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Abstract

:

Evaluating the vulnerability of urban transportation systems to flood disasters can provide scientific support for urban disaster prevention and mitigation. Current methods for assessing the flood vulnerability of urban roads often overlook the internal relationships within the complex spatial composition of road networks and surface structures. In this study, based on the theory of complex networks, a dual-layer network assessment model is established for evaluating the flood vulnerability of urban transportation systems by coupling basic geographic data with road network vector data. Unlike traditional methods, this model considers the complex relationship between road network structures and ground surfaces, uncovering a correlation between road network structure and road flood vulnerability. By utilizing this model, the flood vulnerability of road networks in Shenzhen, as well as the city’s spatial flood vulnerability, are quantitatively assessed. Based on the quantitative results, we create maps illustrating the distribution of road and spatial flood vulnerability in Shenzhen. The study results reflect that roads highly vulnerable to flooding are mainly located in the central urban area of the southwest, with the flood vulnerability spatially concentrated primarily in the northern and western regions. Using data from government reports, news stories, and other sources over the past five years, we compile recorded instances of urban waterlogging. The quantitative results of the model are consistent with the distribution trend in recorded waterlogging points, indicating that the model’s outcomes are authentic and reliable.
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1. Introduction


Floods are significant natural disasters that occur frequently on a global scale, posing serious threats to human lives and societal progress [1,2]. In China, floods have triggered numerous major disaster events, resulting in casualties and economic losses, especially in urban areas [3,4]. With the acceleration of urbanization in China, the increasing population, dense built-up areas, and complex road networks are more susceptible to flood impacts [5]. Therefore, conducting urban flood disaster risk assessments becomes particularly important to better formulate emergency response plans for flood disasters and reduce the impact of such disasters [6].



Flood disaster risk assessment is one of the fundamental bases for developing disaster prevention plans and has been extensively studied in recent years. The main research methods are divided into the multi-criteria index system method, the coupling of remote sensing and GIS, and scenario simulation assessment [7]. The multi-criteria index system is the most widely used method for flood risk assessment [8]. Based on the natural characteristics and socioeconomic specifics of the study area, this approach selects relevant direct and indirect index factors for urban flood disasters, constructs a flood risk assessment index system, and uses mathematical models to evaluate and define the overall flood risk [9]. The method based on the coupling of remote sensing and GIS uses remote sensing technology to obtain information such as water area, inundation duration, and disaster-bearing bodies in the disaster area, and then, inputs this information into GIS tools for spatial analysis [10]. Based on hydrological and hydrodynamic models, scenario simulation assessment is a method for dynamic simulation and assessment of disaster processes in the study area by designing disaster scenarios of specific frequency and intensity (design rainfall) [11]. In recent years, a large number of researchers have begun to experiment with machine learning methods for flood risk assessment. These rely on intelligent algorithms to learn the characteristics of flood risk and automatically acquire the input–output relationship between driving factors and flood risk [12]. These methods provide different ideas for flood hazard assessment.



Flood risk is commonly understood as a function of three components: hazard—the likelihood of a flood occurring; exposure—the number and value of assets at risk; and vulnerability—the ability of a society to respond to the event [13,14]. Although our comprehension of hazard and exposure has significantly advanced over time, understanding vulnerability continues to be a major challenge in flood risk assessment today [15,16]. Over the past few decades, flood vulnerability has been an important indicator for assessing the impact of flood disasters in a region, holding significant research value [17,18].



Vulnerability, the core indicator for measuring the extent of a disaster’s impact, refers to the potential damage that a system can incur under the influence or pressure of a disaster [19]. Therefore, flood vulnerability analysis does not mean analyzing a single likelihood of exposure, but it requires a comprehensive analysis of the extent of exposure damage. It includes a wide range of social, economic, and other characteristics that affect the sensitivity of the exposed elements to the impact of the disaster [20,21]. Because of the importance of flood vulnerability analysis, international initiatives, such as the Sendai Framework for Disaster Risk Reduction 2015–2030 (United Nations International Strategy for Disaster Reduction, 2015), emphasize the need to understand and evaluate flood vulnerability [22]. Flood vulnerability assessment plays a crucial role in flood risk assessment [17].



Scholars have analyzed flood vulnerability from different perspectives and obtained important results [23]. In conducting spatial flood vulnerability assessments, index-based models or situational simulation models are commonly used for the analysis. In the context of index-based models, Brouwer et al. [24] investigate local-scale flood risk and resilience to assess the extent of flood exposure in Malaysia and how people respond to flood damage. Xuerao et al. [19] construct an evaluation model for urban flood disaster vulnerability by considering exposure, sensitivity, and adaptability, and assess urban flood vulnerability using the entropy method. In the realm of situational simulation models, Suarez et al. [25] evaluate the impact of flooding and climate change on Boston’s urban transportation system through situational simulation assessments. Utilizing actual measurement data and maximum water depth survey results, Jiake et al. [26] establish an accurate coupled model of floods in the study area to simulate current and design scenarios, and evaluate flood disaster vulnerability according to the simulation results.



In addition, the study of the vulnerability of transportation systems should be given significant attention. The focus of this paper is on one specific critical infrastructure system—the transport system. The road system, in particular, is fundamental to the functioning of society in both developed and developing countries [27]. A transportation system can be defined as a highly dynamic network composed of various vehicles and infrastructure such as roads [28]. Due to the high susceptibility of transportation systems to extreme events, assessing their vulnerability is of utmost importance [29]. In assessing the vulnerability of transportation systems, most studies focus on the analysis of networks’ structural characteristics. For example, Balijepalli et al. [30] examine the vulnerability of urban road networks in maintaining connectivity. In another study, Santos et al. [31] explore the vulnerability of roads in mitigating the impact of floods from the perspective of network efficiency. These studies provide options for flood vulnerability assessment based on different perspectives. Additionally, some studies analyze the flood vulnerability of transportation systems using scenario simulation models. Abdulla et al. [32] model and characterize seepage dynamics in road networks during major river flood events to evaluate flood vulnerability. Prasoon et al. [33] simulate multiple rainfall events, map road network inundation, and assess the spatial vulnerability of the road network.



Although disaster vulnerability assessment methods have shown a certain degree of maturity, they commonly rely on the direct overlay of diverse geographic data, which significantly limits their accuracy [34,35,36]. Particularly in assessing road network vulnerability to flooding, past research often failed to fully account for the crucial element of complex spatial interconnectivity between network structures and surface composition. Additionally, due to the inherent diversity of multisource geographic data, traditional methods struggle to accurately integrate these varied datasets, posing challenges in effectively organizing different geographic information components [37].



To address the challenges mentioned above, this study combines various assessment algorithms to construct a dual-layer complex network model based on multisource geographic data. In this model, a method for assessing urban road flood vulnerability and spatial flood vulnerability is proposed. Unlike traditional research methods, our proposed approach utilizes a dual-layer network structure to analyze the complex relationship between road network structures and surface conditions thoroughly. It systematically organizes various types of data to conduct a scientific analysis of urban road flood vulnerability. This research considers multiple factors, including natural disaster-causing elements and human factors, to make the assessment results more scientific and standardized. To our knowledge, our research is the first to provide a solution for flood disaster vulnerability assessment based on a multi-layer complex network, offering an innovative approach. The primary contributions of this research are summarized as follows:




	
Propose a dual-layer network model for flood vulnerability assessment based on complex network theory.



