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Nonsteady state carbon sequestration in forest ecosystems of China
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[1] Carbon sequestration occurs only when terrestrial ecosystems are at nonsteady states.
Despite of their ubiquity in the real world, the nonsteady states of ecosystems have not
been well quantified, especially at regional and global scales. In this study, we developed a
two-step data assimilation scheme to estimate carbon sink strength in China’s forest
ecosystems. Specifically, the two-step scheme consists of a steady state step and a nonsteady
state step. In the steady state step, we constrained a process-based model (Terrestrial
Ecosystem Regional (TECO-R) model) against biometric data (net primary production
NPP, biomass, litter, and soil organic carbon) in mature forests. With a subset of the
parameter values estimated from the steady state data assimilation being fixed, the
nonsteady state data assimilation was performed to estimate carbon sequestration in China’s
forest ecosystems. Our results indicated that 17 out of the 22 total parameters in the
TECO-R model were well constrained by the biometric data with the steady state data
assimilation. When observations from both mature and developing forests were used, all the
10 parameters related to carbon sequestration in vegetation and soil carbon pools were well
constrained at the nonsteady state step. The estimated mean vegetation carbon sink in
China’s forests is 89.7+16.8 gCm~2yr~!, comparable with the values estimated from the
forest inventory and other process-based regional models. The estimated mean soil and litter

carbon sinks in China’s forests are 14.1+20.7 and 4.7+6.5 gCm~2yr~!. This study
demonstrated that a two-step data assimilation scheme can be a potent tool to estimate
regional carbon sequestration in nonsteady state ecosystems.

Citation: Zhou, T., P. Shi, G. Jia, and Y. Luo (2013), Nonsteady state carbon sequestration in forest ecosystems of China
estimated by data assimilation, J. Geophys. Res. Biogeosci., 118, 1369-1384, doi:10.1002/jgrg.20114.

1. Introduction

[2] Forest ecosystems have been identified as a large and
persistent carbon sink [Pan et al., 2011a] and play a signifi-
cant role in the mitigation of climate change caused by an-
thropogenically emitted carbon dioxide [/ntergovernmental
Panel on Climate Change, 2007]. Although research on the
global carbon budget indicated that the terrestrial ecosystem
is a huge carbon sink and could significantly regulate car-
bon-climate interactions, its magnitude, spatial patterns, and
trends are still not well quantified [Ballantyne et al., 2012;
Liu, 2009; Pan et al., 2011a; Sarmiento et al., 2010]. It is im-
perative to develop new methods to identify the magnitude
and spatial pattern of the terrestrial carbon sink to constrain
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the modern global carbon budget and better simulate future
carbon-climate interactions.

[3] Various methods have been used to estimate terrestrial
carbon sinks, but each has some pros and cons. The process-
based carbon cycle models simulate the magnitude of carbon
sinks as affected by different factors such as CO, fertiliza-
tion, climate change, and disturbances [Tian et al., 2011;
Williams et al., 2012]. However, at the regional and global
scales, the carbon sinks modeled in this way still have high
uncertainties [Piao et al., 2009]. Spatially explicit remote
sensing offers an important data source for regional carbon
cycle research, revealing vegetation dynamics and spatial
patterns [Piao et al., 2005], but it provides limited informa-
tion on the carbon cycle of soil. The forest inventory method
quantifies changes in biomass stock, which can be used for
carbon sink estimation at national scale [Fang et al., 2007;
Pan et al., 2011a; Williams et al., 2012]. However, this
approach only measures the timber volume instead of vegeta-
tion and soil carbon pools [Fang et al., 2007]. In addition, the
inventory approach is ridiculously labor intensive and could
not be practiced everywhere. Eddy-flux measurement of
net ecosystem exchange (NEE) directly quantifies carbon
sinks or sources in ecosystems [Baldocchi et al., 2001].
However, the number of NEE observation sites is quite small
relative to the high spatial heterogeneity of terrestrial ecosys-
tems [Xiao et al., 2011]. The method offers no information
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on carbon sinks for specific carbon pools, either. Biometric
observations of NPP, biomass, litter, and soil organic carbon
have been widely available in most ecosystems. However,
these observations only contain partial information related
to the net exchange between the ecosystem and the atmo-
sphere, and therefore cannot be used to directly estimate
regional carbon sink.

[4] The data assimilation method is an effective approach to
quantifying the dynamic disequilibrium of the terrestrial carbon
cycle (i.e., the magnitude of disequilibrium in carbon cycle
varies with time), as it assimilates multiple sources of informa-
tion from field observations and process-based models [Luo
et al., 2011]. At a given site with an abundance of observation
data sets, the process-based model can directly simulate the
disequilibrium by forward modeling using optimal model pa-
rameters and observed initial values [Luo et al., 2003], or in-
versely estimated initial carbon pools and the magnitude of
disequilibrium from observed time series data sets [e.g., White
and Luo, 2002; Weng and Luo, 2011]. The magnitudes of dis-
equilibrium significantly impact the modeled carbon pools
and their dynamic variation [Carvalhais et al., 2008, 2010a],
so the magnitude of disequilibrium can be inversely estimated
from the observations of time series.

[s] For regional and global scales, however, neither obser-
vations of initial carbon pools nor observations of time series
are available for most spatial grids of land models. That is,
the methods of estimating the magnitude of disequilibrium
at individual ecosystem sites are no longer valid for the re-
gional scale. As a result, nearly all regional or global models
have to spin-up their models to a steady state to estimate the
initial values of carbon pools before predicting the magnitude
of disequilibrium [Carvalhais et al., 2010a; Friedlingstein
et al., 2006; Xia et al., 2012]. At regional scales, data assim-
ilation is usually used to estimate the optimal model parame-
ters and the initial state under the steady state assumption
[Barrett, 2002; Zhou and Luo, 2008]. Up to now, few studies

Spatial locations of the observed data used for parameter estimation.

were ever published using the data assimilation method to
directly estimate nonsteady state carbon sinks at regional
and global scales. In the regional models, parameters to be
optimized were usually based on plant functional type, and
the observations from multisites were used as constrains to esti-
mate a single set of optimal parameters [Kuppel et al., 2012].
However, some recent studies considered more factors for
grid-specific parameters, such as the similarities of climatic
and phonological conditions [Carvalhais et al., 2010b].

[6] This study aims to estimate nonsteady state regional
forest carbon sinks in China directly from the large amounts
of biometric observations of NPP, biomass, litter, and soil
organic carbon (SOC) with supplementary driving data from
spatially explicit remote sensing observations. We used a
two-step data-model fusion scheme for parameter estimation.
The first step is for parameter estimation at steady state using
the observations only from mature forest sites. The second step
is for the estimation of carbon sink parameters at nonsteady
state using all observed data combined with the optimal pa-
rameters retrieved in the first step.

