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Abstract: The preservation of biodiversity is crucial for maintaining ecological balance and promoting
the harmonious development of mankind and nature. To formulate a biodiversity conservation
plan for Guilin in China and accurately evaluate the impact of conservation measures on regional
biodiversity, this study combined the InVEST model (v 3.7.0), the GeoSOS-FLUS model (v 2.3), and
the landscape pattern index, analyzing the spatiotemporal changes in biodiversity from 2000 to 2020
in Guilin and simulating biodiversity under different development scenarios in 2040. The results
showed the following: (1) The biodiversity index in Guilin displayed a declining trend, with the
average annual value decreasing from 0.875 in 2000 to 0.870 in 2020. The area experiencing a reduction
in biodiversity was primarily concentrated around the city. (2) The biodiversity level of each district
and county had a large spatiotemporal difference, with the overall distribution characteristics of
“higher in the northwest, southwest, and east, and lower in the northeast, southeast and central”.
(3) The biodiversity hotspots were identified as priority areas for conservation; woodland and
wetland were effectively protected, and the expansion of construction land and arable land was
limited under the ecological protection scenario compared with the natural development scenario.
(4) The annual average value of the biodiversity index of Guilin could reach 0.872 in 2040 after the
adoption of ecological conservation measures, which is 0.013 higher than the natural development
scenario. The results of this study can provide guidance for the construction of a national sustainable
development model city and land use planning in Guilin, as well as a scientific reference for the
creation of biodiversity conservation policies.

Keywords: biodiversity; InVEST model; GeoSOS-FLUS model; hotspots analysis; Guilin city

1. Introduction

Biodiversity is an umbrella term for all living organisms and the environment in which
they live, serving as the foundational basis and essential guarantee for human survival and
development [1,2]. Despite the increasing efforts in global biodiversity conservation in re-
cent decades, the world continues to face significant challenges due to ongoing biodiversity
loss. This is exacerbated by factors such as global climate change [3], environmental pollu-
tion [4], invasive species [5], and the intensification of human activities [6]. Consequently,
the quantitative assessment of regional biodiversity status and the formulation of rational
and effective conservation measures have become central concerns for both governments
and scholars.

The proxy indicator assessment method is a commonly used method to measure the
status of regional biodiversity, which quantifies and visualizes the results of biodiversity
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assessments using data such as remotely sensed imagery [7]. Currently, scholars have con-
ducted extensive studies employing the proxy indicator assessment method to investigate
the spatiotemporal changes and influencing mechanisms of biodiversity across various
scales [8–11]. However, the studies that have been carried out have focused on analyzing the
current status of biodiversity, and few scholars have formulated site-specific measures for
biodiversity conservation and testing in response to study findings. Land use/cover (LUC)
change has long been widely recognized by the academic community as a major influence
on biodiversity change [12,13]. Various intensities and types of LUC development activities
exert influence on LUC and spatial patterns, consequently impacting ecological processes
and biological behavior [14,15]. Therefore, employing LUC data alongside pertinent spatial
analysis techniques allows for the effective identification of areas where biodiversity faces
threats, thereby facilitating improved conservation planning strategies [16]. Moreover, the
GeoSOS-FLUS model can simulate LUC patterns under diverse future scenarios and has
found extensive application in studies related to the multi-scenario simulation of future
LUC [17–19]. This model is often employed to simulate the LUC pattern under future
natural development scenarios (NDSs) and ecological protection scenarios (EPSs). The
efficacy of conservation measures can be assessed by comparing the impact of LUC changes
on regional biodiversity across various scenarios.

