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Abstract: In investigating the spatiotemporal patterns and spatial attributes of carbon storage
across terrestrial ecosystems, there is a significant focus on improving regional carbon sequestration
capabilities. Such endeavors are crucial for balancing land development with ecological preservation
and promoting sustainable, low-carbon urban growth. This study employs the integrated InVEST-
PLUS model to assess and predict changes in ecosystem carbon storage under various land use
scenarios within the Chengdu urban cluster, a vital region in Central and Western China, by 2050.
The results indicate the following. (1) A linkage between land use dynamics and ecosystem carbon
storage changes: over two decades, a 7.5% decrease in arable land was observed alongside a 12.3%
increase in urban areas, leading to an 8.2% net reduction in ecosystem carbon storage, equating to
a loss of 1.6 million tons of carbon. (2) Carbon storage variations under four scenarios—natural
development (NDS), urban development (UDS), farmland protection (FPS), and ecological protection
(EPS)—highlight the impact of differing developmental and conservation policies on Chengdu’s
carbon reserves. Projections until 2050 suggest a further 5% reduction in carbon storage under NDS
without intervention, while EPS could potentially decrease carbon storage loss by 3%, emphasizing
the importance of strategic land use planning and policy. This research provides a solid theoretical
foundation for exploring the relationship between land use and carbon storage dynamics further. In
summary, the findings highlight the necessity of incorporating ecological considerations into urban
planning strategies. The InVEST-PLUS model not only sheds light on current challenges but also
presents a method for forecasting and mitigating urbanization effects on ecosystem services, thus
supporting sustainable development goals.

Keywords: land use change; carbon storage; InVEST model; PLUS model; simulation prediction

1. Introduction

Terrestrial ecosystem carbon storage (CS) encapsulates the significant amount of
carbon held in plant leaves, woody components, and soil amid the ongoing carbon exchange
process among plants, soil, and the atmosphere [1]. This carbon storage serves as a critical
parameter for examining carbon fluxes between terrestrial ecosystems and the atmosphere
and plays a pivotal role in evaluating the volume of carbon gases absorbed and released
by these ecosystems [2]. Land use and cover change (LUCC) significantly influences the
carbon cycling process within terrestrial ecosystems, thereby affecting regional carbon
balances [3]. The specific land use and cover type is instrumental in determining the carbon
storage capacity of terrestrial ecosystems, as shifts between land use categories often entail
significant carbon exchanges [4,5]. With China’s pledge at the 75th United Nations General
Assembly in 2020 to enhance its nationally determined contributions, implement more
vigorous policies and measures, aim to peak carbon dioxide emissions by 2030, and achieve

Land 2024, 13, 509. https://doi.org/10.3390/land13040509 https://www.mdpi.com/journal/land

https://doi.org/10.3390/land13040509
https://doi.org/10.3390/land13040509
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/land
https://www.mdpi.com
https://orcid.org/0000-0003-4301-2071
https://doi.org/10.3390/land13040509
https://www.mdpi.com/journal/land
https://www.mdpi.com/article/10.3390/land13040509?type=check_update&version=1


Land 2024, 13, 509 2 of 24

carbon neutrality by 2060, accurately estimating and modeling future land use carbon
storage becomes increasingly critical [6]. In this context, an exhaustive investigation of
the spatial distribution, characteristics, and mechanisms of land use carbon storage is
imperative for comprehending the effects of human activities on regional carbon storage.
This study not only aids in steering urban development toward low-carbon sustainability
but also offers valuable insights for national spatial planning strategies.

In recent years, the study of carbon storage has received considerable attention from
the academic community, especially regarding assessment methods, research subjects,
and temporal scopes. The evaluation of carbon storage has seen the development of
diverse methodologies by scholars [7]. Traditional techniques include biomass methods
and accumulation methods [8]. However, the inability of these traditional methods to
accurately reflect carbon storage changes across spatiotemporal gradients has led many
researchers to adopt modeling approaches to assess these dynamic alterations [9]. Among
existing models, the Integrated Valuation of Ecosystem Services and Trade-offs (InVEST)
model stands out due to its low data requirements and efficient operation [10]. The Carbon
module within the InVEST model, leveraging spatial land use changes, facilitates the
visualization of changes in carbon storage ecosystem services. Utilizing the InVEST model
allows for the quantitative assessment of carbon storage shifts, thereby offering an in-depth
examination of how land use changes impact carbon storage [5,11].

Secondly, the research subjects of carbon storage cover a broad spectrum. From an ad-
ministrative standpoint, studies span various spatial scales, including the macro (national),
intermediate (provincial and municipal), and micro (county-level) scales, all recognized
as critical research areas [12–15]. Research also extends across administrative boundaries,
predominantly focusing on urban agglomerations, trans-basin areas, and similar extensive
regions [16]. However, investigations into urban agglomerations are comparatively scarce,
with a narrower focus that underscores their regional homogenization characteristics and
trends. This specificity not only underscores the distinct role of urban agglomerations in
carbon storage studies but also underlines their significance in regional carbon cycling
dynamics. Predominantly, research has been concentrated in China’s eastern coastal ar-
eas [5]. The Chengdu Urban Agglomeration, distinguished as the first officially recognized
urban agglomeration in Central and Western China, occupies a pivotal role [17]. Detailed
exploration of carbon storage within the Chengdu Urban Agglomeration not only aims
to bridge existing research gaps but also serves as a crucial reference for understanding
carbon cycling in Central and Western China. As a model of advanced regional homoge-
nization, the carbon storage scenario in the Chengdu Urban Agglomeration is shaped by
local factors and mirrors the broader challenges and opportunities for carbon management
and sustainable growth in these regions.

Thirdly, the temporal dimension of carbon storage research has historically been
defined by cross-annual and cross-monthly analyses leveraging historical data, with a
segment of the scholarly community dedicated to simulating and projecting future devel-
opments [18]. On the one hand, despite the widespread application of the InVEST model
for evaluating ecosystem services, there is a noticeable lack of research combining these
evaluations with forecasts of land use dynamics, particularly in the Central and Western
regions of China, including the Chengdu Urban Agglomeration [19]. Our research aims
to address this gap by applying the coupled model in this distinct area, offering fresh
perspectives on the temporal and spatial progression of carbon storage. On the other hand,
existing studies on ecosystem carbon storage frequently depend on static evaluation meth-
ods or dynamic models focused solely on land use changes, overlooking the integration
of ecosystem service evaluations [20]. Our approach enhances existing methodologies
by integrating the ecosystem service assessment features of the InVEST model with the
dynamic land use modeling capabilities of the PLUS model, facilitating a more thorough
examination of both present conditions and future possibilities.

Moreover, in contrast to previous research typically grounded in a limited set of sce-
narios to simulate differences in future land use [21], our study introduces a comprehensive
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suite of scenarios. In this paper, we concentrate on predicting changes in land use across
various scenarios. This entails a holistic consideration of scenarios such as natural develop-
ment, urban development, farmland protection, and ecological protection [18]. Under the
natural development scenario (NDS), we examine the potential impacts of natural factors
on carbon storage. In the context of the urban development scenario (UDS), the focus shifts
to the implications of urban expansion on carbon storage. The farmland protection scenario
(FPS) is dedicated to preserving the carbon storage capacity of farmland ecosystems, while
the ecological protection scenario (EPS) underscores the conservation of natural ecosystems,
thereby exerting distinct influences on carbon storage dynamics. This approach takes
into full account the highly variable nature of future developments and enables a more
nuanced analysis of the potential outcomes and impacts of various policy interventions on
carbon storage.

