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Abstract: Establishing a resilient bird habitat network (BHN) and identifying ecological
strategic areas for protection are critical for conserving biodiversity and maintaining ecosys-
tem stability in wetland cities. However, existing ecological network studies often overlook
dynamic resilience that incorporates explicit species information, and their scenario-based
assessments lack systematic evaluation metrics. This study, using Wuhan—an international
wetland city—as a case study, integrates Maximum Entropy (MaxEnt), remote sensing
ecological index (RSEI) and circuit theory to identify a high-quality BHN. A comprehensive
resilience assessment and optimization framework is developed, grounded in structure–
function–quality indicators and informed by resilience and complex network theory. Key
findings include: (1) The network comprises 147 habitat patches and 284 ecological corri-
dors, demonstrating marked spatial heterogeneity. Habitats are predominantly located in
the southern and southwestern regions of Wuhan, concentrated in contiguous green spaces.
In contrast, habitats in the urban core are fragmented and small. Corridors are mainly
distributed in the southwestern and central metropolitan areas. (2) Under deliberate attack,
considering resilience centrality, the network’s resilience declined more slowly than in
scenarios based on traditional centrality measures. Across combined node and corridor
attack simulations, two critical resilience thresholds were identified at 30% and 50%. (3) The
ecological strategic space is primarily composed of key habitat patches (58, 108, 117, and
27) and corridors (119–128, 9–12, 122–147, 128–138, 76–85, and 20–29), mainly located in
the southern region of Wuhan, particularly around Liangzi Lake and Anshan National
Wetland Park. This study advances a dynamic framework for BHN resilience assessment,
planning, and restoration, providing scientific guidance for enhancing ecological security
and biodiversity conservation in urban wetland environments.

Keywords: ecological resilience; biodiversity conservation; resilience centrality; complex
network; wetland city

1. Introduction
Wetlands, one of the most vital ecosystems for biodiversity conservation, provide

numerous ecosystem services such as flood mitigation, water purification, and climate
regulation [1]. However, due to accelerating urbanization and intensifying climate change,
wetland ecosystems face unprecedented challenges [2]. Studies show that since the 20th
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century, global wetland areas have declined by approximately 50% [3], resulting in land-
scape fragmentation and a weakening of ecological services [4], posing severe threats to
the survival of many species including birds. As the highest global honor for wetland
conservation and a key initiative under the framework of the Convention on Wetlands, the
concept of “International Wetland City” plays a strategic and exemplary role in global eco-
logical protection [5]. Therefore, scientific research and effective policy actions are urgently
needed to safeguard biodiversity and habitats, and to promote the vision of harmonious
coexistence advocated by this designation.

Bird communities are essential in maintaining ecosystem functions, making them an
ideal subject for studying urban biodiversity [6]. Birds possess acute habitat perception
capabilities, and their selection of high-quality, low-risk ecological patches makes them
excellent indicators for assessing ecological space and wetland environmental quality [7].
Moreover, they have been shown to have higher representativeness for biodiversity than
reptiles in certain landscapes [8]. Ecological spaces degradation, such as wetlands, can
decrease bird abundance and vice versa [9]. Rapid urbanization has led to significant
ecological deterioration. Consequently, to protect species diversity, reconnect fragmented
habitat patches, and enhance system resilience, studies on bird habitat networks have
emerged [10].

Regarding ecological spatial patterns and ecological networks (EN), early conceptual
foundations were established by Forman and colleagues through landscape pattern mod-
els [11]. These models were later refined by Yu et al., who introduced the concept of security
patterns within landscape ecological planning [12]. Over time, this work has evolved into a
mature construction paradigm that follows the sequence of source identification–resistance
surface construction–corridor extraction [13], applicable to goals such as ecological security
planning, biodiversity conservation, ecosystem service provision, and resilience enhance-
ment [14]. Ecological network, consisting of ecological sources and corridors, forms an
interconnected spatial network [15] that not only provides quality habitats for species but
also facilitates the flow of ecosystem services. The quality and resilience of such networks
directly influence the performance of the ecosystem [16]. Ecological sources are typically
key patches essential for maintaining ecosystem health and stability. These are often identi-
fied from either structural or functional perspectives. Common methods for identifying
ecological sources include ecosystem services assessment [17], morphological spatial pat-
tern analysis (MSPA) [18], and species distribution models (SDMs), which predict species
habitat requirements [6]. In recent years, RSEI has also emerged as a valuable supplemen-
tary indicator for accurately identifying ecological sources [19]. However, most existing
studies lack species-specific data, making it difficult to target the protection of specific
biodiversity components [20], or rely solely on single species rather than multiple surrogate
species, thereby compromising the reliability of biodiversity representation and potentially
biasing abundance estimations [21]. Ecological corridors, as essential network components
that connect sources and ensure the effective operation of ecological processes, are typically
extracted using approaches such as minimum cumulative resistance (MCR) [22] or circuit
theory [23]. However, many studies have failed to incorporate the three-dimensional
movement characteristics of birds and other species [24], leading to inaccuracies in corridor
identification [19]. For research scales, two primary methodological perspectives have
emerged: “bottom-up” approaches at provincial, watershed, or municipal levels, and “top-
down” approaches typically applied at the national scale [25]. In terms of study areas, EN
research has largely focused on high-density urban centers [26], river basins [27], semi-arid
regions [28], mining areas [29], and mountainous cities [30]. However, case studies focusing
on wetland cities remain relatively scarce.
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Unlike traditional studies focusing on static networks, emerging BHN research adopts
a more dynamic perspective, emphasizing how structure, function, and quality respond
and adapt to external disturbances [31]. In recent years, complex network theory has in-
creasingly been introduced into dynamic EN modeling, particularly for assessing network
robustness and resilience under disturbance scenarios involving attacks on nodes or edges.
For instance, Xiang et al. incorporated network dynamics and used a cascading failure
model to evaluate the resilience of ENs to node disruptions [32]. Xu et al. integrated
the complex network theory with targeted and random attack scenarios in their analysis
of BHN resilience [6]. Shi et al., focusing on corridor vulnerability, explored EN-based
pathways for enhancing ecosystem health and stability through edge-based attack sim-
ulations [33]. For EN stability and resilience metrics, most studies center on structural
and functional indicators. Over time, a resilience assessment framework has emerged
that combines complex network theory with resilience theory [10]. For example, Wang
et al. assessed EN resilience through structural indicators such as agglomeration and
connectivity, and functional indicators such as transmissibility and diversity [34]. Zhou
et al. employed composite metrics including centrality, connectivity, and transmissibility
to evaluate network resilience [35]. Additionally, Wang et al. analyzed network robust-
ness based on topological indicators such as degree centrality, betweenness centrality, and
clustering coefficient [36].

