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Abstract

This study investigated the capacity of a prognostic biosphere model to simulate global
vegetation carbon dynamics and the variability in atmospheric CO2 concentrations un-
der the current environmental conditions. Global data sets of atmospheric CO2 con-
centrations and terrestrial vegetation compositions of the aboveground biomass and5

net primary productivity (NPP) were assimilated into the biosphere model using an
inverse modeling method combined with an atmospheric transport model. In this pro-
cess, the optimal physiological parameters of the biosphere model were estimated by
minimizing the misfit between the observed and modeled values, and acceptable pa-
rameters with various values were generated among the biome types. The model with10

the optimized parameters corresponded to the observed seasonal variations in the
CO2 concentration, especially in the Northern Hemisphere where there are abundant
observation stations, although the annual amplitudes were overestimated at a few sta-
tions. In simulating the mean annual aboveground biomass and NPP, the model also
produced moderate estimates of the mean magnitudes and probability distributions15

for each biome. However, the model worked less efficiently in simulating the terres-
trial vegetation compositions in some grids. These misfits suggest that some additional
information about the disturbance and seasonal variability of the physiological param-
eters is required to improve the performance of the simulation model.

1 Introduction20

The terrestrial biosphere generally absorbs CO2 from the atmosphere, and its global
carbon uptake rate is considered to be similar to that of the ocean (Tans et al., 1990).
Many studies have tried to accurately quantify the total exchange rate between the
terrestrial biosphere and the atmosphere, and to determine the role of the terrestrial
biosphere in the global carbon cycle (e.g., Schimel, 1995; Field et al., 1998). Model-25

ing the terrestrial biosphere is one of the key strategies used in these studies (e.g.,
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Potter et al., 1993; Running and Hunt, 1993; Ito and Oikawa, 2002). Both diagnostic
and prognostic biosphere models can simulate the main processes of plant physiology
and carbon dynamics under given static climatic conditions. Dynamic global vegeta-
tion models have also recently attracted considerable attention (e.g., Sitch et al., 2003;
Krinner et al., 2005; Sato et al., 2007).5

However, each biosphere model uses individual approaches and representations to
predict the important processes of the carbon dynamics in ecosystems. Therefore, the
quantities in the carbon budgets derived from these models differ. Cramer et al. (1999)
compared 17 biosphere models, and found that the global terrestrial net primary pro-
ductivity (NPP) calculated with them ranged from about 40 to 65 PgCyr−1, with differ-10

ent spatial distributions. Even at the regional scale, Ichii et al. (2010) reported large
differences in the annual amounts of gross primary productivity (GPP) and ecosys-
tem respiration among nine models when each original parameter set was used for
the simulation. The discrepancies evident among these models when they are com-
pared systematically indicate that current biosphere models still require improvement15

(Friedlingstein et al., 2006; Jung et al., 2007; Sitch et al., 2008).
Model–data synthesis is one approach to dealing with the problem discussed above,

because it reduces the uncertainties and optimizes the controlling processes in the
model to improve its fit to the observed data. This method is widely applied in terrestrial
biosphere modeling, as in atmospheric and oceanic modeling, with various a priori20

information. Examples include the estimation of the residence times of carbon pools
in soils and plants in regional areas (Barrett, 2002; Zhou and Luo, 2008), the fit of
the models of eddy covariance flux variables at the point scale (Braswell et al., 2005;
Sacks et al., 2006), the impact of seasonal water stress on ecosystem gas exchange
(Reichstein et al., 2003), and atmospheric inversion schemes (Ciais et al., 1995; Enting25

et al., 1995; Bousquet et al., 2000; Peylin et al., 2005). An overview of model–data
synthesis methods in terrestrial carbon studies and the improvements required are
discussed in several studies (Raupach et al., 2005; Wang et al., 2009; Luo et al., 2011).
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Using these model–data synthesis approaches, the study of Kaminski et al. (2002)
introduced an important method with which to systematically infer optimal model pa-
rameters. The authors demonstrated the assimilation of observed atmospheric CO2
concentrations into a terrestrial biosphere model by combining it with an atmospheric
transport model. The atmospheric CO2 concentration reflects the distributions of CO25

sources and sinks at various spatial and temporal scales, rather than those restricted
to a small spatial footprint, so these data are likely to be a suitable source of infor-
mation with which to optimize a global biosphere model. In these studies, two parame-
ters, light-use efficiency (LUE) and the sensitivity of respiration to temperature changes
(Q10) were individually modified for 12 biomes, which led the a good simulation of the10

general phase and amplitude of the seasonal cycles of atmospheric CO2 at the obser-
vation sites. Rayner et al. (2005) further developed the study of Kaminski et al. (2002)
by replacing the biosphere model with a more mechanistic one and optimizing many
more model parameters, in what is known as the “Carbon Cycle Data Assimilation Sys-
tem” (CCDAS). The scheme for the uncertainty estimates in the simulation of CCDAS15

is also minutely discussed by Scholze et al. (2007).
These studies have focused predominantly on the CO2 fluxes associated with at-

mospheric CO2 variability, and less effort has been directed toward the effects of the
optimized parameters on the variability in the ecosystem carbon pools or in plant ma-
terial. However, the importance of estimating the forest carbon stock, as well as atmo-20

