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Abstract: Gross primary productivity (GPP) is a reliable measure of the carbon sink potential of
terrestrial ecosystems and is an essential element of terrestrial carbon cycle research. This study
employs the diffuse fraction-based two-leaf light-use efficiency (DTEC) model to imitate China’s
monthly GPP from 2001 to 2020. We studied the trend of GPP, investigated its relationship with
climatic factors, and separated the contributions of climate change and human activities. The findings
showed that the DTEC model was widely applicable in China. During the study period, China’s
average GPP increased significantly, by 9.77 g C m−2 yr−1 (p < 0.001). The detrimental effect of aerosol
optical depth (AOD) on GPP was more widespread than that of total precipitation, temperature, and
solar radiation. Areas that benefited from AOD, such as Northwest China, experienced significant
increases in GPP. Climate change and human activities had a primary and positive influence on GPP
during the study period, accounting for 28% and 72% of the increase, respectively. Human activities,
particularly ecological restoration projects and the adoption of advanced agricultural technologies,
played a significant role in China’s GPP growth. China’s afforestation plan was particularly notable,
with the GPP increasing in afforestation areas at a rate greater than 10 g C m−2 yr−1. This research
provides a theoretical foundation for the long-term management of China’s terrestrial ecosystems
and helps develop adaptive ecological restoration tactics.

Keywords: diffuse fraction-based two-leaf light-use efficiency model; gross primary productivity;
carbon cycle; climate change; ecological restoration projects

1. Introduction

Global carbon sequestration is an essential step in the terrestrial carbon cycle [1].
For determining the state and dynamics of the terrestrial carbon cycle, Gross Primary
Productivity (GPP) is an essential indicator that describes the overall amount of atmospheric
carbon dioxide that plants absorb via photosynthesis [2]. Therefore, accurate modelling
of GPP on a zonal or worldwide scale will contribute to understanding the stability of
terrestrial ecosystems and assist in decision making in response to more climatic changes [3].

Currently, two main methods are used to estimate GPP: ground-based observations
and model simulations [4]. Ground-based observational methods generally tend to use
eddy correlation techniques [5]. However, as the number of flux sites is few and sparsely
distributed, ground-based observations are commonly used for validation analyses of GPP
models [6]. Ecosystem modelling, which primarily consists of process-based models and is
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based on vegetation photosynthesis light-use efficiency (LUE) models, is a useful technique
for predicting GPP on a zonal or global scale. Due to its simpler structure and fewer
parameter inputs, the LUE model is widely applied on a larger scale than process-based
models that require many parameters and data inputs.

However, there are large differences in the variety of LUE models. For example, the
MODIS GPP product was based on the big-leaf LUE model, but the fixed parameters of
the model led to an underestimation of simulated GPP values, especially in farmland
ecosystems, with an underestimation of approximately 30% [7]. Additionally, GPP is
underestimated by the LUE model because its algorithms do not distinguish between the
maximum LUE of C3 and C4 vegetation [8]. To compensate for this deficiency, Yan [9]
proposed a terrestrial ecosystem carbon flux model (TEC) to differentiate the LUEs of C3
and C4 vegetation. C3 and C4 plants are two fundamental plant functional types (PFTs)
with different responses during photosynthesis. Nonetheless, the model encountered
limitations, as the LUE of scattered radiation from vegetation canopies was greater than
that of direct radiation. He [10] proposed the two-leaf light-use efficiency model (TL-LUE),
which distinguishes between shaded and sunlit leaves. However, the two-leaf model does
not consider the influence of soil moisture stress and the diffuse fraction on vegetative
photosynthesis. To address this limitation, Yan [11] proposed a diffuse fraction-based
two-leaf light-use efficiency model (DTEC) based on previous models. The novel model
adds a diffuse fraction to recalculate the solar radiation received and the LUE by the sunny
and shady leaves, allowing the model to better capture seasonal variations in the GPP [12].

The effects of climate change on the dynamics of GPP have been a hot topic in global
change research [13]. Surplus solar radiation may cause an increase in soil moisture, leading
to anaerobic conditions in the soil, thus reducing vegetation productivity on the Tibetan
Plateau [14]. Furthermore, aerosol particles have a scattering effect on solar radiation,
increasing the proportion of scattered radiation to total solar radiation, which in turn
affects vegetation productivity by influencing photosynthesis [15]. In particular, climate
extremes can alter the ecosystem’s structure and capacity to function; this phenomenon
may negatively impact the terrestrial carbon cycle [16]. Another aspect is human activity,
notably grazing [17], the use of ecological restoration initiatives [18], land management
strategies [19], and urbanization [20].

