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NEP Estimation of Terrestrial Ecosystems in China
Using an Improved CASA Model and Soil

Respiration Model
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Abstract—Net ecosystem productivity (NEP) is a critical in-
dicator of the CO2 capture capacity of vegetation ecosystems.
Based on the land classification and clumping index (CI) datasets,
the key parameters of the Carnegie–Ames–Stanford Approach
(CASA) model, including fraction of photosynthetic active ra-
diation (FPAR) and maximum light use efficiency (εmax), were
optimized. Then, the NEP of China’s terrestrial ecosystems was
estimated, using the improved CASA coupled with a soil respiration
model. Finally, the accuracy of NEP estimation was evaluated by
observation data from ChinaFLUX station. The research results
indicated the RMSE of the improved NEP estimations decreased
from 21.139 to 10.179 (unit: gC · m−2 · month−1), and the R2 value
increased from 0.413 to 0.832, indicating that optimizing the pa-
rameters εmax and FPAR are both effective methods to improve the
model. The spatiotemporal variation of China’s NEP was analyzed
using the optimized results. The NEP value of China shows a
decreasing distribution pattern from southeast to northwest, and
the values of different regions are in the order South > North >
Qinghai–Tibet > Northwest. The monthly NEP variation in differ-
ent regions of China is a unimodal curve, reaching the maximum
in summer. This study optimized the NEP estimation, which can
better characterize the distribution pattern of carbon sinks/sources
in China’s terrestrial ecosystems and lay a scientific foundation for
developing regional carbon neutrality schemes.

Index Terms—Carbon sink, Carnegie–Ames–Stanford
Approach (CASA) model, clumping index (CI), light use efficiency
(LUE), Net ecosystem productivity (NEP), NPP.

I. INTRODUCTION

N ET ecosystem productivity (NEP) is a critical indicator,
which can represent the actual carbon sequestration capac-

ity of ecosystems [1]. A positive NEP indicates the ecosystem
generally absorbs CO2, which is a carbon sink; In contrast, a
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minus value represents the ecosystem generally releases CO2

and is a carbon source. China is a country with a vast territory
and high ecosystem diversity. Thus, it is necessary to accurately
obtain the terrestrial NEP values to assess the carbon sink ca-
pacity of Chinese ecosystems and formulate appropriate carbon
neutralization schemes [2], [3].

The NEP value is calculated from net primary productivity
(NPP) minus soil heterotrophic respiration (Rh), i.e., NEP =
NPP-Rh [4]. Traditional methods for obtaining NPP include the
biomass survey, direct harvest, and eddy covariance correlation
[5]. These methods can obtain NEP values accurately, however,
they are labor-intensive and time-consuming, and are point-
source data, so it is difficult to estimate NPP at the large scale.
Therefore, on the large scale, NPP is mainly estimated by models
[6], [7]. At present, the models used for NPP estimation include
light use efficiency (LUE) model, climate model, and process
model [7]. The Carnegie–Ames–Stanford Approach (CASA)
LUE model is practical and simple and can fully utilize a variety
of remote sensing data to obtain NPP on a large scale regularly
and frequently [7], [8]. Therefore, it is favored by researchers
and has become one of the most popular models to estimate NPP
at the large scale.

The CASA model uses the absorbed photosynthetically active
radiation (APAR) determined by vegetation characteristics and
real LUE (ε (x, t)) limited by environmental factors to char-
acterize NPP. ε (x, t) is limited by environmental variables
such as humidity and temperature, as well as related to the
maximum LUE (εmax) of vegetation. Initially, εmaxwas defined
as a fixed value (0.389 gC · MJ−1) [6], [9]. However, because
the photosynthetic capacity of various types of vegetation is
different, it is more reasonable to set εmax based on the type of
vegetation. In this work, according to previous studies on the εmax

of various vegetation types and on the land cover classification
data, the εmax values were optimized to improve the model [10],
[11].