Currently, research on land use change prediction models mainly focuses on mod-
els constructed based on cellular automata, such as the CA-Markov model [22], the
FLUS model [23], and the CLUE-S model [24]. However, the Markov model has limi-
tations in effectively describing spatial-scale changes [25], the FLUS model faces challenges
in reflecting spatial differences in land use changes in different regions [26], and the CLUE-S
model neglects the possibility of non-dominant land cover conversion [27]. In contrast, the
PLUS model, with its unique advantages, effectively circumvents the pitfall of exponential
growth in the number of transformation types as categories increase through the integration
of transformation analysis strategies and pattern analysis strategies. Simultaneously, it
retains the model’s capacity to unearth the mechanisms driving land use changes over a
specified period, showcasing a broader applicability [18].

Consequently, by amalgamating the predictive capabilities of the PLUS model with the
ecosystem service assessment proficiency of the InVEST model, our methodology empow-
ers users to: (1) Visualize future land use changes under various policy scenarios, thereby
facilitating a more informed decision-making process. (2) Quantify the impacts of land use
changes on ecosystem carbon storage, offering valuable insights for carbon management
and conservation strategies. (3) Evaluate policy interventions by comparing scenarios such
as the NDS, UDS, FPS, and EPS, promoting the formulation of targeted and effective land
use policies. (4) Our model has been applied through a case study in the Chengdu Urban
Agglomeration, serving as a template for similar research in other regions, thus supporting
global efforts toward sustainable development and climate change mitigation.

Building upon the aforementioned context, the pressing challenges posed by urbaniza-
tion and climate change necessitate a deeper understanding of their impacts on ecosystem
services, particularly on carbon storage in urban and peri-urban areas. Consequently, the
primary aim of this study is to unravel the complex interplay between land use changes
and ecosystem carbon storage within the Chengdu Urban Agglomeration. By specifically
focusing on the rapidly urbanizing Chengdu urban cluster in Central and Western China,
this research employs the InVEST-PLUS model to assess the impacts of land use changes on
ecosystem carbon storage and to explore potential strategies for mitigating adverse effects.
To this end, we will address the following research questions: (1) How have different land
use types in the Chengdu urban cluster changed over the past 20 years? (2) How have these
changes affected the distribution and total amount of regional carbon storage? (3) How
will carbon storage change in the future under different land use and ecological protection
policy scenarios?

2. Study Area

Chengdu Urban Agglomeration, as a crucial intersection point of China’s “Belt
and Road Initiative” and the Yangtze River Economic Belt, is explicitly centered around
Chengdu City and tightly linked with cities such as Deyang, Meishan, and Ziyang, form-
ing a closely connected regional network. The total area of the agglomeration reaches
26,400 square kilometers, and as of the end of 2020, the resident population is approx-
imately 27.61 million. As one of the most active, innovative, and open regions in the
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country’s economic development, the Chengdu Urban Agglomeration urgently needs to
comprehensively implement requirements for dual control of energy consumption and
control of carbon emissions. Simultaneously, it actively accelerates the construction of the
Western Region Environmental Resource Trading Center and the National Carbon Market
Capacity Building (Chengdu) Center. As depicted in Figure 1, the base map is sourced from
the National Administration of Surveying, Mapping and Geoinformation of China (2019), with
the addition of topographic land maps and specific annotations using ArcGIS 10.8 software.
The remaining maps were also completed utilizing the same software.
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Figure 1. Location (A) and topographical map (B) of Chengdu Urban Agglomeration.

3. Decision Framework and Data Sources
3.1. Design of Decision Framework

This research project employs a problem-oriented and goal-directed method, outlined by a
technical sequence: “Multi-source Data Mining—Spatiotemporal Evolution Analysis—Future
Multi-scenario Prediction—Spatial Optimization Strategies.” As shown in Figure 2, this study
pivots around critical scientific inquiries, undertaking thorough explorations.

Initially, the project engages in multi-source data mining, gathering essential data and
extensively collecting variables from various domains such as biophysics, economics, climate,
and landscape. Through meticulous preprocessing and amalgamation of these datasets to en-
sure coherence and applicability, a robust groundwork is established for further investigation.
Consequently, the Chengdu Urban Agglomeration Ecosystem Carbon Storage Database is
developed, offering dependable data support for comprehensive analysis.

Subsequently, utilizing the InVEST model, the project devises the Chengdu Urban
Agglomeration Ecosystem Carbon Storage Model. By examining historical spatiotempo-
ral patterns, this model generates time-series data regarding ecosystem carbon storage,
uncovering the dynamics and spatial distribution of carbon storage shifts across different
ecosystem types within the Chengdu Urban Agglomeration. This provides invaluable
insights for subsequent studies.

For projecting future carbon storage scenarios, the research applies the PLUS model
to scrutinize trends and prospective effects of ecosystem carbon storage alterations un-
der diverse scenarios within the Chengdu Urban Agglomeration. It thoroughly assesses
the variance and uncertainties among these scenarios, laying a scientific foundation for
forthcoming carbon storage management and strategic planning.

In the final phase, by integrating scenario projections with current land use policies,
the project evaluates the existing and prospective capacities for ecosystem carbon storage in
the Chengdu Urban Agglomeration. Leveraging these assessments, a suite of optimization
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strategies for enhancing ecosystem carbon storage is suggested, encompassing land use
modifications, ecological rejuvenation, and scientific governance practices. These strategies
are designed to augment the carbon sequestration potential and carbon reserves of ecosys-
tems, providing targeted and pragmatic recommendations for the sustainable progress and
carbon-neutral transition of the Chengdu Urban Agglomeration.
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Figure 2. Decision framework diagram of this study.

3.2. Data Sources

This article references significant works on land use simulation [18,23]. It emphasizes
the precision and applicability of the PLUS model while considering the study area’s
characteristics, data availability, importance, and currency. The article identifies 10 critical
drivers of land use changes from both natural and anthropogenic perspectives. Compre-
hensive land use simulation studies were undertaken, with detailed information presented
in Table 1. All utilized data conform to the PLUS model’s input specifications, with land
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use information establishing the basis for normalizing coordinate systems and resolutions
to guarantee uniformity in row and column configurations.

Table 1. Data information.

Data Type Data Name Data Source Explanation

Administrative
Boundary

City
Administrative
Boundary Data

Resource and Environment Science Data Center
(http://www.resdc.cn/data, accessed on

1 December 2023).

Referring to the administrative division map of
Sichuan Province, there are four

cross-administrative prefecture-level cities:
Chengdu City, Deyang City, Meishan City, and

Ziyang City.

Land Use
Type

2000–2020 Land
Use Type

Chinese Academy of Sciences Resource and
Environmental Science Data Center

(https://www.resdc.cn, accessed on 1 December 2023).

Spatial resolution is 30 m × 30 m, reclassified into
six land use types: cropland, forest land, grassland,

water area, built-up land, and unused land.

Biophysical
Factors

Digital Elevation
Model (DEM)

The data are sourced from the Resource and
Environmental Science and Data Center of the Chinese

Academy of Sciences (https://www.resdc.cn, accessed on
2 December 2023).

The data cover elevations ranging from 218 to 7100 m.

Slope Calculated based on DEM data using GIS platform. The data range from 0◦ to 89.41◦.

Normalized
Difference

Vegetation Index
(NDVI)

Obtained from the Geospatial Cloud Platform
(http://www.gscloud.cn, accessed on 2 December 2023).

It is a standardized method for measuring the
health of vegetation in the study area.

Social and
Economic

Factors

Unit Gross
Domestic Product

(GDP)

Obtained from the Chinese Academy of Sciences Resource
and Environmental Science Data Center

(https://www.resdc.cn, accessed on 1 December 2023).