2. Methods and Data
2.1. Data

[7] This study used 12 observed data sets, including three
NPP data sets [Luo, 1996] (i.e., NPP in leaves, stems, and
roots) containing 1172 data points each; five biomass data
sets [Luo, 1996] (i.c., biomass of leaves, stems, and roots in
three soil layers) containing 1172 data points each; a litter
data set containing 330 data points collected from field obser-
vations reported in the literature; and three SOC data sets
for the three soil layers [Wang et al., 2003], each containing
129 data points. The spatial distribution of those observed
data points is illustrated in Figure 1. Among these observations,
the sites of mature forest (i.e., forests older than 100 years or
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Figure 2. The structure of the Terrestrial Ecosystem Regional (TECO-R) model and its key parameters.
For the steady state, the parameters of net carbon gain/release equal zeros. For the nonsteady state, the
parameters of carbon gain/release were used only for diagnostic analysis, which aimed to estimate the car-
bon pools at nonsteady state. In addition, the parameters of carbon gain/release are not free variables that
dependent completely on their input and output based on conservation of mass.

forests indicated in the literature as mature forests) were used
for the first step of the parameter estimation at steady state.

[8] In addition to the biometric data sets, this study uses
spatially explicit remote sensing and geographic information
system (GIS) data sets, including (1) the advanced very high
resolution radiometer—normalized difference vegetation index
(NDVI) continental subsets of 8 km spatial resolution from
1982 to 2000 available from the Global Inventory Modeling
and Mapping Studies (http://glcf.umiacs.umd.edu/); (2) GIS
data sets of monthly solar radiation, temperature, and precipita-
tion from the China Meteorological Data Sharing Service
System (http://cdc.cma.gov.cn); (3) a 1:1400M soil texture
map of China; and (4) a 1:400 M vegetation map of China avail-
able from Data Sharing Infrastructure of Earth System Science
(http://www.geodata.cn), from which the map of forest types
in this study was produced [Dai et al., 2011]. All those
auxiliary data sets were resampled to a common Geographic
(Latitude/Longitude) projection and spatial resolution (0.08°)
using Bilinear Interpolation in ERDAS IMAGINE software.
Considering the discrepancies in sampling time among different
ground-based observations and the influences of interannual
variability of climate factors and NDVI on the modeling of
NPP and biomass, the NDVI and climate factor values used
for the parameter estimation were multiyear monthly means
from 1982 to 2000 (i.e., the means of the monthly data for the
period from 1982 to 2000) to match with the field observation
data sets. The model simulates the monthly NPP using the

monthly NDVI and climate data, and then summed to yearly
total NPP before parameters estimation.

2.2. Model

[9] The process-based Terrestrial Ecosystem Regional
model (TECO-R) [Zhou and Luo, 2008; Zhou et al., 2010]
was used in the data assimilation to synthesize information
in the model, field observations, and spatially explicit satel-
lite data (Figure 2 and Table 1). The TECO-R model contains
three sequential submodels that determine ecosystem carbon
input (i.e., net primary production), the carbon allocation
of NPP to different vegetation carbon pools (i.e., leaves,
stems, and roots), and the decomposition of the litter and soil
organic carbon (see Appendix A).

[10] TECO-R uses a light-use efficiency (LUE) scheme of
Carnegie-Ames-Stanford Approach (CASA) model [Field
et al., 1995; Potter et al., 1993] to simulate the spatially
specific NPP pattern at regional scale. The NPP is determined
by satellite-based normalized difference vegetation index
(NDVI) and climate driving factors. The parameter of potential
maximum light-use efficiency (¢*) is related to the vegetation
type and is typically characterized under optimal environmen-
tal conditions for specific vegetation types [Zhang et al.,
2012; Zhao and Running, 2010]. In our diagnostic TECO-R
model, the NPP is derived from NDVI, radiation, and light-
use efficiency; and, as carbon input of ecosystem, acts as a
driver of the ecosystem carbon cycle.
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Table 1. Symbols and Definitions of Parameters and the Lower and Upper Limits®

Symbol Definition Unit Lower Limit Upper Limit
&* Maximum light-use efficiency gsCMJ ! 0.0 2.76
oy Allocation of NPP to leaves Dimensionless 0.0 1.0
oy Allocation of NPP to wood Dimensionless 0.0 1.0
og Allocation of NPP to roots Dimensionless 0.0 1.0
Eri Allocation proportion of NPP for roots (0-20 cm) Dimensionless 0.0 1.0
Ero Allocation proportion of NPP for roots (20-50 cm) Dimensionless 0.0 1.0
Ers Allocation proportion of NPP for roots (50—-100 cm) Dimensionless 0.0 1.0
Or Carbon partitioning coefficient of the fine litter pool Dimensionless 0.0 0.5
6c Carbon partitioning coefficient of coarse litter pool Dimensionless 0.0 0.5
O Carbon partitioning coefficient of SOC (0-20 cm) Dimensionless 0.0 0.1
Os> Carbon partitioning coefficient of SOC (20-50 cm) Dimensionless 0.0 0.1
n Fraction of mechanical breakdown for coarse litter pool Dimensionless 0.0 0.1
173 Biome-specific carbon residence time of leaves Year 0.0 10.0
Ty Biome-specific carbon residence time of wood Year 0.0 500.0
TR1 Biome-specific carbon residence time of roots (020 cm) Year 0.0 10.0
TRy Biome-specific carbon residence time of roots (20-50 cm) Year 0.0 20.0
TR3 Biome-specific carbon residence time of roots (50—100 cm) Year 0.0 50.0
53 Baseline residence time of fine litter Year 0.0 10.0
¢ Baseline residence time of coarse litter Year 0.0 50.0
75 Baseline residence time of SOC (0-20 cm) Year 0.0 100.0
75 Baseline residence time of SOC (20-50 cm) Year 0.0 250.0
7o Baseline residence time of SOC (50-100 cm) Year 0.0 500.0
A Net carbon gain or release for leaf pool gC m™ yr71 —-200 200
Ay Net carbon gain or release for wood pool eC m > yr7l —1000 1000
Ag; Net carbon gain or release for roots (0-20 cm) gC m™> yr71 —200 200
Ay Net carbon gain or release for roots (20-50 cm) eC m> yr7l —-200 200
Ags Net carbon gain or release for roots (50—100 cm) gC m™2 yr71 —-200 200
Ar Net carbon gain or release for fine litter pool e¢C m > yr7l —-200 200
Ac Net carbon gain or release for coarse litter pool gC m™> yr71 —200 200
Ay Net carbon gain or release for SOC pool (0—20 cm) eC m> yr7l —500 500
Asy Net carbon gain or release for SOC pool (20-50 cm) gC m™2 yr71 —500 500
Ass Net carbon gain or release for SOC pool (50-100 cm) eC m > yr7l —500 500

Sixteen parameters were biome-specific, including one maximum light-use efficiency, 10 baseline carbon residence, and five related carbon partition
coefficients. Six NPP allocation coefficients and 10 carbon gain/loss parameters were dependent on both the biome type and age.

