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With the rapid development of the economy, the land use/cover change (LUCC) in the Greater Bay Area (GBA) has undergone
tremendous changes, which have had directly negative effects on ecosystem functions and services. The development of sus-
tainable land use strategies to quantitatively evaluate ecosystem services is required. Based on multitemporal land use data (2005,
2010, 2015, and 2020), the equivalent coefficients table method was used to assess the ecosystem service values (ESVs), and the
impact of LUCC on ecosystem services was analyzed. A future land use simulation (FLUS) model and multiscenario simulations
were employed to predict land use change in 2030. Our results indicated that the loss of ESV's decreased by 14.29 billion yuan from
2005 to 2020. The spatial distribution of the high-value ecosystem services was concentrated around the peripheral area of the
northern regions in the GBA, and those areas had less land use development and human activity. Compared with those in 2020,
the total ESVs of the business-as-usual (BAU) scenario, socioeconomic development (SED) scenario, and cultivated protection
priority (CPP) scenario in 2030 decreased, while they increased in the ecological protection priority (EPP) scenario. In the CPP
scenario, regulating, supporting, provisioning, and cultural services increased slightly, but they decreased in the other scenarios.
The patterns of LUCC were the main reasons for the decrease in ESVs, such as the loss of land with high ecological value.
Additionally, a four-quadrant analysis is introduced to determine which land use simulation will be expected to be adopted by the
government. The findings of this study provide valuable information for decision-making and policy development in the coastal
zones and for the sustainable management of ecosystems.

1. Introduction

With the rapid expansion of industrialization and urbani-
zation, the population has grown to unprecedented levels,
and natural resources are constantly being exploited [1],
leading to the increasing encroachment of natural ecosys-
tems in the last century. To counteract the increasing global
pressure on ecosystems and improve the supply of natural
resources [2, 3], the concept of ecosystem services (ESs) has
been proposed, and research on ecosystem services has
gained widespread attention [4, 5]. The term “natural ser-
vices” was first used academically by Westman [6] to
measure “How much are nature’s services worth?” and,
simultaneously, the term “ecosystem services” was officially

introduced by Ehrlich and Mooney [7]. Two pioneering
studies on ecosystem services and natural capital were
published in 1997 [8, 9]. Since then, ecosystem services have
sparked a discussion, and the evaluation of ESs has become a
central issue in decision-making and land management [4].

Ecosystem services refer to the natural environmental
conditions and functions that are formed and maintained by
the ecosystem and developed for human survival. These
services are the benefits obtained by human beings, directly
or indirectly, from ecosystem functions [9, 10], and they are
divided into four categories: provisioning, regulating, sup-
porting, and cultural services [11, 12]. Seventeen types of
ecosystem service coeflicients for 16 biomes were first
proposed by Costanza et al. [9, 13]. These new methods can


mailto:liuchunyu@hqu.edu.cn
https://orcid.org/0000-0003-4469-7199
https://orcid.org/0000-0003-2295-6073
https://orcid.org/0000-0002-3395-1094
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2022/7734221

be applied for evaluating ecosystem service value (ESV),
which is defined as the estimation of the marginal value of
ecosystem services [14]; uncertainties in these coeflicients
have been studied [15]. In 2014, the evaluation of global
ESVs was updated by Costanza et al. [10] based on the same
methods applied in 1997. Since then, most scientific studies
have referred to or improved Costanza’s methods to estimate
ESVs on different scales, such as the provincial scale, re-
gional scale, national scale, and global scale [2, 16]. The
Chinese ESV coefficient was revised by Xie et al. [12] to
include 11 service types according to China’s ecological
characteristics. This classification is adopted in the present
study, and the new revised coefficient is used to estimate the
ESV that refers to local characteristics.

The sustainable development of the social economy
depends on the sustainable supply of ecosystem services [17].
However, the world has faced environmental pollution and
the increasing exploitation of ecosystems [18]. Some severer
cases of ecosystem destruction associated with land use
systems and different functions in specific areas have
reached or exceeded the ecosystem carrying capacity and
even become irreversible. Land use change/cover (LUCC) is
a crucial way in which human activities affect ecosystems
[5, 19]. LUCC alters the structure and function of ecosys-
tems, and the supply of ecosystem products and services
influences ecosystem patterns and processes [20, 21]. High-
intensity human activities, including urban expansion and
land development, have enhanced the LUCC process
worldwide [22, 23], which has impacted ecosystems and
exacerbated the loss of ESV. The ecological benefit losses
greatly impacted ecosystem services and caused imbalances
[19]. Because there are time lags between land use change
and ecosystem responses [24], land use legacies affect eco-
system service provisions. Therefore, an understanding of
the impact of LUCC on ecosystem service helps decision-
makers to minimize the negative consequences of LUCC or
to relieve the ecological pressure through targeted man-
agement measures. Analysis of the past dynamics of LUCC
[25] can help researchers anticipate the potential effects in
future land use simulations and reveal tradeoffs [2]. Con-
sequently, research on the effect of LUCC on ecosystem
services has attracted increasing attention [1].

The spatial distribution of ESVs in response to LUCC has
been studied [26]. Huang et al. [27] used the InVEST model
to analyze the impact of LUCC on ESV. The ESV loss caused
by LUCC exhibited significant spatial heterogeneity due to
the spatial difference in land use [28]. In recent decades, a
series of land use simulation models with good accuracy
have been developed, such as the logistic-CA [29] model,
cellular automata-Markov (CA-Markov) model [30], con-
version of land use and its effects at small regional extent
(CLUE-S) model [31], and artificial neural network-cellular
automata (ANN-CA) model [32]. Subsequently, the future
land use simulation (FLUS) model based on the traditional
CA model was developed by Liu et al. [33] and was shown to
have higher simulation accuracy than other models. The
FLUS model has become a major tool in ES research and can
be implemented on various spatial scales and regions to
analyze urban growth boundary simulation [17, 19, 34],
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flood risk assessments [35], typical developed areas [5],
mountain regions [36], and metropolitan regions [37]. Al-
though socioeconomic and geographic conditions have been
included as factors in the FLUS model [38], few studies have
considered the background climate factor, which has sig-
nificant effects on LUCC. The climate factor is therefore
addressed in this study, and POIs are also selected.

The Greater Bay Area (GBA) is one of the major coastal
areas in China and a crucial pivotal region connecting the
development of the Belt and Road. The region has experi-
enced complex land use changes due to rapid urbanization
and the high-intensity development of human activities [39].
Therefore, it is a good case study for assessing the impacts of
LUCC on ecosystem services over long periods for the
following reasons. A large proportion of the population
(https://www.stats.gov.cn/) greatly benefits from providing
highly diverse ecosystem services typical of coastal regions.
In addition, coastal ecosystems and their related ecosystem
services are highly susceptible to LUCC and climate change.
In this study, we focused on the GBA. The main objectives of
this study were to assess the ESVs, predict the future dis-
tribution of LUCC using multiscenario simulation analysis
based on the FLUS model, and estimate the variations in
ESV resulting from the impacts of LUCC in the GBA.

The innovations of this study are as follows. First, we
used a future land use simulation model to evaluate the
ESVs. The advantages are that the FLUS model can process
the complex competition and interactions among the dif-
ferent land use types. Second, we focused on assessing the
effect of social and economic factors, but climate, facilities,
and other environmental factors in land use prediction were
also considered. Finally, we developed a four-quadrant
analysis to determine which land use simulation is expected
to be adopted by the government and, thus, provide sci-
entific decision-making support for sustainable land use and
ecosystem management in the GBA.

2. Materials and Methods

2.1. Study Area. The GBA is located at 111°12'E to 115°35'E
and 21°25'N to 24°30'N (Figure 1). The GBA lies in the
fragile and complicated ecological environment of the
southeast coastal region in China. It extends over an area of
56000 km® with various topographies, such as mountains
(low mountains and hills), plains (alluvial plain and delta
plain), and islands. The GBA has a subtropical monsoon
climate with an annual average temperature of approxi-
mately 21.4-22.4°C, an annual average precipitation of
1808 mm, and an annual average sunshine hours of 2000 h
(https://data.cma.cn/).

