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Abstract: Coordinating ecosystem service supply and demand equilibrium and utilizing machine
learning to dynamically construct an ecological security pattern (ESP) can help better understand
the impact of urban development on ecological processes, which can be used as a theoretical
reference in coupling economic growth and environmental protection. Here, the ESP of the
Changsha-Zhuzhou-Xiangtan urban agglomeration was constructed, which made use of the Bayesian
network model to dynamically identify the ecological sources. The ecological corridor and ecological
strategy points were identified using the minimum cumulative resistance model and circuit theory.
The ESP was constructed by combining seven ecological sources, “two horizontal and three vertical”
ecological corridors, and 37 ecological strategy points. Our results found spatial decoupling between
the supply and demand of ecosystem services (ES) and the degradation in areas with high demand for
ES. The ecological sources and ecological corridors of the urban agglomeration were mainly situated
in forestlands and water areas. The terrestrial ecological corridor was distributed along the outer
periphery of the urban agglomeration, while the aquatic ecological corridor ran from north to south
throughout the entire region. The ecological strategic points were mainly concentrated along the
boundaries of the built-up area and the intersection between construction land and ecological land.
Finally, the ecological sources were found primarily on existing ecological protection zones, which
supports the usefulness of machine learning in predicting ecological sources and may provide new
insights in developing urban ESP.

Keywords: ecological security pattern; ecological strategy point; ecological source; ecological corridor;
the urban agglomeration

1. Introduction

The continued urbanization has led to a sharp increases in population among urban areas and the
rapid expansion of built-up areas [1-3]. The haphazard expansion of built-up spaces and the intrusion
into natural ecosystems have restricted sustainable development in cities. In particular, the status of
urban agglomerations in regional development has become increasingly crucial. As the leading form
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of new urbanization, urban development faces environmental security threats such as biodiversity
reduction, soil erosion, and water shortage [4-6]. Ensuring the structural stability and functional safety
of urban agglomeration ecosystems and achieving high-quality development of urban agglomerations
have become a focal point of interest among researchers and policy-makers from around the globe.

The ecological security pattern (ESP) can characterize the integrity and health of current natural
ecosystems, and the long-term potential of biodiversity conservation and landscape ecological
restoration [7,8]. Compared with similar concepts such as urban growth boundary [9] and urban
development boundary [10], the theoretical basis for ESP is the principle of landscape ecology, which
is focused on the spatial (or functional) association between important patches from the perspective of
corridors [4]. Two fundamental steps in the construction of the ESP include identifying the ecological
sources and determining the ecological corridors. In identifying ecological sources consisting of critical
natural habitat patches, two main approaches are used. The first deals with directly selecting nature
reserves, scenic spots, and vast ecological lands [11-13]. The other is based on the framework of
“importance-sensitivity-connectivity” [14-16], which has become more acceptable since it focuses on
the structural and functional aspects of the ecosystem. As for identifying ecological corridors, there
are numerous techniques available [17-19]. The minimum cumulative resistance (MCR) model is
the most widely used approach, which simulates the cost of the ecological sources to overcome the
different resistance of landscape media in the process of ecological expansion and reconstructs the
potential ecological corridor reflecting species migration [20-22]. The existing research on developing
ESP has mainly focused on solitary cities and often neglects the context of urban agglomerations.
Traditional methods of ecological sources identification have been based largely on the static evaluation
of ecological service importance, ecological sensitivity, and landscape connectivity. Even though the
ESP construction method based on the flow of ecosystem services (ES) has become part of the current
mainstream research [4], the identification of ecological source and ecological corridors remains to
have a mismatch between supply and demand space [4]. This approach fails to consider the correlation
between different ecological processes and neglects the dynamic transformations in ecological land use,
thereby reducing the effectiveness of source identification. Also, while the MCR model can adequately
describe the direction of the ecological corridor, it fails to provide information regarding its scope [23].
Moreover, the current literature has often overlooked ecological strategy points [4,23], which, in the
context of urban planning, are essential for maintaining and improving ecological corridors. Therefore,
conducting an in-depth analysis of the correlation between different ecological processes is essential in
understanding the ESP in urban agglomerations and in establishing new methods for analyzing ESP.