[11] The estimated NPP is allocated to different vegetation
carbon pools (leaves, stem, and roots) based on NPP allocation
coefficients (o, o, or, Er1, Ero, and Ers) (see Appendix B).
Then, the carbon enters into carbon pools of the litter and soil
organic carbon and is finally released from the ecosystem
though heterotrophic respiration. As the carbon efflux from a
certain carbon pool is determined by its residence time (i.e.,
T, Tws TR1> TR2> TR3, Tk T Tsi, Tso, and 7g3), the storage
and change for each carbon pool is jointly determined by its
carbon input, which is controlled by the NPP and the alloca-
tion coefficients, and carbon output, which is controlled by
carbon residence times.

[12] When the carbon cycle of an ecosystem is at steady
state, the magnitudes of the carbon pools in Figure 2 are
completely determined by carbon input (i.e., the NPP) and
residence time [Xia et al., 2013, see Appendix C]. In this situ-
ation, when the observations are obtained from mature forests,
in which the carbon cycle is assumed to be in equilibrium and
the parameters related to carbon disequilibrium can be omit-
ted, then the parameters related to carbon residence time can
be effectively estimated through inverse algorithms [Barrett,
2002; Zhou et al., 2010].

[13] When the carbon cycle of an ecosystem is not at steady
state, usually for forest sites that have experienced a distur-
bance or are relatively young [Luo and Weng, 2011; Pan
etal.,2011b; Yang et al., 2011], the carbon input for vegetation
pools and the subsequent litter and SOC pools no longer equal
their carbon output. Variations in carbon input occur for two
reasons. One is the change in total production (NPP), which

can be monitored through remote sensing-based NDVI and
the light-use efficiency model. The other is a change in the
NPP allocation to different vegetation pools, which is related
with forest age and environmental conditions and can be in-
versely estimated through large sample of sites observations.

[14] In a nonsteady state, the carbon inputs and outputs are
not equal, so the modeled carbon pools based only on the
parameters estimated at a steady state do not agree with the
values observed in the field. As a result, additional informa-
tion (i.e., the magnitude of the carbon disequilibrium in each
of the carbon pools) is necessary to accurately model the values
of carbon pools [Luo and Weng, 2011]. In particular, if we
relax the assumption on the equilibrium conditions (i.e.,
the carbon sink for each pool equals zero) and treat the
magnitude of disequilibrium as adjustable model parameters,
these parameter values can be optimally estimated using an
inverse algorithm from the deviation between modeled (see
Appendix D) and observed pool and flux values.

[15] Considering the fact that most sites only have subsets
of data on NPP biomass and SOC, i.e., a site that has NPP and
biomass observation but that lack SOC observations, and
vice versa (Figure 1), they certainly do not have complete
information to match all parts of modeled production, alloca-
tion, and decomposition in TECO-R. Therefore, it is impos-
sible to estimate the carbon sink for each site based only
on discrete observations. Fortunately, with the support of
spatially related remote sensing data and data assimilation
technology, those spatially dispersed observations on vegeta-
tion and soil can be pooled together to form an integrated
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Figure 3. Comparisons between observed and modeled values. EBF:
deciduous broadleaf forest; ENF: evergreen needleleaf forest; DNF:

MF: mixed forest.

information that reflects the regional mean value of the
carbon sink.

2.3. Parameter Estimation

[16] In this study, we applied a two-step scheme to estimate
the regional means of carbon sink parameters from a large
database of biometrical observations (Figure 1). The
first step is to estimate 22 model parameters at steady
state using data only from the mature forest sites. The
second step is to use all observations, including both ma-
ture and immature sites, to estimate 10 carbon sink param-
eters (1 c., AL) Aw, ARI: ARZ; AR35 Ac, AF) ASla Asz, and
Ag3) and six related NPP allocation parameters (i.e., a,
ow, 0r, Er1, Cro, and Er3) that usually vary with forest
age while parameters related to the baseline carbon resi-
dence times retrieved in the first step were fixed.

[17] The parameter estimation was based on the weighted
least squares principle that minimizes the deviations between
the modeled and observed values of all 12 data sets for each
of five forest types, which included evergreen broadleaf

evergreen broadleaf forest; DBF:
deciduous needleleaf forest; and

forest (EBF), deciduous broadleaf forest (DBF), evergreen
needleleaf forest (ENF), deciduous needleleaf forest (DNF),
and mixed forest (MF). To estimate the globally optimal pa-
rameters, this study used a genetic algorithm (GA) [Zhou and
Luo, 2008]. We ran the optimization algorithm 500 times for
each forest type to obtain its mean and standard deviation of
the estimated parameters. As the observation data sets used to
parameter estimation were completely same for each run, so
the main sources of uncertainty were caused by the inverse
modeling algorithm. That is, the uncertainty originated from
the combinations of parameter values that yield equally good
fits between the model and the data [Barrett, 2002; Fox et al.,
2009; Wang et al., 2009].

[18] In addition to inverse modeling algorithm, the uncer-
tainty of estimated regional means of carbon sink is also
related with the sampling error (i.e., the uncertainty caused
by different samples of observation). In this study, we used
a bootstrap method [Wilks, 2006] to resample the observa-
tional data 500 times and then estimated the optimal parame-
ters and uncertainties.
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Figure 4. Comparisons of the root-mean-square error be-
tween the steady and nonsteady state.

2.4. Parameter Estimation at Steady State

[19] Given the site observations of the mature forest, we de-
fined a partial cost function j,, as the sum of squares of devia-
tions between observed and modeled values for data set m:

N
jm = Z] [ynm _J;nm(xma)]z (1)
e
where y,,,, is the nth observed data point in the mth data set;
Vum(Xn; @) is the modeled value (see Appendix C) that corre-
sponds to the observation y,,,; N,, is the total number of data
points in the mth data set; x,, is an auxiliary forcing vector that
includes NDVI, solar radiation, air temperature, precipita-
tion, and soil texture, in a spatial grid where the nth observa-
tion was made; and a is a vector consisting of 22 parameters:
a= {3*, ar, Ow, Or, Cr1> $R25 CR3> TL> Tws O, O, 1, TR1» TR2
TR3, Th TC, TS1, To2s 183, Os1, 052}, where each of the parame-
ters is defined in Table 1.

