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Abstract

Revealing the coordination relationship between land use/land cover (LULC) and carbon
storage (CS) under diverse climate scenarios is crucial for climate change adaptation
in topographically complex regions. This study developed an integrated framework
combining the System Dynamics (SD) model, Patch-generating Land Use Simulation
(PLUS) model, and Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST)
model, enabling a closed-loop analysis of driving forces, spatial simulation, and ecological
feedback. This study systematically assessed LULC evolution and ecosystem CS along
China’s National Highway 318 (G318) from 2000 to 2020, and projected LULC and CS under
three SSP-RCP scenarios (SSP1-1.9, SSP2-4.5, SSP5-8.5) for 2030. Results show the following:
(1) Historical LULC change was dominated by rapid urban expansion, cropland loss, and
nonlinear grassland fluctuation, exerting strong impacts on ecosystem dynamics. Future
scenario simulations revealed distinct thresholds of ecological pressure. (2) Regional CS
exhibited a decline–recovery pattern during 2000–2020, with all 2030 scenarios projecting
CS reduction, although ecological-priority pathways could mitigate losses. (3) Coordination
between land-use intensity and CS improved gradually, with SSP2-4.5 emerging as the
optimal strategy for balancing development and ecological sustainability. Overall, the
coupled SD-PLUS-InVEST framework provides a practical tool for policymakers to optimize
land use patterns and enhance CS in complex terrains.

Keywords: land cover change; carbon storage; SSP-RCP scenario; coupling coordination
development

1. Introduction
Amid global climate change, rising temperatures and expanding anthropogenic pres-

sures have amplified extreme disaster risks while progressively destabilizing ecosystem
structure and function [1,2]. To address future climate challenges, China’s State Council
launched the Carbon Peak Action Plan by 2030, mandating: (1) enhanced foundational sup-
port for ecosystem carbon sinks through comprehensive carbon storage (CS) assessments;
(2) consolidation of ecosystem sequestration capacity and implementation of critical spatial
planning measures—including optimized land use and land cover (LULC) frameworks—to
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advance carbon peaking and neutrality (Dual Carbon) goals. Terrestrial ecosystem CS
significantly influences global carbon cycling and climate change, while LULC serves as a
key driver of CS dynamics [3–5]. Land use intensity (LUI) serves as a critical indicator of
land resource utilization efficiency, fundamentally shaping regional spatial development
patterns [6,7]. Against the backdrop of China’s ‘Dual Carbon’ strategic objectives, investi-
gating LULC and CS dynamics under divergent climate scenarios—and their synergistic
relationships—holds critical significance for climate change adaptation in topographically
complex regions, advancing green low-carbon development, and enhancing terrestrial
carbon sequestration capacity [8–10].

Contemporary LULC simulation methodologies predominantly comprise three model
classifications: quantity prediction models, spatial allocation models and coupled predic-
tion models. Quantity prediction models—including Logistic regression [11], Artificial
Neural Networks (ANN) [12], System Dynamics (SD) [13], and Markov chain models [14]—
primarily rely on time-series data to statistically characterize relationships between driving
factors and land-use change. These models are effective for projecting macro-scale LULC
quantity trends; however, they typically overlook spatial heterogeneity and local feed-
back processes, which limits their utility for fine-scale simulations. Spatial prediction
models—including Cellular Automata (CA) [15], the Conversion of Land Use and its
Effects at Small regional extent (CLUE-S) [16], Agent-Based Models (ABM) [17], the Fu-
ture Land Use Simulation (FLUS) [18], and the Patch-generating Land Use Simulation
(PLUS) models [19,20]—simulate land-use competition and allocation processes based on
geospatial data and rule-based constraints, explicitly capturing the synergies of multi-scale
geographical drivers. Nevertheless, in the absence of reliable quantity constraints, they
often suffer from inconsistencies between simulated spatial patterns and overall land-use
demand. The coupled prediction model represents a hierarchical integration of quantity
and spatial prediction approaches, simultaneously addressing both magnitude changes and
spatial allocation patterns in LULC systems. This nested framework significantly enhances
simulation accuracy by incorporating bidirectional feedback between quantitative demands
and spatial constraints, but challenges remain regarding model integration complexity and
parameter sensitivity in human–environment systems. Current CS assessment primarily
employs three established models: the Carnegie-Ames-Stanford Approach (CASA) [21],
Global Production Efficiency Model (GLO-PEM) [22], and Carbon Exchange between Vege-
tation, Soil, and Atmosphere (CEVSA) [23]. While these models provide robust frameworks
for carbon accounting, their dependence on high-resolution LULC data introduces notable
limitations in application. The Integrated Valuation of Ecosystem Services and Tradeoffs
(InVEST) model has emerged as a prominent tool for CS assessment, owing to its user-
friendly interface and operational efficiency [24]. This spatially explicit framework enables
researchers to quantify regional CS and project temporal dynamics of CS under alternative
scenarios [25,26]. However, InVEST is essentially a static accounting tool and is limited in
capturing land-use driven temporal dynamics when applied in isolation.