As one of the most important urban clusters in China, the Changsha-Zhuzhou-Xiangtan urban
agglomeration serves as a prototype for China’s integrated development. During the period of
1995-2018, urbanization in the Changsha—Zhuzhou-Xiangtan region resulted in a number of adverse
ecological impacts, including habitat loss, water shortage, soil erosion, and air pollution [24,25].
Given the challenges of balancing ecological protection with economic expansion, demonstrating
the connection between the supply and demand patches of ES and establishing the correlations
between different ecological processes can contribute substantially to high-quality economic, social,
and ecological development. Taking the Changsha—Zhuzhou-Xiangtan urban agglomeration as an
example, this study made use of a Bayesian network model that integrates the historical characteristics
of the ecological sources, the geographical factors, the ecosystem health, and the supply and demand
of ES, in order to identify the ecological sources. The minimum cumulative resistance model and the
circuit theory were incorporated to build the ecological corridor and ecological strategic point, which
are necessary for the development of the ESP. The results would provide useful, practical reference for
future works in ESP development of urban agglomerations.

The main contribution of this study can be summarized as follows. First, in using the supply and
demand equilibrium of ES, the construction of the ESP considers ecosystem integrity and the integration
of urban agglomerations, thereby increasing the effectiveness of the ESP. Second, machine learning
was employed to dynamically identify ecological sources, which enabled combining the changes of
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ecological land (empirical knowledge) with the influence of the current situation (observation data) in
executing comprehensive identification of ecological sources. Previous researches have focused on the
“importance-sensitivity-connectivity” in identifying ecological sources [14-16], which often neglected
the lessons of historical land use. Moreover, traditional techniques cannot adequately present the
dynamic characteristics of ecological land use, since ecological lands can be encroached by cultivated
land and construction land.

2. Study Area and Methodologies

2.1. Study Area

The Changsha-Zhuzhou-Xiangtan urban agglomeration is located in the middle and lower
reaches of the Xiangjiang River, in the northeast of Hunan Province, with a total area of 28,000 km?
(see Figure 1). The region has a unique spatial combination of the intraregional basins alternating
with hills, and towns interspersed with villages. The Xiangjiang River runs through the entire urban
agglomeration from south to north, splitting the urban agglomeration into two. The forest and
cultivated lands constitute a unique landscape in the area, where cultivated land accounts for 34.59%
of the total land area, and the forest land is 53.68%. The whole region is situated in the subtropical
monsoon climate zone, with an average annual temperature of 16-18 °C and an average annual
precipitation of about 1200-1500 mm. The metropolitan area of the Changsha—Zhuzhou—Xiangtan
urban agglomeration was selected as the study area, which includes the urban zones of Changsha
City, Zhuzhou City, and Xiangtan City, as well as Changsha County, Zhuzhou County, and Xiangtan
County [26,27]. With an estimated population of 8.79 million (2018) and gross domestic product
(GDP)of 1063 billion yuan, the study area of roughly 8629 km? in size and a built-up area of 1039 km?
is the most representative area of significant urbanization and ecological environment change in the
entire urban agglomeration.
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Figure 1. Location of the study area.

2.2. Data Sources and Processing

The research datasets included the vector diagram of administrative divisions, the spatial
distribution data of soil texture, soil erosion, land-use data, average temperature, average precipitation,
population, and GDP of the Changsha—-Zhuzhou-Xiangtan urban agglomeration for 1995 and 2018,
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which were all acquired from the Resource and Environmental Science Data Center of the Chinese
Academy of Sciences. The elevation, slope, and distance from roads, water bodies, and construction
land of the urban agglomeration were obtained using ArcGIS 10.2 (developed by Environmental
Systems Research, Inc., USA) spatial analysis and Euclidean distance tools. The ES supply was
calculated using the ecosystem value coefficient developed by Xie Gaodi [28]; the ES demand data
was based on the ES demand model developed by Jing Yongcai et al. [29]; and, the ecosystem vitality
was quantified by adopting the net primary production (NPP) [30]. NPP data utilize the MOD17A3
product with 1 km resolution provided by NASA EOS/MODIS (from http://ladswed.nascom.nasa.gov).
The ecosystem organization data was determined by the weight coefficient model with the use
of landscape indices, such as landscape heterogeneity, landscape connectivity, and prominent land
cover [31,32] (see Table 1). The dominant land-use types in the area included cultivated land, forest land,
grassland, water area, construction land, and unused land. In this study, forest lands, grasslands, and
water areas were classified as ecological land [33,34]. Its main functions include maintaining ecosystem
stability and providing ES, thereby resulting in a far-reaching impact on ecological sustainability.
The cultivated land in the region’s core had considerably been urbanized with its agricultural functions
significantly undercut and was therefore excluded in analyzing the ecological land use.