[20] One given data set may provide information to con-
strain a subset of parameters in vector . When all 12 data
sets are used, all 22 parameters can be constrained to a certain
degree. As a result, an integrated cost function J, which con-
sists of M (=12) partial cost functions j,,, is defined to mea-
sure the deviations between modeled and observed values
for all data points in the 12 data sets. Thus, the cost function
J to be minimized is

M

Ny . 5
Z )“m{ gl [ynmiynm(xma)} }7 m = 172M7 (2)

m=1

J=

where 1,, is a weighting factor of the partial cost j,,, which is in-
versely proportional to the variance of each data set [Luo ef al.,
2003; Zhou and Luo, 2008]. The cost function J in equation 2
was applied to each of the five forest types so that five sets of
forest-specific values of parameter vector a were obtained.

2.5. Parameter Estimation at Nonsteady State

[21] The estimation of the additional 10 carbon sink pa-
rameters and six nonsteady state allocation parameters was
based on the large sample of all site observations. Thus, the
partial cost function j',, is defined as

/ Ny . 2
Im = zl [ nm _ynm(xn,bvao)] ) (3)
o
where y,, (xn;b, ao) is the modeled value at nonsteady
state (see Appendix D) that corresponds to the observation

Vum- Ny 18 the number of data points in the second step
(i.e., nonsteady state); b is the set of 16 parameters
that will be estimated, b= {AL, Aw, ARls ARZ: AR3: Ac, AF:
Ast, Asz, Asz, ap, 0w, ag, Sr1s Sras Cr3}s Ao is the set of
the parameters optimally retrieved in the first step,
a) = {8*7‘[L7‘[W70F,9@7?],‘513171]{2,‘[13371;,TE,T§171§27T§3,851,65‘2 .
As the parameters in ay mainly reflect intrinsic proper-
ties of vegetation and soil in each biome, we assume
that these parameters are the same for both the steady
and nonsteady states.

[22] Light-use efficiency (LUE) is an important parameter
for modeling ecosystem production in light-use efficiency
models. The site-specific LUE was commonly expressed by
a theoretical potential value (maximum light-use efficiency),
which either as a global invariant constant or as a biome-
specific constants, and site-specific scalars of environmental
stress such as temperatures and water shortages [Yuan
et al., 2007]. In this study, we assumed that the parameter
of maximum light-use efficiency is a biome-specific constant
that do not vary with forest age, and the impacts of forest de-
velopment stages on NPP embodied in site-specific NDVI.

[23] Similarly to the first step at steady state, the cost func-
tion J' to be minimized at nonsteady state is the following:

, M, N'm . 2
J = ;liln z [nm_ynm(xﬂ,b7ao)]

n=1

}, m=1,2"M. (4)

2.6. Sensitivity Analysis of Steady State Assumption
on Parameter Estimation

[24] To evaluate possible impacts of nonsteady condition
of mature forests on parameter estimation, we did some sen-
sitivity analysis for evengreen broadleaf forest (EBF), in
which we assume that (1) the mature forest was a carbon
sink; (2) the magnitudes of the ecosystem total carbon sink
were 0% (i.e, a steady state), 2.5%, 5.0%, 7.5%, and
10.0% of the NPP, respectively, for five scenarios (i.e., the
annual carbon sink was 0, 23,47, 70, and 94 gCm 2 yr !, re-
spectively); and (3) the carbon sink for each pool was propor-
tional to its carbon storage (i.e., the values of the carbon sink
were known constants for all 10 pools). The carbon sink
parameters were known in the sensitivity analysis, so their
effects on the baseline residence times could be evaluated
(the first step). Thus, the effects of the changed residence
times on the carbon sink parameters could also be estimated
(the second step).

3. Results

3.1. Comparisons Between Modeled and
Observed Values

[25] The regional scale comparisons indicated that the
modeled means of NPP, Biomass, litter, and SOC are
well matched with the corresponding mean observations
(Figure 3), which implies that the estimated optimal model
parameters effectively reflect general regional characteristics
of the carbon pools. The comparisons also imply that the dif-
ferent types of observations (i.e., NPP, biomass, or SOC) at
different spatial locations could be linked together and jointly
constrain the model parameters.
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Figure 5. Optimal parameters at steady state estimated by 500 runs of a genetic algorithm.

[26] We applied a two-step data assimilation scheme in
which the steady state assumption was relaxed to the nonsteady
state in the second step. Thus, the carbon sink parameters are
not necessary equal to zero and could be optimized based
on field observations. As a result, the deviations between
the modeled and observed values at the nonsteady state de-
crease significantly (Figure 4). The significant reduction in
the root-mean-square error (RMSE) with the estimated car-
bon sink parameters is a benefit of the relaxation of the steady
state assumption.

3.2. Optimal Model Parameters

[27] The parameters estimated at steady state for mature
forest sites were shown in Figure 5. The results indicated that
except five parameters related to carbon transfer among pools
(i.e.,0r,0c,1,0s,, and Os,) , the other 17 parameters (i.e.,
8*, Gz, 0w, Or, CR1> $R2 SR3» TL» T TRI> TR2> TR3s Ths T0o
781, T8, and 733), including 10 carbon residence time parame-
ters, could be well constrained by the observations.

[28] All 10 carbon sink parameters (A;, Ay, Agi, Aro, Ags,
Ac, Ap, Agi, Ag, and Ag) were well constrained by the
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Figure 6. Optimal parameters at nonsteady state estimated by 500 runs of a genetic algorithm.

observation data, given the optimal carbon residence time
parameters estimated at the preceding steady state step.
Most ofthe estimated carbon sink parameters for five forests
(Figure 6) are positive, indicating that their carbon inputs
are larger than their outputs and that the ecosystems have a
net carbon uptake.

[29] Although the parameters estimated at the first steady state
step showed that five parameters could not be well constrained,

with optimal values located near the lower bound () or up-
perbound (0r, 6c, 6s,, and Os,), the results in Figure 6
indicate that these parameters do not affect the optimal estima-
tions of carbon sink parameters in the second nonsteady state
step. Consequently, equifinality exists for those parameters; each
optimal parameter vector (6r, O¢,n,0s,,and Os,) estimated at
the steady state has an equal impact on the estimation of the
carbon sink parameters.

Table 2. Forest Carbon Sinks and Uncertainties for Vegetation, Soil, and Litter Carbon Pools

Carbon Sink® (gCm >yr ")

Forest Area

Type (106 ha) Vegetation Soil Litter Total

EBF 18.7 215.41 +19.30 15.75 +32.60 9.10 +14.90 240.26 +46.60
DBF 27.1 89.01 +11.10 50.10 +17.80 12.89 +6.60 152.00 +24.70
ENF 49.1 72.29 +8.20 —14.65 +19.10 —3.30 +4.50 54.34 +23.30
DNF 14.6 66.46 +46.00 1.55 +26.80 0.23 +6.20 68.24 +35.90
MF 21.1 36.20 +21.80 41.84 +13.10 12.20 +3.80 90.23 +25.40
All 130.6 89.74 +16.82 14.06 +20.65 4.73 +6.50 108.53 +28.67

“Mean=SD; the standard deviation estimated from 500 bootstrap samples, which reflects uncertainties of both inverse modeling algorithm and

sampling error.
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Figure 7. Sensitivities of nonsteady state of mature forest
on the estimations of ecosystem carbon residence times (the
first step) and carbon sink parameters (the second step).