The habitat quality index (HQI) is frequently utilized as a proxy indicator of biodiver-
sity. It denotes the capacity of a habitat to furnish a stable living environment for organisms
on a sustained basis and finds extensive application in biodiversity research [20,21]. It
can reflect the biodiversity status of the region to some extent, and the assessment of
changes in habitat quality (HQ) can provide a reference for regional LUC management
and ecological conservation planning [22,23]. However, some research has demonstrated
that the utilization of the HQI to evaluate biodiversity oversimplifies the physical mecha-
nisms of ecosystems, leading to certain constraints in its assessment outcomes [24,25]. Few
scholars have supplemented and improved this alternative index. Landscape structure is
a concrete manifestation of landscape heterogeneity, reflecting the characteristics of land-
scape structure composition and spatial configuration. Its change alters material transport
and information exchange within the landscape, thereby affecting various ecological pro-
cesses [26]. Therefore, amalgamating a landscape structure index with an HQI to construct
a composite biodiversity index has the accuracy to yield a more precise and comprehensive
assessment of biodiversity.

Guilin is renowned for its distinctive karst landscape, showcasing a diverse array of
flora and fauna that includes numerous rare organisms and endemic species, resulting in a
high biodiversity conservation value [27]. Nevertheless, as urbanization has progressed
in recent years, the natural land in Guilin has steadily shrunk, posing a significant threat
to biodiversity. In this study, Guilin was selected as the research area, where the land-
scape pattern index and HQI were integrated to establish a comprehensive biodiversity
index. The objectives of the study were to (1) quantitatively assess the spatiotemporal
biodiversity changes in Guilin from 2000 to 2020; (2) identify biodiversity hotspots to
reveal the spatiotemporal heterogeneity of biodiversity across different LUC types; and
(3) simulate biodiversity in Guilin under different development scenarios for 2040 to vali-
date the effectiveness of ecological conservation measures. The study results can provide
scientific references for promoting the sustainable development of biodiversity in Guilin
and enhancing biodiversity conservation efforts.

2. Study Area and Data Sources
2.1. Study Area

Guilin is situated in the southwestern part of the Nanling mountain range and the
northeastern region of the Guangxi Zhuang Autonomous Region in China (109◦36′~111◦29′ E,
24◦15′~26◦23′ N). The entire administrative area of Guilin spans 27,800 square kilometers,
encompassing six urban districts and eleven counties (Figure 1). The elevated topography
of Guilin in the west, north, and southeast, along with lower topography in the central
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part, is characterized predominantly by mid to low-mountainous terrain. It falls under
the subtropical monsoon climate category and maintains an average annual temperature
of 18.9 ◦C. The average annual rainfall is 1949.5 mm, with mild winters, hot summers,
and a long rainy season [28]. There are many kinds of wild animals and plants in the
city, including 545 kinds of terrestrial vertebrate wild animals, among which 69 kinds
of rare and endangered animals are under national key protection. There are more than
1000 kinds of higher plants, including precious tree species such as silver fir and ginkgo
biloba, and the resource fir is categorized as a critically endangered species on the IUCN
Global Red List [5,29]. In addition, Guilin is abundant in ecological resources, characterized
by complex and diverse landscape types. It hosts numerous nature reserves, forest parks,
and wetland parks, including Huaping, Maoer Mountain, Qianjiadong, and Ziyuan County
fir, comprising four national nature reserves [30].
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2.2. Data Sources and Preprocessing

The LUC data of Guilin were obtained from the global land cover data of the National
Basic Geographic Information Center (https://www.ngcc.cn/ (accessed on 16 June 2023)) in
2000, 2010, and 2020. The LUC types were mainly divided into the following six categories:
arable land (AL), woodland (WL), grassland (GL), waters (WT), construction land (CL), and
wetland (WTL), and the spatial resolution of the data was 30 m (Figure 1). The traffic data
came from the National Basic Geographic Information Database, and, given the availability
of the data, 1:100,000 road data were used for 2017. The digital elevation model (DEM)

https://www.ngcc.cn/
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was obtained from the geospatial data platform (https://www.gscloud.cn/ (accessed on
28 June 2023)) with a spatial resolution of 30 m. Slope and aspect data were derived from
it using ArcGIS software (v 10.6). Annual rainfall, average annual temperature, and GDP
data were obtained from the Resources and Environmental Sciences and Data Center of the
Chinese Academy of Sciences (https://www.resdc.cn/ (accessed on 3 July 2023)), with a
spatial resolution of 1 km.

