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Abstract: Rapid economic growth and urbanization have significantly changed the land use distribu-
tion and landscape ecological structure, which has a profound impact on the natural environment. A
scientific grasp of the characteristics of land use distribution and its impact on landscape ecological
risk is a prerequisite for sustainable urban development. This study aimed to calibrate GlobalLand30
data using the normalized difference impervious surface index (NDISI) obtained from Landsat im-
ages, thereby providing a more precise foundation for land simulation. Additionally, it sought to
improve the accuracy of the patch-generating land use simulation (PLUS) through parameter sensi-
tivity analysis. Building upon this, the research also simulates future land use in Beijing. Lastly, this
study introduced an LER index to assess ecological risk in the current and future urban landscapes.
The results showed that the GlobalLand30 data were calibrated and PLUS model accuracy was
improved to more than 86%. The accuracy of the modified PLUS model based on a Morris sensitivity
analysis was increased, and the kappa coefficients were increased by approximately 3%. The results
of the multi-scenario simulation showed that under the SSP126-EP scenario, future land use in Beijing
could balance urban development and ecological protection, and thus would be more suitable for
sustainable development. In the other two scenarios, ecological land will be encroached by urban
development. From 2000 to 2020, the degree of LER was generally lower, moderate, or higher, and
the overall level of LER showed a downward trend continuing until 2100 in the SSP126-EG scenario.
Future land use simulations and LER assessment under multi-scenarios could help decision makers
develop multi-scale landscape protection strategies.

Keywords: GlobalLand30; land use simulation; landscape ecological risk; Morris sensitivity analysis;
multi-scenario; PLUS

1. Introduction

In the process of urbanization, the uncontrolled growth of cities has affected natural
areas, creating a situation of conflict between “the people and the land”. The rapid ex-
pansion of urban space poses a real and potential threat to rainwater runoff, as it not only
fundamentally alters regional substrate changes [1,2] but also exacerbates urban problems
such as farmland loss, habitat destruction, water resource scarcity, floods and global warm-
ing [3,4]. Understanding the complex interactions between urban expansion and land use
changes can clarify the connections between urbanization and land use [5,6]. Many studies
have shown that the natural and economic aspects of cities have significant impacts on
urban land use and land cover change (LUCC) processes [7,8], while LUCC is related to the
overall environment, water resources, and regional sustainable development [9]. There are
also many studies dedicated to investigating the subsequent impacts of LUCC changes in
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the context of urbanization, including environmental degradation [10], climate change [11],
urban heat islands [12,13], and food safety [14].

With the development of urbanization, LUCC simulation prediction has gradually
become a research focus. The Conversion of Land Use and its Effects at Small Regional
Extent (CLUE-S) model has been combined with the Analytic Hierarchy Process to optimize
land use and generate an acceptable and accurate land use classification tool [15]. Liu
et al. [16] proposed the Future Land Use Simulation (FLUS) model based on traditional
cellular automata (CA); the model has demonstrated higher simulation accuracy than
CLUE-S and Artificial Neural Network-Cellular Automata (ANN-CA) and has been widely
employed in land use pattern simulation research. Gong and Liu [17] studied the effects
of six land use policies on the environmental sustainability of the oasis landscape in the
Ganzhou region of Zhangye Oasis based on the FLUS model. Recently, the PLUS model
was proposed by Liang et al. [18] as a raster-based patch generation land use simulation
model. The PLUS model was proposed to address the limitations in both transformation
rule mining and landscape dynamic change simulation strategies of the existing CA model.

Ecological risk refers to the potential for adverse impacts on the sustainability and
stability of ecosystems caused by natural changes or human activities [19,20]. Landscape
ecological risk (LER) assessment, as one of the most important research topics in ecological
risk assessment, can reflect environmental issues caused by the interaction between nature
and human activities and effectively guide the management and optimization of regional
land use [21]. Ecological risk assessment of urban landscapes is currently carried out using
a variety of methods, including mathematical models [22], statistical analysis based on
indicators [23], and the use of tools such as remote sensing and GIS to obtain spatial data
on urban landscapes, including LUCC and vegetation condition, to achieve landscape
ecological risk assessment [24,25]. These approaches offer a comprehensive evaluation of
the potential adverse effects of human activities on land use composition, structure, and
function. Spatial visualization through fishing net construction on this basis can provide
a more accurate spatial representation [26–28]. LER assessment based on land cover can
reflect the negative impact of human activities on the interaction between the ecological
environment and landscape pattern, and it is an important branch of LER assessment [29].
With the rapid development of dynamic modeling of land use change, LER analysis based
on LUCC is gradually being applied [24]. The Markov-FLUS composite model was used to
predict land use change under different scenarios in the study area, on the basis of which
landscape ecological risk was assessed to help achieve regional ecological sustainability [30].
Ghosh et al. [31] applied Decision-Making Experimentation and Evaluation Laboratory
(DEMATEL) and Analytical Network Processes (ANP) and CA-Markov models to assess
urban ecological risks. The PLUS model combined with multiple linear regression and
Markov chain models is also frequently used to predict future urban landscape patterns
and assess LER [32–34].