Consequently, BHN exhibits inherent conceptual synergies with resilience thinking
frameworks [10], and spatial resilience provides a theoretical basis for evaluating resistance
and robustness of these systems [37]. Previous resilience studies, however, often rely
on oversimplified models that assume rare species or abstract spatial structures (e.g.,
grid-based landscapes), neglecting the characteristics of real biological systems [38] and
the influence of landscape entities on resilience [39]. These limitations result in biased
resilience assessments and hinder effective BHN management. Recent research suggests
that bird diversity is a strong proxy for regional resilience [40], and the resilience of
bird communities can serve as a key indicator of ecosystem stability [41]. Moreover,
given limited conservation resources, identifying strategic conservation areas is critical
for maximizing the protection of bird diversity and wetland ecological quality in urban
areas [42]. Existing resilience evaluations tend to rely on static network metrics (e.g.,
degree, betweenness centrality) to determine resilience thresholds, while overlooking
the complex dynamic attributes of networks. Research on dynamic resilience thresholds
remains scarce [43], and there is a lack of precise and reliable tools for resilience-oriented
spatial management. Therefore, under the constraints of limited resources, maintaining
connectivity among habitat patches and exploring new approaches to sustain the dynamic
resilience of habitat networks represent a new frontier for biodiversity conservation in
wetland cities.

As a critical hub along the East Asian–Australasian Flyway (EAAF) [44], Wuhan boasts
rich wetland resources and high avian diversity, serving as a vital wintering and stopover
site for migratory birds. A total of 467 bird species have been recorded in the city, with over
1.53 million individual bird observations in 2023 alone [45]. However, as the only megacity
globally with over 10 million residents and a leading international wetland city in China,
Wuhan’s rapid urbanization poses serious challenges to wetland and avian habitats [44],
constraining regional resilience enhancement. Consequently, the scientific construction of
Wuhan’s bird habitat network and its resilience assessment are of paramount urgency. This
study aims to construct a bird habitat network for an international wetland city and evalu-
ate its resilience under a “structure–function–quality” framework in dynamic disturbance
scenarios, identifying strategic areas critical for resilience enhancement. The results will
contribute to a deeper understanding of BHN construction and resilience assessment in in-
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ternational wetland cities and provide a scientific foundation for biodiversity conservation
and ecological governance in urban areas.

2. Materials and Methods
2.1. Study Area

Wuhan is located in the eastern Hubei Province, at the confluence of the Yangtze River
and the Han River in central China (Figure 1). The city experiences a typical subtropical
humid monsoon climate. Wuhan is among the world’s most resource-rich inland wetland
cities, characterized by an extensive network of rivers and lakes. It is home to 165 rivers,
166 lakes, and 277 reservoirs. The total wetland area in Wuhan exceeds 160,000 hectares,
accounting for approximately 19% of the city’s total land area. Additionally, there are
63,500 hectares of micro-wetlands, representing 7.41% of the city’s land area [46].

Figure 1. (a) Location of the study area in China. (b) Study area: Wuhan.

As an internationally recognized wetland city, Wuhan’s abundant wetland resources
serve as a vital foundation for its pursuit of sustainable development. Since the early
21st century, Wuhan has undergone rapid urbanization. Urban expansion, infrastructure
development, and changes in land use patterns have exerted significant pressure on the
city’s wetland ecosystems. Over the past two decades, the built-up area of Wuhan has
tripled, accompanied by substantial reductions in cultivated land, water bodies, forested
areas, and grasslands [47]. Anthropogenic disturbances have been identified as the primary
drivers of habitat alteration and landscape transformation in Wuhan [48]. These ecological
disruptions pose serious challenges to the city’s long-term sustainability, highlighting the
urgent need for ecological research to inform adaptive spatial management policies.

2.2. Data Sources and Preprocessing

This study primarily utilized 2021 data, including land use, elevation, and other
relevant datasets (Table 1). All raster datasets were resampled to a spatial resolution
of 30 × 30 m using ArcGIS Pro 3.0. Additionally, we incorporated bird observation
data from two representative citizen science platforms: the open-source eBird website
(https://www.eBird.org) and the Global Biodiversity Information Facility (GBIF) platform
(https://www.gbif.org). Previous studies have confirmed the reliability and effectiveness
of citizen science data, which have been widely applied in ecological and biodiversity
research [49]. To address potential biases inherent in citizen science methods, we conducted
several preprocessing steps on the bird data: (1) records outside the study area were

https://www.eBird.org
https://www.gbif.org
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removed; (2) only one occurrence record per bird species per point was retained; (3) species
were further filtered based on conservation status using the IUCN Red List, China’s national
protection categories, and the CITES appendices to identify important species; and (4) to
mitigate spatial autocorrelation and its associated modeling bias, redundant occurrence
points were eliminated using the SDM Toolbox v0.9.1. Following these steps, a final dataset
comprising 134 occurrence points was obtained, representing 29 bird species from 14 orders
and 23 families (Figure 2). Among these 29 species of birds, there are 4 species of songbirds,
14 species of land birds and 11 species of wading birds. They represent three size classes and
broadly encompass both migratory and migratory/resident species. In addition, 10 species
belong to the endangered bird species in Wuhan, namely: Green-headed Diving Duck,
Black-faced Spoonbill, Little Swan, Gray Crane, Black Stork, Curlew Pelican, Oriental White
Stork, Oriental White Crane, White-bellied Eagle, and Reed Bunting. They accounted for
about 34.5% of the total number of birds observed. Seventeen of the species combinations
were migratory birds, accounting for the highest proportion of 58.6%, with seven species of
year-round resident birds and five species of migratory/resident hybrids (Table S1).

Table 1. Data sources.