2.3. Methods

The research framework of this study is shown in Figure 2. Firstly, LUC data were
employed to study the spatiotemporal distribution characteristics of HQ and landscape
patterns (LPs) in Guilin. Then, the biodiversity index was constructed to analyze the
spatiotemporal distribution differences of biodiversity from 2000 to 2020 based on the HQ
and LP. Finally, the ecological protection measures were determined, and the effectiveness
of the protection measures was tested by comparing the simulation results of different
scenarios in the future.
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2.3.1. The HQ Assessment Based on the InVEST Model

The InVEST model assumes that biodiversity is proportional to HQ and evaluates the
capacity and potential of ecosystems to support species survival, reproduction, and activity
by calculating HQ [31,32]. HQ is directly related to habitat suitability provided by LUC
types [33], evaluating both the intensity of external threats and ecosystem sensitivity. The
calculation formula is as follows:

Qxj = Hxj ·
[

1 −
(

D2
xj

D2
xj + k2

)]
(1)

where Qxj is the HQ of grid x in LUC-type j. Its value is between 0 and 1, and the higher
the value, the better the HQ. Dxj is the habitat degradation degree of grid x in LUC-type j,
ranging from 0 to 1. Hxj is the habitat suitability of x in LUC-type j, in which the suitability
of the non-habitat LUC type is 0 and the suitability of the optimal habitat category is 1. k is
the half-saturation constant.

In general, the suitability of natural landscapes is relatively high, while man-made
landscapes are largely unsuitable [10]. Therefore, this study divided the habitat types into

https://www.gscloud.cn/
https://www.resdc.cn/
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six categories based on the features of the study region and previous research [34–36]. WL
and WTL were considered to be the LUC types with the highest habitat suitability for
species, and their suitability values were set as 1 (Table 1).

Dxj =
r

∑
r=1

y

∑
y=1

 wr
n
∑

n=1
wr

 · ry · irxy · βx · Sjr (2)

where irxy is the impact of threat factor r in grid y on grid x; wr is the weight of different
threat factors; ry indicates the intensity of the threat factor; and Sjr is the sensitivity of
different habitats to different threat factors.

Table 1. Evaluation of habitat suitability and its relative sensitivity to different threat sources.

LULC Name * Habitat L_AL L_CL

1 AL 0.4 0 0.6
2 WL 1 0.75 0.9
3 GL 0.8 0.45 0.7
4 WTL 1 0.7 0.85
5 WT 0.9 0.3 0.75
6 CL 0 0 0

*: AL (arable land), WL (woodland), GL (grassland), WTL (wetland), WT (waters), CL (construction land).

In a general sense, natural landscapes exhibit the highest sensitivity to threat factors,
followed by semi-artificial landscapes and artificial landscapes, which are relatively less
sensitive to threat factors with a certain degree of resistance to interference [37]. The
sensitivity value spans from 0 to 1, where a score of 1 signifies the utmost sensitivity, while
a score of 0 denotes no sensitivity. In addition, the higher the degree of human use of
land species, the more serious the threat is to the habitat. CL is a notable expression of
the alteration in the human natural environment, portraying the threat posed by human
pressure to the natural ecosystem. As a semi-natural and semi-artificial environment, AL
poses a certain degree of threat to the natural ecosystem [38]. Transport networks have
cumulative and irreversible impacts on ecosystem services and biodiversity, and their
construction leads to habitat fragmentation, thus becoming a serious threat [39]. Therefore,
this study took CL, AL, and transportation land as threat factors. This study determined
the sensitivity assignment of different habitat types (Table 1), the weight of threat factors,
and the maximum impact distance of threat sources (Table 2) concerning the literature
review and InVEST model manual and the specific conditions of the study area [40–42].

Table 2. Threat factors, maximum threat distance, weight and attenuation type.

