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Abstract: Land use/land cover change (LUCC) constitutes a significant contributor to variations in
the storage of carbon within ecosystems and holds substantial significance within the context of the
carbon cycling process. This study analyzed land use data from the Nanchang urban agglomeration
in 2000 and 2020 to investigate changes in land use and carbon storage using the PLUS model and
GIS. The results show the following: (1) From 2000 to 2020, the Nanchang urban agglomeration
experienced reductions in the extents of croplands, woodlands, grasslands, and unused lands. The
predominant trend in land transformation involved the conversion of cropland into built-up land.
(2) Between 2000 and 2020, there was a declining trajectory observed in carbon storage for the
Nanchang urban agglomeration, with an overall decrease of 1.13 X 107 t. The space is characterized
by a high-altitude perimeter and a low-altitude center. Urbanization’s encroachment on cropland is
the main reason for declining carbon storage. (3) The predictive outcomes reveal that, in 2040, carbon
storage in the Nanchang urban agglomeration will be reduced by 1.00 x 107 t under the natural
development scenario, and reduced by 3.90 x 10° t and increased by 2.29 x 10° t, respectively, under
the cropland protection and ecological protection scenarios. The risk of carbon loss is significantly
reduced by ecological protection policy interventions. Our analysis of the land use patterns and
carbon storage distribution in the Nanchang urban agglomeration over the past 20 years and our
exploration of the land use change trend over the next 20 years under the conservation policy provide
a reference basis for increasing the carbon sink in the core area of the ecological city cluster of Poyang
Lake and realizing the sustainable development of the city.

Keywords: carbon storage; IN'VEST model; land use/land cover change; Nanchang urban agglomer-
ation; PLUS model

1. Introduction

Global climate change is a major obstacle to human development, with anthropogenic
carbon emissions being one of the main drivers of climate change [1-3] and land use/land
cover change being the second-largest source of emissions [4,5]. This change affects the
way materials and energy move along terrestrial ecosystems and alters carbon sources
and sinks [6-8]. To combat global warming, China has committed to reaching a carbon
peak by 2030 and advancing towards carbon neutrality by 2060 [9,10]. The government
has implemented a series of significant initiatives aimed at improving peoples’ livelihoods,
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including afforestation and grassland restoration, which have greatly modified the associa-
tion between land utilization and the capacity for carbon storage, as well as affecting soil
carbon sequestration [11]. Soil carbon storage is a crucial factor when evaluating the sus-
tainable growth of land-based ecosystems [12]. Studying how to achieve carbon emissions
reduction and carbon sequestration through land use adjustments is currently a research
hotspot [13,14]. Against the backdrop of urbanization in China, urban agglomerations
have become significant drivers of regional economic development [15]. Investigating
the correlation and impacts between carbon storage and land use change is essential for
the country’s green and sustainable development [16,17]. The Jiangxi provincial govern-
ment has issued the document “Development Plan of Nanchang Urban Agglomeration
(2019-2025)”, which provides guidance for low-carbon urban development and territorial
spatial planning during this important time of pursuing the dual carbon policies. This
serves as a valuable reference for achieving the dual carbon goals. The Nanchang urban
agglomeration, known for its prominent ecological features, is a key area for high-quality,
leapfrog development in Jiangxi Province. It holds the status of an exemplar area for green
and sustainable development within the Yangtze River Economic Belt. As a pivotal region
for economic advancement within Jiangxi Province, it progressively assumes a pivotal role
as a significant spatial entity.

With carbon storage becoming a research hotspot, more scholars are investigating and
exploring estimation methods for carbon storage, covering various aspects. Early methods
mainly included field sampling, the calculation method [18], the remote sensing estimation
method [19,20], and the model estimation method [21]. These methodologies have been
applied in various research areas, including different land use types [22], large-scale provin-
cial and municipal levels [23], watersheds [24], and representative ecological regions [25].
Comprehensive studies conducted by Leh et al. [26], He et al. [27], Babbar et al. [28], and
Wang et al. [29] indicate that the INVEST model is a widely used method. Compared with
other models, this model requires less imported data and outputs more data, has multiple
modules, adopts multilevel design, and can be analyzed at multiple scales and in multiple
contexts. Particularly, it is suitable for large-scale carbon storage assessment and advanta-
geous in rapidly calculating regional carbon storage. Subsequently, researchers began to
concentrate on estimating future carbon storage, and researchers usually used land use sim-
ulation coupled with carbon storage estimation models. Commonly used models include
CA-Markov [30], FLUS [31,32], Clue-s [33], and PLUS [34]. Studies have found that among
these models, the PLUS model performs well in simulating fragmented patches, especially
for research areas with many small patches [35]. Meanwhile, although investigations have
been conducted on the integration of future land use simulation models with the InVEST
model, previous research has mainly focused on the “constraint” effect of policies on future
land use patterns, lacking attention to the “driving” and “guiding” effects of policies on
LUCC [22,36,37]. Within the existing literature, research on carbon storage estimation in
China has mainly focused on fields such as forest vegetation carbon storage [38,39], soil or-
ganic carbon storage [40], ecosystem carbon storage [41], and carbon trading [42], with less
coverage of other scopes. Against the backdrop of urbanization in China, urban agglomera-
tions have become important engines for regional economic development, and extensive
domestic and international research has already established the noteworthy influence of
urban expansion on the ecosystem carbon storage balance [27,43,44]. The application of
novel models such as the PLUS model to simulate future land use changes, especially
throughout the entire Nanchang urban agglomeration, remains relatively uncommon in
the current literature.

