiment
(figure not shown). With such a bias, prediction results
would be expected to deteriorate in the first few weeks,
and monthly forecasts could also be affected.

Because bias correction was shown to be effective in
removing climate drift, the impacts of the initialized
land surface conditions on prediction skill were exam-
ined, as discussed in the next section.

b. The impacts on potential and practical
predictability

To evaluate the impacts of land surface initialization,
the results of the ALIC and the AMIP simulations were

examined using several objective statistics: signal-to-
noise ratio (Shukla 1981; Rowell 1998; Kang and Shukla
2006), idealized explained variance R2 (Koster et al.
2004a), and signed explained variance R*2 (Dirmeyer et
al. 2006). The impacts of land surface initialization on
climate prediction were examined by comparing the re-
sults of the ALIC and the AMIP.

The signal-to-noise ratio is defined as being the ratio
between the variance that is externally forced by
boundary conditions (namely SST and land surface
conditions) and the variance that is generated internally
by the chaotic atmosphere. The basic premise behind
this estimate is that differences among the ensemble
members result from the internal dynamics of the at-
mosphere, whereas the ensemble mean represents the
atmospheric response to slowly varying external forc-
ings such as SSTs and land surface conditions. As sug-
gested by Rowell (1998), the total variance of an en-
semble simulation (	tot

2 ) can be decomposed into exter-

FIG. 3. Difference between soil moisture in top 50 cm averaged in first and second week of May in 1993–95, for (left) ALIC_NOC
(without a correction process) and (right) ALIC: (top) 1995, (middle) 1994, and (bottom) 1993. Solid and dashed lines indicate positive
and negative contours with 1% intervals (values less than �1% are shaded).
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nal signal (	ext
2 ) and internal noise (	int

2 ) variances. The
variances 	ext

2 and 	int
2 are expressed as follows:

�ext
2 � �ensm

2 �
1
n

�int
2 and � int

2

�
1

N�n � 1� �i�1

N

�
j�1

n

�xij � xi�
2 �3�

�ensm
2 �

1
N � 1 �

i�1

N

�xi � x�2, �4�

where i is the number of ensemble forecasts performed
(N � 65), j is the number of ensemble members (n �
10), ensm is for ensemble, xi the ensemble mean, and x
the climatological mean. By definition, the ratio be-
tween 	ext

2 and 	int
2 indicates the signal-to-noise ratio of

the modeling system: it signifies how effectively the pre-

scribed SSTs and initialized land surface conditions de-
termine the atmospheric anomalies.

For the precipitation and surface air temperature
simulations (hereafter referred to as P and Tsfc, respec-
tively), the signal-to-noise ratio of ALIC and its differ-
ence from the AMIP (impacts of land surface initializa-
tion) are shown in Fig. 5. As shown in Figs. 5a and 5b,
large external signals are mostly observed over tropical
oceans where the direct response of the atmosphere to
the prescribed SSTs is strong, while the internal noise is
greater than the external signal over most of the extra-
tropical continental regions. However, over some con-
tinental regions the externally forced variance exceeds
the internal variance (i.e., the signal-to-noise ratio is
greater than 1). For P forecasts, relatively large values
are obtained over subtropical latitudes such as southern
Asia, the Indian subcontinent, middle Africa, the cen-
tral United States, and South America (Fig. 5a). The

FIG. 4. Time evolution of volumetric soil moisture for ALIC (blue line) and ALIC_NOC (red lines) in top 
50 cm for 1–20 May in
(top) 1995, (middle) 1994, and (bottom) 1993. Thick colored line indicate the ensemble mean value. Thick black line indicates the value
for the AMIP ensemble mean. (left) The eastern United States (32.5°–37.5°N, 102.5°–97.5°W) and (right) middle China (32.5°–37.5°N,
105°–115°E).
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signal-to-noise ratio of Tsfc exhibits a similar distribu-
tion; however, its magnitude greatly exceeds that of
precipitation (Fig. 5b). The increase in the external
variance by the land surface conditions is also observed
over many parts of continental regions (Figs. 5c and
5d). The increase in the external variance is greater and
more spatially coherent in the Tsfc forecasts than in the
P forecasts, but the P forecasts still exhibit positive
values (an increase in external variance) over most of
the continental regions. Considering that the remote
influences of SST represent a large portion of the ex-
ternal signals over land areas, the differences between
the ALIC and the AMIP simulations (Figs. 5c and 5d)
demonstrate a considerable increase in signal resulting
from using initialized land surface conditions. Com-
pared with the changes over land areas, the impact of
land surface initialization over the oceans is very small.