Threat Factors Max_Dist Weight Decay

Arable land 1.5 0.5 linear
Construction land 5.5 0.9 linear

Railway 2.5 0.6 linear
Highway 1.5 0.5 linear

2.3.2. Landscape Structure Index

The greater the complexity of ecosystems, the better the state of the landscape structure,
and the more balanced the categories within a given area, the greater the degree of landscape
diversity [43]. Therefore, the state of landscape structure can indirectly reflect the strength of
regional landscape diversity; calculating the landscape structure index in different periods
enables a quantitative assessment of the changing state of regional landscape diversity.
The landscape structure index highly condenses the information on LP, which is obtained
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by superimposing the weights of landscape fragmentation, landscape separation, and
landscape fractal dimension [34]. The calculation formula is as follows:

LSIx = 1 − (aCi + bNi + cFi) (3)

Ci =
ni
Ai

(4)

Ni = 0.5
√

ni/A · A
Ai

(5)

Fi = 2 ln
(

Pi
4

)
ln Ai (6)

where LSIx is the landscape structure index; Ci is the landscape fragmentation index,
expressing the degree of fragmentation of the entire landscape or a certain landscape type
in a given nature; Ni is the landscape separation index, representing the dispersion degree
of the spatial distribution of different patches in a landscape; Fi is the landscape fractal
dimension, describing the complex characteristics of patch morphology in the landscape;
Pi is the proportion of LUC-type i patches in the area; ni is the patch number of LUC-type i;
Ai is the total area of LUC-type i. a, b, and c are the weights of each index and a + b + c = 1.
The weights of landscape fragmentation, separation, and fractal dimensions 0.5, 0.3, and
0.2 were assigned, respectively, based on previous relevant research results [44,45].

2.3.3. Biodiversity Index

Ecological processes and landscape patterns interact, jointly influencing the quantity
and distribution of species, and thus, indirectly affect the richness of biodiversity [46,47].
The biodiversity index was constructed from the ecosystem and landscape structure aspects
by combining the natural and social conditions of Guilin in this study. The HQI and the
landscape structure index were selected to comprehensively assess the level of biodiversity
in the study area based on the research method of Sallustio et al. [48]. The calculation
formula is as follows:

BIx = Qxj · β1 + LSIx · β2 (7)

where BIx is the comprehensive index of biodiversity; Qxj is the habitat quality of grid x;
LSIx is the landscape structure index of grid x; and β is the weight value of each index.
Considering that the whole of Guilin was mainly a mountainous forest area, the vegetation
coverage rate was high, while the towns and populations were relatively concentrated
in the downtown, and the landscape was relatively simple. Therefore, the impact of the
habitat quality index was greater than the landscape structure index in the comprehensive
assessment of biodiversity in Guilin, and the final weights of β1 and β2 were 0.6 and
0.4, respectively.

To more intuitively understand the status of regional indices and compare the differ-
ences between regional indices, the natural breakpoint method was used to divide them
into the following five levels, highest, higher, medium, lower, and lowest, after obtaining
the spatial distribution of habitat quality, landscape structure, and biodiversity in the study
area. And the spatial change values of biodiversity were classified into three categories,
decreasing, basically unchanged, and increasing, in which the change values between 0
and 5% were defined as basically unchanged.

2.3.4. Analysis of Biodiversity Hot and Cold Spots

Hotspot analysis can effectively identify special areas where biodiversity is seriously
threatened, providing a scientific reference for the planning and management of biodi-
versity conservation in space [15,49]. This study selected hotspots and cold spots with
confidence higher than 90% using ArcGIS software (v 10.6) to reflect the clustering distribu-
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tion of high and low biodiversity values based on the Getis-Ord Gi* method. The formulas
are as follows:

G∗
i =

n
∑

j=1
wijxj − X

n
∑

j=1
wij

S

√√√√ [
n

n
∑

j=1
w2

ij−
(

n
∑

j=1
wij

)]2

n−1

(8)

X =

n
∑

j=1
xj

n
(9)

S =

√√√√√ n
∑

j=1
x2

j

n − 1
− X2 (10)

where xj is the attribute value of the spatial element j; wij is the spatial weight between
elements i and j, which is defined as 1 for neighboring and 0 for non-neighboring; n is
the total number of spatial elements; X is the mean of spatial elements; S is the standard
deviation of spatial elements. G∗

i statistics are z-scores. The higher the z-scores, the closer
the clustering of spatial elements with high values. The lower the z score, the closer the
clustering of spatial elements with low values.