Table 1. Explanation of the key ecological security pattern indicators.

Key Indicators Definition Explanation

ESVk is the ecosystem service value (ESV) of each
land-use type (k). Ay is the area (in hectares) for

Ecosystem service (ES) supply ESVie = L A x VCk each land-use type. VCk is the value parameter
(in Yuan/hectare) for land-use types.
EO is the structural stability of ecosystems,
EO — determined by landscape patterns. LC is the

Ecosystem organization landscape connectivity. LH is landscape
heterogeneity. IC is the patch connectivity of
important land (e.g., forest, wetland).
Ecosystem vitality is the ecosystem’s metabolism
or primary productivity. The net primary

Ecosystem vitality NPP production (NPP) is used to assess ecosystem
vigor, which has been proven useful in assessing
the primary productivity of ecosystems [30].
LDI is the demand for ESV. Con is the proportion
of developed land. POPD is the population
density. GDPD is the economic density.

0.35xLC+0.35x LH 4 0.3 xIC

LDI =

ES demand Con x 1g(POPD) x 1g(GDPD)

2.3. Methodology

The framework used in analyzing the ESP was the “ecological source-ecological corridor-ecological
strategic point” approach (see Figure 2). Based on the supply and demand relationship of ES, the
Bayesian network was used to dynamically identify the ecological sources. The ecological corridor
and the ecological strategy were identified using the minimum cumulative resistance model (MCR).
Specifically, the MCR model was used to determine the basic spatial orientation of the ecological corridor
and the circuit theory to extract ecological strategic points based on barriers to the ecological corridor.


http://ladswed.nascom.nasa.gov

Sustainability 2019, 11, 6416 50f 16

Ecosystem service
(ES) supply

ESd d
'& ArcGIS Data Acquisitio
Indicator@,—» Social Economy 4[

Ecosystem Health Data Discretization|
Geographic Factors|

Ls |

]

Basic Resistance Nighttime Light
Surface Data

v

‘ Net Learning ‘ e

B . : - f Modified Resi rf
Ecological—\Sources MATLAB| [ o oter Learning ——> Ecological Sources : ‘ odified eilsmce Su ace‘

AP ArcGIS - :
Indentification Model Sensitivity Analyzing ’_l—‘%%ej—mﬂ’i{mm Cumulaive Resistance Surface ‘
* [Ecological Corridors
Apache Spar@ : R T e : ‘
Predict ecology source ———— *| Ecological Strategy/ :

Point

EEcological Security:
Pattern

Figure 2. The methodology framework of the study.
2.3.1. Ecological Source Identification Based on Bayesian Network Machine Learning

The Bayesian network machine learning model included selecting indicators required for the
identification of ecological sources, learning of evolution characteristics of ecological sources, and
simulating the detection of ecological sources.

Indicator Selection

Ecological sources serve as the primary component of ESP and refer to the most critical patch
in supplying regional ES and maintenance of regional landscape ecological processes. Essential
aspects such as topography, society, economy, and ES were included in reconstructing the ESP.
These fundamental elements were categorized into four groups: geographic factors (e.g., topography,
climate, and soil texture), social economy (e.g., population density and GDP density), ecosystem health
(e.g., ecosystem organization and ecosystem vitality), and supply and demand of ES. For reference,
ecosystem health is the metaphor for how the composition, structure, and function of urban
agglomeration ecosystems are kept intact by anthropogenic activities and can provide sustainable and
stable resources and services for human survival. The specific indicators and their discrete classification
are summarized in Table 1. All indicator datasets were processed using the ArcGIS 10.2 Spatial Analyst
and distance calculation tool to obtain the corresponding indicator raster maps, and the resolution was
unified to 30 m.