	
Integrate the interconnection between road networks and surface conditions into the assessment.



	
Apply the assessment model to evaluate spatial and road flood vulnerabilities in Shenzhen.








The rest of this paper is organized as follows. Section 2 introduces the research data and methods. Section 3 presents the research findings on Shenzhen as the study area. Section 4 describes the experiments conducted to evaluate the efficacy of the proposed method, presents a comparative analysis with related research methods, and provides suggestions for reducing flood vulnerability. Section 5 concludes the paper.




2. Materials and Methods


Based on the research background, this section introduces the details of the proposed study. Section 2.1 describes the details and sources of the data. Section 2.2 presents the overall methodology of the study, and Section 2.3 and Section 2.4 discuss the research methods in depth.



2.1. Dataset


The dataset for this study includes remote sensing data and basic road data. The remote sensing data include natural categories such as rainfall and elevation, as well as economic categories like night lighting and building heights. These factors influence disaster susceptibility and disaster-induced losses, all of which are related to flood vulnerability [38,39,40,41,42]. Additionally, the basic road data incorporate various types of geographic information data, which should also be reasonably included in the study [43]. For example, the traffic volume of roads affects the efficiency of the transportation system, which in turn impacts the system’s vulnerability [44]. These data, which have a high correlation with the flood vulnerability of the system, are selected to be included in the study dataset.



The data come in different types, such as raster and vector data. The types and sources of the data used are presented in Table 1.




2.2. Proposed Method


The research begins by collecting remote sensing data and basic road data as the primary dataset. Subsequently, waterlogging points within the study area are gathered to validate the accuracy of the algorithms.



Based on the research data, a dual-layer network assessment model is constructed. In the construction of the model’s underlying network, an index system including elevation, rainfall, and other indicators is established. The study area is then uniformly sampled. Using the established index system and a newly proposed method for flood vulnerability assessment, the flood vulnerability indices of all sampling points are evaluated. The city is spatially partitioned using roads as boundaries, and flood vulnerability values for each partition are calculated based on statistics from the sampling points. Each partition corresponds to a node, with the partition’s flood vulnerability value as the node weight. All different nodes are interconnected by edges. Finally, differences between partitions are assessed, and the assessment values serve as edge weights. Overall, the underlying network processes the data covered in the index system, establishing a globally coupled network [47]. During this process, the flood vulnerability values of the sampling points reflect the spatial distribution of flood vulnerability within the study area.



In constructing the model’s top-level network, three assessments are conducted: based on the underlying network, road disaster vulnerability (RDV) is evaluated. The structural importance of roads is assessed based on the road network structure. Road conditions are assessed based on fundamental road data. Finally, the model integrates the results from the three assessments to determine the road flood vulnerability (RFV). The top-level network utilizes road intersections as nodes and roads as connecting edges. In summary, the top-level network takes inputs from the underlying network and basic road data, producing outputs of road flood vulnerability.



After constructing both network layers, the two can be integrated to form a dual-layer network assessment model. This model enables the assessment of both spatial flood vulnerability and road flood vulnerability in the study area.



The general flowchart of this study is shown in Figure 1.




2.3. Underlying Network Construction


This section provides a detailed introduction to the construction process of the underlying network. Section 2.3.1 explains the calculation process of the Urban Flooding Vulnerability Index, which forms the basis for constructing the underlying network. Section 2.3.2 details the calculation of network node weights, and Section 2.3.3 describes the calculation of the network adjacency matrix. Based on the network node weights and the adjacency matrix, the underlying network can be constructed.



2.3.1. Urban Flooding Vulnerability Index (UFVI) Calculation


A new urban flooding vulnerability index (UFVI) is proposed for assessing vulnerability to intra-city flooding. The flowchart of the evaluation algorithm for the UFVI is shown in Figure 2.



The flow of the algorithm’s operation is described in detail below.



The indicator system, as the foundation of this algorithm, must be rationally designed at the outset. As this study analyzes flood disaster vulnerability on a small scale, the weak influence of some data that do not change much on a small scale (e.g., education level and emergency preparedness) is ignored. In the construction process of the underlying network, seven types of data are reasonably selected as the study data: elevation data, rainfall data, vegetation distribution data, night light data, population distribution data, building height data, and water body distribution data. Using these data as sources for evaluation criteria, seven evaluation indicators are established. They can be divided into natural and economic categories. Natural indicators include rainfall, elevation, vegetation distribution, and water body distribution. Economic indicators comprise night lighting, population distribution, and building height. These indicators and their interrelationships constitute an indicator system.



The number and values of sampling points affect the algorithm’s final assessment outcomes; thus, a rational sampling method needs to be proposed. The algorithm employs a uniform sampling approach, dividing the research area into equally spaced sampling points, and focuses on these points for further analysis. This sampling method overcomes the challenges associated with the fusion of multi-resolution data, preventing the loss of precision that can occur due to data resampling.



After obtaining the sampling points, the following algorithmic process is conducted based on the indicator system.



First, construct a decision matrix. The original matrix X is constructed using m objects and n indexes, where objects represent sampling points, and indexes represent selected indicators.


  X =   (  x  i j   )   m × n    



(1)







After that, harmonize the indicator types and perform normalization operations for all indicators. Different indicators represent different meanings. The interval method is used to standardize the indicator values so that they are distributed between 0 and 1.



For the four positive indicators of precipitation, night light, population, and building height, the following normalization operation is applied:


   x  i j  ′  =    x  i j   − min  (  x  i j   )    max  (  x  i j   )  − min  (  x  i j   )     



(2)







For the three negative metrics of elevation, vegetation, and water bodies, the following normalization operation is applied:


   x  i j  ′  =   max  (  x  i j   )  −  x  i j     max  (  x  i j   )  − min  (  x  i j   )     



(3)







In Equations (2) and (3),   x  i j    represents the value at the i-th row and j-th column of matrix X, and   x  i j  ′   is the data after standardization. Following this step, the original matrix X needs to be updated. Perform the operation described in Equation (4) on all elements within the matrix X.


   x  i j   =  x  i j  ′   



(4)







Subsequently, the matrix X needs to be normalized to mitigate the effects of varying magnitudes. The matrix Z obtained after standardizing the indicator values and one element of Z is


   z  i j   =   x  i j      ∑  i = 1  n   x  i j  2      



(5)




where   z  i j    represents the element in the i-th row and j-th column of matrix Z. Following Equation (5), Z can be derived, which has dimensions of   m × n  .