Although there have been many researches on land use simulation based on the PLUS
model, there is a lack of research on model accuracy. By using the traditional land use pre-
diction model, the simulation results are not accurate. Therefore, this paper introduces the
GLC30 data correction and parameter sensitivity analysis method based on the NDISI to im-
prove the simulation accuracy of the PLUS model. The main purposes of the present study
encompass the following: (1) to calibrate GlobeLand30 data by using the NDISI to refine
the underlying data, thereby improving the PLUS simulations, (2) to determine the optimal
range of neighborhood weight parameters based on a Morris sensitivity analysis and fur-
ther determine the relevant parameters in order to modify the PLUS model, (3) to design
the three future development scenarios (SSP245-ND, SSP585-EG, and SSP126-EP) based on
the CMIP6 model and the experience of previous researchers and employ the PLUS model
to simulate the land use distribution pattern in Beijing under multiple future scenarios, and
(4) to construct the LER index and analyze the spatiotemporal characteristics of LERs in
the past 20 years and evaluate future trends. Quantitative simulations of urban landscape
ecology based on LUCC can provide suggestions for sustainable urban development.
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2. Study Area and Data
2.1. The Study Area

The study area was Beijing, the capital city of China (Figure 1). The past 20 years have
seen rapid urban development, and the area of developed land in Beijing has increased
from 1589.9 km2 in 2000 to 3475.5 km2 in 2020, gradually encroaching on the surrounding
ecologically valuable land. Beijing has a continental climate with four distinct seasons: hot
summers and cold winters. Located on the North China Plain, it is known for its gusty
winds, especially in winter, which can cause sandstorms. Beijing is relatively dry, with
limited rainfall and occasional droughts that affect the climate. The study area included all
16 districts and counties in Beijing distinguished according to the administrative divisions
in the statistical yearbook of the National Bureau of Statistics as the core function zone
(CFZ), the urban function extended zone (UFEZ), the new urban developed zone (NUDZ),
and the ecological conservation zone (ECZ) [35].
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Figure 1. Study area. Geographic location of Beijing, the division of the city and its four functional
districts.

2.2. Data

The ground cover data comprised a global 30 m ground cover dataset developed by
China and donated to the United Nations in 2020 (GlobeLand30 Datasets, including three
years, 2000, 2010, and 2020 (http://www.globallandcover.com/home.html?type=data,
accessed on 1 September 2022)). Population data were taken from UN-calibrated data
for 100 m countries. The data for the three years used in this study were resampled
to obtain 30 m population size data in units of people. GDP data were sourced from
the Natural Resources and Environment Center, Chinese Academy of Sciences (http://
www.resdc.cn/Default.aspx, accessed on 1 September 2022). The road network data were
from OpenStreetMap. Meteorological data were obtained from the China Meteorological
Network. DEM data were sourced from NASA SRTM 30 m elevation data.

The data of each index used for Beijing are shown in Table 1.

http://www.globallandcover.com/home.html?type=data
http://www.resdc.cn/Default.aspx
http://www.resdc.cn/Default.aspx
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Table 1. Details of all data types, including land use, climate environment, socio-economics
and constraints.

Type Data Resolution Meaning Data Source

Land use
Land use classification

data in 2000, 2010
and 2020

30 m
1 Cultivated land; 2 woodland;
3 grassland; 4 water bodies; 5
built-up land; 6 unused land

30 m Global land cover data
http://www.GlobalLandcover.com/,

accessed on 1 September 2022

Limiting factor
Fixed rivers, reservoirs,

lakes, and slopes greater
than 25◦ in the city

30 m The area is off limits
to development GlobeLand30 and ASTER GDEM v3

Climate and
environmental

data

Mean annual
precipitation (mm) 30 m

The average annual
precipitation at the location
corresponding to the pixel

Resources and Environmental Science
and Data Center, CAS [36]

http://www.resdc.cn/, accessed on 1
September 2022Mean annual

temperature (◦C) 30 m
The average annual

temperature at the location
corresponding to the pixel

Elevation (m) 30 m Topographic elevation
condition

ASTER GDEM v3
https://earthdata.nasa.gov/, accessed

on 1 September 2022Slope (◦) 30 m Topographic slope condition

Social economy
data

GDP (10,000 yuan/km2) 30 m The GDP value of each pixel
location

Resources and Environmental Science
and Data Center, CAS [37]

http://www.resdc.cn/, accessed on 1
September 2022

The number of
people/persons 30 m The number of people in each

pixel’s location

WorldPop
https://www.worldpop.org/,
accessed on 1 September 2022

The distance to the main
road (m), the primary road

(m), the secondary road
(m), the tertiary road (m),
the motorway road (m)

and the rail road (m)

30 m
The nearest Euclidean distance

from the pixel geometric
center to the road

OpenStreetMap
https://www.openstreetmap.org/,

accessed on 1 September 2022

3. Methodology

Figure 2 shows the workflow of this study. Firstly, the GLC30 land use data were
calibrated based on the NDISI. Secondly, the optimal neighborhood weight parameters are
determined by Morris sensitivity analysis and the accuracy is verified based on the actual
land use. On this basis, the PLUS model and scenario design are used to predict future
land use distribution under multiple scenarios. Finally, the LER index was constructed to
analyze the landscape ecological risk in the recent 20 years and future multi-scenarios.
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3.1. The Modified PLUS Model
3.1.1. The PLUS Model