[30] As allocation coefficients of NPP are dependent on
forest age and environmental factors, we compared the esti-
mated optimal NPP allocation parameters for mature forests
(steady state sites only) with those for all forests (both steady
and nonsteady state sites). The results indicated that forests
have a higher NPP allocation to wood at nonsteady state
(ap=0.52) than at steady state (a;=0.42), and accordingly
a lower NPP allocation to leaves (0.37 versus 0.45).

[31] The NPP allocation to roots also differs between ma-
ture and immature sites; the allocation coefficient (¢z) to
the topsoil layer (0-20 cm) is higher at nonsteady state than
at steady state (0.55 versus 0.50). Accordingly, the alloca-
tions to the second (£x,) and third layers (£z3) at nonsteady
state are relatively lower (0.32 versus 0.35 and 0.12 versus
0.15, respectively).

3.3. Magnitudes and Uncertainties of Carbon Sink

[32] We summarized the magnitudes of the vegetation
and soil carbon sink based on the optimal carbon sink
parameters of 10 carbon pools and the map of vegetation
type (Table 2). The results indicated that all the five forest
types in China have net carbon uptakes in vegetation
(leaves, stem, and roots). The average forest carbon sink in
China is 89.74 £ 16.82 gCm 2 yr~', with the highest carbon
sink for evergreen broadleaf forests (215.41+19.30 gCm 2
yr~') and the lowest carbon sink for mixed forests
(36.20+21.80 gCm 2yr—!). When forest area was consid-
ered, we estimated the total forest carbon sink in China to
be 117.2+22.0 TgC yr~! (Table 3).

[33] Comparison of the carbon sink values determined in
this study with the literatures (Table 3) indicated that our
estimate of the vegetation carbon sink is comparable with
those estimates mainly based on forest inventory data and
with process-based models that considered detailed land
use and land cover changes. Comparisons of forest carbon
sinks in different geographic regions showed in Table 4,
which indicates that the intensity of the vegetation carbon
sink for China’s forests (89.74 gCm 2yr~') is similar to
those of European forests, but significantly higher than the
carbon sink in the U.S. and the global mean value.

[34] Soil carbon sink is positive in most of the forest types
(i.e., EBF, DBF, DNF, and MF), except for evergreen
needleleaf forest (ENF), which act as a carbon source at
14.65+19.10gCm 2yr~! (Table 2). Among those forests,
deciduous broadleaf forests and mixed forests are the larg-
est carbon sinks, with yearly net soil carbon uptakes of

50.10+£17.80gCm 2yr 'and 41.84+13.10gCm 2 yr !, re-
spectively. Evergreen broadleaf forests exhibit moderate up-
take (15.75+32.60 gCm 2yr~ "), while deciduous needleleaf
forests have low carbon sinks (1.55+26.80 gCm 2yr!).

[35] The average magnitude of soil carbon sink in China’s
forests is 14.06+20.65gCm 2yr !, accounting for 13.0%
of the total carbon sink (108.5+28.67 gCm 2yr~') of the
ecosystem (Table 3). Considering the carbon sink of the litter
(4.73+6.50 gC m~2yr "), soil and litter together account for
17.3% of the total carbon sink of the ecosystem.

[36] The comparisons between China’s soil and vegetation
indicated that although soil has a smaller average carbon sink
magnitude and ratio (Table 2), it has a higher standard deviation
(20.65gCm 2 yr~! for soil compared with 16.82 gCm 2 yr~!
for vegetation). This higher uncertainty of soil carbon sink
estimation is likely due to the higher uncertainties of model
parameters that directly determine soil carbon sink, such as
much higher variations in the optimal parameters of soil car-
bon residence time (Figure 5). In addition, change in soil car-
bon stock is controlled by more processes, and therefore, much
more uncertainty is transmitted from upstream processes.

3.4. Sensitivity of Steady State Assumption
on Parameter Estimation

[37] The sensitivity analysis indicated that when the carbon
sinks of the mature forest were 0%, 2.5%, 5.0%, 7.5%, and
10.0% of the NPP, the estimated carbon residence times (the
first step) were 34.35, 34.62, 35.36, 36.10, and 36.89 years, re-
spectively, while the estimated carbon sinks (the second step)
were 240, 259, 275, 296, and 312 gCm~2yr~!, respectively
(Figure 7). Thus, a higher carbon sink value for the mature for-
est is correlated with a higher ecosystem carbon residence time
and, therefore, a lower carbon efflux and a higher carbon sink
potential. Given that a mature forest is probably a small carbon
sink [Wharton et al., 2012], the magnitude of the carbon sink
estimated from the steady state assumption was probably
underestimated to some degree.

4. Discussion

4.1.

[38] We used the two-step approach, instead of the one-
step approach (i.e., estimating all of the model parameters si-
multaneously), to estimate the carbon sink parameters based
on the following considerations. (1) The one-step approach is
relatively simple in its conception, but it is problematic dur-
ing operation because most parameter estimation studies
have showed that the number of parameters constrained by
the observation data sets is limited, typically from a couple
of parameters to less than 20 parameters [Braswell et al.,
2005; Liu et al., 2008; Wang et al., 2001; Xu et al., 2006;
Yuan et al., 2012]. If the one-step approach is applied, 32
model parameters are estimated simultaneously, and it is
difficult to guarantee their validity and reliability. (2) To
increase the number of well-constrained parameters, more
information is necessary to observations and models [Wang
et al., 2009]. The baseline carbon residence times are
dependent mainly on the biome type [Barrett, 2002] and
are usually regarded as invariable parameters in most
biogeochemical models [Kuppel et al., 2012], so the values
of the estimated carbon sink parameters will be more
reliable if the baseline carbon residence times are known.

Comparison of Two-Step and One-Step Approach
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Figure 8. Comparison of estimated carbon residence times and carbon sink parameters between one-step

and two-step approach.

Previous studies have indicated that the baseline carbon
residence time parameters could be estimated based on the in-
verse of the observations of mature forests, where the carbon
inputs and outputs are at or near a steady state [Barrett,
2002; Zhou et al., 2010]. Thus, the two-step approach is theo-
retically necessary but also technically feasible because it
solves the problem by estimating numerous unknown param-
eters if limited observational information is available.