The AHP-EWM method can be used to define the weights among different indicators. The analytic hierarchy process (AHP) [48,49] has a significant advantage over the entropy weight method (EWM) [50,51] in determining weights based on the decision maker’s intentions, but it is relatively less objective and more subjective. While EWM offers greater objectivity, it fails to reflect the decision maker’s involvement in the importance of different indicators, leading to situations in which certain weights contradict the actual significance of the indicators [52]. To ensure the accuracy and rigor of the assignment, these two types of assignments are combined to seek the weight value of each indicator under each program. This step is roughly divided into the following three small steps:




	(1)

	
First, measure weights using the EWM method.









The entropy   p i   of the i-th object can be defined as


   p i  = − k  ∑  j = 1  m   f  i j   ln  f  i j    



(6)




where    f  i j   =   z  i j     ∑  j = 1  m   z  i j      ,   k =  1  ln m    ,   i = 1 , 2 , … , n  . When    f  i j   = 0  ,    f  i j   ln  f  i j     is defined as 0.



The weight of the i-th object   λ i   can be defined according to entropy theory:


   λ i  =   1 −  p i    n −  ∑  i = 1  n   p i     



(7)




where   0 ≤  λ i  ≤ 1  , and    ∑  i = 1  n   λ i  = 1  . The vector  λ  stores the weights of various indicators, as determined by the EWM, featuring dimensions of   1 × n  .



	(2)

	
Then, measure weights using the AHP method.







Initially, establishing a hierarchical framework is imperative. This study considers flood vulnerability assessment as the overarching goal; it encompasses evaluating economic loss and disaster susceptibility as the primary objective.



For each goal, corresponding comparison matrices need to be constructed. The size of the comparison matrix is dependent on the number of indicators to be compared. If the number of indicators is k, then the matrix size will be   k × k  . In this study, the matrix can be divided into two categories: the criteria layer matrix and the scheme layer matrix. Comparisons between indicators can be quantified using a scale. This evaluation is quantified using a numerical scale from 1 to 9, employing Santy’s 1–9 scale for consistent scoring across factors at equivalent levels [53]. The structure of the scale is shown in Table 2. From this, pairwise comparison matrices are developed, synthesizing insights from five specialists in the domain of disasters.



To ascertain the reasonableness of the weight allocation, the following formulas are employed to evaluate matrix consistency:


  C I =    β max  − d   d − 1    



(8)






  C R =   C I   R I    



(9)







Herein,   β max   denotes the principal eigenvalue, d signifies the tally of the criteria, and   C I   stands for the consistency index.   R I   represents the mean randomness index, whose value is shown in Table 3.   C R  , the consistency ratio, serves as a benchmark for coherence; a   C R   less than 0.1 denotes an acceptable level of consistency.



The weighted matrix  α  is calculated using the method described. The matrix  α  is a 1 by n matrix that stores the weights of each indicator calculated using the AHP method. In this study, both the criteria layer matrix and the scheme layer matrices demonstrate good consistency, affirming the robustness of the methodology. The test results are presented in Table 4.



	(3)

	
Finally, combine the weights calculated by the two methods.







The weights calculated from both methods are combined to determine the final weights for each category of indicators. We define the subjective and objective combination weights W as follows:


   w i  =     λ i   α i      ∑  j = 1  n     λ i   α i       



(10)







The matrix W is a 1 by n matrix, where   w i   represents the weight of the i-th indicator. After that, W is applied to the matrix Z, which is weighted and averaged for each object to obtain Z:


  Z =       w 1   z 11       w 2   z 12     ⋯     w n   z  1 n          w 1   z 21       w 2   z 22     ⋯     w n   z  2 n        ⋮   ⋮   ⋱   ⋮       w 1   z  m 1        w 2   z  m 2      ⋯     w n   z  m n         



(11)







The element in the i-th row and j-th column of the updated matrix Z is expressed as   z  i j   .



After the calculation of weights is completed, further computations can be carried out based on the principles of the TOPSIS algorithm [54,55]. The positive ideal solution   A +   is a hypothetical alternative that has the best value for all criteria considered. Conversely, the negative ideal solution   A −   represents the worst values. These are defined as follows:


   A +  =  {  z 1 +  ,  z 2 +  , … ,  z n +  }  , where   z j +  =  { max  (  z  i j   | j ∈ J )  , min  (  z  i j   | j ∈  J ′  )  }   



(12)






   A −  =  {  z 1 −  ,  z 2 −  , … ,  z n −  }  , where   z j −  =  { min  (  z  i j   | j ∈ J )  , max  (  z  i j   | j ∈  J ′  )  }   



(13)




where J is related to the positive index, and   J ′   is related to negative indices.



The geometric distances from the ideal solutions are then calculated.   S i +   is the distance to the positive ideal, and   S i −   is the distance to the negative ideal:


   S i +  =   ∥  z i  −  A +  ∥  2  =    ∑  j = 1  n    (  z j +  −  z  i j   )  2      ( i = 1 , 2 , … , m )   



(14)






   S i −  =   ∥  z i  −  A −  ∥  2  =    ∑  j = 1  n    (  z j −  −  z  i j   )  2      ( i = 1 , 2 , … , m )   



(15)




where   z i   represents the i-th row of the matrix Z.



The relative closeness of a particular alternative to the ideal solution is given by


   S i  =   S i −    S i +  +  S i −     



(16)







Defining the UFVI value as   S i  , it is obvious that   0 ≤  S i  ≤ 1  , and that the larger   S i   is, the smaller   S i +   becomes, meaning that it approaches the maximum value more closely. With this algorithm, the UFVI value for each sampling point can be obtained.



Finally, the K-means clustering algorithm is used to classify the UFVI values for each sampling point. The use of the clustering algorithm for classification is a good choice because of the large number of sampling points used in the study and the uncertainty in the distribution of the resultant data from different study areas [56,57]. In this study, the K-means clustering algorithm is selected for UFVI classification to indicate the risk level of flooding.



With this algorithm, the UFVI is categorized into four levels (levels 1 to 4), with higher levels indicating a higher severity of vulnerability. Using this algorithm, the UFVI level at each sampling point can be determined efficiently.




2.3.2. Node Weight Calculation


To study the flood vulnerability of roads more intuitively, our study utilized road network vector data to delineate the study area, with roads as boundaries. The areas enclosed by the road network are defined as blocks, and each block is considered a node of the underlying network. Using the UFVI values within each area, the proposed algorithm is employed to statistically assess the flood vulnerability of each block. The flowchart of this process is illustrated in Figure 3.



The algorithm is briefly explained below. Intersections are first extracted from the road network, and the partitioning boundaries are defined based on the rectangular area formed by the maximum and minimum latitude and longitude values of the four intersections. To facilitate computer operations, this latitude and longitude range is taken as the physical range of the partition, and the appropriate latitude and longitude spacing are used for sampling the area. Finally, the average of the sampling results is used as the weight of the node corresponding to the partition. Utilizing this algorithm, the flood vulnerability value of each partition can be evaluated to obtain the node weights of the underlying network.




2.3.3. Adjacent Matrix of the Network


The weights of the edges represent the degree of similarity in flood vulnerability of neighboring regions. The distance between two regions is the main determinant for assessing the degree of similarity in flood vulnerability [58]. In addition to physical distance, some static features should be considered in combination.