Based on the above background, this study took the Nanchang urban agglomeration
as its research object, coupling the widely used and effective INVEST and PLUS models to
analyze future trends of land use spatial patterns and carbon storage. Relying on land use
data from 2000 and 2020, the carbon storage module of the INVEST model was employed
to assess alterations in ecosystem carbon storage within the region spanning a 20-year
timeframe. Additionally, this study conducted simulations to evaluate carbon storage
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across diverse land use categories in the Nanchang urban agglomeration by the year 2040.
Poyang Lake is an important ecological barrier in the middle reaches of the Yangtze River
Economic Belt, and predicting the relationship between land and carbon storage in the
urban agglomeration where it is located is a matter of ecological security.

2. Materials and Methods
2.1. Study Area

The Nanchang urban agglomeration is located in the northern region of Jiangxi
Province, bordered to the north by the Yangtze River, encompassing significant natu-
ral advantages with the presence of Lushan Mountain and Poyang Lake. As shown in
Figure 1, the Nanchang urban agglomeration, with an elevation ranging from 0 to 1960 m,
experiences a subtropical monsoon climate. The western region is primarily composed of
mountainous hills, while the eastern region consists of plains along the lakeshore. The to-
pography exhibits a gradual elevation increase from east to west in the region. The regional
forest resources are abundant, with the predominant forest type being evergreen broadleaf
forests. The average yearly temperature fluctuates between 9 and 19 degrees Celsius, while
the mean annual precipitation varies from 1900 to 2500 mm. The agglomeration covers
25 counties and cities, including Nanchang, Jiujiang, Yichun, Shangrao, Fuzhou, and the
Ganjiang New District. It covers an area of around 4.5 x 10* square kilometers, accounting
for 26.96% of Jiangxi Province. By the conclusion of 2020, the cumulative population had
reached 17.41 million people, accounting for 38.53% of the province’s population. The
regional gross domestic product (GDP) amounted to 178.3 billion dollars, representing
49.98% of the province’s total. The Nanchang urban agglomeration is a critical part of the
Yangtze River Economic Belt. In this region, Poyang Lake, as the largest freshwater lake in
China, plays a crucial role in supporting multiple ecological functions, such as regulating
runoff, purifying water bodies, and controlling the climate. It hosts a diverse range of
biological resources, including a large population of fish and various bird species. The
study of carbon storage in the Nanchang urban agglomeration holds profound importance
for the ecological development of the central region in China.
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Figure 1. Overview of the Nanchang urban agglomeration.
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2.2. Data Sources

The research dataset in this study encompasses land use data, socioeconomic data,
and natural condition data, obtained from various sources listed in Table 1. Specifically,
the land use/land cover change (LUCC) data for the years 2000 and 2020 are derived from
the GLOBELAND30 dataset (30 m spatial resolution) generated by the National Geomatics
Center of China (http://www.globallandcover.com, accessed on 14 April 2023). The land
use types within the research area were redefined into six distinct classifications: cropland,
woodland, grassland, water body, built-up land, and unused land. Gross domestic product
(GDP), population density, average annual temperature, annual precipitation, and soil type
data (all with a spatial resolution of 1 km) were obtained from the Data Center for Resources
and Environmental Sciences of the Chinese Academy of Sciences (https://www.resdc.cn,
accessed on 14 April 2022). Digital elevation model (DEM) data (30 m spatial resolution)
were obtained from the ASTER GDEM dataset, which were available on the Geographic
Spatial Data Cloud (http://www.gscloud.cn, accessed on 14 April 2022). The transportation
road network data were obtained from OpenStreetMap (www.openstreetmap.org, accessed
on 14 April 2022). All the aforementioned data were subjected to resampling, resulting in a
grid resolution of 30 m by 30 m, accomplished through the utilization of ArcMap.

Table 1. Details of LUCC and driving factors data.

Category Data Data Resource Original Resolution (m)
Land use data Land use in 2000 and 2020 GIOBELAND30 dataset (http:// wwYv.globallandcovencom /, accessed on 30
14 April 2022)
DEM Geospatial Data Cloud (http://www.gscloud.cn/, accessed on 90
Slope 14 April 2022) 90
Natural factors Temperature Data Center for Resources and Environmental Sciences ofthe Chinese 30
Precipitation Academy of Sciences (https://www.resdc.cn, 30
Soil type accessed on 14 April 2022) 30
Population Data Center for Resources and Environmental Sciences ofthe Chinese 30
GDP Academy of Sciences (https://www.resdc.cn, accessed on 14 April 2022) 30
Distance to primary roads 1000
. OpenStreetMap
. ; Distance to secondary roads . 1000
S y o/ W . S
0C1?:cct(())fl}:mlc Distance to tertiary roads (https:/ /www.openstreetmap.org/, accessed on 14 April 2022) 1000

Distance to rivers

National Catalogue Service for
Geographic Information 1000
(https:/ /www.webmap.cn/,
accessed on 14 April 2022)

2.3. Research Methods

The study structure comprised two sections: (1) simulating LUCC data using the
PLUS model and (2) evaluating ecosystem carbon storage changes attributed to LUCC
with the InVEST model, as illustrated in Figure 2. Specifically, this study employed a
coupled approach involving the PLUS and InVEST models to comprehensively investigate
the LUCC dynamics within the Nanchang urban agglomeration. Historical land use data
from 2000 and 2020 were utilized as the foundation for the simulation of LUCC scenarios
for the year 2040, encompassing the policy-driven trajectories of three diverse scenarios.
Through the application of the InVEST model, an in-depth analysis of carbon storage was
conducted to reveal the potential impact of the current land use patterns on the carbon
storage capacity within the Nanchang urban agglomeration.
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Figure 2. Research framework.

