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Abstract: Attributions and predictions of gross primary productivity (GPP) under climate change
is of great significance for facilitating a deeper understanding of the global and regional terrestrial
carbon cycle and assessing ecosystem health. In this study, we have designed a novel approach to
simulate GPP based on the satellite and meteorological data compiling the advantages of the light
use efficiency model with regression methods (LUE-RE model), which overcomes the limitation of
the satellite-based method in GPP simulation and projection in the future time without satellite data.
Based on the proposed method, results show that GPP in the Yangtze River Basin shows a significant
increase trend in the historical period. Elevated CO2 dominates the changes of GPP in the Yangtze
River Basin. In the future, with the increase in elevated CO2 and climate change, the trend of GPP
growth is more obvious. The growth slopes under different scenarios are 2.65 gCm−2year−1a−1,
12.34 gCm−2year−1a−1, 24.91 gCm−2year−1a−1, and 39.62 gCm−2year−1a−1. There are obvious
seasonal differences in the future changes of GPP in the Yangtze River Basin, of which the GPP
changes mostly in spring. The spatial patterns show that higher GPP is concentrated in the upper
stream, while the low values are mainly concentrated in the middle reaches. This study contributes
a new method to project GPP and highlights that stakeholders should pay more attention to the
significant GPP increases in spring in the future.

Keywords: gross primary productivity; LUE-RE model; attribution analysis; future projection

1. Introduction

As the main component of the terrestrial ecosystem, vegetation is an important link
in the exchange of energy, water, and carbon between land surface and atmosphere [1,2].
Gross primary productivity (GPP), the total amount of carbon absorbed by vegetation at
ecosystem scale [3], directly reflects the productivity of vegetation under specific environ-
mental conditions, indicating the growth characteristics and health status of terrestrial
ecosystems [4]. Moreover, GPP is the main component of terrestrial carbon sequestration
and plays a key role in the global carbon balance, providing the terrestrial ecosystem with
the ability to partially offset anthropogenic CO2 emissions [5]. Accurate estimation and at-
tribution of GPP is of great significance for facilitating a deeper understanding of the global
and regional terrestrial carbon cycle and assessing ecosystem health [6]. In addition, future
climate changes will inevitably affect the global vegetation dynamics, so it is extremely
important to project the possible changes in vegetation productivity under future climate
changes [7].
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So far, there is still no technology available to measure GPP directly, because of the lack
of measuring at scales greater than the leaf level [8]. At ecosystem scale, the eddy covariance
(EC) technique, which quantifies the continuous net ecosystem exchange (NEE) of CO2, can
be used to infer GPP by separating ecosystem respiration and GPP from NEE [9]. However,
this method limits the estimate of GPP from tens of meters to several kilometers, making it
difficult to calculate at a large scale [10,11]. In order to estimate and project GPP at regional
and global scales, ecosystem models have been developed and applied as scientific tools to
obtain GPP [12]. This mainly includes process-based models and LUE models [13,14]. The
process-based models consider the growth processes of vegetation, such as photosynthesis,
respiration, and evapotranspiration. Although this provides a solid physiological and
ecological mechanism for the models, it also leads to a complex simulation process, which
is easily limited by a large number of model inputs and physical parameters. Moreover, the
parameters vary greatly between different regions and vegetation, thereby increasing the
difficulties of obtaining appropriate parameters, subsequently leading to more difficulties
in GPP estimation.

The LUE models are generally based on the theory of light use efficiency, stating a
relatively constant relationship exists between photosynthetic carbon uptake and absorbed
photosynthetically active radiation at the canopy level [15,16]. Potter et al. [17] developed
the first CASA model for estimating global vegetation productivity, and then a series of
LUE models have been developed, including the GLO-PEM model [18], MOD17 GPP
model [19], Vegetation Photosynthesis Model [20], Eddy Covariance Light Use Efficiency
Model [21], etc. In contrast to the process-based models which are limited by a large
number of model inputs and physical parameters, LUE models have less model inputs
and could simulate GPP at high spatial–temporal resolution by means of high-resolution
remote sensing products [22,23]. As a consequence, LUE models are widely used in current
research. In addition, LUE models directly use a wide range of satellite remote sensing
data; they have great potential to fully solve the dynamic changes of GPP in time and space.
At present, a lot of researchers have also proven that the LUE models are effective tools
for large-scale research of GPP [24–26]. Moreover, the LUE model has been improved in
different degrees during its development, treating the fraction of photosynthetic active
radiation in disparate ways or using more reasonable means to represent temperature
stress (TS) and water stress (WS) [27]. Despite these advantages, it is precisely because
they directly use satellite data that are only available in history, which makes it difficult to
predict GPP in the future, and there are few studies applying LUE models to future GPP
predictions [28]. In order to investigate the possible changes in GPP in the future using
the LUE model, maintaining the advantages of the LUE model within fewer parameters,
further improvements are still needed in the LUE model to facilitate its application in GPP
predictions under future climate change.

In this study, in order to analyze the effects of climate change on historical GPP
and predict the possible changes in future GPP in the Yangtze River Basin under climate
change, a new method for simulating and predicting GPP by coupling the LUE model
and regression model is proposed, and then the proposed model is used to attribute and
project the GPP changes in the Yangtze River Basin. The main objectives of this study are
as follows: (1) to develop a new LUE-RE method for GPP simulation and projection and
validate its performances, (2) to investigate the spatial–temporal changes of historical GPP
and quantifying the contributions of different climate factors on historical GPP changes,
and (3) to project the future GPP changes under different climate change scenarios based
on Coupled Model Intercomparison Project Phase 6 (CMIP6) in the Yangtze River Basin.

