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Abstract: Mountain cities with complex topographies have always been highly vulnerable areas to
global environmental change, prone to geological hazards, climate change, and human activities.
Exploring and analyzing the vulnerability of coupling systems in mountain cities is highly important
for improving regional resilience and promoting sustainable regional development. Therefore, a
comprehensive framework for assessing the spatial vulnerability of mountain cities is proposed.
A vulnerability assessment index system is constructed using three functional systems, ecological
protection, agricultural production, and urban construction. Subsequently, the BP neural network
and the genetic algorithm (GA) are combined to establish a vulnerability assessment model, and
geographically weighted regression (GWR) is introduced to analyze the spatial influence of one-
dimensional systems on the coupling system. Linzhou, a typical mountain city at the boundary
between China’s second- and third-step terrains, was selected as a case study to demonstrate the
feasibility of the framework. The results showed that the vulnerability of the ecological protection
system was highly aggregated in the east–central region, that of the agricultural production system
was high in the west, and that of the urban construction system was low in the central region and
high in the northwestern region. The coupling system vulnerability was characterized by multispatial
distribution. The complex topography and geomorphology and the resulting natural hazards are the
underlying causes of the vulnerability results. The impact of ecological and urban systems on the
coupling system vulnerability is more prominent. The proposed framework can serve as a reference
for vulnerability assessments of other similar mountain cities with stepped topographies to support
the formulation of sustainable development strategies.

Keywords: spatial vulnerability; ecological wisdom; BP neural network; genetic algorithm (GA);
mountain city

1. Introduction

In recent years, population growth and urbanization have caused rapid changes in the
global environment, triggering a series of extreme events such as ecological degradation,
sea-level rise, and frequent geological disasters [1,2]. The intensification of human–nature
conflict has made vulnerability one of the key issues in global environmental change and
sustainable development [3–5]. As an important part of the ecosystem, humans are not in
a dualistic perspective with nature [6]. Human society relies on the goods and services
from natural ecosystems to maintain development, and nature, once tapped for goods and
services, depends on human management and intervention to sustain functionality [7,8].
Cities are coupled systems of humans and nature, where the internalized ecosystems,
agricultural systems, and socioeconomic systems are described as ontologically coupled.
This ontology gives rise to ecological wisdom [9,10]. The ecological wisdom emphasizes
a comprehensive consideration of factors such as resources, environment, economy, and
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society, balancing the integrity of the natural environment with human needs [6,11]. Hence,
exploring the coupling system vulnerability from the perspective of ecological wisdom is
an effective approach to promoting urban sustainable development (Figure 1).
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Vulnerability is usually defined as the degree to which a system or subsystem is
likely to experience harm due to exposure to stress [12,13]. Existing vulnerability research
has shifted focus from single-dimensional systems to coupling systems [14–18]. This is
in line with Ecological Wisdom’s emphasis on integrating interdisciplinary knowledge
from ecology, disaster science, and sociology, combined with regional characteristics [6,19].
For example, Darabi et al. (2019) evaluated the ecological vulnerability of the Chelgard
mountainous landscape from ecological, socioeconomic, and human activity dimensions,
developing a framework for balanced ecological and social development [20]. Villegas-
González et al. (2017) assessed Colombia’s vulnerability based on environmental–urban–
economic–political–societal perspective and developed an information decision-making
platform for natural and social risks [21]. Nan et al. (2022) incorporated factors such as
nature, economy, society, and resources into the VSD model to assess the vulnerability of
Yan’an City [22]. Researchers combined regional characteristics with multi-dimensional
indicators to evaluate vulnerability, demonstrating the core impact of ecological wisdom
in developing vulnerability frameworks and adaptive management strategies. However,
research on the coupling system vulnerability has mostly focused on coastal regions and
mega cities in plains, with insufficient attention given to mountain cities. Restricted by a
stepped geomorphic pattern, mountain cities exhibit more prominent human–nature con-
flicts, such as fragile ecological environments, frequent occurrences of high-risk disasters,
and social poverty [23,24]. As typical human–nature coupled systems, mountain cities
have composite spatial functions covering ecological protection, agricultural production,
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and urban construction, with nonlinear characteristics. Addressing the different spatial
system contradictions of ecological degradation, farmland encroachment, and poor urban
infrastructure in mountainous cities is a focal point of the vulnerability study.

In terms of assessment methods, vulnerability assessment models mainly use multi-
criteria decision analysis [21], analytic hierarchy processes [25,26], entropy methods [27],
the TOPSIS method [28], and other traditional mathematical methods. Traditional math-
ematical methods can only provide a general derivation of nonlinear factors influencing
vulnerability. The calculation is complicated and slow. The BP neural network has been
gradually applied to assess vulnerability because of its nonlinear mapping ability and
parallel processing mechanism [29]. For example, Zhao et al. (2019) trained a standard BP
neural network to predict the critical points of Cambodia’s national vulnerability index,
demonstrating the BP neural network’s effectiveness [30]. Xu et al. (2023) applied a BP neu-
ral network with multiple inputs and one output to assess the vulnerability of immovable
cultural relics in Henan Province [31]. Xia and Zhai (2023) employed particle swarm to
optimize three BP neural networks to assess Shenzhen’s vulnerability, concluding that the
optimized neural network outperformed the standard BP neural network [18]. Researchers
have improved the applicability of BP neural networks in vulnerability assessment by
adjusting parameters and introducing optimization algorithms. However, for large-scale,
nonlinear mountainous spatial data, the fast convergence often leads to local optimization.
Existing optimization algorithms require multiple neural networks dealing with multiple
inputs and outputs in parallel, which is less efficient. To enhance the accuracy and effi-
ciency of BP neural networks, the genetic algorithm has been applied to optimize BP neural
networks. This algorithm has been widely applied in various fields [32], such as option
pricing [33], coal mine safety assessment [34], and water resource safety assessment [35]. In
this study, we innovatively apply the GA-BP neural network to vulnerability assessment,
increasing data input and using the genetic algorithm to optimize the BP neural network
with double hidden layers, thereby improving model generalization.