[39] The comparisons between the two-step and the one-
step approach indicated that when all of the mature and
young forest observations were used simultaneously in the
one-step approach, the values of carbon residence times were
underestimated significantly (Figure 8). For example, the es-
timated residence times for stems and leaves using the one-
step approach were only 10.91 and 1.43 years, respectively,
which are significantly lower than the values (35.96 and
1.67 years, respectively) derived from field observations
[Luo, 1996]. The poor estimates of the residence time of the
wood pool using the one-step approach are similar to the
results reported by Fox et al. [2009]. The underestimations
of the carbon residence times with one-step approach lead
to an overestimation of carbon efflux, which ultimately
means that most of the carbon sink parameters will be nega-
tive (i.e., carbon sources). By contrast, the carbon residence
times derived from the two-step approach were similar to
the field observations [Luo, 1996], while the estimated car-
bon sink values agreed well with the values derived from
the forest inventory and process-based models (Table 3).

[40] Overall, the results obtained using the one-step approach
indicated that the limited observation information for the NPP,
biomass, litter carbon, and SOC could not constrain the param-
eters of the carbon residence times effectively in a nonsteady
state, which would significantly underestimate the values of
the residence times and make the estimates of the carbon sink
parameters meaningless. By contrast, the two-step approach uti-
lizes the advantage of mature forest to estimate the carbon

residence times and ensures that estimates of the carbon sink
parameters are feasible.

4.2. Nonsteady State Modeling at Regional Scale

[41] Process-based models are widely applied in current
studies for simulation and prediction of carbon sinks at
nonsteady state. However, the estimated carbon sinks at the
regional and global scales still have high uncertainties due
to the improper model parameters, the lack of initial values
of carbon pools, and the improper assumption of steady state
[Bellassen et al., 2011; Carvalhais et al., 2008, 2010a; Wang
etal., 2011b].

[42] Carbon residence times are key model parameters that
control carbon output, and therefore ultimately determine the
value of the net flux (i.e., carbon sink) at nonsteady state [Luo
et al., 2003]. The carbon efflux in nearly all regional and
global models is expressed as a function of carbon pool size
and carbon residence time, which can be further expressed as
the product of baseline residence times mainly determined
by vegetation types and environmentally dependent scalars
mainly determined by temperature and moisture [Xia et al.,
2013]. Although the baseline residence times are crucial for
precise modeling of carbon dynamics, their values in re-
gional carbon cycle models are often determined either arbi-
trarily or based on a few experiments or site observations.
Few regional or global models systematically optimize those
parameters before simulating the carbon dynamics.

[43] In this study, we estimated the optimal baseline resi-
dence times before estimating regional carbon sinks.
Considering that the estimation of parameters (i.e., baseline
residence times), state variables (i.e., pool sizes), and car-
bon fluxes are mutually dependent, the estimation of base-
line residence times at nonsteady state is difficult, and a
lot of observation data are needed to constrain those corre-
lated model parameters [Luo et al., 2003]. As a result, the
estimation of optimal baseline residence times at regional
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scale is commonly based on a steady state assumption
[Barrett, 2002; Zhou and Luo, 2008; Zhou et al., 2012].
This steady state approach was also applied in our two-step
data assimilation scheme, where the observations in mature
forest sites were selected in the first step to retrieve the
optimal parameters of baseline residence times.

[44] Another factor that troubles regional and global mod-
elers is the spatially explicit values of initial carbon pools. At
the regional scale, neither observations of initial carbon pools
nor time series data are available for most spatial grids, so it is
difficult to directly estimate the magnitude of disequilibrium
at nonsteady state. As a result, nearly all regional or global
models have to spin-up their models to a steady state to re-
trieve the spatial distribution of initial carbon pools and then
iteratively simulate carbon fluxes at nonsteady state
[Carvalhais et al., 2010a; Potter et al., 1993; Tian et al.,
2011; Xia et al., 2012]. However, the initial carbon pools es-
timated from the spin-up process to steady state do not reflect
the nature of dynamic disequilibrium in the real world [Luo
and Weng, 2011] and thus significantly impact the modeled
carbon sink at nonsteady state [Bellassen et al., 2011].

[45] Recent studies indicated that the initialization of carbon
pools is quite important to the ability of process-based models
to simulate the nonsteady state carbon flux [Bellassen et al.,
2011; Carvalhais et al., 2010a]. Due to high spatial differences
in disturbance regimes [Luo and Weng, 2011], it is improper
for all spatial grids to arrive at steady state simultaneously, as
spin-up does. Accordingly, using a spatially explicit map of
the growth stage to provide a spatially more precise initializa-
tion can significantly decrease the modeled error [Bellassen
et al., 2011]. Unfortunately, spatial forest succession data are
quite scarce for most regions [Pan et al., 2011b] and thus ham-
pers the precise estimation of the initialization for ecosystem
carbon pools and the subsequent modeling of nonsteady state
carbon flux. One study indicated that making an unreasonable
steady state assumption deteriorates model performance and in-
creases model errors, while relaxing the steady state assump-
tion leads to a 92% decrease in the normalized average error
[Carvalhais et al., 2008]. In other words, the disequilibrium
of the nonsteady state simulated by regional models inevitably
contains uncertainties that originate from initial values caused
by the steady state assumption and subsequent disturbances.

[46] In this study, we directly estimate the regional carbon
flux at nonsteady state by a data assimilation method from the
large sample of biometric data that distributed extensively
throughout the region, therefore avoiding the process of
spin-up that implemented in most regional models. As dem-
onstrated in this study, the state of disequilibrium (i.e., 10
carbon sink parameters) can be estimated from various bio-
metric observations (i.e., NPP, biomass, litter, and SOC) with
the two-step data assimilation scheme. In addition, the di-
rectly estimated disequilibrium in our study is likely to have
less uncertainty, as it avoids some uncertainties associated
from the initial values (i.e., most of information in this
method is observation-based and few exogenous uncer-
tainties are introduced).

[47] Because our data assimilation scheme is based on par-
tial information available at various sites that is integrated
to retrieve the general state at regional scale, it is only suit-
able for estimating the regional means of carbon sinks rather
than for constructing a spatial grid as performed by most re-
gional models. In addition, as the measurement times of

those different site observations are not exactly the same,
the regional carbon sink estimate represents the mean over
the data collection period.

4.3. Comparison of Carbon Sinks by Different Methods

[48] Comparisons of the carbon sink estimations in this
study with estimates in the literature (Table 3) indicated that
our estimated vegetation carbon sink is comparable with es-
timates based on forest inventory data, in which the estimated
vegetation sink ranges from 43.1to 147.1 gCm ™2 yr~ ' [Fang
etal.,2007; Lun et al., 2012; Pan et al., 2004, 2011a; Wang
etal.,2010], and with process-based models that consider de-
tailed land use and changes in land cover [Tian et al., 2011].
When forest area was considered, we estimated the total for-
est carbon sink in China as 117.2+22.0 TgC yr~' (Table 3).

