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Abstract: Rapid urbanization in developing countries leads to significant land-use and land-cover
change (LULCC), which contributes to increased carbon dioxide (CO2) emissions and the degradation
of carbon storage. Studying spatio-temporal changes in carbon storage is crucial for guiding sustain-
able urban development toward carbon neutrality. This study integrates machine-learning random
forest algorithm, CA–Markov, and InVEST models to predict carbon storage distribution in Shenzhen,
China, under various scenarios. The findings indicate that, over the past two decades, Shenzhen has
experienced significant land-use changes. The transformation from high- to low-carbon-density land
uses, particularly the conversion of forestland to construction land, is the primary cause of carbon
storage loss. Forestland is mainly influenced by natural factors, such as digital elevation model
(DEM) and precipitation, while other land-use and land-cover (LULC) types are predominantly
affected by socio-economic and demographic factors. By 2030, carbon storage is projected to vary
significantly across different development scenarios, with the greatest decline expected under the
natural development scenario (NDS) and the least under the ecological priority scenario (EPS). The
RF-CA–Markov model outperforms the traditional CA–Markov model in accurately simulating
land use, particularly for small and scattered land-use types. Our conclusions can inform future
low-carbon city development and land-use optimization.

Keywords: carbon storage assessment; land-use and land-cover change; random forest; machine
learning; multi-scenario simulation of land use

1. Introduction

As stated in the “Sixth Assessment Report of the International Panel on Climate
Change” (IPCC), the global surface temperature experienced an increase of 1.1 ◦C from
2011 to 2020 relative to the period from 1850 to 1900. The sustainable development of
human societies is increasingly imperiled by the adverse effects of global warming, which
is predominantly attributed to substantial anthropogenic CO2 emissions [1]. Land use–land
cover (LULC) is an indicator to represent natural and economic processes [2]. Over the past
150 years, one-third of global CO2 emissions have originated from land-use and land-cover
change (LULCC), making it a crucial source of emissions of greenhouse gases [3]. The
majority of CO2 emissions resulting from human activities can be absorbed through carbon
storage in terrestrial ecosystems. Therefore, enhancing the capacity of these ecosystems
to sequester carbon represents one of the most effective strategies for mitigating climate
change [4]. LULCC, which is impacted by a variety of natural, social, and economic factors,
not only significantly impacts greenhouse gas emissions but also affects soil organic carbon
and vegetation carbon storage through land-use category transitions, subsequently influ-
encing the carbon storage function of terrestrial ecosystems [5–7]. Therefore, quantitatively
assessing the influence of the LULCC on carbon storage is of paramount importance in
mitigating global warming and formulating sustainable urban development strategies.
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Currently, field surveys [8], atmospheric inversion [9], and modeling simulations [10]
are some of the methods used to assess carbon storage. Field surveys that involve on-site
sampling are suitable for small-scale carbon storage investigations, but they are time-
consuming and destructive [11]. Atmospheric inversion methods employ the spectral
reflectance characteristics of vegetation to calibrate forest biomass, making them ideal for
large-scale carbon storage estimates. Nevertheless, this approach is limited by issues of
accuracy and inherent errors [12]. With the advancement of remote-sensing technology, the
integration of remote-sensing monitoring and relevant models has increasingly become
the norm in assessing, simulating, and predicting carbon storage. Modeling simulation
methods include the denitrification–decomposition (DNDC) model [13], the forest ecosys-
tem carbon budget model for China (FORCCHN) [14], high-accuracy surface modeling
(HASM) [15], and the Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST)
model [16], and others. Among these, the InVEST model stands out and is widely used in
regional studies because of its simplicity, flexible parameter settings, high accuracy, and
unique advantages in assessing the effects of various planning policies on regional carbon
storage [17,18].

LULCC models are essential tools for characterizing changes and dynamics in land
patterns, and they have always been a core aspect of research in the field of LULCC [19,20].
During the past years, LULCC models have been extensively studied by researchers
worldwide, roughly categorized into “top–down” quantitative relationship models and
“bottom–up” spatial prediction models. Common quantitative relationship models include
the Markov model [21] and the system dynamics model [22], which simulate changes in
land-use quantity in an area but do not account for changes in the spatial structure. Among
the spatial prediction models, a traditional Cellular Automaton (CA) is undoubtedly among
the most widely applied, with powerful simulation capabilities for complex spatial dynamic
systems. However, almost no single model can capture all the complex features of LULCC
processes and achieve multi-dimensional predictions, such as those related to time and
quantity [23]. Therefore, scholars have developed various LULCC coupling models based
on CA, such as SLEUTH [24], CLUE-S [25], CA–Markov [26], GeoMod [27], and FLUS [28].
Among these, the CA–Markov model, owing to its benefits in spatial and quantitative
simulations, has recently become the most popular method [29–31].