In addition, the model uses the parameter fraction of photo-
synthetically active radiation (FPAR), which is the main variable
to characterize the APAR, to describe the light energy inter-
ception ability of the vegetation canopy. When utilizing remote
sensing data to drive the model, two vegetation indices (VIs),
i.e., normalized difference vegetation index (NDVI) and simple
ratio (SR), are combined to calculate FPAR [6], [11]. Although
the combination of these two VIs can reflect the vegetation
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cover and reduce the influence of interference factors such as
the underlying surface, it is unable to characterize the canopy
structure and leaf spatial distribution of vegetation accurately
[12]. In fact, the spatial distribution of plant leaves in nature is
not completely random, showing a certain degree of aggregation
at different scales, which will affect the absorption of light
radiation by leaves. To correct the influence of nonrandomness
of leaf distribution, Nilson et al. [13] introduced the adjustment
parameterΩ in the expression of canopy porosity to characterize
the vegetation canopy structure and spatial distribution. Chen
and Black [14] called this parameter the clumping index (CI).
The CI describes the deviation degree between the real spatial
distribution of leaves and the random distribution in the ideal
state, which has an impact on plant photosynthesis [15], [16],
[17], [18]. In view of this, this study plans to embed the CI in the
calculation of FPAR to enable the CASA model to better describe
the distribution and structure characteristics of the vegetation
canopy to improve the accuracy of NPP estimation.

Rh refers to heterotrophic respiration of soil and is another
key parameter used to calculate NEP [19]. Rh can be obtained by
direct ground sampling and spatial interpolation [20]. However,
for China, a country with a vast territory and diverse ecosystems,
the cost of obtaining enough sampling points to ensure the
accuracy of spatial interpolation is prohibitive [21]. Rh also can
be obtained by constructing an empirical model between Rh

ground observations and environmental factors (e.g., humidity
and temperature) [20]. However, because the dominant envi-
ronmental factors affecting Rh in various geographical regions
are different, the approach is only adapted to estimate Rh in
small-scale homogeneous areas, and it will become unreliable if
it is applied to large-scale regions with high spatial heterogeneity
[22]. The other approach is indirect estimation, that is, first
estimating the soil respiration (Rs) and then utilizing the Rs–Rh

model (i.e., the relationship model between Rs and Rh) to obtain
Rh [23]. Rs can be obtained through the geostatistical model of
soil respiration (GSMSR). The GSMSR is a relatively mature
model that has been widely used in large-scale Rs estimation
due to its good parameterization methods [24], [25]. Therefore,
in this work, the GSMSR model will be used to calculate Rs,
and then the Rs–Rh model will be used to obtain Rh of Chinese
terrestrial ecosystem.

In this study, using meteorological, remote sensing, and flux
station-observed data, we improve the estimation accuracy of
Chinese NEP as follows: 1) Using land classification data to
optimize the εmax of the CASA model; 2) Using the CI to
improve the FPAR enables the model to better describe the
characteristics of vegetation canopy structure and leaf spatial
distribution; 3) Utilizing the soil respiration models (including
Rs–Rh and GSMSR model) to obtain NEP in China and using
flux observation data for validation.

II. STUDY AREA AND DATA

A. Study Area and Observation Stations

China has a vast territory, and complex climate types and
landforms form complex terrestrial ecosystems, resulting in

spatial differences in carbon sources and sinks in different geo-
graphical regions [3], [26]. According to landform and climate,
China can be divided into four geographical regions: with the
Qinling–Huaihe as the geographic and climatic dividing line, it is
divided into the southern and northern region; with the Greater
Khingan Mountains–Yinshan Mountains–Helan Mountains as
the dividing line, it is divided into the northern and north-
western region; with the Kunlun Mountains–Qilian Mountains–
Hengduan Mountains as the dividing line, the Qinghai–Tibet
region is separated from the other regions [27], [28] (see
Fig. 1).

In this work, the NEP observations of eight eddy covariance
flux tower sites, which are publicly available from the Chi-
naFLUX, are used to verify the model estimation results (see
Fig. 1). The eight flux stations are DHS, XSBN, QYZ, CBS,
YC, NMG, HB, and DX. Among them, the station DHS and
XSBN were covered by evergreen broadleaf forest (EBF), the
station QYZ by evergreen needleleaf forest (ENF), the station
CBS by deciduous broadleaf forest (DBF), the station YC by
cropland, and the stations NMG, HB, and DX by grassland
[29], [30]. The eddy related data of the flux tower directly
measures the net ecosystem exchange (NEE) observations of
carbon dioxide between the atmosphere and ecosystems. After
obtaining the NEE value, taking the opposite number can obtain
the NEP value for model validation (i.e., NEP = − NEE).

