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ABSTRACT

This study addressed how different climate data sets influence simulations of the global terrestrial carbon cycle. For the
period 1982-2001, we compared the results of simulations based on three climate data sets (NCEP/NCAR, NCEP/DOE
AMIP-II and ERA40) employed in meteorological, ecological and biogeochemical studies and two different models
(BEAMS and Sim-CYCLE). The models differed in their parameterizations of photosynthetic and phenological pro-
cesses but used the same surface climate (e.g. shortwave radiation, temperature and precipitation), vegetation, soil and
topography data. The three data sets give different climatic conditions, especially for shortwave radiation, in terms of
long-term means, linear trends and interannual variability. Consequently, the simulation results for global net primary
productivity varied by 16%—43% only from differences in the climate data sets, especially in these regions where the
shortwave radiation data differed markedly: differences in the climate data set can strongly influence simulation results.
The differences among the climate data set and between the two models resulted in slightly different spatial distribution
and interannual variability in the net ecosystem carbon budget. To minimize uncertainty, we should pay attention to the
specific climate data used. We recommend developing an accurate standard climate data set for simulation studies.

1. Introduction

The terrestrial ecosystem is a source of uncertainty in our un-
derstanding of the global carbon cycle, including atmospheric
carbon dioxide (CO;) change, which is strongly coupled with cli-
matic change. This uncertainty is attributable to both the sparse-
ness of observational data and the inadequacies of the simula-
tion models used to analyse and predict the terrestrial carbon
cycle. For example, one model comparison study (Cramer et al.,
1999) found that different models produced estimate of global
terrestrial net primary productivity (NPP) ranging from 40 to
70 Pg C yr~!, even though each model used the same simulation
configuration. The variability likely resulted from differences
in the parameterizations of phenological and biogeochemical
processes, which cause the models to respond to environmental
conditions in different ways.

Unfortunately, current model estimations show even wider
variability owing to differences in the simulation configuration
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and input data sets. Different configurations of the simulation pe-
riod, spin-up method, spatial resolution and calculation time step
may lead to artifacts in model estimation. Differences in the in-
put data sets can also result in considerable interstudy variation,
but such differences have not been addressed in detail. Since the
1980s, many global data sets containing information on topog-
raphy, vegetation, soil, climatic conditions and remotely sensed
vegetation indices have become available for statistical analyses
and model simulations. Historically, several climate data sets
have been used to drive carbon cycle models. Most terrestrial
carbon cycle modelling studies in the 1990s employed the long-
term average data on temperature, precipitation and cloud cover
produced by Leemans and Cramer (1991), whose data set was
based on the geometric interpolation of observatory data. An
improved interpolation study (Mitchell and Jones, 2005) pro-
vided a century-long climate data set, which is quite useful for
modelling studies simulating the carbon cycle in the 20th cen-
tury. Recently, reanalysis climate data sets, which include vari-
ables such as soil temperature, wind velocity and surface radi-
ation irradiance, have become available as forcing data. Since
they satisfy meteorological laws and have fair spatial and high
temporal resolutions, these data sets allow model simulations
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with higher accuracy. Many meteorological studies have com-
pared the spatial patterns and temporal trends in climate data
sets with respect to temperature, precipitation and solar radia-
tion (e.g. Trenberth et al., 2002; Simmons et al., 2004; Hicke,
2005). For example, Hicke (2005) pointed out that the surface so-
lar radiation regime differed between two independent data sets,
one from the U.S. National Centers for Environmental Prediction
and National Center for Atmospheric Research (NCEP/NCAR)
and the other from the International Satellite Cloud Climatol-
ogy Project (ISCCP). This difference potentially influences es-
timations of energy, water and carbon exchanges at the land
surface.