It reflects the total market value of all products
produced by using production factors per unit

area over a certain period.

Population Density
(POP)

WorldPop (https://www.worldpop.org/, accessed on
3 December 2023)

It represents the number of people per unit of land
area and provides a measure of the population.

Nighttime Light

The first professional nighttime remote sensing
satellite, “Luojiya-1”

(http://59.175.109.173:8888/app/login.html, accessed
on 3 December 2023).

It reflects the brightness of nighttime lights on
the Earth’s surface, providing an indication of

human activity intensity to some extent.

Road Density
Non-profit map service platform OpenStreetMap

(http://www.openstreetmap.org, accessed on
2 December 2023).

It refers to the ratio of the total length of all roads
in a certain area to the total area of that area.

Climate
Factors

Annual Average
Precipitation

National Earth System Science Data Center
(http://www.geodata.cn/, accessed on 1 December 2023). It is the average of the annual precipitation.

Average Annual
Temperature

National Earth System Science Data Center
(http://www.geodata.cn/, accessed on 4 December 2023).

It refers to the arithmetic mean of the daily
average temperatures throughout the year.

Annual Average
Humidity

National Earth System Science Data Center
(http://www.geodata.cn/, accessed on 4 December 2023).

It refers to the arithmetic mean of the daily
average humidity throughout the year.

Annual Average
Wind Speed

National Earth System Science Data Center
(http://www.geodata.cn/, accessed on 4 December 2023)

It refers to the arithmetic mean of daily average
wind speed throughout the year.

Landscape
Factors

CONTAG Calculated by the Fragstats4.2 software based on land
use data.

It describes the degree of aggregation or
dispersion of different patch types in

the landscape.

SHDI Calculated by the Fragstats4.2 software based on land
use data. It reflects landscape heterogeneity.

PD Calculated by the Fragstats4.2 software based on land
use data.

It reflects the overall heterogeneity and
fragmentation of the landscape as well as the degree

of fragmentation of a specific land cover type.

LPI Calculated by the Fragstats4.2 software based on land
use data.

It refers to the proportion of the area of the largest
patch in a specific land cover type to the total area of

that type.

ED Calculated by the Fragstats4.2 software based on land
use data.

It reveals the degree to which the landscape or a
specific land cover type is divided

by boundaries.

Space Policy Nature Reserve
Range

Sichuan Provincial Geographical Information Public
Service Platform (http://sichuan.tianditu.gov.cn/,

accessed on 1 December 2023).

As a restrictive factor, this region involves policy
constraints related to ecological reserves, and

land types are set as unalterable.

http://www.resdc.cn/data
https://www.resdc.cn
https://www.resdc.cn
http://www.gscloud.cn
https://www.resdc.cn
https://www.worldpop.org/
http://59.175.109.173:8888/app/login.html
http://www.openstreetmap.org
http://www.geodata.cn/
http://www.geodata.cn/
http://www.geodata.cn/
http://www.geodata.cn/
http://sichuan.tianditu.gov.cn/
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4. Methods
4.1. Land Use Change Dynamics

Land use dynamics encapsulate the magnitude of alterations within the same land
use category over a designated timeframe [28]. This concept delineates the quantitative
and qualitative shifts in land use, including variations in size, types, and scope of land
employed during a defined interval [29]. By analyzing transitions in land use categories
across a certain period, we can characterize the variations in the spatial extent of distinct
land categories within a specified locale. The formula is as follows:

L =
Mb − Ma

Ma
× 1

F
× 100% (1)

where L represents the dynamic degree of change for a certain land use type in the region,
Ma and Mb represent the area of a specific land use type at the beginning and end of the
study, and F represents the study period.

4.2. Carbon Storage Calculation Based on the InVEST Model

Employing the Carbon module of the InVEST model, in conjunction with land use and
land cover maps and the carbon reserves of four carbon pools, we performed carbon stock
assessments for the present scenario or a designated timeframe [5,10]. To enhance the precision of
our calculations, we omitted land categories that are both relatively rare and quickly regenerative,
like grassland and short-cycle crops, from the aboveground carbon pool, tailoring this exclusion
to particular land use and land cover classifications [30]. The calculation formula is as follows:

Ci−tot = Ci−above + Ci−below + Ci−soil + Ci−dead (2)

where i represents the i-th type of land use; Ci_tot refers to the total carbon pool under different
land use practices in a specific region; Ci_above represents the aboveground biomass, including
the carbon pool of all vegetation material (such as bark, trunk, branches, leaves) surviving in
the soil; and Ci_below refers to the biomass carbon pool in the soil, specifically the carbon pool
of the active roots present in the soil. Ci_soil represents the carbon pool in the soil, generally
referring to the carbon pool obtained from non-mineral soils rather than from organic-rich soils.
Ci_dead refers to the carbon pool of withered, fallen, and dead organic matter.

The InVEST model operates under core assumptions regarding carbon reservoirs, treating
the carbon density of each land cover type as a fixed value. This approach entails calculating
the carbon stock of vegetation in a specific area by multiplying the carbon density values of
various vegetation types by their respective surface areas [10,31]. Nevertheless, research has
highlighted considerable fluctuations in carbon density across different locales. Therefore, our
study concentrates on the central and western regions of China, particularly Sichuan Province
and the Chengdu metropolitan area. We have synthesized findings from prior studies to more
accurately represent carbon density fluctuations within this area [5,32]. Building on this, through
conducting surveys in neighboring regions and a thorough examination of regional traits, we
have modified the model to ascertain differentiated carbon concentration values for varied land
uses within the Chengdu metropolitan area, as detailed in Table 2.

Table 2. Reference values of carbon density by land use in Chengdu metropolitan area/t-m−2.

Land Use Type Aboveground Carbon
Density

Belowground Carbon
Density Soil Carbon Density Dead Organic Matter

Carbon Density

Cultivated Land 38.70 80.70 92.90 1.00
Forest Land 55.56 144.87 206.45 3.50
Grassland 29.30 52.90 135 1.00

Water Area 21.40 73.10 113 1.00
Construction Land 3.30 87.30 115.30 0

Unused Land 22.60 136.90 171.80 0
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4.3. Land Use Change Prediction Based on the PLUS Model
4.3.1. Land Expansion Analysis Strategy

The Land Expansion Analysis Strategy (LEAS) employed in this study is a specialized
Geographic Information System (GIS) analysis module specifically designed to accurately
capture and analyze land use dynamics in time-series data [33]. The primary utility of the
LEAS module stems from its adeptness in identifying significant areas of land expansion
through land use data at two distinct time intervals, allowing for detailed sample-based
evaluations of these areas [34]. Moreover, this approach integrates the Random Forest
algorithm—a robust machine learning method—to examine and pinpoint patterns of
probability in diverse land development scenarios [18]. This integration facilitates not
only the forecasting of land use types but also the measurement of the influence rates of
various potential driving factors, including economic growth, demographic trends, and
policy shifts, in the land expansion process. The specific formula for the Random Forest
classification algorithm is as follows:

Pd
i,k(x) = ∑M

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

(3)

where d takes values of 0 or 1, where 1 indicates a conversion from other land classes to
land class k, and 0 indicates any land use conversion that does not involve land class k. I(·)
is the indicator function of the decision tree; hn(x) is the predicted type of the nth decision
tree; Pd

i,k(x) is the probability of land use type k growing in spatial unit i.