Variable Description Data Type Resolution Source

Bird point data - Excel - https://www.eBird.org;
https://www.gbif.org

Land use CLCD Raster 30 m https://doi.org/10.5281/zenodo.12779975
Normalized Difference

Vegetation Index NDVI Raster 30 m Google Earth Engine (GEE)

Fractional Vegetation Cover FVC Raster 30 m https://doi.org/10.11888/Terre.tpdc.300590
Digital Elevation Model DEM Raster 30 m https://www.gscloud.cn/

Slope - Raster 30 m Calculate in ArcGIS Pro
Aspect - Raster 30 m Calculate in ArcGIS Pro
Road - Shape - http://www.openstreetmap.org/

Building height - Shape - https://doi.org/10.5281/zenodo.11397015

Figure 2. Distribution of bird sites.

https://www.eBird.org
https://www.gbif.org
https://doi.org/10.5281/zenodo.12779975
https://doi.org/10.11888/Terre.tpdc.300590
https://www.gscloud.cn/
http://www.openstreetmap.org/
https://doi.org/10.5281/zenodo.11397015
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2.3. Methodology

The methodological framework of this study is outlined in Figure 3 and comprises the
following key steps: (1) Habitat Identification: Using citizen science data, the distribution
of 29 target bird species was determined. Habitat suitability was assessed using MaxEnt
v3.4.4. The results were then integrated with the RSEI to delineate core ecological areas
and extract final bird habitat patches. (2) Resistance Surface and Network Construction: A
comprehensive resistance surface reflecting factors affecting bird movement was developed
using the analytic hierarchy process (AHP). This surface was integrated with circuit theory
to construct the bird habitat network, enabling the identification of critical ecological
corridors. (3) Resilience Assessment under Attack Scenarios: The concept of resilience
centrality was explored to evaluate node importance, highlighting its advantages over
traditional static metrics. By applying complex network theory, deliberate attack scenarios
were simulated to assess the structural, functional, and quality resilience of the constructed
BHN. Changes in resilience were observed and analyzed to identify resilience thresholds
specific to Wuhan’s BHN. (4) Strategic Recommendations: Based on the evaluation results,
strategic suggestions were proposed to enhance the bird habitat network in Wuhan and
guide future biodiversity conservation and ecological planning.

 

Figure 3. Research framework.

2.3.1. Identification of Bird Habitat Patches
Habitat Suitability Assessment Based on MaxEnt

MaxEnt v3.4.4 was used to model the habitat suitability of various bird ecological
types across the study area [50]. Based on the principle of maximum entropy, the MaxEnt
model predicts species distributions by inferring the most likely probability distribution
of habitat suitability from incomplete presence-only data. Owing to its high predictive
accuracy, computational efficiency, and ease of use, MaxEnt is widely applied in biodiversity
modeling and forecasting [51]. Following existing literature [6], 12 environmental variables
were selected, including land use, DEM, slope, aspect, NDVI, FVC, and distances to water,
grassland, construction land, forest, farmland, and roads. Considering that the habitat
needs of various bird species may share environmental drivers at the landscape scale, this
study modeled all bird species as a whole [19,52], selecting 75% of the occurrence data
as the training set and the remaining 25% as the validation set. The model was run with
10 replicates, and average results were used to ensure an area under the curve (AUC)
greater than 0.75. Jackknife tests were applied to evaluate the relative contribution of
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each variable and the probability of species presence across the region. The final average
prediction output was converted to a raster format in ArcGIS Pro and a Natural Breaks
classification method [53] was used to divide habitat suitability into four categories.

Habitat Patch Extraction Based on RSEI

High-quality ecological source areas play a vital role in maintaining habitat integrity
by mitigating human disturbances and providing key habitat nodes for urban bird commu-
nities. These areas are critical for enhancing ecosystem services and ecological connectiv-
ity [19]. Regions with high ecological quality are less affected by human activities and can
thus serve as potential bird habitats in urban areas. To this end, the RSEI was employed to
comprehensively evaluate the ecological conditions in Wuhan and identify high-quality
ecological source areas. RSEI integrates four core indicators—greenness (NDVI), wetness
(WET), heat (LST), and dryness (NDBSI)—using Principal Component Analysis (PCA),
resulting in a composite index ranging from 0 to 1, with higher values indicating better
ecological conditions. To determine the final set of bird habitat patches, we applied equal-
weight overlay analysis combining the high-suitability areas derived from MaxEnt and the
high-quality ecological areas identified by RSEI. Recognizing that small patches contribute
less to biodiversity and are highly vulnerable to fragmentation [54], we followed previous
studies [6,55] and excluded patches smaller than 0.5 km2. The remaining contiguous areas
were retained as the final set of bird habitat patches.

2.3.2. Resistance Surface Construction

Ecological resistance surfaces are used to quantify the cost of species and energy
movement between ecological sources [56]. Resistance surface affecting bird migration
typically involves factors such as land cover, slope, and elevation [19]. Due to the impact
of intensive human activities, construction land is assigned the highest resistance, while
natural areas are given the lowest resistance. Vegetation coverage, which significantly
influences bird movement [57], is assessed using NDVI, with resistance levels commonly
classified at equal intervals—higher values represent lower resistance. Studies have shown
that transportation infrastructure can significantly disrupt bird migration [58], and areas
around urban highways are characterized by high noise and crossing difficulty [59,60].
Resistance levels were classified based on previous studies [19].

In high-density urban areas, building height is a crucial barrier for birds. Most birds
fly between 25 and 115 m [61]; buildings over 100 m pose substantial barriers, while
those under 20 m have minimal impact [62]. Buildings over 200 m represent the highest
resistance [63]. Elevation also affects flight due to oxygen availability. Most small passerines
typically fly below 300 m [24]. Based on previous studies [19], we classified areas under
100 m as low resistance, with resistance increasing across three elevation bands (Table 2).
In Wuhan, most areas, including built-up zones, lie below 100 m, while regions above
100 m are forested hills with high vegetation and low human disturbance. Therefore,
aside from oxygen limitations, elevation has a relatively minor effect on bird movement
in Wuhan compared to anthropogenic factors [64]. Based on these considerations, five
factors—NDVI, CLCD, building height, DEM, and distance to roads—were selected for
resistance surface construction (Figure 4). Each factor was classified into resistance levels
and assigned weights using AHP [6]. The final resistance surface was generated through
weighted overlay analysis in ArcGIS Pro.
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Table 2. Resistance factors.