It is noted that the signal-to-noise ratio values were
dependent on the precipitation regime, as shown in
Table 3. Here, the signal-to-noise ratio values are cat-
egorized into humid, intermediate, and dry precipita-
tion regions, which were determined from the climato-
logical mean precipitation in May–September. For both

P and Tsfc forecasts, the increase in the signal-to-noise
ratio is greatest over humid regions. The Tsfc forecasts
show a larger increase than does the P forecasts, and a
considerable increase is still found over intermediate
and dry regions. As the percentage increases with re-
spect to AMIP values, the P forecasts in humid and
intermediate regions represent similar increases of

TABLE 3. Spatially averaged signal-to-noise ratio. Humid, inter-
mediate, and dry regions are where the climatological mean pre-
cipitation of AMIP averaged from May to September is 
5, 2–5,
and �2 mm day�1, respectively. Values in parentheses in the last
column are the percentage difference with respect to AMIP
values.

Region ALIC AMIP Difference

Precipitation Humid 4.38 3.83 0.55 (14)
Intermediate 1.84 1.61 0.23 (14)
Dry 1.20 1.11 0.09 (8)
Global 1.86 1.66 0.20 (12)

Surface air
temperature

Humid 6.74 5.57 1.17 (21)
Intermediate 2.93 2.44 0.49 (20)
Dry 1.86 1.54 0.32 (21)
Global 2.39 1.97 0.42 (21)

FIG. 5. (left) Signal-to-noise ratio of ALIC and (right) its difference with respect to that of the AMIP simulation, for (a), (c)
precipitation and (b), (d) surface air temperature. In (c) and (d), regions with differences 
20% of the signal-to-noise ratio of AMIP
are indicated by small dots.
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about 14%, which was higher than the 8% found in dry
region. For the Tsfc forecasts, all three regions showed
similar increases of about 21%.

The signal-to-noise ratio results indicate that the ini-
tialized land surface conditions induce additional exter-
nal variance over land areas. However, further evalua-
tion was necessary to determine whether the increased
external variance actually increased the predictability.
To this end, the R2 statistics (Koster et al. 2004a) of the
ALIC and the AMIP experiments were calculated and
compared, to evaluate the predictability change result-
ing from land surface initialization. The R2 statistics are
based on the conventional r2 (square of correlation)
statistics from linear least-square curve fitting, but are
slightly modified so they can be used to estimate the
consistency among the ensemble forecasts. In brief, R2

was computed as follows. Assuming the first ensemble
member as an observation, its correlation coefficient (r)
with the ensemble mean of the remaining nine en-
semble members was computed through linear regres-
sion of the 65 observation–forecast pairs, and then the
r2 values were estimated in the global domain. In the
above calculation, r2 values were set to zero if a certain
point had a negative value of r, considering it as a sam-
pling problem. The process was repeated with the re-
maining nine ensemble members, and the average of
the resulting 10 r2 arrays yielded the R2 statistics of the
modeling system. Thus, the resulting R2 values repre-
sent the upper limit of the modeling system forecasts,
which is interpreted as the variance that is explained by
the prescribed SSTs and the initialized land surface
conditions. Note that the R2 statistic only represents
“idealized” explained variance, is not a measure of the
actual predictability with respect to the observations. In
an ensemble AGCM simulation, the evolution of each
ensemble member is very sensitive to the initial atmo-
spheric conditions because of atmospheric chaos. How-
ever, the four AGCM ensemble simulations from the
present study used initial atmospheric conditions taken
from a parallel AMIP-type ensemble simulation with-
out including any observed atmospheric field. Thus,
here we are first attempting to examine “idealized”
skill, which is not limited by errors in the initial atmo-
spheric conditions. The “practical” predictability in-
crease achieved by land surface initial conditions (i.e.,
with respect to observed values) is discussed in the next
section.