2.3.5. Future LUC Simulation Projections

The GeoSOS-FLUS model is a multi-class LUC change scenario simulation model
developed by Liu et al. [50,51] based on the principle of the FLUS model. This is mainly
composed of an artificial neural network and an adaptive inertia competition mechanism.
The artificial neural network can effectively discover the relationship between natural,
social, and economic factors and LUC change, obtaining the suitable probability of each
class in the research scope. The adaptive inertial competition mechanism can help to
solve the uncertainty of local class transformation and make up for the complexity of the
local transformation and parameter determination of traditional cellular automata. The
GeoSOS-FLUS model has better predictive power and higher accuracy compared with
other models. Therefore, the GeoSOS-FLUS model was used to simulate and compare the
LUC layout under the scenarios of NDS and EPS in Guilin in 2040, testing the effectiveness
of biodiversity protection measures.

This study synthesized natural and socio-economic factors, selecting the DEM, slope,
aspect, annual rainfall, GDP, and average annual temperature as the driving factors of
LUC change. The probability, intensity, and direction of transitions between different LUC
types were adjusted by setting the model parameters for different scenarios of the LUC
simulation. (1) In the NDS, the Markov chain was applied to predict the LUC demand
in 2040 according to the LUC transfer matrix from 2000 to 2020. The parameters of the
model remained unchanged, and the trends in population, economic, and technological
innovation continued to align with the current situation in this scenario. (2) In the EPS,
WTL, and WL should be protected first, while CL and AL should be controlled based on
the analysis results of the cold spots and hotspots of biodiversity in the study area. It is
established that WL and WTL cannot be converted to other LUC types, and the neighboring
factor of WL and WTL was set to 1. The neighboring factor of CL and AL was set to 0, and
the neighboring factor of other LUC types was set to 0.5.

3. Results
3.1. Analysis of Spatiotemporal Changes in Biodiversity

The spatiotemporal distribution characteristics of HQ (Figure 3) and landscape struc-
ture (Figure 4) from 2000 to 2020 showed a certain pattern. The average annual value of
HQI decreased from 0.847 in 2000 to 0.841 in 2020. The low values were concentrated in
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urban areas and towns in the central part of the country, with the lowest HQI being 0.
The high-value areas were mainly distributed in the surrounding mountainous forest area,
and the HQI was higher than 0.8. There was a small decrease in the landscape structure
index from 2000 to 2020, with the annual average value decreasing from 0.921 to 0.918.
The landscape structure index decreased gradually from the southwest to the northeast.
The LUC types in low-value areas were complex and diverse, and the landscape frag-
mentation was high. The high-value area was mainly forestland with good natural and
ecological conditions.
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The annual average value of the biodiversity index decreased from 0.875 to 0.870. The
proportion of the area in high-value areas shrank from 68.53% to 68.22% and increased from
0.85% to 1.81% in the low-value areas from 2000 to 2020. The overall spatial distribution
characteristics of biodiversity were “higher in the northwest, southwest, and east, and
lower in the northeast, southeast, and central” (Figure 5). Low-value areas were widely
distributed in construction land, arable land, and interspersed areas of various LUC types,
including mainly the city center, Lingchuan County, Xing’an County, and Quanzhou
County, with the lowest biodiversity index of 0.13. The median-value areas were primarily
concentrated on southern arable land, including Lingui District, Yangshuo County, Lipu
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City, Pingle County, and Gongcheng County. High-value areas were primarily concentrated
in mountainous forest areas, including Longsheng County, Ziyuan County, Yongfu County,
and Guanyang County. The biodiversity index was higher than 0.9. The area of biodiversity
reduction was 4.1% and primarily distributed in the surrounding areas of cities and towns.
The increasing area of biodiversity accounted for 3.13% and was primarily concentrated in
grassland and forest areas.
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3.2. Analysis of Cold and Hot Spots of Biodiversity from 2000 to 2020