The GBA is composed of nine prefecture-level cities of
Guangdong Province and the two special administrative
regions (Hong Kong and Macao) in the Pearl River Delta
Region. Like other coastal regions, the GBA is an important
economic zone, with a relatively concentrated population
totaling 86.40 million people and increasingly concentrated
industries, with a total GDP of 11.3 trillion yuan in 2020
(https://www.stats.gov.cn/).
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FIGURE 1: Location of the Greater Bay Area.

TaBLE 1: Data sources in this study.

Data aspect Data content

Data declaration

DEM
Aspect
Slope

Terrain

Raster (12.5m grid)

Soil

Soil type

Sand content, silt content, and clay content

Climate

Annual average temperature
Annual average precipitation
Potential crop

2006-2015

Environmental factors

NDVI
Ecological protection

Ecosystem protection region

GDP
Population
Town
Residential
Railway
Traffic
Water

Social economy

Raster (1 km grid)

Vector (shapefile format)

Facilities POI

Public and other facilities

With the rapid development of urbanization and in-
dustrialization around the GBA, increasingly frequent hu-
man activities, rapid urban sprawl, and gradually increasing
regional inequality, land use has changed significantly and
led to excessive development and utilization activities [5, 39].
At the same time, the ecological environment has been put
under increasing pressure, resulting in continuous declines
in the ecosystem service functions. Thus, it is necessary to
assess changes in ESVs and simulate ESVs in response to
LUCC in the future.

2.2. Data Sources and Land Classification. We collected
historical land use data (2005, 2010, 2015, and 2020) and
driving factor data (Table 1), which were obtained from the
Resources and Environment Science and Data Center,
Chinese Academy of Sciences (30 m resolution) (https://

www.resdc.cn/). The land use data were used for LUCC
multiscenario simulation analysis and ESV assessment. In
this study, wetlands were listed separately [40], so that the
types of LUCC were reclassified into seven categories:
farmland, forestland, grassland, water body, wetland, built-
up land, and unused land (Table 2). The dynamic infor-
mation (Table3) on land use over a 15-year period was
calculated using ArcGIS software. Then, we obtained a
transition matrix that represented the quantitative transition
between different land use types.

According to the results of previous research and con-
sidering the availability of data [17, 19], the spatial driving
factor dataset for LUCC multiscenario simulations was
selected, as shown in Table 1. The digital elevation model
(DEM), with a 12.5-meter resolution, served as the basis for
data on terrain heights and the calculation of slopes and
aspects. Data on the soil characteristics (e.g., clay content, silt
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TaBLE 2: Classification of land use in the GBA.

Category Category definition

Farmland This includes paddy field and nonirrigated farmland

Forestland This includes organic forest, shrubbery, thin stocked land and others woodland
Grassland This includes three coverage types: high, medium, and low

Water body This includes natural and artificial rivers, fishery reservoirs, and lakes
Wetland This includes marshland and shallows

Built-up land This includes urban land residential land, rural residential land and other built-up land
Unused land This includes sand, saline and barren lands, others

TaBLE 3: Land use/cover patterns in the GBA.

LUCC Area (km?) Proportion (%) Area change (km?)

2005 2010 2015 2020 2005 2010 2015 2020 2005-2010 2010-2015 2015-2020 2005-2020
Farmland 13349.45 12817.85 12563.53 12253.22 23.84 22.89 2243 21.88 -531.61 —254.32 -310.31 —-1096.23
Forestland 30721.53 30460.74 30153.78 30073.14 54.86 54.39 53.85 53.7 -260.79 -306.96 —-80.65 —648.4
Grassland 1162.94 1116.6 1256.1 1201.18 2.08 199 224 214 —46.34 139.5 -54.92 38.24
Water body 4105.64 4006.98 3901.23 395459 733 716 697 7.06 —98.66 —-105.74 53.35 —151.05
Wetland 150.97 119.74 122.42 98.38 0.27 021 022 0.18 -31.23 2.68 —24.04 -52.59
Built-up land  6491.95 7467.6 7993.56 8413.55 11.59 13.34 14.27 15.02 975.66 525.95 420 1921.61
Unused land 17.53 10.5 9.38 5.94 0.03 0.02 0.02 0.01 -7.03 -1.12 -3.44 —-11.58

content, and sand content), temperature, precipitation, gross ~ where 0 is the revision factor. Q and Q, are the annual
domestic product (GDP), and population were provided by =~ average food production of cropland in the GBA and China,
the Data Center for Resources and Environmental Sciences  respectively. E; represents the revision equivalent factor for
of the Chinese Academy of Sciences. Socioeconomic data,  land use type i, while E;, represents the standard equivalent
including town data, residential data, railway data, traffic ~ factor which is quoted in Xie et al.[12] for land use type i of
data, water system data, and facilities data (POI), were  farmland, forestland, grassland, water body, wetland, built-
collected from open-source data retrieved from Open-  up land, and unused land.
StreetMap (OSM). A unified coordinate transformation was Because the food production function of cropland de-
performed with ArcGIS. Socioeconomic data and facility  termined the equivalent ESV coefficient, the economic value
data were calculated by Euclidean distance analysis. The = of the average natural food production of cropland per
spatial reference of the WGS_1984 coordinate system was  hectare per year was a critical indicator. Generally, natural
constructed for matching land use data and driving factor ~ food production is equal to 1/7 of the actual food production
data. [43]. We calculated the annual average food production of
Statistical datasets on ecosystem services, including grain ~ cropland in the GBA and China in 2020 and obtained values
output per unit area and total sown area of farm crops, were  of approximately 5500kg/hm® and 5600 kg/hm®, respec-
obtained from the National Bureau of Statistics, China  tively, and then determined the standard equivalent factor.
Statistical Yearbook, Guangdong Statistical Yearbook, and  Based on the average net profit per unit area of the major
the statistical yearbooks of various cities in the GBA. In  foods (rice and soybeans), the average ESV of one equivalent
addition, some policy documents were obtained from  value for the GBA was 2215.61 RMB yuan hm >yr~'. The
government reports for the GBA. unit area values of some land use/cover types were calculated
based on this equivalent coefficients’ table, in which the
service value coefficient of built-up land was given as 0 [19].
2.3. Ecosystem Service Valuation. The equivalent coefficients  Thus, the value tables of the ecosystem services per unit area
table method, which is one of three main ESV evaluation of different land use types were obtained (Table 4). The ESV,
methods [41], is more intuitive and suitable for the as-  including each land use type per hectare, was calculated,
sessment of ESV's because it has fewer data requirements on  based on the following equations:
the regional and global scales. The values per unit area of
ecosystem service in this study were revised in reference to _
previous studies [42] based on the method of regional ESV; = Z’Ai “Vij
corrections on cropland. The formula is defined as follows:
ESV;=Y AxV,, )
6 == i
Qo (1) ESV =YY AxV,
i

E; = O x E,
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TaBLE 4: Ecosystem service value per unit area for different land use/cover types in the GBA (yuan/hm?).