Resistance Factor Classification Resistance
Value Weight Resistance Factor Classification Resistance

Value Weight

Distance to Road >1500 m 5 0.3523 CLCD Forest 5 0.1449
900–1500 m 10 Grassland 5
600–900 m 20 water 10
300–600 m 50 Cropland 20

<300 m 100 Impervious Surface 100
NDVI 0.9–1.0 5 0.2516 Building height <20 m 20 0.2437

0.8–0.9 10 20–50 m 40
0.7–0.8 20 50–100 m 60
0.6–0.7 30 100–200 m 80
0.5–0.6 40 >200 m 100
0.4–0.5 50 DEM <100 m 5 0.0075
0.3–0.4 60 100–300 m 20
0.2–0.3 70 >300 m 50
0.1–0.2 80
0.0–0.1 90

Figure 4. The selected five resistance surface factors.

2.3.3. Identification of Ecological Corridors on Circuit Theory

In constructing bird habitat corridors in Wuhan, we employed circuit theory using
the Linkage Mapper (LM) 3.0 toolbox to extract ecological corridors and identify potential
connections between habitat patches [65]. Previous studies have consistently affirmed
the effectiveness of circuit theory in modeling ecological connectivity [66,67]. In this
framework, individual species or gene flows are analogous to electric currents, while the
landscape is conceptualized as a conductive surface. Target bird species are modeled as
random walkers (electrons) moving across this landscape, where resistance values vary
depending on land cover types and other environmental factors that influence bird mobility.
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The circuit-based approach captures multiple movement pathways and allows for a more
realistic representation of potential corridors, especially in fragmented urban environments.

2.3.4. Resilience Assessment of the Bird Habitat Network
Evaluating Resilience Centrality in the BHN

Resilience centrality [68] is a novel metric designed to quantify the influence of indi-
vidual nodes on the overall resilience of a complex network. It achieves this by reducing
high-dimensional dynamic equations to a single control parameter (βe f f ), allowing for the
assessment of each node’s contribution to the network’s structural and functional stability.
The resilience centrality formula integrates node degree, the importance of neighboring
nodes, and system stability parameters, offering a theoretical basis for the protection and
optimization of complex systems. Directly reflecting the impact of the removal of important
nodes on the stability of ecological networks, i.e., the loss of important ecological source
sites has undermined the strength of the connections between the source sites and thus led
to a decrease in resilience.

In this study, we applied the concept of system state variable (Xe f f ) to examine the
effectiveness of resilience centrality within the constructed ecological network. Xe f f reflects
the weighted average state of all nodes in the network in terms of structure and attributes,
reflecting the overall level of the ecological network. The contribution of each node depends
on its connection strength with other nodes and its attribute. In this study, the node’s
attribute is the degree of the node itself, reflecting the ecological connectivity between
nodes; the connection strength reflects the species migration and resource replenishment
capacity between habitats. When the network suffers from external attacks, the destruction
of certain important patches will lead to a decrease in Xe f f , corresponding to the loss of the
overall network resilience (Figure 5).

Figure 5. Principle of toughness centrality calculation.

Furthermore, we conducted a correlation analysis between changes in system state
and four types of centrality metrics (resilience, degree, closeness, and betweenness). The
coefficient of determination (R2) was used to evaluate the fitting performance of each
centrality measure, aiming to highlight the advantage of resilience centrality in ecological
network analysis.
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Ecological Network Disturbance Scenarios

To assess changes in the resilience of Wuhan’s bird ecological network under distur-
bances, we used a network attack simulation method via NetworkX library in Python [69].
This method models resilience responses to node and edge removal, revealing the network’s
vulnerability and helping identify critical ecological spaces under cost constraints. This
study identifies critical ecological spaces under cost constraints by determining resilience
index thresholds. We defined resilience thresholds by identifying the removal rate at which
the resilience index drops sharply, indicating fragmentation and loss of connectivity [43]. To
simulate real-world human disturbances, we designed two deliberate node attack scenarios.
Scenario a: nodes removed by the combined ranking of degree centrality, betweenness
centrality, and closeness centrality. Scenario b: Nodes removed by the combined ranking of
resilience centrality, degree centrality, and betweenness centrality. We compared the node
importance under two attack scenarios. Using the natural breaks method, node importance
was classified into five categories. Corridor (edge) attacks were also simulated in scenario
c, based on a combined ranking of edge degree centrality, betweenness centrality, and
closeness centrality. Edges were removed in order of importance, and nodes with no
remaining edges became inactive. Through the simulation process, we tracked changes
in structural, functional, and quality resilience under varying removal ratios to determine
resilience thresholds and identify key nodes and corridors [43]. This method helps iden-
tify key nodes and edges in the ecological network, supporting network robustness and
protection priorities.

Ecological Network Resilience Indicator Calculation

We integrate structural, functional, and quality resilience dimensions to construct
an ecological network resilience assessment framework (Figure 6), providing theoretical
support for risk analysis in complex systems [10]. Structural resilience is quantified through
network agglomeration, complexity, and connectivity to evaluate the topological stability
of the EN and the smoothness of ecological flows [70]. Agglomeration is measured by the
average clustering coefficient of nodes, reflecting the local tightness of EN; complexity is
described using three sub-indices—α, β, and λ—representing path richness, accessibility,
and overall connectivity, respectively [71]; connectivity is assessed based on the number
of ecological corridors between nodes, directly reflecting the strength and intensity of
ecological interactions. Functional resilience is characterized by transmissibility and diver-
sity. Transmissibility captures the efficiency of material flow and species migration within
the network—higher values enhance the EN’s resistance to disturbance. Diversity quan-
tifies the availability of alternative pathways between nodes and the structural richness
of the network [34]. Node quality resilience considers node area and habitat risks [39].
Sensitivity is used as a proxy for habitat risk, and a logarithmic smoothing term (Ln) is
applied to ensure numerical stability, with the calculation method referenced from the
literature formulas [72,73]. Corridors have their resistance values, with higher resistance
indicating lower corridor quality [10]. Corridor quality resilience (SE) is calculated using
the corridor’s resistance value and a gravity matrix model, typically used to determine the
interaction forces between nodes [74].
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Figure 6. Network resilience measures [39].