Figure 6 shows the R2 for the P and Tsfc forecasts in
the ALIC and AMIP simulations; the differences be-
tween the two experiments represent the increase in the
predictability associated with the land surface initializa-
tion. For the P forecasts, the relatively high r2 values
are mostly observed within subtropical latitudes (30°S–

30°N) adjacent to tropical oceans (Figs. 6a and 6b). A
large increase in potential predictability is noticed over
middle Africa, the Tibetan Plateau, mid- to western
Russia, and northern South America (Fig. 6c). The re-
gions of high R2 values for the Tsfc forecasts mostly
overlapped with those of the P forecasts, but exhibited
larger magnitudes and wider areal extents. In particu-
lar, relatively high R2 values were found over high-
latitude regions such as northern Eurasia and Canada,
as well as over Australia, where there was no significant
improvement in the P forecasts. By again categorizing
the R2 results into mean precipitation regimes (Table
4), it is observed that the regional dependence of the
impacts of land initialization is similar to that of the
signal-to-noise ratio: large R2 values and an increase
due to the land initialization are found over humid and
intermediate regions. For the global average, the R2

values of the P and Tsfc forecasts are about 10% (from
7% in dry regions to 26% in humid regions) and 18%
(from 13% in dry regions to 39% in humid regions),
respectively. The impact of the land surface initializa-
tion is fairly modest: the R2 values range from 2% in
dry regions to 8% in humid regions for P forecasts and
from 6% in dry regions to 9% in humid regions for Tsfc

forecasts.
Comparing the changes in signal-to-noise ratio and

R2 values (Figs. 5c and 5d, and 6c and 6f) shows that the
regions where the potential predictability increases co-
incide largely with those where the signal-to-noise ratio
increases. This is seen more easily in a scatterplot show-
ing the relationship between the signal-to-noise ratio
and R2 changes due to the land surface initialization
(Fig. 7). The positive relationship implies that the in-
creased external variance forced by the land surface
conditions is transferred to potential predictability.

The geographical dependence found in the signal-to-
noise ratio and R2 values might depend on the local
strength of the land–atmosphere interaction. The
evaporation efficiency (E/Rnet, where E is the total
evaporation and Rnet is the total incident radiation) can
be considered as a regional indicator of the strength of
the land–atmosphere interaction, as it characterizes the
capability of the modeling system to realize available
soil moisture into the atmosphere by the evaporation
process. Figure 8 categorizes the increases in R2 values
in Fig. 6 by evaporation efficiency for all global grid
points. For the P forecasts, large increases in R2 are
mostly observed in the evaporation efficiency range of
0.4–0.7 (i.e., over humid regions, as indicated by the
blue color), whereas only modest increases are ob-
served in intermediate and dry regions. With the cur-
rent modeling system, higher evaporation rates gener-
ally imply larger predictability for P forecasts. For the
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Tsfc forecasts, the increases in R2 are generally larger
than that for the P forecasts, and the largest increases
are found in regions similar to those for the P forecasts.
However, large increases are also observed in the low
evaporation efficiency range of 0.1–0.3, maybe over
northern Eurasia, North America near the Arctic re-
gion, and Australia. This signal seems to be due to the

long persistence of the land surface conditions over
these relatively dry, high-latitude regions, where varia-
tions in soil moisture and evaporation are very limited
due to the very small amount of precipitation.

c. Practical skill with respect to observation

Up to now, the impacts of the land surface initializa-
tion have been discussed based on idealized predictabil-
ity without any direct comparison between the en-
semble simulations and observations. Now we examine
the predictability through direct comparison between
the forecasts and observations. Instead of the R2 statis-
tics, we used the signed explained variance R*2 � r |r |
(r is the correlation coefficient between the monthly
averaged ensemble mean and the observations) sug-
gested by Dirmeyer (2006). As the information con-
cerning the sign is included, this method is appropriate
for estimating the increase in practical predictability
represented by the differences between the ALIC and

TABLE 4. Same as in Table 3, but for the R2 statistic.

Region ALIC AMIP Difference

Precipitation Humid 0.26 0.19 0.08 (40)
Intermediate 0.10 0.06 0.03 (51)
Dry 0.07 0.05 0.02 (45)
Global 0.10 0.07 0.03 (45)

Surface air
temperature

Humid 0.39 0.30 0.09 (29)
Intermediate 0.19 0.12 0.07 (55)
Dry 0.13 0.07 0.06 (76)
Global 0.17 0.11 0.06 (55)

FIG. 6. The R2 statistics for idealized forecasts for (a), (d) ALIC, (b), (e) AMIP, and (c), (f) its difference for (left) precipitation and
(right) surface air temperature forecasts. Values of 0.04, 0.06, and 0.10 in (c), (f) are significant at the 90%, 95%, and 99% levels,
respectively.
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AMIP predictions. For the P and Tsfc forecasts, the
RALIC*2 values are shown in Figs. 9a and 9b, and the
predictability gains from land surface initialization (de-
fined as RALIC*2 � RAMIP*2 /1 � RAMIP*2 ) are shown in Figs.
9c and 9d. The normalizing denominator 1 � RAMIP*2 is
the unrealized predictability of the AMIP simulation,
which varies from 0 to 2, so the predictability gain rep-
resents how much of the predictability is realized by
land surface initialization. It should be noted that both
the ALIC and the AMIP are simulated without an at-
mospheric initialization; therefore, the predictabilities

are influenced by only the effects of the prescribed
SSTs and land surface conditions.