Primary classification Secondary classification

Farmland Forestland Grassland Water body

Wetland Unused land

Food supply 2952.96 1780.47 1519.91 1737.04 1107.36 0.00

Provisioning services Raw material supply 195.42 4103.76 2236.44 499.40 1085.65 0.00
Water supply —-5710.51 2127.87 1237.64 18000.06 5623.67 0.00

Air quality regulation 2410.14 13505.47 7860.10 1671.90 4125.47 43.43

Reeulating services Climate regulation 1237.64 40386.13  20779.32 4972.27 7816.67 0.00
guiating Waste treatment 369.12 11746.72 6861.30 12050.70 7816.67 217.13
Regulation of water flows 5905.93 25165.35  15220.80 22199349  52610.54 65.14

Maintenance of soil 21.71 16436.73 9575.42 2019.31 5015.70 43.43

Supporting services Maintenance of nutrient cycle 412.55 1259.36 738.25 151.99 390.83 0.00
Biodiversity conservation 455.98 14960.24 8706.91 5536.81 17088.11 43.43

Cultural services Aesthetic inspiration 195.42 6557.32 3843.20 4103.76 10270.24 21.71

where ESV;, ESV ;, and ESV refer to the ESV of the type i
ecosystems, the ability category of ESV ;, and the total ESV,
respectively. A, is the area (in hm?) of the type i ecosystem,
and V;; (yuan/ hm?) denotes the value coefficient for land use
type i and ecosystem service function type j.

2.4. Spatial Simulation of Land Use Change. LUCC simu-
lation models are effective and reproducible tools for ana-
lyzing the causes and consequences of land use patterns
assuming various scenarios [33]. The FLUS model was first
applied to simulated LUCC in mainland China from 2000 to
2010 [33]. The FLUS model was developed by introducing a
self-adaptive inertia and competition mechanism into the
cellular automata (CA) model to predict land use changes
[33, 44]; the Markov chain (MC) approach was adopted to
predict the scale of land use and multilayer artificial neural
networks (ANNs) were used to estimate the probability of
occurrence of different land use types. In this study, we used
GeoSOS-FLUS software to develop both a geographic
simulation and optimization system (GeoSOS) and a FLUS
model. GeoSOS-FLUS software is a powerful tool to predict
multiple LUCC scenarios by coupling human and natural
effects. It can be used to make LUCC simulations more
convenient and efficient [36]. It is important for decision-
makers to predict future land use changes and dynamic
LUCC:s for multiscenario simulations. The general structure
of the FLUS model is illustrated in Figure 2.

2.4.1. Prediction Type of Land Use. The pixel’s future type
was predicted using the Markov chain model. The transfer
probability matrix of land use types [45] was computed from
the previous state at time ¢ to the land use state at time £+ 1
[46]. In this study, ten years was selected as the initial
forecast unit to obtain the land use change, and the land use
type in 2020 was predicted. The Kappa coeflicient and figure
of merit (FOM) were used to evaluate modeling accuracy to
better compare our simulation results in 2020 with those of
previous studies in 2020. Then, the land use type in 2030 was
predicted by inputting historical data into the FLUS model.
We also predicted multiscenario simulations in 2030. The
model stopped outputting the results when it achieved the

iteration target; otherwise, the land use demand was not met,
and the model iterated 300 times in the forecast year.

2.4.2. Land Use Change Simulation Using Cellular Automata
(CA). The CA simulation was implemented in two steps.
Step 1: an artificial neural network (ANN) is used to train
and estimate the probability of occurrence of each specific
pixel of land use types. Step 2: a reliable self-adaptive inertia
and competition mechanism is designed to identify the
competition and interactions among different land use types.
The change in land use type was obtained through the high
transformation of the probability of occurrence during the
CA iteration; for example, a specific pixel either retains the
current land use type or is transferred into another land use
type. A schematic framework of the CA model is presented
in Figure 2.

Artificial neural networks are typically used to capture
the nonlinear relationship between factors that are depen-
dent on independent variables. It fits the complicated re-
lationships between input data and predicted targets
through a number of learning-recall iterations [47] and is
widely used in studies of land use change. In this study,
DEM, aspect, slope, soil type, temperature, precipitation,
potential crop, NDVI, ecological protection, GDP, pop-
ulation, distance to town, distance to residential area, dis-
tance to railway, distance to traffic, distance to water, and
POI were selected as potential driving factors of LUCC
(Table 1). The land use transfer matrix was determined, and
the probability of occurrence of land use types was esti-
mated. The expected output and the current output were
compared by randomly selecting the primary weights [48]
and then predicting the futures land use type. In general, an
ANN is composed of three layers: an input layer, a hidden
layer, and an output layer network. Its formula is as follows:

sg(p,t,k) = Z W, % sigmoid (net, (p, 1))
(3)

1
= /\ k X P — S
; P e et ()

where sg (p,t, k) is the probability of pixel conversion from
the original land use type to the target land use type k at
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iteration time #; W, is an adaptive weight between the input
layer and the hidden layer; sigmoid is the excitation function
from the hidden layer to the output layer; and net, (p,t) is
the signal received by in the hidden layer n from the pixel p
at time .

The ANN model was developed to establish the rela-
tionship between the probability of occurrence surface for a
specific land use type and the given spatial factors [33].
Whether the pixels of land use type are converted to a
specific land use type not only is consistent with the
probability of occurrence but also is related to other variable
components accounting for different development statuses
over the prediction period. Therefore, the probability of
occurrence is combined with the conversion cost, neigh-
borhood condition, and the competition and interactions of
different land use types to estimate the combined probability
for each land use pixel.

2.4.3. Multiscenario Land Use Prediction. The CA model
determines the pixel land use type according to the pixel s
previous state at a microscale, the neighbor pixel state, and
the land use transfer rules [17]. The neighborhood weight
value in CA describes the neighbor interaction between
different land use types [17, 49]. In this study, a 3 x 3 Moore
neighborhood model was adopted, and the weight of the
neighborhood of each land use type ranged from 0 to 1; the
larger the weight is, the stronger the expansion ability of the
land use type is [46]. The conversion cost is defined as the
difficulty of converting from the current land use type to
another land use type. The conversion cost values are in a
binary matrix consisting of zeros and ones, where zero
means that the transfer of the land use from the row to the
column type is not allowed, while one means that the
transfer is allowed [34].

With the LUCC characteristics and the current situation
of social and economic development in the GBA, we con-
sidered four scenarios: business-as-usual (BAU), socioeco-
nomic development (SED), cultivated protection priority
(CPP), and ecological protection priority (EPP). The four
scenarios on the land use transfer matrix in 2030 were
calculated according to the transfer probability matrix of
land use types from 2010 to 2020. GeoSOS-FLUS software
was used to calculate the land use adaptability probability

based on the land use data and driving factors of LUCC (e.g.,
DEM, aspect, slope, soil type, temperature, precipitation,
potential crop, NDVI, ecological protection, GDP, pop-
ulation, distance to town, distance to residential area, dis-
tance to railway, distance to traffic, distance to water, and
POI). Then, the spatial distribution data of LUCC for the
BAU, SED, CPP, and EPP scenarios were obtained.

3. Results
3.1. Changes in Land Use/Cover

3.1.1. Temporal Analysis of LUCC. The proportion of land
use/cover types is as shown in Table 3. Forestland was the
predominant land use type in the GBA in 2005, 2010, 2015,
and 2020, accounting for 54.86%, 54.39%, 53.85%, and
53.70%, respectively, and its proportion exhibited a con-
tinuous decline. Farmland accounted for 23.84%, 22.89%,
22.43%, and 21.88%, respectively, and these types also
appeared to undergo a sustained slow decline in 2005, 2010,
2015, and 2020. The water area declined continuously.
Moreover, the proportion of built-up land exhibited a
continuously increasing trend, accounting for 11.59%,
13.34%, 14.27%, and 15.02%, respectively. Grassland and
wetland tended to fluctuate from 2005 to 2020, initially
decreasing, then increasing, and finally decreasing. The
proportion of unused land was the smallest, and it decreased,
accounting for only less than 0.03% of the GBA.

