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Abstract: Understanding how climate policies impact forest carbon sequestration is crucial
for optimizing mitigation strategies. This study evaluated forest carbon sequestration
in China from 2020 to 2060 under three climate scenarios: SSP1-2.6 (high mitigation),
SSP3-7.0 (limited mitigation), and SSP5-8.5 (no mitigation). We integrated the land-use
harmonization (LUH2) and patch-generating land-use simulation (PLUS) models to project
forest cover change, and the Lund–Potsdam–Jena managed land (LPJmL) model to simulate
carbon dynamics. The results showed stronger mitigation efforts led to higher sequestration,
with annual rates of 0.49, 0.48, and 0.20 Pg yr−1 across the scenarios. SSP1-2.6 achieved the
highest carbon density (17.75 kg m−2) and sequestration (56.95 Pg), driven by the greatest
increases in the carbon density of existing forests (+41.56%) and soil carbon (+39.94%). SSP3-
7.0, despite the highest forest cover (34.74%), had a lower carbon density (17.19 kg m−2)
and sequestration (56.84 Pg). SSP5-8.5 recorded the lowest forest cover (27.12%) and
sequestration (45.62 Pg). Increasing carbon density, rather than expanding forest area,
could be more effective for carbon sequestration in China. The carbon density and annual
sequestration in existing forests were 2.36 and 2.89 times higher than in new forests.
We recommend prioritizing SSP1-2.6 to maximize sequestration, focusing on protecting
southwest forests and soil carbon.

Keywords: climate change mitigation; carbon sequestration; forest management; CMIP6;
spatial modeling

1. Introduction
As climate change accelerates, reducing greenhouse gas emissions and limiting global

warming have become urgent international priorities [1]. The Paris Agreement aims to
limit the temperature rise below 2 ◦C by 2100, urging countries to peak and neutralize
carbon emissions rapidly [2]. Forest ecosystems are crucial in this context, as they have
the potential to serve as significant carbon sinks [3]. Forests absorb CO2 and sequester it
in biomass, litter, and soil, effectively reducing atmospheric carbon concentrations [1,3].
Globally, the annual carbon sequestration by forest ecosystems is equivalent to one-third
of fossil fuel emissions, making forest conservation and restoration central to the climate
strategies of many countries [1,2,4].

China, currently the world’s largest CO2 emitter, has committed to peak carbon
emissions by 2030 and achieving carbon neutrality by 2060 [3]. To meet these ambitious
goals, the country has implemented a range of climate change mitigation measures focused
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on economic transformation, energy restructuring, and ecosystem protection [5,6]. Notably,
several of these measures, such as regulating forest occupation, timber consumption,
fuelwood use, and forest restoration, directly affect forest cover and carbon sequestration,
which, in turn, influences climate change mitigation outcomes [2,7–9]. Therefore, assessing
the spatial effects of climate policies on forest cover and carbon sequestration is crucial for
evaluating their effectiveness and guiding future improvements.

Model coupling analyses are the primary approaches for exploring the impact of
climate policies on forest ecosystems [3,10]. These approaches integrate simulations of
forest cover change with ecological effect assessments to evaluate policy outcomes [11,12].
Recent studies on the forest cover change simulation have focused on the role of natural
environmental factors [13]. For example, neighboring forest proportions, climate, soil, and
topography directly influence physiological processes like tree germination, growth, and
reproduction, ultimately determining habitat suitability [14–16]. However, forest cover
change is also driven by socioeconomic factors [3]. Human activities, including agriculture,
urbanization, and infrastructure development, can alter the forest ecosystem structure
and function, affecting both the sustainability of forest recovery and the extent of cover
loss [14,17,18]. The interaction between natural and socioeconomic factors further shapes
landscape patterns, with wildfires, agricultural expansion, and construction being key
drivers of deforestation [19].

Species distribution models (SDMs) and land-use and cover change (LUCC) simulation
models are two major methods for simulating forest cover change [3,13,16,20]. SDMs
apply spatial statistics and machine learning to establish correlations between tree species
distribution and environmental variables [11,12]. While traditional spatial statistics focus
on the linear or additive effects of environmental variables on species distribution, they
struggle with complex interactions among multiple factors [3,21,22]. In contrast, machine-
learning models can better capture these complexities more effectively, although they often
lack interpretability [21]. As a classic LUCC simulation model, the cellular automata (CA)
model models simulate fine-scale forest cover dynamics by incorporating spatial proximity
and land-use and cover change probabilities [23]. The patch-generating land-use simulation
(PLUS) model combines machine learning with CA models, and offers both feature learning
and spatial simulation capabilities [24]. The land-use harmonization (LUH2) model, part
of the coupled model intercomparison project 6 (CMIP6), provides large-scale and long-
term projections of land-use and cover change under various climate change mitigation
policy scenarios [25,26]. However, its global scale and spatial resolution of 0.25◦ limit its
application in detailed forest carbon sequestration estimates [20].