Seven static features, such as height and rainfall, are chosen for similarity comparison, as shown in Table 5. Using Euclidean distance to analyze the similarity of indicators in different regions, the static feature similarity indicator H is obtained. Defining the node weights of the underlying network as   U W  , the physical distance as D, the weight of the physical distance as a, and the similarity weight as b, Equation (17) is obtained as follows:


  UW = a · D + b · H  



(17)




where a and b are variable parameters, which are reasonably assigned based on different study areas to ensure that they can reasonably reflect the differences in flood risk between the two regions.





2.4. Top-Level Network Construction


Based on the road network vector data, the basic structure of the top-level network can be constructed. The flood vulnerability values of roads, used as the weights of edges, need to be appropriately assessed. To determine the flood vulnerability values of roads (i.e., edge weights), our research is structured into three dimensions. Section 2.4.1 assesses the disaster vulnerability of roads, Section 2.4.2 evaluates their relative importance within the network structure, and Section 2.4.3 examines the roads’ capacity for disaster bearing and resilience as part of the transportation system. Finally, the results from these assessments are integrated in Section 2.4.4 to derive the roads’ flood vulnerability values.



2.4.1. Road Disaster Vulnerability Analysis


Road vulnerability is primarily related to the degree of flood vulnerability in surrounding areas, which can be measured using the UFVI values. Based on this, the concept of similarity is introduced. If there is a high degree of similarity between the areas on both sides, the spread of hazard vulnerability from one side to the other is often small, and the impact on the road is small; conversely, the impact is often large [59]. The degree of similarity of flood vulnerability between different areas is obtained from the adjacent matrix of the underlying network. To better quantify the vulnerability of roads, the following formula is proposed for calculating road disaster vulnerability (RDV) based on the degree of vulnerability:


  R D V =  (  L max  −  L avg  )  × R +  L avg   



(18)




where    L avg  =  ( γ + β )  / 2  ,    L max  = max  ( γ , β )   ,  γ  and  β  represent the node weights of the two districts connected by the road in the underlying network, and R represents the edge weight between these nodes.



RDV is the most important indicator for assessing roadway flood vulnerability (RFV), which marks the degree of susceptibility of a roadway to flooding.




2.4.2. Analysis of the Structural Significance of Roads


In transportation systems, the robustness of the traffic network is a critical characteristic for maintaining network functionality under various stresses and impacts [60]. Robustness refers to the ability of a network to continue its core operations amidst external disruptions or internal failures [27,61]. Following flood disasters, various routes inevitably become non-functional, leading to their disconnection from the traffic network [62]. In such scenarios, assessing the robustness of the remaining traffic network after road disconnections can reveal the significant impact of those roads on the overall network. In this paper, this impact is defined as the structural significance of the road.



To assess the structural significance of roads, it is necessary to model the road network of the study area. Initially, we abstract the road network structure into a complex network, G, where road intersections serve as network nodes and the roads themselves as the edges.



Subsequently, a method is proposed to assess the robustness of the traffic network, focusing on two aspects: connectivity and redundancy. Connectivity refers to the capacity to establish links between nodes within a transportation network, and is closely related to the robustness of the transportation network [63]. It is crucial for enhancing transportation system accessibility as it directly affects how easily different areas can be reached via road networks [64]. A highly connected traffic network can maintain operational efficiency even when some routes are closed [65]. Redundancy refers to the presence of extra or backup routes in the traffic network, which can be utilized when primary routes are unavailable [66]. This redundancy provides the network with greater flexibility and stability in the face of localized failures [67]. A connectivity efficiency evaluation algorithm based on the K-shortest paths algorithm is proposed, which comprehensively considers both connectivity and redundancy. A detailed description of this algorithm is provided below.



Yen’s K-shortest paths algorithm, based on Dijkstra’s algorithm, calculates the k-th-shortest path between every pair of distinct nodes [68]. Utilizing this algorithm, one can collect the lengths of the first k-shortest paths between every two nodes. The pseudo-code of the algorithm is shown below (Algorithm 1).



Assuming the shortest distance between two points is   d  t 1   , the second-shortest distance is   d  t 2   , and the third-shortest distance is   d  t 3   . Let m be the number of reachable paths between two points. The longest distance between any two points in the entire graph is defined as   d  t max   . Considering the driving preferences in the transportation system [69,70], Equation (19) can be proposed.


  p =      0.75 · d  t 1  + 0.2 · d  t 2  + 0.05 · d  t 3  ,     if  m ≥ 3       0.75 · d  t 1  + 0.25 · d  t 2  ,     if  m = 2       1.5 · d  t 1  ,     if  m = 1       d  t max  ,     if  m = 0       



(19)







In Equation (19), if there are fewer than three alternative routes, the distance between two points will be longer compared to paths with more alternatives. This calculation method can be seen as a penalty mechanism for low network redundancy, as low redundancy is often associated with low robustness [67]. Based on Algorithm 1 and Equation (19), the distance measurement indicator p between any two distinct nodes in the traffic network can be assessed.






	Algorithm 1 Yen’s K-Shortest Paths Algorithm



	Require: A graph G with vertices V and edges E represented as adjacency list, source vertex s, and target vertex t.

	1:

	
Initialize list A to contain the shortest path from s to t using Dijkstra’s algorithm.




	2:

	
Initialize a priority queue B to store potential k shortest paths.




	3:

	
for   k = 1   to K do




	4:

	
    Let p be the last path in A.




	5:

	
    for each vertex v in p except t do




	6:

	
        Spur node u is v.




	7:

	
        Spur path is from s to u in p.




	8:

	
        Remove all links from G that are part of the paths in A that share the same spur path up to u.




	9:

	
        Temporarily remove all nodes in p up to u except u itself.




	10:

	
       Use Dijkstra’s algorithm to find a spur path from u to t.




	11:

	
       if a spur path is found then




	12:

	
           Total path is the combination of the spur path and the initial part of p.




	13:

	
           Add the total path to B if it is not already in A or B.




	14:

	
       end if




	15:

	
       Restore edges and nodes to G.




	16:

	
    end for




	17:

	
    if B is empty then




	18:

	
        break




	19:

	
    end if




	20:

	
    Add the shortest path from B to A.




	21:

	
    Remove this path from B.




	22:

	
end for




	23:

	
return A.






Ensure: The k shortest paths from s to t are stored in list A.








The transportation network not only has transportation characteristics but also exhibits the traits of a small-world network [71]. Latora et al. proposed an evaluation scheme for the efficiency of small-world networks [72]. They defined the global efficiency of a network G as the average of the inverse of the shortest path lengths between all distinct nodes. Considering that the primary purpose of the transportation system is to perform transportation tasks, it may experience congested traffic conditions [73]. In congested traffic networks, users often choose multiple alternative routes as travel plans [74]. Additionally, the redundancy of the transportation network plays an important role in disaster resilience [75]. Taking these practical factors into account, p from Equation (19) is used as the metric for measuring the distance between two points. This leads us to propose a new scheme for evaluating the efficiency of transportation networks, E, as shown in Equation (20).