From 2005 to 2020, built-up land exhibited the largest
change in the GBA, with a total net area increase of
1921.61 km? (Table 3). The net area changes in farmland and
forestland were larger, followed by those of water area and
wetland. Finally, the change in net area of unused land was
the smallest. The area of land use/cover types showed
varying characteristics during different phases. From 2005 to
2010, the areas of farmland and forestland declined signif-
icantly, with decreases of 531.61 km? and 260.79 km?>, re-
spectively, while built-up land had the most significant
increase (957.66km?). From 2010 to 2015, the forestland
area showed the greatest decreases (306.96 km?). The area
decrease of farmland and water areas was 254.32km” and
105.74km?, respectively. The area of grassland increased
(139.50km®) and that of wetland slightly increased
(2.68km?). Built-up land exhibited a continuously
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FIGURE 3: Spatial distribution of land use/cover types in the GBA.

increasing trend, with an area of 525.95 km® From 2015 to
2020, the area of farmland decreased the most, followed by
that of forestland, grassland, and wetland, while the water
area increased.

The change rates of the land use/cover types showed
varying characteristics during different periods (Table 3). In
2005-2020, farmland, forestland, and water area showed
stages of slow decline, while unused land and wetland de-
creased more rapidly, accounting for 66.10% and 34.84%,
respectively. However, built-up land increased the fastest
(29.60%).

3.1.2. Spatial Patterns of Land Use/Cover Change. The
spatial distribution of land use/cover types in the GBA is
shown in Figure 3. The primary land use types were for-
estland and farmland in the GBA. Forestland was mainly
distributed in the western, northwestern, and eastern re-
gions. Farmland was found in the central, southwestern, and
eastern regions, including Guangdong, Foshan, Zhongshan,
Jiangmen, and Huizhou. Built-up land was concentrated in
the central region, which had a high level of urbanization,
such as Guangdong, Shenzhen, Hong Kong, and Macao.
Grassland was scattered throughout the GBA. Water areas
were mainly distributed in the northern region of the GBA.

3.1.3. Transformation Patterns of LUCC. The total conver-
sion area of land use/cover types occurring in the GBA from

2005 to 2020 reached 6242.17 km”. The transformed land use
types were mainly farmland, forestland, water area, and
built-up land, which accounted for 39.78%, 21.69%, 18.67%,
and 15.36% of the total transformed area, respectively. These
land use types were mainly converted into built-up land,
farmland, forestland, and water area.

To illustrate where the main conversion of land use
occurred between 2005 and 2020, Figure 4 shows the spatial
distribution of the main land use changes. Built-up land
showed a significant increase of 45.00% and mainly occupied
farmland and forestland, with area increases of 1502.2 km®
and 723.07km? respectively. Farmland declined by
2483.32km?, and this area was mainly converted into built-
up land, water area, and forestland. The water area was
mainly changed into farmland and built-up land, with areas
of 553.41 km” and 492.31 km?, respectively. A small amount
of wetland and grassland was transformed and converted to
forestland, built-up land, and farmland. The proportion of
unused land was the lowest and it was mainly transformed
into wetland and forestland. Finally, the transformations of
land use/cover types were caused by human activities, one of
the most significant driving factors.

3.2. Changes in Ecosystem Service Values

3.2.1. Temporal Analysis of Ecosystem Service Values.
With the high-quality development of industrialization and
urbanization in the GBA, constructed land is constantly
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expanding in urban and rural regions, and the expansion of
construction related to urbanization, industry, and trans-
portation has resulted in the occupation of forestland, water
area, and farmland, representing the primary drivers of the
reductions in ESVs. The value of the ecosystem services in
the GBA in 2005, 2010, 2015, and 2020 is shown in Table 5
and Figure 4. The total ESVs were approximately 558.14
billion yuan in 2005, 550.69 billion yuan in 2010, 544.48

billion yuan in 2015, and 543.85 billion yuan in 2020,
exhibiting a trend of continuous decline. The value of the
ecosystem services provided by different land types was
different. Forestland contributed the most, accounting for
more than 75% of the total ESV, followed by water area,
which accounted for approximately 20%. Among land use/
cover types, the ESV losses of forestland and water area were
significant, with decreases of 8.95 billion yuan and 4.12
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billion yuan, respectively, followed by those of farmland and
wetland, which decreased by 92.60 million yuan and 59.40
million yuan, respectively. The ESV loss of unused land was
the lowest, with a decreasing value of 0.05 million yuan. In
contrast, the ESV of grassland increased by 30.05 million
yuan, accounting for less than 2% of the total ESV.

3.2.2. Spatial Changes in Ecosystem Service Values.
Figure 5 also shows the spatial distribution of the ESV
change. The high-value areas of ecosystem services were
concentrated in almost every peripheral of the northern
regions in the GBA; those areas had less land use devel-
opment and human activity and were mainly located in
Zhaoqing, Huizhou, and Jiangmen. Conversely, the low-
value areas of ecosystem services were distributed in the
central regions of the GBA, including Guangdong, Dong-
guan, Zhongshan, Hong Kong, and Macao; those areas were
subjected to intense human activity and frequent land use
change, especially the expansion of constructed land.

To determine which type of land transition that had a
major effect on the total ESV change, we produced a
transition matrix of ESV change between 2005 and 2020. The
increasing and decreasing changes in ESV are shown in
Figure 6, and, in general, the loss of ESVs was greater than
the increasing value of ecological services. The areas of
decreased ESVs were distributed throughout the entire GBA,
and the greatest losses were distributed in Foshan city, while

High

FIGURE 5: Spatial change in the distribution of ESV in the GBA in 2005, 2010, 2015, and 2020.

120 km

the areas of increased ESVs were scattered in the central
region of the GBA, such as Zhuhai city.

3.2.3. Changes in Different Ecosystem Service Values.
From 2005 to 2020, the regulating services contributed the
most, accounting for the highest proportion (>70%) of
ecosystem services. They were followed by supporting ser-
vices, accounting for approximately 20%, while provisioning
services and cultural services accounted for the lowest
proportion of the total ESV, approximately 10%.

Regulating services, supporting services, and cultural
services showed a continuous declining trend, while pro-
visioning services showed first a minor decrease and then a
slight increase, as shown in Figure 6. From 2005 to 2020, the
primary ecosystem service types, including regulating ser-
vices, supporting services, provisioning services, and cultural
services, experienced ESV losses of 10.80 billion yuan, 2.38
billion yuan, 56.60 million yuan, and 54.80 million yuan,
respectively.

In terms of the ecosystem service subtypes, the regula-
tion of water flows contributed most to the total ESV, fol-
lowed by climate regulation, maintenance of soil,
biodiversity conservation, air quality regulation, waste
treatment, and aesthetic inspiration. In contrast, mainte-
nance of the nutrient cycle contributed the least. The ESV of
the water supply exhibited an increasing-decreasing-in-
creasing trend. The regulation of water flows experienced an
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FIGURE 6: Spatial distribution of the ESV change caused by land use transition from 2005 to 2020. Positive numbers in the legend indicate
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initial decrease and then increase. The ESVs of all other
ecosystem service subtypes decreased during all periods
(Figure 7).

3.3. Future Changes in LUCC and EVS

3.3.1. LUCCin 2030. The ROC results are shown in Table S1.
The ROC values were larger than 0.74, indicating that there
was a good fit for each land type. Furthermore, the Kappa
coefficient and the overall accuracy of land use simulation
under the BAU scenario were 88.29% and 92.58%, respec-
tively, which were used to assess the accuracy of the sim-
ulation results by comparing the differences between
ground-truth land use and simulated land use in 2020. The
FOM was 0.2535, which is a high accuracy value. In this
study, multiscenario simulations of land use were carried
out, including BAU, SED, CPP, and EPP (Figure 8). The
results showed that the change in land use types was con-
sistent with the spatial regional distribution (e.g., the dis-
tribution of built-up land) without any large deviation in
spatial location, but there were differences in local areas.
Compared with 2020, the change area of each land use type
was considerable in 2030, and the degree of overall land use
fragmentation was more significant.

To identify the main conversion types, we extracted the
transformation of land use types from 2020 to 2030 from the
land transfer matrix based on the BAU, CPP, SED, and EPP
scenarios (Table 6, Tables S2-S5). The results showed that
most of land use types underwent conversion, including
farmland, built-up land, forestland, and water area.