2. Study Area and Dataset
2.1. Study Area

The Yangtze River Basin is located between 24◦ to 35◦N and 90◦ to 122◦E within a
total area of over 1.8 million km2, accounting for 18.8% of China’s land area (Figure 1).
The Yangtze River has a total length of 6300 km, flows through 11 provinces and cities
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such as Qinghai, Tibet, Sichuan, Chongqing, and Yunnan, while the tributaries extend to
eight provinces (autonomous regions) such as Guizhou, Gansu, Shaanxi, Henan, Zhejiang,
Guangxi, Guangdong, and Fujian. The upper reaches of the Yangtze River originate from
above Yichang, with a watershed area of 1 million km2. The middle reaches from Yichang
to Hukou, with a drainage area of 680,000 km2. Downstream from below the Hukou lake
mouth, the watershed area is 120,000 km2. As a unique and complete natural ecosystem, the
Yangtze River Basin has powerful functions such as soil and water conservation, biological
breeding, oxygen and carbon release, environmental purification, etc. It plays an important
role in maintaining the ecological balance and security of surrounding areas and even the
whole country.

Figure 1. Overview of the Yangtze River Basin, including 11 sub basins (F01: Jinsha River, F02:
Mintuo River, F03: Jialing River, F04: Wujiang River, F05: Upper trunk stream, F06: Dongting Lake,
F07: Hanjiang River, F08: Poyang Lake, F09: Middle trunk stream, F10: Lower trunk stream, F11:
Taihu Lake).

2.2. Dataset

The GPP dataset based on the LUE model by improving the optimal temperature
for vegetation growth was used in this study, which could be calculated by Equation
(1). The spatial resolution of these data is 0.05◦, and the time range is from 2001 to 2018.
The resampling method is used to adjust the spatial resolution to 0.1◦. This dataset has
been validated within R2 and RMSE of 0.73~0.76 and 40 gCm−2mon−1 (1.3 gCm−2d−1),
indicating a better simulation accuracy [29].

GPP = PAR× FPAR× εmax ×
1.1814× (1 + e0.3×(−Topt−10+Tair))

1 + e0.2×(Topt−10−Tair)
× (0.25 + 0.75× ET

RN
) (1)

where PAR is photosynthetically active radiation; FPAR is fraction of photosynthetically
active radiation; εmax is efficiency of light energy conversion under ideal conditions; Topt is
the optimum temperature for vegetation growth; ET is the actual evapotranspiration; RN is
surface net radiation.

In addition, the meteorological data including temperature, precipitation, vapor pres-
sure deficit, and short-wave radiation used in this study were obtained from the China
Meteorological Forcing Dataset, which is developed by the Institute of Tibetan Plateau
Research, Chinese Academy of Sciences [30]. The time range used is from January 2001 to
December 2018 with the spatial resolution 0.1◦. The historical CO2 concentration data were
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also obtained from the Wariguan Global Atmospheric Background Station, Global Moni-
toring Laboratory, National Oceanic and Atmospheric Administration (NOAA), Hainan
Prefecture, Qinghai Province, China. It is the only atmospheric background observation sta-
tion in the Northern Hemisphere, and its observation results can represent the atmospheric
greenhouse gas concentration and its changes in the middle latitudes of the Northern
Hemisphere. The land use data used are obtained from European Space Agency CCI-LC
products (https://www.esa-landcover-cci.org/, accessed on 1 September 2023).

To predict the future GPP in the Yangtze River Basin, the projected future climate data
including daily precipitation, temperature, relative humidity, and radiation data are ob-
tained from the selected GCMs under four Shared Socioeconomic Pathways (SSP) scenarios
including SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 from Coupled Model Intercomparison
Project Phase 6 (CMIP6). Meanwhile, the future elevated CO2 data are from the National
Data Center for Ecological Sciences [31]. This dataset is based on historical fossil fuel CO2
emissions and monthly average CO2 concentration data. For the average CO2 concentration
under the SSP-RCPs scenario from 2015 to 2150, based on the historical spatial distribution
of CO2 concentration, the monthly spatial distribution data of CO2 concentration in the
next 2015–2150 years under different scenarios were obtained.

3. Methodology
3.1. Research Framework

The research framework is shown in Figure 2. Firstly, the LUE-RE GPP model is
constructed based on the multivariate linear regression method using the LUE GPP and
historical climate variables including CO2, temperature (TEMP), precipitation (PREC), solar
radiation (SRAD), etc. in each unit considering the land use type classified into forest, grass,
shrub, and crop. Based on the LUE-RE GPP model, the spatial–temporal variation of the
historical GPP is investigated and then the sensitivities of GPP to the climate variables and
the attribution of GPP are conducted. After that, the future GPP is projected under different
SSP scenarios based on CMIP6 climate model and the LUE-RE GPP model.

Figure 2. Framework of this study.

https://www.esa-landcover-cci.org/
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3.2. The LUE-RE GPP Model

Firstly, the LUE GPP values in each unit are divided into forest GPP, grassland GPP,
crop GPP, and shrub GPP based on the vegetation type. For example, the LUE GPP is
separated into different types of GPP according to the land use datasets.

GPP = GPP1 + GPP2 + GPP3 + GPP4 (2)

where GPP1, GPP2, GPP3, and GPP4 represent forest GPP, grassland GPP, crop GPP, and
shrub GPP, respectively.

On the pixel scale, a multivariate linear regression model between GPPs and each
factor of a vegetation is set up as follows:

GPPs = β0s + β1sTEMP + β2sPREC + β3sSRAD + β4seCO2 + εs (3)

where β0s, β1s, β2s, β3s, β4s are parameters for the response of the gross primary productiv-
ity of the s vegetation type to temperature, precipitation, solar radiation, vapor pressure
deficit, and elevated CO2, respectively. εs is an unobservable random variable with a mean
of zero and a variance of σ2 > 0, which is called the Error term and is usually assumed
ε ∼ N(0, σ2). If a total of n years of time series data have been obtained in the existing
years of history, there are:

GPPs1 = β0s + β1sTEMP1 + β2sPREC1 + β3sSRAD1 + β4seCO21 + εs1

GPPs2 = β0s + β1sTEMP2 + β2sPREC2 + β3sSRAD2 + β4seCO22 + εs2

...

GPPsn = β0s + β1sTEMPn + β2sPRECn + β3sSRADn + β4seCO2n + εsn

(4)

Ys =


GPPs1
GPPs2

...
GPPsn

, βs =


β0s
β1s

...
β4s

, εs =


εs1
εs2
...