  E =  1  N · ( N − 1 )   ·  ∑  i = 0  N   ∑      j = 0       j ≠ i      N   1  p  i j     



(20)




where N represents the number of nodes in G.   p  i j    represents the p value between points i and j, where i and j denote the node numbers.



Finally, we apply the Damage and Recovery Assessment Algorithm (DRAA) to network G. To evaluate the structural significance of roads, we develop the DRAA, which sequentially disconnects each road and observes the resultant changes in the global road network efficiency. This process helps identify the criticality of each road within the network structure. The pseudocode for this algorithm is shown below (Algorithm 2).






	Algorithm 2 Damage and Recovery Assessment Algorithm



	Require: Road network vector data.

	1:

	
Read the road network structure with N edges.




	2:

	
Calculate the average efficiency   (  E 0  )   of the entire map.




	3:

	
  n ← 0  




	4:

	
while   n < N   do




	5:

	
    Disconnect the edge numbered n from the graph.




	6:

	
    Recalculate and save the average efficiency of the new network   (  E n  )  .




	7:

	
    Reset the graph to its original state,   n ← n + 1  .




	8:

	
end while




	9:

	
Normalize the list E.




	10:

	
Save the list E.






Ensure: Evaluation value of the structural importance of each road.








By employing this algorithm, the structural significance values of each road are compiled into a list. This analysis facilitates the identification of road sections that have the potential to significantly disrupt the network’s structural integrity.




2.4.3. Assessing Roads’ Disaster-Bearing Capabilities from Road Conditions


In addition to the structural importance of the transportation network and road disaster vulnerability, the construction conditions and the development level of the lanes are also factors that determine the vulnerability of roads to flooding. The traffic volume   V t   is selected to measure the level of road development. Lane width W, lane height H, and lane grade R are three indicators selected to measure lane resistance to damage. The more developed the road, the greater the economic loss because of flood damage and the higher the road’s flood vulnerability. The stronger the road’s ability to resist damage, the better its protective performance and the lower its vulnerability to flooding.



The opinions of three experts in the transportation field have been obtained, and the AHP method has been used to measure the weights from two aspects: physical damage and functional impairment of the road. After the indicators are normalized, the following weight allocation is used to calculate the road’s inherent vulnerability  θ :


  θ = 0.71598 ·  V t  − 0.14949 · H − 0.6849 · R  



(21)








2.4.4. Calculation of Overall Road Flood Vulnerability


With the aforementioned methods, the values of   R D V  , E, and  θ  can be obtained. The road flood vulnerability results can be determined using these values. The opinions of five disaster domain experts have been sought, and the AHP method has been applied to calculate weights from three aspects, namely, disaster resilience, economic loss because of disasters, and social impact, thereby obtaining the weight values. Road flood vulnerability (  R F V  ) can be measured using Equation (22):


  R F  V i  = 0.76924 × R D  V i  + 0.14676 ×  E i  + 0.084 ×  θ i   



(22)




where i is in the range [0–t], and t represents the total number of road segments.



The RFV of roads is used as the weights of the edges corresponding to roads in the top-level network. Based on the road network structure, the top-level network can be constructed.






3. Experiment


This section introduces the experimental setup information and details. Section 3.1 provides further information about the study area. Section 3.2 describes the experimental preprocessing information, Section 3.3 outlines the construction process of Shenzhen’s dual-layer evaluation network, and Section 3.4 presents the flood vulnerability assessment results for Shenzhen and provides an analysis.



3.1. Study Area


In this study, Shenzhen City is used as the study area for the experiment, as shown in Figure 4. Shenzhen is located in the southern region of Guangdong Province, China, on the east coast of the Pearl River Delta [76]. Flooding and storm surges are frequent because of its coastal mountainous terrain and frequent typhoons at low latitudes [77,78,79]. Floods have caused great economic losses and extensive impacts in Shenzhen [80]. In Figure 4, the Digital Elevation Model (DEM) illustrates the variations in elevation across the area.




3.2. Experimental Setup


This section provides a detailed explanation of the data used in the experiment and describes the preprocessing operations conducted.



3.2.1. Underlying Network Data Interpretation


In the construction of the underlying network, seven types of data are selected to constitute seven types of indicators. These indicators are categorized into two main types: economic and natural. Economic indicators reflect the socioeconomic status of the study area, covering aspects such as night lighting and population distribution. Natural indicators, on the other hand, reveal the physical geography of the region, including factors such as rainfall and elevation. The indicators are explained for ease of understanding. The interpretations of these indicators are provided in Table 5.





 





Table 5. Urban flooding vulnerability assessment indicator system.






Table 5. Urban flooding vulnerability assessment indicator system.





	
Category

	
Indicator

	
Properties

	
Indicator Meaning






	
Nature

	
Rainfall

	
Positive

	
Rainfall is an important cause of flood and waterlogging disasters, so considering it an important indicator in the assessment is necessary [81].




	
Elevation

	
Negative

	
Altitude affects the pressure in urban storm-water systems; low-lying areas are more vulnerable to rain and flood damage [82,83].




	
Vegetation distribution

	
Negative

	
Vegetation has water storage capacity and certain flood and waterlogging disaster resistance.




	
Water body distribution

	
Negative

	
The closer a region is to rivers and lakes, the greater the possibility of flood inundation [84].




	
Economic

	
Night lighting

	
Positive

	
The higher the night light value and the more vibrant the economy, the greater the losses resulting from flood and waterlogging disasters [85,86].




	
Population distribution

	
Positive

	
The most direct impact of floods is on the urban population [19]. The greater the population density, the greater the damage caused by flood and waterlogging disasters.




	
Building height

	
Positive

	
Urban buildings are the main bearers of waterlogging [19]. The taller the buildings and the more developed the economy, the higher the losses caused by flood and waterlogging disasters.









In the indicator system, the vegetation distribution indicator is measured based on the shortest distance from the sampling point to areas covered by vegetation, and the water body distribution indicator is assessed based on the shortest distance from the sampling point to water bodies. The units for both indicators are meters. The night lighting indicator is derived from the average visible band digital number (DN) of cloud-free light detections multiplied by the percent frequency of light detection. The indicators in Table 5 and their corresponding units are shown in Table 6.




3.2.2. Top-Level Network Data Interpretation


During the construction of the top-level network, some data are selected for the construction and analysis of the network. These data have a high correlation with the flood vulnerability of roads. For ease of understanding, the interpretation of these data is shown in Table 7.




3.2.3. Data Preprocessing


All datasets are projected using the WGS_1984_UTM_ZONE_50N coordinate system to ensure accuracy in overlay computations and to avoid potential errors.



Because of the existence of small differences in the coverage of different types of data, there are missing values for a few categories in a very small number of areas. To address this issue, the proximity principle is applied, substituting the missing values with the average values from adjacent areas to minimize the errors resulting from data gaps.