The PLUS model is a raster-based patch generation land use simulation model that
uses a CA with random seeds to simulate the generation of new land use patches by
obtaining the relationship between land use type change and driving factors and mining
land use type change rules [18]. In this study, remote sensing data of land use in China
are used as the main data, and climate and environmental data, socio-economic data and
constraints are input into the PLUS model as driver data. The model consists of two
modules: the land expansion analysis strategy (LEAS) and the CA model based on multi-
type random patch seeds (CARS). The LEAS works by extracting the fraction of each type of
site expansion between the two land use changes and sampling from the increased fraction.
The random forest classification (RFC) algorithm is used to mine the driving factors of
various land uses individually to obtain the development probability of each type of land
use and the contributions of such drivers to land expansion in this period [18]. The RFC
algorithm extracts random samples from the original dataset and finally determines the Pd

i,k
that appears in the ith cell of the kth land use type. The probability is expressed as follows:

Pd
i,k(x) =

∑M
n=1 I = [hn(x) = d]

M
, (1)

where d takes the value of 0 or 1. If d = 1, this means that there are other land use types
transformed into k land use types; if d = 0, this means that the land use type can be
transformed into other land use types, except k. The term x is a vector consisting of several
driving factors. Function I is the indicator function of the set of decision trees; hn(x)
is the prediction type of the nth decision tree of vector x, and M is the total number of
decision trees.

The CARS module is a scenario-driven land use simulation model that combines
“top-down” (land use demand) and “bottom-up” (land use competition) effects. In the
simulation process, land use demand influences local land use competition through an
adaptive coefficient that drives the amount of land use to reach future demand. To predict
the patch evolution under different land use scenarios, the PLUS model employs a random
seed generation mechanism based on a decreasing threshold for multiple classes of patches.
Using the Monte Carlo method, when the neighborhood effect of land use k is zero, the
probability surface OP1,t

i,k for each land use type is as follows:

OP1,t
i,k =

{
Pi

i,k × (r× µk)× Dt
k i f Ωt

i,k = 0 and r < Pi
i,k

Pi
i,k ×Ωt

i,k × Dt
k all others

, (2)

where r is a random value in the range of 0–1, µk is the threshold value for generating new
land use patches, Dt

k is an adaptive inertia coefficient indicating the effect of future land use
demand on site type k, and Ωt

i,k indicates the proportion of site type k in the neighborhood
image element. If the new land type wins in a round of competition, a threshold decreasing
operation is required for its result. The number of regression trees for the specific variable
setting of the PLUS model was 50, and the sampling rate was taken as 0.01.

3.1.2. The Modified PLUS Model by Parameter Sensitivity Analysis

The neighborhood factor weight in the PLUS model is an important parameter af-
fecting the PLUS simulation, and its value ranges from 0 to 1. Compared with using land
expansion capacity to represent neighborhood weights [38], the introduction of a paramet-
ric sensitivity analysis [39] to determine the range of weight parameters and then further
debug can effectively improve the simulation accuracy. Parameter sensitivity analysis
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is a standard method for uncertainty analysis in remote sensing and in ecological and
hydrological modeling [40]. Morris’ calculation formula is as follows:

S = ∑n
i=1

Yi+1−Yi
Y0

(Pi+1 − Pi)
/n, (3)

where S is the sensitivity discriminant; Y0 is the accuracy verification result when the
parameter is at the initial value; Yi is the accuracy check result of the ith simulation; Yi+1
is the accuracy check result of the i + 1th simulation; Pi is the relative percentage change
in the parameter values involved in the calculation at the ith simulation compared with
the initial value; Pi+1 is the relative percentage change in the parameter values involved
in the calculation at the i + 1th simulation compared with the initial value. Based on the
Morris screening method to rank the sensitivity of each land type according to |S| values,
the disturbance range in this study was ±100% by perturbing the parameters of cultivated
land, woodland, grassland, water bodies, built-up land, and unused land with a step size
of 20%. Since the range of neighborhood weights for each land use type is [0,1], their initial
values were all taken as the same value of 0.5. Referring to previous studies [18,38,41],
we determined the range of neighborhood weights for each type of land use: [0.7–0.8] for
cultivated land, [0.2–0.3] for woodland, [0.5–0.6] for grassland, [0.2–0.3] for water bodies,
[0.9–1.0] for built-up land, and [0.1–0.2] for unused land. Parameter debugging tests were
conducted, and the parameter with the highest simulation accuracy was finally determined
as the model neighborhood weight value.

3.1.3. Model Validation

In order to effectively simulate future land use, we used the kappa coefficient [34]
and FoM values [42] to verify the applicability of the PLUS model. The kappa coefficient
is the most commonly used way to test the accuracy of the image classification, and the
consistency test is performed by calculating the confusion matrix. Assuming that the image
element is and the total observation value of the image element in the confusion matrix is
p, the kappa coefficient formula is as follows:

kappa =
Pa − Pb
Pc − Pb

, (4)

where Pa is the proportion of correct simulations and Pb is the expected proportion of
predicted simulations. Pc is the ideal simulation value, generally defined as 1. A result
value of 1 indicates complete consistency in land use between the two periods; a value
greater than 0.75 indicates a high degree of consistency between the resultant maps and the
ground reference information; a value of 0.4 < K < 0.75 indicates moderate consistency, and
a value of less than 0.4 indicates very poor consistency.