In the BAU scenario, the areas of built-up land and
grassland were 484.33 km? and 80.75 km?, respectively, while
the areas of farmland, water area, and forestland were
451.46km°, 66.02km? and 48.50km? respectively. The
increase in built-up land was mostly due to the occupation of
farmland, and the change in land use was consistent with
that represented in the land transfer matrix; therefore, built-
up land increased sharply by 60.62%, while the farmland
declined by 70.37%. Under the SED scenario, to continu-
ously meet rapid economic and social development, the
demand for land increased. There was a rapid development
of urban sprawl, which expanded from the periphery of the
original urban boundary, and built-up land significantly
increased (total area 459.40 km?), while the area of grassland
increased only slightly. However, the forestland rapidly
decreased (361.71 km?) followed by decreases in water area,
farmland, and wetland and a slight decline in unused land.
The expansion of built-up land resulted from the conversion
of forestland, farmland, and water area, and these results
were consistent with the land transfer matrix. In the CPP
scenario, farmland played an important role in maintaining
national food security. Within the framework of the national
security system, the goal is to control the least cultivated
areas and protect the basic farmland preservation area. The
area of farmland increased the most (64.58 km?) and that of
built-up land increased only slightly (29.37 km?). Forestland
decreased the most, with a total area of 154.08 km®. For-
estland was converted to expand farmland, and grassland
was converted to urban construction in the land use transfer
matrix. In the EPP scenario, there was less pressure on
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TaBLE 6: LUCC in the GBA in different scenarios.
BAU CPP SED EPP 2020
Farmland 11798.50 12314.54 12228.77 11798.54 12253.22
Forestland 30026.00 29920.41 29712.78 30121.59 30073.14
Grassland 1281.54 1281.53 1204.59 1220.50 1201.18
Water body 3889.25 3940.15 3889.25 3989.79 3954.59
Wetland 99.29 95.25 85.17 101.07 98.38
Built-up land 8899.48 8444.52 8874.55 8764.92 8413.55
Unused land 5.95 3.60 4.89 3.60 5.94
TasLE 7: ESVs of the GBA in 2030 based on different scenarios (10° yuan).
Primary classification Secondary classification BUA SED CPP EPP 2020
Food supply 97.11 97.69 98.53 97.37 98.53
Provisioning services Raw material supply 130.44 129.05 130.13 130.75 130.58
Water supply 68.67 65.37 66.39 70.61 67.24
Air quality regulation 450.94 447.08 450.82 451.92 452.14
Reeulating services Climate regulation 1273.98 1260.15 1270.58 1277.09 1275.09
guatng Waste treatment 413.50 409.34 413.03 415.43 414.45
Regulation of water flows 1713.41 1706.16 1724.89 1737.30 1730.52
Maintenance of soil 514.41 508.46 512.77 515.61 514.55
Supporting services Maintenance of nutrient cycle 44.26 43.98 44.34 44.35 44.45
Biodiversity conservation 488.97 483.56 487.83 490.45 489.52
Cultural services Aesthetic inspiration 221.10 218.69 220.68 221.92 221.45
Total 5416.79 5369.55 5420.00 5452.80 5438.54

ecological land, such as forestland, water area, and grassland.
Compared with 2020, the area of farmland declined, with a
total reduction of 451.42 km?, while other land use types,
including forestland, grassland, water area, and wetland,
showed increases in area of 47.09 km?, 34.51 km?, 19.70 km?,
and 2.79km?’, respectively. The ecological land provided
high-quality service functions, although the area of farmland
decreased the most and the area of built-up land increased
the most.

3.3.2. Changes in ESVs in 2030. The changes in ESVs in the
GBA under multiple scenario simulations in 2030 are
presented in Table 7. The ESV's showed a downward trend in
the BAU, SED, and CPP scenarios, with a total decrease in
value of 2.18 billion yuan, 1.85 billion yuan, and 6.90 billion
yuan, respectively. The ESV showed an upward trend in the
EPP scenario, with a total increase of 1.43 billion yuan. In
terms of the type of ecosystem service, in the BAU, SED, and
CPP scenarios, the values of the regulating services, sup-
porting services, provisioning services, and cultural services
decreased compared with those in 2020, while they increased
slightly in the EPP scenario.

The ESVs in different simulated scenarios were signifi-
cantly different due to different land wuse types
(Tables S2-S5). In the BAU scenario, the decline in the total
ESV was attributed to the decrease in the ESVs of farmland,
with a loss of 2.57 billion yuan, and the change in other land
use types led to a small increase or decrease in ESVs. In the
SED scenario, the loss of ESV's was derived from the increase

in the area of built-up land and decrease in the area of
farmland, with total values of 3.47 billion yuan and 3.27
billion yuan, respectively, followed by those of forestland,
grassland, and wetland, with decreases in ESV's of 0.13 billion
yuan, 5.9 million yuan, and 1.5 million yuan, respectively.
However, an increase in ESVs resulted from a slight increase
in water area, with a total value of 1.4 million yuan. In the
CPP scenario, the decrease in farmland was remarkably
restrained, and the loss in ESVs was also significant, which
increased 1.03 billion yuan, and the other land use types (e.
g., forestland and water area) were converted to grassland
and wetland, which increased the values of ecological ser-
vices. In the EPP scenario, the increasing ESVs originated
from the contributions of water area, forestland, and
grassland, with the total values of 0.96 billion yuan, 0.54
billion yuan, and 0.22 billion yuan, respectively. This is
because the protection of the ecological environment led the
ESVs to significantly increase due to limitations on devel-
opment activities and the partial restoration of damaged
habitats.

4. Discussion and Conclusions
4.1. Discussion

4.1.1. Impact of LUCC on ESV. The change in land use was
caused by the interaction between human activities and the
ecological environment and led to the change in the eco-
logical environment. The changes in patterns of land use and
land cover types were affected by factors such as population
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growth, urbanization, land use policy, biology, climate
change, and soil [50-52], which included the natural en-
vironment, local conditions, socioeconomics, and policy
orientation, and were important driving factors of the
geographical environment and socioeconomic factors that
affected the quality and quantity of land use change. For
instance, changes in land use types were triggered by
population growth and urbanization [53], such as the
conversion of agricultural land to settlements. Therefore, the
impact of LUCCs on ecosystem services is very complex.
These changes significantly impacted ecosystem services and
led to a change in the provision of functions [54, 55], and the
losses in ESV's caused by land use change were experienced
on different regional scales [53]. Therefore, it has been
suggested that land use patterns, land management, and land
use planning also affected ESV change. It is important to
quantify and evaluate the impact of land use/cover change
on ESV and its changes, and this is necessary for the sus-
tainable development of land resources and ecological en-
vironment protection.

In line with other studies, our results indicated that rapid
urban sprawl resulted in a vast loss of ESV via land use
changes in China, especially in coastal regions [17, 19]. The
GBA is a typical representative of coastal regions with fragile
ecological environments. Land use types tended to be out of
balance, which had an impact on ESVs under the dual effects
of climate change and human activities. In addition, in
recent decades, intensive development activities, such as
urban sprawl and the construction of urban land, have
accelerated profound LUCCs in the GBA. These changes
have significantly impacted the ESVs. Hence, the impact of
LUCCs on ecosystem services is ultimately a result of the
relationship between land use development and ecological
protection. We propose a four-quadrant analysis method for
determining which land use simulation will be expected to
be adopted by the government. In the four-quadrant
analysis, the rapid expansion of urban construction indicates
land use development, while less pressure on ecological land
indicates ecological protection. The distribution of the
multiscenario simulations is presented according to land use
conversion and ESV transfer change (Tables S2-S5)
(Figure 9).