Forest carbon sequestration assessment models can be categorized into three groups:
parameterized models based on observed data, time-series models reflecting forest suc-
cession, and dynamic vegetation models simulating physiological responses [7,27–29].
Parameterized models, such as the Integrated Valuation of Ecosystem Services and Trade-
offs (InVEST), quantify carbon sequestration in specific forest cover states using histori-
cal data and average carbon densities across four carbon pools: above-ground biomass,
below-ground biomass, litter, and soil organic matter [28]. Time-series models account for
bioclimatic constraints and forest growth stages to capture the carbon accumulation over
time. For example, forest age-logistic models estimate regional carbon sequestration limits
and processes under specific climatic and soil conditions [27]. While these models focus
on fixed climate variables like temperature and precipitation, they often fail to capture the
effects of climate variability on forest carbon dynamics [7]. Dynamic vegetation models
can simulate vegetation responses to climate change [7]. However, inconsistencies in the
input datasets, particularly those related to climate and land-use and cover changes, limit
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the models’ capacity to estimate forest carbon sequestration incorporating future climate
mitigation policies [30].

To address these limitations, we developed a coupled modeling framework to simu-
late forest carbon sequestration in China from 2020 to 2060 under multiple climate change
mitigation policy scenarios. This framework integrated PLUS with LUH2 to model forest
cover change driven by policy choices. Subsequently, it used the Lund–Potsdam–Jena man-
aged land (LPJmL) to simulate forest growth and carbon accumulation, establishing links
between forest cover change and carbon sequestration across different policy scenarios.

2. Materials and Methods
2.1. Methodology

We developed a coupled modeling framework to assess forest carbon sequestration
in China under different climate change mitigation policy scenarios (Figure 1). Three
mitigation pathways—SSP1-2.6, SSP3-7.0, and SSP5-8.5—were chosen based on harmonized
scenarios for comparing carbon sequestration and other ecosystem services, proposed by
the intergovernmental science-policy platform on biodiversity and ecosystem services
(IPBES) [26]. Then, we used the LUH2 model to extract the areas of forest cover change in
China from 2020 to 2060 under these scenarios, which provided the area demand for the
PLUS simulation [20,24]. Last, we used the LPJmL model to integrate climate change and
forest cover change simulation derived from the PLUS model, and estimated China’s forest
carbon sequestration in the vegetation, litter, and soil carbon pools from 2020 to 2060 under
SSP1-2.6, SSP3-7.0, and SSP5-8.5 scenarios [30,31].
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2.1.1. Description of Climate Change Mitigation Policy Scenarios

We selected three climate change mitigation policy scenarios defined by the IPBES,
SSP1-2.6, SSP3-7.0, and SSP5-8.5, to compare China’s forest carbon sequestration under
varying levels of mitigation effort (Table A1) [26]. These scenarios provided distinct future
pathways, integrating climate change, social development, and land-use changes, enabling
the assessment of high-, moderate-, and low-mitigation policies [20,26]. The assessment
allowed us to explore how different levels of climate policy could shape the trajectory of
forest carbon dynamics in the future [26].

SSP1-2.6 represents the high-mitigation scenario, aiming to limit global radiative
forcing to 2.6 W m−2 and temperature rise to 2 ◦C by 2100 through sustainable devel-
opment [32–34]. This scenario aligns with China’s green development strategy and the
Paris Agreement [2,5,6]. Here, the low-carbon transitions in energy and industry reduce
reliance on fossil fuels and timber [5,6]. Strong land-use regulations are enforced to avoid
environmental trade-offs associated with deforestation and forest conversion [26,35].

In contrast, SSP3-7.0 reflects a limited mitigation pathway, where climate concerns give
way to regional rivalry, leading to a projected 7.0 W m−2 radiative forcing and 4 ◦C increase
by 2100 [36]. Regional competition limits technological advancement and international
trade, leading to resource-intensive development [26,35]. To maintain food security amidst
rapid population growth, agricultural expansion encroaches on extensive areas of forest
cover and natural vegetation [26,32,33]. Furthermore, the rising demand for forest resources
and limited land-use regulations contribute to ongoing deforestation and high land-use
pressure [35].

SSP5-8.5 is a non-mitigation scenario characterized by continued fossil-fueled reliance,
projected to result in an 8.5 W m−2 radiative forcing and 5 ◦C rise by 2100 [32,33]. The sce-
nario poses significant threats to forest cover and ecosystem sustainability due to escalating
greenhouse gas emissions [2,37].

2.1.2. Simulation of Forest Cover Change

The LUH2 model provides annual global land-use and cover maps from 850 A.D. to
2100 A.D. under various climate change mitigation policy scenarios [25]. However, its
spatial resolution of 0.25◦ limits detailed regional assessments of forest carbon seques-
tration [20]. The dataset was generated using multiple integrated assessment models,
and most models treated China as an independent modeling region [38]. Therefore, we
extracted the LUH2 data on the area demands for land-use and cover changes in China
from 2015 to 2060 for the selected scenarios [20], and then used the PLUS model to project
these area demands into spatial patterns [24].