The core of the CA–Markov model is the mining of land-use transition rules according
to the drivers. However, the CA–Markov model still cannot handle quantitative factors
such as socio-economic factors in the simulation process. Combining other methods to
construct LULC conversion rules is a solution to address this deficiency [32]. In earlier
research, scholars have often used multi-criteria evaluation (MCE) and logistic regression
(LR) to produce maps of land-transition suitability. However, MCE is more subjective and
empirical when producing transition-suitability maps, requiring researchers to be more
familiar with the study area. Although more objective, the LR requires spatial variables
to be linearly uncorrelated; otherwise, they are prone to lower simulation accuracy [33].
In contrast, machine learning recognizes the rules for transitions of land use by repeating
the learning of previous empirical data, which are more equipped to handle the nonlinear
relationship between driving factors and land use, better capture the transition rules of
LULC, and improve the simulation results’ alignment with reality [34]. Commonly used
machine-learning methods include artificial neural networks (ANNs), genetic algorithms
(GAs), support vector machines (SVMs), random forests (RFs) [35]. Among them, the “black
box” mechanism of ANN cannot reflect the impact of various spatial variables on LULCC,
and these networks are susceptible to overfitting [36]. GA excels in parameter adaptability
and optimization but suffers from high time complexity and a tendency to get stuck in local
optima [32]. SVM is generally used for small datasets with few outliers, whereas RF can
handle a large number of variables with good interpretability and moderate computational
complexity, indicating the contribution of each spatial variable to LULCC [37,38].

In response to the article’s requirements, we propose an algorithm that integrates
machine-learning approaches, including the RF and CA–Markov models, to accurately



Land 2024, 13, 1566 3 of 19

assess and predict the scale and spatial patterns of future urban LULCC. This integration
enables the precise quantification and forecasting of future carbon storage trends, guiding
planners to optimize LULC planning structures and enhance carbon storage. It also lays
the foundation for low-carbon and high-quality development within the context of stock
planning. We specifically investigate the following research questions: (1) How has LULCC
affected carbon storage in ecosystems over the past several decades? (2) How will the dis-
tribution of future carbon storage change under different development scenarios? (3) What
scientific support can we provide for policy formulation to explore ways to rationalize land
use and improve carbon storage in regional ecosystems? This study presents a novel model
for estimating and forecasting carbon storage in relation to LULCC. By applying various
development scenarios, the model simulates the response of carbon storage to different
forms of LULCC. This approach aims to enhance and refine predictive methodologies,
technical systems, and research content related to land-use and carbon-storage simulations
under climate change, thereby offering valuable insights and references for future research
in this field.

2. Materials and Methods
2.1. Research Framework

There are three primary components to this study’s research framework: analysis of
historical LULCC, estimation of historical carbon storage, and multi-scenario simulation of
future LULC and carbon storage (Figure 1).
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Figure 1. Research framework.

(1) Historical LULCC. Based on historical data, changes in LULC over the past 20 years
(2000–2020) were analyzed from both temporal and spatial perspectives. Then, we
applied the RF algorithm to investigate the driving mechanisms and potential for
future land-use conversion, specifically examining the relative contributions of various
driving factors to different land-use categories.

(2) Historical carbon storage changes. To estimate changes in carbon storage, we analyzed
the distribution of carbon density and its characteristics over time and space using
the InVEST 3.12.0 model.

(3) Future LULC and carbon storage prediction. Land use and carbon storage under
different scenarios in 2030, such as the natural development scenario (NDS), ecologi-
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cal priority scenario (EPS), and comprehensive development scenario (CDS), were
simulated and predicted using the RF-CA–Markov and InVEST models.

2.2. Study Area and Data

The study area is Shenzhen, China, which has emerged as one of the country’s fastest-
growing cities in recent years (Figure 2). Shenzhen lies in Guangdong Province’s southern
section in Southern China (113◦43′–114◦38′ E, 22◦24′–22◦52′ N), with 10 districts and a
total area of 1997.47 km2. The geography of Shenzhen features low mountains, gentle
terraces, and terrace hills, with elevations generally higher in the southeast and lower in
the northwest. Its population has grown nearly 60 times over the past 40 years, making
it a megacity with over 17 million residents. The degree of LULCC is substantial, with
the current land development intensity reaching 50%. Construction land has become the
dominant land category in Shenzhen [39]. This rapid encroachment of construction land on
ecological areas has negatively impacted carbon storage within ecosystems, hindering the
city’s pursuit of low-carbon and sustainable development. Consequently, using Shenzhen
as a study area to analyze how LULCC affects carbon storage is particularly representative.
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2.3. Materials
2.3.1. Land-Use Data

The land-use data for the years 2000, 2010, and 2020 used in this study are sourced from
the GlobeLand30 global land-cover dataset, with a spatial resolution of 30 m × 30 m. We
also reorganized land-use categories into cultivated land, forestland, grassland, waterbodies,
and construction land based on the real circumstances to support our research. Land-use
change is influenced by a complex interplay of natural, social, economic, and policy factors.
In response, this study prioritizes data accessibility and quantifiability while considering the
critical factors influencing urban development and relevant policies in the study area. We have
meticulously selected five natural environmental driving factors, three socio-economic driving
factors, four traffic location factors, and two constraint factors for the land-use simulation.
Natural conditions form an important foundation for the formation and development of
cities, exerting both direct and indirect influences on urban growth. Socio-economic factors
serve as significant drivers of urban expansion, shaping the direction of city sprawl [40].
Additionally, transportation infrastructure shapes urban development and directly influences
spatial patterns within cities. To improve the practical applicability of the simulation, this
study includes Shenzhen’s three zones and three lines, as well as nature reserves, as constraint
factors. It contains the specific names, years, and sources of the research data in Table 1. All
spatial data were standardized to 30 × 30 m resolution.
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Table 1. Sources of research data.