εsn

 (5)

X =


1 TEMP1 PREC1 SRAD1 eCO21
1 TEMP2 PREC2 SRAD2 eCO22

1
...

...
...

...
1 TEMPn PRECn SRADn eCO2n

 (6)

The above formula is expressed as matrix representation:{
Ys = Xβs + εs

εs ∼ N(1, σ2 In)
(7)

Using the least squares method to calculate the estimated values of regression parame-
ters, by minimizing the sum of squares of errors and seeking the best functional match of
the data, the optimal estimation value of the regression parameters is obtained to minimize
the sum of squares of deviations:

Q(β̂s) =
n

∑
i=1

(GPPsi−β̂0s − β̂1sTEMPi − β̂2sPRECi − β̂3sSRADi − β̂4seCO2i)
2 (8)

According to the principle of extreme value in calculus, β̂ should meet the following
equations:
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

∂Q
∂β0s

∣∣∣
β0s=β̂0s

= −2
n
∑

i=1

(
GPPsi − ĜPPsi

)
= 0

∂Q
∂β1s

∣∣∣
β1s=β̂1s

= −2
n
∑

i=1

(
GPPsi − ĜPPsi

)
TEMPi = 0

∂Q
∂β2s

∣∣∣
β2s=β̂2s

= −2
n
∑

i=1

(
GPPsi − ĜPPsi

)
PRECi = 0

∂Q
∂β3s

∣∣∣
βss=β̂ss

= −2
n
∑

i=1

(
GPPsi − ĜPPsi

)
SRADi = 0

∂Q
∂β4s

∣∣∣
β4s=β̂4s

= −2
n
∑

i=1

(
GPPsi − ĜPPsi

)
eCO2i = 0

(9)

When (X′X)−1 present, the least squares estimate of the regression parameters is
as follows:

β̂s = (X′X)
−1X′Ys (10)

The final model for the gross primary productivity of vegetation is as follows:

GPPs = β̂0s + β̂1sTEMP + β̂2sPREC + β̂3sSRAD + β̂4seCO2 (11)

GPP =
4

∑
s=1

GPPs (12)

The LUE GPP data are used for model calibration and validation. The model is
calibrated using the data from 2001 to 2009 and the data from 2010 to 2018 are used to
validate the model.

3.3. Attribution Analysis Method

The contributions of driving factors to GPP were calculated based on the ridge regres-
sive coefficient and the trend of independent factor:

ηc = acXc,trend (13)

where ηc is the contributions of influence factor to the GPP variation, ac, Xc,trend are the
regressive coefficient and the normalized trend of the influence factors which is between 0
and 1.

The relative contribution of different driving factors to GPP could be confirmed by
the following:

ηrc,i =
|ηc,i|

|ηc,1|+ |ηc,2|+ |ηc,3|+ · · ·
(14)

where ηrc,i is the relative contribution of Xi to the trend of GPP.

3.4. Future Scenarios and Downscaling

Four future scenarios comprehensively consider shared socio-economic paths (SSPs)
and typical concentration paths (RCPs), namely SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5.
After evaluating the GCMs of CMIP6 in the Yangtze River Basin, four climate models
(NorESM2-MM, ACCESS-CM2, IPSL-CM6A-LR, MPI-ESM1-2-LR) were selected by cal-
culating correlation coefficient and standard deviation. Then, they were downscaled by
quantile correction after collective average. The specific evaluation and correction methods
are as follows:

S =
4(1 + R)4

(σf + 1/σf )
2(1 + R0)

4 (15)

where R is the correlation coefficient and R0 is the maximum correlation coefficient, σf is
the specific value of standard deviation. The Quantile Mapping method is designed to
reduce the difference between the empirical cumulative distribution functions (CDFs) of
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the model data and that of the observation data by establishing transfer functions. Then,
these transfer functions are used to correct the future climate model data. The transfer
function can be expressed as

xmc = F−1
o,c {Fm,c[xm,v(t)]} (16)

where xmc is the corrected climate model data; xm,v(t) is the original climate model data of
t period; Fm,c is the CDFs of original climate model data for historical periods; F−1

o,c is the
inverse empirical CDFs of observation data.

4. Results
4.1. Model Validation

The R2, NSE, and RMSE are calculated to evaluate the model performance as shown
in Table 1. The results show that GPP could be captured quite well with the R2, NSE, and
RMSE which are 0.97, 0.97, and 11.03 gCm−2mon−1. It can also be seen from 11 catchments
that the R2 is higher than 0.9 in most catchments, except for that of the Poyang Lake, lower
trunk stream, and Taihu Lake within the values about 0.85. The NSE values in most of the
subbasins are higher than 0.9, except for the Dongting Lake, Poyang Lake, lower trunk
stream, and Taihu Lake within the values around 0.8. The RMSE of most basins are lower
than 20 gCm−2mon−1, except for that of the Wujiang River, Poyang Lake, lower trunk
stream, and Taihu Lake which are lower than 25 gCm−2mon−1. Figure 3 shows the spatial
patterns of GPP in different seasons between the model simulated GPP and LUE GPP. The
results show that the simulated GPP could reflect the spatial distribution pattern of GPP in
different seasons well. In addition, it can be seen that the LUE-RE model could capture the
interannual and seasonal variations quite well with good agreement between the simulated
and LUE-based GPP from Figure 4. Overall, the model results are acceptable for GPP
simulations in the Yangtze River.

Figure 3. Spatial comparison between simulated GPP and LUE GPP.
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Figure 4. Comparison of monthly GPP changes between model simulation values and LUE GPP in
the Yangtze River and 11 sub basins.
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Table 1. Model performance in monthly GPP simulation by LUE-RE model.