spheric CO2 variability, is increasingly recognized in scientific and political circles (e.g.,
Carvalhais et al., 2010; Saatchi et al., 2011). This is because we must be confident
of our estimates of the forest carbon stock to quantify the CO2 emissions attributable
to deforestation and forest degradation, which account for about 12 % or more of total
anthropogenic CO2 emissions (van der Werf et al., 2009). Improving the estimates of25

forest carbon stocks in parallel with those of atmospheric CO2 variability is necessary
to assess the global carbon balance and the role of the terrestrial biosphere in the
current climate.
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Here, we have developed an optimization scheme for a global biosphere model for at-
mospheric CO2, aboveground biomass, and NPP data, combined with an atmospheric
transport model and a Bayesian inversion method. Our primary goal was to improve
the present assessments of the terrestrial carbon cycle under current climatic condi-
tions and the interactions between the atmosphere and biosphere. For this purpose,5

we have focused on constructing a model that is capable of comprehensively simulat-
ing the carbon dynamics of natural vegetation, vegetation structure, and atmospheric
CO2 variability on a global scale.

2 Method and data

2.1 Terrestrial biosphere model10

A prognostic biosphere model, the Vegetation Integrative SImulator for Trace gases
(VISIT; Ito, 2010) was used to simulate the global terrestrial carbon cycle in this study.
All variables in VISIT are calculated at a 2.5◦×2.5◦ spatial resolution with a daily tempo-
ral step. The global vegetation types in the model are classified into 15 biomes (Fig. 1),
and a map of their distributions was produced using the MODIS land cover data (Friedl15

et al., 2002). The reanalysis/assimilation data sets released by the Japan Meteorolog-
ical Agency (JMA) and the Japan 25 yr reanalysis (JRA-25)/JMA Climate Data Assim-
ilation System (JCDAS) (Onogi et al., 2007) were used for forcing in VISIT. JRA-25
covers the period from 1979 to 2004, and JCDAS covers the period after 2004. The
meteorological data used to operate VISIT were downward shortwave radiation, total20

cloudiness, air temperature, ground surface temperature, soil temperatures, specific
humidity, precipitation, and wind velocity. The precipitation bias in JRA-25/JCDAS was
corrected based on the study of Saito et al. (2011). We used the climate data for the
31 yr period from 1979 to 2009 for both spin-up and model simulation. In the spin-up
the 31 yr climate data were repeated over about 2000 yr until carbon pools reaching25

equilibrium state.

4247

http://www.geosci-model-dev-discuss.net
http://www.geosci-model-dev-discuss.net/6/4243/2013/gmdd-6-4243-2013-print.pdf
http://www.geosci-model-dev-discuss.net/6/4243/2013/gmdd-6-4243-2013-discussion.html
http://creativecommons.org/licenses/by/3.0/


GMDD
6, 4243–4280, 2013

Optimization of
a prognostic

biosphere model

M. Saito et al.

Title Page

Abstract Introduction

Conclusions References

Tables Figures

J I

J I

Back Close

Full Screen / Esc

Printer-friendly Version

Interactive Discussion

D
iscussion

P
aper

|
D

iscussion
P

aper
|

D
iscussion

P
aper

|
D

iscussion
P

aper
|

In the model, plant physiology and the carbon budget were simulated in each grid
cell. Net ecosystem productivity (NEP) was defined as follows:

NEP = NPP−HR = −NEE (1)

NPP = GPP−AR (2)
5

where HR is the heterotrophic respiration and AR is the autotrophic respiration. Daily
GPP rate is expressed using the dry-matter production theory by Monsi and Saeki
(1953):

GPP =ε

DL∫
0

LAI∫
0

Pcd LAI dt

=
2εPsatDL

Ka

ln

1+

√
1+

Ka ·Qe ·PPFDmid

Psat

10

− ln

1+

√
1+

Ka ·Qe ·PPFDmid ·exp(−Ka ·LAI)

Psat


 (3)

where ε (= 4.32×10−4) is a unit converter from µmol CO2 m−2 s−1 to MgCha−1 day−1,
DL is day length (h), LAI is leaf area index that is estimated as a function of the given
specific leaf area, Pc is the single-leaf photosynthetic rate (µmol CO2 m−2), Psat is the15

single-leaf photosynthetic rate under light saturation (µmol CO2 m−2), Ka is a function
of solar height in dimensionless, Qe is light-use efficiency (mol CO2 mol−1 photon),
PPFDmid is photosynthetic photon flux density (PPFD; µmol photon m−1 S−1) at the top
canopy at mid day. PPFDmid is estimated from the equation of Kuroiwa (1966) with
including cloudy decline effect. Seasonal variations in Psat are assumed to be depen-20

dent on the ground surface temperature (Tg; ◦C), intercellular CO2 concentration (Ci;
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ppmv) that is estimated from ambient CO2 concentration, and soil moisture (Φ; mm),
as follows,

Psat = Pmax · Ftmp(Tg) · Fstl(Ci) · Fnstl(Φ) (4)

where Pmax is the potential maximum value of Psat and F is the coefficient function
used to calculate seasonal variations in Psat. Ftmp is formulated using the maximum,5

minimum, and optimum temperatures (Tmax, Tmin, and Topt, respectively) for photosyn-
thesis, whereas Fstl and Fnstl are formulated using the photosynthesis-limiting factors
for intercellular CO2 concentration (kmci) and soil moisture (km nstl).