Recent studies have demonstrated significant advances in CS assessment through the
integration of diverse land-use simulation modeling approaches. He et al. integrated the
LUSD-urban and InVEST models to assess urban expansion impacts on CS [27]. Zhao et al.
applied a CA-Markov-InVEST framework to evaluate ecological engineering effects on
LULC and CS dynamics in the upper Heihe River Basin [28]. Wang et al. integrated
the PLUS and InVEST models to project 2030 LULC patterns and resultant CS dynamics
under future scenarios (natural development and ecological protection) in the Chengdu–
Chongqing Urban Agglomeration [29]. He et al. employed the FLUS-InVEST coupled
model to simulate the distribution and changes in ecosystem CS under four future scenarios
based on LULC in Guilin [30]. Wang et al. developed a GMOP-PLUS-InVEST modeling
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chain to project LULC and associated CS variations across four policy scenarios in Jining
City [31]. Jing et al. investigated dynamic changes in LULC and CS in the Lijiang River Basin
under different climate scenarios using the InVEST-PLUS model with SSP-RCP scenarios,
combined with multi-source remote sensing data [32]. Despite these advances, several gaps
remain. First, most existing frameworks emphasize a subset of drivers, while neglecting
the coupled effects of natural, social, and economic forces. Second, the generalizability of
model integration across diverse geographic contexts and the associated uncertainties have
been insufficiently addressed. Third, limited attention has been paid to scenario-based
simulations in regions characterized by complex topography and ecological vulnerability.
Addressing these gaps requires integrated modeling frameworks that can reconcile quantity
prediction, spatial allocation, and ecosystem service feedbacks, thereby providing more
robust insights into LULC and CS dynamics under future climate scenarios.

To address these limitations, this study established an integrated modeling framework
with SD as the central nexus, synergistically coupling the spatial allocation capacity of
the PLUS model with the ecosystem service valuation functions of the InVEST model,
thereby constructing a closed-loop ‘Driver-Pattern-Effect’ analytical system. This approach
offers two key advantages: (1) compensating for individual model limitations through
synergistic integration, and (2) achieving enhanced accuracy in comprehensive assessments.
These attributes establish it as one of the most reliable methodologies for coupled human-
environment system research [33]. The National Highway 318 (G318), traversing China’s
eastern, central, and western regions, serves as a critical transportation corridor and
ecological transect. The pronounced gradient variations in natural conditions, economic
development, and LULC systems along the G318 create an ideal natural laboratory for
investigating CS dynamics and climate feedback mechanisms. Conducting comprehensive
CS assessments along this transect and establishing optimized LULC development patterns
are of paramount importance for: safeguarding national ecological security, and promoting
coordinated regional sustainable development [34].

Building upon historical LULC patterns, this study employed the SD model to sys-
tematically integrate high-resolution spatial heterogeneity data, establishing a quantitative
foundation for multi-objective collaborative optimization. The coupled SD-PLUS model
was implemented to project LULC patterns under different SSP-RCP scenarios for 2030,
while the InVEST model was utilized to assess regional CS dynamics. Then, a coordina-
tion assessment model was incorporated to examine the relationship between LUI and
CS across heterogeneous landscapes. The novelty of this study lies in the construction
of a closed-loop modeling system that explicitly links socio-economic drivers, land-use
dynamics, and ecosystem service feedbacks. Unlike previous studies that relied on loosely
coupled or one-way integrations, our framework achieves dynamic feedback integration,
thereby enhancing predictive robustness in topographically complex regions. Furthermore,
by applying this framework to the G318 transect—characterized by sharp gradients in
natural conditions and development pressures—this study provides the first systematic
evaluation of LULC–CS coordination under SSP-RCP scenarios in a nationally significant
ecological corridor. These contributions advance methodological development in coupled
human–environment system research and offer policy-relevant insights for low-carbon
transition and regional sustainability planning.

2. Materials and Methods
2.1. Study Area

The G318 originates from People’s Square in Shanghai’s Huangpu District (eastern
terminus) and extends to the China-Nepal Friendship Bridge in Shigatse, Tibet (western
terminus), spanning 5476 km across eight province-level divisions (Shanghai, Jiangsu,
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Zhejiang, Anhui, Hubei, Chongqing, Sichuan, and Tibet) of China (Figure 1). The eastern
Yangtze River Delta urban agglomeration, centered on Shanghai and Hangzhou, demon-
strates advanced economic development characterized by a dominant tertiary sector and
intensive land utilization. The central region maintains a mixed economy of manufacturing
and agriculture, accompanied by significant soil erosion risks. The western economy pri-
marily depends on agriculture, animal husbandry, and tourism, with strictly constrained
development within ecological conservation redlines. The G318 crosses China’s three major
topographic steps. Its eastern section occupies the Yangtze River’s middle-lower alluvial
plains and delta regions, exhibiting flat terrain, dense river networks, and a subtropical
monsoon climate with mean annual temperatures of 14–17.5 ◦C, annual precipitation of
1000–1498 mm, and optimal hydrothermal conditions. The middle section transitions
through the Exi Mountains and Sichuan Basin to the Western Sichuan Plateau, with eleva-
tions rising to 1000–4500 m, landforms shifting to folded mountain systems and faulted
basins, and climate transitioning to warm temperate–plateau mountain conditions (annual
temperature: −2.3 to 10 ◦C; precipitation: 500–800 mm) with distinct vertical zonation. The
western section extends into the Tibetan Plateau’s interior, dominated by alpine gorges and
glacial permafrost, exhibiting pronounced ecological vulnerability under cold arid climates
(<400 mm precipitation) [35].