Most terrestrial carbon cycle modellers select a climate data
set arbitrarily, except in intermodel comparison studies (e.g.
Cramer et al., 1999). Differences in the basic data, however,
might yield different results, even when the same data-handling
protocol is used. For example, Pan et al. (1996) compared the
simulation results of the Terrestrial Ecosystem Model (TEM) for
North America using two climate data sets: that of Leemans and
Cramer (1991) and another produced by the Vegetation Ecosys-
tem Modelling and Analysis Project (VEMAP). Their results
show that differences in the climate data can lead to substantial
differences in the simulation result. Nemani et al. (2003) and
Zhao et al. (2006) showed that different estimations of primary
productivity are obtained by the same method but using different
satellite data products and climate data sets. Nevertheless, few
studies have systematically addressed how such differences in
climate data sets affect simulation results. In fact, many mod-
elling studies have examined variability of the terrestrial carbon
cycle (e.g. Kaduk and Heimann, 1994; Potter et al., 1999; Ito and
Oikawa, 2000; Cao et al., 2004; Ichii et al., 2005; Zeng et al.,
2005), on the basis of a single climate data set selected arbitrar-
ily. Therefore, it is important to assess the output of terrestrial
carbon cycle simulations in response to different climatic data
input.

This study evaluated the range of variability in simulation
results using the same simulation configuration but with three
different climate data sets. Two terrestrial carbon cycle mod-
els, which adopt different approaches, were used to examine
differences in data dependency between models. In this study,
we focused on the differences in average patterns and the in-
terannual variability of primary productivity and the net car-
bon budget. Finally, we discuss the importance of an accu-
rate climate data set for use in terrestrial carbon cycle model
studies.

2. Methods

2.1. Climate data sets

Three climate data sets covering a sufficiently long-time pe-
riod and containing the physical variables necessary for terres-

trial model simulations were selected: (1) a reanalysis product
from NCEP/NCAR (Kistler et al., 2001); (2) a reanalysis prod-
uct from the U.S. NCEP and the Department of Energy for the
Atmospheric Model Intercomparison II (NCEP/DOE AMIP-II;
Kanamitsu et al., 2002) and (3) data from the European Centre
for Medium-Range Weather Forecast 40-yr reanalysis product
(ERA40; Simmons and Gibson, 2000; Uppalaetal., 2005). These
three data sets are widely used in meteorological, ecological and
biogeochemical studies. Since they were synthesized by the same
fundamental data-assimilation method using at least in part com-
mon observational records, they are not entirely independent of
each other. However, they employ different grid systems: T62
spectral resolution and 28 sigma levels in the NCEP/NCAR and
NCEP/DOE AMIP-II and T159 resolution and 60 levels in the
ERAA40. In particular, the NCEP/DOE AMIP-II and ERA40 use
an updated observational data set (Kanamitsu et al., 2002). In
addition, they use different land surface schemes to obtain the
boundary condition for atmospheric models, resulting in dif-
ferences in the near-surface conditions (e.g. Betts et al., 1998;
Dirmeyer et al., 2004). In this study, eight land-surface variables
for the period 1982-2001 were extracted from each data set for
forcing the TEMs: downward shortwave radiation, total cloudi-
ness, 2-m air temperature, air humidity (specific humidity or
dew point temperature), precipitation, soil temperatures in the
surface and subsurface horizons and 10 m zonal and meridional
winds.