FoM quantitatively tests the accuracy of simulation at the cellular scale, and assesses
the accuracy of the simulation results by judging the results of the ratio between the
intersection of the actual land use change and the predicted change and the concatenation
of the two, with a range of values, with larger FoM values indicating higher accuracy, but
practical tests have found that most of the results are within 0.3 [43]. The expression is
given below:

FoM =
B

A + B + C + D
, (5)

where A is the error region where the actual change is unchanged but the simulation is
unchanged; B is the region where the actual change is changed and the simulation is also
changed; C is the region where the direction of the actual change and the simulation change
do not coincide; and D is the error region where the actual change is unchanged but the
simulation is changed.
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3.2. GlobalLand30 Data Calibration

At the global scale, GlobalLand30 data have an overall accuracy of over 80% [44].
However, at the urban scale, a decline in accuracy occurs due to individual extraction with
different reclassification schemes [45]. To improve the classification accuracy, especially
for impervious surfaces, this study calculated an impervious surface index for Beijing
and determined the appropriate threshold value by combining these indices with remote
sensing images to obtain the NDISI index of impervious surface with high accuracy at the
urban scale [46,47]. Using Landsat images of 2010 and 2020 as data sources, the spectral
index method was employed for NDISI index calculation and threshold determination to
extract impervious surface information in the study area using the following equations:

NDISI =
TIR− MNDWI + NIR + MIR1

3

TIR + MNDWI + NIR + MIR1
3

, (6)

where NDISI is the normalized differential impervious surface index; NIR, MIR1, and TIR
are the reflectance values in the near-infrared, mid-infrared, and thermal infrared bands of
the remotely sensed images, respectively. MNDWI is the modified normalized water body
index. We first determined if there were values for NDISI and GlobalLand30 land use. If
there was a value, the calibrated result was a water body when the GlobalLand30 image
was a water body; otherwise, the result was the NDISI value. If there was no value, the
calibrated result image was the GlobalLand30 value.

3.3. Land Use Prediction and Multi-Scenario Design

The Markov prediction model uses a Markov chain to analyze the occurrence and
the probability of a transfer [48] and to predict future trends based on the probability
values. Simulation of the process predicts the probability of geographical events with the
characteristic of no posteriority. Assuming that there are n possible outcomes for a certain
event corresponding to states E1, E2,. . .En, and the probability of state transfer from state
Ei to state Ej is Pij, the simulated prediction formula for land use change is as follows:

S(t+1) = Pij·S(t)

{
0 ≤ Pij ≤ 1 i, j is any number of 1, 2, . . . , n
∑n

j=1 Pij = 1 i, j is any number of 1, 2, . . . , n , (7)

where S(t) denotes a certain land use type in the image element at epoch t; S(t+1) denotes
the land use type of the image element at epoch t + 1; and Pij is the state transfer probability
matrix of different land use types.

The Coupled Model Intercomparison Project (CMIP6) has proposed a series of sce-
narios for climate model simulations to study the impacts under different climate change
conditions. SSP1 to SSP5 represent five pathways for sustainable development, moderate
development, regional development, uneven development, and conventional development,
respectively [49]. In the land use projections, three land development simulation scenarios
were designed by combining future development patterns with typical SSP scenarios under
CMIP6 [38,50,51]: SSP5-8.5 with an economic growth scenario (SSP585EG), SSP1-2.6 with
an ecological protection scenario (SSP126EP), and SSP2-4.5 with a natural development
scenario (SSP245ND).

The SSP245ND scenario embraces a track where historical development patterns
serve as a basis for projecting future socio-economic development, while simultaneously
maintaining the existing trend in land use. On the other hand, the SSP585EG presents
a high-speed development model taking into account the economic cost associated with
extensive use of fossil fuels. This study augmented the transfer probability of cultivated
land, woodland, and grassland to built-up land by 20% to maximize economic gains.
In sharp contrast, SSP126EP embodies a vision of green and sustainable development,
with a sharp focus on ecological preservation. It deliberately curtails the expansion of
built-up land by significantly reducing the transfer probability of cultivated land and
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woodland to impervious surfaces by 50%, along with a 30% reduction in the conversion
probability of grassland and water bodies to built-up land, all encapsulated within the
transfer probability matrix.