2.3.1. Assessment of Carbon Storage Based on the InVEST Model

Carbon storage is a vital regulatory ecosystem service, whereby carbon elements are
immobilized within soil and vegetation to regulate atmospheric carbon levels, thereby
playing a pivotal role in mitigating climate change. The InVEST model currently stands
as one of the most extensively utilized models for the estimation of carbon storage in
large-scale ecosystem assessments. Within the carbon storage module of the INVEST model,
ecosystem carbon storage is categorized into four fundamental reservoirs: aboveground
biomass carbon (carbon contained in all living plants above the soil), belowground biomass
carbon (carbon present in the active root systems of plants), soil carbon (carbon distributed
within organic and mineral soils), and dead organic carbon (carbon found in litter, fallen or
standing dead wood). The calculation formulas for these reservoirs are as follows:

Ci = Cabove + Cbelow + Csoz'l + Cdead (1)

n
Crotat = Y, Ci x A, (i=1,2,...,n) )
i=1

where C; represents the carbon density on land use type i (t/ha); C ey represents the
carbon density of aboveground biomass (t/ha); Cp,oy represents the carbon density of
belowground biomass (t/ha); Cs,;; represents the carbon density of soil (t/ha); Cj.qg repre-
sents the carbon density of dead matter (t/ha); C;s, represents the total ecosystem carbon
storage (t); A; represents the total area of land use type i (hm?); and n is the total number of
land use types.
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The carbon storage module within the InVEST model operates based on the foun-
dational assumption that the carbon density of each land cover type remains invariant.
Subsequently, the calculation of regional vegetation carbon storage is derived by the mul-
tiplication of the unchanging carbon density values associated with various vegetation
types by their respective spatial extents. Since different researchers have obtained signifi-
cant variations in carbon density, it is preferable to select literature data that focus on the
southern region, particularly the Poyang Lake Basin, as references. For LULC types with
insufficient data, we consulted information from the China Terrestrial Ecosystem Carbon
Density Dataset and comparable regions to ultimately enhance the required carbon density
data [45,46] (Table 2).

Table 2. Carbon intensity of each land use type in the area (t/hm?).

Dead Organic

Aboveground Belowground Soil Organic Total Carbon
Land Use Type CarbongDensity Carbon%)ensity Carbon lsgensity Matter C.a rbon Density
Density

Cropland 3.55 2.09 32.34 0.54 38.52

Woodland 46.9 11.2 423 0.69 101.09
Grassland 1.02 8.45 52.52 0.43 62.42
Water body 0.08 0.07 0.00 0.00 0.15
Built-up land 1.49 0.35 0.04 0.00 1.88
Unused land 0.36 0.53 1.81 0.03 2.73

2.3.2. Prediction of Future LUCC Based on the PLUS Model

The PLUS model is a patch-level land use change simulation model developed by the
High-Performance Spatial Computing Intelligence Laboratory situated at China University
of Geo-sciences (Wuhan). It is based on raster data and utilizes the Land Expansion Anal-
ysis Strategy (LEAS) integrated with the Clustered Autonomous Random Seeds (CARS)
framework. Technical terms are explained upon first use. The model has the ability to
comprehensively capture the influences of diverse driving factors on land use change
dynamics and to simulate various land use categories across distinct scenarios using either
Markov chains or linear regression methods.

Utilizing land use data from the years 2000 and 2020 as its foundational dataset, this
study applied a 20-year time interval to simulate the prospective land use conditions
within the Nanchang urban agglomeration for the year 2040. Through the utilization
of the Land Expansion Analysis Strategy (LEAS) module within the PLUS model, we
obtained the probabilities associated with the evolution of various land use types within the
Nanchang urban agglomeration, spanning the period from 2000 to 2020. We subsequently
applied the Markov chain methodology to compute the projected land use requirements
for the year 2040. Following this, we harnessed the Clustered Autonomous Random
Seeds (CARS) module, in conjunction with the 2020 land use data and the previously
derived development probabilities, to generate various scenarios for the year 2040. To
enhance the fidelity of these predictions, we adjusted the transfer cost matrix based on the
observed changes in land use types within the Nanchang urban agglomeration from 2000
to 2020. Moreover, we determined neighborhood weights, which served as indicators of the
expansion intensity of distinct land use categories. These neighborhood weights fall within
a threshold range of 0 to 1, with values closer to 1 signifying greater expansion potential.
Additionally, we established the scenarios of natural development, cropland protection, and
ecological conservation.

Based on the 2000 land use data, 11 driving factors were inputted into the land use
demand for the year 2000. Transition matrices were established using Markov transition
probabilities from 2000 to 2020. Neighborhood weights were assigned based on the pro-
portion of land type changes. The land use demand for the year 2020 was simulated, and
the simulated land use status was compared to the actual 2020 land use to assess model
simulation accuracy. The overall accuracy, as measured by the Kappa coefficient, was
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83.16%, with a Kappa coefficient of 0.78, indicating a high level of confidence in the results
generated by the PLUS model.

(1) Natural development scenario (ND scenario): This scenario entails preserving
the existing pattern of land use structural changes and keeping the transfer probabilities
unchanged. Since there is minimal mutual transfer between unused land and other land
use types within the Nanchang urban agglomeration under this scenario, the transfer cost
matrix was set as 0 for unused land and 1 for the rest. In accordance with the historical
trajectory of land use evolution from 2000 to 2020 and the insights gained from Markov
chain analysis, the land use requirements for 2040 were established, reflecting the historical
development trend.

(2) Cropland protection scenario (CP scenario): This scenario also entails the preserva-
tion of the established pattern of structural changes in land use and the maintenance of
unaltered transfer probabilities. Similar to the natural development scenario, the transfer
cost matrix was configured with a value of 0 for unused land and a value of 1 for the
remaining land use types. Building upon the natural development scenario, in alignment
with the “National Land Use Master Plan Outline” (2006-2020), the Development Plan for
the Nanchang urban agglomeration (2019-2025), and the Spatial Master Plan for Nanchang
City (2021-2035), cropland protection measures are implemented to strictly control the
total amount of cropland and promote intensive land use. Then, with reference to previous
studies, by modifying the 2000-2020 Markov transformation probability matrix, the trans-
fer probability from cropland to built-up area is decreased by 30% and directed towards
cropland expansion.