Overall, the ALIC experiment explains only a very
limited portion of the observed total variability. While
most continental points represent modest positive R*2

values (approximately 10%), some negative values are
also found. Relatively strong positive values are found
in Tsfc forecasts, mostly over coastal regions, which are
probably influenced by the adjacent oceans and the
prescribed observed SSTs. The gains, ALIC minus
AMIP, show localized features. Most of the positive

FIG. 8. As in Fig. 7, but here the x axis represents the evaporation efficiency The black solid line
indicates the fitted curve of dots by use of a simple binning procedure with a 0.05 interval for the
evaporation efficiency.

FIG. 7. Scatterplot for the R2 differences between ALIC and AMIP: (a) precipitation and (b) surface
temperature. The x axis represents the signal-to-noise difference between ALIC and AMIP. Blue, green,
and red dots indicate humid, intermediate, and dry regions, respectively.
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gains are observed over relatively dry and intermediate
regions, such as middle Eurasia, middle to eastern
North America, and mid- to southern Africa, which
roughly matches the idealized predictability (Figs. 6c
and 6f). This indicates the realization of idealized po-
tential predictability over these regions. However, the
gains are almost absent in humid regions, and negative
gains (deteriorated predictability) are seen particularly
for the Amazon and northeastern Eurasia. As Dir-
meyer (2006) and Koster and Suarez (2003) suggested,
the relatively high mean precipitation over these re-
gions tends to quickly remove the initialized land sur-
face memory (i.e., the atmospheric control on the land
surface is dominant); therefore, the prescribed land sur-
face conditions have less impact on predictability. An-
other fact to consider is that the density of the direct
observations is very scarce over these regions of nega-
tive gains (see Fig. 2 in Koster et al. 2004a). Thus, the
initialized land surface conditions would be biased with
respect to the observations and cause negative effects
on the proper simulation of subsequent land–atmo-
sphere interactions. The inadequate station density
might also affect the validation result in Fig. 6.

The 1-month forecast skill in ALIC relies mostly on
the interannual variation of the GSWP2 forcings, which
is memorized in initial land surface conditions used in
the ensemble experiment. To examine the impact of
interannual variation of land surface conditions, an ad-
ditional CAM3 hindcast experiment, ALIC_CLIM, was
performed and the calculated R*2 is presented in Fig.
10. Compared to the ALIC results in Fig. 9 (left pan-
els), ALIC_CLIM shows very low R*2 predictability
except over some tropical latitudes where the direct
impact of SST is strong. Especially for Tsfc, most of the
positive R*2 disappear when interannual variations are
removed from land surface conditions. Although the
gains from land surface initialization (as shown in Fig.
9) are modest, this last result shows that the predict-
ability gains do indeed result from land surface initial
conditions, and especially from the interannual varia-
tions.

4. Summary and discussion

In the present study, ensemble hindcast simulations
of AGCM (CAM3) were performed both with and

FIG. 9. (a), (b) The signed explained variance of ALIC and (c), (d) the gain in predictability of ALIC with respect to AMIP for
(top) precipitation and (bottom) surface air temperature forecasts.
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without land surface initialization from offline LSM
(CLM3) calculations, and the impacts on predictability
were examined. An alternative approach to initializing
the land surface conditions was introduced. Prior to the
offline LSM calculations, bias correction and anomaly
scaling were applied to meteorological forcings that
drive the offline LSM calculation. Statistical analyses
on ensemble simulations indicated a modest but prom-
ising potential predictability increase from using this
land surface initialization method. Even though there
was no marked improvement in the practical predict-
ability, our land surface initialization approach was
shown to effectively estimate realistic land surface con-
ditions that successfully provided land surface memory
in the modeling system while preventing the AGCM
climate drift problem. However, several limitations
need to be considered and overcome to obtain any fur-
ther enhancement in practical predictability.