This study aims to achieve the following objectives: (1) Discuss the spatial vulnerabil-
ity of mountain cities from the perspectives of the three systems of ecological protection,
agricultural production, and urban construction to establish a vulnerability index system
of exposure–sensitivity–adaptive capacity. (2) Apply the GA-BP neural network model to
assess vulnerability. (3) Apply GWR to interpret the spatial influence of one-dimensional
systems on coupling system vulnerability. Then, we propose strategies to reduce vulnera-
bility for the sustainable development of Linzhou.

2. Materials and Methods
2.1. Spatial Vulnerability Assessment Framework

The research framework included the following steps (Figure 2): (1) PCA preassess-
ment phase. Linzhou was selected as the study area, and a spatial vulnerability index
system was constructed. The principal component analysis (PCA)–comprehensive index
method was applied for preassessment. (2) GA-BP neural network assessment phase. The
preassessment results were utilized to train both the BP neural network and GA-BP neural
network to conduct assessment testing. By comparing the performance and error of the
two models, the neural network with superior performance and accuracy was selected
to build the vulnerability assessment model. (3) GWR analysis phase. GWR was used to
analyze the spatial influence of one-dimensional systems on coupling system vulnerability.
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2.2. Study Area

Linzhou (35◦40′ N~36◦21′ N, 113◦37′ E~114◦51′ E) is in the eastern foothills of the
Taihang Mountains in the northwestern part of Henan Province, China (Figure 3). This
city has a total area of 2046 km2 and is a mountain city with a high population density
in China. Located on the North China Seismic Belt at the boundary between China’s
second- and third-step terrains, Linzhou has a wide distribution of mountains, hills, and
basins, with an overall topography that is high in the west and low in the east. The
highest elevation in the west reaches 1582 m, and the topography, including slopes greater
than 20◦, accounts for 17.85% of the total area, making it susceptible to geologic hazards,
such as landslides, ground collapse, and mudslides. In recent years, the continuous
expansion of urban space has led to ecosystem degradation and increases in steep slope
cultivation, deforestation, and grass destruction, thus severely damaging natural resources.
The quantity and quality of cultivated land are declining, while the proportion of cultivated
land on slopes and of medium and low quality is relatively high, which restricts agricultural
development in Linzhou. This situation presents a conflict between the ecological space,
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agricultural space, and urban space [36]. To address these issues, we assessed and analyzed
Linzhou’s vulnerability.
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2.3. Index System and the Data Sources
2.3.1. Index System

The vulnerability quantification consists of three components, namely, exposure, sensi-
tivity, and adaptive capacity [37,38]. Linzhou includes three spatial functions according to
the way it is developed, protected, and used: ecological protection, agricultural production,
and urban construction [36]. We defined the ecological protection system, agricultural
production system, and urban construction system as one-dimensional systems for vulnera-
bility research, and all three together constitute the coupling system. A total of 32 indicators
(Table 1) for exposure, sensitivity, and adaptive capacity were used to assess the vulnerabil-
ity of the one-dimensional systems and coupling system in mountain cities.

1. Exposure index

Exposure has been defined as the frequency, intensity, and scale of the systems sub-
jected to stressors such as the natural environment and human society (Table A1); the
greater the exposure is, the greater the vulnerability of the system [39,40]. The selection of
the exposure index mostly considers natural environmental pressure, such as mountain
disasters, and social environmental pressure, such as human activities. In the ecosystem,
population density [14,41], the proportion of woodland and grassland areas [42], and the
land-use degree [43] were selected to characterize the pressures on natural resources and
ecological quality caused by human activities. In the agricultural system, considering that
agricultural production is more susceptible to disturbances caused by climate change, the
intensity of extreme rainfall [15] was selected to characterize waterlogging stress on agricul-
tural production, and the proportion of cultivated land [44] was selected to characterize the
pressure of farmland encroachment. In the urban system, the hidden danger of geological
collapse, the hidden danger of landslides, and the hidden danger of mudflows [45] were
selected to characterize the pressures on urban construction caused by mountain disas-
ters, and nighttime light intensity [46] and the proportion of construction land [16] were
selected to characterize the intensity and scale of socioeconomic activities, increasing the
urban vulnerability.

2. Sensitivity index
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Sensitivity, defined as the degree of sensitivity and resistance to external pressures
according to internal characteristics, mainly depends on the stability of the system structure
(Table A1); an increase in sensitivity increases system vulnerability [47]. With respect to the
ecosystem, the aridity index [14], soil erosion intensity [48], and normalized difference veg-
etation index [42] were selected to characterize the ecosystem in terms of climate, soil, and
vegetation, reflecting the likelihood of ecosystems being disrupted by external pressures.
In the agricultural system, annual average precipitation, annual average temperature [49],
slope, and distance from a water source [50] were selected to characterize the stability of
mountainous agricultural production in terms of climate, topography, and water source,
and farmland production potential [15] was selected to reflect the production stability of
existing farmland. In the urban system, elevation, topographic undulation [16], and the
rate of natural population increase [21,51] were selected to describe the stability of urban
geography and population change.