(3) Ecological conservation scenario (EP scenario): This scenario takes into account
the efforts of the Nanchang urban agglomeration to become a strategic hub for the green
ecological corridor. The primary objective of this scenario is to impose stringent protec-
tion measures on crucial ecological areas in the metropolitan area, curb carbon storage
degradation, increase woodland and grassland areas, and restrict the rapid expansion
of built-up land. Building upon the cropland protection scenario, with reference to the
Development Plan for the Nanchang urban agglomeration (2019-2025) and the Spatial
Master Plan for Nanchang City (2021-2035), the conversion of ecologically functional crop-
land, grassland, and woodland to built-up areas is strictly controlled. Then, with reference
to previous studies, and by modifying the 2000-2020 Markov transformation probability
matrix, within the context of ecological conservation scenario, there is a 30% reduction in
the likelihood of cropland conversion, accompanied by an augmentation in the likelihood
of cropland transition into woodland. The probabilities of grassland and woodland con-
version to cropland are reduced by 40%, with corresponding increases in grassland and
woodland preservation.

The dataset for land utilization was preprocessed to serve as the input for the PLUS
model. To determine the parameters for different scenarios, multiple scenarios with quan-
tity constraints were established and combined with the Markov chain method to calculate
changes in different land types. Spatial and quantitative constraints were combined to
approach the multi-scenario setting of the aforementioned datasets. Tables 3 and 4 present
the neighborhood weights, calculated utilizing the ratio of land use type expansion to total
land expansion and the transition matrix, correspondingly.

Table 3. Neighborhood factor parameters.

Land Use Type Cropland Woodland Grassland Water Body  Built-Up Land  Unused Land
Natural development
neighborhood factor 0.07 0.11 0.01 0.29 1.00 0.09
Cropland protection
neighborhood factor 0.28 0.13 0.03 0.30 0.86 0.09
Ecological protection 0.07 031 0.10 034 095 0.09

neighborhood factor
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Table 4. Multiple scenario transfer matrix setting.
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a—f indicate cropland, woodland, grassland, water body, built-up land, and unused land, respectively. A 1 means
that the ground class can convert, and 0 means that the ground class cannot convert.

3. Results
3.1. LUCC Dynamics from 2000 to 2020 in the Nanchang Urban Agglomeration

Utilizing land use transfer measurements, the Sankey diagram (depicted in Figure 3)
illuminates the features of the land use configuration within the Nanchang urban agglom-
eration during the two decades, illustrating the transition connections between distinct
land use categories. In the year 2000, the land use categories in the Nanchang urban
agglomeration, ranked by area from largest to smallest, were cropland, woodland, wa-
ter body, grassland, built-up land, and unused land. By 2020, the most extensive land
area within the Nanchang urban agglomeration had undergone a transformation from
cropland to woodland, remaining as main land classes. From 2000 to 2020, cropland,
woodland, and grassland in the Nanchang urban agglomeration decreased by 1196.30 km?,
445.41 km?, and 383.82 km?, respectively. The proportion of cropland decreased from
40.16% to 37.62%, the percentage of woodland experienced a decline from 39.52% to 38.58%,
while the proportion of grassland decreased from 6.58% to 5.77%. Water bodies expanded
by 673.39 km?, and there was a notable increase of 1452.75 km? in built-up land, with
their proportions rising by 1.43% and 3.08%. Among all land use types, cropland saw
the greatest decline in proportion, while built-up land exhibited the highest growth rate.
Based on the land use type transition matrix as presented in Table 5, it can be observed
that from 2000 to 2020, cropland served as a significant source for the rapid expansion
of built-up land in the Nanchang urban agglomeration, with 2866.91 km? transitioning
out of cropland. Woodland mainly transitioned to built-up land and cropland, with
190.86 km? and 909.39 km? being converted, respectively. Although built-up land showed a
clear expansion trend, 101.11 km? of it converted back to cropland, possibly due to reclama-
tion efforts on abandoned residential land in various regions. During the period from 2000
to 2020, cropland remained the main source of conversion into built-up land, accounting
for an area of 1144.68 km?, while 842.38 km? and 346.53 km? of cropland converted to
woodland and water body, respectively. Woodland continued to transition to built-up land
and cropland, with 190.86 km? and 909.39 km? being converted, respectively.

Table 5. Proportion of transfers between LUCC types, 2000-2020.

Area

Cropland Woodland Grassland Water Body Built-Up Land Unused Land

Cropland
Woodland
Grassland
Water body
Built-up land
Unused land

84.85%
4.88%
12.40%
4.90%
9.84%
10.19%

4.45% 1.83% 2.80% 6.05% 0.02%
88.85% 3.87% 1.37% 1.02% 0.00%
23.67% 51.62% 6.25% 5.99% 0.07%

0.89% 0.60% 92.33% 1.03% 0.24%

0.81% 0.52% 1.17% 87.65% 0.01%

0.29% 7.52% 53.10% 2.28% 26.63%
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Figure 3. Sankey diagram of metrics for land use transfer from 2000 to 2020.

3.2. Analysis of LUCC Prediction Results in 2040

The simulated land use types within the Nanchang urban agglomeration for the three
scenarios in 2040 are depicted in Figure 4. Upon analysis of the predicted outcomes, it be-
came evident that when compared to the land utilization data from the year 2020, in the ND
scenario, there will be a continuous increase in built-up and water body areas, with growth
rates of 47.31% and 8.76%, respectively. Cropland will decrease by 5.18%, woodland area
will decrease by 2.87%, and grassland area will decrease by 8.58%. Additionally, the area of
unused land will decrease by 33.57%, as evidenced in Table 6. Aligned with the direction
of land use conversion, it can be observed that grassland will mainly convert to cropland
and woodland, with conversion areas of 333.88 km? and 98.59 km?, respectively. Crop-
land will convert to woodland, built-up areas, and water bodies, with conversion areas of
430.19 km?, 419.639 km?, and 355.12 km?, respectively. Water bodies will experience con-
version from cropland, woodland, and grassland, while substantial land use modifications
are expected for built-up land, notably from woodland and cropland.