B. Data Sources and Processing

1) Remote Sensing Product Datasets: Remote sensing prod-
ucts include the MODIS vegetation classification dataset
(MCD12Q1), MODIS NPP dataset (MOD17A3H v006), NDVI
dataset and CI dataset. Among them, the MCD12Q1 and
MOD17A3H v006 (500-m resolution) were obtained from the
official website of NASA (http://ladsweb.modaps.eosdis.nasa.
gov/). The former is used to optimize the model parameter εmax,
and the latter is used to validate the model.

The NDVI dataset (1-km resolution) was obtained from the
RESDC (i.e., Chinese Resource and Environment Science and
Data Center, website: www.resdc.cn). The dataset is produced
by the time series data of SPOT/VEGETATION. In this work,
the monthly average value of NDVI data of China was calculated
using the maximum value synthesis process, which was used to
calculate the key parameter FPAR of the CASA model [31].

The CI dataset (500-m resolution) was downloaded from
Chinese National Earth System Science Data Center (NESSDC,
website: www.geodata.cn). The dataset is calculated based
on MODIS albedo products MCD43A1, MCD43A2, and
MCD12Q1 [18]. Affected by clouds and other factors,
the CI values of some vegetation cover areas are miss-
ing. Based on the Python language, we used time series
data to linearly interpolate the null value and obtain rela-
tively complete and accurate monthly CI data for China
in 2010, which was used to optimize the FPAR. The
data were resampled to a 1-km resolution for subsequent
analysis.

http://ladsweb.modaps.eosdis.nasa.gov/
http://ladsweb.modaps.eosdis.nasa.gov/
www.resdc.cn
www.geodata.cn
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Fig. 1. Land cover types, locations of flux towers sites, and distribution of the four geographical regions.

Fig. 2. Flow chart of NEP estimation for terrestrial ecosystems in China.

2) Meteorological Datasets: The monthly average meteoro-
logical datasets of China (including the precipitation and temper-
ature data with 1-km resolution) were downloaded from Chinese
NESSDC (www.geodata.cn). The dataset was generated by the
global 0.5° climate data and its good reliability set has been
verified by 496 ground stations [32].

3) DEM Data: The DEM data of China at a 1-km resolution
were downloaded from the RESDC (www.resdc.cn). The dataset
is applied as an input variable for the total solar radiation value
calculation across China.

4) SOCD Data: The soil organic carbon density (SOCD)
was the input data of the GSMSR for Rs calculation. Based on
previous studies and vegetation classification data, the SOCD
values of China’s terrestrial ecosystems were set as follows:
the value for broadleaf forest is 4.700 kg · m−2, coniferous
forest is 3.770 kg · m−2, mixed forest is 4.235 kg · m−2, shrub
is 2.560 kg · m−2, cropland is 2.560 kg · m−2, and grassland is
1.820 kg · m−2 [11], [33].

III. RESEARCH METHODS

A. CASA Model Improvement and NPP Estimation

The original version of CASA model was developed by Pot-
ter et al. [9]. The model uses the APAR and ε(x, t) of vegetation
to characterize its NPP

NPP(x, t) = APAR(x, t)× ε(x, t) (1)

where APAR(x, t) and ε(x, t) are the photosynthetically ac-
tive radiation absorbed (unit : MJ · m−2 · month−1) and actual
LUE (unit: gC · MJ−1) of pixel x in month t, respectively. In
this article, we will optimize these two parameters for model
improvement.

1) FPAR and its Optimization: The APAR absorbed by veg-
etation can be expressed as follows:

APAR(x, t) = 0.5× SOL(x, t)× FPAR(x, t) (2)

www.geodata.cn
www.resdc.cn
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where SOL(x, t) is the total solar radiation (unit : MJ · m−2 ·
month−1); 0.5 is the ratio coefficient, representing the proportion
of effective solar radiation to total solar radiation; FPAR(x, t)
refers to the absorption ratio to incident PAR intercepted by veg-
etation. SOL(x, t) is usually obtained through solar constant,
so in expression (2), the accuracy of APAR was determined by
FPAR. Two representatives VIs, i.e., SR and NDVI, are utilized
to obtain this parameter in the model

FPAR (x, t) = αFPARSR + (1 − α) FPARNDVI, (3)

where α= 0.5 indicates that the calculated results of NDVI and
SR account for a weight of 0.5. The expressions of FPARSR and
FPARNDVI are as follows:

FPARSR =
SR (x, t)− SR(i, min)

SR(i, max) − SR(i, min)

× (FPARmax − FPARmin)+FPARmin (4)

SR (x, t) =
1 + NDVI(x, t)

1 − NDVI(x, t)
(5)

FPARNDVI =
NDVI (x, t)− NDVI(i,min)

NDVI(i, max) − NDVI(i, min)

× (FPARmax − FPARmin)+FPARmin (6)

where NDVI(x, t) and SR(x, t) are the VIs of pixel x in month
t; NDVI(i, min), NDVI(i, max), SR(i, min), and SR(i, max) are
the maximum and minimum of these VIs for various types of
vegetation; FPARmin and FPAR max take fixed values (0.001
and 0.950, respectively).