3. Adaptive capacity index

Adaptive capacity is defined as the ability of systems to adapt and deal with stresses
and recover from emergencies (Table A1), and an increase in adaptive capacity reduces
system vulnerability [39,52]. In the ecosystem, we selected soil conservation [53], bio-
diversity [54], water conservation, and the climate regulation value [43], reflecting the
ecosystem’s ability to control soil erosion, maintain biodiversity, and regulate climate
anomalies, which can improve ecosystem adaptation to existing and potential stresses. In
the agricultural system, the agricultural workforce [15] and total power of agricultural
machinery [49] were selected to characterize human and physical capital inputs, improv-
ing adaptive capacity to climate change. In the urban system, we chose socioeconomic
indicators such as road density [41], density of educational facilities, density of medical in-
stitutions, and density of urban green spaces and parks [55]. These indicators demonstrate
the distribution of social resources and basic services, reflecting measures taken by people
to improve urban adaptive capacity.

Table 1. Index system.

Coupling
System

One-Dimensional
Systems

Vulnerability
Components Indicators Attribute Unit

Coupling
system

Ecological
protection system

Exposure

X1 Population density + person/km2

X2 Proportion of woodland area − %
X3 Proportion of grassland area − %
X4 Comprehensive index of land-use degree + level

Sensitivity
X5 Aridity index − *
X6 Soil erosion intensity + level
X7 Normalized difference vegetation index − *

Adaptive capacity

X8 Soil conservation + t/(km2·a)
X9 Biodiversity + *
X10 Water conservation + mm
X11 Climate regulation value + 104 Yuan/km2

Agricultural
production system

Exposure X12 Intensity of extreme rainfall + mm
X13 Proportion of cultivated land − %

Sensitivity

X14 Annual average precipitation − mm
X15 Annual average temperature − ◦C
X16 Slope + ◦

X17 Distance from a water source + km
X18 Farmland productivity potential − kg/hm2

Adaptive capacity X19 Number of agricultural workforce + person
X20 Total power of agricultural machinery + kw
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Table 1. Cont.

Coupling
System

One-Dimensional
Systems

Vulnerability
Components Indicators Attribute Unit

Coupling
system

Urban construction
system

Exposure

X21 Hidden danger of geological collapse + pieces/km2

X22 Hidden danger of landslides + pieces/km2

X23 Hidden danger of mudflows + pieces/km2

X24 Nighttime light intensity + w/(m2·sr·µm)
X25 Proportion of construction land + %

Sensitivity
X26 Elevation + m
X27 Topographic undulation + m
X28 Rate of natural population increase − %

Adaptive capacity

X29 Road density + km/km2

X30 Density of educational facilities + pieces/km2

X31 Density of medical institutions + pieces/km2

X32 Density of urban green spaces and parks + pieces/km2

Note: “+” indicates a positive indicator, and “−” indicates a negative indicator; “*” indicates the indicator data

is unitless; comprehensive index of land-use degree =
n
∑

i=1
Ai × Ci , where Ai is the classification value of No.i

land-use degree, Ci is the area percent of No.i land-use degree, and n is the index of land-use degree. The degree
index of unused land is 1, the degree index of woodland, grassland, and water body is 2, the degree index of
cultivated land is 3, and the degree index of construction land is 4 [56]; aridity index = P/(T + 10), where the
aridity index is the de Martonne dry degree, in which a lower value corresponds to more arid conditions, P is
the annual average precipitation (mm), and T is the annual average temperature (◦C); the distance from a water
source is measured by Euclidean distance on the ArcGis 10.8 platform [57]; the hidden danger of geological
hazards (collapses, landslides, and mudflows) is calculated by the kernel density estimation method [58].

2.3.2. Data Sources

Linzhou’s digital elevation model (DEM) was obtained from the Geospatial Data
Cloud (https://www.gscloud.cn/, accessed on 2 January 2024). The slope and topo-
graphic undulation were extracted from the DEM data. The land use data were obtained
from Sentinel-2 imagery (https://livingatlas.arcgis.com/landcoverexplorer/, accessed on
2 January 2024). The population density, soil erosion intensity, normalized difference
vegetation index, climate regulation value, annual average precipitation, annual average
temperature, water source, farmland productivity potential, geologic disaster site, and
infrastructure data were all provided by the Resource and Environment Science and Data
Center of the Chinese Academy of Sciences (https://www.resdc.cn/, accessed on 2 January
2024). Biodiversity, soil conservation, water conservation, and extreme rainfall data were
obtained from the Institute of Mountain Hazards and Environment, Chinese Academy of
Sciences (http://imde.cas.cn/, accessed on 2 January 2024). Nighttime light data were
obtained from LJ1-01 (http://59.175.109.173:8888/app/login.html, accessed on 2 January
2024). Socioeconomic data such as agricultural workforce, agricultural machinery power,
and population data were obtained from the Anyang Statistical Yearbook. To ensure con-
sistency in data calculation, the whole area of Linzhou was quantified at a resolution of
90 m × 90 m, resulting in a total of 252,590 rasters. Combining the index system of 32
indicators, all the data were uniformly resampled to this resolution on the ArcGIS 10.8
platform (Figure A1), creating a data matrix of 32 × 252,590 for training the GA-BP neural
network model and visualization of results.

2.4. Research Method
2.4.1. PCA Preassessment

Before training the GA-BP neural network, principal component analysis (PCA) was
used to determine the indicator weights. Combining indicator weights to assess the
exposure, sensitivity, and adaptive capacity, the vulnerability values of the one-dimensional
and coupling systems were determined. The training and test samples’ construction was
completed at a ratio of 8:2. In the PCA algorithm, the applicability of the data was ensured
by the Kaiser–Meyer–Olkin (KMO) test (Table A2). The exposure, sensitivity, and adaptive

https://www.gscloud.cn/
https://livingatlas.arcgis.com/landcoverexplorer/
https://www.resdc.cn/
http://imde.cas.cn/
http://59.175.109.173:8888/app/login.html
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capacity are calculated based on Formula (1). The vulnerability value is calculated based
on Formula (2) [15,44].