3.4. The Landscape Ecological Risk Index

Based on the area proportion of land use types and the landscape loss index Ri, this
study constructed a LER index [52]. The formula is as follows:

LERi = ∑N
i=1

Aki
Ak

√
Ri, (8)

where LERi is the LER index of LER assessment unit i; Aki is the area of landscape type
i within the ki sample unit; Ak is the area of the kth sample unit; Ri is the landscape loss
index of landscape type i, which is determined by the landscape disturbance index Ei and
the vulnerability index Fi of each landscape type. The calculation formula is as follows:

Ri = Ei × Fi, (9)

Ei = aCi + bNi + cDi, (10)

where Ei is the landscape disturbance index calculated by the landscape fragmentation
degree Ci, the landscape separation degree Ni, and the landscape advantage Di construction,
where a, b, and c are the weights of the corresponding landscape indices, and a + b + c = 1.
Based on existing research results and actual situations [27,53], the values were assigned
as 0.5, 0.3, and 0.2, respectively. Fi is the landscape vulnerability index; based on existing
research results [26], this study assigned values to six types of landscapes using an expert
scoring method, i.e., assigning values 6, 5, 4, 3, 2, and 1 to unused land, water bodies,
cultivated land, grassland, woodland, and built-up land, respectively. Finally, the indices
were obtained through normalization as 0.29, 0.24, 0.19, 0.14, 0.10, and 0.05. The natural
breakpoint method was used to divide the LER index values of risk areas. To better identify
the ecological risk changes in the landscape and to uniformly evaluate the ecological risks
for different periods, the data for other periods were classified into five levels using the
2020 classification interval: lowest level (ERI ≤ 0.018), lower level (0.018 < ERI ≤ 0.024),
moderate level (0.024 < ERI ≤ 0.029), higher level (0.029 < ERI ≤ 0.035), and highest
level (ERI > 0.035). To explore the spatiotemporal distribution characteristics of LERs in
Beijing, we employed the ArcGIS10.2 fishing net tool to construct a land use data grid of
2 km× 2 km divided into 4367 evaluation units. We calculated the LER index values for
each evaluation unit using Fragstats4.2 and then performed a visual analysis.

4. Results
4.1. Calibrated GLC30 Data for PLUS Simulation

Figure 3 shows the land use of Beijing before and after calibration for 2000, 2010, and
2020. The trend of built-up land expansion in Beijing over the past 20 years is extremely
clear, with growth expanding from the suburban areas of Chaoyang and Haidian into
Tongzhou, Changping, and other distant suburban districts and counties. The junction area
between Chaoyang District and Tongzhou District were largely scattered and independent.
The calibrated results showed that independent township residential areas had higher
connectivity, and some small and previously unrecognized impervious surfaces were
identified. In the time series, the key areas were still dominated by scattered settlements
in 2000, and the urbanization process had not yet advanced to these locations. By 2020,
15.82% of the cultivated land was transformed into built-up land, and southeast Beijing
was highly urbanized.
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Table 2 presents the results of PLUS simulation accuracy validation before and after
calibration of GLC30 data in 2010 and 2020. The overall accuracy of simulations without
calibration were 0.814 and 0.825 in two terms, respectively. After calibration based on the
NDISI, the overall accuracy of the simulations increased to more than 0.86 in 2010, with an
improvement of approximately 4%. The increase in accuracy indicated that the calibration
of GLC30 data by the NDISI improved the PLUS simulation.

Table 2. Comparison of overall accuracy, kappa coefficient and FoM value before and after land use
data calibration.

Type Year Overall Kappa FoM

GLC30
2010 0.814 0.782 0.153
2020 0.825 0.751 0.179

GLC30-NDISI
2010 0.86 0.797 0.155
2020 0.862 0.8 0.18

Figure 4 shows the land use changes in the four functional zones in Beijing during
the past 20 years. Cultivated land was mostly in the NUDZ and ECZ areas that have
experienced a significant decrease in the last 20 years, totaling 2022.09 km2. Notably,
only 0.001% of the cultivated land in CFZ would remain by 2020. In 2020, woodland
accounted for 62.9% of the total area in the ECZ, presenting an increase of 2.2% from 2000
to 2020 due to the successful implementation of afforestation policies in this ecological
conservation zone. Grassland was concentrated in the ECZ region as well as woodland,
and the grassland in the region decreased by 3.72% between 2000 and 2020, becoming
transformed into woodland and built-up land. The built-up land showed a significant
growth trend and was distributed in all functional zones, with the most dramatic increase
in the NUDZ with a growth rate of 152%. By 2020, the proportion of built-up land in
the CFZ reached 94% with rapid urbanization and construction. Most water bodies were
distributed in the ECZ, representing 3.03% of the regional area in 2000, and this declined
to 1.97% in 2020. Unused land was largely distributed in the ECZ and NUDZ regions,
comprising 0.02% of Beijing’s total area in 2020.
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Figure 4. Presentation of land use data by functional areas, 2000–2020: analyses based on the
calibrated NDISI.