2.2. Terrestrial carbon cycle models

2.2.1. BEAMS. Sasai et al. (2005) developed a remote
sensing-based carbon cycle model called Biosphere model in-
tegrating eco-physiological And Mechanistic approaches using
Satellite data (BEAMS). This model is driven primarily by the
remotely sensed leaf area index (LAI) and fraction of absorbed
photosynthetically active radiation (FAPAR) obtained using the
Advanced Very High-Resolution Radiometer (AVHRR) of the
Global Inventory Monitoring and Modelling Studies (GIMMS;
Myneni et al., 1997; Nemani et al., 2003), and is regarded as a
diagnostic model for interpreting the present state of the carbon
cycle. Incident radiation, temperature and moisture conditions
are used to estimate gross primary production (GPP), based on
the light-use efficiency (LUE) concept (Kumar and Monteith,
1981; Field et al., 1995). The BEAMS model employs the stress-
limited LUE derived from a biochemical photosynthesis model
to obtain more realistic spatial and temporal patterns of photo-
synthetic carbon assimilation by terrestrial plants. Sasai et al.
(2005) validated BEAMS with observational data on net pri-
mary production compiled by Zheng et al. (2003) and CO, Flux
data from AmeriFlux and EuroFlux (e.g. Valentini et al., 2000),
and used it to interpret the interannual variability in the global
terrestrial carbon budget.

2.2.2. Sim-CYCLE. Tto and Oikawa (2000, 2002) devel-
oped a plant ecophysiology-based carbon cycle model called
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Simulation model of Carbon cYCle in Land Ecosystems (Sim-
CYCLE). This model is driven solely by climatic variables and
is regarded as a prognostic model for simulating carbon budgets
from the past (using records) to the future (using scenarios). GPP
is estimated using a canopy production model based on the dry-
matter production theory (Monsi and Saeki, 2005), which takes
into account the exponential light attenuation within the canopy
using the model-estimated LAI and fAPAR. Sim-CYCLE sim-
ulates C; and C4 species separately, leading to different be-
haviours in tropical and temperate grasslands (Still et al., 2003).
Sim-CYCLE was validated using plot-scale ecological surveys
of biomass, NPP, and soil organic carbon, and global NPP data
(Hazarika et al., 2005). Although few flux measurement data
were used for validation, the estimated large-scale pattern of net
ecosystem CO, exchange was examined by comparison with at-
mospheric CO, data (Fujita et al., 2003). This prognostic model
has been used to investigate the effect of global warming on the
terrestrial carbon cycle given several climate projection scenar-
ios (Ito, 2005).

2.2.3. Points of similarity and difference. Both BEAMS and
Sim-CYCLE estimate major components of the terrestrial car-
bon cycle such as GPP, NPP, ecosystem respiration (ER), net
ecosystem production (NEP = GPP — ER) and plant and soil
carbon pools. Both models use a two-component plant respira-
tion scheme (construction and maintenance), and parameteriza-
tions of soil decomposition as functions of soil temperature and
water content, after Parton et al., (1993) in BEAMS and after Ito
and Oikawa (2002) in Sim-CYCLE. The two models use ecolog-
ical and physiological parameters similar to those calibrated in
the original versions (Ito and Oikawa, 2002; Sasai et al., 2005);
note that simulations by both models agreed well with observed
data. In both models, local radiation and water conditions (e.g.
photosynthetically active radiation (PAR), net radiation, evapo-
transpiration, and soil water content) are estimated using hydro-
logical schemes (see Ito and Oikawa, 2002; Sasai et al., 2005).
Both models consider total (i.e. direct + diffuse) PAR absorp-
tion only. In this study, both models were operated using monthly
climate data sets.

The two models differ in several aspects, allowing us to reduce
model-specific biases. BEAMS is a diagnostic model, whereas
Sim-CYCLE is a prognostic model. BEAMS determines leaf
phenology exclusively from remotely sensed LAI and fAPAR,
but Sim-CYCLE parameterizes leaf emergence and shedding in
deciduous forests and grasslands as functions of cumulative tem-
perature and precipitation. As a result, leaf phenology responds
to different climate conditions only in Sim-CYCLE simulations.
Both models incorporate stomatal regulation to simulate leaf gas
exchange (Ball et al., 1987), which responds to the ambient CO,
concentration, incident PAR irradiance, temperature and soil wa-
ter availability, but they use different photosynthetic schemes.
BEAMS uses a LUE scheme based on remotely sensed data,
whereas Sim-CYCLE uses a plant ecophysiological scheme. Ac-
cordingly, BEAMS assumes that GPP responds more sensitively
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(i.e. an incremental response) to PAR absorption than does Sim-
CYCLE, which assumes a saturation response. The two mod-
els simulate similar photosynthetic responses to temperature,
but in different manners; Sim-CYCLE assumes an empirical
optimal response curve of gross photosynthetic rate, whereas
BEAMS takes into account the responses of the carbon assim-
ilation enzyme, rubisco. Both models use exponential response
curves to simulate the responses of plant maintenance respira-
tion and soil decomposition to temperature. Finally, both models
incorporate a reduction of the maximum photosynthetic rate in
response to soil dryness, but using different parameterization
functions.