In the above methods, the model can obtain good results by
combining NDVI and SR to eliminate the deviation caused by a
single index. However, there is another problem to be solved: the
spatial distribution of leaves between different vegetation types
or within the same vegetation type is not completely random
but clumps and shows different aggregation characteristics at
different levels. These aggregation characteristics can change
the radiation environment, have an impact on the photosynthesis
of the plant canopy structure, and then affect the productivity of
vegetation [15], [16], [17]. The aggregation characteristics of
vegetation cannot be reflected through VIs such as NDVI or SR,
but rather require CI to characterize. To better express the impact
of aggregation effects on photosynthesis, we embed the CI in the
FPAR calculation process in the form of a ratio. The expression
of the improved FPAR is

FPAR (x, t) = (0.5 ∗ FPARNDVI + 0.5 ∗ FPARSR)

∗ CI (x, t)
CImean ref

(7)

where CI(x, t) is the CI value of pixel x in month t, and
CImean ref is the reference value of various vegetation types.
Two schemes will be adopted for the value of CImean ref : one is
to use the CI values of different vegetation types obtained from
the analysis of global vegetation by He et al. [34] (i.e. scheme I),
and the other is to use the mean CI values of different vegetation
types counted by the monthly synthetic CI products used in this
work (i.e. scheme II). CI is defined as the ratio of the effective leaf

area index (LAI) to the true LAI, and its calculation expression
is [14]

CI = LAIe / LAI (8)

where LAIe is the effective LAI, which can be obtained through
the modified Miller equation [14], [18]

LAIe= −2

∫ π/2

0

ln [P (θ)] cos θ sin θdθ. (9)

In the process of remote sensing, LAI is an unknown variable,
while LAIe is a variable derived from porosity using Miller’s
formula, which is difficult to obtain directly. Therefore, on a
large scale, CI data is usually obtained through remote sensing
inversion. The CI data used in this study was a dataset produced
by Jiao et al. based on MODIS data, and the detailed calculation
process can be found in [18].

By analyzing the above expressions, it can be seen that the
NDVI and SR data products in (4)–(7) are vegetation index
values calculated based on satellite data from specific obser-
vation angles, rather than the hemisphere integral values in
(9). Therefore, the NDVI and SR indices are difficult to fully
reflect the LAIe, which means it is difficult to fully characterize
the ability of vegetation to capture light energy. This study
embeds CI into the calculation process of FPAR in the form
of a ratio which can effectively correct the deviation caused
by solely using VIs (i.e., NDVI and SR) to characterize light
energy interception ability. The value of CI(x, t)

CImean ref
will fluctuate

around 1. When the ratio is equal to 1, it indicates that the
estimated CI is equal to the reference CI, and FPAR remains
unchanged. When the ratio is greater than 1, it indicates that
the actual estimated CI is greater than the reference CI, the
actual aggregation effect is smaller than the reference value,
the effective leaf area for photosynthesis is higher, and the
actual FPAR should be increased. When the ratio is less than
1, it indicates that the estimated CI is less than the reference
value, the actual aggregation effect is greater than the reference
value, the effective leaf area is lower, and the FPAR should be
reduced.

2) Setting εmax for Different Vegetation Types: ε(x, t) is
another key model parameter. It represents the efficiency of the
vegetation in transforming light energy into carbohydrate over
a period of time, which is determined by εmax, moisture, and
temperature with the following expression:

ε (x, t) = Wε(x, t) × Tε1(x, t) × Tε2(x, t) × εmax (10)

where Wε(x, t), Tε1(x, t), and Tε2(x, t) present the effects
of water, low temperature, and high temperature stress,
respectively. εmax is the vegetation LUE in the optimal growth
environment (unit : gC · MJ−1). Parameter εmax is a key param-
eter and the value is uniformly set to 0.389 in the original version
[6], [9]. However, research shows that it is more reasonable to set
specific values according to different vegetation types. Referring
to previous studies on the εmax of various vegetation types [10],
[11], [35], the εmax values are revalued as follows: the ENF is
0.476, the EBF is 0.980, the DNF is 0.485, the DBF is 0.692,
the MXF is 0.768, the shrub is 0.429, the grassland and cropland
are 0.542, and other vegetation are 0.389. Other parameters
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Fig. 3. Spatial pattern of NPP over China during 2010 by the improved CASA model.

in expression (8) are calculated according to the conventional
method. For details, please refer to Liang et al. [11].