3. Results
3.1. Habitat Identification

According to the MaxEnt modeling results, the average AUC value for the training
data were 0.978 (AUC > 0.75). In modeling the species distribution, we found that FVC,
distance to roads, and distance to forests played dominant roles. The output from the
MaxEnt model was subsequently classified into four categories using the Natural Breaks
method: extremely low (0–0.067), low (0.067–0.17), high (0.17–0.32), and extremely high
(0.32–1). This classification facilitated the creation of a habitat suitability map for bird
communities in Wuhan. The mapping results indicated that bird populations in Wuhan
were mainly concentrated in various riparian zones, wetland parks, and nature reserves
within the city. In ten iterations, the test AUC exceeded 0.75 in nine cases and 0.708 in one
case, and this fluctuation may have originated from the difference in the training-testing
set distribution due to random data partitioning (Table S2). Nonetheless, the test AUCs
of all iterations were significantly higher than 0.5, and the average test AUC was 0.830,
indicating that the model has a more reliable prediction ability overall.

Based on PCA, the first principal component (PC1) accounted for 73.63% of the total
variance, indicating its effectiveness in capturing the core variation in regional ecological
quality. The study applied a 0.2 interval grading method to categorize the RSEI into
five levels: Poor, Fair, Moderate, Good, and Excellent. Results showed that 61.5% of
Wuhan’s land area was at or above a moderate ecological quality level (RSEI ≥ 0.4), mainly
distributed in the northern and southeastern parts of the city, as well as around the green
belts along water systems in urbanized areas (Figure 7).



Land 2025, 14, 1166 12 of 26

Figure 7. (a) MaxEnt, RESI simulation results; (b) PC1 of PCA; (c) Jackknife of AUC; (d) ROC curve
of Maxent model.

Finally, by overlaying the high-quality areas from the two datasets above, we identified
147 ecological source patches, covering a total area of 783.07 km2, accounting for 9.14%
of the total study area (Figure 8). Spatially, these bird habitats were mainly located in the
peripheral areas of the urban built-up zones, particularly in the southern and southwestern
forested regions. Some habitats were also found within the urban core, though they were
more fragmented and smaller in size—examples include East Lake in Wuhan and the
confluence area of the Yangtze and Han Rivers in Hanyang District. Habitats within the
built-up areas were more severely affected by human activities and land development. On
the western side of the city, habitat patches were fragmented by scattered built-up land,
resulting in relatively weak spatial connectivity compared to the more contiguous habitat
areas in the southern part of the city.

3.2. Ecological Network Construction

A total of 147 ecological nodes and 284 ecological corridors were simulated within
the study area (Figure 9). The corridors were primarily concentrated in the southern
and western parts of Wuhan, with a total length of 2209.56 km. The average corridor
length was approximately 7.78 km, with the longest corridor measuring 52.19 km and the
shortest 1.5 km. Additionally, these corridors were categorized based on the integrated
centrality scores calculated from degree centrality, betweenness centrality, and closeness
centrality: 45 primary corridors (integrated centrality: 294.01–523.51), 191 secondary corri-
dors (integrated centrality: 175.01–294.01), and 41 tertiary corridors (integrated centrality:
33.34–175.01).
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Figure 8. High-quality regional overlay extraction of MaxEnt and RESI to obtain the ecological source
of birds in Wuhan City.

Figure 9. Results of bird habitat network construction.

The results revealed significant spatial heterogeneity in Wuhan’s bird habitat network.
Key ecological corridors were mainly distributed in the southwestern part of the study area
and the central urban area, while the eastern and southern parts were relatively sparse.
Secondary corridors were the most numerous, predominantly located in the southwestern
and southern regions, with the fewest found in the northern and northeastern areas.
Meanwhile, secondary corridors were sparsely distributed and fewer in number within the
central urban zone.
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Overall, bird habitats in the study area were primarily located in the southern and
southwestern regions of the city, where patches were larger, more continuous, and sup-
ported by a dense and well-connected network of ecological corridors. In contrast, other
areas featured smaller, more fragmented ecological sources, resulting in a lower density
and sparser distribution of ecological corridors.

3.3. Network Resilience Analysis
3.3.1. Advantages of Resilience Centrality

The results of the correlation analysis are shown in the Figure 10, with each subplot
corresponding to one type of centrality metric. To clearly visualize the degree of correlation,
regression curves were added to the scatter plots. Additionally, the R2 values were included
in each plot to quantify the degree of correlation. Among the four types of centrality
indicators, resilience centrality consistently showed that R2 values were greater than 0.9,
whereas the R2 values for other indicators were significantly lower. This observation
suggests that resilience centrality performs better in predicting the impact of node removal
on system state changes compared to other centrality indicators. Considering the role of
Xe f f , in network resilience, we argue that resilience centrality can accurately quantify the
influence of a node on overall system resilience, with a significantly better fit than the other
three centrality metrics (degree, betweenness, and closeness centrality).

Figure 10. Fitting results of centrality indicators.

3.3.2. Network Resilience Assessment

In scenario a, critical nodes were mainly located within or around the built-up area of
Wuhan, consistent with previous studies [75]. In scenario b, critical nodes were primarily
found at the edges of the central urban area and peripheral regions. The number of key
nodes in scenario a (15 nodes) was lower than in scenario b (26 nodes). Based on the
selected attack strategies, nodes and corridors were ranked by importance and removed
in order. Network resilience was calculated under different removal rates, and resilience
change curves were plotted accordingly.

In the node attack scenarios (Figure 11a for scenario a and Figure 11b for scenario b),
we observed that in scenario a, as the removal rate increased, the network’s structural and
quality resilience declined rapidly. When the node removal rate reached approximately 15%,
both functional and quality resilience experienced sharp drops of around 50%, indicating
substantial network disruption and the critical importance of these nodes to network
structure. Structural resilience declined more gradually but dropped below 0.5 when
the removal rate reached 32%, marking severe network degradation. When the removal
rate exceeded 25%, overall network resilience nearly vanished. In Figure 11b, a similar
pattern was observed: functional and quality resilience were the first to fall below 0.5
as the removal rate increased. Functional resilience dropped below 0.5 at around a 25%
removal rate and experienced a sharp collapse from 0.3166 to 0.2350 (a 25.8% reduction)
at 40% removal. Quality resilience declined more slowly in the early phase, but collapsed
when the removal rate reached approximately 50%, and dropped below 0.5 at around 60%,
indicating that late-stage attacks have a significantly intensified impact on system quality
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resilience. Structural resilience declined more gradually and fell below 0.5 at about 40%
removal, reflecting a critical loss of structural integrity during the mid-stage of the attack.
The fastest decline in structural resilience occurred between the 50–65% removal range,
with a 32.4% decrease. Once the removal rate exceeded 50%, overall network resilience fell
below 30%.