Table 6. Area of each land use type under different development scenarios in 2040 and change from
2020 in the study area.

Type Year Des‘;eelr?;);il:’ent Cropland Woodland  Grassland ‘g;:l;r Blig:gp U{l:;gd
2020 - 17,728.72 18,179.20 2718.48 5953.32 2480.28 62.73
) ND 16,810.08 17,657.31 248521 6474.73 3653.73 41.67
Area (km®) 2040 CP 18,458.95 17,657.32 2485.22 5836.07 2648.12 37.05
EP 16,810.08 18,650.00 2550.38 6279.42 2795.79 37.05
Annual ND ~5.18% —2.87% —8.58% 8.76% 47.31% —33.57%
Rate of 2040 CP 4.12% —2.87% —8.58% ~1.97% 6.77% —40.94%
Change (%) EP ~5.18% 2.59% —6.18% 5.48% 12.72% —40.94%
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(a) ND scenario (b) CP scenario (c) EP scenario
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0 50 100 km

Figure 4. Simulation results of LUCC in 2040 under three scenarios.

In the CP scenario in 2040, a significant increase in cropland is expected in the Nan-
chang urban agglomeration compared to the year 2020. In the CP scenario, the projected
growth rate of cropland is expected to exceed that of the ND scenario by 9.30%. However,
there will be reductions in woodland, grassland, water body, built-up areas, and unused
land, with woodland experiencing the largest reduction of 521.88 km2. Analyzing the
trajectory of land use conversion, it becomes evident that that woodland, grassland, wa-
ter body, and unused land will convert to cropland. Notably, the woodland-to-cropland
conversion will be the largest, totaling 540.09 km?. The primary conversions for grass-
land will involve transitions to woodland and cropland, covering areas of 218.15 km? and
79.14 km?, respectively. On the other hand, woodland will predominantly shift to crop-
land, grassland, and built-up areas, encompassing areas of 540.09 km?2, 123.11 km?, and
76.99 km?, respectively. Water bodies will primarily convert to cropland, with a conversion
area of 108.39 km?. The scenario of protected cropland under policy constraints, such as
when implementing the Prevent the ‘Non-grain production” of Arable Land and Stabilize
Food Production Action Plan, will lead to a swift increase in cropland, accompanied by
substantial reductions in the extent of grassland, woodland, water body, built-up areas,
and various other land use types. In the EP scenario in 2040, a substantial augmentation
of woodland is anticipated within the Nanchang urban agglomeration, with a growth
rate 5.46% higher than that of the ND scenario. Woodland, grassland, built-up areas, and
unused land will decrease by 2.87%, 8.58%, and 1.97%, respectively. On the other hand,
cropland and built-up areas will increase by 4.12% and 6.77%, respectively. Under the
ecological protection policy, the ecological land area is expected to experience a relative
expansion, resulting in larger quantities of cropland, woodland, and grassland compared
to the natural development scenario. Specific measures for protection will be implemented
for cropland in the vicinity of Poyang Lake and the urban area of Nanchang.

3.3. Carbon Storage Dynamics from 2000 to 2020 in the Nanchang Urban Agglomeration

According to calculations using the Carbon module of the InVEST model, carbon
storage in the Nanchang urban agglomeration was 2.81 x 10% t in 2000 and 2.70 x 10% t
in 2020. Between 2000 and 2020, there was a discernible declining trend in carbon storage
within the urban agglomeration, resulting in an overall decrease of 1.13x 107 t. In relation
to land use types, the ranking of carbon storage, from highest to lowest, is as follows:
woodlands, croplands, grasslands, built-up land, water body, and unused land. As urban
areas expand, cropland may become fragmented into smaller parcels. Smaller cropland
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areas are less efficient at sequestering carbon, as they often have higher edge-to-area
ratios, which can result in increased soil disturbance and reduced carbon storage. The
Nanchang urban agglomeration exhibits characteristics of a developed economy, with high
urbanization levels, a dense population, and extensive land development and utilization.
The notable expansion of cities has led to the occupation of significant portions of cropland
and woodland, thereby constituting the primary driver of the decline in carbon storage
within the Nanchang urban agglomeration. The construction of roads, buildings, and other
infrastructure associated with urbanization can lead to soil compaction and disruption,
reducing the capacity of cropland to store carbon.

According to Figure 5, there is no substantial disparity in the spatial distribution of
carbon storage within the Nanchang urban agglomeration from 2000 to 2020. Regions
characterized by lower carbon storage predominantly encompass water bodies and built-up
areas, whereas those with higher carbon storage are primarily composed of woodlands
and grasslands. The majority of areas within the urban agglomeration exhibit minimal
fluctuations in carbon storage. Reductions in carbon storage are primarily concentrated
in regions where built-up land has expanded, whereas increases in carbon storage are
scattered throughout newly added woodland and cropland areas. From 2000 to 2020, most
areas maintained relatively stable carbon storage, while the conversion of croplands near
urban areas contributed to the decline of carbon storage. Carbon storage within Lushan
National Nature Reserve remained stable due to ecological protection measures like the
“returning farmland to woodlands” project, showing the effectiveness of such policies in
preserving carbon storage. In terms of the expansion center of the urban agglomeration,
the regions exhibiting substantial variations in carbon storage are primarily concentrated in
Nanchang City, notably within the Xinjian District, Honggutan District, and Anyi County.
These areas are located outside the old city area of Nanchang and are new economic
development zones, showing a consistent land use pattern of carbon storage reduction
with the rapid expansion of urban area.