2.3. Simulations and analyses

Before performing model simulations, we compared the char-
acteristics of the three data sets (NCEP/NCAR, NCEP/DOE
AMIP-II and ERA40) with those of several ancillary data sets
compiled from observational data. From each data set, the 20-
yr mean; standard deviation (SD), which reflects interannual
variability; and the trend (slope of the linear regression against
time) of each parameter were obtained. We used a time-series
data set from the Climate Research Unit version 2.1 (CRU
TS2.1; Mitchell and Jones, 2005) as air temperature and pre-
cipitation references. This data set, which was obtained by
interpolating thousands of data observations, has a monthly
time step and a spatial resolution of 0.5° in longitude and
latitude. For precipitation references, we also used two addi-
tional data sets: the Global Precipitation Climatology Project
(GPCP; Huffman et al., 1997) and the CPC Merged Analysis
of Precipitation (CMAP; Xie and Arkin, 1997). These precip-
itation data sets are compilations of data from rain gauge and
satellite observations. For the downward shortwave radiation
reference, we used a data set from the International Satellite
Cloud Climatology Project version D2 (ISCCP-D2; Rossow and
Duenas, 2004). Here, note that it is difficult to determine which
data set is most reliable based solely on such comparison be-
cause uncertainties, including model-specific biases and artificial
trends due to shifts in the data source and observational system
(e.g. Bengtsson et al., 2004), are inherent in the observational
data.

A series of simulations were conducted to clarify the variabil-
ity across model simulations that were attributable to the differ-
ences in climate data sets from January 1982 to December 2001, a
period covered by all of the climatic and remote sensing data sets.
The simulations were conducted at a spatial resolution of 1° x
1°, so that climate data were obtained by resampling. The two
models employ the same vegetation map (11 vegetation types;
DeFries and Townshend, 1994), soil-type map (Zobler, 1986),
topography map (ETOPOS5; NOAA, 1988), and soil hydraulic
parameterization (Saxton et al., 1986). Having these data in
common facilitates comparison of the models and highlights the
intersimulation differences caused by different climate data. A
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model simulation using either model has two phases: spin-up and
experiment. In the spin-up phase of each model, the initial state
of the terrestrial carbon pools was obtained by repeating more
than 1000 yr using the climate data atmospheric CO, concen-
tration (Keeling and Whorf, 2004) for 1982 until an equilibrium
state of the carbon cycle, including that of soil carbon pool, was
obtained. This method simplifies the spin-up phase, especially
for the satellite-based model BEAMS, but is sufficient for exam-
ining the variability after 1982. During the experimental period,
time-series climate and atmospheric CO, data were used sequen-
tially. Using the two models (BEAMS and Sim-CYCLE) and the
three climate data sets (NCEP/NCAR, NCEP/DOE AMIP-II and
ERA40), we conducted six baseline simulations and compared
the results in terms of the average state and interannual vari-
ability of parameters of the terrestrial carbon budget, namely,
GPP, NPP and NEP. Then, to interpret the influence of the cli-
matic data set, we correlated variability in the estimated carbon
budgets with those in the climatic conditions. In addition, as
a sensitivity analysis, we performed ancillary simulations, in
each of which, based on a simulation using the NCEP/NCAR
data set, one of the eight climatic variables was replaced with
the corresponding variable from either the NCEP/DOE AMIP-II
or ERA40 data set. By this means, we assessed which climatic
variables accounted for the major differences between the model
simulations.