 
Figure 1. Location map.

2.2. Data and Methods

As summarized in Table 1, this research utilizes Wuhan University’s CLCD land
use data, which Reference to relevant classification system with six first-level categories:
(1) cropland, (2) forest, (3) grassland, (4) water, (5) barren land, and (6) urban land [36].
Slope data were derived from DEM data processed using ArcGIS 10.8 software. The human
footprint index was computed based on eight anthropogenic pressure indicators, including
transportation infrastructure (railroads, roads, navigable waterways) and built-up land
extent, employing a weighted algorithm to substitute traditional accessibility measures.
Historical statistical data for the SD model were sourced from the China Statistical Year-
book and provincial/municipal statistical yearbooks, though these are not enumerated
in Table 1. The PLUS model incorporates ten driving factors, sequentially listed as ‘GDP’
through ‘slope’ in Table 1. With an optimal operational resolution of 30 m [37] and superior
compatibility with the WGS-1984 coordinate system, all spatial datasets were uniformly
projected to WGS-1984 using ArcGIS. Additionally, the driving factor data were resam-
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pled to a 30 m resolution to maintain consistent row and column dimensions across all
input layers.

Table 1. Source Data.

Data Category Temporal Coverage Resolution Acquisition

CLCD 2000, 2010, 2020 30 m
Zenodo Platform

(https://zenodo.org/record/8176941)
(accessed on 24 September 2024)

GDP distribution
Population (POP)

Temperature (TEM)
Precipitation (PRE)

Net Primary Productivity (NPP)
Normalized Difference Vegetation

Index (NDVI)

2010 1 km

Resource and Environment Science and
Data Center

(https://www.resdc.cn/)
(accessed on 8 March 2025)

Nighttime light (NL) 2010 500 m
AI Earth

(https://engine-aiearth.aliyun.com/)
(accessed on 7 March 2025)

Elevation
Slope (SL) 2020 30 m

Geospatial Data Cloud
(https://www.gscloud.cn/)
(accessed on 7 March 2025)

Human Footprint maps (HFP) 2009 1 km [38]

Future Population
Future GDP 2021–2030 — 1 [39]

Future urbanization rate 2021–2030 — [40]

Future Temperature
Future Precipitation 2021–2030 1 km

National Tibetan Plateau Science
Data Center

(https://data.tpdc.ac.cn/)
(accessed on 20 January 2025)

1 “—“ means that the data has no resolution.

2.2.1. Modeling Framework

The conceptual framework was presented in Figure 2, employing CMIP6 multi-
scenario projections coupled with the SD-PLUS-InVEST integrated model to investigate
spatiotemporal dynamics and synergistic relationships between LULC patterns and CS
along the G318, supporting ecological conservation and sustainable regional development
strategies. The SD model dynamically generates evolutionary logic that better aligns with
regional human-environment systems by quantifying multi-system interactions among
key drivers (population, economic development, climate patterns) and LULC relationships.
The PLUS model utilizes the SD-generated LULC quantity projections as inputs, while
incorporating multiple driving factors to optimize the spatial allocation of land-cover
types through its sophisticated algorithms. Building upon the LULC patterns simulated
by PLUS, the InVEST model delivers prospective CS assessments with high temporal
resolution. Phase Six of the Coupled Model Intercomparison Project (CMIP6) framework
provides an expanded suite of future climate scenarios. By coupling LULC simulations
with CS assessments through the integrated SD-PLUS-InVEST modeling system under
diverse Shared Socioeconomic Pathways and Representative Concentration Pathways
(SSP-RCP) scenarios.

https://zenodo.org/record/8176941
https://www.resdc.cn/
https://engine-aiearth.aliyun.com/
https://www.gscloud.cn/
https://data.tpdc.ac.cn/
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Figure 2. The flowchart of this study.