China has become the most important and sensitive region in global research on
carbon and water cycles in terrestrial ecosystems [21]. Moreover, China, the world’s largest
carbon emitter, has pledged to achieve carbon neutrality by 2060 [22]. To achieve this goal,
an in-depth understanding of the status of the terrestrial carbon cycle in China is needed.
Since the conclusion of the 20th century, China has initiated a range of environmental
recovery and conservation measures, including China’s afforestation program (CAP) and
the Conversion of Cropland to Forest Program (CCFP). The main objective of these initia-
tives is to restore the natural environment through a variety of human endeavours, such
as afforestation and the protection of natural forests [23]. Therefore, understanding how
anthropogenic influences and climate change affect carbon sinks in detail is essential for
understanding China’s terrestrial ecosystems [24].

In this research, the GPP of Chinese areas from 2001 to 2020 was calculated using the
DTEC model, and we analysed the spatial-temporal patterns and their influencing factors.
The main research objectives were as follows: (1) to evaluate the applicability of the DTEC
model in the Chinese region and create a new GPP dataset, (2) to analyse the spatial and
temporal distribution characteristics of the new GPP data, (3) to explore the correlations
with different climatic variables, and (4) to evaluate the relative impacts and contributions
of anthropogenic activities and the climate to GPP at the regional and national levels.

2. Materials and Methods
2.1. Study Area

In this study, nine zones were created within the study area (Figure 1) according to
the geo-ecological factors. These regions included Northeast China (NEC), Inner Mongolia
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(IM), Northwest China (NWC), North China (NC), Central China (CC), the Tibetan Plateau
(TP), Southeast China (SEC), South China (SC), and Southwest China (SWC) [25].
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Figure 1. Elevation, flux tower location distribution and ecological regions in the study area.

2.2. Data Sources

The flux observation data used in this paper were obtained from the China Terres-
trial Ecosystem Flux Observation Research Network (http://chinaflux.org, accessed on
11 April 2022) and the FLUXENT2015 dataset (https://fluxnet.org, accessed on 20 April 2022).
This study selected 10 flux towers in China, and detailed information about each site is shown
in Table 1.

Table 1. Flux site details for 10 flux towers in China.

Flux Sites Latitude/◦N Longitude/◦E Vegetation Type Period/Year

Changbaishan
(CBS) 42.40 128.10 Deciduous Broadleaf Forests 2004–2010

Dinghushan
(DHS) 23.17 112.53 Evergreen Broadleaf Forests 2004–2010

Dangxiong
(DX) 30.50 91.07 Grassland 2004–2010

Haibei
(HB) 37.62 101.32 Shrubland 2004–2010

Inner Mongolia
(NMG) 43.55 116.67 Grassland 2004–2010

Qianyanzhou
(QYZ) 26.74 115.06 Evergreen Broadleaf Forests 2004–2010

Yucheng
(YC) 36.83 116.57 Cropland 2004–2010

Changling
(CL) 44.59 123.51 Grassland 2007–2010

Ailaoshan
(ALS) 24.54 101.29 Mixed Forest 2009–2012

Yuanjiang
(YJ) 23.47 102.18 Savannas 2014–2015

http://chinaflux.org
https://fluxnet.org
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The two types of GPP product data used in this paper were MODIS17A2H.006
(MOD17) and the global dataset of sun-induced chlorophyll fluorescence (GO-SIF). The
GO-SIF data were obtained from the high spatial and temporal resolution (0.05◦, 8 days)
dataset provided by the Global Ecology Team (https://globalecology.unh.edu, accessed
on 15 April 2022). The MOD17 data were obtained from the MOD17A2H.006 product
on the Google Earth Engine (GEE) platform, which provides spatial and temporal res-
olution (500 m, 8 days). The performance of the DTEC model was evaluated in this
paper with these two products and flux data. The C4 vegetation distribution percentage
data were obtained from the International-Satellite-Land-Surface-Climatology-Project-II
(https://doi.org/10.3334/ORNLDAAC/932, accessed on 15 April 2022), which provides a
1◦ spatial resolution static map of the globe. The aerosol optical depth (AOD) data were
obtained from https://doi.org/10.5281/zenodo.5652257 (accessed on 15 April 2022), which
was produced by the Bai team and had a spatial and temporal resolution of 1000 m/day.