4.3.2. Cellular Automaton Model Based on Multi-Class Stochastic Patch Seeds

Employing the Cellular Automaton Model with Multi-type Random Patch Seeds
(CARS), this model simulates the generation of land use patches by considering the con-
straints of the probabilities of different land use developments [35]. CARS leverages a
blend of random seed generation and a threshold decay mechanism to incorporate adaptive
coefficients. These coefficients play a crucial role in modulating local land use competition,
facilitating adjustments in land use quantity to align with anticipated future land use
requirements [36]. This module consists of two main parts:

(1) Macro Demand and Local Competition Feedback Mechanism. This feedback mecha-
nism primarily achieves the generation of multi-type random patch seeds, thereby
simulating the calculation of the overall probability OPd=1,t

i,k for land use type k [37].
The formula is as follows:

OPd=1,t
i,k = Pd

i,k × Ωt
i,k × Dt

k (4)

where OPd=1,t
i,k is the comprehensive probability of spatial unit i transitioning to land

type k at time t; Pd
i,k is the suitability probability for land unit i to develop into k;

Dt
k represents the impact of future demand on land type k; and Ωt

i,k represents the
neighborhood effect of unit i, which is the coverage ratio of land use components of
type k in the next neighborhood. The neighborhood weight parameter is determined
based on the proportion of the expansion area of land use types and is dimensionless.

(2) Multi-type Random Patch Seed Threshold Decrease. The PLUS model evolves patches
of multiple land use types by calculating the overall probability process through
a threshold-decreasing trend of multi-type random patch seeds [18,38]. When the
neighborhood effect of land use type k is equal to 0, the overall probability is given by

OPd=1,t
i,k =

 Pd−1
i,k (rµk)Dt

k

∣∣∣∣∣∣∣∣∣∣∣∣ when Ωi
i,k = 0 and r < Pd−1

i,k

Pd−1
i,k Ωt

i,kDt
k

∣∣∣∣∣∣∣∣∣∣∣∣ other
(5)
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where r is a random value ranging from 0 to 1, and µk is the threshold for the newly
generated land use type k patch. Seeds generated in the PLUS model can grow into
new land use type grid cells and gradually form new patch groups. In the process
of land use type competition, the PLUS model uses threshold-decreasing rules to
evaluate the land use types determined by the roulette, limiting the spontaneous
growth of land types and promoting better results. Based on the LEAS and CARS
modules, the PLUS module can determine the optimal land use layout, better simulate
the changes in various land use patches, and thus support planning policies for
sustainable development more effectively.

4.4. Setting of Multiple Scenarios for Land Use

This study focuses on coordinated urban development and draws from an extensive
analysis of historical land use changes within the Chengdu Urban Agglomeration, as well
as the most recent national spatial planning initiatives. It constructed four scenarios: the
NDS, UDS, FPS, and EPS. These scenarios are designed to forecast land use changes in the
Chengdu Urban Agglomeration by 2050. The specific scenario settings are as follows:

(1) NDS: Employing a land use transfer matrix alongside the Markov model for the
period 2000–2020, with a projection interval of 30 years, this scenario forecasts the
area of each land use category within the research region for the year 2050 under the
NDS. Reflecting the ongoing urbanization trend and without imposing limitations on
the interchange among various land categories, this scenario establishes a foundation
for modeling land use transformations in urban clusters.

(2) UDS: Considering the requirements of urban development, this scenario increases
the probability of conversion from farmland and grassland to construction land
while taking into account natural laws and the requirements of the “Chengdu Urban
Agglomeration Development Plan.” An urban development boundary is designated
as a restrictive conversion area.

(3) FPS: Ensuring the source of food security, this scenario protects farmland. Under
the premise of maintaining the total planned area of farmland in the Chengdu Ur-
ban Agglomeration, the scenario implements policies for farmland occupation and
replenishment, achieving the target of supplementary farmland area. The expansion
of construction land is regulated in accordance with the overarching plan while also
ensuring the increase in water bodies essential for agricultural use.

(4) EPS: Considering the development of the ecological environment, this scenario is
based on the growth rate of vegetation in ecological land as specified in the overall
plan for land use in the Chengdu Urban Agglomeration. Building upon the EPS,
it is possible to reduce the probability of farmland conversion to construction land,
lower the probability of forest and grassland conversion to construction land, and
moderately slow down the expansion of construction land. Natural reserves within
the Chengdu Urban Agglomeration are designated as restricted areas.

The challenge of changing from the current land use to a preferred category is quan-
tified through conversion costs [18]. A matrix value of 0 indicates an impossibility of
conversion, while a value of 1 signifies permissible change. Given the examination of four
distinct scenarios in this study, four separate conversion cost matrices are required (Table 3).

Simultaneously, to ascertain the model’s precision, land type data from 2010 were
employed as the training set to forecast the land type distribution in 2020. During this
validation phase, the model exhibited outstanding performance, securing an overall ac-
curacy of 93.3% and a substantial Kappa coefficient of 89.3%. These results signify a high
degree of agreement between the model’s land type predictions and the actual land cover,
affirming the model’s reliability. The outcomes of the validation process satisfactorily fulfill
the research criteria.
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Table 3. Transition cost matrix for multiple scenarios.

Multi-
Scenario Land Use Types Cultivated

Land Forest Land Grassland Water Area Unused
Land

Construction
Land

NDS

Farmland 1 0 1 0 1 1
Forest Land 0 1 1 1 1 1
Grassland 1 1 1 1 1 1

Water Area 0 0 1 1 0 0
Unused Land 0 1 1 1 1 1

Construction Land 0 1 1 1 1 1

UDS

Farmland 1 1 1 0 1 0
Forest Land 0 1 1 1 1 0
Grassland 0 1 1 1 1 0

Water Area 0 0 1 1 0 0
Unused Land 0 0 0 0 1 0

Construction Land 1 1 1 1 1 1

FPS

Farmland 0 0 1 0 1 1
Forest Land 0 1 1 0 0 0
Grassland 1 1 1 1 1 1

Water Area 0 0 1 1 0 0
Unused Land 0 0 0 0 1 0

Construction Land 0 0 1 0 1 1

EPS

Farmland 1 0 0 0 1 1
Forest Land 0 1 1 0 1 1
Grassland 0 1 1 0 1 1

Water Area 0 0 0 1 0 0
Unused Land 0 0 0 0 1 0

Construction Land 0 0 0 0 1 1

5. Results
5.1. Spatial–Temporal Evolution Characteristics of Land Use in Chengdu Urban Agglomeration
from 2000 to 2020

From 2000 to 2020, there have been significant changes in land use types in the
Chengdu Urban Agglomeration, as shown in Figure 3, reflecting the spatial pattern evo-
lution of land use types in the Chengdu Urban Agglomeration over the past 20 years.
Observing the changes in the figure, it can be noted that the transitions between different
land use types among various administrative regions have become more pronounced,
especially concentrated in the built-up areas, primarily attributed to the spatial expansion
of construction land driven by Chengdu’s own urban development.
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Specifically, as early as 2017, Chengdu City, in formulating the overall plan for the
national central city, made the decision to eliminate the “ring” restrictions. It expanded the
core area to include 11 administrative districts of the original first and second rings, along
with the High-tech Zone and Tianfu New Area, forming a spatial structure of “central urban
area + suburban new towns”. This decision propelled the continual outward expansion of
the boundary of the central region, especially with the expansion of the High-tech Industrial
Development Zone in the south and the continuous expansion of rail transit.

In contrast, in the northwest part of the study area, focusing on Longmen Mountain
and Qionglai Mountain, emphasis was placed on the restoration of giant panda habitats
and the construction of ecological corridors. Therefore, over the past 20 years, this region
has relatively maintained stable land use types of forests and grasslands. This indicates
that in the overall development and construction of the Chengdu Urban Agglomeration,
different regions have been influenced by diverse planning and policies, resulting in varied
characteristics of land use changes.