The spatiotemporal distribution of cold and hot spots of biodiversity in Guilin showed
significant differences (Figure 6). The total area of hotspots showed a slightly increasing
trend, increasing from 49.65% to 50.56% from 2000 to 2020. The biodiversity hotspots were
discontinuous and distributed in Longsheng County, Ziyuan County, Yongfu County, and
Guanyang County, many of which were divided by cold spots. The area proportion of the
cold spots decreased from 31.16% to 30.54%, with a slightly decreasing trend. The cold
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spots of biodiversity were scattered, primarily concentrated in the city center, Quanzhou
County, and Pingle County, with scattering in other areas.
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The coverage of cold and hot spots of biodiversity exhibited significant variation
among the different LUC types from 2000 to 2020 (Table 3). The coverage rate of hotspots
was the highest in WTL (94.45%), followed by AL (64.19%) among the LUC types. The
coverage of hotspots in GL and WT was low, with the highest reaching 40.19%. The
coverage of hotspots in CL and AL was lower than 13.37%. The CL (91.67%), followed by
AL (70.08%), had the highest coverage rate of cold spots over the past 20 years, which was
mainly composed of WL with a coverage rate of 89.7%. The cold spot coverage of GL and
WT was low, with a maximum of 51.74%. The cold spot coverage of WL and WTL was
below 17.24% for both. The cold spot areas mainly consisted of AL, with a coverage rate of
about 51.11%.

Table 3. Biodiversity cold and hot spots with coverage of different LUC types in 2000 and 2020.

Type *
Hot Spots (%) Cold Spots (%)

2000 2020 2000 2020

AL 13.37 13.37 71.30 68.86
WL 64.19 64.19 17.24 16.51
GL 40.19 40.19 37.81 36.73

WTL 100.00 88.89 0.00 11.11
WT 32.68 32.68 51.58 51.74
CL 3.37 3.37 92.47 90.87

*: AL (arable land), WL (woodland), GL (grassland), WTL (wetland), WT (waters), CL (construction land).

3.3. Comparison of Biodiversity in Different Scenarios in 2040

The biodiversity of Guilin showed an opposite changing trend under two scenarios.
The projected annual mean value of the biodiversity index in 2040 was 0.859, with a decrease
of 1.26% from 2020 in the NDS (Figure 7a). The predicted annual mean biodiversity index
in 2040 was 0.872, with an increase of 0.22% compared with 2020 in the EPS (Figure 7b).
The proportion of biodiversity at all levels in the EPS changed significantly compared to
the NDS. The highest proportion of the regional area was the highest-value areas (67.33%),
followed by the middle-value areas, lower-value areas, and higher-value areas, accounting
for 16.03%, 8.6%, and 5.33% in the NDS, respectively. The lowest proportion of low-value
areas was only 3.25%. The highest proportion of the regional area was the highest-value
areas (67.52%), which increased by 0.19% compared with the NDS. This was followed by
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the medium, higher-value areas, and lower-value areas, which accounted for 15.15%, 8.23%,
and 7.22%, respectively, while the proportion of lowest-value areas decreased significantly
to only 1.89%.
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The spatial pattern of biodiversity in 2040 exhibited no clear change under the two
scenarios. It still presented a higher distribution in the northwest, southwest, and east and
a lower distribution in the northeast, southeast, and central. The biodiversity reduction
area under the NDS (Figure 7c) accounted for 4.15% of the entire area of Guilin, primarily
concentrated in the urban expansion zone. The biodiversity increase area in the EPS
(Figure 7d) accounted for 5.67% of the whole area of Guilin and was widely distributed
in the grassland and forest areas. The biodiversity reduction area accounted for 4.11% of
the whole area of Guilin and was scattered in the surrounding areas of cities and farming
zones. The biodiversity increase area accounted for 8.31% of the whole area of Guilin, with
a 2.64% increase compared to the NDS, and was distributed in grassland and forest areas.