Category Data Year Source

Land-use data Land use 2000, 2010, 2020 Globallandcover.com, accessed on 15 July 2023

Natural
environment data

DEM 2010 Resource and environment science and data center
(http://www.resdc.cn/, accessed on 15 July 2023)

Slope 2010 Drawn by DEM

Distance to coastline 2021
The coastline was downloaded from the China Oceanic

Information Network (https://www.nmdis.org.cn/, accessed
on 15 July 2023), and plotted by Euclidean distance

Annual average
precipitation 2020 Resource and environment science and data center

(http://www.resdc.cn/, accessed on 15 July 2023)

Annual average
temperature 2020 Resource and environment science and data center

(http://www.resdc.cn/, accessed on 15 July 2023)

Socio-economic
data

Population density 2020 Gridded Population of the World, Version 4 (GPWv4)
(https://sedac.ciesin.columbia.edu/, accessed on 15 July 2023)

GDP 2020 Resource and environment science and data center
(http://www.resdc.cn/, accessed on 15 July 2023)

Nighttime light data 2020 NPP VIIRS VNL2 (https://eogdata.mines.edu/products/vnl/,
accessed on 15 July 2023)

Traffic location
data

Distance to trunk
road 2020

Trunk roads were downloaded from primary roads in
Openstreetmap (http://www.openstreetmap.org/, accessed on

15 July 2023), and plotted by Euclidean distance

Distance to
subordinate road 2020

Subordinate roads were downloaded from secondary roads in
Openstreetmap (http://www.openstreetmap.org/, accessed on

15 July 2023), and plotted by Euclidean distance

Distance to high-
way/expressway 2020

Highway and expressway were downloaded from
Openstreetmap (http://www.openstreetmap.org/, accessed on

15 July 2023), and plotted by Euclidean distance

Distance to bus
station 2020 The bus stops are taken from the Amap (https://m.amap.com/,

accessed on 15 July 2023), and plotted by Euclidean distance

Constrained
factors data

Three zones and
three lines - Shenzhen Municipal Bureau of Planning and Natural Resources

Nature reserve - China nature reserve standard wood resource sharing platform
(http://www.papc.cn/, accessed on 15 July 2023)

2.3.2. Carbon Density Data

Carbon density provides the fundamental data required for estimating regional carbon
storage using the InVEST model. Owing to the long and difficult cycle time for measuring
carbon density in the field, as well as the minimal variations in carbon density concerning
land-use patterns within the same climatic zone [41], in this study, our carbon density data
relied primarily on a literature review, which mainly referenced the aboveground carbon density
data of China’s terrestrial ecosystem from the 2010s [42], and we combined this with relevant
research data from neighboring regions [43–45]. The final data obtained are shown in Table 2.

Table 2. Databases of carbon density of five land-use types in Shenzhen.

Land-Use Type c_above (t/ha) c_below (t/ha) c_dead (t/ha) c_soil (t/ha)

Cultivated land 13.50 2.70 0.00 30.63
Forestland 18.36 4.95 2.54 44.87
Grassland 1.413 13.53 0.24 9.99

Waterbodies 0.21 0.00 0.00 0.00
Construction land 1.20 0.93 0.00 12.48

http://www.resdc.cn/
https://www.nmdis.org.cn/
http://www.resdc.cn/
http://www.resdc.cn/
https://sedac.ciesin.columbia.edu/
http://www.resdc.cn/
https://eogdata.mines.edu/products/vnl/
http://www.openstreetmap.org/
http://www.openstreetmap.org/
http://www.openstreetmap.org/
https://m.amap.com/
http://www.papc.cn/
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2.4. Methods
2.4.1. InVEST Model

According to InVEST’s carbon calculation section, the carbon pool of ecosystem carbon
storage is mainly divided into the following categories: belowground, aboveground, soil,
and dead organic matter. It calculates the total quantity of storage based on the four types
of carbon pools associated with each category of land use [46].

Ci-total = Ci-above + Ci-below + Ci-dead + Ci-soil (1)

where i is for the ith category of land use, Ci-above is for aboveground carbon storage of
the ith land-use category, Ci-below is for belowground carbon storage of the ith land-use
category, Ci-dead is for the ith land-use type’s dead organic matter carbon storage, Ci-soil
is for the ith land-use type’s soil carbon storage, and Ci-total is for the ith land-use type’s
entire carbon storage.

2.4.2. LULCC Training Based on Improved RF-CA–Markov Model

We proposed an integrated model that combines random forest (RF) algorithm with
CA–Markov model to simulate land use and carbon storage according to three development
scenarios by 2030 (Figure 3). Specifically, we utilized Python to calculate RF and the IDRISI
Selva 17.00 software to run the CA–Markov model. The overall process consists of four
main components: RF training, the Markov model, the CA model, and precision validation.
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(1) Random Forest (RF)

Multiple random decision trees make up the RF ensemble-learning method, which
uses bagging sampling. It has characteristics such as noise resistance, strong generalization,
and the ability to handle land-use classification and prediction problems effectively while
avoiding overfitting [47,48]. Specifically, RF classifies training data into multiple random
subspaces by performing random sampling with the replacement of training data. It trains
individual decision trees in each subspace, yielding random decision trees. By voting on
the results of different decision trees, the RF’s final output is produced [49].