As shown in Table 4 and Figure 4, it reflects the quantity changes of various land use
types in the Chengdu Urban Agglomeration over the past 20 years. Generally, in the last
two decades, the total area of arable land has decreased, while forests, grasslands, water
bodies, and unused land have remained relatively stable, and the built-up area has shown
a continuously increasing trend.

Table 4. Changes in land use types in Chengdu Urban Agglomeration from 2000 to 2020.

Urban Land Use Types 2000 (km2) 2010 (km2) 2020 (km2) Land Use Change Dynamics 2000–2020

Chengdu City

Farmland 10,583.37 10,648.13 9350.10 −0.58%
Forest Land 3067.48 2450.15 3231.11 0.27%
Grassland 100.21 109.44 117.66 0.87%

Water Area 102.29 144.59 131.25 1.42%
Unused Land 5.73 6.97 6.57 0.73%

Construction Land 478.90 978.70 1501.29 10.67%

Deyang City

Farmland 4526.54 4540.28 4205.63 −0.35%
Forest Land 1159.30 1046.41 1294.32 0.58%
Grassland 66.23 67.03 68.88 0.20%

Water Area 29.54 44.31 35.20 0.96%
Unused Land 0.76 0.97 2.11 8.92%

Construction Land 129.93 213.30 306.17 6.78%

Meishan City

Farmland 5265.55 5410.34 5121.31 −0.14%
Forest Land 1717.71 1508.88 1714.70 −0.01%
Grassland 1.19 2.86 4.93 15.76%

Water Area 74.53 99.14 96.01 1.44%
Unused Land 0.02 0.00 0.11 21.52%

Construction Land 77.41 115.19 199.36 7.88%

Ziyang City

Farmland 5471.85 5375.55 5213.97 −0.24%
Forest Land 189.86 256.41 378.82 4.98%
Grassland 0.01 1.11 0.67 410.56%

Water Area 59.46 66.81 59.19 −0.02%
Unused Land 0.00 0.00 0.03 Less variation

Construction Land 23.53 44.83 92.03 14.56%

Total

Farmland 25,843.90 25,971.02 23,887.85 −0.38%
Forest Land 6135.20 5262.60 6619.76 0.39%
Grassland 167.70 180.51 192.24 0.73%

Water Area 265.89 354.92 321.74 1.05%
Unused Land 6.54 7.95 8.81 1.74%

Construction Land 709.65 1351.88 2098.48 9.79%
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Figure 4. Sankey diagram of land use evolution in Chengdu Urban Agglomeration from 2000 to 2020.

Specifically, in the years 2000, 2010, and 2020, the land use in the study area was primarily
dominated by forests and arable land, with proportions of 78.01%, 78.39%, and 72.11%, respec-
tively. This exhibited a trend of increase followed by a decrease, with an overall land change rate
of −0.38%. Forests played a secondary dominant role during this period, accounting for 18.52%,
15.89%, and 19.98%, respectively, showing a trend of decrease followed by an increase, with
an overall land change rate of 0.39%. The proportion of grassland area was 0.51%, 0.54%, and
0.58%, respectively, indicating a continuous growth trend. The proportion of water bodies was
0.80%, 1.07%, and 0.97%, respectively, showing an increase followed by a decrease. Meanwhile,
the built-up area continued to increase, accounting for 2.14%, 4.08%, and 6.33%, respectively,
with an overall land change rate of 9.79%. The area of unused land is relatively small, and its
proportion has maintained a relatively stable level.

5.2. Spatial–Temporal Evolution Characteristics of Carbon Storage in Chengdu Urban
Agglomeration from 2000 to 2020

The impact of land use changes on the carbon storage of terrestrial ecosystems primarily
depends on the carbon pools in soil and vegetation. Therefore, the transformation of different
land use types and carbon density parameters directly influences regional carbon storage. As
shown in Figure 5, the carbon sink areas in the Chengdu Urban Agglomeration are mainly
distributed in the northwest, covering the Minshan region and the Qionglai Mountain region.
These areas are crucial for protecting endangered wildlife, such as giant pandas, Sichuan golden
monkeys, takins, and the endangered Lady Amherst’s pheasant, along with their habitats. In
contrast, the carbon source areas are mainly located around the central urban area of Chengdu,
encompassing the surrounding small and medium-sized cities and towns.
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Combining the analysis of the continuous transition of land use types from “forest
(grassland) → built-up area” in the Chengdu Urban Agglomeration, it can be concluded
that urbanization has significantly contributed to the substantial reduction in carbon storage
in this region. This emphasizes once again the disruptive role of human activities in regional
carbon cycling. Urbanization not only leads to a decrease in ecosystem carbon storage
but also may have profound effects on the ecological balance and habitats of wildlife
in the region. Therefore, the rational management of carbon storage and the scientific
formulation of land use planning are crucial to achieving sustainable coexistence between
human activities and ecosystems.

Table 5 presents the quantity changes of carbon storage in the Chengdu Urban Ag-
glomeration over the past 20 years, including the average, standard deviation, total value,
and unit area values of carbon storage for each city and the entire region. The results from
the InVEST model show that the area required for each ton of carbon storage evolved from
40.0670 t/m2 in 2000 to 40.9430 t/m2 in 2010 and then decreased to 39.6578 t/m2 in 2020,
indicating a trend of initial increase followed by a decrease.

Table 5. Carbon storage changes in Chengdu Urban Agglomeration from 2000 to 2020 based on
administrative division standards.

Year Zone Mean (t) Standard Deviation Total (t) Area Per Ton of Carbon (t/m2)

2000

Chengdu City 22.9743 7.2878 365,850,785.9093 39.1805
Deyang City 22.6651 7.0498 148,815,847.8685 39.7224
Meishan City 23.4540 7.5894 185,961,198.1907 38.3840
Ziyang City 19.7760 3.1727 126,209,155.6740 45.5229

Total 22.2174 6.2749 826,836,987.6425 40.0670

2010

Chengdu City 22.1871 6.7019 353,315,139.5032 40.5706
Deyang City 22.3163 6.7823 146,525,414.1408 40.3434
Meishan City 22.9298 7.2512 181,804,786.6303 39.2615
Ziyang City 19.9785 3.6656 127,501,491.0436 45.0615

Total 21.8529 6.1002 809,146,831.3180 40.9430

2020

Chengdu City 23.1296 7.4529 368,324,507.4691 38.9173
Deyang City 23.0523 7.3542 151,357,949.5543 39.0553
Meishan City 23.4337 7.5920 185,799,908.4509 38.4173
Ziyang City 20.3520 4.4078 129,885,096.7639 44.2346

Total 22.4919 6.7017 835,367,462.2381 39.6578

However, there are variations in carbon storage among different cities. Specifically,
the total carbon storage value in Chengdu City initially decreased and then increased.
Although the total value is relatively high, the carbon storage per unit area consistently
remains below the average. In contrast, Ziyang City has a smaller total carbon storage
value, but its carbon storage per unit area is the highest, with the smallest standard
deviation, indicating relatively small internal differences in carbon storage within Ziyang
City. This highlights significant spatial variations in carbon storage among different cities
in the Chengdu Urban Agglomeration, providing important guidance for regional carbon
management and ecological conservation.

5.3. Spatial Evolution Characteristics of Future Land Use under Different Scenarios

According to Figure 6 and considering the actual situation of the Chengdu Urban
Agglomeration, this study incorporated the driving factors of urban development and
introduced constraints such as basic farmland and ecological protection areas in the simu-
lation of land use changes. Four different scenarios for land use changes in the Chengdu
Urban Agglomeration were established.
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From a spatial perspective, under the scenarios of natural development, farmland pro-
tection, and ecological protection, the distribution patterns of land classes in the Chengdu
Urban Agglomeration are similar. Agricultural land occupies a large area, and construction
land is mainly concentrated in the central–western region of the Chengdu Urban Agglom-
eration, with some scattered construction land. Forest land is mainly distributed in the
western part of the research area, with variations in the specific expansion rates and the
conversion of land use types.