In the calculation process, we combine the vegetation clas-
sification data with the εmax values of various vegetation as the
model inputs, so as to obtain the optimized ε(x, t) value of each
pixel for NPP estimations improvement.

B. Estimation of Soil Respiration

1) GSMSR Model and Rs Estimation: GSMSR model uses
precipitation, temperature, and SOCD as input data to estimate
Rs. Yu et al. [25] studied soil respiration using a large number of
ground observation validation data and obtained the following

expression of monthly soil respiration in China:

Rs, monthly = (R Ds = 0 + M × Ds) × elnαe
βTT/10

× (P+ P0 ) / (P + K), (11)

where Rs, monthly is the total soil respiration in a month (unit :
gC · m−2 · month−1); RDs=0 is the average monthly soil respi-
ration when SOCD is 0, with a fitting value of 0.588 (unit :
gC · m−2 · month−1); Ds is the SOCD of soil in the depth range
of 0–20 cm, and its coefficient M is taken as 0.188; α and β take
the fitted values of 1.830 and 0.006, respectively; T and P are
the monthly mean temperature (unit : °C) and total precipitation
in a month (unit : cm), respectively; and K takes a fixed value
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Fig. 4. Spatial pattern of Rh over China during 2010 by the GSMSR and Rs–Rh model.

of 5.657. For the detailed derivation process of expression (11),
please refer to [25].

2) Rs–Rh Relationship Model and Rh Estimation: Rs can be
obtained by using the GSMSR model; however, Rh is required
in the estimation of NEP. Shi et al. established the Rs–Rh

relationship model by using Rs and Rh observations in various
periods and places of China [23], [25]:

Rh = −0.0009R2
s + 0.6011Rs + 4.8874 (12)

where Rs and Rh are the monthly respiration and heterotrophic
respiration of soil, respectively (unit : gC · m−2 · month−1).

C. Ground Observation Data Acquisition and Model
Accuracy Verification

The ground observations were obtained from the China FLUX
to verify the NEP estimations. The data were preprocessed
and quality controlled according to the ChinaFLUX technical
system standardization (for details, please refer to [36], [37]). In
addition, among the released ground observation data, the data
in 2010 are relatively complete, so we used the data of that year
for verification.

Based on the coordinate position of each flux station, the
NEP of the pixel (1 km × 1 km) with the corresponding points
on the NEP thematic map is extracted and compared with the
station observation value. The root mean square errors (RMSEs)
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TABLE I
COMPARISON OF VARIOUS TYPES OF VEGETATION ANNUAL NPP (GC�M-2�A-1) BETWEEN MOD17A3H AND OPTIMIZED MODEL

and coefficient of determination (R2) are used as indicators for
accuracy verification of each model.

The overall process of estimating NEP in China’s terrestrial
ecosystem was shown in Fig. 2.

IV. RESULTS AND ANALYSIS

A. NPP Estimation and Analysis of China

1) NPP Estimation: The NPP was estimated by utilizing the
CASA model (including optimized and original version). Fig. 3
is the NPP estimations of the China’s terrestrial ecosystem using
the CASA model optimized by scheme II. Due to the vast
territory, the NPP spatial-temporal distribution of China varies.
In terms of temporal variation, the monthly NPP gradually
increases from spring to summer, reaching its peak in July and
August, and gradually decreases from autumn to winter.