The PLUS model allocates quantitative land-use and cover change at the patch
level based on historical patterns and environmental variables [24]. For the simulation
of forest cover change, we selected environmental variables that influence forest cover
change, including macroclimatic conditions, regional environments, and landscape patterns
(Table A2). Temperature and precipitation are critical for establishing the essential growth
conditions for forests [39]. The natural environment plays a significant role in shaping the
distribution of water, heat, and soil, which are vital for forest health and growth [14,16]. So-
cioeconomic activities also influence various forest characteristics, such as density, age, and
productivity, which, in turn, affect the forest’s ability to recover from disturbances [14,17,18].
Additionally, landscape patterns can directly alter forest conditions through land-use and
management practices [19].
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2.1.3. Estimation of Forest Carbon Sequestration

The LPJmL model evaluates forest carbon sequestration across three pools: vegetation,
litter, and soil [31]. The vegetation carbon pool includes biomass derived from photosyn-
thetically active radiation, consisting of leaf, root, sapwood, and heartwood tissues [31,40].
The litter carbon pool consists of biomass that transitions from the vegetation carbon pool,
including dead plants and shed leaves and roots [40]. The soil carbon pool is derived
from litter and soil organic matter with low solubility [40]. Total carbon sequestration
was calculated as the sum of carbon sequestration in the vegetation, litter, and soil carbon
pools, with carbon density measured as carbon sequestration per unit area, and annual
sequestration estimated as the average change in total carbon sequestration per year.

2.1.4. Model Implementation and Validation

We extracted the areas of land-use and cover change for China from the LUH2 model
under different scenarios and used these as inputs for the PLUS model [20,38]. The PLUS
model simulated spatial patterns of land-use and cover change, which were then used
as inputs for the LPJmL model [31]. The PLUS model was configured following Liang
et al. [24], where certain land types including water, snow/ice, barren, and wetlands
were restricted from transformation. Input data for the PLUS model were processed and
resampled to a resolution of 1000 m using ArcGIS Pro 3.0.1. To validate the simulation, we
compared the modeled outcomes with actual land-use changes from 2015 to 2020, using
indicators evaluated by the PLUS model including accuracy, the Kappa coefficient, and the
FoM coefficient [24,41].

The LPJmL model, following the configuration of Schaphoff et al., was used to estimate
China’s forest carbon sequestration [31]. To realize the coupling process, we used the
LandInG model to align the simulations of land-use and cover change from the PLUS
model, with the spatial extent and resolution required by the LPJmL model [30]. Climate
change data were processed using the CDO package [31]. To validate our estimates,
we conducted k-fold cross-validation (k = 10) to evaluate the linear regression and R2

values [13], between our forest carbon sequestration map of the vegetation carbon pool for
2020, and a forest above-ground biomass map for 2019 from other studies [42]. Additionally,
our estimated values were also compared with national forest inventory statistics, as well
as field observations, statistics, and projections from related studies [27,43].

2.2. Data Sources

The input data for the PLUS model included historical patterns and area demands
for land-use and cover change, as well as the selected environmental variables (Table 1).
Historical patterns were obtained from the China Land Cover Dataset (CLCD) for 2010,
2015, and 2020 with a resolution of 30 m, achieving 79.31% accuracy [41]. Area demands
were derived from the LUH2 dataset in China from 2015 to 2060 under the SSP1-2.6, SSP3-
7.0, and SSP5-8.5 scenarios [25]. Please see Table A3 for the correspondence between
CLCD and LUH2 land-use classes. Environmental variables collected from different time
periods are allowed [24], and we collected the variables from similar time periods to 2015.
Climate variables were obtained from the climatic research unit gridded time series (CRU
TS 4.07) for 2015, with soil data from the harmonized world soil database (HWSD), and the
topography from the earth topography (ETOPO1). The gross domestic product (GDP) data
were obtained from the real GDP in 2015 based on calibrated nighttime light [44], and other
socioeconomic variables were obtained from China’s county-level statistical yearbook in
2016. Landscape pattern variables were processed from the CLCD in 2015, and forest loss
data were obtained from updated global maps of forest cover change between 2001 and
2015 [45].
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Table 1. Data sources for the PLUS model and the LPJmL model.

Data Resolution Year Source

Future land-use
and cover change
projection

0.25 degree 2020–2060 LUH2: https://luh.umd.edu
(accessed on 1 March 2025)

Historical land-use
and cover pattern 30 m 2010–2020 CLCD [41]

Topography 1 min -
ETOPO1:
https://www.ngdc.noaa.gov
(accessed on 1 March 2025)

Soil Polygon - HWSD: https://www.fao.org
(accessed on 1 March 2025)

Socio-economy County 2015

China’s county-level
statistical yearbook in 2016:
http://www.stats.gov.cn/
(accessed on 1 March 2025)

Administrative
boundary Polygon 2015

China’s county-level
administrative boundary in
2015: https://www.resdc.cn/
(accessed on 1 March 2025)

Region boundary Polygon 2015

Spatial patterns of China’s six
regions:
https://www.resdc.cn/
(accessed on 1 March 2025)

Gross domestic
product (GDP) 1 km 2015 Global real GDP based on

calibrated nighttime light [44]

Forest loss 30 m 2001–2015 Global Maps of 21st-Century
Forest Cover Change [45]

LandInG 0.5 degree 1991–2020 LandInG [30]

Historical climate
records 0.5 degree 1991–2020

CRU TS 4.07:
https://crudata.uea.ac.uk
(accessed on 1 March 2025)

Historical radiation
data 0.5 degree 1991–2018

ERA-Interim:
https://www.ecmwf.int
(accessed on 1 March 2025)

Historical wind
speed data 0.5 degree 1991–2020

NCEP re-analysis:
https://psl.noaa.gov
(accessed on 1 March 2025)

Historical CO2
concentration
records

Globe 1991–2020
NOAA/ESRL:
https://www.esrl.noaa.gov
(accessed on 1 March 2025)