Ftmp = max

[
min

[
(Tg − Tmax)(Tg − Tmin)

(Tg − Tmax)(Tg − Tmin)− (Tg − Topt)2
,1

]
,0

]
(5)

Fstl = max

[
min

[
(1−Cstl)+

Cstl · (Ci −CDcmp)

kmci+Ci
,1

]
,0

]
(6)10

Fnstl = max
[

min
[

(1−Csntl)+
Cnstl ·Φ

Φ+ F Psw · km nstl
,1
]

,0
]

(7)

where CDcmp is CO2 compensation point (Brooks and Farquhar, 1985), F P sw is soil
water holding capacity (mm) that is give from soil property data, and Cstl and Cnstl are
constant coefficients.15

AR is the integration of both the growth and maintenance respiration from the fo-
liage, stem and branch, and root components. The growth respiration (ARG) of each
component is the cost to produce new biomass, given as

ARGX = rgX ·TPX (8)

where rgX is the specific growth respiration rate, TPX is the carbon translocation rate,20

and the subscript X represents each component: foliage (FL), stem and branch (SB), and
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root (RT). In contrast, the maintenance respiration (ARM) is represented as a function
of Tg:

ARMX = rmX ·exp
[

lnQ10

10
(Tg −15)

]
·MX (9)

where rmX is the specific maintenance respiration rate and MX is the carbon mass for
each component.5

HR is the respiration from two layers: the litter (HRL) and humus (HRH). Both HRL
and HRH are calculated as functions of the soil temperature at two depths, 10 cm (Ts10)
and 200 cm (Ts200), and Φ in the upper and lower soil layers:

HRL = shl ·ML · FHRL (Ts10) · FHRL (Φu) (10)

HRM = shm ·MH · FHRM (Ts200) · FHRL (Φl) (11)10

where shl and shm are the specific heterotrophic respiration rates and ML and MH are
the carbon masses of the organic matter in the litter and humus layers, respectively. The
annual mean value of Ts10 was used as substitute for Ts200 because JRA-25/JCDAS
provides the soil temperature at depth.15

In VISIT, the amount of litter fall (LF) is assumed to be proportional to the carbon
mass of each component (foliage, stem and branch, and root) as:

LFX = lfX ·MX (12)

where lfX is the specific litter fall rate.
In this study, we used prior parameters with the same values for all biome types (Ta-20

ble 1). The posterior parameter was estimated using Bayesian inversion. We selected
the parameters being sensitive to NEE, NPP and biomass in sensitivity analysis, Pmax,
Tmin, Topt, km nstl, rgFL, rgRT, rmFL, rmRT, Q10, lfFL, lfSB, shl, and shm to optimize the fit
of the model simulations to the observations (Table 1).
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2.2 Atmospheric tracer transport model

The seasonal variability in the atmospheric CO2 concentration at the observation sites
was simulated using the National Institute for Environmental Studies/Frontier Research
Center for Global Change (NIES/FRCGC) off-line global atmospheric tracer transport
model (NIES-TM; Maksyutov et al., 2008). NIES-TM is one of the transport models5

evaluated in the Atmospheric Transport Model Intercomparison Project (TransCom;
Law et al., 1996; Gurney et al., 2002). The vertical turbulent diffusion in the boundary
layer of NIES-TM is parameterized using the monthly mean planetary boundary layer
(PBL) heights derived from a three-hourly PBL height data set (Schubert et al., 1993).

We operated NIES-TM with a 2.5◦×2.5◦ grid resolution and nine vertical levels, with10

forcing data from JRA-25/JCDAS. The oceanic CO2 flux, fossil fuel emission inventory,
and NEE in the terrestrial biosphere are required as a priori information to run NIES-
TM. In this study, the ocean flux was derived from the Offline Ocean Tracer Trans-
port Model (OTTM; Valsala and Maksyutov, 2010), and the emission data were from
the Open-source Data Inventory of Anthropogenic CO2 emission (ODIAC; Oda and15

Maksyutov, 2011). We ran NIES-TM for the most recent five-year period for which all
the a priori information was available (2003–2007). The data for the first year were used
for the spin-up, and the average value over the years 2004 and 2007 were used in the
analysis. As shown by Gurney et al. (2004), there are uncertainties in atmospheric
transport models, which result in discrepancies in the concentration distributions of the20

model. However, this problem was beyond the scope of our analysis, and we did not
address the uncertainties in the concentrations derived from the NIES-TM simulation.

2.3 Bayesian inversion

We optimized a set of biophysical parameters in VISIT against the mean monthly atmo-
spheric CO2 and the mean annual amounts of NPP and aboveground biomass (AGB).25

In this study, we did not analyze the belowground processes because the availability of
carbon stock information was restricted. The atmospheric transport model is a linear
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function and atmospheric CO2 can be expressed by multiplication with a nonlinear ter-
restrial biosphere model. To derive an optimal parameter set m, the deviations of the
model estimates from the observed data are minimized using a Bayesian inversion
scheme. When the probability distributions of all the observed and a priori informa-
tion on the biophysical parameters are assumed to be Gaussian, and their means are5

dobs and mp, respectively, the misfit between dobs and the modeled values G(m) for
atmospheric CO2, NPP, and AGB is defined by a cost function (Tarantola, 2005):