In terms of spatial variation, NPP shows marked zonal char-
acteristics, and the change trend gradually decreases from south-
east to northwest, showing the distribution pattern south> north
> Qinghai –Tibet > north. This is related to water, heat, and
light conditions, as well as vegetation types. In the longitudinal
direction, the distribution of water resources in China gradu-
ally decreases from east to west; in the latitudinal direction,
the solar radiation gradually weakens from south to north.
Therefore, due to the appropriate temperature and abundant
precipitation, the vegetation in the south grows rapidly, with the
maximum NPP value of 630.127 gC · m−2 · a−1. The northwest
and Qinghai–Tibet are dominated by arid and alpine regions,
with relatively sparse vegetation and slow growth, resulting in
low NPP values (255.780 and 170.287 gC · m−2 · a−1, respec-
tively). In the northern region, the temperature is lower than
that in the south, and rainfall is more abundant than that in the
Qinghai–Tibet and northwest, so the NPP is lower than that in the
south but higher than that in other regions, with a mean value
of 324.565 gC · m−2 · a−1. In addition, the NPP values of the
various vegetation are different (The order is EBF>ENF>DBF

> DNF). The vegetation in the south is mainly EBF and ENF,
and the NPP value in most areas is above 700.00 gC · m−2 · a−1,
so the value in this region is high; the northwest and Qinghai–
Tibet are dominated by grassland, and the NPP value in most
areas is below 180.00 gC · m−2 · a−1, so the value is relatively
low.

2) Analysis of NPP Estimations: The reliability of the esti-
mated NPP is verified with MOD17A3H data. MOD17A3H is a
widely used NPP dataset provided by NASA’s EOS/MODIS,
but it can only obtain annual products. We synthesized the
annual NPP value through the results of monthly estimates and
compared it with MOD17A3H (Table I).

Table I shows the NPP of various types of vegetation based
on MOD17A3H and the CASA model optimized by different
methods. The NPP values of EBF and ENF estimated by the
CASA model optimized by the CI (scheme I) are abnormally
higher than others, indicating that this scheme may overestimate
NPP.

The estimation results of the other two methods are relatively
consistent. The percentage deviation of ENF, EBF, DBF, and
grassland was relatively small, with deviations below 0.529%,
5.857%, 9.215%, and 9.357%, respectively, while the deviation
of cropland was relatively large (approximately 35.00%). This
may be because the Biome-BGC model used for producing
MOD17A3H lacks a module to estimate carbon flux of cropland,
so it is difficult to accurately estimate cropland NPP. In addi-
tion, crop growth is greatly affected by irrigation, fertilization,
and other anthropogenic factors, which further leads to great
uncertainty in NPP.

B. NEP Estimation and Validation of China

1) Estimation of Rh in China: Fig. 4 shows the monthly
Rh in China. Rh depends on the microbial community in
the soil. Therefore, similar to the NPP, Rh in China is also
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Fig. 5. Spatial pattern of NEP over China during 2010 by the CASA model and soil respiration model.

affected by precipitation and temperature. Spatially, Rh is rel-
atively high in the southeast and low in the northwest and
the values of the four geographical regions followed the or-
der south (409.887 gC · m−2 · a−1) > north (303.972 gC · m−2 ·
a−1) > Qinghai–Tibet (251.845 gC · m−2 · a−1) > northwest
(233.036 gC · m−2 · a−1). In terms of time, Rh gradually in-
creases from spring to summer, reaching its peak in August
(38.220 gC · m−2 · month−1), and gradually decreases from au-
tumn to winter.

2) Monthly Variation of NEP in China: Fig. 5 shows the
NEP estimations of China, which is calculated by using the
NPP based on the model optimized by the CI (see scheme II).
The Spatiotemporal distribution of NEP in China is similar
to that of NPP. In general, the China’s NEP value of each

month gradually decreases from southeast to northwest, and
its variation during the year is a single-peak curve [see Figs. 5
and 6(a)]. The curve increased sharply from May, peaked at
30.758 gC · m−2 · month−1 in July, then decreased, and dropped
to a trough of−4.585 gC · m−2 · month−1 in December. Overall,
according to the estimation of the improved model, the annual
NEP value of China’s terrestrial ecosystem in 2010 was approx-
imately 0.235 Pg · year−1.

The temporal changes of NEP are inconsistent in the dif-
ferent regions [see Fig. 6(b)]. The values of different regions
are in the order south > north > Qinghai–Tibet > northwest.
Among them, the NEP value of the southern in each month
is positive (the annual value reaches 220.240 gC · m−2 · a−1),
while that of the northern and Qinghai–Tibet are positive
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Fig. 6. Annual analysis results of NEP in China. (a) Monthly average NEP of the whole country. (b) Monthly average NEP of different regions. (c) Annual NEP
of each vegetation type. (d) Monthly average NEP of each vegetation type.

from June to September (the annual values are 20.593 and
3.751 gC · m−2 · a−1, respectively). For the whole year, these
three regions are shown as carbon sinks. The NEP values of the
northwestern regions in most months of the year are negative
(the annual value is −62.250 gC · m−2 · a−1), and for the whole
year, this region is shown as a carbon sources. In addition, the
values of the Qinghai–Tibet and northwest peaked in June, while
that of the south and north peaked in July.