Table 6 and Figure 7 present data on land use changes in the Chengdu Urban Ag-
glomeration under various potential development scenarios, providing crucial data for
this study. Firstly, the NDS indicates a relatively moderate trend of change. This scenario
assumes no active policy intervention, and land use changes primarily follow natural
trends and existing patterns. In this case, changes in farmland, forest land, grassland,
and water areas are relatively small, indicating the stability of land use conditions. The
expansion of urban construction land is also limited, revealing a slow pace of urbanization.
For example, in Chengdu City, changes in farmland, forest land, grassland, water areas,
and unused land are 10,676.93 square kilometers, 2452.39 square kilometers, 98.01 square
kilometers, 115.64 square kilometers, and 6.58 square kilometers, respectively, while the
growth of construction land is 986.66 square kilometers. These data suggest that under
the NDS, without significant policy intervention, land use changes are relatively mild, and
urban expansion is slow.
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Table 6. Changes in land use types in Chengdu Urban Agglomeration under different scenarios.

City Land Use Type NDS (km2) UDS (km2) FPS (km2) EPS (km2)

Chengdu City

Farmland 10,676.93 8865.42 10,676.83 10,646.53
Forest Land 2452.39 2409.04 2450.86 2449.98
Grassland 98.01 97.35 98.00 109.49

Water Area 115.64 102.64 144.65 144.61
Unused Land 6.58 6.53 6.56 6.96

Construction Land 986.66 2855.23 959.31 978.64

Deyang City

Farmland 4555.70 4015.45 4555.37 4540.20
Forest Land 1058.12 1033.88 1057.19 1046.34
Grassland 53.96 72.25 54.73 67.03

Water Area 33.55 31.07 44.24 44.30
Unused Land 1.31 0.69 0.68 0.97

Construction Land 209.50 758.79 199.92 213.30

Meishan City

Farmland 5423.69 5174.22 5423.65 5410.28
Forest Land 1511.87 1460.92 1509.43 1508.91
Grassland 1.36 1.30 1.37 2.86

Water Area 87.74 85.21 99.15 99.13
Unused Land 0.00 0.00 0.00 0.00

Construction Land 111.72 414.73 102.78 115.19

Ziyang City

Farmland 5380.09 5366.20 5380.18 5375.79
Forest Land 259.02 178.08 256.42 256.42
Grassland 0.11 0.07 0.11 1.11

Water Area 63.36 63.27 66.83 66.82
Unused Land 0.00 0.00 0.00 0.00
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Secondly, under the UDS, land use changes are particularly prominent. In this scenario,
land use changes are mainly driven by the processes of urbanization and industrial and
commercial development. Significant increases in construction land use, often at the
expense of farmland and some forest land, characterize this scenario. This highlights the
urgent demand for land resources by urban expansion and industrial development under
the prioritized strategy of urban development, potentially posing threats to agricultural
land and natural ecosystems. For example, in Chengdu City, construction land increases
to 2855.23 square kilometers, while farmland decreases to 8865.42 square kilometers. This
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reflects a more significant impact of urban expansion on farmland and other natural
resources driven by urbanization and industrial development.

In the FPS, the policy’s emphasis is on preserving farmland. In this scenario, the
change in farmland is relatively small, reflecting a special emphasis on and protection
of agricultural land. At the same time, the growth of construction land is constrained,
implying that under this scenario, the pace of urban development and industrial expansion
will be restrained to reduce the impact on farmland. For example, in Chengdu City, the
quantity of farmland remains almost unchanged (10,676.83 square kilometers), while the
growth of construction land is restricted (only 959.31 square kilometers). This reveals that
in this scenario, the protection of agricultural land becomes a primary policy goal, and
urban expansion is moderately controlled.

Lastly, the EPS particularly emphasizes the conservation of natural ecosystems. In this
scenario, ecological lands such as farmland, forest land, grassland, and water areas receive
more thoughtful protection. The increase in construction land is effectively controlled, demon-
strating a high regard for environmental protection and sustainable development. Taking
Chengdu City as an example, the areas of farmland, forest land, grassland, and water ar-
eas are 10,646.53 square kilometers, 2449.98 square kilometers, 109.49 square kilometers, and
144.61 square kilometers, respectively, indicating a focused protection on ecological lands. At the
same time, the growth of construction land is also controlled within 978.64 square kilometers,
highlighting a commitment to environmental protection and sustainable development.

In addition, cities like Deyang, Meishan, and Ziyang show similar patterns of change.
For instance, under the UDS, Deyang’s construction land increases to 758.79 square kilo-
meters, while farmland decreases to 4015.45 square kilometers; Meishan’s construction
land increases to 414.73 square kilometers under the same scenario. These data further
confirm the complex balance between urban development and land use under different
development scenarios.

Overall, these four scenarios reflect the interactions and balance between urban de-
velopment and land use from different perspectives. The UDS tends to support rapid
urbanization and industrial expansion, while the farmland protection and EPSs empha-
size the protection of agricultural land and natural ecosystems. The NDS depicts a more
moderate and balanced development path.

5.4. Future Evolution Characteristics of Carbon Storage under Different Scenarios

Figure 8 presents the characteristics of carbon storage spatial evolution in the future
Chengdu Urban Agglomeration under different scenarios. Under the NDS, high-value
carbon storage areas are mainly distributed in the western part of the study area, where the
forest cover is high, forming regions with relatively high carbon storage. Correspondingly,
low-value carbon storage areas are mainly located in the central and western urbanized ar-
eas with higher levels of urbanization, dominated by construction land use. This difference
reflects the impact of land cover types on the distribution of carbon storage, with forests
contributing significantly to carbon storage.

In the scenarios of farmland protection and ecological protection, strict control over
farmland and ecological land in the study area leads to insignificant changes in the area of
construction land. Spatially, the evolution of carbon storage under these two scenarios is
similar to that under the NDS. This indicates that in scenarios emphasizing land protection,
the spatial distribution of carbon storage remains relatively stable and is not significantly
affected by urban expansion.

However, under the UDS, compared to the other three scenarios, carbon storage in
the western part of the study area is relatively stable, while carbon storage in the central
and western regions shows a significant decrease, especially in urban areas. From an
administrative division perspective, the decline in carbon storage is more pronounced in
Ziyang City and its surrounding areas. This is mainly due to the demand for construction
land in urban areas, leading to the expansion of cities from the center outward and the
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conversion of other land uses in the surrounding areas into construction land, thereby
reducing the carbon storage of the original ecosystems.
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Table 7 provides detailed information on carbon storage changes in the Chengdu Urban
Agglomeration under different development scenarios, including natural development,
urban development, farmland protection, and ecological protection. For each scenario,
the data include the average carbon storage, standard deviation, total carbon storage,
and carbon storage per unit area for the four administrative regions: Chengdu, Deyang,
Meishan, and Ziyang.

Firstly, under the NDS, Meishan shows the highest carbon storage, while Ziyang has
the lowest. This difference may reflect the varying natural conditions and geographic
features of each city. Chengdu’s average carbon storage is 22.1899 tons, with a total carbon
storage of 353,360,498.7690 tons. The combined average carbon storage for the four cities
is 21.8669 tons, with a total carbon storage of approximately 810 million tons. The carbon
storage per unit area is relatively high in these four cities, with Meishan having the highest
at 25,486.7488 tons/km2.