Sub Basins R2 NSE RMSE
(gCm−2mon−1)

Yangtze River 0.97 0.97 11.03
Jinsha River 0.98 0.98 7.38

Mintuo River 0.93 0.90 19.35
Jialing River 0.95 0.95 18.00

Wujiang River 0.93 0.91 21.24
Upper trunk stream 0.94 0.92 20.90

Dongting Lake 0.90 0.89 19.93
Hanjiang River 0.96 0.95 20.15
Poyang Lake 0.85 0.81 21.97

Middle trunk stream 0.93 0.92 16.61
Lower trunk stream 0.85 0.81 21.87

Taihu Lake 0.85 0.76 22.19

4.2. Attributions of Historical GPP Changes

(1) Spatial and temporal variation of historical GPP

The changes in annual GPP in the different sub basins of the Yangtze River Basin
are illustrated in Figure 5. In the whole Yangtze River, GPP increases with a slope of
9.18 gCm−2year−1a−1, and it shows obvious growth trends in the Jialing River, Wujiang
River, upper trunk stream, Dongting Lake and Poyang Lake, with the slopes of 15.74
gCm−2year−1a−1, 11.16 gCm−2year−1a−1, 14.49 gCm−2year−1a−1, and 12.67 gCm−2year−1a−1,
respectively, while in Taihu Lake, GPP shows less growth trend within the slope of
1.35 gCm−2year−1a−1. In general, the GPP in the Yangtze River Basin shows an increasing
trend, but the increasing trends are different in different sub basins.

The spatial distribution of GPP is shown in Figure 6. In spring and autumn, the GPP in
the Yangtze River Basin is mostly concentrated around 150 gCm−2mon−1; in summer, GPP
is mostly concentrated around 300 gCm−2mon−1; in winter, the GPP is mostly less than
40 gCm−2mon−1. The regions with high GPP values are concentrated in the southwest and
southeast of the Yangtze River Basin, Jialing River, and Hanjiang River.

To further identify the historical trends of GPP changes in the Yangtze River Basin dur-
ing different seasons, the slopes of the monthly mean GPP changes in different seasons are
investigated as shown in Figure 7. The results show that the changing trends of GPP in the
Yangtze River Basin are most obvious in spring, and the regions with significant increases
occupy a large space, among which the growth trend is most significant in the Jialing River,
Hanjiang River, and the upper trunk stream at greater than 3 gCm−2mon−1a−1; in summer,
the regions with significant growth are only concentrated in the Jinsha River, Jialing River,
and part of Hanjiang River, while Dongting Lake and Poyang Lake have a certain decreasing
trend. In autumn, the regions with significant increases are concentrated in the southwest
of the Yangtze River Basin, with a growth slope of 2–3 gCm−2mon−1a−1. In winter, the
growth trend of GPP in the entire basin is slight and concentrated at 0–1 gCm−2mon−1a−1.
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Figure 5. Changes of annual gross primary productivity in the Yangtze River Basin.
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Figure 6. The spatial pattern of GPP in different seasons.

Figure 7. Changes of seasonal GPP (the stripes areas indicating significant changes).

(2) Sensitivities of GPP to different climate factors

The sensitivities of monthly GPP to different climate factors are shown in Figure 8.
Figure 8a shows that GPP increases as CO2 enrichment in nearly all the months, and GPP
is most sensitive to elevated CO2 in spring (April, May) and October, November, and De-
cember in the Yangtze River Basin. The highest sensitivity coefficient ranges between 0.389
(Jinsha River) and 0.651 (Jialing River) in the basin. The sensitivity of GPP to temperature
(TEMP) changes is shown in Figure 8b indicating an obvious negative correlation from
late spring (May) to autumn (October) and positive correlation from winter (November)
to spring (April) in most subregions. The highest positive coefficient ranges between
0.25 (Taihu Lake) and 0.683 (Hanjiang River), while the lowest negative coefficient ranges
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between −0.948 (upper trunk stream) and −0.378 (Taihu Lake). The sensitivity of GPP to
precipitation (PREC) shows more complexity with significant spatial–temporal variance
with both positive and negative correlation ranges between −0.34 and 0.32. Figure 8d
shows the sensitivity of GPP to solar radiation. The results show almost a positive trend
with solar radiation (SRAD) in the basin and it is most sensitive to solar radiation from May
to November, especially in the Jialing River (0.893), Wujiang River (0.765), upper trunk
stream (0.799), Dongting Lake (0.737), Hanjiang River (0.843), and Poyang Lake (0.763).

Figure 8. Sensitivity of GPP to elevated CO2 (a), TEMP (b), PREC (c), SRAD (d) in different sub basins.

(3) Attributions of annual GPP changes

The contribution of different climate factors to GPP in the Yangtze River Basin is shown
in Figures 9 and 10. It can be seen that elevated CO2 is the main driving factor contributing
most of the positive effects in the Yangtze River Basin. The positive contribution to GPP is
relatively high in the entire basin, with an average of 60%, and 25% of pixels contribute
less than 55% to GPP. The contribution of 25% to 75% of pixels to GPP ranges from 55%
to 80%, and the contribution of 25% of pixels to GPP is greater than 75%. The average
contribution of temperature to GPP is about 4%. The positive contribution is relatively large
at the source of the Yangtze River and concentrated in the Jinsha River system. In other
regions, the main negative contribution is relatively large, with negative pixels accounting
for about 60%, 25% of pixels contributing less than −10% to GPP, 25% to 75% of pixels
contributing between −10% to GPP, and 25% of pixels contributing more than −3% to GPP.
The contribution of precipitation to GPP is relatively small, with an average value of 0.3%.
Positive and negative performance accounts for 50%, with 25% of pixels contributing less
than −3%, 25% to 75% contributing between −3% and 4%, and 25% contributing more
than 4%. The contribution of solar radiation to GPP is mainly negative with an average
value of −5%. Negative contribution pixels account for 65%, 25% of pixels contribute less
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than −16%, 25% to 75% contribute between −16% and 4%, and 25% contribute more than
4% to GPP.

Figure 9. The box plot of elevated CO2 (eCO2), TEMP, PREC, and SRAD contribution to GPP.

Figure 10. Spatial distribution map of elevated CO2 (eCO2), TEMP, PREC, and SRAD contribution to GPP.