S(m) =
1
2

[
(G(m)−dobs)T C−1

D (G(m)−dobs)+
(
m−mp

)T C−1
M

(
m−mp

)]
(13)

where superscript T denotes transpose, and CD and CM are the covariance matrices
defining the uncertainties for dobs and mp, respectively. This study fixed CM at 10 %10

around each mp, and at 2 ◦C for Topt and Tmin. The values of CD are described in the
following section. The center of the posterior Gaussian distribution, which shows the
optimized values for the model parameter m, can be expressed following Tarantola
(2005) as:

m = mp +
(

GTC−1
D G+C−1

M

)−1
GTC−1

D

(
dobs −G(mp)

)
(14)15

In this study, we inverted
(

GTC−1
D G+C−1

M

)−1
in Eq. (14) using single-value decompo-

sition.
The optimal parameter set m is given by minimizing S(m). We used an iterative

process to calculate the derivative of S for this minimization. The derivative is computed
from the rate of change in S with respect to the small change in each target parameter20

around mp. The minimization of S was assessed by calculating χ2, which is the mean

square mismatch between dobs and G(m). If the fits are good, χ2 ≈ 1. A χ2 value much
larger than 1 indicates that the difference between the observation and prediction is
much larger than the uncertainty used in the inversion.
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2.4 Data

The monthly mean atmospheric CO2 data from GLOBALVIEW-CO2 (2010) were used
as the observation data for the CO2 concentration. GLOBALVIEW-CO2 is a product
based on atmospheric measurements and provides information about CO2 variability
at over 100 sampling locations around the globe. The monthly mean CO2 variability5

stored in the file named statistical summary of the average seasonal pattern (seas),
which provides monthly mean values detrended by a smooth fit, was used in the fol-
lowing analysis. The standard error for seas each month was also used as a measure
of the uncertainty in the observed CO2 in CD in Eqs. (13) and (14). In this study, we
excluded all data sampled at locations in the ocean and some data sampled on is-10

lands from the analysis to reduce the contamination produced by uncertainties in the
ocean flux. Consequently, we selected sampling locations at 74 sites, including 18
sites with multiple vertical CO2 observations sampled by aircraft (Fig. 1). For those
sites with a vertical profile, the partial column CO2 concentrations were estimated from
the vertical profiles by assuming that the CO2 concentration at each observation height15

represents the concentration at altitudes centering round the observation height. We
analyzed this partial column concentration instead of individual CO2 concentrations at
multiple heights.

The AGB data from the International Institute for Applied Systems Analysis (IIASA;
Kindermann et al., 2008) were used in this study to optimize AGB of the biosphere20

model. IIASA provides half-degree global biomass and carbon stock data estimated
with a downscaling model on the basis of a map provided by the Global Forest Re-
sources Assessment. The data for AGB per hectare were calculated from the gridded
AGB data divided by the grid area data. To reduce the discrepancies attributable to
the differences in the dominant biome in each grid between the model and IIASA, the25

grid resolution for AGB was expanded to 7.5◦ ×7.5◦. Therefore, the IIASA data with
a grid resolution of 0.5◦ ×0.5◦ and the VISIT data with a resolution of 2.5◦ ×2.5◦ were
aggregated to the desired resolution. Here, the mean AGB values in VISIT for the 10 yr
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period 2000–2009 were used for the analysis. We compared AGB in 351 grids over the
global terrestrial area.

The third data set contained the NPP data from the Global Primary Production Data
Initiative (GPPDI; Scurlock et al., 1999; Olson et al., 2001). The GPPDI data set con-
sists of three classes of NPP data: NPP measurements at intensively studied sites with5

site-specific information, NPP measurements at extensive sites with less-site-specific
information, and gridded NPP data with a grid resolution of 0.5◦ compiled from collec-
tions of inventory, modeling, and remote sensing data. All these NPP data from the
three classes were aggregated into a 7.5◦ grid cell, resulting in the 173 grids that were
analyzed in this study. As for AGB, the NPP data in VISIT were averaged over the10

period 2000–2009 and were aggregated into 7.5◦ grid cells. The standard deviations
in the calculation of the 7.5◦ grid mean values for AGB and NPP were used as the
measures of data uncertainty CD for each grid.

3 Results and Discussion

3.1 Model parameterization15

The final value of χ2 for the whole data in this study was 4.50; χ2 = 0.98 for atmospheric
CO2 and χ2 = 9.80 for AGB and NPP. These test statistics indicate that our optimization
scheme fits the observed data less well for AGB and NPP than for atmospheric CO2.
This problem is discussed below.

The posterior parameters showed various changes from the prior parameters20

(Fig. 2). Here, we examine some parameters that show clear changes. Large increases
and reductions in the magnitudes of the posterior parameters were observed for lfFL
and lfSB. These parameters control the litter fall rate of the foliage and the stem and
branch, respectively, which directly control the amount of biomass and indirectly af-
fect the photosynthesis and respiration variability via changes in the LAI and carbon25

mass. The ratio of the litter production to the total organic matter of each component
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increases with the value of lf, and vice versa. The deciduous needle-leaf forests, de-
ciduous broad-leaf forests, and mixed forests have lower litter fall rates for stem and
branch, whereas wooded grassland and closed shrubland have higher rates.

The Pmax parameter, which defines the potential maximum photosynthetic rate,
showed a slight decline from the prior magnitude for many biome types. Under nat-5

ural conditions, Psat shows large seasonal variations caused by temperature, water,
and CO2 conditions (Eq. 4), and the magnitudes and ranges of those variations were
similar in most case to those reported in a previous study (Larcher, 2003).