The training samples for RF consisted of two parts: features (X) and labels (Y). In
this study, the sample selection method involved extracting land parcels that experienced
LULCC between 2000 and 2010 and between 2010 and 2020. The feature vector of the
driving factors for these parcels was used as X for the sample, and the land-use type for
the subsequent year was used as Y for the sample. Finally, each decision tree was trained
on numerous samples to obtain a nonlinear function that effectively mapped X to Y. In



Land 2024, 13, 1566 7 of 19

an RF comprising multiple decision trees, each decision tree can calculate the transition
probabilities for each sample for different land-use types as follows:[

Pk
i,1, Pk

i,2, . . . , Pk
i,G

]
= f k(Di) (2)

where Pk
i,j represents the probability calculated by the kth decision tree, and f k represents

the ith sample transitions to the jth land-use type. G represents all the land-use categories
together, and Di represents the driving factors for the ith sample. Finally, averaging (voting)
the results from all K decision trees yields the final transition probability matrix:

Ptrans =
1
K

K

∑
K

[
Pk

1 , Pk
2 , . . . , Pk

G

]
(3)

where
[

Pk
1 , Pk

2 , . . . , Pk
G

]
represents the probability matrix calculated separately by the kth

decision tree for all Q samples across G land-use types, where Ptrans ∈ RQ×G.

(2) CA model

Relying on cell space and transformation rules, the cellular automaton (CA) is a
dynamic model based on grids that can simulate complex spatial changes. It features
discrete time, space, and states. The CA is mainly composed of four parts, which are
transition rules, neighborhoods, cell states, and cell. In addition, the states of neighboring
cells and transition rules can determine a particular cell’s state [37,50,51]. In our study,
cells represent each 30 × 30 m grid, the grid’s cell states represent the kind of land use,
the neighborhood uses the classic 5 × 5 Moore neighborhood, and the transition rules are
determined using RF. The following formula is applied in this calculation:

S(t+1) = f
[
S(t), N

]
(4)

where S is the set of finite and discrete states of cells, f is the transition rules for cell states,
N is the neighborhood of each cell at time t, and t and t+1 are separate points in time.

(3) Markov model

Based on the current state of the space and transition probabilities between different
states, Markov mathematical stochastic models can predict the future development state of
the space [52]. As a result, using past land-use data as a guide, we can forecast the land-use
demand in 2020 and 2030. The land-use demand for 2020 is derived from the 2000–2010
land-use transfer matrix, and the land-use demand for 2030 is derived from the 2010–2020
land-use transfer matrix. The following formula is applied in this calculation:

S(t+1) = P × St (5)

where St+1 stands for the status of land use at time t + 1, St stands for the status of land use
at time t, and P stands for the land-use transition matrix.

(4) Precision validation

In this study, we assess the reliability of the RF-CA–Markov model in predicting
future LULCC using kappa coefficients. The kappa coefficient evaluates the model’s
accuracy by comparing the consistency of simulated and actual land use over the same time
period. When the Kappa = 1, it indicates that the two land-use maps are identical. When
0.75 < Kappa ≤ 0.99, it indicates excellent model performance. When 0.4 < Kappa ≤ 0.75,
it suggests good model performance, and when Kappa ≤ 0.4, it indicates relatively poor
model performance [53,54]. The following formula is applied in this calculation:

Kappa =
(pa − pb)

(1 − pb)
(6)
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where pa represents the overall classification accuracy, and pb represents the accidental
consistency error theoretical simulation accuracy.

2.4.3. Future Land-Use Simulation under Multi-Scenarios

Different development policies directly influence future urban land-use planning.
In our study, we proposed three distinct land-use management scenarios based on the
current and future master plan of Shenzhen. Future LULCC was simulated using the
RF-CA–Markov model, and future carbon storage was assessed accordingly. The impacts
of various policies on land use and carbon storage were analyzed and compared using
these scenarios. To determine the land-use demand under different development scenarios,
we modified the transition probabilities between various land uses in the Markov model
(Table 3).

Table 3. Multi-scenarios development settings.

Scenario Type Description

Natural development scenario
(NDS)

Do not consider any policy constraints on land use and continue the transition probabilities of
the original land-use types in 2010–2020 to conduct the land-use simulation.

Ecological priority scenario
(EPS)

Taking ecological priority as the principle of development, environmental protection as the
primary goal, and limiting the development of urbanization. Based on the ecological protection
line, the transition probabilities of three important ecological land-use types, forestland,
grassland, and waterbodies, will be adjusted to reduce the area converted to other land-use
types, while increasing the transition probabilities of cultivated land and construction land to
ecological land.

Comprehensive development
scenario (CDS)

In order to meet various conditions such as economic growth, food security, and ecological
protection and achieve the city’s sustainable development, we will appropriately reduce the
rate at which cultivated land, grassland, forestland, and waterbodies are converted to
construction land, based on the restrictions of the three zones, three lines, and natural reserves.