[49] Forest carbon sinks were compared among different
geographic regions (Table 4). The intensity of vegetation
carbon sink in China’s forests (89.74 gCm > yr~ ') is similar
to those for European forests (88.6-94.8gCm 2yr '),
but significantly higher than the carbon sink in the U.S.
(48.0-57.2gCm 2yr ') and the global mean value (75.5—
76.4 gCm~?yr ). The relatively high vegetation carbon of
China’s forests was attributed to the higher than average pro-
portion of young forests [Fang et al., 2007], which have a
higher NPP allocation coefficient to wood (Figure 6).

[s0] In contrast to the consistent pattern that all studies
have shown that vegetation is a carbon sink with somewhat
different magnitudes, the estimates of soil carbon sinks in
different studies differed greatly (i.c., carbon sinks in some
studies but sources in others) and had the highest uncer-
tainties in ecosystems [Fang et al., 2007; Huang et al.,
2010; Pan et al., 2011a].

[51] In this study, most forest soils have been estimated to
exhibit net carbon uptake and deciduous broadleaf forests have
the highest soil carbon sink (50.10+17.80 gCm~2yr~1). This
is consistent with the results of Paul et al. [2002], who summa-
rized the literature on global forests and determined that decid-
uous forests exhibit the greatest accumulation of soil carbon.
Our results indicated that evergreen needleleaf forest is the only
forest type that exhibits net soil carbon efflux. The role of ENF
as a carbon source depends on the characteristics of needleleaf
forests [Li et al., 2012] and the relative youth of forests in
China [Dai et al., 2011]. ENF in China is the main forest type
for the national afforestation projects. The planted ENF, domi-
nated by Pinus tabulaeformis, P. massoniana, Cunninghamia
spp., accounts for over 70% of total ENF in the country and
were mostly planted in past 10-30 years. Meta-analyses indi-
cated that the soil of young needleleaf forests (forage age < 30
years) worldwide exhibit net carbon release [Li et al., 2012;
Paul et al., 2002; Yang et al., 2011].

[52] This study estimated the carbon sink of soil in China’s
forests as 14.1+20.7gCm 2yr!, which accounts for
13.0% of the total ecosystem carbon sink (Table 3). This ratio
of 13.0% is similar to the value of 18.6% found by Pan et al.
[2011a] using the forest inventory method and the value of
16.4% found by Tian et al. [2011] using the process-based
model. The study based on meta-analysis indicated that
global forests are generally carbon sinks, and the average soil
sink is 15.2gCm 2yr! [Li et al., 2012], similar to China’s
soil carbon (14.1 gC m~2yr~'). The comparison of the ratios
of soil carbon sinks to the total ecosystem carbon sink
(Table 4) indicated that the value in China (13.0%) is similar
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to those of the global average values (12.8-13.7%), but
smaller than regions of Europe (31.0-39.3%) and temperate
forests (23.8-29.0%).

[53] Asroots are deeper in mature forests than immature for-
ests, the carbon allocation to the topsoil layer is greater in im-
mature forests, leading to a higher carbon sink intensity of the
topsoil layer (Figure 6), consistent with the meta-analysis
results deduced from the observed changes in soil organic
carbon [Li et al., 2012].

[s4] The comparisons of soil carbon sinks among different
geographic regions (Table 4) indicated that the soil carbon sink
in China is similar to that in the U.S. (144gCm2yr )
and slightly higher than the global mean (11.8-12.6 gCm >
yr~ 1), but much lower than in European forests (45.0—
61.4gCm 2yr ). As for the carbon sink of the litter pool,
most geographic regions (Table 4) have similar intensities in the
range of 4.1 to 7.0gCm 2yr~!. China has a moderate litter
carbon sink (4.7gCm 2yr!) that is slightly higher than the
mean of global forests but lower than European (5.5—
6.1 gCm 2 yr~') and American forests (4.9-7.0gCm2yr!).

5. Conclusions

[55] Inthis study, we developed a two-step data assimilation
scheme based on the large sample information of traditionally
biometric observations and combined with the process-based
model and remote sensing data to inversely estimate the mean
regional carbon sink for China’s forests. The results showed
that the two-step scheme significantly increases the number
of the well-estimated model parameters and matches modeled
NPP, biomass, and SOC values well with observations. The
magnitude of disequilibrium expressed by carbon sink param-
eters could be accurately estimated by the two-step data assim-
ilation scheme. The results indicated that all forest types (EBF,
DBF, ENF, DNF, and MF) in China exhibit net carbon uptake
in vegetation, and the regional mean carbon sink size for veg-
etation pools is 89.7+16.8 gCm~2yr~!. As for forest soil and
litter, the results indicated that most forests (EBF, DBF, DNF,
and MF) are carbon sinks, with the exception of ENF.
The regional mean carbon sink sizes for soil and litter are
14.1+20.7gCm 2yr ' and 4.7£6.5gCm 2yr !, respec-
tively, accounting for 13.0% and 4.3% of the total ecosystem
carbon sink (108.5+28.7 gCm~2yr~'). These results showed
that the general characteristics (e.g., means) of regional carbon
sinks can be directly derived from the large available sample
of traditional ecological observations, despite the spatial dis-
continuity and incomplete information at sites with the data
assimilation scheme is designed to combine this information
with model information and spatially continuous auxiliary
information (i.e., remote sensing and GIS data).

Appendix A: Model Description

[s6] The data assimilation conducted in this study was
based on a Terrestrial Ecosystem Regional (TECO-R) model
(Figure 2), which was developed by combining CASA light-
use efficiency model [Field et al., 1995; Potter et al., 1993]
and the Vegetation And Soil Carbon Transfer (VAST) model
[Barrett, 2002]. The TECO-R model divided root biomass
and soil organic carbon (SOC) into three soil layers (top: 0—
20 cm, middle: 20-50 cm, and bottom: 50-100 cm). As the
TECO-R model depicts the basic processes of carbon transfer

among pools, its model structure is suitable for all forest
ecosystems when appropriate model parameters that reflect
forest-specific characteristics are applied. The key model
parameters in the TECO-R model include the maximum
light-use efficiency (¢¥), NPP allocation among leaves,
stem, and roots (o7, aw,ar,Er1, Cry, and Eps), carbon
partition coefficients (0r, 6c, #, Os,, and Os,), and
baseline residence times in individual plant and soil pools

(rL, TW, TRy s TRy TRy T Tes T, 5 Ts)y s andr§3). Table 1 lists de-

tailed information on those model parameters.