(4) Attributions of seasonal GPP changes

The contribution of different climate factors to seasonal GPP is shown in Figure 11. It
can be seen that elevated CO2 is the dominant factor contributing large GPP increases in
nearly all the subregions except for that in the summer of the downstream main stream and
the summer and winter of the Taihu Lake system. The contribution of elevated CO2 to GPP
in autumn and winter is basically higher than that in summer. The average contributions
of elevated CO2 to seasonal GPP are 62.84%, 32.6%, 60.5%, and 46.3% in spring, summer,
autumn, and winter, respectively. The relative contribution of TEMP to GPP is generally
negative in summer and positive in other seasons; in particular, the negative effects could
reach above −20% in six subregions. The relative contributions of TEMP to GPP are 12.63%,
−0.06%, 1.06%, and 5.17% in the four seasons. The contribution of PREC to GPP is mainly
negative in autumn and low in other seasons. In spring, summer, and winter, the average
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contribution of PREC to GPP is about −4.99%, 1.74%, and 0.69%. Meanwhile, in autumn,
the average contribution of PREC to GPP is −24.2% and it could reach about −36% in the
Hanjiang River. The contribution of SRAD to GPP is mainly negative in autumn and low
in other seasons. The average contribution of SRAD to GPP in spring is −2.98% and is
2.62% in summer. In winter, the average contribution of SRAD to GPP is much higher,
about −22.64%, and the largest negative effect is nearly −30%; in winter, the average
contribution of SRAD to GPP is relatively lower, about 2.91%. Overall, the contributions
of different climate factors to GPP in the Yangtze River Basin show large differences. The
positive contribution of elevated CO2 changes to GPP is significant, particularly in spring
and autumn, while the positive contributions of TEMP, PREC, and SRAD to GPP changes
are relatively smaller. Moreover, it should be mentioned that TEMP makes a significant
negative contribution to GPP in summer, while PREC and SRAD make a significant negative
contribution to GPP in autumn.

Figure 11. The contribution of elevated CO2 (eCO2), TEMP, PREC, and SRAD to GPP in different seasons.

4.3. Future Projection of GPP Changes under Different Scenarios

(1) Projected temporal patterns of annual and seasonal GPP

The projected GPP changes spanning 2014 to 2100 in the Yangtze River Basin are
shown in Figure 12. It is evident that substantial disparities exist in the future alterations of
the Yangtze River Basin under different climate model scenarios. Among them, GPP shows
an increasing trend and then a decreasing trend under the SSP1-2.6 scenario, while GPP
shows a continuous increasing trend under other scenarios, and the growth amplitude is
SSP5-8.5 > SSP3-7.0 > SSP2-4.5. From the perspective of different seasons, the slope of GPP
growth in spring is the highest, followed by autumn, and the lowest in winter. Due to the
rapid growth of GPP in spring, GPP in spring will be higher than that in summer around
2050 under the SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios. It is evident that the growth
rate of GPP exhibits variations across different stages in the future, thus necessitating
a division of the future into three distinct phases: S1 stage from 2014 to 2040, S2 stage
from 2041 to 2070, and S3 stage from 2071 to 2100. From the slope changes of different
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seasons in different stages (Figure 13), it can be seen that GPP growth is predominantly
concentrated during spring and autumn across various scenarios, with spring displaying
the most pronounced growth trend. And the growth trend in winter is the smallest. Under
the SSP1-2.6 scenario, the growth trend of GPP in S1 stage is the most pronounced, with
1.77 gCm−2mon−1a−1 in spring, 0.82 gCm−2mon−1a−1 in summer, 1.06 gCm−2mon−1a−1

in autumn, and 0.42 gCm−2mon−1a−1 in winter; the growth trend of GPP in the S2 stage
has decreased to a certain extent, but it still maintains a relatively low increase trend, with
0.40 gCm−2mon−1a−1 in spring, 0.16 gCm−2mon−1a−1 in summer, 0.22 gCm−2mon−1a−1

in autumn, and 0.14 gCm−2mon−1a−1 in winter; during the S3 stage, GPP showed a
downward trend, with −0.58 gCm−2mon−1a−1 in spring, −0.29 gCm−2mon−1a−1 in
summer,−0.36 gCm−2mon−1a−1 in autumn, and−0.13 gCm−2mon−1a−1 in winter. Under
the SSP2-4.5 scenario, the trend of GPP changes in S1 and S2 stages is basically similar,
with 1.93 and 2.00 gCm−2mon−1a−1 in spring, 0.89 and 0.92 gCm−2mon−1a−1 in summer,
1.37 and 1.34 gCm−2mon−1a−1 in autumn, and 0.45 and 0.48 gCm−2mon−1a−1 in winter,
respectively; the growth trend of GPP in S3 stage has decreased to a certain extent, with
0.83 gCm−2mon−1a−1 in spring, 0.43 gCm−2mon−1a−1 in summer, 0.53 gCm−2mon−1a−1

in autumn, and 0.23 gCm−2mon−1a−1 in winter. Under the SSP3-7.0 scenario, the GPP
growth trend from S1 to S3 stages continues to increase, with values of 2.39, 3.56, and
4.73 gCm−2mon−1a−1 in spring, 0.97, 1.53, and 2.07 gCm−2mon−1a−1 in summer, 1.47,
2.35, and 3.10 gCm−2mon−1a−1 in autumn, and 0.58, 0.82, and 1.06 gCm−2mon−1a−1

in winter, respectively. Under the SSP5-8.5 scenario, the growth trend of GPP from S1
to S3 stages continues to increase, and the growth amplitude is greater than that of the
SSP3-7.0 scenario, with 2.64, 5.31, and 8.61 gCm−2mon−1a−1 in spring, 1.16, 2.33, and
3.84 gCm−2mon−1a−1 in summer, 1.71, 3.55, and 5.61 gCm−2mon−1a−1 in autumn, and
0.62, 1.27, and 1.90 gCm−2mon−1a−1 in winter, respectively.

Figure 12. Projected future annual GPP (a) and seasonal GPP (b) changes in the Yangtze River Basin
under different scenarios.



Remote Sens. 2023, 15, 4489 16 of 25

Figure 13. Slopes of seasonal GPP changes in the Yangtze River Basin under different scenarios.