The positive and negative effects on ESVs were revealed
by multiscenario simulations in the four-quadrant analysis,
and the impacts on the landscape in terms of spatial ex-
pansion were different in different ecological regions.
Changes in ESVs resulting from the decrease in farmland
and built-up land were similar in the BAU and SED sce-
narios, which showed high land use development and low
ecological protection in the HL quadrant. One reason is that
farmland was occupied by the expansion of urban con-
struction, and the ESVs exhibited a downward trend. A
second reason is that legacy effects impacted the change in
ESVs [56, 57]. In our study, we investigated the changes in
ecosystem services in response to LUCC. The changes in the
ESVs declined in the BAU and SED scenarios due to the
continuous expansion of urban land, and the loss of eco-
logical services in the SED scenario was higher than that in
the BAU scenario, as there was a high speed of urbanization
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FiGUre 9: Relationship between land use development and eco-
logical protection under different scenarios in four-quadrant
analysis. The four quadrants are low land use development and low
ecological protection (LL), low land use development and high
ecological protection (LH), high land use development and high
ecological protection (HH), and high land use development and
low ecological protection (HL). Red indicates the best scenario,
which not only improves the land use development but also
considers ecological protection.

and rapid urban sprawl in the future. We believe that so-
cioeconomic changes are the dominant driver of changes in
ESVs [19]. In the CPP scenario, the ESVs for LUCC de-
creased the least, which showed low land use development
and high ecological protection in the LH quadrant. Measures
should be taken to protect farmland. On the one hand, the
transformation of land use change should ensure a higher-
level, higher-quality food supply, and a more efficient and
more sustainable food security system at the regional level.
On the other hand, land use should prevent the conversion
of farmland into nongrain crop production areas and sta-
bilize food production. The EPP scenario was the same as the
CPP scenario, which is shown in the LH quadrant. Eco-
logical environment protection should be considered in
future land use change initiatives. The greatest conversion
would be to forestland, grassland, and water area, increasing
the ESVs in the multiscenario simulations.

The spatial spillover effects of land use changes on ESV's
are significant and differ among different regions with
different economic levels. There have been frequent changes
in land use in the highly urbanized and economically im-
portant regions; for example, farmland, forestland, and
water area have been converted to built-up land, promoting
urbanization, and leading to more significant spatial spill-
over effects. The spatial distribution of land use led to the
spatial heterogeneity in the loss of ESV. Furthermore, the
ecological effects of land use change were also ignored by
land use management and land use planning in China and
caused by ecological environment deterioration [58] and the
loss of ESVs. Our objective was to determine how to allocate
and develop land use without compromising ecological
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sustainability so that the synergistic effect of urban high-
quality development and ecological civilization construction
(shown in red in Figure 9) will be generated.

In response to population growth, intensification of
human activities, government policies, and initiatives that
aim to improve the economy of the country without con-
sidering the environmental consequences [59], we recom-
mend that the spatial effects of ESV changes be considered in
response to the impact of LUCC on ESVs in the GBA. With
economic and social development stage transformation, the
land use transition in this area should be carefully controlled
and, facing the degradation of ecosystem services, we should
provide reasonable guidance for land use development.

4.1.2. Management Implications. Future spatiotemporal
changes in LUCC and ESV were predicted through multi-
scenario simulations, and the results showed potential effects
on long timescales in the GBA. This study will help to
understand critical tradeoffs between ecosystem services
caused by LUCC and provide valuable information for
decision-making and policy development.

The loss of ESV has significant spatial heterogeneity,
caused by the spatial difference in land use. To break the
“Matthew effect” of ecosystem services, the low value of
ecosystem services should therefore be prioritized for pro-
tection. We suggest that the characteristics and synergistic
effect of different driving factors should be considered to
optimize the ecosystem and control ecological risks, espe-
cially for low ESVs. The impact of complex human activities
on ecosystem services made us adopt differentiated and
diversified regulating strategies. The government should
comprehensively consider the ESV changes in land use and
emphasize the spatially explicit extent of the ecological
environment effect in the GBA.

In addition, land use patterns are a critical way to
protect ecosystem services, which should coordinate with
local geographic conditions and socioeconomic devel-
opment in multiscenario simulations. With the principle
of the symbiotic development of land use development
and ecological protection, the GBA needs to improve the
spatial agglomeration of urban constructed land, balance
the occupation and supplementary use of cultivated land,
and maintain the high-value ecosystem service of eco-
logical spaces. These are in response to a strategy for
ecological civilization construction to improve the har-
mony between nature and human activities, which led to
the publication of the Development Plan for the
Guangdong-Hong Kong-Macao Greater Bay Area in 2018.
Recently, the local government attempted to build an
ecological compensation mechanism, following the
principle that developers are responsible for protecting
the environment and users must compensate for damages
they cause. The ecological compensation mechanism
should be further improved through ESVs and ecological
protection costs and will be an important route for ex-
ploring ecological protection work.

Complexity

4.1.3. Limitations and Future Works. Several limitations of
the study should be considered. The first limitation of this
study is associated with the ESV valuation method. In the
ecosystem service valuation process, value coefficients are
assigned to each land use type; in this study, the value
coeflicients used were those of Xie et al. [12] and the adopted
local modified ecosystem services coefficients. However,
with the social and economic development, there should also
be differences in the understanding of ecological service
value. Furthermore, with the rapid urbanization process, the
demand for land resources should also affect ecological
service functions. Therefore, the revising factors of social
economic and resource scarcity could be considered with the
value coefficient of ecological services. The second limitation
is that the selection of driving factors could affect LUCC.
Logically, these representative factors should have an im-
portant influence on simulation accuracy and directly affect
the probability of occurrence of land use types. Several
factors were considered in the study, such as geographical
factors, environmental factors, socioeconomic factors, and
POI. However, there was a lack of government-related
decision-making factors, which may have led to uncer-
tainties in land use simulation. Consequently, the intro-
duction of the decision-making factors of land use-related
stakeholders will enhance the scientific and comprehensive
spatial simulation through the bottom-up analysis of natural
carrying capacity and the top-down analysis of territorial
spatial structure order. Urban expansion can be charac-
terized by low speed and compact and sustainable growth
under decision-making intervention. In addition, the ac-
curacy and confidence level of the analyzed results would be
more significant in future simulation research.

In future studies, we will test the applicability of higher-
resolution simulations and focus on comparative experi-
ments between the simulation results among more com-
prehensive restricted factors. Driving factors have relatively
different impacts on land use, and the weights of different
types of driving factors must be assigned. Future work may
include adding the driving factor weights to the FLUS mode.
The FLUS model transition rules should also be considered,
as those rules may change over a long period. We hope to
address this challenge in future works.

4.2. Conclusions. The spatiotemporal evolution character-
istics of the impacts of LUCC on ecosystem services in the
GBA by 2030 were analyzed in the multiscenario simula-
tions, and the following conclusions were drawn.

In 2005-2020, forestland and farmland were the pre-
dominant land use/cover types, and their proportions
continued to decline. Forestland was mainly distributed in
the western, northwestern, and eastern regions, and farm-
land was found in the central, southwestern, and eastern
regions. The water area declined continuously in the
northern region of the GBA. In contrast, the proportion of
built-up land increased continuously with high urbanization
and economic levels as a consequence of sacrificing
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farmland, forestland, and water area, and it was concen-
trated in the central region. The proportion of grassland and
wetland tended to fluctuate, initially decreasing, then in-
creasing, and finally decreasing.

During 2005-2020, ESVs continuously declined and
decreased significantly by 14.29 billion yuan. The ESV per
unit area showed a significant decline, which was largely
associated with a decrease in farmland and an increase in
built-up land. Forestland contributed the most to the total
ESV (>75%), and those areas experienced great land use
transitions and human activity. The high-value ecosystem
services were concentrated around the peripheral area of the
northern regions in the GBA.

Compared with 2020, the total ESV in the SED, BAU,
and CPP scenarios in 2030 decreased, while it increased in
the EPP scenario. The transformation of land use change was
the main reason for the decrease in ESV. For example, most
land use types will be converted, changing to or from
farmland, built-up land, forestland, and water area.