EI/SI/AI =
t

∑
i=1

ωiXi (1)

VI = EI + SI + (1 − AI) (2)

where VI, EI, SI, and AI represent the vulnerability, exposure, sensitivity, and adaptabil-
ity indices, respectively; Xi is the dimensionless value of each indicator after min–max
normalization; ωi is the weight value of the indicator; and t is the index of the indicator.

2.4.2. GA-BP Neural Network Assessment Model

1. Principle of the BP neural network (BP)

The BP neural network is a multilayer feedforward neural network with a structure
consisting of an input layer, hidden layers, and an output layer. The number of hidden layer
neurons is calculated by Formula (3). The operating principles of the BP neural network
include the forward propagation of the data and error back propagation. In forward
propagation, the input data are provided through the input layer and are calculated layer
by layer to obtain the output. The output value ŷ of the output layer is determined by
Formula (4). In back propagation, the BP neural network compares the output ŷ with the
expected output y, measures the error, and iteratively adjusts the parameters to minimize
this error [59,60].

k =
√

n + l + η (3)

H = fk1

(
n
∑

i=1
ωik1xi + bk1

)
O = fk2

(
k1
∑

i=1
ωik2Hi + bk2

)
ŷ = fl

(
k2
∑

i=1
ωilOi + bl

) (4)

where n, l, and k represent the input layer neurons, output layer neurons, and hidden
layer neurons, respectively, and η is a constant in [0, 10]. H and O are the first and second
hidden layer output values, respectively; ŷ is the output layer output value; ωk and bk are
the hidden layer weight and threshold, respectively; ωl and bl are the output layer weight
and threshold, respectively; fk is the hidden layer activation function; and fl is the output
layer activation function.

2. Principle of the genetic algorithm (GA)

The BP neural network is prone to falling into local optima due to its random initial
weights and thresholds. To address this issue, the genetic algorithm was applied to optimize
the initial weights and thresholds. The GA is an efficient global optimization search
algorithm, including various processes, such as initialization, selection, crossover, and
mutation [33].

3. Network construction

We constructed a four-layer BP neural network (Figure 4) on the MATLAB R2022b
platform. There are 32 indicators in the spatial vulnerability assessment system, so the input
layer has 32 input nodes. The vulnerability results are measured by the exposure, sensitivity,
and adaptive capacity of the one-dimensional systems and coupling system, so the output
layer has 12 nodes. Through trial and error, we determined that the first hidden layer
has 20 nodes and the second hidden layer has 10 nodes [61]. Parameters such as weights,
thresholds, learning rate, target error, maximum number of iterations, and activation
functions were initialized and set randomly, then adjusted during the optimization and
training process.
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4. Optimization process

Following the finalization of the BP neural network structure, the GA was used to
optimize the initial weights and thresholds. Firstly, the population was initialized. We
set the number of genetic generations to 100 and the population size to 50. Secondly, we
established the individual fitness formula (5). The GA then generated new generations of
population by selection, crossover, and mutation and selected individuals with higher fit-
ness, until the optimal weights and thresholds were found. When the crossover probability
was set to 0.2 and the mutation probability was set to 0.1, the genetic algorithm searched
for the individual with the highest fitness, determining the optimal weights and thresholds.

Fu = 1∣∣∣∣ 1
m

m
∑

i=1
(ŷi−yi)

2
∣∣∣∣ (5)

where Fu is the individual fitness value, m is the number of training samples, ŷi is the
training result of sample i, and yi is the preassessment value of sample i.

5. Training process

We substituted the GA-optimized weights and thresholds into the BP neural network
and trained the GA-BP neural network with 202,072 training samples. At the beginning
of forward propagation, the loss of the model was high, and the error between the output
values and the preassessment results was large. Through the back propagation of the
error, the parameters were constantly adjusted. When the learning rate was set to 0.05, the
target error was set to 1 × 10−4, the maximum number of iterations was set to 20,000, the
activation functions of the hidden layer and output layer were selected as the “trainlm”
and “purelin” functions, respectively, and the model met the target error. Then, to prevent
overfitting, 50,518 testing samples were input into the trained GA-BP neural network.
When there was no significant difference between the error of the test set and the error of
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the training set, the model not only had high accuracy but also good generalizability. Finally,
all 252,590 sets of data were input into the trained model, and the spatial vulnerability
results in Linzhou were obtained.

2.4.3. GWR Analysis

We applied GWR to identify the spatial influence of one-dimensional systems on the
coupling system. As the geographic location changes, the regression coefficients can reflect
the degree of influence between the variables [62]. GWR is tested by the goodness of fit R2

and p-value. To ensure the effectiveness of the GWR analysis, the vulnerability results of
the one-dimensional systems and coupling system were expanded to 1000 m × 1000 m on
the ArcGIS 10.8 platform. The GWR formula is as follows:

yi = β0(ui, vi) +
p

∑
k=1

βk(ui, vi)xik + εi (6)

where yi is the coupling system vulnerability value of each sample point i, xik is the one-
dimensional system vulnerability value of each sample point i, p denotes the number
of variables, (ui, vi) are the coordinates, β0(ui, vi) is the intercept, and βk(ui, vi) is the
regression coefficient.