(a) 2000

(c) Carbon Storage Change
from 2000 to 2020

Carbon Storage/t
High:9.10
Low:0

(b) 2020

Carbon Density Change
B Increased

| Unchanged
B Decreased

Carbon Storage/t

ngh;g_m (A\ 0 50  100km

Low:0

Figure 5. (a) Spatial distribution of carbon storage in 2000; (b) spatial distribution of carbon storage
in 2020; (c) carbon storage change map of the study area terrestrial ecosystem from 2000 to 2020.
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3.4. Prediction of Carbon Storage in Nanchang Urban Agglomeration in 2040

The trend analysis of carbon storage in the Nanchang urban agglomeration indicated
a declining pattern from 2000 to 2020. Based on this trend, three land use scenarios for
the year 2040 were projected (as shown in Figure 6). Carbon storage decreases in both the
natural development and cropland protection scenarios, while it increases in the ecological
conservation scenario, as outlined in Table 7.

(a) ND scenario (b) CP scenario (c) EP scenario

Carbon storage/Mg
0.0135 9.0981

0 50 100 km -
[ =

Figure 6. Simulation results of spatial distribution of carbon storage in 2040 under three scenarios.

Table 7. Prediction of land use structure and carbon storage of the study area in 2040.

Cropland Woodland Grassland Water Body Built-Up Land Unused Land
Scenario Area CS Area CS Area (&) Area (&) Area CS Area (&)
(km?) (10* 1) (km?) (10% t) (km?) (10% 1) (km?) (10% t) (km?) 10* v (km?) 10* v)

2000 18,925.02  72.90 18,624.61  188.28 3102.30 19.36 5279.93 0.08 1027.54 0.19 164.27 0.04
2020 17,728.72 68.29 18,179.20  183.77 2718.48 16.97 5953.32 0.09 2480.28 0.47 62.73 0.02
ND 16,810.08  64.75 17,657.31  178.50 2485.21 15.51 6474.73 0.10 3653.73 0.69 41.67 0.01
cp 18,458.95 71.10 17,657.32  178.50 2485.22 15.51 5836.07 0.09 2648.12 0.50 37.05 0.01
EP 16,810.08  64.75 18,650.00 188.53 2550.38 15.92 6279.42 0.09 2795.79 0.53 37.05 0.01

CS indicates carbon storage.

In the ecological conservation scenario, carbon storage increases by 2.29 x 10° t. This
scenario implements ecological conservation measures, which limit the reduction in eco-
logical land and effectively control the continued conversion of cropland to built-up areas.
Additionally, the rise in woodland areas also contributes to the overall increase in carbon
storage. In the cropland protection scenario, carbon storage decreases by 3.90 x 10° t,
primarily due to a decline in woodland area. Under the natural development scenario,
carbon storage decreases by 1.00 x 107 t, which is more significant compared to that in the
cropland protection scenario. This decrease is primarily caused by reductions in cropland,
woodland, and water bodies, following the decreasing trend observed from 2000 to 2020.
In conclusion, the natural development scenario exhibits the highest decrease. In contrast,
the ecological conservation scenario demonstrates a substantial increase in carbon storage,
while the cropland protection scenario effectively controls the decline in carbon storage.
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Therefore, by 2040, it is recommended to implement ecological conservation measures
based on cropland protection to effectively limit the expansion of built-up lands and to
mitigate the reduction in carbon storage.

4. Discussion
4.1. Influence of Diverse Driving Factors on LUCC

In this research endeavor, we conducted an assessment of the dynamic spatial alloca-
tion of LUCC within the Nanchang urban agglomeration spanning 2000 to 2020, encompass-
ing three scenarios: natural development, cropland protection, and ecological conservation.
The expansion of cropland, woodland, grassland, and built-up areas exhibited significant
differences among the three scenarios. Figure 7 displays the hierarchical rankings of the
significance of the causal factors influencing the expansion of the four categories of land
use in the year 2020.

Distance to secondary roads
DEM

Distance to rivers

Distance to primary roads
GDP

Annual mean precipitation
Annual mean temparature
Distance to tertiary roads
Population

Soil type

Slope

DEM

GDP

Distance to secondary roads
Distance to primary roads
Annual mean precipitation
Distance to rivers
Population

Annual mean temparature
Distance to tertiary roads
Slope

Soil type
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GDP

Annual mean temparature
Distance to secondary roads
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Distance to primary roads
Distance to rivers

Distance to tertiary roads
Annual mean precipitation
Slope

Soil type
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(a). Rank of contribution of cropland expansion drivers

6% 8% 10% 12% 14% 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20%)
(b). Rank of contribution of woodland expansion drivers

Distance to primary roads
Distance to secondary roads
Distance to tertiary roads
GDP

DEM

Population

Distance to rivers

Annual mean precipitation
Annual mean temparature
Soil type

Slope

0% 2%

(c). Rank of contribution of grassland expansion drivers

8% 10% 12% 14% 16% 18% 20% 0% 2% % 6% 8% 10% 12% 14% 16

(d). Rank of contribution of built-up land expansion drivers

Figure 7. The rank of different drivers according to land use type.

Regarding cropland, we found that secondary roads exerted the most substantial
influence on cropland growth. The development of the agricultural economy has neces-
sitated the acceleration of agricultural product transportation from croplands to markets.
For example, some research considers how agricultural supply chains and agricultural
transportation have been impacted by the COVID-19 pandemic. [47]. The construction of
secondary roads improves the transportation connectivity of rural areas surrounding the
city, facilitating the transportation of agricultural products to markets within the urban
region and increasing sales channels and opportunities. Additionally, the construction of
secondary roads may enhance the infrastructure of rural areas, including water supply and
drainage systems, thereby improving the land’s usability and enabling the development of
land that was previously unsuitable for agriculture. In promoting the construction of sec-
ondary roads, the government may also formulate corresponding agricultural development
policies, which could include measures such as providing agricultural subsidies, technical
support, and market orientation to encourage farmers to increase the area of cropland [48].
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Therefore, it can be reasonably inferred that alterations in cropland extent are substantially
impacted by the presence of secondary roads.