Future climate
change projection 0.5 degree 2020–2060

ISIMIP3b:
https://data.isimip.org
(accessed on 1 March 2025)

Future CO2
concentration
projection

Globe 2020–2060
ISIMIP3b:
https://data.isimip.org
(accessed on 1 March 2025)

The LPJmL model incorporated data on climate change and land-use and cover
change (Table 1). Climate records from 1991 to 2020 were obtained from CRU TS 4.07,
ECMWF re-analysis-interim (ERA-Interim), National Centers for Environmental Prediction,
which contributes to two global re-analysis (NCEP re-analysis), and Earth System Research
Laboratory (ESRL) [31]. Missing radiation data from 2019 to 2020 were supplemented
with ERA-Interim data from 2018. Climate projections for 2020 to 2060 were derived from
the inter-sectoral impact model intercomparison project (ISIMIP3b). Land-use and cover

https://luh.umd.edu
https://www.ngdc.noaa.gov
https://www.fao.org
http://www.stats.gov.cn/
https://www.resdc.cn/
https://www.resdc.cn/
https://crudata.uea.ac.uk
https://www.ecmwf.int
https://psl.noaa.gov
https://www.esrl.noaa.gov
https://data.isimip.org
https://data.isimip.org
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data from 1991 to 2020 were processed using the LandInG model and its recommended
datasets [30], while the projections from 2020 to 2060 were generated using the PLUS model.

3. Results
3.1. Forest Area Change Across Scenarios

All scenarios projected an increase in China’s forest cover, with SSP3-7.0 showing
the fastest expansion and SSP5-8.5 being the slowest (Figure 2). From 2020 to 2060, the
national forest cover was expected to rise from 25.68% to 30.93 ± 3.81%, corresponding
to an increased area of 0.50 ± 0.36 million km2. The annual expansion rate averaged
1.47 × 104 km2 yr−1, peaking between 2030 and 2040. By 2060, the forest cover was pro-
jected to reach 33.77%, 34.74%, and 27.12% with high, limited, and non-mitigation efforts
under SSP1-2.6, SSP3-7.0, and SSP5-8.5. Limited mitigation under SSP3-7.0, associated with
a radiative forcing threshold of 7.0 W m−2, was projected to achieve the largest forest cover
(34.74%), while a non-mitigation effort under SSP5-8.5, with a radiative forcing threshold
of 8.5 W m−2, led to the smallest forest cover (27.12%).
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scenarios.

The spatial patterns of forest gains and losses were consistent across scenarios, with
most new forests located in southwestern China and losses in the southern regions
(Figure A1). Under SSP3-7.0, the new forest area was projected to reach 1.17 million km2,
followed by 1.08 million km2 under SSP1-2.6, and 0.30 million km2 under SSP5-8.5. Of
these, 28.93%, 25.87%, and 94.73% of new forests were located in southwestern China, re-
spectively. Conversely, the forest loss area was minimal under SSP3-7.0 (0.01 million km2),
followed by SSP1-2.6 (0.01 million km2), but the highest in SSP5-8.5 (0.30 million km2), with
losses primarily in southern China (67.73%, 58.61%, and 53.06%, respectively). Trends in
the existing forest area aligned with these losses, with the minimal areas of existing forests
under SSP3-7.0 (2.14 million km2), followed by SSP1-2.6 (2.14 million km2), and the largest
under SSP5-8.5 (2.34 million km2), with 34.11%, 34.68%, and 33.82% located in southern
China. In all scenarios, the majority of forest loss—95.90%, 65.54%, and 91.62% under
SSP3-7.0, SSP1-2.6, and SSP5-8.5, respectively—was attributed to croplands encroaching on
existing forests.
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3.2. Forest Carbon Density Across Scenarios

The forest carbon density increased across all scenarios, with the greatest rise under
SSP1-2.6 and the smallest under SSP3-7.0 (Figure 3). From 2020 to 2060, China’s forest
carbon density was projected to grow from 15.36 to 17.45 ± 0.26 kg m−2, reflecting an
average increase of 14.24%. By 2060, the forest carbon density reached 17.75, 17.19, and
17.71 kg m−2 with high, limited, and non-mitigation efforts under SSP1-2.6, SSP3-7.0, and
SSP5-8.5. The high-mitigation effort under SSP1-2.6, associated with a radiative forcing
threshold of 2.6 W m−2, led to the highest forest carbon density (17.75 kg m−2), while the
limited mitigation under SSP3-7.0, with a radiative forcing threshold of 7.0 W m−2, resulted
in the lowest forest carbon density (17.19 kg m−2).
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The soil carbon pool contributed the most to the overall carbon density, being
10.76 times higher than litter and 2.33 times greater than vegetation. Soil carbon was
projected to account for 65.69% of the total carbon density. Increases in the soil carbon
density aligned with overall trends, reaching the highest increasing rate under SSP1-2.6
(+14.27%), followed by SSP5-8.5 (+10.34%), and SSP3-7.0 (+8.79%).

Spatially, the carbon density was highest in southwestern China and lowest in the
northwest, at 3.21 and 0.48 times the national average, respectively (Figure A2). As climate
mitigation strengthened, the carbon density rose in these regions. Under SSP1-2.6, the
increase in carbon density in the southwest was projected at 20.89%, and that in the
northwest was at 35.27%. SSP3-7.0 showed increases of 19.11% and 12.09%, while SSP5-8.5
exhibited the smallest gains at 17.95% and 4.30%.