3. Results
3.1. Accuracy Verification

To better reflect the model’s accuracy, we input the training data into both the GA-BP
neural network model and the BP neural network model to conduct assessment testing.
The performance plot was used to compare the error convergence ability of the GA-BP
neural network and BP neural network in the process of finding the optimal solution, where
the vertical coordinate represents the mean square error and the horizontal coordinate
represents the number of iterations. Figure 5a shows that the BP neural network frequently
fell into the local optimum during the gradient descent process, resulting in a significant
gap between the optimal solution and the goal. Figure 5b illustrates that the GA-BP neural
network had a more stable gradient descent performance, lower mean square error, and
searched for the global optimal solution after 15,206 iterations. The model had achieved the
training goal. We used the error indices R2, RMSE, and MAE to compare the errors between
the assessment results of the BP and GA-BP neural network models and the preassessment
results [60,63]. As shown in Table 2, the GA-BP neural network reduced the error to less
than 1%, significantly outperforming the BP neural network in accuracy and alignment
with reality. The GA-BP neural network assessment model constructed in this study is
well-performed and accurate.

Table 2. Comparison of assessment precision.

One-Dimensional Systems and Coupling System
Vulnerability Components

BP Neural Network Errors GA-BP Neural Network Errors

R2 RMSE MAE R2 RMSE MAE

Exposure of ecological protection system 0.69479 0.027822 0.022679 0.9963 0.003061 0.002365
Sensitivity of ecological protection system 0.47229 0.032825 0.027723 0.99927 0.001223 0.001061

Adaptive capacity of ecological protection system 0.67779 0.0376 0.036481 0.99731 0.003438 0.003019

Exposure of agricultural production system 0. 76123 0.032357 0.030436 0.99963 0.001268 0.000989
Sensitivity of agricultural production system 0.64474 0.029959 0.026154 0.99094 0.004783 0.004195

Adaptive capacity of agricultural production system 0.63189 0.03887 0.033521 0.99995 0.000441 0.000375

Exposure of urban construction system 0.15615 0.037361 0.037451 0.99432 0.003065 0.002458
Sensitivity of urban construction system 0.41538 0.04246 0.039572 0.99858 0.002092 0.001842

Adaptive capacity of urban construction system −1.7175 0.043401 0.046305 0.98427 0.003302 0.002881

Exposure of coupling system 0.36876 0.028328 0.02677 0.98197 0.004788 0.003628
Sensitivity of coupling system 0.38124 0.034373 0.033166 0.91547 0.012705 0.011118

Adaptive capacity of coupling system 0.5136 0.028269 0.027746 0.99512 0.002832 0.002366
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3.2. Vulnerability Assessment Results
3.2.1. Vulnerability of the Ecological Protection System

Figure 6 shows that the proportions of areas classified as extremely low (I), low (II),
medium (III), high (IV), and extremely high (V) vulnerability regions in the ecological
protection system accounted for 14.71%, 17.77%, 18.37%, 33.43%, and 15.72%, respectively.
The extremely high vulnerability space was mainly clustered in the east–central region.
High-exposure areas were mainly concentrated in the central urban area, where high
population density and overexploitation of land, such as deforestation and destruction of
grassland, have led to a decrease in the amount of natural resources and the quality of
the ecological environment. High-sensitivity areas were distributed in the east–west hilly
areas. Affected by urban construction, these areas exhibited low vegetation cover, the area
of hydraulic erosion and the degree of erosion were expanding and intensifying, and the
structure of the ecosystem was unstable. The central region was a zone of low adaptive
capacity. The ecological space represented by the Heng River was disrupted, leading to
decreased ecological adaptive capacity due to decreases in soil and water conservation
and biodiversity abilities. Integrating exposure, sensitivity, and adaptive capacity, the high
vulnerability area in the east–central region was influenced mostly by land-use degree (X4),
soil erosion intensity (X6), the normalized difference vegetation index (X7), biodiversity
(X9), and water conservation (X10). The vulnerability of the ecological protection system in
Linzhou was extremely high.
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3.2.2. Vulnerability of the Agricultural Production System

Figure 7 indicates that the proportions of areas classified as extremely low (I), low (II),
medium (III), high (IV), and extremely high (V) vulnerability regions in the agricultural
production system accounted for 11.80%, 23.41%, 22.02%, 32.72%, and 10.05%, respectively.
The extremely high vulnerability space was clustered in the western mountainous areas.
High-exposure areas were concentrated in the mountainous areas of Linzhou. These
areas were largely covered with barren grassland, with a relatively low proportion of
cultivated land and a high intensity of rainfall. High-sensitivity areas were distributed
in the mountainous areas in the east and west. These mountainous farmlands served as
Linzhou’s reserve cultivated land. A higher slope in the west and longer distance of water
transport in the east led to lower farmland production potential and increased sensitivity to
climate change. The agricultural adaptive capacity was greater in villages and towns around
the central urban area, where agricultural modernization parks were constructed earlier.
Integrating exposure, sensitivity, and adaptive capacity, the high vulnerability area in the
west was influenced mostly by extreme rainfall (X12), the proportion of cultivated land
(X13), slope (X16), farmland production potential (X18), and the total power of agricultural
machinery (X20). The vulnerability of the agricultural production system in Linzhou was
at a medium level.
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3.2.3. Vulnerability of the Urban Construction System

Figure 8 shows that the proportions of areas classified as extremely low (I), low (II),
medium (III), high (IV), and extremely high (V) vulnerability regions in the urban construc-
tion system accounted for 9.8%, 29.43%, 31.11%, 19.33%, and 10.33%, respectively. The
extremely high vulnerability space was mainly concentrated in the northwestern moun-
tainous and hilly areas. High-exposure areas were concentrated in the mountainous and
hilly areas in the northwest and northeast. These areas feature gravity-based landforms,
which are prone to geologic hazards such as collapses, landslides, and mudflows. In the
central urban area, which had an urbanization rate of 56.78%, the construction intensity
was relatively high, and the exposure was also high. High-sensitivity areas were primarily
clustered in the western mountainous area characterized by high altitude, large topographic
undulation, and negative population growth; therefore, these areas were more sensitive
to emergencies. The adaptive capacity of the central urban area was greater than that of
the other areas. This area had a good economic foundation and relatively perfect urban
construction, and had a certain ability to withstand emergencies. Integrating exposure,
sensitivity, and adaptive capacity, the high vulnerability area in the northwest was influ-
enced mostly by geological hazards (X21, X22, and X23), the proportion of construction
land (X25), topographic undulation (X27), and urban infrastructure (X29, X30, X31, and
X32). The vulnerability of the urban construction system in Linzhou was relatively high.
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3.2.4. Vulnerability of the Coupling System