Data Availability

The data used to support the findings of this study can be
obtained from the corresponding author upon reasonable
request.

Conflicts of Interest

The authors declare that they have no conflicts of interest.

Acknowledgments

This work was supported by the Social Science Federation of
Fujian Province, under Grant FJ2019C034, and Huagqiao
University, under Grant 16SKGC-QGl11.

Supplementary Materials

Table S1. The ROC of logistic regression. Table S2. The
change of land use and ecosystem service value in BUA
scenario in 2030. Table S3. The change of land use and
ecosystem service value in SED scenario in 2030. Table S4.
The change of land use and ecosystem service value in CPP
scenario in 2030. Table S5. The change of land use and
ecosystem service value in EPP scenario in 2030. (Supple-
mentary Materials)

References

[1] A.O. Arowolo, X. Z. Deng, O. A. Olatunji, and A. E. Obayelu,
“Assessing changes in the value of ecosystem services in re-
sponse to land-use/land-cover dynamics in Nigeria,” Science
of the Total Environment, vol. 636, pp. 597-609, 2018.

[2] U. Schirpke, S. Tscholl, and E. Tasser, “Spatio-temporal
changes in ecosystem service values: effects of land-use
changes from past to future (1860-2100),” Journal of Envi-
ronmental Management, vol. 272, Article ID 111068, 2020.

[3] G.D. Xie, C. X. Zhang, C. S. Zhang, Y. Xiao, and C. X. Lu,
“The value of ecosystem services in China,” Resources Science,
vol. 09, pp. 58-64, 2015.

15

[4] R. Alkemade, B. Burkhard, N. D. Crossman, S. Nedkov, and
K. Petz, “Quantifying ecosystem services and indicators for
science, policy and practice,” Ecological Indicators, vol. 37,
pp. 161-162, 2014.

[5] M. M. Hu, Z. T. Li, Y. F. Wang, M. Jiao, M. Li, and B. Xia,
“Spatio-temporal changes in ecosystem service value in re-
sponse to land-use/cover changes in the Pearl River Delta,”
Resources, Conservation and Recycling, vol. 149, pp. 106-114,
2019.

[6] W. E. Westman, “How much are nature’s services worth?”
Science, vol. 197, no. 4307, pp. 960-964, 1977.

[7] P.R.Ehrlich and H. A. Mooney, “Extinction, substitution, and
ecosystem services,” BioScience, vol. 33, no. 4, pp. 248-254,
1983.

[8] G. Daily, S. Postel, K. Bawa, and L. Kaufman, Nature’s Ser-
vices: Societal Dependence on Natural Ecosystems,” Bibliovault
OAI Repository, The University of Chicago Press, Chicago,
Ilinois, 1997.

[9] R. Costanza, R. d’Arge, R. De Groot et al., “The value of the
world’s ecosystem services and natural capital,” Nature,
vol. 387, no. 6630, pp. 253-260, 1997.

[10] R. Costanza, R. De Groot, P. Sutton et al., “Changes in the
global value of ecosystem services,” Global Environmental
Change, vol. 26, pp. 152-158, 2014.

[11] Millennium Ecosystem Assessment, “Ecosystems and Human
Well- Being: Synthesis”, Island Press, Washington DC, 2005.

[12] G.D.Xie, C.X. Zhang, L. M. Zhang, W. H. Chen, and S. M. Li,
“Improvement of the evaluation method for ecosystem service
value based on per unit area,” Journal of Natural Resources,
vol. 30, pp. 1243-1254, 2015.

[13] R. Costanze, J. Cumberland, H. Daly, and R. Goodland, An
Introduction to Ecological Economics, St. Lucie Press and ISEE,
Delray Beach, Florida, USA, 1997.

[14] D. W. Pearce, “Auditing the Earth: The Value of the World’s
Ecosystem Services and Natural Capital,” Environment: Sci-
ence and Policy for Sustainable Development, vol. 40,
pp. 23-28, 1998.

[15] L. Hein, K. van Koppen, R. S. de Groot, and E. C. van Ierland,
“Spatial scales, stakeholders, and the valuation of ecosystem
services,” Ecological Economics, vol. 57, no. 2, pp. 209-228,
2006.

[16] N. K. Msofe, L. X. Sheng, Z. X. Li, and J. Lyimo, “Impact of
land use/cover change on ecosystem service values in the
kilombero valley floodplain, southeastern Tanzania,” Forests,
vol. 11, no. 1, p. 109, 2020.

[17] Y. B. Liu, X. Y. Hou, X. W. Li, B. Song, and C. Wang,
“Assessing and predicting changes in ecosystem service values
based on land use/cover change in the Bohai Rim coastal
zone,” Ecological Indicators, vol. 111, Article ID 106004, 2020.

[18] C. C. de Araujo Barbosa, P. M. Atkinson, and J. A. Dearing,
“Extravagance in the commons: resource exploitation and the
frontiers of ecosystem service depletion in the Amazon es-
tuary,” Science of the Total Environment, vol. 550, pp. 6-16,
2016.

[19] C.Y. Wu, B. Chen, X. J. Huang, and Y. Dennis Wei, “Effect of
land-use change and optimization on the ecosystem service
values of Jiangsu province, China,” Ecological Indicators,
vol. 117, Article ID 106507, 2020.

[20] Y.F.Li,J. Y. Zhan, Y. Liu, F. Zhang, and M. Zhang, “Response
of ecosystem services to land use and cover change: a case
study in Chengdu City,” Resources, Conservation and Recy-
cling, vol. 132, pp. 291-300, 2018.


https://downloads.hindawi.com/journals/complexity/2022/7734221.f1.zip
https://downloads.hindawi.com/journals/complexity/2022/7734221.f1.zip

16

[21] U. P. Kreuter, H. G. Harris, M. D. Matlock, and R. E. Lacey,
“Change in ecosystem service values in the San Antonio area,
Texas,” Ecological Economics, vol. 39, no. 3, pp. 333-346, 2001.

[22] Y. He, W. H. Wang, Y. D. Chen, and H. Yan, “Assessing
spatio-temporal patterns and driving force of ecosystem
service value in the main urban area of Guangzhou,” Scientific
Reports, vol. 11, no. 1, p. 3027, 2021.

[23] J. G. Liu, S. X. Li, Z. Y. Ouyang, C. Tam, and X. Chen,

“Ecological and socioeconomic effects of China’s policies for

ecosystem services,” Proceedings of the National Academy of

Sciences, vol. 105, no. 28, pp. 9477-9482, 2008.

C. Ziter, R. A. Graves, and M. G. Turner, “How do land-use

legacies affect ecosystem services in United States cultural

landscapes?”  Landscape Ecology, vol. 32, mno. 11,

pp. 2205-2218, 2017.

[25] M. Biirgi, L. Ostlund, and D. J. Mladenoff, “Legacy effects of
human land use: ecosystems as time-lagged systems,” Eco-
systems, vol. 20, no. 1, pp. 94-103, 2017.

[26] X.S. Hu, W. Hong, R. Z. Qiu, T. Hong, C. Chen, and C. Wu,

“Geographic variations of ecosystem service intensity in

Fuzhou City, China,” Science of the Total Environment,

vol. 512-513, pp. 215-226, 2015.

L. Huang, C. L. He, and B. Wang, “Study on the spatial

changes concerning ecosystem services value in Lhasa River

Basin, China,” Environmental Science and Pollution Research,

vol. 29, no. 5, pp. 7827-7843, 2021.

[28] J.J. Lawler, D. J. Lewis, E. Nelson et al., “Projected land-use

change impacts on ecosystem services in the United States,”

Proceedings of the National Academy of Sciences, vol. 111,

no. 20, pp. 7492-7497, 2014.

X. Li, J. Y. Lin, Y. M. Chen, X. Liu, and B. Ai, “Calibrating

cellular automata based on landscape metrics by using genetic

algorithms,” International Journal of Geographical Informa-

tion Science, vol. 27, no. 3, pp. 594-613, 2013.