The following data were obtained from the GEE platform. Meteorological driving data
such as temperature, precipitation, and solar radiation were obtained from the ERA5-Land
Monthly Averaged-ECMWF Climate Reanalysis data, with a spatiotemporal resolution
of 11,132 m/1 month. The digital elevation model (DEM) data were taken from the
NASANASADEM_HGT.001 data product with a spatial resolution of 30 m. Evapotran-
spiration and potential evapotranspiration data were obtained from the MOD16A2.006
product, solar zenith angle data were obtained from the MOD09A1.061 product, the leaf
area index (LAI) was obtained from the MOD15A2H.061 product, and the temporal and
spatial resolutions were both 500 m, 8 days. The land cover type data were taken from the
IGBP classification data of the MCD12Q1.006 data, with a spatial resolution of 500 m. The
land cover types were reclassified into 10 categories: evergreen needleleaf forest (ENF),
evergreen broadleaf forest (EBF), deciduous needleleaf forest (DNF), deciduous broadleaf
forest (DBF), mixed forest (MF), shrublands, savannas, grasslands, croplands, and non-
vegetated areas (NOA). Considering the consistency of the model runs with the cycles
of each dataset, all the data were resampled to 500 m, and the period was chosen to be
2001–2020 month by month.

2.3. Methods
2.3.1. DTEC Model

DTEC is a two-leaf light-use efficiency model based on the diffusion fraction. The
model considers the effects of scattered radiation, diffuse fraction and soil water stress on
GPP [11]. The main structure of the model is as follows:

GPP = (εmsu × APARsun + εmsh × APARshd )× Wε × Tε (1)

APARsun =

[
PARdir ×

cos(β)

cos(θ)
+

PARdif − PARdif,u

LAI
+ C

]
× LAIsun (2)

APARshd =

[
PARdif − PARdif, u

LAI
+ C

]
× LAIshd (3)

LAIsum = 2 × cos(θ)×
[

1 − exp
(
−0.5 × Ω × LAI

cos(θ)

)]
(4)

LAIshd = LAI − LAIsum (5)

PARdif = PAR × D f (6)

D f = 0.7527 + 3.8453SI − 16.316SI2 + 18.962SI3 − 7.0802SI4 (7)

https://globalecology.unh.edu
https://doi.org/10.3334/ORNLDAAC/932
https://doi.org/10.5281/zenodo.5652257
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SI =
PAR

[0.48S0 cos(θ)]
(8)

Wε = E/EPT (9)

Tε =
(Ta − Tmin)(Ta − Tmax)

(Ta − Tmin)(Ta − Tmax)−
(
Ta − Topt

)2 (10)

where εmsu and εmsh are the maximum LUEs of the sun and shade leaves, respectively. For
C3 plants: εmsh = 3.78 × Df

1.8, εmsu = 1.67 g C/MJ, and for C4 plants: εmsh = 5.78 × Df
1.8,

εmsu = 2.56 g C/MJ. APARsun and APARshd are the photosynthetically active radiation
absorbed by the sun and shade leaves, respectively. Wε is the water stress factor, in which
E is the actual evapotranspiration and EPT is the potential evapotranspiration. Tε is the
temperature stress factor, in which Ta is the air temperature and Tmin, Tmax, and Topt are the
minimum, maximum, and optimal temperatures for photosynthesis in biomes, respectively.
C is the contribution of direct radiation to the scattered radiation after multiple scattering,
and the formula is 0.07Ω × PARdir × (1.1 − 0.1LAI)× e(−cos(θ)). Ω is the vegetation type
index. β is the mean leaf solar angle, which is 60◦, and θ is the solar zenith angle. PARdir ,
PARdif and PARdif,u are the direct photosynthetically active radiation, scattered photosyn-
thetically active radiation and scattered radiation under the canopy, respectively, in which
PARdir = PAR − PARdif and PARdif,u = PARdif × e(−0.5×Ω×LAI)/(0.537+0.025LAI). LAIsun
and LAIshd are the LAIs for sunny and shady leaves, respectively, which were obtained by
separating the LAI products. PAR is the photosynthetically active radiation, calculated as
0.48Rg, where Rg is the solar radiation. Df is the scattering ratio, SI is the clear sky index,
and S0 is the solar constant (1367 W/m−2).

2.3.2. Analytical Methods

The accuracy of the simulated values was determined using three metrics: coefficient of
determination (R2), root mean square error (RMSE), and bias. The Theil–Sen median trend
was used for the GPP time series trend analysis [26]. Partial correlation analysis was used to
quantify complex connections between variables with multiple correlations [27]. Residual
analysis was used to evaluate the contributions of climate change and human activities to
GPP changes [28]. To more accurately assess how human activities and climate conditions
affect GPP, the contribution of climatic factors (GPPCC) and contribution of human activities
(GPPHA) were classified into 7 levels based on their linear trend values [29], as shown in
Table S1. The classification of the main drivers of change in China and the calculations of
the relative contributions to GPP [30] are shown in Table S2.