At the site scale, the decline in the magnitude of Q10 with increasing temperature
has been reported for various plants (e.g., Atkin et al., 2000; Tjoelker et al., 2001),10

indicating that the response of respiration to temperature becomes smaller at higher
temperatures because of substrate limitations (Atkin and Tjoelker, 2003). This tempera-
ture dependence of Q10 was observed in the present study, with a large scatter ranging
from 1.68 to 2.32, and a liner regression of Q10 = −0.01T +2.10 (r2 = 0.46,P < 0.05),
where T is the temperature for 13 biomes, excluding wooded grassland and snow and15

ice (Fig. 3). This range in the variability of Q10 and the slope of the regression are sub-
stantially smaller than those reported in previous studies. These differences may be
attributable to differences in the spatial and temporal scales analyzed. The posterior
Q10 indicates the mean sensitivity over long-term and regional scales, and was fixed
to one value for all biomes, regardless of their specific temperature ranges, whereas in20

previous studies, the Q10 measure represented short-term and individual points. How-
ever, in contrast to our study, which demonstrated the temperature dependence of Q10,
another recent study based on in situ data reported that the Q10 parameter, was inde-
pendent of the mean annual temperature and was almost constant at around 1.4±0.1
across biomes (Mahecha et al., 2010). From these results, it seems that there is still25

great uncertainty in the behavior of the posterior Q10, so further research is required to
clarify it.

There were no clear changes in the temperature parameters for photosynthesis,
which were within ±1 ◦C of the prior values for the optimum temperature Topt, except for
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the evergreen broad-leaf forests and grasslands; with slight changes in the minimum
temperature Tmin, within the range of −5.4–4.8 ◦C. Although Topt describes the optimal
season for photosynthesis, Tmin mainly controls the phases of leafing and senescence
and the length of photosynthetic activity. Therefore, Tmin can be a sensitive parameter
for improving the simulation of atmospheric CO2 seasonality.5

3.2 Atmospheric CO2 simulation

Atmospheric CO2 variability was estimated over the globe and the mean monthly con-
centrations were compared with the observed data from GLOBALVIEW-CO2 at 74 sta-
tions. The results estimated from the posterior NEE showed good agreement with the
observations for the large domain and seasonality (r2 = 0.84,P < 0.001; Fig. 4). The10

slope of the linear regression indicated that the modeled CO2 variability was slightly
overestimated without offset. The annual mean χ2 values at each station ranged from
0.02 to 6.39, and the annual mean values of the root mean square error (RMSE) varied
from 0.50 to 4.82 ppm, with a mean RMSE of 0.99 ppm.

Figure 5 shows the mean seasonal variations in atmospheric CO2 at the Cape Grim15

station, Tasmania, Australia (CGO; 40.68◦ S, 144.69◦ E) and Wendover station, Utah,
USA (UTA; 39.90◦ N, 113.72◦ W), as examples. The biome types at CGO and UTA
stations are classified as cropland and temperate open shrubland, respectively. The
annual mean χ2 and RMSE values for the observed and posterior data were 6.39 and
1.14 ppm, respectively, at CGO and 0.03 and 0.50 ppm, respectively, at UTA. CGO was20

the station with the largest annual mean χ2 value among all the stations. The annual
amplitude of the concentration at CGO is obviously overestimated. There was also
a discrepancy in the phase of the seasonal variability between the observations and
the model. Slight improvement can be seen in the results for the posterior parameter
compared with the prior parameter, but the CO2 variability is still outside the domain of25

the uncertainties in the observed data. Because the variability in CO2 on an island is
mainly controlled by the oceanic flux, the biosphere model is usually negligibly respon-
sible for the errors in the CO2 concentration (Rayner et al., 2005). However, we found

4256

http://www.geosci-model-dev-discuss.net
http://www.geosci-model-dev-discuss.net/6/4243/2013/gmdd-6-4243-2013-print.pdf
http://www.geosci-model-dev-discuss.net/6/4243/2013/gmdd-6-4243-2013-discussion.html
http://creativecommons.org/licenses/by/3.0/


GMDD
6, 4243–4280, 2013

Optimization of
a prognostic

biosphere model

M. Saito et al.

Title Page

Abstract Introduction

Conclusions References

Tables Figures

J I

J I

Back Close

Full Screen / Esc

Printer-friendly Version

Interactive Discussion

D
iscussion

P
aper

|
D

iscussion
P

aper
|

D
iscussion

P
aper

|
D

iscussion
P

aper
|

that the contribution of the terrestrial flux to the CO2 concentration at the CGO station
was much greater than that of the oceanic flux. The overestimation of the terrestrial flux
is mainly attributed to the unsuccessful optimization of the biosphere model because
there are limited observation stations in the Southern Hemisphere. Indeed, all the ob-
servation stations located in the cropland grid extend across Europe and the USA,5

except the CGO station (Fig. 1). The difficulties encountered in concentration modeling
in regions with a sparse coverage of observation stations have also been discussed
by Gurney et al. (2004). This result suggests that an increase in the observation sta-
tions in the terrestrial areas of the Southern Hemisphere is required to allow the more
precise simulation of atmospheric CO2 variability.10

At the UTA station, the prior concentration showed overestimates of both the photo-
synthetic uptake in summer and the respiration release in winter of a few ppm (Fig. 5b).
The posterior concentration reduced these to a difference of within a few tenths of
a ppm. After the optimization of the biosphere model, four of the 74 stations had annual
mean χ2 values of > 3. Two of these stations were located in the Southern Hemisphere,15

CGO and the Syowa station, Antarctica (SYO: 69.00◦ S, 39.58◦ E; χ2 = 3.86), and the
other two were either on a cape, Cape Ochi-ishi, Japan (COI: 43.15◦ N, 145.50◦ E;
χ2 = 3.43), or in a highland region, Boulder Atmospheric Observatory, Colorado, USA
(BAO: 40.05◦ N, 105.00◦ W; χ2 = 4.63). The discrepancies at the latter two stations are
probably attributable to the coarse horizontal resolution of our model. The atmospheric20

CO2 variability at stations located in complex terrains is substantially influenced by
local mesoscale motions, which lead to errors in the concentration simulations when
a global model is used (Ahmadov et al., 2009).