(2) Projected spatial patterns of annual and seasonal GPP

The annual average GPP in different seasons under different scenarios are as shown
in Figure 14. Under SSP1-2.6 scenario, the following is shown: in spring, the area below
100 gCm−2mon−1 accounts for about 25%, and most of them are concentrated in the Jin-
sha River, the area between 100~200 gCm−2mon−1 accounts for about 45%, and the area
above 200 gCm−2mon−1 accounts for about 30%, most of which are concentrated in the
Jialing River, the upper trunk stream, and the Hanjiang River. In summer, the area below
100 gCm−2mon−1 accounts for about 10%; the area between 100 and 200 gCm−2mon−1

accounts for about 50%, most of which are concentrated in the Poyang Lake and Dongt-
ing Lake; the area above 200 gCm−2mon−1 accounts for about 40%, most of which are
concentrated in the Mintuo River, Jialing River, and Hanjiang River. In autumn, the area
below 100 gCm−2mon−1 accounts for about 25%, and most of them are concentrated in
the Jinsha River; the area between 100~200 gCm−2mon−1 accounts for about 55%, and the
area above 200 gCm−2mon−1 accounts for about 20%, most of which are concentrated in
the southwest of the basin, the upper trunk stream, Dongting Lake, and Poyang Lake; in
winter, 90% of areas have GPP below 100 gCm−2mon−1, while areas with higher GPP are
mainly distributed in the southern part.

Under SSP2-4.5 scenario, the following is shown: in spring, the area below 100 gCm−2mon−1

accounts for about 20%, and most of them are concentrated in the Jinsha River; the area be-
tween 100–200 gCm−2mon−1 accounts for about 20%, and the area above 200 Cm−2mon−1

accounts for about 60%, which is mainly concentrated in the Jialing River, the upper trunk
stream, and the Hanjiang River. In summer, the area below 100 gCm−2mon−1 accounts for
about 10%; the area between 100 and 200 gCm−2mon−1 accounts for about 40%, mostly
concentrated in the Poyang Lake and Dongting Lake, and the area above 200 gCm−2mon−1

accounts for about 50%, mostly concentrated in the Mintuo River, Jialing River, and Han-
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jiang River. In autumn, the area below 100 gCm−2mon−1 accounts for about 20%, and
most of them are concentrated in the Jinsha River; the area between 100~200 gCm−2mon−1

accounts for about 30%, and the area above 200 gCm−2mon−1 accounts for about 50%, and
most of them are concentrated in the southwest of the basin, the upper trunk stream, Dongt-
ing Lake, and Poyang Lake; in winter, 85% of regions have GPP below 100 gCm−2mon−1.

Under SSP3-7.0 scenario, the following is shown: in spring, the area below 100 gCm−2mon−1

accounts for about 20%, and most of them are concentrated in the Jinsha River; the area be-
tween 100–200 gCm−2mon−1 accounts for about 20%, and the area above 200 gCm−2mon−1

accounts for about 60%, which is mainly concentrated in the Jialing River, upper trunk
stream, and Hanjiang River; in summer, the area below 200 gCm−2mon−1 accounts for
about 50%, mostly concentrated in the Poyang Lake, Dongting Lake, and the lower reaches
of the Yangtze River; the area between 200 and 300 gCm−2mon−1 accounts for about 20%,
mostly concentrated in the Jinsha River; the area above 300 gCm−2mon−1 accounts for
about 30%, mostly concentrated in the Jialing River and the Hanjiang River. In autumn, the
area below 100 gCm−2mon−1 accounts for about 20%, and most of them are concentrated
in the Jinsha River; the area between 100~300 gCm−2mon−1 accounts for about 60%, and
the area above 300 gCm−2mon−1 accounts for about 20%, most of which are concentrated
in the southwest of the basin, the upper trunk stream, and Dongting Lake; in winter, 80%
of regions have GPP below 100gCm−2mon−1.

Under SSP5-8.5 scenario, the following is shown: in spring, the area below 100 gCm−2mon−1

accounts for about 15%, and most of them are concentrated in the Jinsha River; the area be-
tween 100~300 gCm−2mon−1 accounts for about 15%, and the area above 300 gCm−2mon−1

accounts for about 60%, most of which are concentrated in the Jialing River, upper trunk
stream, and Hanjiang River. In summer, the area below 200 gCm−2mon−1 accounts for
about 40%, mostly concentrated in the Poyang Lake, Dongting Lake, and the lower reaches
of the Yangtze River; the area between 200 and 300 gCm−2mon−1 accounts for about 15%,
mostly concentrated in the Jinsha River. The area above 300 gCm−2mon−1 accounts for
about 45%, mostly concentrated in the Jialing River and the Hanjiang River. In autumn, the
area below 100 gCm−2mon−1 accounts for about 20%, and most of them are concentrated in
the Jinsha River; the area between 100~300 gCm−2mon−1 accounts for about 40%, and the
area above 300 gCm−2mon−1 accounts for about 40%, and most of them are concentrated
in the southwest of the basin, the upper trunk stream, and Dongting Lake; in winter, 70%
of the regions have GPP below 100 gCm−2mon−1.

To further investigate the variations in GPP across different sub basins of the Yangtze
River Basin in the future, the changes between future and historical GPP are illustrated
in Figure 15. Generally, GPP increases mostly in spring and autumn, while it shows less
increase and even some decreases compared to the historical values in some sub basins
in summer. In spring, the sub basins with large changes in GPP include the Jialing River,
Wujiang River, upper trunk stream, and Hanjiang River, of which the upper trunk stream
has the largest change, with 109.11, 193.24, 290.25, and 400.01 gCm−2mon−1, respectively,
under SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios. In summer, the sub basins
with great changes of GPP include the Mintuo River, Jialing River, the upper trunk stream,
and the Hanjiang River. The Mintuo River has the largest change of 54.95 gCm−2mon−1

under SSP1-2.6 scenarios, and the Hanjiang River has the largest change of 86.45, 135.73,
and 202.43 gCm−2mon−1 under SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios. Meanwhile, in
the Dongting Lake, Poyang Lake, lower trunk stream, and Taihu Lake, GPP show small
decreases compared to the historical values. In autumn, GPP shows large increases in
the upper trunk streams within 77.69, 121.99, 167.74, and 230.92 gCm−2mon−1 under the
four scenarios, respectively. GPP in the Jinsha River, Mintuo River, and the Taihu Lake
shows less changes, of which the Jinsha River has the smallest increases of about 32.03,
48.95, 68.18, and 89.24 gCm−2mon−1 under the four scenarios, respectively. In winter, GPP
increases mostly in the Dongting Lake and the Poyang Lake, of which the Poyang Lake has
the largest change, with 37.81, 57.91, 79.83, 109.63 gCm−2mon−1, respectively; meanwhile,
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it shows less changes in the Taihu Lake with 6.15, 4.36, 0.42, and 0.86 gCm−2mon−1 under
the four scenarios, respectively.