Figure 9 shows that the proportions of areas classified as extremely low (I), low (II),
medium (III), high (IV), and extremely high (V) vulnerability regions accounted for 18.08%,
34.58%, 24.35%, 13.69%, and 9.3%, respectively. The extremely high vulnerability space
was mostly concentrated in the mountainous areas in the northwest and northeast and in
the central urban area, characterized by multispatial distribution. High-exposure areas
were clustered in the central urban area. These areas were mainly distributed within
high-intensity built-up land, exerting pressure on the ecological system and urban system.
High-sensitivity areas were primarily concentrated in the western mountainous regions.
These regions were characterized by a complex topography and low soil quality and were
more sensitive to changes in the external environment during the processes of ecological
protection, agricultural production, and urban construction. The mountainous and hilly
areas in the west had a greater capacity for soil and water conservation, less disturbance
from human activities, and had a greater adaptive capacity. The transitional areas between
the central urban area and the mountainous area had a significantly reduced ecological
adaptive capacity due to the impact of urban expansion, and the infrastructure construction
was relatively backward compared to that of the central urban area; thus, the adaptive
capacity of this area was relatively low.
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3.3. GWR Analysis Results

The goodness of fit R2 of the GWR model reached 0.90, and the regression coefficients
passed the p-value test (p < 0.05). Figure 10 shows that ecological system vulnerability
was significantly positively correlated (β ≥ 0.35) with coupling system vulnerability in
approximately 63% of the regions represented by the central urban area. The central urban
area was mainly affected by the ecosystem, and the extremely high ecological vulnera-
bility of the region exacerbated the coupling system vulnerability. Therefore, ecological
restoration needs to be prioritized in future spatial planning. In the north–central region,
the agricultural system had a positive correlation (β ≥ 0.35) with the coupling system
vulnerability. However, the coefficient was close to 0 (−0.2 ≤ β ≤ 0.2) in approximately
49% of the regions, suggesting that agriculture had less of an impact. The coupling vul-
nerability of most regions in Linzhou was less influenced by the agricultural system. The
low vulnerability of the agricultural system in the north–central region reduced the cou-
pling vulnerability, and the agricultural development in this region helps to reduce overall
vulnerability. In approximately 78% of the mountainous and hilly areas in Linzhou, there
was a significant positive correlation (β ≥ 0.35) between the urban system and coupling
system. The coupling vulnerability of eastern and northwestern hilly areas was mainly
affected by the urban system. The low urban vulnerability in the east reduced the coupling
system vulnerability. Conversely, the extremely high vulnerability of the urban system
in the northwest exacerbated the coupling system vulnerability, highlighting the impor-
tance of disaster prevention and control planning in the region. GWR demonstrated that
the ecosystem and urban system had a greater impact on the coupling system, while the
agricultural system had less influence.
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4. Discussion
4.1. Applicability of the Assessment Framework

We constructed a spatial vulnerability assessment framework for mountain cities,
including a vulnerability index system, a GA-BP neural network assessment model, and
GWR analysis. In previous papers on the vulnerability of mountainous regions, researchers
have assessed the vulnerability from the perspectives of geology and hazards [45,64],
socioeconomics [65], ecological sensitivity, and ecosystem services [53] by constructing vul-
nerability indicator systems. These indicators are mostly selected from a single perspective,
and holistic studies of humans and the nature are lacking. In this study, we constructed an
exposure–sensitivity–adaptive capacity index system from ecology–agriculture–urban spa-
tial systems. The index system not only considered the coupling systems of mountain cities
but also selected indicators with mountain geographic characteristics, such as frequent
disasters and topography, to compensate for the shortcomings of the existing research.

We innovatively introduced the GA-BP neural network to assess the spatial vulnera-
bility. By constructing a four-layer BP neural network, we obtained the optimal relation-
ship between each indicator and the vulnerability results. Accuracy verification revealed
that, compared to the standard BP neural network commonly used in the vulnerability
field [66,67], the GA-BP neural network with double hidden layers had superior generaliza-
tion capability, avoided local optima, and greatly improved the assessment accuracy. This is
because the genetic algorithm determined the optimal weights and thresholds by searching
for individuals with higher fitness, significantly reducing the error of the results [68,69].
The double hidden layers enhanced the neural network’s generalization capability, making
it suitable for large-scale nonlinear datasets. This expands the application of machine
learning in vulnerability research [14]. In the future, the well-performing GA-BP neural
network can be used for coupling system vulnerability assessment, and combined with
long-term series data, the trained model can continuously update and assess vulnerability.

Moreover, the GWR analysis identified the spatial influence of the one-dimensional
system on the coupling system, providing a reference for formulating vulnerability re-
duction and sustainable development strategies in different regions of Linzhou [70]. The
framework can lay the foundation for assessing the vulnerability of more mountainous
urbanized regions.
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4.2. Reliability of Results

The mountainous and hilly areas of Linzhou account for 86% of the total area. Moun-
tainous regions have special attributes, with a gradient distribution of natural resources,
hidden danger of geologic hazards, and extreme climate. Combined with the key im-
pact indicators of the vulnerability results in the previous section, the topography and
geomorphology characterized by steep slopes and erosion, and the resulting geohazard
events and extreme climate events, are the underlying causes of vulnerability in Linzhou.
Many scholars have explored the causes of vulnerability in other mountainous urbanized
regions. For example, Wilson et al. (2018) [24] reported that the determinants of mountain
community vulnerability in the Austrian Alps are climate change factors, such as snowfall,
and Jha et al. (2021) [71] argued that the socioecological vulnerability of communities in
the Indian Himalayas is influenced by multiple factors, such as climatic risks and resource
constraints, aligning substantially with the above findings.

