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Abstract: Road vulnerability is crucial for enhancing the robustness of urban road networks and
urban resilience. In medium or large cities, road failures in the face of unexpected events, such as
heavy rainfall, can affect regional traffic efficiency and operational stability, which can cause high
economic losses in severe cases. Conventional studies of road cascading failures under unexpected
events focus on dynamic traffic flow, but the significant drop in traffic flow caused by urban flooding
does not accurately reflect road load changes. Meanwhile, limited studies analyze the spatiotemporal
pattern of cascading failure of urban road networks under real rainstorms and the correlation of
this pattern with road vulnerability. In this study, road vulnerability is calculated using a network’s
global efficiency measures to identify locations of high and low road vulnerability. Using the between
centrality as a measure of road load, the spatiotemporal patterns of road network cascading failure
during a real rainstorm are analyzed. The spatial association between road network vulnerability and
cascading failure is then investigated. It has been determined that 90.09% of the roads in Zhengzhou
city have a vulnerability of less than one, indicating a substantial degree of spatial heterogeneity.
The vulnerability of roads adjacent to the city ring roads and city center is often lower, which has a
significant impact on the global network’s efficiency. In contrast, road vulnerability is greater in areas
located on the urban periphery, which has little effect on the global network’s efficiency. Five hot
spots and three cold spots of road vulnerability are identified by using spatial autocorrelation analysis.
The cascading failure of a road network exhibits varied associational characteristics in distinct clusters
of road vulnerability. Road cascading failure has a very minor influence on the network in hot spots
but is more likely to cause widespread traffic congestion or disruption in cold spots. These findings
can help stakeholders adopt more targeted policies and strategies in urban planning and disaster
emergency management to build more resilient cities and promote sustainable urban development.

Keywords: road vulnerability; cascade failure; spatiotemporal patterns; rainstorm disaster; urban resilience

1. Introduction

Assessing the vulnerability of infrastructure to rainstorm disasters has become an
increasing concern in the context of global changes leading to the continuous occurrence of
extreme climate events [1–4]. As a vital part of urban infrastructure, urban road networks
are crucial for urban transportation [5,6]. Because of their nature as physical networks
composed of nodes (road intersections) and edges (road segments), road networks exhibit
complex network properties such as robustness and vulnerability. Unexpected events (such
as traffic accidents and road damage) occurring on a road network lead to traffic congestion,
thereby increasing the road load and decreasing the overall traffic efficiency within the
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corresponding spatial region. This congestion has time evolution characteristics, initially
affects only small local areas, and spreads in the road network if not relieved in time. The
failure of a node or an edge may cause the failure of other nodes or edges, leading to
a cascading effect, which may generate large-scale traffic congestion and severely affect
urban traffic [7–9]. Identifying the spatial distribution of urban road vulnerability and
analyzing the spatiotemporal characteristics of urban road network cascading failure are
crucial for enhancing the robustness of urban road networks and urban resilience.

Road vulnerability is susceptibility to events that may lead to substantial degradation
of road network services [10,11]. With rapid urbanization worldwide, identifying urban
road vulnerability has become a focus of attention in transportation and geography studies,
including different analysis methods and research perspectives [1,12]. In transportation
studies, the traffic flow in a road network has been taken as research subject to analyze the
impact of a sudden increase in urban traffic flow on vehicle traffic [13–15] and to discuss the
influence of different traffic signal timing schemes on road traffic efficiency [16–18]. From
the perspective of complex networks, urban road network models have been constructed
by different network modeling methods, and the statistical characteristics of the network
have been comparatively analyzed [19–21]. Road network robustness can be divided
into static and dynamic robustness, depending on whether the dynamic characteristics of
the network are considered, and the time-varying characteristics of urban road network
robustness [22–24] and the response characteristics of the road network after an attack
are analyzed [25,26]. Using a local world evolution network model, Sun built network
instances transitioning from an exponential distribution to a power-law distribution [27]
and then examined how the network responded to random and intentional attacks. The
network built using the local priority connection mechanism maintained the robustness
of the scale-free network against random attacks and made highly connected nodes more
secure against intentional attacks. Taking the public transportation networks of 14 large
cities as examples, Ferber et al. found that most of the public transportation networks
are scale-free networks with small-world characteristics. This means that in a large-scale
network, the distance between any two nodes is short; that is, in a public transportation
network, any two nodes can interoperate with a short connection distance [28,29]. They also
compared the effects of random failures on the public transportation networks in London
and Paris. Latora et al. proposed a method for analyzing the small-world characteristics
of a network, and empirically analyzed the Boston subway network with relatively low
local efficiency and high global efficiency [30]. From the perspective of spatial distribution,
identifying vulnerable areas of urban road networks by using vulnerability indicators helps
clarify these networks’ spatial distribution patterns and improves the robustness of urban
road networks [31,32].