The carbon density in existing forests was 2.36 times higher than in new forests, with
soil, litter, and vegetation pools measuring 2.33, 2.43, and 2.42 times greater, respectively.
Mitigation efforts promoted the carbon density in existing forests, particularly in soil. The
highest values were projected under SSP1-2.6, with existing forests reaching 21.75 kg m−2

and soil carbon increasing by 39.49%. This was followed by SSP3-7.0 (21.58 kg m−2,
+35.88%) and SSP5-8.5 (18.70 kg m−2, +19.29%). New forests, by comparison, reached only
42.39% of the carbon density in existing forests, with respective densities at 44.34%, 42.07%,
and 40.49% of existing forests under SSP1-2.6, SSP3-7.0, and SSP5-8.5.
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3.3. Forest Carbon Sequestration Across Scenarios

Forest carbon sequestration increased across all scenarios, with the highest levels
observed in SSP1-2.6 and the lowest in SSP5-8.5 (Figure 4). From 2020 to 2060, the total
sequestration in China’s forests rose from 37.48 to 51.29 ± 5.67 Pg. The annual sequestration
rate was 0.35 ± 0.15 Pg yr−1, peaking between 2030 and 2040. By 2060, forest carbon
sequestration reached 56.95, 56.84, and 45.62 Pg, with respective annual rates of 0.49, 0.48,
and 0.20 Pg yr−1, with high, limited, and non-mitigation efforts under SSP1-2.6, SSP3-7.0,
and SSP5-8.5. The high-mitigation effort under SSP1-2.6, associated with a radiative forcing
threshold of 2.6 W m−2, resulted in the highest forest carbon sequestration (56.95 Pg), while
the non-mitigation effort under SSP5-8.5, with a radiative forcing threshold of 8.5 W m−2,
led to the lowest forest carbon sequestration (45.62 Pg).
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The soil carbon pool contributed the most to the overall sequestration, being 9.68 times
greater than litter and 1.92 times greater than vegetation. Soil carbon accounted for 61.39%
of total annual sequestration rates. The annual sequestration rates in the soil carbon pool
followed the overall trends, with the highest rate in SSP1-2.6 (0.32 Pg yr−1), followed by
SSP3-7.0 (0.30 Pg yr−1), and the lowest in SSP5-8.5 (0.10 Pg yr−1).

Spatially, annual sequestration was the highest in southwestern China (46.52% of the
total) and lowest in the northern (7.55%) (Figure A3). As mitigation strengthened, annual
sequestration rates increased in these regions, with SSP1-2.6 reaching the highest rates
(0.19 Pg yr−1 in the southwest and 0.04 Pg yr−1 in the northern), followed by SSP3-7.0
(0.19 and 0.04 Pg yr−1), and the lowest in SSP5-8.5 (0.16 and 0.01 Pg yr−1). The annual
sequestration rates in the soil carbon pool also showed the same increasing trend in these
regions, with SSP1-2.6 reaching the highest rates (0.12 Pg yr−1 in the southwest and
0.03 Pg yr−1 in the northern), followed by SSP3-7.0 (0.11 and 0.02 Pg yr−1), and the lowest
in SSP5-8.5 (0.03 and 0.01 Pg yr−1).

The annual sequestration in existing forests was 2.89 times greater than in new forests,
with soil, litter, and vegetation pools measuring 2.59, 3.08, and 3.71 times larger, respectively.
Existing forests and their soil carbon pools accounted for 73.88% and 44.00% of the total
annual sequestration, with increases corresponding to the strength of climate change
mitigation. Under SSP1-2.6, existing forests sequestered the most (0.34 Pg yr−1), with
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64.17% from soil carbon; SSP3-7.0 followed (0.33 Pg yr−1 and 59.87%); while SSP5-8.5
recorded the lowest (0.20 Pg yr−1 and 50.91%). In contrast, new forests achieved only
34.61% of the annual sequestration of existing forests, with respective sequestrations at
28.88%, 31.23%, and 4.13% of existing forest levels under SSP1-2.6, SSP3-7.0, and SSP5-8.5.

4. Discussion
4.1. Changes in China’s Forest Carbon Sequestration Under Climate Mitigation Policies

Climate mitigation policies had a significant impact on China’s forest carbon seques-
tration. We developed a coupled modeling framework, which integrated the PLUS model
for forest cover change simulations and the LPJmL model for vegetation physiological
responses for the carbon cycle, allowing for a detailed assessment of forest carbon seques-
tration under varying policy scenarios. The assessment revealed that stronger climate
mitigation policies led to higher forest carbon sequestration, with annual carbon seques-
tration rates of 0.49, 0.48, and 0.20 Pg yr−1 with high, limited, and non-mitigation efforts
under SSP1-2.6, SSP3-7.0, and SSP5-8.5, respectively, corresponding to 16.80%, 16.45%, and
7.02% of China’s 2020 fossil fuel CO2 emissions. Under SSP1-2.6, high-mitigation efforts
were projected to result in a radiative forcing threshold of 2.6 W m−2, the highest carbon
density (17.75 kg m−2), and maximum sequestration (56.95 Pg). Increasing the carbon
density proved to be more effective than merely expanding forest areas for enhancing car-
bon sequestration. Existing forests showed carbon density and annual sequestration rates
2.36 times and 2.89 times higher than those of new forests, respectively. Under SSP1-2.6,
the existing forest carbon density increased by 41.46%, particularly in soil carbon pools
(+39.94%), making this scenario optimal for increasing forest carbon sequestration.