Figure 11. Results of network resilience analysis.

In the scenario c (Figure 11c), structural resilience showed a significant drop of ap-
proximately 1.05% when the removal rate reached 15%. At a 40% removal rate, structural
resilience dropped below 0.5, with the most dramatic decline occurring between 60 and
75%, where values decreased from 0.838 to 0.424. When the removal rate reached 25%,
functional resilience fell out of the stable range and dropped below 0.5 with a sudden
decrease of around 40%. At 40% removal, functional resilience plummeted from 0.932 to
0.745, indicating rapid functional collapse due to damage to key corridors. SE resilience re-
mained more fragile than the other indicators; when the removal rate reached 25%, quality
resilience quickly fell below 0.8, significantly affecting overall network performance. As
the removal rate increased to 45%, corridor quality resilience experienced a sharp decline
of about 30%, and overall quality resilience progressively diminished. With removal rates
reaching 50%, overall network resilience dropped below 0.5, signifying a severe deteri-
oration of system performance. When removal exceeded 50%, total network resilience
declined to 0.3, at which point basic functional operations could no longer be maintained.

When removal rates reached certain thresholds, we observed substantial changes in
the curves of quality, structural, or functional resilience, indicating that the removed nodes
or corridors had significant impacts on network connectivity. We treated the removal rate
at the point of dramatic change as the resilience threshold. It was found that when network
importance was measured by degree, betweenness, and closeness centralities, the resilience
value of Wuhan’s BHN fell within the range of 0.25–0.3. When resilience centrality was
included in the resilience assessment, the BHN resilience value ranged from 0.5 to 0.53.
Under the intentional corridor attack scenario, resilience began to decline notably between
15% and 25% removal rates, and all resilience metrics dropped below 0.5 beyond a 50%
removal rate, indicating near-complete loss of overall network resilience. Therefore, the
resilience value of Wuhan’s BHN can be classified into two ranges: 0.3 and 0.5.

4. Discussion
4.1. Ecological Security Pattern in International Wetland Cities

In 2022, Wuhan was listed among the second batch of International Wetland Cities.
Wetland landscapes are vital for human livelihoods and ecological balance. As a major
metropolis in central China and a vital node in the middle reaches of the Yangtze River,
Wuhan’s wetland resources are indispensable for regional ecological stability and the sus-
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tainable development of society and the economy [76]. Wuhan holds a key position within
China’s national ecological security strategy [77]. However, rapid urban expansion and pop-
ulation concentration have led to severe fragmentation of the existing urban landscape [46].
Ecological networks can mitigate the destructive effects of urban sprawl by connecting
fragmented ecological sources to maintain species exchange [63,78]. Therefore, constructing
urban ecological networks and identifying critical nodes and corridors are fundamental
requirements for wetland city conservation and restoration planning [46]. Such spatial
planning strategies not only alleviate edge effects caused by habitat fragmentation [79]
but also offer effective technical pathways for maintaining regional biodiversity [78,80].
However, due to the lack of clear species-specific information, these strategies are often
difficult to implement in practice [6,20,81]. Moreover, recent research on wetland cities has
largely overlooked ecological network construction based on specific species, which further
limits the effectiveness of conservation efforts.

As one of the International Wetland Cities and a critical stopover and overwintering
site for migratory birds along the East Asian–Australasian Flyway [82,83], Wuhan is a
meaningful case study for wetland city conservation. Unlike previous studies that main-
tained biodiversity goals within generalized regional spatial models, our study integrates
species distribution modeling with data on dozens of key bird populations and diverse
environmental variables to construct the bird habitat network [84]. This approach effec-
tively mitigates the adverse impacts of land intensification and landscape fragmentation in
wetland cities [20], enhances the accuracy of ecological source identification, and aligns
with the higher biodiversity conservation standards expected of strategic sites like interna-
tional wetland cities. In addition to surface landscape heterogeneity, resistance surfaces
are influenced by species’ mobility and sensitivity to barriers [85]. Previous research has
shown that elevation and height significantly impede bird presence and diversity in urban
areas [86,87]. Earlier studies have primarily relied on 2D landscape surfaces for resistance
modeling, overlooking the critical vertical dimension. Our study incorporates vertical
barriers in urban built environments by including building height and elevation indicators
in the resistance surface construction [6,88], thereby simulating bird migration paths across
complex urban terrains. The 3D resistance surface we developed has proven effective in
reducing the deviation between the BHN model and real-world conditions [89].

Furthermore, prior urban ecological network studies have typically focused on natural
sources at urban fringes, such as national parks [90,91] and large nature reserves [92].
However, our findings indicate that many bird habitats in Wuhan are situated within
the built-up area [19], including small wetlands previously overlooked in ecological as-
sessments [93]. Existing evidence suggests that intra-urban green spaces and wetlands
often exhibit high species richness at the local scale and can provide essential resources
for bird breeding and migration [94]. Moreover, some low-quality habitat patches may
have relatively low resistance and thus do not significantly impede species movement [13].
Small urban wetlands are therefore critical for maintaining the structure and function of
ecological networks [95]. Accordingly, suitable habitat patches within built-up areas should
be considered as sources within ecological networks [78,96], emphasizing that ecological
source identification must account for human-related factors rather than relying solely
on landscape quality [19,97]. Our results offer new insights for the design of ecological
conservation networks in international wetland cities.