4.2. Simulation after Modifying the PLUS Model

Figure 5 shows the simulation of 12 parameter combinations in 2020, the ranges of
which were determined by the Morris screening method. By tuning the simulation with
different parameter combinations in the above ranges, it was found that the best simula-
tion results were achieved at 0.7, 0.3, 0.5, 0.2, 1.0, and 0.2 for cultivated land, woodland,
grassland, water bodies, built-up land, and unused land, respectively, at which the overall
accuracy reached 87.6% with a kappa coefficient of 0.812. The rest of the parameter combi-
nations were simulated with the overall accuracies floating in the range of 0.86–0.87, and
the kappa coefficients were fluctuating between 0.195 and 0.21. kappa coefficient fluctuates
between 0.195 and 0.21.
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Table 3 shows the comparison of the accuracy between the two simulation approaches.
In this study, the parameters were first set according to the historical scenario; the kappa
coefficients were calculated to be 0.797 and 0.8 for 2010 and 2020, and the FoM values were
0.155 and 0.18. Subsequently, the modified model was validated and the overall accuracy
was found to be the lowest at 0.867; the kappa coefficients were 0.826 and 0.814 for 2010
and 2020, and the lowest FoM value was 0.21. The comparison in the table shows that
the kappa coefficient was improved by 2.9% and 1.4% after correction and the FoM value
was improved by more than 3%. This demonstrated that determining the weights based
on Morris sensitivity analysis parameters can effectively improve the accuracy of PLUS
simulation. The high-accuracy simulation results were visualized to obtain the validation
comparison graph shown in Figure 6. Comparing the results of real and simulated sites in
the two phases, the simulated results did not show substantial fluctuations with the actual
status, and the land use structure was relatively stable. Specifically, the simulation accuracy
of built-up land and water bodies was low, while the simulation results of woodland and
grassland were better.
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Table 3. Comparison of overall accuracy, kappa coefficient and FoM value before and after Morris
parameter calibration.

Type Year Overall Kappa FoM

Traditional
2010 0.86 0.797 0.155
2020 0.862 0.8 0.18

After correction
2010 0.867 0.826 0.224
2020 0.876 0.814 0.21
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4.3. Land Use Simulation and Prediction under Multiple Scenarios

Figure 7 shows the contributions of 12 driving factors to the development of each type
of land use were obtained from the analysis of LEAS. As shown in the figure, rainfall, DEM,
and population have a significant influence on the distribution of water bodies, with the
factor for rainfall reaching 23.79%. DEM, rainfall, and temperature are the strongest factors
for cultivated land, at 11.28%, 9.92%, and 19.28%, respectively. The development of built-up
land is primarily influenced by population, GDP, and DEM, with an influencing factor of
approximately 14%. In addition, other driving factors such as rainfall, temperature, and
distance have a more balanced effect on various land use types.
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Future land use demand in Beijing for 2040–2100 under the SSP245-ND, SSP585-EG,
and SSP126-EP scenarios was predicted using CMIP6 and the Markov chain method in the
PLUS model (Figure 8). There were significant differences in the quantity of each land type
under the three scenarios. In the SSP245-ND scenario, the area of built-up land increases
rapidly and the cultivated land decreases accordingly. The area of built-up land increases
from 3475.47 km2 to 5679.69 km2 during 2020–2100, and the new area accounts for 92.44%
of the loss of cultivated land, indicating that the vast majority of the loss of cultivated
land is due to occupation by built-up land. In the SSP585-EG scenario, the percentage of
built-up land changes most dramatically, reaching 86.8%. In contrast, the cultivated land
area decreases by 66.42%, woodland by 7.1%, and grassland by 5.8%. Due to the limitations
of undevelopable water bodies and ecological replenishment, the area of water bodies has
also been greatly improved, increasing by 70.59% and enhancing the landscape pattern
of the city. Under the SSP126-EP scenario, the amount of cultivated land would have the
lowest reduction rate compared to other scenarios due to the weakening of the conversion
efficiency of cultivated land and woodland to built-up land. Compared with the SSP585-EG
in the same period, 776.76 km2 more cultivated land can be retained, and the rate of loss is
slowed by 38.7%. Only SSP126-EP among the three scenarios can ensure that the proportion
of basic farmland is sufficient and would not be encroached upon, while woodland and
grassland increase slowly, by 2% and 6.9%, respectively.
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by Markov.

Figure 9 shows the spatial distribution of land use under multiple scenarios. Under
the SSP245-ND scenario, the built-up land increases rapidly, concentrating in the central
and southeastern parts of Beijing, and extending from the CFZ and UFWZ to the NUDZ.
Woodlands, grasslands, and water bodies increase slightly, with woodlands and grass-
lands concentrated in the northwest, southwest, and northeast of the ECZ. Cultivated
land shows a significant decrease and is constantly being encroached upon by built-up
land. The SSP585-EG scenario shows a greater increase in built-up land and a significant
increase in the distribution density of NUDZ, which basically coincides with the overall
development direction of Beijing spreading from urban areas to the surrounding areas. In
the SSP126-EP scenario, the rate of invasion by built-up land decreases. Ecological lands
such as woodlands and grasslands show an increasing trend since woodlands are located
in the mountainous areas in the west and northeast and thus are not susceptible to human
activities. In addition, the development of areas with slopes greater than 25◦ is restricted,
and there is the potential for afforestation. Water bodies also increase rapidly and thus
have a significant effect on the enhancement of Beijing’s landscape.
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4.4. Spatiotemporal Distribution Characteristics of Landscape Ecological Risks

From 2000 to 2020, the overall LER in Beijing was generally at a lower, moderate, or
higher level, accounting for over 70% of the total area (Figure 10). The average LER indices
for 2000, 2010 and 2020 were 0.0263, 0.0260, and 0.0258, respectively, indicating a downward
trend. The areas of moderate level and below were largely distributed in the central plain
and western mountain areas. The central plain is a concentrated area of built-up land,
and urban development in this region is stable and not easily affected. The main types
of land use in the western mountainous areas are woodland and grassland, types that
are less affected by human activities and that are relatively stable, and thus, the degree of
landscape fragmentation is lower. In the past 20 years, there has been an upward trend in
the area of lowest level, with the proportion increasing from 6.8% in 2000 to 11.47% in 2020.
The increase in area is primarily in urban functional extended zones and in some newly
developed urban areas. The areas of higher and highest levels were concentrated in the
north and southwest, with a wide area of cultivated land and water bodies within the region
and weak stability. Most are located at the edges of urban development and are highly
vulnerable to human activities. Between 2000 and 2020, the area of highest LER decreased
by 53.08%. This is because with the continuous development of the economy, built-up land
has significantly increased, constantly encroaching on cultivated land and developing from
a disordered state to an ordered state, resulting in a significant improvement in the stability
of the system in the central plain area.