The primary factors driving the changes in woodland and grassland are altitude and
GDP. On one hand, in the Nanchang urban agglomeration, higher-altitude regions typically
have lower temperatures and higher rainfall, which are favorable for the growth of wood-
lands and grasslands. In the Vosges Mountains in north-eastern France, plants showed
greater sensitivity to temperature at high elevation and to summer drought at low altitude
and under dry conditions. [49]. Conversely, lower-altitude areas may face environmental
issues such as water scarcity and land degradation, which can affect the quality and quan-
tity of vegetation [50]. Furthermore, the Nanchang urban agglomeration is characterized
by a higher level of economic development, indicating vigorous economic activities and
an increased demand for land resources and development [51]. However, rapid economic
development also brings about environmental challenges that need to be addressed [52,53].
Both the government and society have gradually recognized the importance of maintaining
ecological balance and protecting natural resources, leading to an increasing emphasis on
the conservation of forests, grasslands, and other ecosystems [54]. Relevant departments
have implemented numerous ecological restoration and environmental governance mea-
sures to minimize the detrimental impacts of economic activities. In this context, although
GDP growth is rapid, peoples” awareness of environmental protection has been heightened
to maintain an ecological balance and achieve true sustainable development.

Roads are the primary factor influencing the expansion of built-up areas, with the
three most significant contributing factors being primary roads, secondary roads, and
tertiary roads. This indicates that built-up areas are more sensitive to road infrastructure.
Primary roads, as the backbone of the urban road system, typically connect the city center
with peripheral regions, effectively enhancing urban connectivity and radiance, attracting
businesses, industries, and residents to expand outward. With the extension of primary
roads, the land value in the surrounding areas gradually increases, further promoting the
expansion of built-up areas. For example, some researchers have found that, in Beijing,
changes in the expansion of the road core area are consistent with changes in the ecological
risk level of the city center, mainly because of the spatial correlation between the two and
the highway [55]. Secondary roads and tertiary roads mainly serve internal urban traffic,
providing convenient travel environments. Secondary roads, as a supportive network
for urban development, usually connect various primary roads and regional centers, con-
tributing to the formation of a more intricate urban spatial pattern. Tertiary roads serve as
community transportation networks, connecting different neighborhoods and residential
areas, ensuring the daily travel needs of residents. The cooperation between secondary and
tertiary roads advances the orderly development of urban built-up areas, implying that
the expansion of the Nanchang urban agglomeration in 2040 will also be predominantly
driven by road factors.

4.2. Impact of LUCC on Carbon Storage

LUCC is a significant driver of carbon storage fluctuations in terrestrial ecosystems.
This is because different land cover types have varying levels of carbon storage capacity, and
altering land use can lead to gains or losses in carbon storage. Drawing upon the land use
transfer matrix for the Nanchang urban agglomeration from 2000 to 2020, and accounting
for the disparities in carbon density among distinct land cover types, the calculation of
carbon storage changes due to land use change revealed vegetation carbon storage in
the Nanchang urban agglomeration decreased by 3.36 x 10° t, while soil carbon storage
decreased by 7.89 x 10° t, resulting in a total carbon storage reduction of 11.25 x 10° t
(Table 8).
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Table 8. Changes in carbon storage caused by land use change.

Changes in Changes in Soil

Land Use Type Area Vegetation Carb fn Storage Total

Conversion (km?) Carbon Storage yorag (x10° t)
6 (x10° t)
(x10° t)

Wooldland 842.379 4.419 0.852 5.271

Grassland 346.527 0.133 0.695 0.828
Cropland Water body 530.218 —0.291 —1.743 —2.034
Built-up land 1144.676 —0.435 —3.759 —4.194
Unused land 3.110 —0.001 —0.010 —0.011
Subtotal 2866.910 3.824 —3.965 —0.141
Cropland 909.391 —4.771 —0.919 —5.690
Grassland 720.920 —3.506 0.718 —2.788
Wooldland Water body 255.137 —1.479 —1.097 —2.575
Built-up land 190.862 —1.074 —0.820 —1.894
Unused land 0.805 —0.005 —0.003 —0.008
Subtotal 2077.115 —10.833 —2.121 —12.955
Cropland 384.664 —0.147 —0.772 —0.919

Wooldland 734.275 3.571 —0.731 2.839
Grassland Water body 193.863 —0.181 —1.027 —1.207
Built-up land 185.907 —0.142 —0.984 —1.125
Unused land 2.085 —0.002 —0.011 —0.012
Subtotal 1500.793 3.099 —3.524 —0.425

Cropland 258.840 0.142 0.851 0.993

Wooldland 46.742 0.271 0.201 0.472

Water body Grassland 31.910 0.030 0.169 0.199

Built-up land 54.471 0.009 0.000 0.009

Unused land 12.852 0.001 0.002 0.003

Subtotal 404.814 0.453 1.224 1.676

Unused land 101.111 0.038 0.332 0.370

Wooldland 8.344 0.047 0.036 0.083

Built-up land Grassland 5.322 0.004 0.028 0.032
Water body 11.990 —0.002 0.000 —0.002

Unused land 0.141 0.000 0.000 0.000

Subtotal 126.907 0.087 0.396 0.483

Unused land 16.738 0.008 0.052 0.060

Wooldland 0.482 0.003 0.002 0.005

Unused land Grassland 12.347 0.011 0.063 0.074
Water body 87.224 —0.006 —0.016 —0.023