Model validation showed the PLUS model achieved an accuracy of 0.82, with a Kappa
coefficient of 0.76, and an FoM coefficient of 0.12, when comparing simulated forest cover
changes (2015–2020) with actual data [24,41]. The k-fold cross-validation revealed that
the LPJmL model could explain over 81% of the forest above-ground biomass without
bias (intercept = 0.79 kg m−2 of vegetation carbon density, slope = 2.19) [13,42]. The
simulated forest carbon sequestration values (2020–2060) were consistent with national
forest inventory statistics and other studies [27,42]. The average annual sequestration
rate in the vegetation carbon pool was 0.13 Pg yr−1, close to the 0.14 Pg yr−1 reported
in national forest inventory statistics from 2014 to 2018, but lower than the 0.18 Pg yr−1

simulated by the related studies under the same scenarios from 2010 to 2060 [27]. The
soil carbon pool showed an average annual sequestration rate of 0.24 Pg yr−1, which was
lower than the 0.38 Pg yr−1 reported in field observations from 2001 to 2010 [43]. Overall,
the accuracy of forest cover simulations met the required standards [24], and the modeled
carbon sequestration aligned with the observed and predicted data [27,42,43], validating
the robustness of the simulations.

The findings indicated that stronger climate mitigation efforts corresponded with
increased forest carbon sequestration. From 2020 to 2060, sequestration under SSP1-2.6,
SSP3-7.0, and SSP5-8.5 reached 56.95 Pg, 56.84 Pg, and 45.62 Pg, with annual rates of 0.49,
0.48, and 0.20 Pg yr−1, respectively. The SSP1-2.6 scenario showed the highest increase in
carbon density (+15.57%), leading to the greatest overall carbon sequestration. SSP3-7.0
recorded the largest forest cover (34.74%), with the largest areas of newly established
forests (1.17 million km2) and minimal forest loss (0.01 million km2). However, only
87.71% of existing forests from 2020 remained by 2060, with 95.90% of the loss driven by
agricultural expansion [26,35]. New forests reached just 42.07% of the carbon density in
existing forests due to the limited climate mitigation, heavy reliance on fossil fuels, and high
land-use pressures [2,35,37]. The soil carbon density saw the smallest increase (+8.79%)
in this scenario, leading to the lowest overall carbon density (17.19 kg m−2), and the total
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sequestration remained below SSP1-2.6 levels. The SSP5-8.5 scenario showed minimal
gains in the new forest area (0.30 million km2) and significant losses in existing forests
(2.34 million km2), resulting in the lowest levels of forest cover (27.12%) and sequestration.

Expanding forest cover and increasing carbon density were key strategies for en-
hancing carbon sequestration. This study underscored that increasing carbon density was
more effective in China. Existing forests hold a greater sequestration potential, with their
carbon densities and annual sequestration rates 2.36 and 2.89 times higher than those of
newly established forests. Strengthened mitigation efforts led to higher carbon densities of
existing forests and newly established forests. Carbon densities of existing forests reached
21.75, 21.58, and 18.70 kg m−2, while those of newly established forests reached 6.53, 6.08,
and 4.84 kg m−2 under SSP1-2.6, SSP3-7.0, and SSP5-8.5. The annual sequestration rates of
existing forests showed similar patterns under the same scenarios, reaching 0.32, 0.33, and
0.20 Pg yr−1 under SSP1-2.6, SSP3-7.0, and SSP5-8.5. These results aligned with the trends
reported by previous studies, which found that the carbon sequestration contribution from
existing forests was 14.38 times that of newly established forests under similar scenarios
from 2010 to 2060 [27]. Mature forests accumulate more organic matter, litter, and biomass,
making them more resilient and stable to climate change [46]. Existing forests accounted
for 73.88% of the total forest carbon sequestration. With stronger mitigation measures,
the carbon density and annual sequestration rates of existing forests continued to rise,
improving the overall forest carbon sequestration [46].

The soil carbon pool was the primary pool for forest carbon sequestration, accounting
for 61.54% of the total annual sequestration rates. Strengthened mitigation efforts resulted
in higher soil carbon sequestration, with annual sequestration reaching 0.32, 0.30, and
0.10 Pg yr−1 under SSP1-2.6, SSP3-7.0, and SSP5-8.5. Spatially, the highest sequestra-
tion rates were observed in southwestern China, which accounted for 46.52% of total
sequestration. This region, characterized by purplish and dark felty soils, displayed consid-
erable potential for soil carbon accumulation. Under SSP1-2.6 with high-mitigation efforts,
the soil carbon sequestration in southwestern China reached 0.12 Pg yr−1, compared to
0.11 Pg yr−1 under SSP3-7.0 with moderate mitigation and 0.03 Pg yr−1 under SSP5-8.5
with no mitigation. In contrast, northern China, where cinnamon soils dominate, exhibited
lower soil sequestration rates, reaching 0.03, 0.02, and 0.01 Pg yr−1 under SSP1-2.6, SSP3-7.0,
and SSP5-8.5, respectively. Variations in soil carbon sequestration were primarily driven by
forest type and soil disturbance [47]. Broadleaf forests in southwestern China showed a
higher capacity for carbon sequestration compared to mixed forests in northern China [3].
These broadleaf forests allocate more biomass to root systems, facilitating greater carbon
fixation in the soil, and transfer more easily decomposable litter, which further accelerates
carbon sequestration [47]. Furthermore, broadleaf forests in southwestern China are lo-
cated within two important forest reserves—the Southeast Tibetan Plateau Marginal Forest
Ecosystem and the Sichuan–Yunnan Forest and Biodiversity National Key Functional Area.
These forests benefit from strong protection efforts and are subject to fewer disturbances,
enhancing their carbon sequestration potential [28].