4.2. Contributions to the Study of Spatial Resilience

This study yields several key findings. First and foremost, resilience centrality is
highly correlated with changes in system states (R2 > 0.9) within bird habitat networks,
indicating that it effectively captures the relationship between node resilience and actual
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network elasticity. Furthermore, resilience centrality outperforms traditional centrality
metrics (degree, betweenness, and closeness) in explaining network resilience, demon-
strating its greater generalizability and accuracy in assessing ecological network stability.
This finding aligns with prior research [68] and expands the applicability of resilience
centrality in complex network analyses. Second, in the simulated attack scenarios, the
resilience thresholds derived using resilience centrality (scenario b) differ significantly from
those obtained using traditional centralities (scenario a). This highlights the influence of
surrounding nodes on individual node behavior [98] and suggests that static topological
indices alone are insufficient for accurately describing the system’s dynamic responses
to perturbations [32]. After node removal, network resilience may decline non-linearly
rather than collapse immediately, necessitating a deeper understanding of the network’s
dynamic properties. Comparative analysis reveals distinct characteristics among resilience
centrality, percolation theory, and cascade failure models as dynamic network metrics.
Percolation theory demonstrates strong generality across arbitrary network structures,
but primarily facilitates static or quasi-static analyses, focusing on topological robustness
during structural failures rather than dynamic processes like node state transitions or load
redistribution [99]. In contrast, cascade failure models specialize in dynamic propagation
mechanisms, making them ideal for simulating load-driven chain reactions; however, their
implementation requires computationally intensive parameterization of load capacities
and failure propagation rules [100]. Resilience centrality addresses these limitations by
synergistically combining dynamic equations with network topology to quantify indi-
vidual nodes’ restorative contributions [68]. Unlike traditional centrality measures, such
as degree, closeness, and betweenness centrality, resilience centrality incorporates both
topological and dynamic characteristics of the system. Consequently, these frameworks
serve complementary purposes: percolation theory excels in quasi-static structural anal-
ysis, cascade models simulate dynamic behavioral responses, while resilience centrality
provides node-level resilience quantification, each optimally deployed according to specific
research objectives.

This study makes several theoretical contributions to the BHN field. Most notably, it
introduces a resilience centrality metric based on weighted networks and actual ecological
attributes to assess network resilience and identify critical regions in international wetland
cities. Previous studies have typically relied on static topological attributes (e.g., degree,
betweenness, closeness) to quantify ecological resilience [66,70], lacking consideration
of the dynamic properties and cascading effects of complex networks [101]. Our results
demonstrate that the dynamic interactions between nodes significantly affect system-level
resilience. Moreover, many ecological network studies utilize unweighted networks [102],
which fail to reflect real-world characteristics such as corridor width and resistance [103].
In contrast, resilience centrality is determined by the node degree and weighted nearest-
neighbor degree, incorporating corridor weights and addressing the limitations of un-
weighted networks. This reinforces the advantage of resilience centrality in evaluating
node influence on network resilience. In terms of resilience indicators, this study introduces
the concept of source quality resilience, which integrates ecological sensitivity and patch
size to characterize the quality dimension of network resilience. While previous studies
have emphasized structural or functional resilience [34,66], they often overlook how physi-
cal node characteristics affect resilience [39]. Our proposed three-dimensional resilience
framework (structural, functional, and quality) advances previous research by offering a
more comprehensive understanding of BHN resilience through topological and physical
node attributes. By analyzing changes in resilience at specific removal thresholds [104],
we can identify strategic ecological zones [105]. Priority protection is recommended for
critical nodes and links that are few but exhibit rapid resilience decline, thereby maximizing
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conservation benefits under limited resources. This approach provides practical guidance
for international wetland city conservation.

4.3. Spatial Management Policies to Enhance Urban Ecological Network Resilience
4.3.1. Strategic Space Identification

Based on scenario simulations and resilience assessments, this study aims to identify
BHN spaces crucial for maintaining network resilience. These key spatial units significantly
influence the network’s capacity to withstand disturbances. A hierarchical classification
defined strategic areas within the BHN [106]. In the simulation results, scenario a produced
resilience values between 25% and 30%, scenario b between 50% and 53%, and scenario
c around 30%. The top 30% of regions with the greatest impact on overall resilience
were classified as primary strategic spaces; regions ranked between the top 30–50% were
designated as secondary strategic spaces. The remaining areas were categorized as tertiary
strategic spaces. Key habitats (e.g., patches 58, 108, 117, and 27) and ecological corridors
(e.g., 119–128, 9–12, 122–147, 128–138, 76–85, and 20–29) were identified as the core of
strategic zones (Figure 12). These areas are predominantly located in the southern and
southwestern parts of Wuhan, with secondary zones mainly concentrated in the southern
urban periphery. These regions are essential for maintaining BHN resilience. Managing and
protecting them from development and disturbance can, in theory, maximize the ecological
network’s stability.

Figure 12. Key strategic spaces.

4.3.2. Planning Control Strategies

Protecting and restoring urban ecological networks is vital for regional ecological
stability. In the face of external disturbances, maintaining adequate ecological areas and
ensuring corridor connectivity are crucial for enhancing network resilience. Strategic areas
are both crucial for network resilience and inherently vulnerable [107]. Therefore, a dual
approach involving positive and negative control measures is required, supported by a
regulatory checklist [43].
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Based on Wuhan’s ecological context and the results of the resilience analysis, impor-
tant nodes and corridors can be divided into two categories: protected areas and buffer
areas. Protected areas are critical to network stability and should be prioritized for proactive
conservation efforts to increase risk resistance and enhance biodiversity [108]. The positive
list prioritizes ecological restoration initiatives aimed at rehabilitating degraded ecosystems
while enhancing regional habitat quality and biodiversity, Key measures include estab-
lishing ecological corridors to improve landscape connectivity between core habitats and
strengthen dynamic interactions among ecological nodes [107]. Implementation focuses on
wetland biodiversity conservation (e.g., Donghu Lake, Niushan Lake), aquatic ecosystem
restoration, and developing suburban park clusters. Strategic habitat connectivity enhance-
ment will be achieved through constructing ecological stepping stones linking critical
restoration areas like Lingshan–Jiangjun Mountain. Development activities are strictly
regulated through statutory constraints that balance ecological protection with urban ex-
pansion, particularly enforcing the “Five Access Prohibitions” in ecological baseline zones
per Wuhan’s Basic Ecological Control Line Regulations. When key areas are disturbed, the
network will quickly suffer great losses, and those fragile areas are categorized as buffer
nodes, which need to be controlled, often through restrictive policies. The main objective of
negative policy implementation is to reduce the risk of nodes and corridors being exposed
to interference, and strict restrictions and controls may be implemented. The main policies
may include restricting the access of people; prohibiting any construction activities that
replace the ecological functions of important areas with other types of uses, delineating the
red line of ecological protection in conjunction with the Wuhan Territorial Spatial Master
Plan (2021–2035), and clarifying the areas in which development is prohibited; prohibit-
ing the destruction of trees and natural environments; and, for the subject of restricted
development in the buffer zones, through the use of the “volume rate transfer” to give
economic compensation; deploy “air–sky–ground” integrated monitoring network in the
buffer zone, and utilize modern satellite remote sensing and drones and other technologies
to realize dynamic monitoring of human activities in the area; suggest amending the Wuhan
Environmental Protection Regulations to clarify the penalty standards for damaging behav-
iors in the buffer zone, and incorporate them into the municipal environmental protection
regulations. It is recommended that the Regulations on Environmental Protection of Wuhan
City be revised to clarify the standards of punishment for buffer zone destruction and
incorporate them into the key contents of municipal environmental protection inspection.