3.3. Network Construction and Analysis


This section, following the order of model construction, takes Shenzhen City as the research area and describes the construction processes of the underlying network, the top-level network, and the network integration process for the dual-assessment network of Shenzhen City. Necessary explanations and analyses of the construction results are also provided while introducing the construction processes.



3.3.1. Underlying Network Construction and Analysis


	
UFVI calculation and analysis.






First, Shenzhen is sampled with 2952 sampling points selected. Based on the indicator system, the weights for all sampling points can be calculated using Equations (6)–(10). The weighting results are shown in Table 8.



After the weights are calculated, the UFVI of waterlogging in Shenzhen is analyzed. The UFVI values for each sampling point are calculated using Equations (11)–(16). The maximum value of the index is 0.67155, and the minimum value is 0.03902, with a relatively discrete distribution.



According to our method, based on the K-means clustering algorithm, Shenzhen City is subsequently categorized into four levels of UFVI: level 1 (0.03902–0.19062), level 2 (0.19117–0.27015), level 3 (0.27043–0.38704), and level 4 (0.39002–0.67155). Specifically, 56.045% of the areas fall into level 1, indicating low vulnerability to flooding. Level 2 vulnerable areas constitute 28.310%, level 3 areas make up 13.241%, and level 4 areas, the most vulnerable, account for 2.404% of the total area. This distribution reveals that the majority of Shenzhen exhibits relatively low susceptibility to flood hazards, indicating that the flood risk is generally manageable across the region. Nevertheless, a notable proportion of the city is at a higher risk of flooding, underscoring the importance of targeted mitigation and preparedness strategies.



	
Node weight calculation and analysis.






Shenzhen City has multilevel roads, and for simplicity of the research process, the first-level roads in Shenzhen City are selected as the research object. Taking the road network as the partition boundary, Shenzhen is divided into 82 small partitions, and the average UFVI value of each partition is obtained using the uniform sampling method to obtain the flood vulnerability results of each partition. The UFVI average of each partition is used as the node weight.



Figure 5 depicts the spatial distribution of vulnerability across the districts of Shenzhen. In Figure 5, the nodes denote the positions of different districts, concurrently symbolizing the nodes of the underlying network. Nodes in red signify districts whose flood vulnerability index ranks in the top 20%, indicating these areas are at a heightened risk level. The red dashed lines in the figure delineate the concentrated distribution of high-vulnerability zones. Notably, areas with heightened risk predominantly cluster in the southwestern part of Shenzhen, while eastern regions exhibit comparatively lower flood vulnerability, and thus, demonstrate a clear geographical distribution trend. This distribution trend may be related to the higher terrain and less economic activity in the east.



It is particularly striking that those areas with higher risks are largely located in the urban core, underscoring their pivotal role in the city’s structure and economic activities. However, this also implies that, in the event of a flood disaster, these densely populated commercial hubs, critical infrastructure, and important cultural heritage sites could suffer severe impacts. Consequently, rational protection and preventive measures for these key areas are of the utmost importance. Not only can such measures mitigate potential economic losses, but they can also play a crucial role in safeguarding the lives and property of urban residents. The precise identification and assessment of these high-risk areas provide vital decision support for urban flood management. In turn, this enables the implementation of more effective flood mitigation and reduction strategies and enhances the city’s resilience and recovery capacity in the face of disasters.



	
Adjacent matrix of the network.






In this study, based on the specific situation of Shenzhen, for Equation (17), we choose 0.7 as the weight value of physical distance and 0.3 as the weight value of similarity. By assessing the interval similarity among 82 districts, the edge weights of Shenzhen’s underlying complex network are obtained. The distribution of the underlying edge weights in Shenzhen is relatively dispersed. Specifically, nodes that are physically adjacent tend to have lower edge weights. This aligns with the algorithmic process of similarity assessment.



Upon obtaining the adjacency matrix, and combining the nodes and their weights, the underlying network for the study can ultimately be constructed.




3.3.2. Top-Level Network Construction and Analysis


Based on the delineation of districts, the road network in Shenzhen City is divided into 178 segments. From Equation (18), the road hazard vulnerability can be calculated for each road section.



The RDV value serves as the primary indicator for assessing the flood vulnerability of roads, representing the likelihood of flood disaster occurrence on a given road segment. Its distribution is relatively concentrated, with distribution patterns as shown in Figure 6a. This indicates that on the small scale of Shenzhen City there is minimal variation in disaster susceptibility. Roads such as Hongli Road, Caitian Road, and Xinzhou Road exhibit higher flood vulnerability. These roads are close to water sources, are located in economically developed areas, have high disaster vulnerability and economic damage potential, and need to be reasonably protected.



Subsequently, based on the vector data of the road network, the structural significance of each road is analyzed from the perspective of transportation network robustness. The distribution of structural significance values among different roads is relatively concentrated. Roads such as Xiangmihu Road, Shennan Boulevard, and Yanhebei Road have higher structural significance. These roads, mostly located in Shenzhen’s central areas, play critical roles in linking the network tightly. Disruptions to these roads could have a substantial impact on the overall efficiency of the road network.



Further analysis of road conditions sheds light on the disaster-bearing capacity of roads. This distribution is also dispersed, as depicted in Figure 6a, with roads such as Huiyan Middle Road and Yanlong Avenue exhibiting high inherent vulnerability. Factors such as road elevation, construction conditions, and traffic volume contribute to a road’s inherent vulnerability.



Combining the above results, the roadway flood vulnerability (RFV) can be assessed. The trend in RFV index distribution is shown in Figure 6a. The distribution of the RFV index is relatively discrete, which can effectively reflect the differences in road vulnerability. To facilitate the analysis, the clustering algorithm is used to hierarchize the index, which is divided into level 1 vulnerable roads (0.020667–0.267439), level 2 vulnerable roads (0.271379–0.430134), level 3 vulnerable roads (0.441443–0.641757), and level 4 vulnerable roads (0.750865–0.842680). The schematic of the clustering classification is shown in Figure 6b. The risk level of roads in Shenzhen City is generally stable, but some roads have a higher risk. After the RFV value is calculated, the construction of the top-level network can be completed based on the road network structure.




3.3.3. Dual-Layer Network Construction


A dual-layer assessment network for Shenzhen City can be constructed by integrating the underlying network with the top-level one. The top-level network is a road network with intersections as nodes, and its edge weights are determined by the node weights and edge values of the underlying network. To facilitate understanding, the dual-layer network structure is illustrated using a small section of Shenzhen City, as shown in Figure 7. Utilizing this network model allows for the analysis and determination of road vulnerability in a comprehensive and detailed manner.





3.4. Experimental Results


This section presents the spatial vulnerability assessment results for Shenzhen City obtained from the evaluation model, as well as the road vulnerability assessment outcomes, and provides an analysis of the results.



3.4.1. Analysis of Spatial Flood Vulnerability in Shenzhen


Using the results of the dual-layer assessment network, this study obtains the flood vulnerability results for the space of Shenzhen City, as shown in Figure 8.