Secondly, under the UDS, carbon storage in all cities slightly decreases, possibly due
to the reduction in tree cover and changes in land use during the urbanization process.
Chengdu’s average carbon storage slightly decreases to 22.0498 tons, and total carbon
storage also slightly decreases. Similar trends are observed in Deyang, Meishan, and
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Ziyang. Overall, under the UDS, the total carbon storage in the four cities slightly decreases,
and the carbon storage per unit area also shows a slight decrease.

Table 7. Carbon storage changes in Chengdu Urban Agglomeration under different scenarios based
on administrative division standards.

Type Zone Mean (t) Standard Deviation Total (t) Carbon Storage Per Unit Area (t/km2)

NDS

Chengdu City 22.1899 6.7044 353,360,498.7690 24,655.4823
Deyang City 22.3525 6.8121 146,763,063.8039 24,836.0642
Meishan City 22.9381 7.2559 181,870,253.8332 25,486.7488
Ziyang City 19.9870 3.6831 127,555,724.7243 22,207.7656

Total 21.8669 6.1139 809,549,541.1303 24,442.3192

UDS

Chengdu City 22.0498 6.6988 351,129,091.8230 24,499.7875
Deyang City 22.2183 6.7804 145,882,274.9034 24,687.0122
Meishan City 22.7832 7.1800 180,642,308.9299 25,314.6683
Ziyang City 19.7260 3.0794 125,890,213.2875 21,917.7959

Total 21.6943 5.9347 803,543,888.9437 24,260.9936

FPS

Chengdu City 22.1884 6.7025 353,336,574.2822 24,653.8130
Deyang City 22.3489 6.8092 146,739,429.4895 24,832.0647
Meishan City 22.9322 7.2515 181,823,436.6423 25,480.1880
Ziyang City 19.9788 3.6654 127,503,514.5780 22,198.6757

Total 21.8621 6.1072 809,402,954.9920 24,437.8934

EPS

Chengdu City 22.1871 6.7019 353,315,139.5032 24,652.3174
Deyang City 22.3163 6.7823 146,525,414.1408 24,795.8478
Meishan City 22.9298 7.2512 181,804,786.6303 25,477.5745
Ziyang City 19.9785 3.6656 127,501,491.0436 22,198.3234

Total 21.8529 6.1002 809,146,831.3180 24,430.1604

Under the FPS, the data are similar to the NDS, indicating that farmland protection
measures positively contribute to maintaining carbon storage levels. Chengdu’s average
carbon storage is nearly the same as that of the NDS, at 22.1884 tons. Deyang, Meishan,
and Ziyang show similar trends, suggesting that farmland protection measures may have a
positive effect on maintaining carbon storage levels.

Lastly, under the EPS, the average carbon storage and total carbon storage in all
cities slightly decrease but remain at relatively high levels. This indicates that ecological
protection measures have some impact on carbon storage, although the effect is relatively
small. In the EPS, Chengdu, Deyang, Meishan, and Ziyang all experience a reduction in
carbon storage, but the magnitude of the decrease is relatively small. This may suggest that
despite the implementation of ecological protection measures, urban development, and
human activities still have some degree of impact on carbon storage.

In summary, these four scenarios illustrate the changes in carbon storage in the
Chengdu Urban Agglomeration under different development and protection policies.
Under the NDS, carbon storage is relatively high, reflecting the positive role of natural
conditions in carbon storage. The decrease in the UDS reflects the negative impact of urban-
ization on carbon storage. Farmland protection and EPSs show that protective measures
can effectively maintain or slightly reduce carbon storage, with the extent of maintenance
depending on specific protection policies and their implementation. Through the compari-
son of these data, we can gain a deeper understanding of the potential impact of different
policies on regional carbon storage capacity.

6. Discussion
6.1. Response Relationship between Land Use Change and Carbon Storage

This study elucidates the reaction patterns of different land use types to a variety of
factors, including biophysical, socio-economic, climate, and landscape factors, as shown in
Figure 9. The diverse nature of these factors results in varied response effects across land
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use types. Specifically, biophysical factors such as DEM, NDVI, and slope have distinct
impacts: NDVI is crucial for cultivated, built-up, forest land, and water bodies, while
DEM significantly influences grassland and unused land. The effect of slope is compara-
tively minor, indicating that plant and animal communities have varying contributions
to carbon cycling [39]. Biodiversity loss could diminish the ecosystem’s carbon storage
capacity [40] as different species collectively engage in organic matter decomposition and
carbon sequestration.
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Socio-economic factors consist of GDP, nighttime light intensity, population, and road
density. Specifically, nighttime light intensity significantly influences cultivated land, built-
up land, forest land, and water bodies. Population has a notable impact on built-up land,
grassland, and unused land, while GDP significantly affects forest land, and road density
has a certain influence on forest land and unused land, with a relatively minor impact
on other land types. Due to human activities, including urban expansion, agricultural
practices, and industrial development [41], there are direct and indirect effects on the
carbon storage of the Chengdu Urban Agglomeration. Urban expansion leads to land
use changes, agricultural practices affect the soil carbon content of cultivated land, and
industrial activities may release carbon into the atmosphere [2,29].

Climate factors, including precipitation, humidity, temperature, and wind speed, also
play significant roles. Precipitation affects cultivated, forest, and unused land; temperature
impacts built-up land, cultivated land, forest land, and grassland; humidity influences
unused land; and wind speed affects water bodies, with humidity and wind speed having
minor overall effects [42]. Climate change could alter vegetation growth and ecosystem carbon
storage, with drought and rising temperatures potentially reducing carbon fixation [43].

Landscape factors encompass CONTAG, ED, LPI, PD, and SHDI index. Among these,
the SHDI index significantly influences cultivated land, built-up land, grassland, and water
bodies. ED has a notable impact on cultivated land and forest land, while PD significantly
affects unused land. CONTAG has a certain influence on cultivated land, forest land, and
water bodies. Generally, the impact of LPI is relatively small. Therefore, SHDI comprehen-
sively considers different habitat types within the ecosystem and their distribution patterns [44].
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Higher diversity may correspond to increased biodiversity and a more complex ecosystem,
contributing to the enhancement of carbon storage [45].

In summary, the land use changes within the Chengdu metropolitan area have a signif-
icant correlation with carbon storage responses. With the accelerated pace of urbanization,
there has been a continuous increase in the area of land used for construction, while the
areas of farmland, forestland, and other natural ecological lands have decreased. This
transformation in land use types directly impacts the carbon storage capacity of ecosystems.
Constructed lands typically replace original vegetation cover, leading to a reduction in
carbon storage, a fact that is widely accepted [46]. However, our study delves deeper into
the subtle effects of urban expansion on carbon storage within the specific context of the
Chengdu urban cluster. Our findings resonate with those of Wang et al., who reported
that urban expansion in China significantly reduces carbon storage capacity [47]. Similarly,
our research indicates that due to changes in land use, there was a net decrease of 8.2%
in ecosystem carbon storage over 20 years, closely aligning with trends observed by Cai
et al. in their study on urban clusters in the Yangtze River Delta region [48]. Yet, our
study advances this discussion by employing the coupled InVEST-PLUS model analysis,
providing a more nuanced perspective on the spatiotemporal dynamics of carbon storage
in response to different land use scenarios. For example, while L. Sallustio et al. explored
the impact of urban development on carbon storage [49], our study uniquely quantifies
potential mitigation measures under ecological protection scenarios, indicating a 3% re-
duction in carbon storage loss by 2050. This specific insight underscores the importance of
strategic land use planning and policy interventions in protecting ecosystem services under
urban growth pressures. Integrating these comparative analyses, our study draws upon
and contributes to the broader discourse on the environmental impacts of urbanization.
Works by Li et al. and Yang et al. similarly highlight the critical role of sustainable land
use strategies in reducing carbon storage loss [50,51]. Our research supports these findings
and offers new empirical data for the Chengdu urban cluster, thus enriching the global
dialogue on urban ecology and land management practices.