2.2.2. SD Model

The SD model is a comprehensive system that can simulate and analyze complex
systems through the information feedback loop between multivariate elements and
variables [41,42]. In this study, the SD model was employed for the quantitative simulation
of land use prediction. In light of the diverse SSP-RCP scenarios delineated by CMIP6, and
in consideration of the specific circumstances of the study area, three coupling scenarios
were identified: SSP1-1.9, SSP2-4.5, and SSP5-8.5. SSP1-1.9 is a scenario of minimal an-
thropogenic forcing, characterized by the pursuit of sustainable development, moderate
population growth, and a pronounced commitment to environmental protection [43]. In
contrast, SSP2-4.5 represents a scenario of medium radiation intensity, where the prevailing
development path is one of inertial development, with socio-economic factors aligning
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with historical trends. SSP5-8.5 is indicative of a high-force scenario, characterized by
accelerated development and a concomitant demand for substantial economic growth,
driven by elevated levels of fossil fuel consumption and substantial energy intensity. The
development scenarios under consideration are as follows: in accordance with prevailing
demand, the subject is divided into four subsystems: population, economy, climate, and
land use. The dominant variables are comprised of five categories of future forecast data.
Firstly, the correlation between various factors was tested by SPSS (27.0.1) software, and the
feedback mechanism between each subsystem is sorted out. On this basis, the functional
relationship between them was determined. Subsequently, the Vensim (7.3.5) software is
utilized to construct the land use change model in the designated study area (Figure 3),
thereby facilitating the prediction of the number of land use areas. A comparison was made
of the simulation results of land use area in each province and city from 2000 to 2020 with
real data. The relative errors of the large land categories are all below 8%, indicating that
the simulation results are more accurate and can be used for land use area prediction.

Figure 3. SD model of land use demand change in the G318 regions.

2.2.3. PLUS Model

The PLUS model is predicated on raster data, a fact that enables it to thoroughly
explore the driving factors of land expansion and land type change [44]. This, in turn,
facilitates a more accurate simulation of the generation and evolution of multi-use land.
The model is principally composed of the land expansion strategy analysis (LEAS) module
and the CA model based on multi-class random patch seeds (CARS) module, in addition to
a built-in Markov model. The PLUS model extracts the spatial development probability
of different land types based on multiple driving factors, combines the Markov model to
determine the land transfer matrix and the neighborhood weight of each land type, and
uses the CA model to simulate the land use space. The present study utilizes the land
use data of the study area in 2010 as the initial reference point, employing a simulation
technique to predict the land use situation in 2020. The simulation’s outputs are then
juxtaposed with the actual land use data collected in 2020. The Kappa coefficients of land
use simulation in each province are all above 0.8, and the simulation results can support
the data research.

The PLUS model incorporated ten driving factors, with elevation data visualized in the
study area overview map and the remaining nine factors’ spatial distributions presented in
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Figure 4. Elevation, slope, precipitation, temperature, NDVI, and NPP represent natural
geographic elements; GDP and population density characterize socioeconomic develop-
ment factors, while nighttime light and HFP signify anthropogenic influences. These three
constituent elements collectively govern LULC spatial pattern distributions.

 
Figure 4. PLUS driving factors.

(1) LEAS module. The utilization of the random forest algorithm is predicated on
two fundamental elements: firstly, the historical land expansion and, secondly, the driving
factor data. The employment of this algorithm facilitates the calculation of the development
probability for each category. The formula is as follows:

Pd
i,k(x) = ∑m

n=1 I(hn(x) = d)
M

(1)

where Pd
i,k(x) denotes the development probability of a specific land type at the pixel level; x

represents a multidimensional vector comprising all considered driving factors; m indicates
the total quantity of decision trees in the ensemble model; I(*) signifies the decision tree
classification operator; hn(x) is the nth decision tree’s prediction type of vector x; d is a
constant that takes the value of 0 or 1, representing the transformation of other land types
into land type k and no land types into land type k, respectively.

(2) CARS Module. The spatio-temporal dynamics of the land class patches are simu-
lated by the improved CA model with the following equations, based on the development
probabilities of each class generated by the LEAS module:

OPd=1,t
i,k = Pd=1

i,k × Ωt
i,k × Dt

k (2)

where Pd=1,t
i,k represents the development probability of pixel i changing to land type k

at time t; Pd=1
i,k denotes the growth probability of land type k at pixel i; Ωt

i,k indicates the
neighborhood weight of pixel i, specifically the neighborhood proportion of land type k at
time t; Dt

k stands for the adaptive inertia coefficient, reflecting the impact of future land
demand on land type k.

2.2.4. InVEST Model

The InVEST model is a comprehensive valuation model that integrates ecosystem
services and trade-offs to estimate changes in the quantity and value of ecosystem goods
based on land-use data [45]. In this study, the CS module of the InVEST model was utilized
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to calculate the changes in CS within the study area according to ecosystem land type.
The basic carbon pools selected for this study encompassed aboveground biogenic carbon,
belowground biogenic carbon, soil carbon, and dead organic carbon. It is important to note
that the regional disparity is substantial; the carbon density is subject to differentiation due
to environmental impacts, and the carbon density data utilized in different provinces are
not uniform. The specific carbon density data were referred to in relevant research area
literature [46]. All of these data have undergone correction or correlation testing, and the
formula is as follows:

Ctotal = ∑((Cabove + Cbelow + Csoil + Cdead)i × Ai) (3)

where Ctotal represents the total CS; Cabove, Cbelow, Csoil and Cdead denote aboveground
carbon density, belowground carbon density, soil organic carbon density, and dead organic
carbon density, respectively. i refers to the ith land type; Ai indicates the total area of the
ith land type.