Figure 14. The spatial distribution of projected future GPP under different scenarios.
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Figure 15. Changes of future vs. historical GPP in different sub basins under different scenarios.

5. Discussion
5.1. Driving Factors on Historical GPP Variations

At annual scale, GPP shows an increasing trend in the Yangtze River Basin, which can
be observed almost globally and is consistent with many previous studies [32,33]. However,
GPP in the Yangtze River Basin does not maintain an increasing trend throughout the year
at seasonal scale, and it increases mainly in April and May. Based on the sensitivity and
contribution analysis of GPP, it can be seen that the main factor affecting the changes in GPP
in spring is elevated CO2, indicating that elevated CO2 dominates the GPP changes in the
Yangtze River Basin. At the same time, it can be seen that the impact of elevated CO2 on GPP
is mainly concentrated in spring and autumn, and the reason for the smaller increase in GPP
in autumn is that the negative effects of precipitation and solar radiation offset a portion
of the positive effects of elevated CO2. From previous studies, it can also be seen that the
fertilization effect of carbon dioxide is the most important factor in increasing vegetation
productivity [34,35]. The increase in CO2 concentration can enhance photosynthesis by
controlling the closure of stomata and improving water use efficiency [36]. Figure 16 shows
the correlations between the sensitivity of GPP to elevated CO2 (deCO2), temperature
(dTEMP), precipitation (dPREC), and solar radiation (dSRAD) with temperature and
precipitation in different months. It can be observed that the impact of elevated CO2 on
GPP is highest in spring when temperatures warm up and vegetation begins to grow. This
may be due to the fertilization effect of carbon dioxide improving the water use efficiency
of vegetation, leading to a significant increase in GPP. It can also be seen that in summer,
when there is more precipitation, the correlation between deCO2 and precipitation shows
negative values. The more precipitation, the less obvious the response of GPP to carbon
dioxide fertilization in regions, which can also prove that the fertilization effect of CO2
mainly affects vegetation during periods of water scarcity. At the same time, there is also a
certain correlation between deCO2 and temperature, mainly showing a positive correlation,
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which proves that an increase in temperature is beneficial for enhancing the fertilization
effect of carbon dioxide. However, a negative correlation in summer also indicates that there
is an optimal temperature. If the temperature is too high, it may inhibit the fertilization
effect of carbon dioxide. In addition, the prolonged growth season of vegetation due to
temperature rise further strengthens the fertilization effect of carbon dioxide.

Figure 16. Correlation of elevated CO2 (eCO2), temperature, precipitation, and solar radiation with
temperature (a) and precipitation (b) in the Yangtze River Basin.

Although changes in elevated CO2 play a dominant role in vegetation change, the
impact of climate variables on vegetation cannot be ignored. Many studies have shown
that precipitation, temperature, and radiation are important factors affecting vegetation
productivity. This study found that the sensitivity of GPP to precipitation is relatively
low, mainly because the Yangtze River Basin has a large amount of precipitation, which
is relatively humid, and the limiting effect of water on it is relatively low. From the corre-
lation between dPREC and precipitation, it can be seen that they mainly show a negative
correlation, proving that precipitation in areas with lower precipitation has a greater impact
on vegetation productivity. It can also be found from other studies that precipitation plays
a significant role in water-limited semi-arid ecosystems and is the main cause of vegetation
changes [37]. Temperature affects various physiological processes of plants. Before reaching
the optimal temperature, an increase in temperature usually increases plant photosynthesis
and promotes plant growth. The dTEMP shows that the impact of temperature on GPP is
the lowest in summer and is negative in most regions. Moreover, in summer, temperature
also has a significant negative contribution to GPP, possibly due to climate warming. The
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temperature in summer has exceeded the optimal temperature for vegetation, and the
continued temperature increase will not promote vegetation growth. Combined with the
correlation analysis between dTEMP and temperature, it can be proven that the impact of
temperature on vegetation GPP is greater in areas with lower temperatures. In addition,
an increase in temperature may also lead to an extension of vegetation growth period,
thereby improving vegetation productivity [38], and it is more obvious in high-latitude and
high-altitude regions [39], which can also be proven from the above conclusion. From the
negative correlation between dTEMP and precipitation, it can be seen that precipitation
may also inhibit the impact of temperature on vegetation. Solar radiation affects vari-
ous aspects of vegetation growth and development through photosynthetic, thermal, and
morphological effects, making it a key control factor for the vegetation sensitivity index,
especially in humid climate areas with relatively low radiation levels [40,41]. The dSRAD
is higher in rainy summers, and it is positively correlated with precipitation in all months,
further supporting this conclusion. However, due to the combustion of fossil fuels, the
aerosol load increases, leading to a decrease in solar radiation, which is also the reason for
the negative contribution of solar radiation to GPP.