Figure 2 shows the steps and sequences adopted in the present study’s data acquisition
and analysis. The flow charts were divided into four parts: data preparation, model
accuracy verification, GPP change analysis, and determination of the contributions of
anthropogenic and climate factors to GPP.
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3. Results
3.1. Verification of GPP Simulation Accuracy

The monthly GPP values simulated by the DTEC model (GPPDT) with GO-SIF GPP
(GPPSIF) and MOD17 GPP (GPPMOD) were compared at the site scale with flux mea-
surement data (GPPEC). These accuracy validation results (Figure 3) showed that the
three models simulated and captured the dynamics of the GPP well, but the simulation accu-
racy changed with flux site and ecosystem type. At the cropland site (YC), GPPDT (R2 = 0.84,
RMSE = 68.37 g C m−2 month−1, bias = 0.52 g C m−2 month−1) was more accurate than
GPPSIF (R2 = 0.90, RMSE = 124.33 g C m−2 month−1, bias = 79.98 g C m−2 month−1) and
GPPMOD (R2 = 0.81, RMSE = 164.09 g C m−2 month−1, bias = 109.20 g C m−2 month−1)
(Figure 3b). Among the QYZ, CBS and DHS forest sites, GPPDT achieved the best simula-
tion, and the CBS site had the highest accuracy (R2 = 0.95, RMSE = 27.52 g C m−2 month−1,
bias = 0.37 g C m−2 month−1) (Figure 3f). The GPPDT values were more accurate than
the GPPMOD and GPPSIF values at the mixed forest (ALS) (Figure 3g) and savanna (YJ)
(Figure 3c) sites. In general, GPPDT (R2 = 0.85, RMSE = 41.12 g C m−2 month−1,
bias = 5.98 g C m−2 month−1) was better than GPPSIF (R2 = 0.65, RMSE = 64.04 g C m−2 month−1,
bias = −2.94 g C m−2 month−1) and GPPMOD (R2 = 0.56, RMSE = 74.00 g C m−2 month−1,
bias = 23.33 g C m−2 month−1) (Figure 3a).

Remote Sens. 2024, 16, x FOR PEER REVIEW 7 of 19 

3. Results
3.1. Verification of GPP Simulation Accuracy

The monthly GPP values simulated by the DTEC model (GPPDT) with GO-SIF GPP 
(GPPSIF) and MOD17 GPP (GPPMOD) were compared at the site scale with flux measurement 
data (GPPEC). These accuracy validation results (Figure 3) showed that the three models sim-
ulated and captured the dynamics of the GPP well, but the simulation accuracy changed 
with flux site and ecosystem type. At the cropland site (YC), GPPDT (𝑅  = 0.84, RMSE = 68.37 
g C m−2 month−1, bias = 0.52 g C m−2 month−1) was more accurate than GPPSIF (𝑅  = 0.90, 
RMSE = 124.33 g C m−2 month−1, bias = 79.98 g C m−2 month−1) and GPPMOD (𝑅  = 0.81, RMSE 
= 164.09 g C m−2 month−1, bias = 109.20 g C m−2 month−1) (Figure 3b). Among the QYZ, CBS 
and DHS forest sites, GPPDT achieved the best simulation, and the CBS site had the highest 
accuracy (𝑅  = 0.95, RMSE = 27.52 g C m−2 month−1, bias = 0.37 g C m−2 month−1) (Figure 3f). 
The GPPDT values were more accurate than the GPPMOD and GPPSIF values at the mixed forest 
(ALS) (Figure 3g) and savanna (YJ) (Figure 3c) sites. In general, GPPDT (𝑅  = 0.85, RMSE = 
41.12 g C m−2 month−1, bias = 5.98 g C m−2 month−1) was better than GPPSIF (𝑅  = 0.65, RMSE 
= 64.04 g C m−2 month−1, bias = −2.94 g C m−2 month−1) and GPPMOD (𝑅  = 0.56, RMSE = 74.00 
g C m−2 month−1, bias = 23.33 g C m−2 month−1) (Figure 3a). 

This paper further compared GPPDT data with GPPSIF and GPPMOD data to evaluate 
the precision and accuracy of the DTEC model from three aspects: multiyear average (Fig-
ure S1), spatial distribution (Figure S2), and GPP trend significance test (Figure S3). Over-
all, the DTEC model had the highest accuracy, could better reflect the status of GPP in 
China, and could provide more accurate data for subsequent analyses. 

Figure 3. The accuracy validation results of the DTEC, GO-SIF, and MOD17 models at 10 flux sites
in China, where the x-axis represents the measured data at the flux sites, the y-axis represents the
simulated values of the three models, and R2, RMSE, and BIAS were used as the coefficients to
evaluate the accuracy of the models.