The GWR results show that the vulnerability of the coupling system is strongly
influenced by the ecosystem. The positive impact of the urban system on the coupling
system is more evident in the mountainous and hilly regions of Linzhou, which aligns with
the results of previous studies [72]. The agricultural system has a certain inhibitory effect
on coupling system vulnerability. In recent years, measures such as strictly controlling the
red line of cultivated land and standardizing the balance of cultivated land occupation
and compensation in Linzhou have helped to alleviate spatial vulnerability, but the overall
impact is relatively small and in line with reality [73].

4.3. Sustainable Development Suggestions

Based on the results, the following strategies are proposed to reduce spatial vulnera-
bility and achieve sustainable development in Linzhou:

Prioritize the reduction of ecological vulnerability in the central area. The central
area is highly vulnerable driven by the ecological system, which is consistent with what
is stated in Linzhou’s 14th Five-Year Plan Ecological Restoration Report. Firstly, for the
ecological space disruption of the Heng River, the relevant departments should enforce the
ecological protection red line and restore the vegetation and natural succession process
in the area. Secondly, since the central urban area is the core for industrial development,
with high construction intensity and low ecological adaptability, it is recommended to
install small-scale, high-density green infrastructure. This includes small parks, roadside
green spaces, etc., to restore ecological connectivity between the central urban area and the
surrounding towns [72].

Develop agriculture in the western mountainous area. The western mountainous area
is highly vulnerable due to the agricultural system. As a mountainous city, Linzhou has less
high-quality cultivated land in the central and southern plains, hindering its ability to meet
long-term development needs. Territorial Spatial Master Planning of Linzhou (2020–2035)
incorporates the western mountainous area into the reserve cultivated land. Given the poor
quality of farmland and infrastructure in this region, the construction of western branch
canals should be improved based on the Hongqi trunk canal to increase the irrigated area.
Constructing irrigation canals helps to improve the quality of farmland by reducing the loss
of soil nutrients. Additionally, introducing small-scale, intelligent agricultural machinery
suitable for mountain operations will enhance the efficiency of agricultural production in
the region [74].

Enhance disaster prevention and control in the northwestern mountainous and hilly
areas. In the urban system, these areas are highly vulnerable due to the dense presence of
geohazard sites. It is recommended that engineering measures should be taken to restore
the geologic environment by clearing dangerous rocks, cutting slopes, and ecological slope
protection, so as to prevent landslides, mudflows, and other sudden geologic hazards [75].
When planning new rural construction sites in the area, the planning department should
avoid potential geohazard sites and choose flat areas [45]. The mountain–urban transitional
region in the west, which was built late and has a low adaptive capacity to cope with emer-
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gencies, should enhance the intensive use of land and gradually improve the infrastructure
of public transportation, medical care, and education.

4.4. Limitations

This study represents a novel attempt to assess the vulnerability of mountain cities
using the GA-BP neural network; however, it also has several limitations. First, due to
data availability and the difficulty in quantifying socioeconomic factors, representative
indicators can be selected only for ecological, agricultural, and urban systems. The geo-
graphical features of mountainous agriculture and transitional areas between mountainous
and urban areas cannot be comprehensively characterized. In the future, we will combine
historical high-resolution data to improve the index system and explore the spatial and
temporal trends of vulnerability on an annual basis. Second, the genetic algorithm is used
to search for the optimal weights and thresholds of the BP neural network. Although it
achieves higher model accuracy, it reduces the convergence speed and takes a long time.
In the future, we will improve the genetic algorithm by using it to quickly optimize the
overall structure of the BP neural network.

5. Conclusions

Based on the vulnerability index system, the GA-BP neural network model, and
GWR analysis, we focused on constructing a comprehensive assessment framework for
spatial vulnerability in mountain cities. Linzhou was selected as a typical case to complete
the assessment–analysis–management closed-loop study. The major conclusions are as
follows: (1) The vulnerability assessment model based on the GA-BP neural network has
the advantages of high accuracy and good generalizability. (2) The vulnerability of the
ecological protection system was high in the east–central region, that of the agricultural
production system was high in the western mountainous areas, and that of the urban
construction system was low in the middle and high in the northwestern mountainous and
hilly areas. The vulnerability of the coupling system was characterized by multispatial
distribution. (3) The complex topography and geomorphology and the resulting natural
hazards are the underlying causes of spatial vulnerability in Linzhou. Linzhou’s spatial
vulnerability is significantly influenced by the ecosystem and urban system.

The framework helps to assess the spatial vulnerability of Linzhou over the long term
and serves as a reference for vulnerability assessments of other similar mountain cities with
stepped topographies. Future research can optimize the GA-BP neural network model. For
instance, the adaptive genetic algorithm can be applied to optimize the overall structure of
the BP neural network [76]. This includes searching for multiple optimal solutions simulta-
neously, improving the speed of model training, and adaptively adjusting the parameters,
such as variance and crossover probability, to avoid the error from manual adjustments.
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Appendix A

Table A1. The rationale of selecting indicators.

Index Indicator Rationale

X1 Population density
With the increase in population, human activities such as overexploitation of natural resources,
environmental pollution, and vegetation destruction will lead to the intensification of ecological
vulnerability.