3. Results and discussion

3.1. Comparison of the climate data sets

A comparison of the three climate data sets and the observation-
ally derived reference data sets (Table 1 and Fig. 1) shows that
the average downward shortwave radiation is apparently higher
in the NCEP/NCAR data set, as suggested by other studies (e.g.
Hicke, 2005). The NCEP/DOE AMIP-II data set has mean val-
ues closer to those of the ISCCP-D2 data set, but the interannual
variability (Fig. 1a) is obviously inconsistent between them. The
global dimming trend in solar radiation, observed up to approxi-
mately 1990 at many sites (Wild et al., 2005), is not clearly seen
in these global data sets, and the long-term linear trends from
1982 t0 2001 (Table 1) differ markedly among them. With regard
to temperature, the variability of the long-term average and in-
terannual change is small among the data sets. In each data set,
the same patterns of interannual temperature change are con-
sistently found: for example, the highest temperature in each
occurred in 1998 (a strong El Nifio year) (Fig. 1b). However, the
ERAA40 data set shows slightly greater variability. The long-term
warming trend is captured in all data sets, but inconsistencies are
evident among them with regard to precipitation. The average an-
nual precipitation in the NCEP/NCAR and NCEP/DOE AMIP-
II data sets is more than 10% higher than that in the ERA40
data set. The patterns of interannual variability in precipitation

Table 1. Summary of the terrestrial climatic conditions over
the land surface (excluding ice sheets) derived from data sets
for the period 1982-2001

Climatic variables Mean SD Trend® (yr—!)

Downward shortwave radiation (W m~2)

NCEP/NCAR 228.0 0.6 +0.01
NCEP/DOE AMIP-1I 197.1 0.6 +0.01
ERA40 179.7 1.1 +0.13
ISCCP (1984-2000) 193.8 1.2 —0.10
2-m air temperature (°C)
NCEP/NCAR 12.1 0.2 +0.02
NCEP/DOE AMIP-1I 124 0.3 +0.02
ERA40 13.2 0.3 +0.04
CRU TS2.1 14.0 0.3 +0.04
Precipitation (mm yr—!)
NCEP/NCAR 873 18.8 —1.33
NCEP/DOE AMIP-1I 880 23.3 +0.29
ERA40 788 20.9 —2.70
CRU TS2.1 805 20.7 +1.76
GPCP 800 23.6 +0.06
CMAP 738 23.7 +0.64

2 This represents the slope of a linear regression against time.

(Fig. 1c) are reasonably similar among the climate data sets, and
comparable to those of the observation-based data sets (CRU
TS2.1, CMAP and GPCP) for many of the years, with some
disagreements. In particular, long-term linear trends in precip-
itation are inconsistent, ranging from a clear decrease in the
ERAA40 data set to a slight increase in the NCEP/DOE AMIP-II
data set.

3.2. Comparison of the average carbon budget patterns

We compared the average state (1982-2001) of the terrestrial
carbon cycle among climate data sets and between model simu-
lations. With both models, global GPP and NPP differed among
the simulations: the highest values were obtained with the
NCEP/NCAR and the lowest with the ERA40 data set (range,
43% in BEAMS and 16% in Sim-CYCLE; Table 2). The data-
induced differences occurred heterogeneously over the global
land surface (Fig. 2): evident differences occurred near the equa-
tor, in areas dominated by tropical rain forests. The distributions
of the net ecosystem carbon budget estimated for the experimen-
tal period (Fig. 3) clarify this data dependency. In each of the
six simulations, net climate-induced carbon sequestration was
consistently simulated in the central Amazon, South Asia (par-
ticularly southern India), and eastern Australia, and net carbon
release was consistently simulated in central and east Siberia
and eastern Africa. In contrast, net carbon gain or loss was not
consistently obtained (i.e. the results were data-dependent) in
central Africa, eastern South America, East Asia, and Europe.
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Fig. 1. Interannual variability in terrestrial climatic conditions derived
from three climate data sets (NCEP/NCAR, NCEP/DOE AMIP-II and
ERAA40) and observational data. Anomalies (i.e. departures from the
average) in (a) annual average downward shortwave radiation,
compared with ISCCP-D2 data, (b) annual average 2-m air
temperature, compared with CRU TS2.1 data and (c) annual
precipitation, compared with CRU TS2.1, GPCP and CMAP data. See
Table 1 for the average values.