Ecological Source Identification Model Construction

Note that 1714 random sample points were generated using the vector map of 1995 urban
agglomeration ecological land. The sample points were superimposed over the indicator raster map,
and the ArcGIS 10.2 Extract-Values-to-Table function was used to obtain the indicator value for each
sample. The sample points were then overlapped with the 2018 land-use map to determine whether
the sample points were on ecological land. Samples located on ecological land were assigned a value
of 1; otherwise, the value assigned was 0. Since most of the indicator data were discrete, MATLAB
R2016a (developed by MathWorks, USA) was employed to divide the indicators into two to four
grades, similar to those used in previous research [35]. The specific indicator discretization results
are shown in Table 1. MATLAB R2016a was also used to construct the Bayesian network model and
parameter learning, and in analyzing the sensitivity of the model. Larger variance reduction means
that the indicator has a greater influence on ecological lands (see Table 2). From the results, the Bayes
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method in Apache Spark was used to predict and measure the changes in ecological use. Kriging
interpolation using ArcGIS 10.2 Spatial Analyst was employed to obtain the ecological safety land
probability (referring to the probability of conversion from ecological land to nonecological land),
which was reclassified based on the Jenk’s optimization method. Patches with resulting probability
greater than 0.5 were designated as land for ecological use, while those with probability greater than
0.65 were assigned as the ecological sources.

Table 2. Ecological sources identification indicator system and sensitivity to target variable.

. Grade Code Variance
Variable Name 1 2 3 4 Reduction/%
ES supply 0-0.4 04-0.7 0.7-1.0 >1.0 12.3
Ecosystem organization 0-0.22 0.22-0.27 0.27-0.31 >0.31 12
Ecosystem vitality <0.46 0.46-0.66 0.66-0.75 >0.75 11.07
Elevation <70 70-150 150-250 >250 2.03
slope 0-5 5-10 10-15 >15 2.27
Distance to the road <5000 5000-10,000 10,000-20,000  >20,000 0.0707
Distance to water body <4000 4000-8000 8000-15,000 >15,000 3.27
Distance to construction land <750 750-1950 1950-4500 >4500 0.77
Population density <1450 1450-4500 4500-9000 >9000 0.723
Gross domeszlﬁsli’tr;dud GDP) 50,000 20,000-60,000 60,000-150,000 >150,000 0.554
Severity of water erosion 1 2 3 0.025
Soil sand content <36 3643 44-53 >54 0.315
Soil particle content <21 21-28 29-34 =235 0.281
Soil clay content <26 26-32 33-39 >40 0.252
Average rainfall <1600 1600-1670 1670-1700 1700-1780 0.58
Average temperature <18 18-18.5 18.5-18.8 >18.8 0.49
ES demand <2 2-7 7-14 >14 0.74
Ecological land Yes (1) No (0)

2.3.2. Ecological Corridor Construction Based on Minimum Cumulative Resistance (MCR) Model

The MCR model was used to calculate the cost of a species moving from a source region to a target
region. The corridor range was determined based on the cumulative resistance threshold, and the area
exceeding the threshold was excluded from the ecological corridor. The ArcGIS 10.2 plug-in Linkage
Mapper Arcl0 was utilized to identify the ecological corridors [32]. The formula used in calculating
the minimum cumulative resistance is:

i=m
MCR = fminz D;; X R; )

j=n

where MCR is the minimum cumulative resistance value, D;; is the spatial distance of the species from
the source j to the target i, R; is the resistance coefficient of the landscape unit to the movement of a
particular species, and f is a positive correlation function between MCR and the ecological process.
The MCR model requires two parameters: the ecological sources and the ecological resistance
surface coefficient. The ecological sources were identified by Bayesian network machine learning,
while the ecological resistance surface coefficient was set based on relevant literature [32,36]. Since the
Xiangjiang River runs through the entire urban agglomeration, a unique ecological landscape has
been formed with a significant difference between land and water species migration. Thus, this
study arranged different ecological resistance surface coefficients and simulated the construction
of terrestrial and aquatic ecological corridors, which constitute the ecological corridor system
of Changsha—Zhuzhou—Xiangtan urban agglomerations. For the terrestrial ecological resistance
coefficients, construction land had the highest coefficient value, while forest land had the lowest.
The terrestrial resistance surface coefficients for the various land cover types are as follows: forest
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land (1), grassland (10), water area (200), cultivated land (150), unused land (300), and construction
land (500). For the hydrologic-ecological resistance surface coefficients, the coefficient for construction
land was highest, while the coefficient of the water area was lowest. The hydrological resistance
surface coefficients for the various land cover types are as follows: water area (1), forest land (150),
cultivated land (200), grassland (150), unused land (300), and construction land (500). Since the urban
ecological corridor has significantly been affected by anthropogenic disturbance, the impact of human
interference on the corridor construction was reduced using the nighttime light index as correction to

the MCR [32,37,38]:
TLI

~ TLI,
where R” is the modified resistance value, R is the initial resistance value, TLI; is the night light index
of the grid, and TLI, is the average night light index of the land-use type corresponding to the grid i in
the urban agglomeration.