The seasonal variation of NEP differs among various types
of vegetation [see Fig. 6(c) and (d)]. The values of EBF and
ENF are greater than zero in each season, indicating that these
forests are carbon sinks throughout the year. Other vegetation,
such as DNF, DBF, MXF, shrubs, grasslands and farmland, are
carbon sinks in summer and carbon sources in spring and winter.
The annual NEP of DNF, DBF, MXF and shrubs is greater than
0, indicating that they are carbon sinks overall in a year; shrub,
farmland, and grassland are overall carbon sources in a year, with
annual values of −24.436, −48.568, −48.568, and –48.147 gC ·
m−2 · a−1, respectively [see Fig. 6(c)].

3) Validation of Simulated NEP: According to the GPS in-
formation of the observation points, the station-observed NEP
values and estimated NEP values of the original version CASA
model [see Fig. 7(a)] and optimized CASA model with different
improvement schemes [see Fig. 7(b)–(d)] were matched and

comparatively analyzed. Then, the accuracy of each model was
evaluated according to the RMSEs and R2.

Fig. 7(a) and (b) shows that using different εmax values for
different vegetation can effectively optimize the results. Com-
pared to the original version, the estimation accuracy of the
optimized model that adopted the vegetation classification of
the εmax parameter was higher, as indicated by the RMSE value
decrease from 21.139 to 12.024 gC · m−2 · month−1 and the R2

value increase from 0.413 to 0.775.
Optimizing the model with CI data can further improve

the result. The figure shows that the estimation accuracy is
improved after using the two schemes to improve the FPAR
[see Fig. 7(b)–(d)]. Using the optimal model of scheme I, the
indicator R2 is improved from 0.775 to 0.794, but the RMSE
value is also slightly increased from 12.024 to 14.183 gC ·
m−2 · month−1. The reason is that the estimations of the op-
timal model with scheme I have a better correlation with the
observed value but generally overestimate the NEP values, so
the RMSE increases slightly. This corresponds to the analysis
result of NPP in the previous text (see Table I). The model
improved by scheme II has the highest accuracy, indicated by
the RMSE decreasing to 10.179 gC · m−2 · month−1 and the R2

increasing to 0.832, which is the preferred scheme for NEP
estimation.
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Fig. 7. Observed NEP versus. estimated NEP (gC · m−2 · month−1) based on the CASA model. (a) εmax with fixed value of 0.389 (gC · MJ−1). (b) εmax using
vegetation classification. (c) εmax using vegetation classification + adopting scheme I to embed the CI. (d) εmax using vegetation classification + adopting scheme
II to embed the CI.

V. DISCUSSION

A. Optimization of εmax With Classification Data

The value of εmax was set to 0.389 gC · MJ−1 for different
vegetation in the CASA model’s original version [9]. Never-
theless, in fact, εmax is a parameter characterizing the vegeta-
tion photosynthetic potential, and various kinds of vegetation
have different εmax due to their leaf shape, canopy structure,
and photosynthetic capacity. Research shows that the value of
εmax can be taken between 0.09 gC · MJ−1 and 2.16 gC · MJ−1

[10]. In this work, εmax was determined according to vegetation
classification data and the research of Zhu et al. [10], [11], [34].
The results show that the optimization of εmax can effectively
correct the underestimation of NPP in the China’s terrestrial
ecosystem, which is more reasonable than the range estimated
by the original CASA model, indicating that εmax optimization
is an important approach to improve the NPP estimations.