First, the experimental design of this study might
have led to some discrepancies between the land and
atmosphere in the early stages of model integration,
while in reality the land and atmosphere are tightly
coupled. In drought situations, for example, the dry

land surface is usually overlaid by a warm, dry atmo-
sphere. This results in a simple land–atmosphere feed-
back process that can provide land-originated predict-
ability: The dry soil condition results in less evapora-
tion, which further induces less precipitation. However,
no effort was made to ensure the initial atmospheric
conditions were consistent with the initialized land sur-
face conditions in the ALIC experiments. So, continu-
ing the example, if the initial atmospheric conditions
used produce significant precipitation in the early
stages of forecasts, then any effects of the land surface
initialization will soon disappear. Thus, enhanced pre-
dictability could be achieved in an AGCM simulation if
the observed atmospheric initial conditions were incor-
porated, particularly by an assimilation system.

Second, in the present study the impacts of the land
surface initialization are presented for the boreal sum-
mer simulation as a whole. However, the climatic prop-
erties that determine the strength of a land–atmosphere
interaction possess considerable nonstationarity (i.e.,
seasonality), even within the summer; the impacts of
land surface initialization inevitably reflect this nonsta-
tionarity. Such seasonal factors can be highly influential
in monsoonal regions where distinct changes in precipi-
tation, net radiation, and circulation regimes accom-
pany the seasonal march of the monsoon. Figure 11
displays the monthly R2 from May to September sepa-
rately. Generally, the potential predictability and its
change by land surface initialization show similar fea-
tures to Fig. 6 (the entire summer), but possess distinct
seasonality in some regions. Over the East Asian mon-
soonal region, both the R2 and predictability gains are
very small for the months of June and July when there
is large monsoonal precipitation. In contrast, relatively
high R2 values and gains are maintained during the
entire summer over northern South America, which is
also a tropical region, but where the monsoonal varia-
tion is very weak. Over the central United States, which
has been suggested by many previous studies as being a
key region of strong land–atmosphere interaction, R2

and gains for P were almost absent in the entire sum-
mer calculation (Fig. 6). However, although some posi-
tive gains were obtained in the monthly calculations,
their locations vary greatly with month. The most dis-
tinct nonstationarity was found in the Tsfc forecasts over
the Australian continent; gains gradually increase and
reach a maximum in July, and then gradually decrease
in August and September. More attention should be
paid to seasonality should the experiments be con-
ducted for winter, because snow dynamics would be
involved in the hydrological cycle and land–atmosphere
interaction. These considerations could provide a more

FIG. 10. Explained signed variance (R*2) of the ALIC_CLIM
simulation for (a) precipitation and (b) surface air temperature.
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precise understanding of the land–atmosphere interac-
tion and guide the predictability gains for seasonal pre-
diction.

The present results are confined to the CAM3–
CLM3 model; consequently, both the land surface es-
timates by the offline LSM and ensemble AGCM ex-
periments are dependent on the inherent characteristics
of CLM3 and CAM3, respectively. By virtue of the
up-to-update dynamical and physical treatments incor-
porated, CAM3 is known to successfully simulate most
of the climate variability realistically. Although sub-
stantial improvements have been achieved in recent de-
cades, there are still great deficiencies in midlatitude
continental precipitation and surface temperature (Col-
lins et al. 2006), as shown in Fig. 1. As suggested by an
offline LSM study by Mahanama and Koster (2005),

such AGCM biases lead to a biased evaporative regime
in certain regions and consequently have negative ef-
fects on soil moisture memory and land–atmosphere
feedback. While the climate drift problem is eliminated
by correcting the bias in atmospheric forcings to match
the AGCM’s individual climatology, the realism of the
land–atmosphere interactions is still limited by the
AGCM’s individual bias. Thus, improving the model to
reduce climate bias is the most essential factor for an
appropriate simulation of land–atmosphere interac-
tions and consequent predictability increases. Further,
the efforts of multi-LSM-based land surface estimates
like GSWP2 and their multi-AGCM evaluation
through the Global Land–Atmosphere Coupling Ex-
periment (GLACE; Koster et al. 2004b, 2006) can help
reduce the uncertainties in single-model results. The

FIG. 11. The R2 statistics for idealized forecasts for ALIC and their deviations from AMIP for each month (May–Sep) for (left)
precipitation and (right) surface air temperature forecasts. Shading information is as in Fig. 6.
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correction method suggested here could easily be ap-
plied to these efforts.
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