R X R )

2.3.3. Ecological Strategy Point Identification Based on Circuit Theory

As for the spatial distribution, the discontinuous (mutation) points in the ecological corridor were
mainly caused by ecological high-resistance patches cutting off the ecological corridor, comparable to
the concept of “pinch” in circuit theory. These points, which are critical to the efficiency of species
migration and are significantly impacted by human activities, are defined as ecological strategy
points. The ArcGIS 10.2 plug-in Circuitscape was used to identify the ecological strategy points in this
study [32].

3. Results

3.1. ES Supply and Demand Space Pattern

As for the spatial formation of ES supply (see Figure 3a), the spatial distribution of
ES supply showed significant differences among the various administrative units inside the
Changsha—-Zhuzhou—Xiangtan urban agglomerations due to the differences in land-use structure
and natural environment. The economic value of ES ranged from 0 to 2.24 x 107 yuan. The high ES
value areas were mainly concentrated on vegetated areas of Changsha County in the north, of Zhuzhou
County in the southeast, and of Xiangtan County in the south. The low ES value areas were mainly
located in the urban areas of Changsha City, Zhuzhou City, and Xiangtan City. Overall, the value of
ES exhibited a “central-periphery” model in terms of spatial patterns and showed a radial trend that
increases towards the periphery. This spatial distribution pattern was a reflection of the development
model that had urbanization spreading from the center to the periphery and was indicative that the
proportion of construction land was higher in the urban zones, and the ES value of construction land
was 0. The value of ES in urban areas was low, while the value of ES in the surrounding counties
was higher for vegetation and water areas. This suggests that the spatial distribution of ES had been
completely affected by land-use type.

With regards to the demand for ES (see Figure 3b), the spatial distribution pattern of the ES
demand for the Changsha—Zhuzhou—Xiangtan urban agglomeration corresponded to that of the
urbanization level [39]. The region’s urban areas were clusters of high-value ES demand, exhibiting
a spatial distribution that is decreasing from the urban zones to the surrounding areas. A regional
difference in the demand for ES was observed, caused mainly by variations in growth factors such
as population, economy, and infrastructure development. Specifically, urban agglomerations have
significant advantages in terms of urban construction, development policies, and scale of development
in urban areas, which promote economic growth, population clustering, and rapid land development.
As a result, the demand for ecological services in the region has become high.
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Figure 3. The spatial pattern of supply and demand for ecological services.

3.2. Ecological Sources

As shown by the distribution map of ecological sources in Figure 4, the areas with a high
number of ecological sources were located in the northeast and the southeast, while the middle
part had very few ecological sources. The central region (Changsha City, Zhuzhou City, Xiangtan
City) had the smallest ecological source area, being the economic development center of the urban
agglomeration. This area holds the highest degree of urbanization and is the most densely populated,
which consequently constrains the number of ecological sources, except for the protected green heart
zone. In the mountainous northeast and southeast, vegetation cover is high, and the ecological source
area was large. Overall, the ecological source area of the whole urban agglomeration is 3686 km?,
accounting for 56.12% of the total ecological land area and 42.72% of the urban area. In terms of the
land-use type, the ecological sources were mainly found in the forest lands (3051 km?) and water areas
(404 km?), which account for 93.74% of the entire area covered by ecological sources.
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Figure 4. The spatial pattern of the ecological sources.