J. Y. Li, H. X. Chen, C. Zhang, and T. Pan, “Variations in

ecosystem service value in response to land use/land cover

changes in Central Asia from 1995-2035,” Peer], vol. 7,

p. 7665, 2019.

[31] G.P.Luo, C.Y.Yin, X. Chen, W. Xu, and L. Lu, “Combining

system dynamic model and CLUE-S model to improve land

use scenario analyses at regional scale: a case study of Sangong

watershed in Xinjiang, China,” Ecological Complexity, vol. 7,

no. 2, pp. 198-207, 2010.

K. Islam, M. F. Rahman, and M. Jashimuddin, “Modeling land

use change using cellular automata and artificial neural

network: the case of chunati wildlife sanctuary, Bangladesh,”

Ecological Indicators, vol. 88, pp. 439-453, 2018.

[33] X. P. Liu, X. Liang, X. Li et al., “A future land use simulation

model (FLUS) for simulating multiple land use scenarios by

coupling human and natural effects,” Landscape and Urban

Planning, vol. 168, pp. 94-116, 2017.

X. Liang, X. P. Liu, X. Li, Y. Chen, H. Tian, and Y. Yao,

“Delineating multi-scenario urban growth boundaries with a

CA-based FLUS model and morphological method,” Land-

scape and Urban Planning, vol. 177, pp. 47-63, 2018.

[35] W. B. Lin, Y. M. Sun, S. Nijhuis, and Z. Wang, “Scenario-

based flood risk assessment for urbanizing deltas using future

land-use simulation (FLUS): guangzhou Metropolitan Area as

a case study,” Science of the Total Environment, vol. 739,

Article ID 139899, 2020.

B. Rimal, R. Sharma, R. Kunwar et al., “Effects of land use and

land cover change on ecosystem services in the Koshi River

Basin,” Eastern Nepal, vol. 38, Article ID 100963, 2019.

[24

[27

[29

(30

[32

(34

[36

Complexity

[37] X. C. Qin and B. H. Fu, “Assessing and predicting changes of
the ecosystem service values based on land use/land cover
changes with a random forest-cellular automata model in
qingdao metropolitan region, China,” Ieee Journal of Selected
Topics in Applied Earth Observations and Remote Sensing,
vol. 13, pp. 6484-6494, 2020.

[38] F. Song, F. L. Su, C. X. Mi, and D. Sun, “Analysis of driving
forces on wetland ecosystem services value change, A case in
Northeast China,” Science of the Total Environment, vol. 751,
Article ID 141778, 2021.

[39] J.S. Wu, D. N. Zhang, H. Wang, and X. Li, “What is the future
for production-living-ecological spaces in the Greater Bay
Area? A multi-scenario perspective based on DEE,” Ecological
Indicators, vol. 131, Article ID 108171, 2021.

[40] J. Y. Liu, M. L. Liu, D. F. Zhuang, and L. Wang, “Study on
spatial pattern of land-use change in China during
1995-2000,” Science in China - Series D: Earth Sciences,
vol. 46, pp. 373-384, 2003.

[41] G. D. Xie, C. X. Zhang, L. Zhen, and L. Zhang, “Dynamic
changes in the value of China’s ecosystem services,” Ecosystem
Services, vol. 26, pp. 146-154, 2017.

[42] L. F. Xu, X. G. Xu, T. Luo, and K. Wang, “Services based on
land use: a case study of Bohai Rim,” Geographical Research,
vol. 31, pp. 1775-1784, 2020.

[43] L. Tianhong, L. Wenkai, and Q. Zhenghan, “Variations in
ecosystem service value in response to land use changes in
Shenzhen,”  Ecological =~ Economics, vol. 69, no. 7,
pp. 1427-1435, 2010.

[44] X. Liand]. A. Ye, “Cellular automata for simulating complex
land use systems using neural networks,” Geographical Re-
search, vol. 24, pp. 19-27, 2005.

[45] X.Fu, X. H. Wang, and Y. J. Yang, “Deriving suitability factors
for CA-Markov land use simulation model based on local
historical data,” Journal of Environmental Management,
vol. 206, pp. 10-19, 2018.

[46] L. Zhou, X. W. Dang, Q. Sun, and S. Wang, “Multi-scenario
simulation of urban land change in Shanghai by random
forest and CA-Markov model,” Sustainable Cities and Society,
vol. 55, Article ID 102045, 2020.

[47] X. Li and A. G. O. Yeh, “Neural-network-based cellular
automata for simulating multiple land use changes using
GIS,” International Journal of Geographical Information Sci-
ence, vol. 16, no. 4, pp. 323-343, 2002.

[48] A. Gharaibeh, A. Shaamala, R. Obeidat, and S. Al-Kofahi,
“Improving land-use change modeling by integrating ANN
with Cellular Automata-Markov chain model,” Heliyon,
vol. 6, no. 9, Article ID 05092, 2020.

[49] W. Xu, M. Bo-wen, L. Dan, C. Kun-lun, and Y. Hua-song,
“Multi-scenario simulation and prediction of ecological space
in Hubei province based on FLUS model,” Journal of Natural
Resources, vol. 35, no. 1, pp. 230-242, 2020.

[50] L.F. Qiu, Y. Pan,J. X. Zhu, and X. Chen, “Integrated analysis
of urbanization triggered land use change trajectory and
implications for ecological land management: A case study in
Fuyang, China,” Science of Total Environment, vol. 660,
pp. 209-217, 2019.

[51] E.Shifaw, J. M. Sha, X. M. Li, Z. Bao, and Z. Zhou, “An insight
into land-cover changes and their impacts on ecosystem
services before and after the implementation of a compre-
hensive experimental zone plan in Pingtan island, China,”
Land Use Policy, vol. 82, pp. 631-642, 2019.

[52] M. Q. Chen, Y. F. Lu, L. Ling, Y. Wan, Z. Luo, and H. Huang,
“Drivers of changes in ecosystem service values in Ganjiang



Complexity

[53

(54]

(55]

(56]

(57]

(58]

(59]

upstream watershed,” Land Use Policy, vol. 47, pp. 247-252,
2015.

Y. S. Liu, “Introduction to land use and rural sustainability in
China,” Land Use Policy, vol. 74, pp. 1-4, 2018.

J. A. Simmons, W. S. Currie, K. N. Eshleman, and C. Xiao,
“Forest to reclaimed mine land use change leads to altered
ecosystem structure and function,” Ecological Applications,
vol. 18, pp. 104-118, 2008.

S. R. Wang, W. Meng, X. C. Jin, Bh Zheng, L. Zhang, and
Hy Xi, “Ecological security problems of the major key lakes in
China,” Environmental Earth Sciences, vol. 74, no. 5,
pp. 3825-3837, 2015.

M. Schermer, I. Darnhofer, K. Daugstad, M. Gabillet,
S. Lavorel, and M. Steinbacher, “Institutional impacts on the
resilience of mountain grasslands: an analysis based on three
European case studies,” Land Use Policy, vol. 52, pp. 382-391,
2016.

T. Schulz, S. Lauber, and F. Herzog, “Summer farms in
Switzerland: profitability and public financial support,”
Mountain Research and Development, vol. 38, pp. 14-23, 2018.
G.L.Xu, X.J. Huang, T. Y. Zhong, Y. Chen, C. Wu, and Y. Jin,
“Assessment on the effect of city arable land protection under
the implementation of China’s National General Land Use
Plan (2006-2020),” Habitat International, vol. 49,
pp. 466-473, 2015.

C. Leemhuis, F. Thonfeld, K. Néschen et al., “Sustainability in
the food-water-ecosystem nexus: the role of land use and land
cover change for water resources and ecosystems in the kil-
ombero wetland, Tanzania,” Sustainability, vol. 9, p. 1513,
2017.

17