The spatial distribution pattern of LER under the SSP126-EP was consistent with
that from 2000 to 2020, and the LER was still dominated by lower, moderate, and higher
levels (Figure 11 and Table 4). Compared with 2020, the area of lower and moderate levels
increases by 23.35% and 10.45%, respectively, by 2100. The increased area is concentrated
in the urban function extended zone that is dominated by built-up land. The land use
development is more planned, and because the ecological protection scenario restrains
the expansion of built-up land, this slows the increase in landscape fragmentation and
separation in the urban fringe areas and thus enhances landscape stability. The areas of the
highest level decrease most significantly, by 32.79% by 2100. The distribution pattern of
ecological risk areas is changed under the SSP245-ND and the SSP585-EG scenarios, with
the lowest, lower, and moderate levels dominating overall. Under these scenarios, land
use changes are dominated by the expansion of built-up land, resulting in a significant
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reduction in the areas of the highest level. Compared with 2020, the area of the highest level
under the SSP245-ND and the SSP585-EG scenarios decreases by 60.83% and 67.03% by
2100, respectively, with the reduction concentrated in the new urban developed zone on the
central plain, the main construction land for future urban expansion in Beijing. In addition,
under the SSP585-EG scenario, the area of the lowest level is the largest, increasing by 165%
compared to 2020. Under this scenario, economic development is vigorously pursued,
with the resulting loss of ecological land. The area of urban construction land increases
and evolves from a disorderly state to an orderly state after several decades, so that the
stability of the system gradually improves; the land in the central and southeastern regions
develops regional stability, and ecological risk is greatly reduced.
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Table 4. Area statistics for the five standard risk levels under multiple scenarios.

Category 2020
2040 2060 2080 2100

EG EP ND EG EP ND EG EP ND EG EP ND

Lowest 11.47 11.77 11.47 11.58 19.96 11.63 14.95 25.82 12.34 25.87 30.49 14.15 21.41
Lower 31.98 30.06 31.94 30.22 34.82 29.62 33.26 34.78 29.97 34.80 33.42 31.09 36.22

Moderate 23.21 24.40 22.99 24.20 24.08 24.38 24.89 21.93 25.11 21.82 20.26 25.64 23.28
Higher 20.76 21.36 20.81 21.22 15.73 21.50 19.37 12.91 21.29 12.96 11.68 20.67 14.17
Highest 12.57 12.41 12.80 12.77 5.40 12.87 7.53 4.56 11.29 4.56 4.14 8.45 4.92

5. Discussion
5.1. Comparison of Driver Contributions

Our study identified population, DEM, GDP, slope, rainfall, temperature and distance
to roads at all levels as drivers to be analyzed. A large number of studies have highlighted
that the human activities had the dominant driving role in land use changes, while built-up
land was influenced by population, terrain (DEM), and climate (precipitation) [54–56],
which is consistent with our study. However, a study showed that population and GDP
have little effect on land use change in arid Africa [57].

To verify the impact of the driving factors on the study area, six factors (population,
GDP, DEM, rainfall, temperature, and Euclidean distance to the highway) with the greatest
impact on land development were selected for simulation and comparison based on the
contribution values from 2000 to 2020. The simulation results showed that the overall
accuracy was reduced by 0.9% and 0.7% when the six typical factors are used compared
with the twelve factors; the kappa coefficient was reduced by only 0.1%, and the FoM
value was also reduced by approximately 0.7%. Compared with the simulation using
12 driving factors, the overall accuracy has only slightly decreased. This indicates that
when coupling the PLUS model simulation based on the GLC30 calibrated data and the
sensitivity analysis method, selecting some of the drivers with larger contributions can
achieve better land use simulation. When simulating land use in a large study area such as
when He [58] studied the loss of natural habitats and endangered species caused by global
urban expansion, efficiency can be improved by conducting land use simulations after
the screening of driving factors. When the study area is large, the factors must meet the
requirements of accessibility, spatial difference, consistency, correlation, and quantification.
Selecting typical factors can rapidly achieve data preparation. In the PLUS model, the LEAS
uses an RFC algorithm to explore the relationship between the growth of various land
use types and multiple factors [18]. When using typical factor calculations, the algorithm
traversal time is reduced, and the simulation efficiency is improved.