5.2. GPP Changes in the Future

In the future, GPP shows a significant upward trend, indicating that the carbon se-
questration capacity of the Yangtze River Basin is constantly increasing. It can be clearly
observed that under the SSP1-2.6 scenario, the GPP shows a downward trend from rapid
growth to slow growth, indicating that the maintenance of stable or even decreasing ele-
vated CO2 leads to a decrease in the fertilization effect of CO2, and the decrease in elevated
CO2 also leads to the maintenance of stable temperature, further weakening the negative
effects of spring and autumn temperatures on vegetation, and alleviating the pressure of
summer high temperatures on GPP. While under other scenarios, GPP increases with the
continuous increase in elevated CO2. From the future trends of GPP changes in the four
scenarios, it can be seen that the changes in GPP are almost consistent with the changes
in elevated CO2. Over the past century, the terrestrial biosphere has responded to anthro-
pogenic carbon dioxide emissions with the greatest increase in photosynthetic activity,
which is proportional to the increase in atmospheric carbon dioxide concentration [42].
This phenomenon of GPP proportional to the increase in atmospheric elevated CO2 will
continue in the future, and elevated CO2 will still dominate the changes in GPP. This is
mainly because the increase in elevated CO2 leads to a significant improvement in pho-
tosynthesis and water use efficiency at the leaf level of vegetation, and this change may
alleviate the impact of future drought stress on vegetation [43].

The future growth of GPP in the Yangtze River Basin will be most significant in
spring and autumn, partly due to the fertilization effect of elevated CO2, and partly due
to the positive impact of temperature rise. The increase in temperature will prolong the
growth season of vegetation, leading to a larger leaf area in earlier spring and delaying the
aging time of vegetation in autumn, resulting in a longer growth cycle of vegetation [44],
combined with the fertilization effect of elevated CO2, resulting in the highest growth trend
of GPP in spring and autumn. In other stable climate conditions, vegetation will be within
a specific temperature range, below the optimal temperature. Increasing temperature can
promote enzyme activity, but beyond this temperature range, excessive heat can lead to
stomatal closure and enzyme inactivation [45]. In summer, as the optimal temperature has
already been exceeded, future high temperatures may have a significant negative impact on
GPP, and the increasing temperature may have an increasing negative impact on vegetation,
resulting in a lower growth rate of GPP. However, high concentrations of CO2 can still
bring positive effects to GPP growth in summer, and the positive effect of this CO2 is higher
than the negative impact of temperature rise, resulting in GPP being able to maintain an
increasing level during the summer.

The growth of GPP may lead to an increase in evapotranspiration, or affect runoff,
resulting in a decrease in runoff [46]. Based on the above results, it can be seen that the
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vegetation productivity in the Yangtze River Basin will continue to increase under the
conditions of climate change in the future, which may also lead to changes in hydrological
processes. This situation may be more severe in spring, and the increase in vegetation
productivity indicates that the water demand of future vegetation may increase, leading
to an increase in transpiration, affecting water infiltration, and ultimately leading to a
decrease in runoff. At the same time, due to the low precipitation in spring, it may cause
the occurrence of drought events. Although there is more precipitation in summer, the risk
of drought may also be further exacerbated by future temperature increases and increased
vegetation productivity. Under different scenarios, the spring drought risk in the Yangtze
River Basin may increase in sequence under SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5. This
drought risk needs to be especially prevented in the Jialing River, the Wujiang River, the
upper trunk stream, and the Dongting Lake. It is worth noting that with the maintenance
and increase in elevated CO2, this potential drought risk may further intensify.

5.3. Uncertainties and Limitations

Due to the limitations of the statistical models, there are still some uncertainties of
this research. In this study, climate factors and land cover are considered to build the LUE-
RE model; however, other factors like topographic characteristics, soil type, and human
activities would also affect future GPP changes, which were not considered and may result
in certain uncertainties in GPP predictions. Furthermore, with the continuous increase
in elevated CO2, the fertilization effect of CO2 on vegetation may be weakened, and the
response of GPP to the increase in CO2 concentration shows a nonlinear near-saturation
feature [47]. The positive impact of increasing CO2 concentration on terrestrial carbon
absorption may be reduced [48]. This indicates that the response of GPP to elevated CO2
may decrease in the future, which is an issue that the LUE-RE model did not consider and
may lead to overestimation of the simulated GPP. Research has shown that by the end
of the 21st century, the average temperature in tropical regions will exceed the optimal
temperature, affecting vegetation photosynthesis. From our results, it can also be seen that
as the future temperature increases, spring and autumn may have already reached the
current summer temperature, leading to a change in the impact of temperature on GPP,
which may also lead to a degree of overestimation of the simulated values. The above
factors may lead to increasing uncertainties in the model at a larger time scale in the future.

6. Conclusions

In this study, a new method for estimating GPP by coupling the LUE model and
regression model is developed, and the model could perform well in GPP simulation in
the Yangtze River Basin. The main conclusions are as follows: (1) GPP in the Yangtze
River Basin shows a significant increase trend in the historical period. The elevated CO2
dominates the change of GPP in the Yangtze River Basin. (2) The growth trend of GPP
becomes more pronounced with the increase in CO2 emissions from SSP1-2.6 to SSP5-8.5
scenarios. Under SSP1-2.6, the GPP shows a trend of first increasing and then decreasing,
with a significant upward trend from 2014 to 2040, a slower growth rate from 2041 to 2020,
and a decreasing trend from 2071 to 2100. Meanwhile, in other scenarios, there is an upward
trend. Under SSP2-4.5, the growth trend is relatively obvious from 2014 to 2040 and 2041 to
2070, with a slowdown in growth from 2071 to 2100. In the other two scenarios, the growth
trend of GPP is becoming larger and larger. (3) There are significant seasonal differences in
the future changes of GPP in the Yangtze River Basin, with the greatest changes occurring
in spring. Moreover, under the SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios, the spring GPP
may exceed the summer GPP, leading to an increased risk of future drought. The sub basins
with large changes in GPP are concentrated in the Jialing River, Wujiang River, upper
trunk stream, and Dongting Lake. The sub basins with small changes are the Jinsha River,
Mintuo River, downstream main stream, and the Taihu Lake. The degree of change also
increases with increasing CO2 emissions under SSP1-2.6 to SSP5-8.5. (4) In general, the
carbon sequestration capacity of the Yangtze River Basin will increase in the future, but
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under the SSP1-2.6 scenario, it is necessary to guard against the risk of declining carbon
sequestration capacity in the future. At the same time, the carbon sequestration capacity of
Poyang Lake and Dongting Lake may decline in summer, while the large increase in the
productivity of upstream vegetation needs to guard against the impact on downstream
water resources in the future.
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