3. Results
3.1. Spatial and Temporal Evolution Analysis of LULCC (2000–2020)
3.1.1. Analysis of Spatial Structure and Transition Characteristics of Land-Use Types

Between 2000 and 2020, Shenzhen’s land-use types experienced significant changes
(Figure 4). In terms of land use, Shenzhen primarily consisted of construction land and
forestland. Among these, construction land occupied the dominant position, increasing in
proportion to 35.03%, 42.20%, and 50.29% in 2000, 2010, and 2020, respectively. Over the
past 20 years, the area of forestland initially increased and then decreased, while the areas
of cultivated land, grassland, and waterbodies consistently declined. From 2000 to 2010,
the most significant transition was from grassland to construction land. From 2010 to 2020,
the most notable transition was from forestland to construction land. Overall, from 2000
to 2020, the predominant land-use shift was toward construction land from the other four
types; the most significant change was the conversion of forestland to construction land,
followed by cultivated land, grassland, and waterbodies.

Spatially, the majority of the city’s construction land has been concentrated in the
western, central, and northeastern areas over the past 20 years, steadily expanding. Forest-
lands were concentrated in the southeastern and central areas, while cultivated land and
waterbodies were concentrated in the western areas. Grassland was primarily located
in the southwest in 2000; however, by 2020, only a small area remained, and its spatial
distribution became more scattered. Owing to the rapid growth of Shenzhen and the
persistent shortage of construction land, the western region, which is close to important
cities such as Guangzhou and Zhuhai, has experienced significant development driven by
economic policies and intercity connections. This has led to the transformation of other
land uses in the western region into construction land.
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Figure 4. Sankey diagram of land-use area transfer in Shenzhen. Land-use area transfer from 2000 to
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to 2020 (c).

3.1.2. Analysis of the Contribution of Driving Factors to LULCC

The influence of various driving factors on the LULCC over the past 20 years was
investigated through the application of RF. In this study, we selected factors of influence
from three perspectives to investigate the driving mechanisms of each type of LULCC,
including the natural environment, socio-economic factors, and traffic location (Figure 5).
Among these factors, nighttime light emerged as the main driving force behind changes in
construction land, waterbodies, and grassland, with contribution values exceeding 15%
for each. To some extent, nighttime light reflects the level of socio-economic development.
Areas with higher nighttime light indicate more frequent human activities and a greater
demand for construction land. Conversely, areas with lower nighttime light experience less
human influence and often have better ecological environments, along with larger areas of
grassland and waterbodies.
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Figure 5. Visualization of driving factors.

Forestland is mainly influenced by the digital elevation model (DEM) and annual
average precipitation, as most forested areas are situated in steep terrains that are unsuitable
for development, resulting in reduced human disturbance. Moreover, large-scale vegetation
contributes to increased atmospheric humidity, thereby enhancing regional precipitation.

Cultivated land is primarily influenced by the distance between subordinate roads
(most abundant road type in urban areas) and nighttime light because they are widely
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distributed and play a crucial role in connecting different parts of a city, thereby facilitating
transportation. The areas around the subordinate roads are predominantly composed of
construction land, which is not conducive for crop cultivation. Therefore, cultivated land
located farther from the subordinate roads tended to have lower nighttime light.

These findings underscore the complex interplay among various driving factors and
LULCC in Shenzhen over the past 20 years. Nighttime light has emerged as a significant
driver of urbanization and LULCC, while topography, precipitation, and proximity to road
infrastructure also play crucial roles in shaping land-use patterns (Figure 6).
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3.2. Spatial and Temporal Evolution Analysis of Carbon Storage (2000–2020)

In terms of quantity, the total carbon storage of Shenzhen in 2000, 2010, and 2020 was
754.85 × 104 t, 754.18 × 104 t, 698.18 × 104 t, respectively. Carbon storage in Shenzhen
has declined by 7.51% over the past two decades, with an average annual reduction of
2.83 × 104 t, and a cumulative loss of 56.67 × 104 t. Forestland exhibited the largest decline
in carbon storage among all of land-use categories, while construction land showed a
continuous increase. Furthermore, the hierarchy of carbon storage according to land-
use type is as follows: forestland > construction land > cultivated land > grassland >
waterbodies. This indicates that the primary area for carbon storage in the study region
is forestland, while construction land, owing to its extensive area, ranks second in total
carbon storage for the city. Achieving future carbon storage goals requires a careful balance
between forestland and construction land.

Spatially, Shenzhen’s carbon storage distribution exhibits a “west low and east high”
pattern (Figure 7a). High-density carbon storage areas are located in the southeastern,
central–southern, and northwestern parts of the city, including regions such as Wutong
Mountain and Malanshan Country Park, which are large mountainous and natural parks
with high forest cover. Low-density carbon storage areas are primarily found in the central,
northern, and western outskirts, where construction and cultivated lands predominate.
These areas have experienced significant human activity and disturbances, resulting in
lower levels of carbon storage.