Figure 6 shows a comparison of the mean seasonal amplitudes of atmospheric
CO2 based on the observed and posterior parameters at all stations along a single25

latitude. The seasonal amplitude at each station was defined as the difference be-
tween the maximum and minimum mean monthly concentrations. The posterior sim-
ulation showed an appropriate representation of the seasonal amplitude in the North-
ern Hemisphere, attributed to the large number of observation stations. The latitudinal
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mean amplitude and its standard deviation for each 30◦ band from north to south were
15.4±1.6 (n = 8), 12.8±3.8 (n = 47), 7.7±0.7 (n = 5), 3.3±1.8 (n = 5), 1.0±0.4 (n = 3),
and 1.1±0.2 ppm (n = 6) for the observed data, and 16.9±3.8, 12.6±4.9, 7.1±1.6,
3.2±1.4, 3.5±0.2, and 3.1±0.4 ppm, respectively, for the posterior data. Erroneous
overestimates were made at a few stations in the Northern Hemisphere, especially at5

Fraserdale station, Canada (FSD: 49.88◦ N, 81.57◦ W) and Pallas-Sammaltunturi GAW
station, Finland (PAL: 67.97◦ N, 24.12◦ E). The seasonal variability in the posterior pa-
rameters at both stations showed overestimates of the winter concentration and the
maximum photosynthetic uptake, which occurs in early summer. Unfortunately, in this
study, we failed to improve these mismatches to produce good agreement with the10

observations at other stations. This is partly because of the inability of the global bio-
sphere model to represent NEE variability in the areas around the observation points,
and also because unsuitable biophysical parameters were selected for adjustment in
the optimization process.

In contrast, the seasonal amplitudes of the posterior CO2 concentration in the South-15

ern Hemisphere tended to be about 2 ppm larger than the observed concentrations. As
mentioned above, these larger ranges of amplitude are presumably attributable to the
deficiency in observation stations and to some problems with transport errors and with
the a priori sources in this region. We are currently trying to update the atmospheric
transport model to reduce the uncertainty in it and to improve the model representa-20

tions with higher spatial and temporal resolutions (Belikov et al., 2011).

3.3 Biomass simulations

The χ2 values for AGB and NPP for the observed and posterior data ranged from 0.00
to 2249 among the grids, with a mean value of 9.80. Six of the total 589 grids with
7.5◦ ×7.5◦ resolution showed erroneous χ2 values much larger than 100. In all these25

grids, the observed AGB and its uncertainty were approximately 0, but the posterior
AGB had values ranged from 1.8 to 7.2 kgCm−2, which resulted in an erroneously
elevated χ2 value. These larger values suggested that the uncertainty in the observed
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data applied to these grids was too small, and there are some discrepancies in biome
types between the observation and the model in the grids. If the χ2 values for these six
grids are excluded from the analysis, the mean χ2 values for AGB and NPP decrease
to 1.89.

The mean annual AGB and NPP values estimated with a spatial resolution of5

2.5◦×2.5◦ using the posterior parameters were compared with IIASA and GPPDI data
for each biome type (Table 2, Figs. 7 and 8). The IIASA data showed biome-specific
patterns in the mean ABG. The biomes with AGB> 3 kgCm−2 and relatively large scat-
ters were the evergreen broad-leaf forest (EBF), deciduous broad-leaf forest (DBF),
and woodland (WL); those with AGB of about 2–3 kgCm−2 were the evergreen needle-10

leaf forest (ENF), deciduous needle-leaf forest (DNF), and mixed forest (MF); and the
other biome types had AGB< 2 kgCm−2. These biome patterns in mean AGB values
and total AGB distributions are well represented in the simulation with the posterior
parameters, except that AGB variability is underestimated in EBF. The AGB of EBF
in IIASA ranged from 0.1 to 17.5 kgCm−2, with lower and upper quartiles of 1.7 and15

7.5 kgCm−2, respectively, whereas that of the model ranged from 0.6 to 7.6 kgCm−2,
with lower and upper quartiles of 4.4 and 5.4 kgCm−2, respectively. This slight vari-
ability in AGB is partly attributable to the small variability in NPP in GPPDI, which
constrains large variations in AGB during parameter optimization. It is also probably at-
tributable to the fact that the model does not consider the effects of land use changes,20

which could directly affect the AGB distribution (Achard et al., 2002).
The mean NPP for each biome type in the GPPDI distributions ranged from 300

to 600 gCm−2 yr−1, except for the much higher NPP in EBF and the lower NPP in
the tundra (TND), temperate open shrubland (TOS), and bare ground (BG). Although
these biome-specific distributions of the mean NPP differ from those of AGB, the mean25

NPP and total NPP distribution for each biome type estimated from the posterior data
matched the GPPDI observed data reasonably well. NPP is partly lost as litter and
is partly grazed by consumers, and the rest is used to build up the plant biomass. In
this study, although the impact of grazing loss was not considered in the model, the
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relationship between NPP and ABG in the different biome types was mainly controlled
by adjusting the litter fall rate parameter, which produced moderate fits to the observed
mean annual AGB and NPP.