The greater NPP values in the NCEP/NCAR-based simula-
tions were ascribable to the higher shortwave radiation, es-
pecially in the BEAMS simulation (shown by the sensitivity
analysis described below). In contrast, the Sim-CYCLE sim-
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ulation gave a lower NPP in several subtropical regions (e.g.
in Africa and South America) in the NCEP/NCAR-based sim-
ulation, which resulted from the lower precipitation numbers
(i.e. more severe water limitation). In the ERA40-based simu-
lations, considerably lower NPP was simulated in subtropical
(e.g. in Southeast Asia and South America) and temperate
(e.g. Europe and part of North America) regions than in the
NCEP/DOE AMIP-II-based simulations, although the equato-
rial NPP values were comparable. The correlation and sensitivity
analyses (described below) implied that the lower NPP values in
the ERA40-based simulations in these regions were attributable
to the lower shortwave radiation and precipitation values in that
data set. These different carbon assimilation rates resulted in
proportional differences in the ecosystem carbon storage be-
cause the same parameters were used to estimate carbon turnover
rates.

3.3. Comparison of the interannual variability
in carbon budgets

Differences in the interannual variability of climatic conditions
resulted in corresponding differences in the terrestrial carbon
budgets estimated by the two models. During the simulation pe-
riod, global terrestrial GPP and NPP increased at rates of 4+0.16
to +0.40 Pg C yr~! and +0.08 to +0.21 Pg C yr~!, respectively
(Table 2 and Fig. 4a). Since the fertilization effect of the atmo-
spheric CO, rise is assumed in the simulations of both models,
the differences in the increases in GPP and NPP resulted from
differences in the climate data sets; that is, the NCEP/NCAR
data set, which shows a small increment in shortwave radiation
and a decrement in precipitation against time (Table 1), resulted
in a lower increment in estimated plant productivity. In contrast,
because both models assume a strong dependence of the respi-
ration rate on temperature, the estimated ecosystem respiration
rates (ER in Fig. 4b and Table 2) showed similar interannual
variability in relation to temperature (Fig. 1b). However, the
ERAA40 data set, which shows a stronger warming trend, yielded
a higher increment in the estimated ER (Table 2). We also com-
pared regional patterns in linear trends in NPP. In the six sim-
ulations, greater increases occurred consistently in South Asia
(India), central Africa and southwestern Siberia. However, oppo-
site trends were found in some parts of South Africa and central
South America among the input climate data sets. Finally, NEP,
which combines ecosystem productivity and respiration, showed
complex interannual variability in the six simulations. Most sim-
ulations showed consistently negative NEP anomalies (i.e. more
release or less uptake) in 1983, 1988 and 1994. In contrast, in
1984, 1992 and 1999, the simulations showed qualitatively in-
consistent anomalies in NEP. Interannual variability (as indicated
by SD value; Table 2) was more evident in the simulations us-
ing the NCEP/DOE AMIP-II data set by both models. Finally,
it is noteworthy that different patterns of interannual variability
were obtained among climate data sets, models and time periods.
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Table 2. Summary of the simulation results in terms of average, standard deviation and linear trend of interannual variability during 19822001