2.2.5. LUI and Coordination Model

LUI serves as a critical indicator of land development and utilization, while the
coordination model quantifies the temporal synergy between two variables. Following
established methodology [47], we assigned intensity levels to land categories in descending
order: urban land (4.0), cropland (3.0), forest (2.0), grassland (2.0), water (2.0), and barren
land (1.0). Using a grid-based approach, we extracted composite LUI indices and mean CS
values. The coordination degree model was then applied to assess their interrelationship
and classify coordination types (Table 2), with the following formulas:

L = 100 ×
(

n

∑
i=1

Pi × Qi

)
(4)

where L is a composite index of LUI; Pi represents the utilization intensity level of the ith
land type; Qi denotes the area share of the ith land type.

H =
|x + y|√

2(x2 + y2)
(5)

where H represents the coordination index, H ∈ [0, 1]; x and y denote the average annual
growth rates of the LUI composite index and the mean carbon storage, respectively.

Table 2. Classification of types of coordination.

Type of
Coordination Dysfunctional Recession Break-in Transition Coordinated Development

Coordination index
interval [0, 0.2) [0.2, 0.4) [0.4, 0.6) [0.6, 0.8) [0.8, 0.9) [0.9, 1]

Classification Serious
imbalance

Mild
imbalance

Near
imbalance

Basic
coordination

Good
coordination

Quality
coordination

3. Results
3.1. Assessment of Spatial and Temporal Evolution of LULC
3.1.1. Analysis of Spatial Patterns of LULC Under Multiple Scenarios

Based on the distribution of historical and SSP-RCP scenario land use simulations
(Figure 5), the land cover pattern along G318 exhibited marked spatial heterogeneity. In the
historical land use distribution, forest and grassland served as the dominant land types,
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collectively occupying 68.3% of the total area. Within this distribution, alpine meadow
ecosystems were predominantly concentrated in the western Sichuan Plateau region, while
forest vegetation formed continuous distribution corridors along the Hengduan Mountain
range. The proportion of cropland resources was approximately 18%, with the majority
concentrated in the Sichuan Basin and the alluvial plain of the Yangtze River Delta. The
cultivation structure is characterized by the predominant cultivation of “western grain and
eastern vegetable.” Urban land constituted 8.1% of the total area, exhibiting significant
spatial differentiation. The tundra regions of the Tibetan Plateau and the desert belt of the
Western Sichuan Plateau collectively encompassed over 99% of the total area of urban land.
The spatial layout of the urban land is defined by a “double-core multi-point” configuration,
with the Yangtze River Delta city cluster comprising Shanghai as the core (accounting for
more than 40%) and the Chengdu–Chongqing Economic Zone (accounting for more than
35%) constituting the primary distribution area. This spatial expansion is characterized by
a decentralized extension. In 2030, the distribution patterns of G318 regional LULC will
remain consistent under different SSP-RCP development scenarios, exhibiting significant
spatial coupling.

Figure 5. Multi-scenario LULC in the G318 regions. Note: A: the glaciated and permafrost zone
in the northern Tibetan Plateau; B: Chengdu-Chongqing Economic Zone; C: Yangtze River Delta
Urban Agglomeration.

3.1.2. Analysis of LULC Transfer Change Under Multiple Scenarios

As demonstrated in Figure 6, an analysis of multi-scenario land use transfer matrices
indicates that land types in the regions of G318 have undergone changes to varying extents
between 2000 and 2020. The urban area exhibited an exponential expansion driven by rapid
urbanization, with an increase in area from 29,716.75 km2 to 56,138 km2, representing
an 88.9% increase. The cropland resources were impacted by the encroachment and
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marginalization of urban land, which exhibited a continuous decreasing trend. The total
area under consideration is reduced by 33,356.75 km2, representing a reduction ratio of
approximately 7.5%, with the greatest impact observed in the Chengdu Plain and the
urban fringe of the Yangtze River Delta. The positive recovery of forest ecosystems was
attributed to the implementation of various projects, including the reversion of farmland to
forestry and the strategic planting of trees. Consequently, the coverage rate has exhibited an
increase from 23.1% to 23.8%. The water in question is closely related to the water storage
of the Three Gorges Project and the expansion of highland lakes, which has resulted in an
increase of 0.3 percentage points (2.8–3.1%) in area during this period. The grassland area
exhibited a V-shaped change, with a decrease of 0.6% from 2000 to 2010 and an increase
of 0.4% from 2010 to 2020, resulting in an overall net loss of 6136.25 km2. The ongoing
diminution of barren land is attributable to the construction of ecological barriers in the
western regions.