The changes in carbon storage were categorized into three classes: increase, balance,
and decrease (Figure 7b). Between 2000 and 2010, there were comparatively minor spatial
transformations in carbon storage. However, from 2010 to 2020, there was a noticeable
expansion of areas experiencing a decline in carbon storage, primarily in Guangming
District, particularly near the boundary with Bao’an District. This decrease can be attributed
to the establishment and development of the Guangming New District, which has led to
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increased human activities and a significant reduction in carbon storage. A relatively low
percentage of locations experienced an increase in carbon storage when examining the
overall changes from 2000 to 2020; these locations are mainly situated on the outskirts of the
western periphery. Because in the western section of the city, the Guangming and Nanshan
Districts are fast urbanizing, and a majority of these places have lowered carbon storage
due to a noticeable rise in construction land, which has decreased carbon storage overall.
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3.3. LULCC and Carbon Storage Prediction under Multi-Scenarios
3.3.1. LULCC Simulation (2020–2030)

In order to verify the reliability of the model, land-use data from 2010 and the RF-CA–
Markov model are applied to predict the land-use situation for 2020. Compared to the
actual land use in 2020, the model produced a kappa coefficient of 0.78, indicating relatively
strong performance. Therefore, it is highly credible to utilize this model to simulate land
use in Shenzhen for 2030. The spatial distribution characteristics of land use under the
three development scenarios showed no significant changes relative to 2020. Although
different development scenarios exhibit varying land-use structures, the primary land-use
types in the study area remain forestland and construction land (Figure 8).
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In the NDS, land-use transitions are not constrained by policies, and the historical
development trend from 2010 to 2020 continues. The most significant increase was observed
in construction land. Nevertheless, the areas of grassland, forestland, cultivated land, and
waterbodies continued to decline. This decline is evidenced by the extensive degradation of
farmland and forests in the research area, driven primarily by the expansion of construction
land. In the EPS, forestland, grassland, and waterbodies, as ecological units, are maximally
protected, resulting in a stable LULCC. The growth rate of construction land is limited,
and the increase of construction land area is the lowest. In the CDS, both ecological and
cultivated land are moderately protected. Transitions among various land-use types occur
at a slower pace than in the NDS. There is minimal loss of cultivated land, and changes in
the areas of construction land and ecological land are more balanced when compared to
the NDS and EPS scenarios. These scenarios illustrate the potential impacts of different
development policies on land-use patterns and underscore the importance of balancing
urban development with ecological preservation and sustainable land-use practices.

3.3.2. Carbon Storage Simulation (2020–2030)

Based on the land-use simulation results for 2030 and the InVEST model, carbon
storage projections for Shenzhen under different development scenarios have been derived
for that year. In terms of quantity, carbon storage in Shenzhen continues to exhibit a
decreasing trend across all three development scenarios from 2020 to 2030. The carbon
storage values are projected to be 656.16 × 104 t, 685.21 × 104 t, and 673.62 × 104 t under
the NDS, EPS, and CDS, respectively. Compared to 2020, carbon storage under the NDS
decreases the most in 2030, reaching 6.02%, followed by the CDS, decreasing by 3.52%.
In contrast, the EPS, which prioritizes the protection of ecological land, experiences the
smallest reduction in carbon storage at 1.86%.

The spatial distribution patterns of carbon storage under the three development
scenarios for 2030 are consistent with the distribution characteristics observed in 2020.
High-value areas are primarily located in regions with abundant ecological resources,
while low-value areas are predominantly situated in developed regions and areas with
high concentrations of waterbodies, and this observation is closely related to land cover
(Figure 9a). As illustrated in Figure 9b, the spatial variation of carbon storage in the study
area differs significantly across the three scenarios. Among the three development scenarios,
the NDS scenario exhibits the most pronounced land-use changes, leading to noticeable
fluctuations in carbon storage. Conversely, the EPS scenario imposes stringent restrictions
on land-use changes, resulting in more stable carbon storage levels. In the NDS scenario, the
substantial reduction in forestland carbon storage accounts for the greatest decline in overall
carbon storage. Reduction areas are widespread but primarily concentrated in the western
region, with scattered increases in carbon storage observed in the central, northeastern, and
northwestern regions. The EPS scenario, characterized by severe constraints on ecological
land conversion, results in the smallest decrease in overall carbon storage. In this scenario,
cultivated land experiences the most significant reduction in carbon storage, with the
decrease concentrated in the northwestern corner, where cultivated land is converted to
construction land and waterbodies. Areas of increased carbon storage are primarily found
in the western coastal region, where waterbodies are converted to construction land. The
CDS scenario shows a decline in carbon storage that is lower than in the NDS scenario but
higher than in the EPS scenario. With some protection for cultivated land, the decrease in
carbon storage for this land type is the smallest among the scenarios. Reduction areas are
mainly located in the northern region, while increases in carbon storage are limited to a
small area in the western coastal region. Across all development scenarios, the conversion of
cultivated land and forestland significantly contributes to carbon storage loss in the region.
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4. Discussion
4.1. LULCC Modeling Based on RF