Remote Sens. 2024, 16, 1361 8 of 18

This paper further compared GPPDT data with GPPSIF and GPPMOD data to evaluate
the precision and accuracy of the DTEC model from three aspects: multiyear average
(Figure S1), spatial distribution (Figure S2), and GPP trend significance test (Figure S3).
Overall, the DTEC model had the highest accuracy, could better reflect the status of GPP in
China, and could provide more accurate data for subsequent analyses.

3.2. Spatiotemporal Variation Characteristics of Chinese Terrestrial Ecosystem GPP

The DTEC model showed a significant increasing trend from 2001 to 2020 (Figure 4j),
but there were fluctuations between years. The minimum value occurred in 2001, and
the maximum value occurred in 2018. The average annual increase is 9.77 g C m−2 yr−1

(p < 0.001). The GPP growth trends of the nine regions passed the significance test, and all
showed a very significant increase (Figure 4). Among them, the NC region had the largest
growth rate of 20.65 g C m−2 yr−1, and the lowest growth trend was in the TP region,
at 2.03 g C m−2 yr−1.
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Figure 4. Annual average trends of GPP in China as a whole and in each ecological region from
2001 to 2020, with different colours representing different ecological regions. Among them, NEC
(a) represents Northeast China, IM (e) represents Inner Mongolia, NWC (g) represents Northwest
China, NC (c) represents North China, CC (i) represents Central China, TP (f) represents the Tibetan
Plateau, SEC (b) represents Southeast China, SC (d) represents South China, SWC (h) represents
Southwest China, and Total (j) represents the overall trend of China.

The spatial distribution of the multiyear average GPP in China from 2001 to 2020
is shown in Figure 5a. According to the colour of the spatial distribution of the average
GPP value from 2001 to 2020, the high values were mainly distributed in the eastern
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region, and the low values were mainly distributed in the western region. The overall
trend decreased from the southeast to the northwest and from the coast to the interior.
The areas with increasing GPP trends in China from 2001 to 2020 were 67.29%, approxi-
mately 6.46 million km2, and the areas with decreasing trends were 32.71%, approximately
3.14 million km2. The results revealed that the trend of GPP change differed among the
different regions, and in general, the area with an increasing trend of GPP in China was
larger than the area with a decreasing trend. Among them, the decreasing regions were
mainly in NWC, IM, TP, and SEC, and the increasing regions were mainly in SC, CC,
NC, and SWC. According to the significance test results, 43.08% of China’s regional GPP
changes were nonsignificant, and 56.92% of the area passed the significance test; within
that range, the percentages of the areas with very significant increases, significant increases,
very significant decreases, and significant decreases were 47.88%, 8.23%, 0.24%, and 0.57%,
respectively (Figure 5b).
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3.3. The Effects of Climate Factors on GPP

By counting the partial correlation coefficients between GPP and various climate
factors that passed the significance test, we found that the average partial correlation
coefficients between China’s GPP and temperature, precipitation, solar radiation, and
AOD were 0.41, 0.34, −0.29, and −0.22, respectively (Figure 6). The percent areas with a
positive correlation between GPP and temperature and precipitation were larger than the
areas with a negative correlation (9.5% and 9.8% vs. 0.9% and 0.2%, respectively), and the
overall correlation was positive. The percent area of negative correlation between GPP
and solar radiation and AOD was larger than the area of positive correlation (8.8% and
15.3% vs. 2.5% and 6.2%, respectively), and an overall negative correlation was present.
At the national scale, the order of the response of GPP to climate factors in China was
temperature > precipitation > solar radiation > AOD.

However, at the regional scale, the response of GPP to climate factors exhibited
significant spatial heterogeneity (Figure 6e). Precipitation had the greatest effect on GPP in
the NEC and IM regions, with partial correlation coefficients of 0.46 and 0.55, respectively.
In the NWC, NC, CC, SEC, and SC regions, temperature had the greatest influence on
GPP, with partial correlation coefficients of 0.41, 0.43, 0.4, 0.49, and 0.41, respectively.
The greatest influence on GPP in the TP region was from solar radiation, with a partial
correlation coefficient of −0.49. Temperature (0.44) and solar radiation (−0.43) had the
greatest impacts on GPP in the SWC region.
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3.4. Drivers of China’s GPP Change and Their Relative Contributions

The regions where climate change contributed (CCC) to GPP were equal to an area
of approximately 50.2% (Figure 7a). The regions where it contributed moderately and
significantly were equal to an area of approximately 23.3%, mainly in the junction regions
of NWC, NC, SWC, CC, IM, and NEC. The area where climate change suppressed GPP
was approximately 8.6%. The area where GPP moderately and significantly decreased
was approximately 4.7%, mainly in the central region of CC, the eastern coastal region of
NC, the southern region of NEC, and the northeastern region of SEC. The areas where
human activity contributed (CHA) to GPP accounted for approximately 61.1% of the total
area (Figure 7b). The area of moderate and significant contribution of human activities
to GPP was larger than that of climate change (approximately 43.3%). The regions where
human activities suppressed GPP accounted for approximately 6.1%, and these regions
were mainly in the northern part of the NC and the northeastern part of the SEC.