5.2. Strengths and Limitations

The PLUS model has been demonstrated to be an efficient model that provides more
accurate simulation results [18]. In general, land use dynamics are complex and variable.
Therefore, it is difficult for any simulation model to fully describe land use change [59–61].
The PLUS model’s mining framework of land use extension and conversion rules has
temporal properties that can simulate the evolution of land use types and portray land
change over specific time intervals. Compared to other models, it can also identify the
driving factors of land expansion and predict landscape dynamics at the local level and
can be coupled with multi-objective optimization algorithms [62]. The simulation results
can better support planning policies to achieve sustainable development [63]. Under the
SSP245-ND scenario, future land use maintains the current trend, resulting in continued
urban expansion, increased competition with other land use types, and increased threat to
woodland and water bodies. Under the SSP585-EG scenario, the growth rate of built-up
land is as high as 83.92% due to socio-economic factors. This is the same trend as observed in
the study by Wu et al. [38]. However, large-scale resource extraction and unrestricted built-
up land expansion both accelerate the encroachment upon ecological land, thus increasing
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LERs. The SSP126-EP scenario improves socio-economic development and reduces the
level of social inequality. In the current era of rapid growth of built-up land and prominent
conflict between protecting cultivated land and securing development, it is necessary to
balance the relationship between cultivated land protection and urban construction. The
development of urbanization is carried out under the premise of ecological protection to
reduce the LERs and achieve green sustainability.

The choice of the model driving factors and parameter settings is the main aspect that
determines the simulation accuracy. In this study, the driving factors of PLUS simulations
covered as many demographic, socio-economic, and climatic factors as possible, but there
are still some factors that have not been fully considered. For example, in the future,
the choice could be made toward more relevant changes in housing prices or distance to
hospitals and schools. In addition, a parametric sensitivity analysis can effectively improve
model simulation accuracy. Urban expansion is a very complex process that is not a simple
linear relationship between population, economy, and urban land area [64]. The parameter
values of any land use simulation model often require estimation for different application
scenarios, and parameter variation can cause uncertainty in simulation results [65]. Param-
eter sensitivity analysis is an important step to improve model understanding and use [66],
and its use in PLUS model simulations along with GLC30 calibrated data effectively im-
proves simulation accuracy. Although the coupled model has not yet matured, it can still
play a role in the development of land use simulation.

Land use change has been shown to be closely related to ecological risk [67], thus
facilitating the analysis of the spatiotemporal distribution characteristics of LERs based on
the relationship between LUCC and LER. The LER index is determined by the composition
of landscape types and their vulnerability [26,68], and thus, different risk area changes with
land use change. From a temporal perspective, the ecological risk of the landscape was
generally lower, moderate, or higher during the period 2000–2020. With rapid economic
development, urban construction encroaches on a large amount of cultivated land; develop-
ment changes from disordered to ordered, and the system becomes more stable, making the
overall LER show a decreasing trend. There is a continuous decreasing trend from 2040 to
2100, especially under SSP245-ND, where the lowest LER area reaches the maximum. From
the spatial perspective, urban expansion and increased land fragmentation have become
the main driving factors of higher LER values [69]. The LER in this study is lower in the
central plain and the mountainous areas in the west and north, while the value is higher at
the junction of the plain and mountainous areas. This is due to the fact that the junction
comprises the edges of towns and cultivated land, and the continuous encroachment on
cultivated land with the expansion of built-up land has resulted in a highly unstable system
in the area.

The PLUS model coupled with LER index methods used in this study is not only
applicable to the current study, but can also provide useful references for research in other
fields, like GIS, remote sensing data processing, model improvement, land use change and
ecological risk assessment to provide scientific support for decision making and have a
wide range of potential applications.

6. Conclusions

This study considered Beijing as the research object, calibrated the GLC30 data based
on the NDISI, modified the PLUS model by the Morris sensitivity analysis, and simulated
the urban land use distribution of Beijing for 2040, 2060, 2080, and 2100. The LER index
was established to assess the spatiotemporal characteristics of LERs in the past 20 years
and to evaluate future trends. The results indicated the following.

(1) The impervious surface correction of GLC30 based on the NDISI significantly im-
proved the connectivity of independent township settlements. The calibrated simula-
tion accuracy was enhanced to greater than 0.86 based on PLUS simulation.
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(2) The modified PLUS model by the sensitivity analysis increased the kappa coefficient
and the FoM value by more than 1.4% and 3%, respectively, and the overall accuracy
reached 87.6%, effectively improving the accuracy of the PLUS simulation.

(3) Based on the modified PLUS model simulation, the cultivated land in three scenarios
showed a significant reduction trend, decreasing by 61%, 66.42%, and 45.5%, while
the built-up land increased by 63.42%, 86.79%, and 38.9%. Only under the SSP126-EP
scenario can both urban construction and the protection of cultivated land be possible.

(4) According to the LER index analysis, the LER in the past 20 years has been mainly
lower, moderate, or higher, and the overall level of LER has shown a downward trend.
However, under SSP245-ND and SSP585-EG, the overall ecological risk shows the
lowest, lower, and moderate levels.

Future ecological risk assessments of urban landscapes will need to focus more on
sustainable development and ecological conservation. Governments and policy makers
can take measures to plan urban land use to minimize impacts on the natural environment,
such as establishing ecological reserves, improving land use efficiency and improving
urban planning to mitigate ecological risks.
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