In this study, we assessed potential changes in land use and carbon storage by 2030
under three development scenarios, utilizing a machine learning approach to develop
an RF–CA–Markov model. This innovative method enhances the precision of land-use
simulations. Our comparative analysis of the RF–CA–Markov and MCE–CA–Markov
models revealed that the accuracy of land-use simulations is significantly improved when
combining the RF algorithm with CA–Markov models, particularly for smaller and more
fragmented land-use types. As presented in Table 4 and Figure 10, our findings indicate
that the RF–CA–Markov model outperformed the MCE–CA–Markov model, achieving
a kappa coefficient and overall accuracy that are 0.1 and 6.28% higher, respectively. This
difference in accuracy is most pronounced for cultivated land, grassland, and waterbod-
ies. The RF–CA–Markov model demonstrated relatively low gaps in simulation accuracy
across various land-use types, with producer and user accuracies for cultivated land, grass-
land, and waterbodies exceeding 55.00%. In contrast, the overall simulation accuracy of
the MCE–CA–Markov model was lower, with only the producer accuracy for grassland
surpassing 50% among the three categories. This discrepancy can be attributed to the
predominance of forestland and construction land in Shenzhen, as they occupy a significant
area and exhibit a relatively concentrated distribution. In contrast, the shares of culti-
vated land, grassland, and waterbodies are minimal and dispersed, making it challenging
for linear regression methods to effectively capture the spatial distribution patterns of
these land uses. Low-precision land-use simulations can adversely impact urban plan-
ners’ decision-making, hindering rational future land-use planning. Therefore, future
research should prioritize the use of models with high simulation accuracy to ensure more
reliable outcomes.

Table 4. Results of validation of RF–CA–Markov and MCE–CA–Markov models.

RF-CA–Markov MCE-CA–Markov

Kappa 0.78 Kappa 0.68
Overall Accuracy 86.70% Overall Accuracy 80.42%
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Table 4. Cont.

RF-CA–Markov MCE-CA–Markov

Producer’s
Accuracy

Cultivated land 64.87%

Producer’s
Accuracy

Cultivated land 71.59%
Forestland 88.03% Forestland 86.24%
Grassland 56.46% Grassland 52.54%

Waterbodies 62.95% Waterbodies 38.40%
Construction land 91.49% Construction land 81.93%

User’s
Accuracy

Cultivated land 64.51%

User’s
Accuracy

Cultivated land 49.20%
Forestland 88.22% Forestland 82.04%
Grassland 55.62% Grassland 34.15%

Waterbodies 61.10% Waterbodies 48.60%
Construction land 91.68% Construction land 91.80%
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Figure 10. Comparison between the 2020 actual land use (a), 2020 simulated land use by RF-CA-
Markov (b), and 2020 simulated land use by MCE-CA-Markov (c). The RF-CA–Markov has a better
performance in regard to improving the accuracy of land-use simulations, especially for small and
scattered land-use types. (a1–c2) represent regions of detailed magnification.

4.2. Impacts of LULCC on Carbon Storage

According to our research, the two primary ways that the LULCC affects carbon
storage are through spatial layout and total quantity. First, we found that there is a strong
similarity between the spatial distribution of carbon storage and land-use in Shenzhen
during the period 2000–2020, with the majority regions of high carbon storage clustered
in the eastern region rich in vegetation resources. And the western region, which has an
abundance of waterbodies and development sites, is where the low carbon storage regions
are mostly found. The medium carbon storage regions coincided with distribution pattern
of cultivated land. Furthermore, significant changes in land-use types have resulted in
substantial fluctuations in carbon storage.

In exploring the impact of LULCC on carbon storage, the conclusions of this study
align with those found by other scholars. The findings indicate that the transition between
high-carbon-density land and low-carbon-density land is the primary driver of changes
in carbon storage. In particular, the transition from forestland to construction land has
shown that, in line with previous researchers’ findings, the major increases and decreases in
carbon storage originate from the shifts between land uses with strong and weak capacities
for storing carbon [55,56]. At the same time, we also found that, among the four types of
carbon pools, the soil carbon pool is the most important one, and the changes between
different land uses will lead to great fluctuations of the soil carbon pool. In the terrestrial
ecosystem, the capacity of the soil carbon pool can determine the size of total carbon
storage to the greatest extent [57]. In addition, when exploring the deeper driving factors
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of LULCC, compared to previous studies, we also found that construction land, grassland,
and waterbodies are greatly influenced by nighttime light data, indicating that these types
of land use are mainly affected by the level of socio-economic development and human-
activity interference. In contrast, cultivated land is mainly affected by the distance between
ancillary roads and nighttime lights, usually located in areas with larger distances. The
above two points prove that the main driving force of LULCC is socio-economic and
population factors [58]. While forestland is greatly influenced by natural factors such as
DEM and annual precipitation, which correlate closely with the high altitude, sufficient
sunlight, and high humidity of the forestland, this is beneficial to the photosynthetic carbon
fixation function of plants. However, this aspect is less frequently addressed in prior
studies [59,60].

How can we adjust the land-use structure to mitigate the decline of carbon storage
during future urban development? Our multi-scenario forecasting model reveals that the
conversion of cultivated land and forestland is a significant driver of carbon storage loss in
the region. The balance of land-use proportions among forestland, cultivated land, and
construction land directly affects total urban carbon storage (Figure 11). Under the three
development scenarios, carbon storage in construction land continues to increase due to
ongoing expansion; conversely, carbon storage in the other four land-use types shows a
declining trend, with the most substantial reductions observed in forestland and cultivated
land (Figure 11a). In the ecological protection scenario, stringent preservation of ecological
spaces results in the smallest loss of carbon storage. In contrast, the comprehensive
development scenario, which imposes only moderate conversion restrictions on forestland
and cultivated land, achieves a carbon storage level that is 17.46 × 104 t higher than in the
natural development scenario. This finding suggests that future development plans should
prioritize the maintenance of forest and cultivated land ecosystems while minimizing their
degradation due to construction land development to effectively mitigate carbon storage
loss. Figure 11b illustrates that, in all three development scenarios, forestland serves as the
core carbon reservoir, with its carbon storage proportion exceeding 70%, the highest among
land-use types. This is followed by construction land, cultivated land, grassland, and
waterbodies. Although construction land is not classified as a high-carbon-density land-use
type, its expansion, driven by urban development trends, remains a dominant factor.
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4.3. Policy Proposal