3.3. Ecological Corridors and Ecological Strategic Points

Two ecological corridors for both land and water were identified in the
Changsha-Zhuzhou—Xiangtan urban agglomeration, as shown in Figure 5. The terrestrial
ecological corridor was 504 km, while the aquatic ecological corridor was 366 km, for a total length of
870 km. The results showed that the average ecological resistance value for land was 16.88, and that
the values were high at the urban centers and diminished towards the surrounding areas. There were
27 “strategic points” on the terrestrial ecological corridor, 17 of which were located in the peripheral
areas of Changsha City, Zhuzhou City, and Xiangtan City. The high ecological resistance values in
these places indicate that these areas are not conducive to wildlife mobility. In addition, 10 points
were located in the periphery of ecological sources found in the northeast and south, indicating that
movement of wildlife in these places is frequent. The average ecological resistance value for water
areas was 43.31, and the regions with high ecological resistance values were mainly found in the
Xiangjiang River Basin. The major tributaries and wetlands within the urban agglomeration were
found to be connected with each other. Ten “strategic points” were identified along the aquatic
ecological corridors, seven of which were located at the intersection of the urban construction land
and the rivers running through the urban districts of the three cities. These included the Changsha
integrated shipping hub, Xiangtan’s Zhubu Port, Xia Shesi Street, Zhuzhou'’s Qingshuitang area, and
other pollution control areas along the Xiangjiang River. These areas have serious pollution problems
and high ecological resistance, which significantly hinder the movement of aquatic organisms.
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Figure 5. The spatial pattern of the ecological corridors.

3.4. Ecological Security Pattern

As shown in Figure 6, the ecological sources of the Changsha—Zhuzhou—Xiangtan urban
agglomerations were located mainly along the Xiangjiang River and its tributaries, the wetlands
(e.g., Qianlong Lake and Songya Lake), and the mountain forests (e.g., Goose Mountain, Yingzhu
Mountain, Mount Hei Mi, and North Mountain). These areas can be divided into seven groups based
on their spatial distribution. The ecological corridor showed a spatial pattern of “two horizontal and
three vertical” lines, with the terrestrial ecological corridor exhibiting a circular formation. The aquatic
ecological corridor included the river system coursing throughout the region, which serves the path for
biological movement and maintains connectivity between ecological organizations within the urban
agglomeration. The ecological strategic points were mainly located at the periphery of the urban areas,
the intersection between construction zones and ecological lands, and the periphery of vast ecological
source areas found in the north and south. These critical regions require urgent environmental
restoration to ensure seamlessness in ecological corridors and integrity in the ecological structure.
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4. Discussion

4.1. Effectiveness of Constructing an ESP for Urban Agglomerations

Identifying and maintaining an ecological security landscape is critical to ensuring the integrity
of regional ecosystem structures and processes. Previous studies have focused on the quantification
of ecological importance to determine the spatial extent of ecological sources and the direction of
ecological corridors [35,36]. This study proposed an ESP construction framework based on the
integration of machine learning and MCR methods in the context of ES supply and demand. Through
spatial superposition of 15 national (provincial) forest parks, wetland parks, and scenic spots in the
urban agglomeration of the Hunan Ecological Protection Red Line, all these areas were found to be
within the ESP generated in this study (see Figure 7). This validates the reliability of the proposed
approach in this study.

The constructed ESP is shown in Figure 6. The ecological sources were mainly distributed
in the waters and the mountain forests (e.g., Goose Mountain, Yingzhu Mountain, Mount Hei Mi,
and North Mountain). These areas comprise high vegetation cover, abundant species, and higher
ES values and are of considerable significance to the ecological security of urban agglomerations.
The terrestrial ecological corridors were mainly located on the hilly areas with better vegetation cover.
They had generally been segregated from construction areas with high human disturbance, which may
contribute to its functions of bridging species migration and energy circulation among the source areas.
The aquatic ecological corridor was considerably consistent with the location of the river, mainly
because the resistance coefficient of the water body was set quite low, which is consistent with the
results obtained in many studies [35,36]. This suggests that water bodies provide the most accessible
network for species migration.
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4.2. Supplement to the Relevant Urban Agglomeration Ecological Protection Planning

Urban agglomerations have explored the use of various conservation strategies, such as red lines
for ecological protection [40] and ecological network [41]. Existing ecological protection plans may
include determining ecological sources through land-use types and protected areas, or identifying
the ecological sources based on the importance of ES, habitat quality, and landscape connectivity.
Most traditional planning strategies are static and lack dynamic simulations of ecological processes
(e.g., ecological land use and species migration). As a result, fundamental aspects of ESP, such as
ecological corridors and ecological strategic points, have been overlooked in discussions on ecological
protection. This study is based on the supply and demand equilibrium for ES and the historical
transformation of ecological land use. Bayesian network machine learning is used to comprehensively
analyze the supply of ES, ecosystem health, and ES demand. The ecological sources can be identified
dynamically, while simultaneously extracting ecological corridors for water and land with ecological
strategic points. ESP of urban agglomerations can provide an essential supplement in planning
ecological red lines and ecological functional areas.