To effectively protect and enhance China’s forest carbon sequestration, the SSP1-2.6
scenario should be prioritized. Policies should promote green development to mitigate
forest resource overexploitation and reduce the reliance on fossil fuels [2,5,6]. Transitioning
to low-carbon energy and industry should be promoted to maintain the stability of the
forest cover and carbon sequestration [5,6,48]. Land-use regulations should focus on
optimizing the carbon sequestration potential of existing forests and their soil carbon
pools [26,35]. Priority should be given to protecting high-carbon-density regions, such as
southwestern China, where both the carbon density and sequestration rates were projected
to be high. Efforts to prevent deforestation and slow forest loss are also critical [35].
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Moreover, integrated land management practices, including sustainable agriculture and
advanced technologies, should be adopted to minimize the impact of cropland expansion
on valuable carbon-rich forests [26,49]. Forest management should also carefully plan
practices such as intermediate cutting, deforestation, and fertilization, which may reduce
soil carbon sequestration [50–52].

4.2. Uncertainties and Limitations

This study simulated changes in China’s forest cover and carbon storage using the
LUH2, PLUS, and LPJmL models. Despite the diverse input data and model types, our
results were consistent with statistical data, field observations, and predictions [27,41–43].
However, several limitations remain. The analysis relied on publicly available peer-
reviewed datasets, such as the Chinese county-level statistical yearbooks and the land
cover dataset with a resolution of 30 m [41], both of which are commonly used in ecosystem
assessments and carbon storage simulations [3,28]. Incorporating national land surveys and
forest inventory data could further enhance model accuracy. Additionally, uncertainties in
climate change and its predictions could be reduced by employing a wider range of climate
models in the future [27].

5. Conclusions
This study developed a coupled modeling framework for evaluating the forest cover

and carbon stock under multiple climate change mitigation pathways. We modeled forest
cover changes using the LUH2 model and the PLUS model and assessed carbon dynamics
from 2020 to 2060 under three mitigation scenarios—SSP1-2.6, SSP3-7.0, and SSP5-8.5—
using the LPJmL model.

The results indicated a positive correlation between climate mitigation efforts and
forest carbon sequestration. From 2020 to 2060, the average annual carbon sequestration
under SSP1-2.6, SSP3-7.0, and SSP5-8.5 reached 0.49, 0.48, and 0.20 Pg yr−1, respectively,
equivalent to 16.80%, 16.45%, and 7.02% of China’s 2020 fossil fuel CO2 emissions. Among
the scenarios, SSP1-2.6 showed the largest increase in carbon density (+15.57%), achieving
the highest carbon density (17.75 kg m−2) and sequestration (56.95 Pg). The most significant
increase in carbon density occurred in existing forests (+41.56%) under this scenario, driven
by the substantial growth in soil carbon pools (+39.94%). Although SSP3-7.0 resulted in
the highest forest cover (34.74%), it had the smallest increase in carbon density (+11.91%)
with moderate sequestration (56.84 Pg). SSP5-8.5 showed the smallest forest cover (27.12%)
and the lowest carbon sequestration (45.62 Pg). Our findings suggested that increasing the
carbon density could be more effective than expanding the forest area for enhancing carbon
sequestration. Existing forests demonstrated a greater carbon sequestration potential than
newly established forests, with a 2.36-times-higher carbon density and a 2.89-times-higher
annual sequestration rates. Under SSP1-2.6, the carbon density of existing forests increased
by 41.56%, particularly in soil carbon pools, which rose by 39.94%, making it the most
favorable scenario for enhancing carbon sequestration.

To protect and enhance forest carbon stocks effectively, policies aligned with the SSP1-
2.6 scenario should be prioritized. These policies should focus on reducing industrial
emissions and transitioning to cleaner energy sources. In forest management, efforts should
maximize the carbon sequestration potential of existing forests, particularly in regions
with significant increases in carbon density and high annual sequestration rates, such as
southwestern China. Additionally, the careful planning of forestry practices, including high-
intensity logging and fertilization, is essential in order to avoid reducing soil carbon stocks.
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Appendix A

Table A1. Harmonized climate, socioeconomic, and land-use scenarios for intercomparing forest
carbon sequestration proposed by IPBES.