Figure 6. Land use change in the G318 regions.
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In the context of the three development scenarios (SSP1-1.9, SSP2-4.5, and SSP5-8.5)
for the year 2030, the disparities in the proportion of the overall land area are not readily
apparent. However, the evolutionary trajectories exhibit substantial divergence. The
SSP1-1.9 scenario mirrors an ecological priority development path, characterized by an
augmentation in the total area of forest and grassland by 2462.5 km2 compared to the
SSP5-8.5 scenario, and a concomitant increase of 5412.5 km2 in the area of cropland. This
substantiates the viability of the ecological agriculture model. The SSP5-8.5 scenario is
characterized by high-intensity development. The urban area exhibited a substantial
increase, reaching 65,003.5 km2, which represents a 15.8% rise in comparison with the year
2020. Concurrently, the area dedicated to cultivation exhibited a modest headwind. The
SSP2-4.5 scenario is predicated on the historical development trend, thus demonstrating the
characteristics of the middle path and the synergistic growth of urban land and cropland.
This reflects the potential for sustainable development, and the differences in land use
among the three scenarios reveal the threshold effect of the choice of development path on
the pressure on the land use system. Under the SSP5-8.5 scenario, the water surface area
increased by 14.3% compared to the other two scenarios, which is directly attributable to
accelerated glacier melt on the plateau driven by RCP8.5 radiative forcing. Under the three
development scenarios for 2030, the area of barren land has increased greatly, mostly from
the transformation of the tundra degradation area of the plateau.

3.2. Evolutionary Assessment of CS Under Multiple Scenarios

As demonstrated in Figure 7, which presents the CS assessment of multi-scenario
LULC, there was a significant correlation between the spatial and temporal patterns of
CS along G318 and LULC. The high carbon density areas are principally concentrated in
the Hengduan Mountains and the nine mountain ranges in Zhejiang Province, while the
medium and low carbon density areas are principally distributed in the Tibetan Plateau, the
Chengdu–Chongqing Economic Zone, and the Yangtze River Delta urban agglomeration.

Historical data demonstrate that from 2000 to 2020, the total CS in the regions exhibited
a dynamic equilibrium of “decreasing and then increasing, respectively, 26,120.63 × 106 t,
26,096.35 × 106 t, and 26,102.66 × 106 t, with a fluctuation amplitude of less than 0.1%. The
study area was projected to experience a decrease in total CS in 2030 under the three SSP-
RCP scenarios. In the context of the three SSP-RCP scenarios for 2030, the total CS within the
study area underwent a decline. The SSP1-1.9 scenario demonstrated a superior ecological
protection effect, with the total CS amounting to 26,014.35 × 106 t, thus substantiating the
carbon sequestration advantage of the ecologically prioritized pathway. The SSP2-4.5 and
SSP5-8.5 scenarios are reduced in turn, yielding 26,011.73 × 106 t and 26,001.04 × 106 t,
respectively. The total CS within the study area was predominantly attributable to three
land categories: grassland, forest, and cropland, accounting for over 90% of the total CS.
Notably, grassland ecosystems dominated the CS in each category, a consequence of their
characteristic high carbon density and extensive geographical distribution. A comparative
analysis of the three development scenarios reveals that, in 2030, the proportion of grassland
and forest in the total CS decreases by 0.2 percentage points compared to 2020. This decline
is identified as the primary factor contributing to the overall decrease in the total CS. The
augmentation of urban land has been demonstrated to elicit a substantial carbon source
effect, with its CS escalating from 256.56 × 106 t to 474.22 × 106 t between 2000 and 2020.
Projections indicated that, under the three projected development scenarios, this CS will
further increase to about 520 × 106 t by 2030, with the growth rate of the SSP5-8.5 scenario
being the most pronounced.
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Figure 7. Multi-scenario CS in the G318 regions. Note: A: the glaciated and permafrost zone
in the northern Tibetan Plateau; B: Chengdu-Chongqing Economic Zone; C: Yangtze River Delta
Urban Agglomeration.

3.3. Analysis of Coordination Between LUI and CS

As shown in Figure 8, a notable coupling exists between the spatial pattern of LUI and
the distribution of land cover types along the G318 corridor. High LUI is predominantly
concentrated in the Yangtze River Delta and Chengdu–Chongqing urban agglomerations,
exhibiting significant spatial agglomeration. In contrast, medium and low LUI areas are
mainly found in forest and grassland regions, where their spatial distribution is strongly
constrained by topographic elevation and ecological baseline conditions. Between 2000
and 2020, the LUI structure in the G318 region underwent marked changes. The proportion
of low LUI remained relatively stable, maintaining a share of 43–44% with only minor
fluctuations. Meanwhile, the share of medium LUI decreased from 48.22% to 46.30%, a net
reduction of 1.92 percentage points, while that of high LUI increased from 7.84% to 9.78%,
representing a rise of 1.94 percentage points. Under three future development scenarios,
further evolution in LUI structure is projected. The proportion of low LUI is expected to
decline significantly to approximately 39%, while medium LUI will become the dominant
type, accounting for over 50% in all scenarios. High LUI is projected to continue expanding,
exceeding 10% in all cases. In summary, LUI changes over the past two decades were
primarily characterized by a shift from medium to high LUI, driven mainly by peri-urban
expansion and regional development policies. Future scenario simulations further indicate
that LUI along the G318 corridor will continue to increase, with high LUI showing an
upward trend across all scenarios.
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Figure 8. Multi-scenario LUI in the G318 regions. Note: A: the glaciated and permafrost zone
in the northern Tibetan Plateau; B: Chengdu-Chongqing Economic Zone; C: Yangtze River Delta
Urban Agglomeration.