Estimations (Pg C yr~!) BEAMS Sim-CYCLE
Average SD Linear trend ( yr~!) Average SD Linear trend (yr~!)
Gross primary production (GPP)
NCEP/NCAR 123.4 1.5 +0.16 122.2 1.8 +0.22
NCEP/DOE AMIP-II 109.9 2.3 +0.30 120.6 2.7 +0.37
ERA40 89.3 1.9 +0.28 107.4 2.6 +0.40
Net primary production (NPP)
NCEP/NCAR 56.7 0.8 +0.08 63.0 1.0 +0.11
NCEP/DOE AMIP-1I 49.9 1.4 +0.17 61.4 1.5 +0.19
ERA40 39.7 1.1 +0.14 54.2 1.4 +0.21
Ecosystem respiration (ER)
NCEP/NCAR 123.2 1.3 +0.14 121.2 1.6 +0.19
NCEP/DOE AMIP-II 109.3 1.6 +0.21 119.8 2.1 +0.31
ERA40 88.5 1.4 +0.23 106.6 22 +0.33
Net ecosystem production (NET)
NCEP/NCAR 0.2 0.9 +0.02 1.0 0.8 +0.03
NCEP/DOE AMIP-1I 0.5 1.3 +0.09 0.8 1.3 +0.06
ERA40 0.8 0.9 +0.05 0.8 1.0 +0.07

NPPNceppoe amip-il = NPPNcep/ncAR

NPPggago — NPPNncER/NCAR

BEAMS

Sim-CYCLE

—400 —200 0

2\
+200 +400 (gCm™yr™)

Fig. 2. Spatial distribution of the inter-data set differences of net primary production (NPP, averaged over 1982-2001) estimated by BEAMS and
Sim-CYCLE. Deviations of the NCEP/DOE AMIP-II and ERA4O0 results relative to the NCEP/NCAR results are shown.

For example, anomalies in ER by Sim-CYCLE were more
consistent among data sets for 1990-1998 than for other time
periods.

3.4. Correlation and sensitivity analyses

Through a grid-by-grid correlation analysis, we found that 19%—
25% of the differences in NPP by BEAMS using different climate
data sets (Fig. 2) were attributable to differences in downward

shortwave radiation among the data sets. On the other hand, the
differences in NPP by Sim-CYCLE were more closely related
to the inter-data set difference in precipitation, explaining 20%—
35% of the variability. At the global scale, the relationships be-
tween average annual downward shortwave radiation and GPP
obtained from the BEAMS- and Sim-CYCLE-based simulations
with the three climate data sets show that the data-induced dif-
ference in the GPP was much greater than the interannual vari-
ability, but the magnitudes of the difference differed between
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Fig. 3. Distribution of cumulative net ecosystem production (NEP) estimated by BEAMS and Sim-CYCLE using the three climate data sets,

1982-2001.

the two models (Fig. 5). BEAMS, which assumes a linear re-
lationship between PAR absorption and the carbon assimilation
rate, was quite sensitive to differences in shortwave radiation.
In contrast, the NCEP/NCAR- and NCEP/DOE AMIP-II-based
simulations by Sim-CYCLE seemed to reach radiation
saturation.

We used a sensitivity analysis to assess which climatic vari-
ables most influenced the simulation differences resulting from
the use of the three climate data sets (Fig. 6). The differ-
ence in downward shortwave radiation (cf. Table 1 and Fig.
1) exerted the strongest influence on the simulation results, as
shown by the differences, 6-10 Pg C yr~!, respectively, be-
tween the result obtained with the NCEP/NCAR data set and
the values obtained using the NCEP/DOE AMIP-II and ERA40
data sets for the annual global GPP. This led to higher esti-
mates for GPP by both models with the NCEP/NCAR data set
(Table 2). Precipitation was the next most important factor lead-
ing to the intersimulation differences. As expected from the mean
annual precipitation values of the data sets (Table 1), simula-
tions using the NCEP/DOE AMIP-II precipitation data resulted
in higher vegetation productivity than simulations with the other
data sets. In addition, differences in air temperature among data
sets exerted a moderate influence on simulation results, although
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the interdata set differences in air temperature were relatively
small.