However, the model underestimated the mean annual NPP and its distribution in
WGL, with an average value of 322±297 gCm−2 yr−1 compared with the observed5

value of 502±347 gCm−2 yr−1 (Table 2 and Fig. 8). The vegetation structure and carbon
dynamics in WGL are under the control of fire disturbance (Grace et al., 2006), and
in burnt areas, the emitted CO2 is assimilated by the regrowing vegetation. Despite
this, we did not consider the effect of fire disturbance in this study, because there
are still uncertainties in modeling fire frequency and intensity and their contributions10

to the vegetation dynamics on the global scale over a long period (Thonicke et al.,
2010), which is also true of the effects of land use changes and grazing. Further work
is required to expand the model to simulate natural and anthropogenic disturbances
and their impact on vegetation. The explicit difference between GPPDI and the model
regarding NPP at BG was attributed to discrepancies in the biome type in the grids.15

The biosphere model VISIT is designed to be used with biome-specific parame-
ters that have constant values for each biome, and many of which are independent
of environmental influences. The parameters optimized in this study, such as the spe-
cific growth respiration (rgX ) and litter fall (lfX ) rates, have constant values for each
biome (Eqs. 8 and 12), indicating that these parameters have been adjusted to espe-20

cially represent the central parts of the distributions of the corresponding physiological
processes. However, for example, vegetation alters its biomass allocation patterns in
response to differences in the climate to allow its survival under unfavorable condi-
tions (Callaway et al., 1994; Maherali and DeLucia, 2001), and the amount of litter fall
also varies considerably under different environmental conditions (Berg and Laskowski,25

2006), and none of these factors are included in the model. Therefore, the model far
from adequately represents the physiological processes under all conditions, which
might result in large discrepancies from the observed data at some points. If it is pos-
sible to describe the the response of each parameter to the environmental conditions,
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a model that includes those variable parameters could improve the simulation of global
carbon sequestration and its distribution, although adopting empirical rules entails the
possibility that the uncertainties in the modeling will increase (Saito et al., 2009).

In this study, we selected 13 key parameters in a prognostic biosphere model for
model–data synthesis by trial and error. Caution is required because it might be pos-5

sible to obtain similar model results with different combinations of model parameters
(Wang et al., 2009). For example, the specific leaf area (SLA) is strongly linked to the
photosynthetic capacity and the leaf lifespan (Wright et al., 2004), and indeed SLA
does show similar effects to those of Pmax and lfFL on the model photosynthetic uptake
rate. Nevertheless, the parameter SLA was eliminated from the analysis because there10

are insufficient observation data to distinguish the corresponding optimal parameter
values from the three mutually correlated parameters. Therefore, additional observa-
tions would be useful in optimizing many more model parameters and enhancing the
performance of the model–data synthesis.

3.4 Global carbon exchanges15

The mean global carbon fluxes estimated from the posterior parameters were a GPP
of 112.5 PgCyr−1, NPP of 52.7 PgCyr−1, NEP of 2.0 PgCyr−1, ARG of 20.6 PgCyr−1,
ARM of 40.2 PgCyr−1, and HR of 49.8 PgCyr−1. These total fluxes can be compared
with the corresponding mean values of Rayner et al. (2005): 134.8, 40.6, 2.5, 22.4, and
72.7 PgCyr−1 for GPP, NPP, NEP, ARG, and ARM, respectively, in the period 1980–20

2000. The mean result for ARG in this study was similar to the values in that study, but
ARM was about 30 PgCyr−1 smaller than in that study. The ratio of ARM to autotrophic
respiration varies between 25 % and 90 %, according to with plant size (van Iersel,
2003), and the global mean value in this study was 66 %. A large part of the difference
in ARM is compensated by the difference in GPP. The global GPP in this study was also25

smaller than the value of Krinner et al. (2005) of 137.4 PgCyr−1, but was similar to the
value of Zhao et al. (2005) of 109.3 PgCyr−1. The total NPP was within the range of
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56.2±14.3 PgCyr−1 according to a metaanalysis of global NPP (Ito, 2011), and was
between the lower quartile and the median values of the global NPP distribution of 251
estimates. The mean NEP had a similar value to those of other studies, including model
estimates (Cramer et al., 2001; Le Quéré et al., 2009) and analysis of the atmospheric
O2/N2 ratio (Keeling et al., 1996). These estimates of global carbon fluxes are overall5

consistent with those of previous studies. Therefore, the model used with posterior
parameters could be valuable in analyzing current global vegetation carbon dynamics,
and it should be possible to apply it to the prediction of these dynamics under changed
environmental conditions.