Built-up land 3.743 0.000 —0.001 0.000

Subtotal 120.535 0.015 0.100 0.116
Total 7097.073 —3.355 —7.891 —11.245

The transformation of woodland and grassland into alternative land cover categories
played a pivotal role in the noteworthy decline of carbon storage, resulting in a cumulative
reduction of 1.34 x 107 t. Furthermore, carbon storage decreased as cropland and grassland
were converted to built-up land, amounting to 4.19 x 10° tand 1.13 x 10° ¢, respectively,
and accounting for 37.30% and 10.00% of the total carbon storage reduction. Conversely,
the conversion of water body, built-up land, and unused land resulted in an augmentation
of carbon storage by 1.68 x 100 t, 4.8 x 10° t, and 1.16 x 10° t, respectively. From 2020 to
2040, under natural development conditions, the same downward trend in carbon storage
is observed for all types of features. Land use changes such as cropland-to-water body;,
cropland-to-built-up land, cropland-to-unused land, woodland-to-other land cover types,
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grassland-to-cropland, grassland-to-water body, grassland-to-built-up land, grassland-
to-unused land, and unused land-to-water body all contributed to reductions in both
vegetation and soil carbon storage. Conversely, transitions between other land cover
types resulted in increases in both vegetation and soil carbon storage, facilitating carbon
sequestration. From this, we find that the conversion of natural areas like woodland and
grassland into built-up land can lead to significant carbon losses. To facilitate carbon
storage in the region’s woodland areas, we can identify suitable areas for reforestation and
afforestation, especially in the study area, that were converted to non-vegetated land cover
types, and we can plant native tree species that are well suited to the local climate and soil
conditions, such as some subtropical fruit trees [56]. As for cropland, we can note some
degree of cropland protection is effective in controlling carbon storage reductions. Poyang
Lake Plain has a humid climate, a large area of arable land, and a high rate of cultivation.
Thus, practical solutions such as promoting sustainable agricultural practices can reduce
carbon emissions and enhance soil carbon sequestration. We also encourage no-till farming,
cover cropping, and crop rotation to improve soil health and increase carbon storage in
croplands. Some researchers have conducted crop rotation experiments in Denmark, and
found that carbon storage accumulate rotationally during crop rotation [57]. Understanding
the relationship between LUCC and carbon storage is crucial for effective land use planning
and carbon management strategies. Policymakers and urban planners should consider the
carbon implications of land use decisions.

4.3. Limitations and Future Work

The amalgamation of PLUS and InVEST models effectively compensated for the
limitations inherent in the individual models in this study, harnessing the quantitative
and spatial simulation capabilities of the PLUS model in projecting forthcoming land use
transformations, while capitalizing on the In'VEST model’s strengths in forecasting carbon
storage dynamics. An inherent limitation of this investigation lies in the fact that there
exists a disparity between the three categories of developmental models employed and
the actual unfolding of development scenarios. This discrepancy restricts the ability to
encompass the entirety of potential future development trajectories. Integrating policy
considerations to establish a more pragmatic estimate of future land use demand and
reducing the disparity between projected development scenarios and actual development
models will undoubtedly constitute central emphases in the realm of research concerning
the simulation of prospective land use transformations.

Carbon density varies over time and is influenced by factors like precipitation, tem-
perature, and soil organic carbon sensitivity. Additionally, the study area’s significant
elevation difference (~2000 m) indirectly affects carbon storage. In future work, this should
be addressed at a fine spatial and temporal scale to capture variations within the study
area. In some of the studies that have been carried out, for example, scholars have begun
to assess the dynamic carbon neutral potential of urban neighborhoods as basic units of
cities [58], which could have implications for future work. At the same time, there is a need
for field sampling and regular updating of carbon pools, relying on laboratory analyses
and existing data, and the use of statistical analyses, such as regression models, to assess
the effects of precipitation, temperature, and soil organic carbon sensitivity [59].

In the selection of multi-scenario setting methods, the Markov chain method based
on quantitative constraints for multiple scenarios is the most mainstream practice, but the
parameter settings are also relatively more subjective, and in future research, attempts at
linear programming methods can better enhance regional carbon storage.

In addition, the scope of the study can be expanded to analyze the carbon storage
changes among different urban agglomerations, and the relationship between land drivers
and carbon storage can be more comprehensively analyzed.
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5. Conclusions

The PLUS and InVEST models were combined to validate the PLUS model using
historical land use data from the Nanchang urban agglomeration in 2000 and 2020. This
was conducted to simulate the LUCC in the Nanchang urban agglomeration in 2040 under
different policy-driven scenarios: natural development (ND), cropland protection (CP),
and ecological protection (EP). Additionally, the INVEST model was employed to conduct
an analysis of carbon storage and understand how land use patterns might impact carbon
storage in the Nanchang urban agglomeration. The potential impact of land use patterns
on carbon storage in the Nanchang urban agglomeration were clarified. The following
conclusions were reached:

(1) From 2000 to 2020, cropland became a significant source of rapid expansion of
built-up areas in the Nanchang urban agglomeration, with a conversion area of 2866.91 km?.
Under the CP and EP scenarios, compared to the ND scenario, cropland and forestland
areas increased by 9.30% and 5.46%, respectively.

(2) Carbon storage in the Nanchang urban agglomeration amounted to 2.81 x 10% t
in 2000 and 2.70 x 108 t in 2020. Regions characterized by diminished carbon storage are
notably conspicuous within the central zone of the urban agglomeration, concentrated in
Nanchang City. Cropland encroachment in the region is an important cause of declining
carbon storage.

(3) In the context of the ND scenario, it is projected that carbon storage within the
Nanchang urban agglomeration in the year 2040 will experience a reduction of 1.00 x 107 t
in comparison to the levels observed in 2020. Under the EP scenario, carbon storage is
estimated to increase by 2.29 x 10° t by 2040, indicating that implementing certain ecological
protection measures can effectively reduce the declining trend of carbon storage within the
study area. Additionally, the conservation of woodlands around urban agglomerations
contributes to the regional carbon sink potential.
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