4. Discussion
4.1. Analysis of Biodiversity Change

Biodiversity serves as a crucial indicator of the overall health and sustainability of
regional ecosystems [27]. It is integral to ecosystems and closely linked to human sur-
vival and well-being. Recently, the progress of urbanization has not only heightened
human–land conflicts and altered LUC patterns but has also exerted a substantial impact
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on biodiversity [20,52]. Research has demonstrated that the combined use of HQ and LP
can comprehensively assess biodiversity changes resulting from LUC alterations, offering
novel perspectives and methodologies for biodiversity research.

The results of the study on biodiversity in Guilin showed that the overall situation
of biodiversity has been good over the past 20 years. The annual average value of the
biodiversity index exceeded 0.8, and most of the area belonged to the high-value areas of
biodiversity (Figure 5). This was because LUC types in Guilin were dominated by WL,
with high forest vegetation cover, a favorable regional ecological environment, and high
species richness. In addition, the pillar industry of economic development is tourism
in Guilin. The relevant departments pay more attention to ecological protection, while
there are fewer heavy industries and less impact from human activities [53]. The spatial
distribution characteristics of biodiversity showed a certain regularity. The low-value
areas of biodiversity were primarily concentrated in urban and rural settlement areas and
agricultural planting areas, where human activities were more frequent and agricultural
cultivation was more developed. Regional landscape fragmentation was higher. The
high-value areas were primarily distributed in mountain forests and lake wetlands, with
high regional vegetation coverage, including nature reserves and parks with less surface
disturbance. This was similar to the results of other studies in Guangxi [31,34,40]. The
results also indicated that there was a decreasing trend of biodiversity in Guilin from 2000
to 2020, and the areas of biodiversity reduction were primarily concentrated around towns
(Figure 5d). In recent years, the surrounding areas of cities have begun to assume part of
the urban LUC function with the rapid advancement of urbanization. Artificial landscape
elements have also begun to spread to the surrounding areas from a high concentration.
The intrusion of various artificial landscapes seriously threatens the surrounding habitats,
resulting in worsening landscape fragmentation and HQ deterioration in these areas. The
steady development of biodiversity in the surrounding areas is, therefore, something that
the Guilin government has to focus on more.

4.2. Impacts of Different Development Scenarios on Biodiversity

The analysis of the aggregation characteristics of biodiversity and its relationship
with different LUC types can provide a comprehensive understanding of the sustainable
study of biodiversity in Guilin [54]. This study took the hotspot areas as the priority
protection areas for future development according to the analysis results of hot and cold
spots, and more targeted ecological protection measures can be designed based on this.
The coverage and contribution of hotspots in Guilin showed that WTL and WL are the
main LUC types in biodiversity hotspots, while CL and AL were the main LUC types
in the cold spots. Therefore, this study established the ecological protection strategy of
“prioritizing the protection of WTL and WL, and rationally controlling CL and AL” to
guarantee the priority of hotspot areas. It was found that regional biodiversity increased
significantly under the protection measures by simulating and comparing the biodiversity
of Guilin in 2040 under the scenarios of NDS and EPS. Compared with the NDS, the
EPS adjusted the LUC structure. On the one hand, the protection of WTL and WL was
strengthened, and the area with a high value of biodiversity increased significantly. On the
other hand, low biodiversity value areas decreased by limiting the expansion of land for
CL and AL. This was especially true since the rate of degradation in urban centers eased,
and the proportion of areas with reduced biodiversity declined. The four key land types of
WTL, WL, CL, and AL were targeted in the EPS, resulting in a synchronized expansion of
biodiversity enhancement zones, a reduction in biodiversity decline zones, and a significant
improvement in regional biodiversity.

WL and WTL are the key LUC types to maintain the stability of biodiversity in Guilin,
and they are widely distributed around towns and cities. However, urban land and arable
land continue to erode the ecological land such as WL and WTL, with the acceleration of the
urbanization process in Guilin posing a challenge to the conservation of biodiversity [55].
Therefore, land managers and planners should balance the relationship between urban
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expansion and ecological protection, avoiding areas with high biodiversity as much as
possible in the process of urban development [29]. WL and WTL resources should be
actively protected to prevent the loss of biodiversity by improving the legal system of
ecological protection and increasing the area of urban green space.