4 Conclusions10

This study has described a framework for the optimization of a prognostic biosphere
model and some typical results estimated from the posterior parameters. We used
a Bayesian inversion method to improve the model estimates against the observed
variability in atmospheric CO2 concentrations, the mean annual aboveground biomass,
and NPP by adjusting the physiological model parameters. The litter fall rate param-15

eter was important in calculating the balance between the atmospheric CO2 and
biomass, because it directly controls the vegetation biomass and indirectly affects the
photosynthetic uptake and respiration release rates. The minimum temperature for
photosynthesis is also a significant parameter in simulating phenological phenomena.
The model used with posterior parameters produced moderate seasonal variations in20

atmospheric CO2 and the distributions of the mean amounts of aboveground biomass
and NPP, suggesting that the model could be useful in understanding the dynamics of
the global carbon cycle. However, it must be noted that the following are all important
requirements if we are to improve carbon cycle modeling: more observations and
improvements in the model regarding the physiological processes and global biome25

distributions; reductions in the uncertainties in the atmospheric transport model and
the a priori information; and models with greater spatial and temporal resolution.
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Table 1. List of VISIT prior parameters and their values.

Symbol Parameter description (unit) Prior Scale

Pmax Potential maximum photosynthetic rate (µmol CO2 m−2 s−1) 1.5 ×101

Tmin Minimum temperature for plant activities (◦C) −5.0
Topt Optimum temperature for plant activities (◦C) 2.5 ×101

km nstl Photosynthesis limitation factor in terms of soil moisture 3.0 ×10−1

rgFL Specific growth respiration rate of leaf 3.5 ×10−1

rgRT Specific growth respiration rate of root 3.5 ×10−1

rmFL Specific maintenance respiration rate of leaf 1.0
rmRT Specific maintenance respiration rate of root 4.0 ×10−1

Q10 Temperature dependence of respiration rate 2.0
lfFL Specific litter fall of leaf 2.4 ×10−4

lfSB Specific litter fall of stem 3.0 ×10−4

shl Specific heterotrophic respiration rate at upper soil 2.0
shm Specific heterotrophic respiration rate at lower soil 8.0 ×10−1
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Table 2. Mean values and standard deviations for AGB and NPP for each biome type.

Biome AGB (kgCm−2) NPP (gCm−2 yr−1)
IIASA Posterior GPPDI Posterior

ENF 2.52±1.01 2.07±1.41 335±186 419±266
EBF 4.77±3.79 4.85±1.02 987±180 1022±188
DNF 2.23±0.48 2.28±1.58 322±92 402±138
DBF 4.35±1.40 4.17±1.93 522±140 506±215
MF 2.79±1.25 2.34±2.09 509±235 421±297
WL 3.35±2.69 3.18±2.26 550±498 457±310
WGL 1.40±1.30 1.72±1.15 502±347 322±297
CSL 0.13±0.15 0.49±0.42 – –
TND 0.40±0.52 0.20±0.31 129±117 58±90
TOS 0.23±0.51 0.35±0.73 208±345 100±224
GL 0.46±0.73 0.47±0.36 369±258 297±195
CL 1.00±1.01 0.84±0.78 526±269 392±296
BG 0.00±0.02 0.05±0.06 255±297 13±21
WTL 1.27±0.60 1.52±0.72 – –
SI 0.00±0.03 0.02±0.01 – –
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Fig. 1. Distributions of the dominant biomes in each grid and the locations of the atmospheric
CO2 observation sites. ENF: evergreen needle-leaf forest; EBF: evergreen broad-leaf forest;
DNF: deciduous needle-leaf forest; DBF: deciduous broad-leaf forest; MF: mixed forest; WL:
woodland; WGL: wooded grassland; CSL: closed shrubland; TND: tundra; TOS: temperate
open shrubland; GL: grassland; CL: cropland; BG: bare ground; WTL: wetland; SI: snow and
ice. The blue circles are partial column CO2 concentrations and the red circles are surface CO2
concentrations.
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Fig. 2. Differences between the posterior parameters and the prior parameters expressed as
fractions (%), except for the optimum temperature (Topt) and minimum temperature (Tmin), which
are expressed as differences in ◦C scaled by 10.
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Fig. 3. Relationships between the mean annual temperature (◦C) and posterior Q10 for each
biome type, except for the snow and ice (SI) biome. Error bars are the standard deviations of
the mean annual temperatures. The solid thick line is the linear regression fitted to all the data,
except those for the wooded grassland (WGL) and SI.
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Fig. 4. Comparison of the mean monthly CO2 variability calculated with GLOBALVIEW and with
our model.
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Fig. 5. Seasonal variations in the observed and modeled mean monthly CO2 concentrations
(ppm) at (a) Cape Grim station, Tasmania, Australia, and (b) Wendover station, Utah, USA.
Open circles with the dashed lines are GLOBALVIEW-CO2 data; the dotted lines represent the
prior parameters; and the solid line represents the posterior parameters. The error bars indicate
the uncertainties of the observations.
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Fig. 6. Annual amplitudes of the atmospheric CO2 variables (ppm) along specific latitudes. The
closed diamonds represent the GLOBALVIEW-CO2 data and the open circles represent the
posterior parameters.
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Fig. 7. Comparison of the aboveground biomass for each biome according to IIASA (gray box)
and VISIT with posterior parameters (open box). The box-and-whisker plots show the median,
the upper and lower quartiles, and the maximum and minimum data. The maximum above-
ground biomass of the evergreen needle-leaf forest and woodland in IIASA reached 17.5 and
10.9 kgCm−2, respectively.
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Fig. 8. As Fig. 7, except that NPP is compared between GPPDI and VISIT with posterior pa-
rameters. GPPDI does not contain NPP data in the grids corresponding to closed shrubland
(CSL), wetland (WTL), or snow and ice (SI).
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