As illustrated in Figure 9, the coordinated types of LUI and CS changes in the multi-
scenarios of the regions along G318 in each time period exhibited significant variation,
suggesting a gradual improvement. The proportion of coordinated development type was
low in 2000–2010 and 2010–2020, at 38.9% and 42.3%, respectively, which indicates a slight
improvement. The proportion of dysfunctional recession type gradually recedes with the
passage of time, decreasing from 35.8% to 32.1% during 2000–2020. The proportion of
break-in transition type is the least, and it tends to stabilize at 25.3% and 25.6%, respectively.
The accelerated proliferation of urban land during the periods 2000–2010 and 2010–2020,
distinguished by elevated LUI and diminished carbon intensity, has incessantly encroached
upon the domain of alternative land types. This phenomenon represents the dominant
factor impacting the proportional distribution of coordination types across the study regions.
The coordinated development types from 2010 to 2020 have shown significant improvement
compared to the period from 2000 to 2010. The implementation of initiatives aimed at the
reforestation of agricultural land and the promotion of ecological conservation has resulted
in an augmentation of forest and grassland areas characterized by high carbon density
and low utilization intensity. Concurrently, there has been a decline in the proportion of
serious imbalance types and a modest increase in the proportion of quality coordination
types. A comparison of the coordination of LUI and CS changes under the three SSP-RCP
scenarios in 2030 reveals significant enhancement compared to the historical development
stage. The proportion of coordinated development has increased significantly, and the
proportion of dysfunctional recession has decreased. A comparative analysis of the three
SSP-RCP scenarios reveals that the coordinated development of LUI and CS under the
SSP2-4.5 scenario is optimal. This coordinated development type accounts for 50.7%, with
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quality coordination contributing significantly and the dysfunctional recession type being
the least applicable to the three scenarios. This suggests that the coordinated development
of LUI and CS in the region along G318 is more feasible. The proportion of coordinated
development is analogous in the SSP1-1.9 and SSP5-8.5 scenarios, with a discrepancy of
0.2%. However, a substantial disparity exists in the dysfunctional decline type between
the two scenarios, with the SSP5-8.5 scenario exhibiting a 2.2% increase over the SSP1-1.9
scenario. The overall coordination of the SSP5-8.5 scenario is suboptimal, indicating that
this scenario is less conducive to the coordinated sustainable development of the regions
compared to other scenarios.

 

 

Figure 9. Coordination of LUI and CS.

Building upon the clarified overall coordination pattern along the G318 corridor, this
study further divides the research area into three zones based on elevation gradients for
in-depth analysis (Figure 10). The results reveal a significant elevation-dependent charac-
teristic in the coordination relationship between LUI and CS, with spatial heterogeneity
reflecting the coupling between human activity intensity and ecosystem functions.

Figure 10. Coordination of LUI and CS across Elevation Bands.
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Spatially, ecosystem coordination exhibits distinct elevation-zonal patterns. The high-
elevation zone maintains strong coordination, with 75–80% of the area being coordinated—
primarily of high-quality—which reflects stable ecosystem structure and high CS capacity
under minimal human disturbance. The mid-elevation transition zone shows a “conflict-
resilience coexistence” pattern, featuring significant disturbance (historically exceeding
36% in severe categories) while also retaining persistent basic coordination. The low-
elevation zone demonstrates the poorest coordination, being dominated by disturbed
types (mostly mild disturbance), which indicates sustained pressure on carbon storage
from intensive human activities. Temporally, elevation-dependent responses to future
pathways emerge. The low-elevation zone shows marked coordination improvement
under SSP1-SSP2 (coordinated types rising from 11.80–16.32% to ~24%), demonstrating
sustainable pathways’ positive effects, whereas limited SSP5 progress reveals challenges
in reversing degradation under carbon-intensive development. The mid-elevation zone
exhibits gradual yet stagnant improvement across scenarios, indicating systemic resilience
but requiring transformative governance. Notably, the high-elevation zone, while maintain-
ing superior coordination, shows consistent slight declines and increasing transitional types
across all scenarios, suggesting emerging vulnerability to climate change and marginal
anthropogenic pressures.