The spatial distribution characteristics of flood vulnerability in Shenzhen reflect the geographical differences in the city’s susceptibility and responsiveness to floods. Flood vulnerability in Shenzhen shows a specific spatial distribution pattern, mainly concentrated in the northern and western regions, forming a gradient of vulnerability that gradually decreases from west to east. Specifically, the eastern regions, especially those near mountainous zones, exhibit relatively low flood vulnerability because of their higher elevation and rich vegetation cover, and they are mainly categorized as level 1 and level 2 vulnerability areas. The natural conditions in these areas are conducive to rainwater absorption and drainage, thereby reducing the potential for flooding. By contrast, the southern and northwestern areas of Shenzhen have higher vulnerability indices because of their high levels of economic development, rapid urbanization, high population density, and low topography, suggesting that these areas have higher risks and loss potential in the face of flooding. In particular, Nanshan District, Futian District, and Luohu District, which are the economic and administrative centers of Shenzhen, are not only densely populated but also have frequent commercial activities and intensive infrastructure construction, which may lead to significant economic losses and social impacts in the event of flooding. This situation suggests that urban planning and flood control measures need to fully consider the special vulnerability of these areas.




3.4.2. Analysis of Roadway Flood Vulnerability in Shenzhen City


Utilizing the outcomes from the dual-layer assessment network, this study delineates the flood vulnerability of the roads under examination, as depicted in Figure 9.



Notably, roads with elevated flood vulnerability predominantly cluster in Shenzhen’s southwestern segment. These zones, situated within Shenzhen’s urban core, boast robust economic frameworks and exhibit lower elevations. Consequently, there is substantial reliance on road usage in these areas, highlighting their susceptibility to significant flood risks and potential losses. In addressing urban development and flood mitigation, the maintenance and repair of these roads must be prioritized to increase the city’s resilience to the threat of flooding. Roads characterized by low flood vulnerability are primarily found in the eastern sectors of the city, where higher elevations, lower population densities, and reduced vehicular flow contribute to their lower susceptibility to flooding.



In Shenzhen’s road network, certain road sections exhibit high RFV scores. The details of the top ten roads in Shenzhen based on their RFV scores are shown in Table 9. These roads have a high vulnerability to flooding compared to other roads, and they are in the higher-risk range of flooding and need to be protected by the relevant authorities.






4. Discussion


This section discusses the research methodology and findings of the study. Section 4.1 presents the validation of flood points in the assessment of urban spatial flood vulnerability. Section 4.2 compares the research method of this study with those of related studies, indicating that our methodology addresses research gaps. Section 4.3 offers recommendations, based on the assessment results, for the prevention of flood disasters.



4.1. Waterlogging Point Verification


In recent years, Shenzhen has been affected by catastrophic weather events, particularly urban flooding caused by sudden heavy rainfall, which has become increasingly severe. Numerous roads throughout the city have been disrupted because of waterlogging, with frequent occurrences of flooded areas. This study has compiled data from 2019 to 2023, identifying 54 waterlogging points. These data are primarily based on government reports, field investigations, and news reports. The distribution of these waterlogging points is shown in Figure 10.



As can be seen from the figure, the distribution of these waterlogged points is roughly similar to the distribution pattern of flood vulnerability, which indicates that our findings are scientifically sound. From the reports of waterlogged points released by the relevant departments, they are mainly concentrated in the southwestern part of the city, and most of these areas are in level 2 or higher vulnerability zones, which is consistent with the results of our analysis. However, waterlogged points are not representative of flood vulnerability. Some of the waterlogged points may occur because of building construction, aging of the drainage network, and other factors. Therefore, there are still some waterlogged points that are in level 1 vulnerability zones. Overall, our research findings are consistent with the distribution patterns of waterlogged points and possess a high degree of credibility.




4.2. Comparison with Other Evaluation Methods


To evaluate the validity and accuracy of the methodologies used for assessing road vulnerability to flooding, the methods are compared with those from similar studies.



With the advent of remote sensing technology, an increasing number of researchers are exploring disaster vulnerability based on remote sensing data [89,90]. Different researchers have used different research tools for flood vulnerability assessment. Those articles that use the complex network approach to evaluate road vulnerability typically analyze the vulnerability of roads solely in terms of network structure. For example, Refs. [6,31] examined road vulnerability from the perspective of road network structure, whereas Refs. [30,91] investigated the disaster resilience of streets based on their intrinsic characteristics. Other researchers studied hazards themselves from the perspective of mathematical modeling, often ignoring the network structures of roads. For instance, refs. [5,92] did not consider the significance of the road network structure to roads. These studies provide good recommendations for flood vulnerability assessment methods, but they tend to ignore the complex relationship between the road network structure and the surface environment.



Our study fully considers the complex correlation between the road network structure and the surface environment, rationally organizing multisource geographic data using a dual-layer complex network model. This approach provides an innovative perspective for assessing urban flood vulnerability. After the successful proposal of the road network flood vulnerability assessment system, the city’s flood vulnerability can be analyzed based on a small amount of urban elemental data. This reduces the workload involved in flood assessment and prompts the relevant authorities to accurately and rationally plan and protect high-flood-risk roads.




4.3. Measures to Reduce Flood Vulnerability


According to the results, the overall vulnerability to flooding in Shenzhen is under control, but some areas exhibit higher vulnerability levels. Geographically, the northern and western regions of Shenzhen have a greater vulnerability to flooding, as do certain districts in the south. Regarding roads, those in the southwestern part of Shenzhen are at a higher risk of flooding. Roads such as Caitian Road, Shennan Avenue, Hongli Road, and Xinzhou Road, identified as highly vulnerable, require flood prevention measures to mitigate the risk of flooding disasters. Based on the assessment results, the following measures are proposed to reduce the vulnerability of Shenzhen’s transportation system and spatial areas to flooding.



To enhance flood resilience in Shenzhen, strategically placed reservoirs in the northern, western, and southern regions, identified as high-risk areas, can mitigate storm-water impacts [93]. Coupling this with increased urban greenery could significantly enhance the city’s hydrological functionality, promoting sustainable urban drainage and reducing surface runoff.



Critical infrastructure, particularly roads like Caitian Road, Shennan Avenue, Hongli Road, and Xinzhou Road, which are situated in central Shenzhen and are highly vulnerable to flooding, necessitates targeted enhancements. Expanding road widths, integrating permeable materials into pavement designs for better water permeation and storage, and adopting elevated road systems ensure maintenance of essential connectivity during floods, safeguarding key economic zones [94].



Advanced engineering solutions are also vital. Implementing smart drainage systems equipped with real-time monitoring can dynamically manage water flow and storage, optimizing the city’s response to flood risks. This adaptation is essential for handling the variable rain intensities associated with climate change [95].



Urban planning should integrate rigorous flood risk assessments in all new developments. These evaluations could inform the development and retrofitting of urban areas to enhance flood resilience, ensuring that infrastructure investments explicitly consider potential flood impacts [96].



Community engagement is crucial for effective flood risk management. Educational programs and participatory planning processes can empower residents, enhancing their capacity to respond to and recover from flood incidents [97].