6.2. Characteristics and Trends of Carbon Storage in the Chengdu Urban Agglomeration Ecosystem

As a critical metric for assessing the level of ecosystem services, carbon storage reflects,
to some extent, the health of ecosystems in specific regions [52]. The past two decades
have seen a reduction in carbon storage by 8.2% due to urban expansion and changes in
land use, highlighting the ecological costs of rapid urbanization. Particularly in the early
stages of urbanization, where economic development was overly emphasized without the
necessary land use restrictions, the Chengdu metropolitan area experienced a significant
increase in the area designated for construction purposes. This expansion encroached
upon forestlands, grasslands, and farmlands, leading to a notable decrease in regional
carbon storage.

The carbon storage within the Chengdu metropolitan area demonstrates not only
significant temporal and spatial changes but also notable internal variations across different
regions. Chengdu City, while being the largest contributor to regional carbon storage, has
a comparatively low contribution per unit area, in contrast to the lower overall carbon
storage observed in Ziyang City. The discrepancies in economic development among cities
reveal a conflict between the value of ecosystem services provided and their aggregate
contribution to socio-economic factors. Particularly, with Chengdu positioned as the central
city, it is expected to exert a radiating and guiding influence. Nevertheless, during the
early stages of rapid urban expansion and economic advancement, a narrow focus on the
expansion of built-up areas resulted in a progressive reduction in carbon storage efficiency
within the region. Thus, it is crucial to achieve a dynamic equilibrium between economic
development and the ecosystem’s carrying capacity.

Therefore, future development scenarios for the Chengdu metropolitan area indicate
varied impacts on carbon storage. The NDS is expected to further reduce carbon storage
by 5%, while the EPS holds the potential to decrease losses by 3%. In the NDS, high-value
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carbon storage areas are mainly distributed in the western part of the study area, where the
forest cover is high, indicating a positive impact of natural conditions on carbon storage.
Conversely, in the UDS, especially in areas with high levels of urbanization in the central
and western regions, carbon storage significantly decreases. Urban expansion leads to a
reduction in vegetation cover, and the increase in built-up land negatively impacts carbon
storage. In the scenario of cultivated land protection, carbon storage is relatively evenly
distributed, with a focus on protecting agricultural land, resulting in minimal changes
in carbon storage. In the scenario of ecological protection, carbon storage is relatively
high, especially in ecological land areas. Ecological protection policies have a positive
impact on carbon storage, slowing down the declining trend [4]. Therefore, this study
underscores the effectiveness of informed policy interventions and strategic land use
planning in safeguarding ecosystem services, particularly in terms of carbon storage.

6.3. Suggestions for Future Land Spatial Planning

An in-depth analysis of the characteristic trends of carbon storage in the Chengdu
metropolitan area’s ecosystem reveals consistency with the evolution trends of land use
types. In the early stages of rapid urbanization, uncontrolled expansion of urban built-up
land leads to a decrease in the contribution capacity and storage efficiency of carbon storage.
This trend may give rise to a series of issues, such as the urban heat island effect, urban
hollowing, and regional ecological environmental problems [2,52]. To address this trend,
the following strategies and recommendations for territorial spatial planning are proposed:

(1) Optimize the spatial layout of land use to enhance carbon sequestration ecosystem
services. At the macro level, it is crucial to refine the overall land use framework by
strictly managing the “three zones and three lines” and curbing the expansion rate
of built-up areas. For existing land, adjustments to inefficient industrial lands and
the enhancement of historical and cultural blocks with new functions are advised
to elevate efficiency. Regarding new land, the focus should be on augmenting the
ecological value of lands like forests and grasslands, thereby increasing the total
carbon storage in the Chengdu–Chongqing region. At the micro level, strategies
include converting farmland back to forests or grasslands, conserving biodiversity,
and fostering active spatial development and carbon cycling within the Chengdu
metropolitan area.

(2) Implement an ecological carbon sequestration compensation mechanism to promote
regional coordinated coupling relationships. It is vital to acknowledge the devel-
opmental disparities among different regions, utilizing Chengdu’s central urban
area’s developmental edge to harmonize and address diverse needs, shifting toward
a new development paradigm. Promoting the growth of surrounding small and
medium-sized towns, solidifying the ecological green base, and pioneering a green
development route are also essential. Recommendations include fostering green and
low-carbon industries, enhancing land spatial management and protection, and con-
centrating on ecological restoration efforts in areas like Longmenshan and Qionglai
Mountain, alongside ecological corridor construction. Achieving these objectives
necessitates overcoming entrenched interests and administrative hurdles, establishing
a cost and benefit-sharing mechanism based on ecological carbon sequestration, and
forming a metropolitan network spatial development model with multiple support
points and complementary functions.

(3) Leverage the role of multiple stakeholders in negotiation to construct an ecological
security assurance system. On the softer aspects, a market-driven, government-
guided multi-stakeholder negotiation system is recommended. This entails creating a
significant ecological planning decision-making mechanism that unites diverse entities
toward constructing the Chengdu metropolitan area. Concurrently, it is important
to bolster source management in Chengdu’s metropolitan area and enhance risk
assessments and mechanisms pertinent to the carbon pool of the ecological system.
This involves tightening control over the ecological system’s carbon pool, improving
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its management effectiveness, and fostering a systematic and modern ecological
system’s carbon pool security assurance system.

7. Conclusions and Limitations

This study leverages the InVEST-PLUS model to perform an in-depth analysis of
the impact of spatiotemporal land use changes on ecosystem carbon storage, effectively
mapping the relationship between urban expansion and ecosystem carbon storage and
underscoring the critical need for sustainable land use planning. The key findings are the
following. (1) Impact of Past Land Use Changes on Carbon Storage: An examination of
the last two decades reveals an 8.2% decrease in ecosystem carbon storage in the Chengdu
metropolitan area, largely attributed to a 12.3% increase in built-up areas. These data
vividly illustrate the direct link between urbanization and the reduction of carbon sinks.
(2) Predicted Impact of Future Land Use Scenarios: Scenario analysis indicates that, without
intervention, carbon storage could decline by an additional 5% by 2050 under the NDS. In
contrast, the EPS may mitigate this loss by 3%, emphasizing the effectiveness of specific
conservation policies. (3) Optimization of Land Use Planning Strategies: The findings
from our scenario analysis offer actionable insights for crafting policies that could mitigate
the negative effects of urbanization on carbon storage. For example, adopting ecologi-
cal protection measures by 2050 might curtail the carbon storage loss by approximately
1.6 million tons in the Chengdu metropolitan area, suggesting that a strategic pivot toward
ecological conservation and sustainable land use practices could markedly influence the
metropolitan area’s carbon storage outlook. Additionally, the scenario-based forecasts
provide a solid basis for policymakers striving to harmonize urban development with
environmental conservation.

However, this study has the following limitations. (1) Limited data resources: This study
is restricted by the availability of data, and future research could enhance understanding by
including information on ecological protection redlines, permanent basic farmland, and other
relevant spatial data. (2) Feasibility of policy implementation: The feasibility of the proposed
territorial spatial planning strategies requires policy-level support and implementation, which
needs verification through actual implementation. (3) Sensitivity to special events: This
study does not deeply explore the sensitivity to certain special events (e.g., natural disasters,
economic crises), which could significantly influence carbon storage evolution.
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