Scenarios SSP1-2.6 SSP3-7.0 SSP5-8.5

(a) RCPs RCP2.6 RCP7.0 RCP8.5
Pathway Peak and decline Stabilize without

overshoot
Rise

Climate policies Highest mitigation Limited mitigation No mitigation
Temperature rise ~2 ◦C by 2100 ~4 ◦C by 2100 ~5 ◦C by 2100
Radiative forcing ~2.6 W m−2 in 2100 ~7.0 W m−2 in 2100 ~8.5 W m−2 in 2100
CO2 concentration ~490 ppm in 2100 ~850 ppm in 2100 ~1370 ppm in 2100
(b) SSPs SSP1 SSP3 SSP5
Pathway Sustainability Regional rivalry Fossil-fueled
Fossil fuels reliance Decline Heavy Heavy
Energy intensity Low Intermediate High
Globalization Moderate Constrained High
Technology
development

Rapid Slow Rapid

Population growth Relatively slow Relatively rapid Relatively slow
Economic growth Medium to high Slow High
Agricultural production Improved with practice

diffusion
Low with restricted
trade and technology

Highly managed and
resource-intensive

(c) LUH2 IMAGE AIM REMIND-MAGPIE
Land-use regulation Strong to avoid

environmental trade-offs
Limited with continued
deforestation

Medium with slowing
deforestation

Land-use pressure Moderate High Medium
The scenarios integrated (a) representative concentration pathways (RCPs), (b) shared socioeconomic pathways
(SSPs), and (c) land-use harmonization (LUH2).

Table A2. Environmental variables and potential impacts on forest cover change.

Component Type Variable Potential Impact

Macroclimatic
conditions

Climate Mean
temperature

Optimal temperature enhances vegetation
activity. Cold conditions at high elevations
promote growth through land abandonment,
while extreme cold hinder forest succession
due to soil saturation and physiological
constraints [15,53].

Annual
precipitation

High annual precipitation shows similar
impacts of cold temperatures [54].

Precipitation
of driest
quarter

Low precipitation during the driest four
months raises wildfire risks and limits water
availability, leading to stomatal closure and
limited CO2 uptake [53,55].

Precipitation
seasonality

High variation in monthly precipitation
enhances biomass accumulation [54], but
extreme fluctuations increase seasonal
droughts and wildfire risks [19].
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Table A2. Cont.

Component Type Variable Potential Impact

Regional
environments

Soil Soil pH Soil pH impacts plant adaptation, microbial
activity, and nutrient availability [56].

Sand texture High sand content indicates nutrient-poor
soils that accelerate nutrient leaching and
limit biomass accumulation [56].

Cation
Exchange
Capacity
(CEC)

High CEC indicates fertile soils with a high
capacity to hold potassium, calcium,
magnesium, and other positively charged
elements, supporting primary productivity
recovery of forests [54].

Bulk density High bulk density indicates soil compaction,
which restricts root growth, gas exchange,
and seed germination [56].

Topography Elevation High elevation accelerates forest growth by
promoting land abandonment and limiting
economically viable land [17,56].

Slope Steeper slopes facilitate growth but are
susceptible to erosion [17,56].

Aspect Southeast-facing slopes in China enhance
moisture availability and promote
restoration [17].

Population Rural
population
density

High rural population density drives
deforestation through land clearing for
agriculture, while urbanization-induced
population decline may foster agricultural
abandonment and promote recovery [57].

Urban
population
density

The effects of urban population density are
mixed; urban expansion may encroach on
forests, but rural abandonment can enhance
recovery potential [57].

Foreign
population
density

High foreign population density may
improve environmental awareness and forest
protection efforts [56].

Economy Fixed-asset
investment

High fixed-asset investment hinders forest
growth by increasing land prices and
opportunity costs for forest restoration [58].

GDP GDP reveals an inverted U-shaped
relationship with forest recovery, correlating
with initial deforestation [55].

Forestry
output value

High forestry output typically leads to greater
deforestation [17,45].

Agricultural
output value

High agricultural output limits forest growth
due to intensive disturbance and high costs
for forest restoration [17,56].

Pastoral
output value

High pastoral output shows similar impacts
as agriculture [17,56].

Industrial
output value

High industrial output may create
non-agricultural jobs that support forest
growth but can also result in deforestation as
forestry rises [55].
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Table A2. Cont.

Component Type Variable Potential Impact

Landscape
patterns

Land use Cropland
proportion

High cropland proportion in the 1 km buffer
(hereafter, proportion) can either provide
space for forest growth or increase
deforestation risk [15,56].

Grassland
proportion

High grassland proportion presents uncertain
effects as that of cropland [56].

Proximity to
water

Closer proximity promotes forest growth due
to water availability and riparian vegetation
protection. But navigable rivers can attract
habitation, increasing deforestation risks [56].

Proximity to
impervious

Closer proximity to impervious hinders
recovery due to human encroachment [59].

Forest
state

Forest
proportion

High proportion of forest cover supports
forest growth by providing seed sources and
facilitating species dispersal [17].

Loss
proportion

High proportion of forest loss indicates
significant pressures on forests [19].

Table A3. Correspondence of land-use types between the CLCD data and the LUH2 model.

CLCD Class LUH2 State

Impervious Urban land (urban)
Forest Forested primary land (primf), potentially forested

secondary land (secdf)
Cropland C3 annual crops (c3ann), C4 annual crops (c4ann), C3

perennial crops (c3per), C4 perennial crops (c4per), C3
nitrogen-fixing crops (c3nfx)

Shrub, grassland Non-forested primary land (primn), potentially
non-forested secondary land (secdn), managed pasture
(pastr), rangeland (range)

Water, Show/Ice,
Wetland, Barren

Areas excluding primf, primn, secdf, secdn, pastr, range,
c3ann, c4ann, c3per, c4per, c3nfx
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