In summary, the results of this study offer actionable recommendations for urban policymakers on a granular scale. For Shenzhen, the city can reduce its vulnerability and enhance the resilience of its transportation system to flooding by implementing the aforementioned strategies or by taking additional measures.





5. Conclusions


Assessing urban flood disaster vulnerability provides scientific support for disaster prevention and mitigation strategies in cities. Given the significant impact of flooding in Shenzhen, evaluating its flood vulnerability is crucial. To this end, a dual-layer network model for assessing flood vulnerability has been developed and applied to Shenzhen. Based on the model, the spatial and road flood vulnerability of Shenzhen City has been studied as a study area. The main contributions of this study are summarized below:




	(1)

	
This study proposes a dual-layer complex network model for evaluating the flood vulnerability of urban transportation systems, and it examines the spatial distribution of flood vulnerability within cities. The model incorporates the complex interplay between road network structures and the ground surface, offering an analysis of road flood disaster vulnerability from the perspective of a multi-layer complex network. Using this model, the study quantitatively assessed and analyzed the flood vulnerability of Shenzhen’s road networks and spatial flood vulnerability.




	(2)

	
According to the results, the overall vulnerability to flooding in Shenzhen is under control, but some areas exhibit higher vulnerability levels. The spatial distribution of flood vulnerability in Shenzhen City is pronounced, primarily concentrated in the northern and western regions, forming a vulnerability gradient that weakens progressively from west to east. The Nanshan, Futian, and Luohu districts of Shenzhen City are identified as having higher flood vulnerability and are situated in economically developed areas. The roads in Shenzhen with high flood vulnerability are primarily located in the central urban area of the southwest, with ten road sections including the Caitian Road North Section identified as highly vulnerable to flooding, requiring reasonable protection strategies.




	(3)

	
The study conducted validation of the model assessment results through waterlogging point verification and proposed recommended preventative measures based on the assessment outcomes. The quantitative results of the model are consistent with the recorded distribution trend in inundation points, indicating that the model outcomes are authentic and reliable.









However, this study is not without its limitations. The model faces challenges in conducting real-time assessments in dynamically changing road network environments. The dynamic construction of roads often affects the results of the network structure and zonal vulnerability analysis. In the future, real-time geographic information can be combined with a dual-layer network model to establish a dynamic dual-layer evaluation network that responds to urban flood vulnerability indicator values in real time.
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Figure 1. Flowchart of the methodology. 
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Figure 2. Flowchart of the algorithm for evaluating UFVI values. 
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Figure 3. Flowchart of the partition vulnerability assessment algorithm. 
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Figure 4. Location and elevation maps of the study area. 
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Figure 5. Road network and zoning schematic. 
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Figure 6. (a) Violin plot of the results; (b) 3D scatter plot by category with points. 
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Figure 7. Dual-layer assessment network diagram. 
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Figure 8. (a) Trends in the distribution of UFVI values; (b) map of flood vulnerability classification. 
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Figure 9. Road flood vulnerability classification map. 
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Figure 10. Waterlogging point verification map. 
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Table 1. Names and sources of study area base data.






Table 1. Names and sources of study area base data.





	Data Name
	Data Type
	Details
	Data Source





	Elevation
	Raster data
	2009, 30 m resolution
	Geospatial Data Cloud



	Rainfall
	Raster data
	2021, 30 m resolution
	National Meteorological Science Data Center, China



	CLCD 1
	Raster data
	2021, 30 m resolution
	National Earth System Science Data Center



	Nightlight
	Raster data
	2021, 1000 m resolution
	National Centers for Environmental Information (NCEI)



	Population density
	Raster data
	2020, 1000 m resolution
	WorldPop



	Building height
	Raster data
	2023, 10 m resolution
	CNBH Dataset [45]



	Water distribution
	Vector data
	2021
	OpenStreetMap



	Road network
	Vector data
	2021
	OpenStreetMap



	Traffic flow
	Attribute data
	2023
	Shenzhen Road Traffic Operation Index System



	Lane information 2
	Attribute data
	2023
	Shenzhen Housing and Construction Bureau







1 CLCD: China Land Cover Dataset [46]. 2 Lane information encompasses data on lane width, lane grade, and lane height.













 





Table 2. Importance scale used in the AHP method.
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	Scale
	Meaning





	1
	Equally important



	3
	Moderately more important



	5
	Strongly more important



	7
	Very strongly more important



	9
	Extremely more important



	2, 4, 6, 8
	Intermediate values










 





Table 3. Average randomness index.
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	Order
	1
	2
	3
	4
	5
	6
	7
	8
	9



	RI
	0.00
	0.00
	0.58
	0.90
	1.12
	1.24
	1.32
	1.41
	1.45










 





Table 4. Consistency ratios and indices of different matrices.
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	Matrix
	CR
	CI





	Criteria Layer Matrix
	0
	0



	Scheme Layer Matrix 1 1
	   1.12 ×  10  − 6     
	   1.48 ×  10 6    



	Scheme Layer Matrix 2 2
	   4.49 ×  10  − 6     
	   5.92 ×  10 6    







1 Consistency matrix aimed at economic loss. 2 Consistency matrix aimed at disaster susceptibility.













 





Table 6. Indicators and their corresponding units.
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	Indicator
	Rainfall
	Elevation
	Vegetation
	Water Body
	Night Lighting
	Population
	Building Height





	Unit
	mm/year
	m
	m
	m
	/
	people/km2
	m










 





Table 7. Explanation of the data related to the top-level network.
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	Data Name
	Explanation





	Road Network
	The structure of the road network determines the structural importance of roads [87]. Structural importance can be analyzed through road network data.



	Traffic Volume
	This reflects the number of vehicles passing on a road unit over time [88]. A higher traffic volume implies greater damage to the road and higher subsequent losses. In this experiment, the traffic volume of the roads is measured on an annual basis.



	Lane Grade
	This is related to urban planning, in which different grades correspond to different construction standards. Higher grades imply greater safety and stronger resistance to damage.



	Lane Elevation
	This is basic information about a road. Higher lanes have a lower water retention capacity and stronger flood resistance.










 





Table 8. Weighting results.
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	Index
	Weight





	Vegetation
	0.125197903



	Building Height
	0.137840032



	Population
	0.124066944



	Water Body
	0.246290453



	Rainfall
	0.151109107



	Elevation
	0.115716417



	Nightlight
	0.099779145










 





Table 9. Level 4 flood vulnerability road information.






Table 9. Level 4 flood vulnerability road information.





	Road ID
	Road Name
	RFV Value
	Road ID
	Road Name
	RFV Value





	100
	Caitian Road South Section
	0.59785
	108
	Hongli Road West Section
	0.60161



	111
	Xiangmi Lake Road
	0.60853
	110
	Shennan Avenue West Section
	0.61369



	33
	Guangshen Road
	0.61562
	172
	Baoan Avenue
	0.64177



	106
	Xinzhou Road North Section
	0.75087
	98
	Caitian Road North Section
	0.80870



	101
	Shennan Avenue East Section
	0.81012
	104
	Hongli Road Middle Section
	0.84268
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