4.4. Limitations and Future Directions

This study proposes an integrated framework for evaluating multidimensional re-
silience in bird habitat networks of international wetland cities, but several limitations
remain. First, aligning with prior research [19,109], even after applying outlier removal
and RSEI-based corrections, citizen science data may overlook species diversity in remote
urban areas. The AHP method, which relies on expert scoring within a hierarchical frame-
work, carries inherent subjectivity. In addition, the spatial distribution of bird habitats was
inferred primarily using species distribution models and the RSEI, which, while accurate,
may not fully capture fine-scale behavioral and habitat preferences of different bird species.
There are some limitations in using a fixed ratio to partition the dataset, and this approach
may lead to insufficient data in the test set when the sample size is small, affecting the
reliability of the model performance assessment. Temporal dynamics such as seasonal
migration and human disturbances were also not considered, potentially affecting the tem-
poral validity of network construction. Second, resilience assessment was conducted using
static network models, lacking time-series analyses. This static approach may overlook how
network structures and functions change across temporal scales, particularly under rapid
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urbanization and climate change. While simulated targeted attacks help explore network
vulnerability, they may not fully capture the socio-ecological complexities of wetland cities.
Incorporating real-world management scenarios and policy responses could enhance the
realism of resilience assessments. Third, resilience centrality has appeared rarely in previ-
ous ecological network studies, but it is an important indicator that reveals the ability of
key nodes to influence system stability in complex networks. This study does not account
for heterogeneity among ecological nodes. The one-dimensional equation approximation
assumes the system state can be described by a single variable (e.g., Xe f f ), but ecological
networks may involve multiple variables (e.g., population size and resource availability).

Although the existing species assemblage covers the major groups of endangered birds
in Wuhan, a stratified and species-specific modeling approach is recommended for future
studies focusing on a particular species group to balance conservation priorities [6,20]. If
the proportion of endangered species is high, the model may ignore low probability areas or
be over-sensitive due to insufficient sample size caused by the rarity of endangered species,
and further manual correction is needed. If the proportion of migratory birds increases,
the model may emphasize the connectivity of stopover sites during migration [110], and
may consider introducing satellite and GPS tracking data [111], Migration Flow Network
(MFN) [112], and machine learning models [113] to further improve the model construction.
Future research should consider integrating long-term biological monitoring data [114],
multi-species movement tracking [115], and broader expert-led field investigations to
further validate and refine habitat identification results. Additionally, landscape-driven
dynamic land-use simulation scenarios [48,116] may further improve dynamic assessments
of ecological resilience and evaluate the long-term effectiveness of planning strategies.
Extending this framework to comparative studies across multiple international wetland
cities could help identify both universal strategies and location-specific policies, advanc-
ing coordinated biodiversity conservation and ecological security globally. Our work is
exploratory, introducing this approach into a resilience metric framework for ecological
networks. Results show promising explanatory power: resilience centrality effectively
captures dynamic responses to network disturbances. Future studies should incorporate
actual dynamical equations (e.g., Lotka–Volterra models) and parameters to better reflect
system states and responses, further validating the applicability of resilience centrality
in EN.

5. Conclusions
This study proposed a comprehensive framework for assessing the multidimen-

sional resilience of the bird habitat network in Wuhan, an international wetland city.
Despite its abundant wetland resources, Wuhan’s ecosystem has been severely affected
by rapid urbanization and land use changes, posing significant ecological challenges.
Utilizing citizen science data with explicit species information, along with various model-
ing approaches—including species distribution models and RSEI—we identified key bird
habitats, constructed a three-dimensional resistance surface, and developed an ecological
network integrating critical corridors and sources essential for biodiversity conservation.

Our analysis demonstrates that resilience centrality provides a more effective repre-
sentation of network resilience changes compared to traditional centrality measures as
it highlights the dynamic relationships between nodes and the overall robustness of the
network. Additionally, resilience metrics that incorporate the actual physical attributes
of habitat sources more accurately reflect real-world conditions. We further delineated
strategic areas that are vital for maintaining resilience and proposed targeted management
policies to enhance the overall resilience of BHN. The main findings are as follows. (1) A
total of 147 bird habitats were identified, primarily distributed in the continuous forested
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green spaces in the southern and southwestern parts of the city. In contrast, ecological
sources within the densely built-up central urban area were more fragmented and smaller
in size, indicating a priority area for future ecological restoration. (2) The spatial distribu-
tion of bird ecological corridors exhibited marked heterogeneity. The southwestern and
southern parts of the network were relatively dense, whereas the central urban area and
northeastern corner had fewer corridors, reflecting pronounced landscape fragmentation.
(3) Based on multidimensional resilience metrics, under the scenario of intentional attacks
considering resilience centrality, the rate of network resilience decline was slower than
under conventional centrality-based attack scenarios. According to the assessment of both
node and edge attack scenarios, the ecological network’s resilience threshold falls within
two levels: 30% and 50%. (4) The strategic ecological spaces are mainly composed of
habitats “58, 108, 117, 27” and corridors “131–147, 9–12, 122–130, 128–138, 76–85, 20–29”,
primarily located in the southern part of Wuhan. This study provides critical scientific
support for ecological conservation policymaking in international wetland cities. It em-
phasizes the need to incorporate biodiversity protection into future urban development
through strategic planning, safeguarding ecological sources and corridors, and mitigating
ecological risks to achieve ecological balance and social harmony.
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