Figure 8a shows that approximately 66.4% of the regional CCC had a positive effect
on GPP. The area with a contribution between 0% and 60% was larger, accounting for
59.4% of the total area, and the area with a contribution greater than 80% accounted for
approximately 2.7% of the total area, which was mainly concentrated in the central part of
the TP and the eastern coast of the SEC. The regions with negative CCC to GPP accounted
for approximately 8.1% of the total area, which was mainly distributed in the southern
part of the NEC, the eastern part of the NC, the northern part of the SEC, the TP, and the
central part of the CC. Figure 8b shows that approximately 72.6% of the regional CHA had
a positive effect on GPP. Within this range, the areas with contributions in the range of 40%
to 80% and greater than 80% are larger, and these areas account for approximately 67.4% of
the total area. The areas with a contribution rate of more than 80% are mainly concentrated
in NEC, NC, the TP, and NWC, with an area share of 23.3%. The regions with negative CHA
to GPP accounted for approximately 1.8% of the total area and were mainly concentrated
in the central part of the TP and the northeastern coastal area of the SEC. In comparison,
the contribution of HA was greater than that of CC in most regions. The contributions
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of climate change and human activities to changes in the gross primary productivity of
vegetation in China were approximately 28% and 72%, respectively.
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At the regional scale, the CCC ranged from 18% to 37%, as shown in Figure 9. Among
them, the CCC in the SWC, TP, IM, and SC regions were greater than 30%; the highest
contribution was in the IM and SWC regions, both with 37%, and the lowest was in the NC
region, with 18%. The CHA ranged from 63% to 82%; statistically, the CHA exceeded 60% in
all nine ecoregions; the highest was 82% in NC, and the lowest was 63% in IM.
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4. Discussion
4.1. The Influence of Climate Change on China’s Dynamic Changes in GPP

The relationships between GPP and climate factors in China show significant spatial
heterogeneity. At higher elevations and latitudes (e.g., the TP) (Figure 6d), temperature
was positively correlated with GPP. Because the temperature in these areas is low, it affects
the activity of vegetation photosynthesis-related enzymes, making temperature the main
factor limiting the photosynthetic rate of vegetation [31]. In contrast, solar radiation had an
inhibitory effect on vegetation in the TP region [32] (Figure 6b). This result may be due to
sufficient solar radiation causing snow and permafrost to melt, increasing the water content
of vegetation roots and keeping the soil in an anaerobic state, thus reducing vegetation
productivity [33]. In the southern part of the humid region (SWC, CC, and SEC) (Figure 6c),
an increase in precipitation reduced temperature and radiation, which led to precipitation
suppression of vegetation growth, making GPP significantly negatively correlated with
precipitation [34]. In arid and semiarid regions (IM and NWC), GPP was more sensitive
to precipitation and had a significant positive correlation with precipitation; precipitation
was the main factor affecting GPP in northern China [35]. This was because with the
increase in global warming, the water demand of vegetation in arid regions has increased
significantly compared to that in non-arid regions [36]. Jiao [37] also noted that vegetation
water constraints are associated with greening trends, which leads to vegetation becoming
increasingly sensitive to precipitation.

In recent years, it has been concluded that aerosol optical depth (AOD) can enhance
scattered radiation by weakening direct radiation and total radiation, thereby promoting
or inhibiting vegetation photosynthesis [38]. This has attracted increasing attention from
scholars to the impact of AOD on GPP [39]. At the regional scale, GPP was significantly
positively correlated with AOD in most of the regions. These regions were significantly
negatively correlated with solar radiation and vice versa (Figure 6a,e). This phenomenon
indicates that when vegetation is undergoing photosynthesis, the high canopy of vegetation
can absorb both direct and scattered radiation and easily reach light saturation, after which
photosynthesis is inhibited with increasing solar radiation [40,41]. In contrast, as AOD
increases, direct radiation is attenuated, and the proportion of scattered radiation increases,
resulting in an increase in radiation absorbed by shady lower canopy leaves that have not
yet reached light saturation, thereby improving productivity [42]. In the northwestern
region of NWC, AOD had a significant positive correlation with GPP, which may be related
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to the vegetation types of grassland, ENF and desert in this region [43]. In the SWC and SC
regions, GPP had a large and significant negative correlation with AOD. This phenomenon
was due to the reduction in total radiation, which decreased the productivity of more
complex ecosystems, such as forests, at a level greater than the compensatory effect of
scattered radiation, thus reducing overall productivity [43]. GPP was also significantly
negatively correlated with AOD in IM and its surrounding areas. As the vegetation type
in the zone was mostly grassland, where AOD leads to a reduction in direct radiation,
the canopy structure of grassland is simpler, so it cannot sufficiently absorb scattered
radiation [44].