In this study, the unregulated expansion of construction land and its encroachment on
ecological land are identified as the primary causes of the rapid decline in urban carbon
storage. Consequently, we propose several policy recommendations aimed at maximizing
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the carbon sequestration benefits of Shenzhen, which can be optimized in the following
two aspects:

In terms of construction land management, firstly, it is essential to moderately control
the expansion rate of construction land and focus on refined management practices to
promote intensive development. Secondly, if development is necessary due to urban
strategic planning, more detailed carbon sequestration-capacity monitoring of land-use
types should be conducted, prioritizing the development on land spaces with relatively
weaker carbon sequestration capabilities. Lastly, the carbon sequestration potential of
construction land can be further explored by fully utilizing its three-dimensional spatial
potential. This includes employing building materials with enhanced carbon sequestration
properties and expanding areas of three-dimensional greening to improve the carbon
sequestration capacity of construction land, thereby bolstering the city’s future carbon
sequestration abilities.

Regarding the management of ecological land, firstly, it is essential to strengthen the
protection of high-density land-use types, such as forest land, cultivated land, and grass-
land. For instance, formulating forest-conservation plans is crucial. Given the significant
impact of human activities on grasslands and cultivated land, it is imperative to enhance
policies for the protection of cultivated land and promote ecological restoration projects for
grasslands to effectively mitigate adverse human interference. Secondly, the carbon seques-
tration functions of various ecosystems should be improved through scientific approaches.
Relevant studies have indicated that reasonable and effective farming practices can enhance
soil carbon storage in cultivated land [61]. Additionally, the carbon sequestration capacity
of forest land can be improved by optimizing tree species and age composition [59]. Lastly,
ecological networks and corridors should be established to connect isolated ecological
spaces, particularly to enhance the interconnectivity of small ecological spaces within
construction land. This approach ensures that the ecological land area does not decrease
but only increases, thereby comprehensively improving the spatial quality of ecological
land and enhancing its carbon storage function.

5. Conclusions

In order to combat global warming and achieve “carbon neutrality,” it is important to
study the evolutionary trends in carbon storage and the effect of land use on it. In this study,
we constructed a RF-CA–Markov model combined with the InVEST model to analyze the
spatio-temporal changes in land use and carbon storage in Shenzhen City from 2000 to
2020. We also explored how land use and carbon storage might change in accordance with
the NDS, EPS, and CDS for 2030. The study reveals the responsiveness of carbon storage to
changes in land use.

The results indicate that, over the past 20 years, significant changes in land use have
occurred, primarily characterized by the conversion of forestland to construction land.
Concurrently, carbon storage has exhibited a declining trend in quantity, attributed to
this conversion of forestland to construction land, particularly concentrated in regions
undergoing rapid urbanization. Multi-scenario simulations of land-use and carbon storage
in 2030 indicate that, with further urban land development, carbon storage will continue to
decline. However, enhanced protection of ecological land significantly mitigates the rate of
carbon storage decline. Finally, the study found that the RF-CA–Markov model, optimized
with random forest, effectively extracts rules governing land-use transitions with high
accuracy, thereby enhancing the simulation precision of land-use dynamics. Based on these
conclusions, it is evident that future planning and design should continuously strengthen
control over urban development expansion, enhancing land-use intensification, optimizing
the ecological security framework, and protecting the integrity of ecosystems. Ultimately,
this approach will fully leverage the role of high-quality forested areas as carbon sinks.
Moreover, the importance of driving factors calculated by the random forest algorithm
indicates a close correlation between the expansion of various land uses and the intensity of
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human activity. Therefore, in future planning, it is crucial to consider population dynamics
as a significant factor to incorporate into strategic planning and design.

This study acknowledges several limitations in data acquisition and model application.
First, while the InVEST model selected for this research is appropriate for the study area’s
scale and designed to estimate carbon storage based on large-scale land-use changes, it has
inherent limitations. The model simplifies the carbon cycle by assuming that carbon density
remains constant over time and does not account for variations in carbon sequestration
capacity among different vegetation types. Additionally, it overlooks key indicators critical
for carbon sequestration, such as photosynthetic rates and soil microbial activity. Second,
although the RF–CA–Markov is an improved land-use simulation model, it still fails to
capture the complexity of real-world LULCC, particularly the effects of hard-to-measure
policy factors, such as transportation, population dynamics, and development zone plan-
ning, which can directly influence assessments of carbon storage. In future studies, the
accuracy of carbon storage estimates could be enhanced by incorporating field research
data. To increase the scientific validity of land-use modeling and improve the precision
of carbon storage assessments, policy considerations such as transportation, population
dynamics, and development zone planning should be integrated into the driving factor
system. Although the models we used have certain limitations, we have noticed that other
scholars also employ similar methods. Our approach can still reveal the impact of land-use
changes on carbon storage [62–64].
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