In 2014, China released its National New-type Urbanization Plan, which detailed a number
of goals, including a 1% annual increase in urbanization rate and 60% urbanization by 2020 [42].
Since increased urbanization, coupled with population growth, equates to higher demands for
construction land, protecting critical ecological lands from being converted into built-up spaces
would be top-priority. The construction of the ESP would enable clear delineation of critical zones
in urban regions, identify the areas that are ecological sources, and balance economic development
with ecological protection, particularly in urban agglomerations. The ESP provides the spatial
organization of “source-corridor-strategic point,” which focuses on optimizing the overall landscape
of urban agglomerations and implements risk prevention and habitat protection from multiple
perspectives, rather than isolated management of regional ecological elements. Overall, the ecosecurity
scheme provides the necessary tools in supporting integrated macro-level planning, particularly for
urban agglomerations.
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4.3. Limitations of Research

The proposed framework in this study made use of ES parameters and machine learning in order
to build ESP for urban agglomerations with higher accuracy and objectivity compared with existing
methods. However, some limitations remain. For instance, setting critical thresholds would require a
more in-depth understanding of a number of factors, including the adequate proportion of ecological
sources over the study area, the appropriate width of the ecological corridors, and how to properly
integrate the ESP at different scales. Also, significant differences may exist between ES valuations
due to the complexities of land-use and land-cover dynamics [43]. The ES from comparable land-use
types can differ from each other due to the complexity of the landscape structure [44] and varying
effects of other ES functions (including groundwater quality and habitat integrity) [45]. Therefore,
landscape patterns should also be considered in future ES assessments, coupled with the use of other
ES assessment models, in order to overcome these limitations.

Climatic factors, such as rainfall and temperature, had been added to the machine learning model.
The variance of the average rainfall was 0.58% and an average temperature of 0.49%, indicating that
climatic factors are essential in affecting ecological sources. However, this study did not consider
the impact of rainfall and temperature on ES. Existing studies have suggested that the impact of
these meteorological parameters on ES is nonlinear, or could be extensive [46—48]. For future studies,
developing approaches that would incorporate climate factors into the assessment of ES supply and
demand would be worth exploring.

5. Conclusions

Some developed countries (e.g., Sweden, England, and Finland) possess high levels of urbanization,
low population density, and often prioritize the conservation and protection of natural ecosystems.
Conversely, natural environments in developing countries are often under pressure from human
interference, mainly as a result of rapid urbanization. Only by shifting towards ecological bottom-line
thinking can a win-win situation be achieved between environmental protection and economic
development. Using the relationship between supply and demand of ES, this study employed machine
learning models, minimum cumulative resistance models, and circuit theory to identify the spatial
extent of ecological sources, ecological corridors, and strategic points. The results of this study provide
new insights into developing ESP, particularly for urban agglomerations. The main conclusions are
as follows:

1. Areas with high supply of ecosystem services (ES) were concentrated in the vegetation areas
in the north and south of the urban agglomeration, while the high-demand areas of ES were
concentrated in the built-up area at the center. Due to the differential impacts of developing
factors such as urban construction, development policies, and development scale, the relationship
between supply and demand of ES in urban agglomerations can demonstrate significant spatial
decoupling, resulting in degradation in areas with high demand of ES.

2. The simulation accuracy of the machine learning model reached 0.98, which suggests that the
framework is suitable in simulating ecological sources for urban agglomeration. The ecological
sources in the region had an area of 3686 km?, which accounted for 42.72% of the urban
agglomeration and were mainly located on forestlands and water areas.

3. The total length of the ecological corridor of the urban agglomeration was 870 km, with a 504 km
terrestrial ecological corridor and a 366 km aquatic ecological corridor. The region’s ecological
corridor presented an overall spatial pattern of “two horizontal and three vertical.” There were
37 ecological restoration sites, mainly located at the margins of the built-up area and along the
intersections of construction land and ecological land.
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