4.2. The Influence of Human Activities on China’s GPP Dynamic Changes

The effects of climate change and anthropogenic activities on increasing GPP trends
were 1.39 and 5.67 g C m−2 yr−1, respectively. Anthropogenic activities had a greater
positive impact on GPP than did climate change, showing that anthropogenic activities are
the dominant factor in China’s GPP growth. Zhang [45] also showed that anthropogenic
activities had a stronger effect on vegetation changes than did climate change. The overall
trend of change was positive, showing that China’s ecological construction and protection
projects have been effective [46]. Zhang [47] reported that China’s forest area increased by
13.48% from 2001 to 2015. By 2020, the forest area had increased to 16%, with the increase
obtained mainly by the conversion of shrubland and savanna types (Figure S4). According
to the eighth consecutive inventory of forest resources in China, compared with the second
inventory, China’s plantation forest preservation area increased by 2.13 times, and the
plantation forest stock increased by approximately five times [48]. This conclusion is in
agreement with the regions covered in this paper where the GPP growth trend was greater
than 10 g C m−2 yr−1. Against the background of the continuous reduction in global forest
area, the average annual growth rate of China’s forest coverage was the highest in the world,
especially in terms of the growth of artificial forest area, accounting for approximately 41%
of the global afforestation rate [49]. China’s forest ecosystems have had a significant carbon
sink function in the last two decades [50]. Notably, land use changes caused by human
activities are also among the key factors affecting vegetation GPP [51]. Among them, the
promotion of agricultural intensification techniques, such as replanting [52] and various
irrigation techniques [53], has greatly contributed to the increase in GPP in farmlands
in China. Zhong [54] noted that the grain output of farmland in China has increased by
more than 35% since 2000. In this paper, by comparing the land use data from 2001 to
2020, we found that the area of cultivated land in China increased by 3%; this increase was
mainly obtained by the conversion of grassland and savanna vegetation types to crops
through the ecological reclamation activities of adjusting land use [55] (Figure S4). The
spatial distribution of cropland coincided with regions with greater positive anthropogenic
contributions (Figure 8b). However, crops are seasonal [56], and after crops and straw are
harvested and consumed during the nongrowing season, carbon is no longer stored [57].
With the respiration of microorganisms in the soil and the decomposition of soil residual
fertilizers, the carbon exchange process between farmland ecosystems and other systems
intensifies [58]. Therefore, many scholars generally believe that the carbon sink of crops is
zero [59]. The DTEC model was driven by remote sensing data to assess the productivity
of terrestrial ecosystems. Therefore, this model only focuses on the carbon sequestration
effect of vegetation. For issues such as carbon exchange in nongrowing seasons and soil
carbon consumption in farmland ecosystems, this model’s mechanism cannot be reflected
at present, so we will not discuss it too much here.

There were significant regional variations in the effects of anthropogenic activities
on GPP. A comparison of the trends of human activity in the nine regions revealed that
the difference between the extremes was 15.66 g C m−2 yr−1. The NC area was the most
effective area for implementing vegetation construction projects [60], and the relative
contribution of human activities was also the highest (82%). The regions with growth
trends greater than 10 g C m−2 yr−1 (NEC, NC, SC, SWC, and CC) all corresponded to
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the major areas in China’s afforestation program (Figure 10); this finding was consistent
with that of Cai [61], and in the abovementioned areas, the contribution of human activities
exceeded 62%. This result highlights the positive effect of ecological engineering on
China’s vegetation GPP [62]. However, there are also studies showing the negative impacts
of afforestation [63]. For example, in the Loess Plateau region, afforestation has led to
increasing negative impacts such as deep soil drying, erosion, and water scarcity [64].
Cai [65] suggested that nonnative forests are not suitable for controlling erosion in the
Loess Plateau region unless there is a protective ground cover of herbaceous plants. In arid
and semiarid grassland areas, artificial herbs consume more water than natural herbs, which
can easily lead to soil degradation and further environmental degradation in ecologically
fragile areas [66]. Therefore, in the future, we should further strengthen the construction
of ecological engineering in ecologically fragile areas and degraded vegetation areas to
realize the coupling between China’s urbanization and development and the quality of the
natural environment.
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4.3. DTEC Model Evaluation