4.3. Limitations of the Study and Future Perspectives

Biodiversity conservation has been one of the hot topics in ecological service research
in recent years. Therefore, developing effective methods for measuring biodiversity has
remained a crucial and challenging issue [56]. Changes in plant diversity represent one of
the consequences of landscape fragmentation and habitat change and are closely linked
to LUC changes [30]. This study combined the landscape structure index and HQI to
form a comprehensive biodiversity index, facilitating the assessment of spatiotemporal
changes in plant biodiversity on a regional scale [57]. However, it is important to note that
certain issues, such as the assessment of animal biodiversity, have not been thoroughly
explored. Future studies should comprehensively consider the distribution of animals in
the study area, conduct a thorough assessment of animal diversity indices and changes in
plant diversity characteristics, and engage in multi-scale, multi-level, and multi-faceted
biodiversity research.

The potential impacts of LUC modeling on biodiversity depend heavily on the accu-
racy of the predicted LUC data [58]. In this study, the GeoSOS-FLUS model was employed
to simulate future LUC changes under different scenarios. Although it combined natural
and socioeconomic factors and had high simulation accuracy, this model relied on the
prediction of LUC demand. Additionally, the Markov chain only provided a simple de-
scription of future change trends based on historical data [59]. Furthermore, the impact
of model parameter settings, spatial scales, and social policy changes on the outcomes
were not considered in the applications. Furthermore, the applications did not account
for the impact of model parameter settings, spatial scales, and social policy changes on
the outcomes. Therefore, the predicted results may not perfectly align with the actual
situation in 2040, but they can reveal certain characteristics and change mechanisms in
LUC, providing a reference basis for government decision making [60].

For the HQ assessment using the InVEST model, parameters such as the maximum
impact distance, threat source weight, and habitat sensitivity were primarily drawn from
previous studies in similar regions. The setting of these parameters was somewhat sub-
jective, potentially influencing the HQ evaluation results. Further research is needed to
establish more reasonable guidelines for setting input parameters in the habitat quality
model. In future studies, it is crucial to enhance continuous field monitoring to collect
relevant data, thereby improving the capacity to interpret real-time habitat quality.

5. Conclusions

In this study, the InVEST model, GeoSOS-FLUS model, and landscape pattern index
were combined to construct a comprehensive biodiversity index, which quantitatively
assesses the spatiotemporal change characteristics of biodiversity in Guilin from 2000 to
2020. The effectiveness of the conservation measures was examined by comparing the
simulation results of different scenarios in the future. The conclusions are as follows:

(1) The overall biodiversity situation in Guilin exhibited a positive trajectory from 2000
to 2020. However, it also displayed a gradual decline, with an annual average biodi-
versity index decreasing from 0.875 to 0.870. The spatial distribution of biodiversity
was differentiated, with the overall distribution characterized by “higher in the north-
west, southwest, and east, and lower in the northeast, southeast, and central parts of
the country”.

(2) The biodiversity hotspots area was distributed in discontinuous patches in the north-
western, southwestern, and eastern parts of Guilin. The total area showed a slightly
increasing trend from 2000 to 2020. Ecological protection measures have designated
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biodiversity hotspots as priority areas for protection, with emphasis on the protection
of WTL and WL and the reasonable control of CL and AL.

(3) The annual mean value of the biodiversity index of Guilin in the EPS in 2040 showed
an upward trend compared with the NDS. It expanded the proportion of the area with
high biodiversity value and effectively slowed down the degradation rate of regional
biodiversity. The implementation of ecological protection measures can better achieve
the goal of the sustainable development of biodiversity in Guilin and ensure regional
ecological security.

In future development, it is crucial to prioritize the protection of vital ecological
environments like mountains, water bodies, and wetlands. Human disturbance in these
areas should be minimized, and measures such as afforestation and wetland restoration
should be implemented.
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