4. Discussion
4.1. Spatiotemporal Variations of LUCC and CS in the G318 Region

LUCC directly influences the CS of terrestrial ecosystems. LUI is closely related to
the efficiency of land resource utilization and serves as a key factor reflecting the spatial
development pattern of a region. Exploring the variations in LUI and CS, as well as their
coordination under different future climate scenarios, is of great significance for addressing
climate change in complex surface regions, promoting green and low-carbon sustainable
development, and consolidating and enhancing carbon sink capacity. The results indicate
that over the past two decades, the G318 region has experienced rapid urbanization, with
land-use change becoming the dominant driver of CS transfer, consistent with the findings
of Wei et al. [48] From both historical and future perspectives, the overall CS in the G318
region has shown a continuous declining trend, primarily due to the expansion of urban
construction, which has resulted in the conversion of high-carbon-density land types to
low-carbon-density land types. This observation aligns with the studies of Xiang et al. [49]
and Seto et al. [50] Conversely, ecological projects such as “Grain for Green” and ecological
protection have facilitated the recovery of forest and grassland areas with high carbon
density and low utilization intensity, thereby improving the coordination between LUI
and CS, which is consistent with the findings of Han et al. [51] Overall, the results suggest
that the SSP2-4.5 scenario is more suitable for sustainable development in the G318 region,
which is in agreement with the conclusions of Yue et al. [52].

4.2. Development Proposal

A comprehensive analysis of the ecosystem’s carbon storage in the G318 regions
reveals a downward trend in future development. The spatial pattern of CS exhibits
significant variation, characterized by high storage in the west and low storage in the
east. In contrast, the LUI displays a contrasting pattern. The high-intensity development
zones are primarily concentrated in the eastern Yangtze River Delta urban agglomeration
and the Chengdu–Chongqing Economic Zone. The western regions exhibit the most
deficient development, with Hubei Province demonstrating a medium level of development.
Among the three development scenarios in 2030, the SSP2-4.5 scenario demonstrates the
most optimal coordination between land use intensity and carbon storage, making it
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particularly well-suited for the coordinated and sustainable development of the study area.
In the context of land use development and ecosystem carbon resource management, the
study area must be attentive to the transition from mild imbalance to near imbalance and
must expedite the transformation from basic coordination to good coordination. As core
areas experiencing pronounced anthropogenic disturbance, the low- and mid-elevation
zones should be prioritized for territorial ecological restoration and land use optimization.
Particular emphasis should be placed on implementing SSP1-/SSP2-aligned sustainable
pathways to enhance systemic coordination. Meanwhile, the high-elevation zone requires
preventive conservation strategies aimed at mitigating systemic risks, so as to effectively
curb the observed trend of coordination degradation.

4.3. Uncertainty and Future Perspectives

The InVEST model has certain limitations [53]. Although the carbon density data
employed in this study were calibrated, they were not derived from high-precision, high-
density, real-time field surveys with standardized protocols, and thus may still differ
from actual conditions. Future research will focus on different carbon density regions,
incorporating ecological expert knowledge and supplementing with multi-source field
measurements to further improve the accuracy of regional carbon storage simulations.

The SD model is constructed with the involvement of four subsystems: population,
economy, climate, and land use. The correlation significance between the factors must
be tested in order to determine the equation of the resume feedback. However, it is
possible that there are nonlinear relationships that have not been recognized, or invisible
feedback in the actual system. The SD model demonstrates an error of less than 8% in the
prediction of the number of large-scale land types; However, in areas such as grasslands
and unutilized land in Shanghai, the total area of these ≤20 km2 land types is less than
0.1% of the total study area. This has a minimal impact on the experimental results. The
prediction results, on the other hand, have a greater impact and deviate from the actual
development trend [54]. In future studies, regional development planning policies will
be incorporated, and essential feedbacks among subsystems will be fully considered to
establish a coupled human–environment system, enabling more accurate projections of
regional future development.

5. Conclusions
In the context of the “dual-carbon” target development, this study adopted a two-

pronged approach, examining LULC and CMIP6 multi-scenario development from a
geographic perspective. The study integrated the SD-PLUS-InVEST model to predict and
analyze regional LULC and ecosystem CS along G318. Additionally, the coordination
model was employed to reveal the coordinated development between LUI and CS changes
in depth, providing theoretical references for the management of the construction of
sustainable and coordinated development along G318.

Historically, the G318 corridor has experienced rapid land-use transformations, char-
acterized by exponential expansion of built-up areas, which served as the primary driver
of persistent cropland loss. Projections under three 2030 development scenarios reveal a
threshold effect of pathway selection on ecological pressure exerted by land-use changes.
CS, influenced by land-use transitions, demonstrated a “decline-stabilization” dynamic
during the historical period, yet is projected to decrease across all three future scenarios.
The coupling relationship between LUI and CS shows a gradually improving trend, while
exhibiting significant elevation-dependent characteristics. This spatial heterogeneity re-
flects the complex interplay between anthropogenic intensity and ecosystem functioning.
Based on integrated multi-indicator assessment, the SSP2-4.5 scenario is identified as the
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most suitable pathway for achieving coordinated and sustainable development within the
G318 region.
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