B. Optimization of FPAR With the CI Dataset

The CI characterizes the leaf aggregation degree of the vegeta-
tion canopy and is an important structural parameter that affects

canopy radiation transmission [16], [17]. The εmax of various
vegetation types are different, and the canopy structure and
spatial distribution also show different clustering characteristics
within the same vegetation type, affected by regional, environ-
mental, soil, and other factors. Most leaves are clustered in natu-
ral conditions (CI<1) and show different degrees of aggregation
on various scales [38], [39]. The stronger the aggregation effect
of leaves is, the lower the CI, and the closer its value is to 0.
In contrast, the lower the aggregation effect is, the higher the
CI, and the value is close to 1. In the original CASA model,
the NDVI and SR were combined to calculate FPAR. Although
this strategy can better characterize vegetation cover and veg-
etation growth status and eliminate some radiation errors, it is
still difficult to characterize the aggregation effect within the
vegetation [12], [40]. The study of Chen et al. [16] shows that
when CI is not considered, the gross primary productivity (GPP)
will be underestimated. To overcome this problem, the CI is
embedded into the CASA model in the form of a ratio, which
represents well the internal heterogeneity of various vegetation
types, thus improving the estimation of NEP (see Fig. 7). The
results indicated that using the CI to optimize FPAR is another
effective method to improve the CASA model.
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This study adopted two different schemes to embed the CI
into the model. In scheme I, the denominator CImean ref in
the correction term CI(x, t)

CImean ref
adopts the research results of

He et al. [34]. In this scheme, CImean ref is the annual average
value processed by the Ross–Li model based on the MODIS
BRDF product (MCD43A1), while the CI dataset used in the
scheme II was calculated in this study (Global MODIS monthly
synthetic dataset). There are differences between the two pro-
cessing methods. Therefore, although the R2 of NPP estimation
has increased, there is an overestimation in vegetation types
such as ENF and EBF, resulting in a high RMSE value. The
numerator and denominator terms of scheme II are calculated
based on MODIS monthly synthetic data. They underwent the
same preprocessing method and have less error, so better results
are obtained. In addition, the denominator CImean ref of scheme
II is the monthly average value, which has a higher time reso-
lution than the annual average value of scheme I and can reflect
the monthly variation in vegetation, which is another important
reason for scheme II achieving better results.

C. NEP Estimations of the Coupled Model

NPP, which can be directly estimated by CASA model, is
the focus of most studies [41], [42], [43], [44]. However, after
estimating NPP, Rh must be subtracted in order to calculate the
NEP value that can characterize vegetation carbon sinks. [2],
[4], [44]. Thus, in this article, the NPP and Rh are estimated and
then the NEP in China is calculated on this basis.

The NEP of China’s terrestrial ecosystem generally decreases
from southeast to northwest and presents a single-peak curve
with a peak in July and a valley in December. The above
results have strong correlations with the spatial distribution and
temporal changes in precipitation and temperature, indicating
that hydrothermal conditions are likely to be the main factor
affecting NEP across China [45].

In this work, the optimized CASA model was coupled with
the Rs–Rh and GSMSR model for NEP estimation in different
regions of China. It can provide support for the analysis of
regional carbon sources and sinks in China and the formulation
of regional carbon balance policies. In the next step, we will use
higher spatial resolution data to produce long-time series NEP
products and analyze in depth the NEP change trend in China
and its relationship with climate, human activities, and other
factors.

VI. CONCLUSION

NEP is a critical indicator of the ecosystem carbon cycle. To
estimate NEP accurately, the CASA model was improved by
using the land classification data to set the εmax with various
types of vegetation more reasonably and introducing the CI
to describe the canopy structure and vegetation distribution
more accurately. Then, the Rh was estimated by combining the
Rs–Rh and GSMSR model and the NEP of China, which can
characterize carbon sinks, was obtained. The main conclusions
of this study are as follows:

1) Optimizing parameter εmax is an effective approach for
CASA model improvement. Compared with the original

model, the improved model with εmax values set based on
different vegetation has more accurate estimation results.
It can be seen that studying the photosynthetic potential
of various vegetation types in different regions and accu-
rately obtaining their εmax values is a key step in improving
the accuracy of NEP estimation in terrestrial ecosystems.

2) Using the CI to optimize FPAR is another feasible method
to improve the CASA model. The research indicates that
embedding CI in FPAR calculations in the form of ratios
can better characterize the canopy structure and spatial
distribution characteristics of vegetation, thereby improv-
ing estimation accuracy. This result provides a new way
to effectively utilize CI datasets.

3) Due to the factors such as hydrothermal conditions and
vegetation types, the NEP values in China exhibit a de-
creasing distribution pattern from southeast (warm and
humid areas) to northwest (cold and arid areas). The NEP
values in different regions of China are in the order of
South > North > Qinghai–Tibet > Northwest, and the
monthly variation of NEP in each region shows a unimodal
curve and reaches its peak in summer.
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