The results of this study show that the accuracy and applicability of the DTEC model in
China were greater than those of the GO-SIF and MOD17 products. The model parameters
in this paper do not use the parameters given in previous studies but were adjusted and
modified for the Chinese region on the basis of the original parameters to conform to the
characteristics of vegetation in China, which is one of the reasons why the accuracy of the
DTEC model is higher than that of the other two models in China. Second, it distinguishes
the LUE of C4 and C3 vegetation, which can be seen in the accuracy validation of the
farmland site. The simulation accuracy of the DTEC model is significantly better than
that of the GO-SIF and MOD17 products. As farmland ecosystems are the most active
carbon reservoirs in terrestrial ecosystems, the high-accuracy estimation of the GPP of
farmland ecosystems will be effective in reducing the error in the simulation of the total
amount of China’s terrestrial GPP. Finally, the effect of scattered radiation on vegetation
photosynthesis was considered. In the past, the LUE of low-canopy vegetation leaves was
often underestimated [67], which made the simulation error larger in areas with complex
vegetation structures and dense canopies, such as tropical rainforests, while the DTEC
model considered this problem and effectively improved the simulation accuracy in these
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areas. In summary, the DTEC model has good applicability in China and can meet the
needs of subsequent studies.

4.4. Uncertainties and Limitations

The DTEC model distinguishes the different light-use efficiencies of C3 and C4 plants
in GPP calculations; however, due to the lack of large-scale, long-term, and high-resolution
C3 and C4 vegetation type data, we can use only a static map of C3 and C4 vegetation
for GPP estimation, which affects the estimation accuracy of GPP. The atmospheric CO2
concentration is an important factor affecting photosynthetic efficiency because vegetation
adjusts leaf chemistry in response to elevated CO2 concentrations [68], leading to changes
in photosynthetic capacity [69]. Accounting for the CO2 fertilization effect (CFE) in models
can improve GPP estimates to reproduce long-term changes [70], and studies [71] have also
shown that accounting for the CFE can better capture long-term trends in elevated GPP in
the tropics; the CFE can also better explain and quantify the causes of global vegetation
greening [72]. CFE should be incorporated into models in future studies.

5. Conclusions

In this study, the diffuse fraction-based two-leaf light-use efficiency (DTEC) model
was used to calculate China’s gross primary productivity (GPP) from 2001 to 2020, and the
contributions of climate change (temperature, precipitation, solar radiation, and aerosol
optical depth) and human activities to China’s GPP were further investigated. The results
showed that the DTEC model has good applicability in China compared with the 10 flux
sites, and its overall accuracy coefficients were R2 = 0.85, RMSE = 41.12 g C m−2 month−1,
and bias = 5.98 g C m−2 month−1, which achieved great accuracy for different vegetation
types. From 2001 to 2020, 67.29% of China’s regions showed an increasing trend in GPP,
with an average increasing trend of 9.77 g C m−2 yr−1 (p < 0.01), and within different
ecological regions, the increasing trend in GPP ranged from 20.65 to 2.03 g C m−2 yr−1

(p < 0.01). Temperature has a greater impact on GPP than precipitation, solar radiation, and
aerosol optical depth under climate change, especially on the Qinghai–Tibet Plateau. In
addition, multiple regression residual methods show that there is great spatial heterogeneity
in the impacts of climate change and human activities on China’s GPP. The impacts on
GPP growth were 1.39 and 5.67 g C m−2 yr−1, respectively, and the relative contributions
were 28% and 72%, respectively. Our conclusions show that human activities, mainly
ecological restoration projects and agricultural intensification technologies, have been the
main driving force behind China’s GPP growth over the past 20 years.
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www.mdpi.com/article/10.3390/rs16081361/s1, Figure S1: Inter-annual changes in China’s GPP
from 2001 to 2020, where DTEC stands for the simulated value of the DTEC model, SIF stands for
the simulated value of the GO-SIF model, and MOD17 stands for the simulated value of the MOD17
model. Figure S2: Spatial distribution of the annual mean values of GPP from 2001 to 2020: GO-SIF
(a), MOD17 (b), and DTEC (c). Among them, the darker the blue color, the higher the value of GPP in
the region. Figure S3: Spatial distribution of GPP passing the significance test for 2001–2020: GO-SIF
(a), MOD17 (b), and DTEC (c). Among them, the darker the blue color, the higher the trend of GPP
growth in the region. Figure S4: Spatial distribution of land use types in China from 2001 (a) to
2020 (b) and conversion between different land use types from 2001 to 2020 (c). The land use types in
China were resampled into six: forest, shrubland, savanna, grassland, crop, and non-vegetated area
(NOA). Table S1: Grading of the impact of GPPCC and GPPHA. Table S2: Determination Criteria for
Drivers of China’s GPP Changes and Calculation Method of Contribution Rate.
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