3.5. Concluding remarks: requirement
of a precise data set

This study evaluated how much the climate data sets used to force
terrestrial carbon cycle models affect the simulation outcomes.
First, data dependency may partly explain differences among
modelling studies of the terrestrial carbon cycle; thus, the cli-
mate data set used should be considered when simulation results
are interpreted and compared. Furthermore, the results of this
study suggest that a single accurate standard data set of climatic
conditions should be produced and used for all terrestrial mod-
elling studies to better elucidate the terrestrial carbon budget.
However, since it is difficult to determine which of the existing
data sets is most reliable for various simulations, compiling an
appropriate climate data set may require the development of new
observational and data assimilation methods. The same require-
ment applies to land-cover, land-use, soil and other input data
sets used in simulations.

An interesting next step is to compare simulation results with
independent observations (not used in model calibration) of
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Fig. 4. Interannual variability in the terrestrial ecosystem carbon
budgets estimated by BEAMS and Sim-CYCLE using the three climate
data sets. Anomalies in the (a) annual gross primary production, (b)
ecosystem respiration by plants and soil microbes and (c) net
ecosystem production. Note that average values differ among
simulation results (see Table 2).

seasonal change and interannual variability in ecosystem carbon
cycles and atmospheric CO, concentrations. Our results (Fig. 3
and Table 2) showed that different net ecosystem carbon budgets
were obtained with different climate data sets, even when the
same model was used for the simulation. The sensitivity analy-

130
(<o) %
120 % s
—
I
Qo
s mof %
3
S &
o &)
o
— 100 |
o ® BEAMS+NCEP/NCAR
?5 O SImCYCLE+NCEP/NCAR
\¢ & BEAMS+NCEP/DOE AMIP-II
0 3 O SIMCYCLE+NCEP/DOE AMIP-II
° & BEAMS+ERA40
O SIMCYCLE+ERA40

80 1 1 1 1 1 1
170 180 190 200 210 220 230 240
Mean downward shortwave radiation (W m —2)
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Fig. 6. Sensitivity analysis of the individual climatic variables, in
which each NCEP/NCAR variable (used in the baseline simulation)
was replaced by the corresponding variable from NCEP/DOE AMIP-II
(gray bar) or ERA40 (black bar). The baseline is the average GPP
obtained with Sim-CYCLE using the NCEP/NCAR data set.

sis (Fig. 6) implied that improving the accuracy of the downward
shortwave radiation (including PAR) data, which primarily de-
termines photosynthetic carbon assimilation by terrestrial plants,
would have the greatest effect in improving simulation results.
Moreover, several studies have suggested the importance of spec-
ifying the direct and diffuse components of radiation data in ad-
dition to total irradiance (e.g. Gu et al., 2002); recent canopy
models have been developed that handle these components
separately. Improvements in the accuracy of temperature and
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precipitation data would also improve simulation results. We
are planning to assess the quality of the newer data as forcing
data for terrestrial carbon cycle models; for example, a new cli-
mate data set has been developed by the Japan Meteorological
Agency.

Our simulations showed that the degree of data dependency
differed between terrestrial carbon cycle models; for example,
BEAMS was more sensitive to the difference in the shortwave ra-
diation, especially for equatorial regions, and Sim-CYCLE was
more sensitive to the difference in precipitation in subtropical
regions. Intermodel differences will be assessed in our forth-
coming study (a cross-comparison of data and models), which
will make detailed comparisons between parameterizations of
the ecophysiological simulated in the models. In summary, fur-
ther studies are required to investigate the variability caused by
using different climate data sets and models, and thus to better
understand the global terrestrial carbon cycle.
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