X2 Proportion of woodland area The main land types in Linzhou are woodland, grassland, and cultivated land, and phenomena
such as deforestation and grass destruction can lead to increased ecological vulnerability.X3 Proportion of grassland area

X4 Comprehensive index of
land-use degree

Land-use degree is a measure which can reflect the extent of human impact on nature, containing
information on patterns and their proportions of land use. Overexploitation of land leads to a
decline in the total amount of natural resources and the quality of the ecological environment, and
increases ecological vulnerability.

X5 Aridity index Arid environments can limit vegetation growth, and reduce grassland productivity, negatively
impacting ecosystems and increasing ecological vulnerability

X6 Soil erosion intensity The type of soil erosion in Linzhou is mainly hydraulic erosion, which mainly responds to the state
of soil susceptibility to erosion, and soil erodibility increases ecological vulnerability.

X7 Normalized difference
vegetation index

The normalized difference vegetation index is used to assess the degree of vegetation coverage.
Areas with high vegetation cover play an important role in maintaining slope stability and are less
susceptible to environmental changes, reducing ecological vulnerability.

X8 Soil conservation Soil conservation reduces ecological vulnerability through capacity to conserve soil and control
erosion.

X9 Biodiversity Biodiversity reduces ecological vulnerability by increasing ecosystem resilience to disturbance.

X10 Water conservation Water conservation is mainly manifested in ecosystems that intercept precipitation, regulate runoff,
purify water, etc., which helps to reduce ecological vulnerability.

X11 Climate regulation value Climate regulation capacity reduces ecological vulnerability by mitigating the effects of climate
change.

X12 Intensity of extreme rainfall High intensity of rainfall may lead to waterlogging situation, and it may sometimes adversely
affect crop productivity, resulting in increased agricultural vulnerability.

X13 Proportion of cultivated land The main land types in Linzhou are woodland, grassland, and cultivated land. Encroachment on
cultivated land results in reduced soil fertility, which increases the agricultural vulnerability.

X14 Annual average precipitation Insufficient or uneven precipitation inhibits crop growth and increases agricultural vulnerability.

X15 Annual average temperature Lower temperature inhibits crop growth and increases agricultural vulnerability.

X16 Slope The proportion of sloping cultivated land of 6–25◦ in Linzhou is as high as 43.79%, and sloping
cultivated land can easily lead to soil fertility loss and increase agricultural vulnerability.

X17 Distance from a water source Distance from a water source affects agricultural water management, and increased distance to
water increases agricultural vulnerability.

X18 Farmland productivity
potential

Farmland productivity potential is an index to measure soil crop production capacity by
integrating agricultural technology, topography, climate, and other factors in Linzhou. High
farmland production potential helps to reduce agricultural vulnerability.

X19 Number of agricultural
workforce

The increase in agricultural workforce will contribute to the exchange of agricultural resources and
technical skills and reduce agricultural vulnerability.

X20 Total power of agricultural
machinery

The input of agricultural mechanization helps to improve the efficiency ofagricultural activities
such as sowing and threshing, and reduce agricultural vulnerability.

X21 Hidden danger of geological
collapse Linzhou is a high risk area for geologic hazards. Disasters such as collapses, landslides, and

mudflows threaten social and urban infrastructure and increase urban vulnerability.X22 Hidden danger of landslides
X23 Hidden danger of mudflows

X24 Nighttime Light intensity
The distribution of nighttime lights reflects the scale of the regional economy and human activities.
The higher the intensity of nighttime light, the greater the intensity of human activity, which leads
to the increase in urban vulnerability.
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Table A1. Cont.

Index Indicator Rationale

X25 Proportion of construction land The construction land in Linzhou is expanding continuously. High-intensity land construction
leads to the increase in urban vulnerability.

X26 Elevation
Elevation is an important factor influencing climate change and geological stability. Areas of higher
elevation are less susceptible to building of urban infrastructure and increase in urban
vulnerability.

X27 Topographic undulation In areas with large undulating topography, the stability of infrastructure construction is poor, and it
is more vulnerable to external environment, which leads to the increase in urban vulnerability.

X28 Rate of natural population increase
Rate of natural population increase characterizes the stability of population change. Positive
population growth indicates that the urban has a good and stable living environment and that the
urban vulnerability is low.

X29 Road density Developed transportation systems improve the response ability in the early stage of disaster and
reduce urban vulnerability.

X30 Density of educational
facilities

Popularizing disaster-related education and improving capacity to respond to emergencies
contribute to reducing urban vulnerability.

X31 Density of medical institutions Rational arrangement of medical facilities can improve urban rescue capacity and reduce urban
vulnerability.

X32 Density of urban green spaces and
parks

In the face of emergencies, urban parks and green spaces help reduce urban vulnerability by
providing emergency shelter.

Table A2. Principal component analysis results.

System Principal
Component Eigenvalue Contribution Rate

(%)
Cumulative

Contribution Rate (%) KMO

Ecological
protection system

1 5.261 47.831 47.831

0.876
2 1.329 12.084 59.915
3 0.97 8.816 68.731
4 0.854 7.767 76.498

Agricultural
production system

1 4.425 49.166 49.166

0.808
2 1.353 15.036 64.203
3 1.037 11.518 75.72
4 0.832 9.25 84.97

Urban construction
system

1 3.903 32.527 32.527

0.739
2 2.245 18.707 51.234
3 1.403 11.688 62.922
4 1.03 8.585 71.507

Coupling system

1 11.728 36.649 36.649

0.844

2 3.789 11.841 48.49
3 1.912 5.975 54.465
4 1.753 5.479 59.944
5 1.447 4.523 64.467
6 1.303 4.072 68.539
7 1.207 3.771 72.309
8 1.02 3.188 75.497
9 0.879 2.746 78.243
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