[57] The actual carbon residence times of litter and SOC
pools (7, 7¢, s, , Ts,, andzs, ) are affected by climate factors,
soil properties, and vegetation types. The decomposition rates
of litter and soil organic matter are controlled primarily by the
properties of soil microbes, which are closely related to site-
specific climate factors and soil properties. Forest type also
significantly impacts carbon residence times. On the one hand,
plant tissues (i.e., leaves, stems, and roots pools) of different
forest types exhibit differences in residence times. Litters
(i.e., fine litter and coarse litter pools) of different forests also
have different chemical compositions (e.g., the ratio of lignin
to nitrogen), which affects the decomposition rates of litter
pools [Potter et al., 1993]. To reflect the potential influence
of forest type on parameter estimation, the TECO-R model
divided Chinese forests into five types based on a 1:400 M
vegetation map: evergreen broadleaf forest (EBF), deciduous
broadleaf forest (DBF), evergreen needleleaf forest (ENF),
deciduous needleleaf forest (DNF), and mixed forest
(MF). The optimal model parameters were estimated sepa-
rately for different forest types. To quantify potential influ-
ences caused by the spatial heterogeneity of climate factors,
the TECO-R model relates site-specific residence times
(zp,7c,Ts,,Ts,,andrs,) to the baseline residence times

determined by vegetation type (r}, ¢, Ty, s Ts,, and r§3) by

TkZT*k/(WS~TS), k:F,C,S17S27S3, (Al)

where 7, and ¥, are the actual residence time and baseline
residence time, respectively, for fine litter (F), coarse litter
(C), and three soil carbon pools (S;, S», and S3); and W, and
T, are the temperature and moisture scalars for site-specific
carbon residence times. The moisture scalar () is estimated
by monthly precipitation (PPT), potential evapotranspiration
(PET), and soil moisture (SoilM) simulated by the CASA soil
moisture submodel [Randerson et al., 1996]:

_ PPT + SoilM

SM SET (A2)
W, =0.1+0.9-SM 0<SM<I1 (A3)
W, =10 1<SM<2 (A4)
W, =[1.0 + (1.0/28.0)] — (0.5/28.0)SM 2 < SM<30 (AS5)
W,=0.5 30 <SM. (A6)
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[s8] The temperature scalar of decomposition, 7y, was
obtained directly from monthly temperature data (7), as in
the Century soil carbon model [Parton et al., 1987]:

1/(1 +19¢7016T) T < 45°C
T, =< 10—0.2T, 45<T<50°C. (A7)
0, T>50C

Appendix B: NPP Modeling and Allocation

[59] In the TECO-R model, NPP is a function of the
absorbed photosynthetically active radiation (APAR), maxi-
mum light-use efficiency (¢*), and temperature and moisture
stress scalars (T, W,).

NPP = fAPAR-PAR¢*-T,- W, (B1)
where fAPAR is the fraction of PAR that is absorbed by veg-
etation and is determined using a linear relationship with nor-
malized difference vegetation index (NDVI). Thus, APAR
equals fAPAR times PAR. PAR is estimated by observed
solar radiation (Sr), i.e., PAR=Srx0.5. In the TECO-R
model, we used the same scalars as the CASA model for T,
and W, [Randerson et al., 1996].

[0] The estimated total NPP is allocated to the plant tis-
sues of leaves, stem, and roots according to the carbon alloca-
tion coefficients:

NPP; = a; x NPP (B2)
NPPyy = ayy x NPP (B3)
NPPg = ag x NPP, (B4)

where a;, ay, ap are the NPP allocation coefficients for
leaves, wood, and roots, respectively.

Appendix C: Carbon Pools at Steady State

[61] Given the carbon input in Appendix B, the modeled
carbon pools of leaves, stems, and roots at steady state can
be described by

qr = NPP, x 71 Ccn
gy = NPPy X 7y (€2)
qr1 = Sr1 X NPPg X 75 (C3)
qro = ¢ra X NPPR X 787 (C4)
qrs = Sry X NPPg X g3, ((6V)]

where q;, gw, qr1> qr2, and qr; are the sizes of carbon pools
in leaves, wood, and roots for three soil layers (0—20 cm, 20—
50 cm, and 50-100 cm), respectively; 7, Ty, Tr1, Tra, and Tg3
are the carbon residence times for the corresponding pools;
and &Ry, Ero, and g3 are the allocation proportion to roots
at three layers.

[62] The carbon pool sizes in the litter and soil organic
carbon (SOC) are determined by the amount of carbon trans-
ferred from the plant biomass and can be modeled by

qc = qw/tw X ¢ (C6)

qr = (qr/7L+ 1% qc/tc) X 18 (C7)

gs1 = (qri1/tR1 + OF X qp/tF + 0c X qc/7C) X T51 (C8)
sy = (qro/Tr2 + Os1 X g1 /Ts51) X 52 (€9)

gs3 = (qrs/Tr3 + 052 X q5y/Ts52) X Ts3, (C10)

where g5 and gc are the carbon pool sizes for fine and coarse
litter, respectively; g5, , g5,, and g5, are the pool sizes of SOC
in the three soil layers; 7, 7, Ts,, Ts,, and zg, are the carbon
residence times in fine litter, coarse litter, and the SOC in the
three layers, respectively; # is the fraction of C exiting the
coarse woody debris pool by mechanical breakdown; 6y
and ¢ are the carbon partitioning coefficients of the fine lit-
ter and coarse litter pools, respectively; and fs, and s, are the
partition coefficients of SOC in the first and second soil
layers, respectively.

Appendix D: Carbon Pools at Nonsteady State

[63] When the carbon cycle processes of an ecosystem are
at nonsteady state then the carbon input for a certain pool
does not equal the carbon output, controlled by its pool size
and residence time. To precisely simulate the carbon pools,
additional parameters that describe the intensity of the dis-
equilibrium are required (i.e., the net flux of the input and
output). As a result, the modeled carbon pools for leaves,
stems, and roots at nonsteady state can be described by

q, = (NPP, — Ar) x 71 (D1)

gw = (NPPy — Ay) X 1 (D2)
qr1 = (Sr1 X NPPr — Agp) X tp) (D3)
qro = (Ery X NPPg — Apa) X 72 (D4)
qrs = (Sr3 X NPPr — Ags) X tzs, (D5)

where A;, Ay, Ar1, Ago, and Ags are the carbon sink param-
eters (i.e., the net flux of input minus output) for leaf, stem,
and root carbon pools, where positive parameter values de-
note carbon sinks (i.e., carbon input greater than output for
a certain pool) and negative parameter values denote carbon
sources (i.e., net carbon release). Similarly, the carbon pool
sizes in the litter and soil organic carbon (SOC) can be
described by

(D6)
(D7)

qc = (qw/tw — Ac) x ¢
qr = g/t + 1 X qc/tc — Ap) X TF
qas1 = (Gri1/tr1 + OF X qp/tr + bc X qc/tc — Asi) X 751 (D)
(D9)
(D10)

952 = (qra/Tr2 + Os1 X g1 /751 — As2) X 152
ds3 = (qrs/Tr3 + Os2 X g2 /Ts2 — As3) X Ts3,

where A, Ar, Agy, Agy, and Ags are the carbon sink parame-
ters for coarse litter, fine litter, and three soil layers, with pos-
itive values indicating carbon sinks (net gain) and negative
values indicating carbon sources (net release).
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