In recent years, cascading failures in complex networks have attracted extensive at-
tention. By defining a load-capacity cascading failure model, networks with a highly
heterogeneous distribution of loads are found to be particularly prone to cascading failure
when a high-load node is intentionally attacked [33–36]. By treating network nodes as active
and bistable elements, a disaster sprawling dynamics model was proposed to investigate
the time dependence and cascading failure characteristics of different network topolo-
gies [37–40]. In urban transportation studies, cascading failure analysis has been performed
by combining the road network topology, attack mode and travel demand characteristics.
By considering the traffic characteristics of road segments in urban road networks, the
road traffic flow is mapped to the travel time, and the “actual capacity” is dynamically
introduced into the cost function to define the coupled map lattice model [41–44]. Wu and
Gao studied the impact of important road segments in an urban road network on cascading
failure and analyzed the impact of different network attack modes on the cascading failure
of the road network [45]. By improving the capacity-load model of cascading failure, Wu
and Sun proposed three cascading failure models of urban road networks with flow-based
removal, betweenness-based removal, and mix-based removal [46]. Dui et al. studied
cascading failure in scale-free networks in terms of the payoffs of nodes in a multi-strategy
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evolutionary game to analyze the impact of cascading failure on the topology of complex
networks [47]. Some studies have been devoted to defense strategies against network
cascading failure by adjusting edges and nodes to ensure the maximum robustness of the
network; these strategies include increasing or decreasing the number of network edges,
node (edge) capacity optimization, and node (edge) load distribution [48–51]. The risk of
cascading failure in road networks under natural disasters is mostly simulated by artifi-
cially setting random damage [52,53]; floods may cause road disruptions at corresponding
locations, resulting in long traffic delays. The current research focuses on cascading failure
models and postattack network responses [52,54], but few cases analyze the spatiotemporal
pattern of the cascading failure of urban road networks under rainstorms and the correla-
tion of this pattern with road vulnerability. For example, Santos et al. analyzed the road
network vulnerability and influencing factors in 69 cities in Japan by using the random
and targeted attack scenarios [55]; Valenzuela examined the urban road network attributes
and vulnerability by using the Open Street Map (OSM) data with some nodes randomly
removed [56]. These studies did not discuss the spatiotemporal distribution patterns of
road cascade failures. Based on flood inundation extent, Kermanshah et al. analyzed the
road network robustness characteristics and its spatial distribution in New York City and
Chicago [57] but did not discuss its spatial association characteristics with road cascad-
ing failure. To address these issues, this study focused on the spatiotemporal patterns
of the cascading failure and vulnerability of an urban road network in real rainstorms.
Furthermore, the spatial association of the road vulnerability and cascading failure are also
examined to provide decision support for improving urban road network robustness and
urban resilience.

The remainder of this paper is organized as follows. Section 2 describes our study
area and data. Section 3 introduces the method for measuring the complex network
characteristics and their vulnerability and defines the cascading failure model. Section 4
examines the spatial patterns and relationships between road vulnerability and cascading
failure. Section 5 discusses the paper’s findings. Section 6 concisely summarizes the paper.

2. Study Area and Data

Zhengzhou is a national central city; the capital of Henan Province; and the politi-
cal, economic, cultural, and transportation center of the province. The city is located at
113◦27′–113◦51′ E and 34◦36′–35◦00′ N and has a total population of 12.74 million [58].
Since 2010, the basic framework of urban roads with a “crisscross + ring” pattern has been
constructed in Zhengzhou, along with a continuously improved branch road network,
which forms a three-level structure consisting of ring roads, radial arterial roads, and
ordinary roads (Figure 1). The study area is a contiguous urban built-up area of Zhengzhou,
with a total road length of 1283.65 km. As shown in Figure 1, this area is located in the
central part of Zhengzhou, bounded by the north, east, west, and south of the city’s fourth
ring road, and has an area of 562.54 km2.

From 17–23 July 2021, Zhengzhou experienced an extreme rainstorm, with rainfall
reaching 201.9 mm from 16:00 to 17:00 on 20 July, 552.5 mm in a 24 h period from 20:00 on
19 July to 20:00 on 20 July, and 624.1 mm from 0:00 on 19 July to 0:00 on 22 July, breaking
historical records of hourly and single-day precipitation. This “7.20” extreme rainstorm
was characterized by long duration, high accumulated rainfall, and extremely high pre-
cipitation intensity, resulting in severe flooding and an extended disruption of rail transit,
highways, and power and communications facilities. According to the characteristics of
“7.20” rainstorm, the maximum rainstorm volume for 17 series from 5 min to 1440 min and
3 days was retrieved from the Zhengzhou Meteorological Station, as shown in Table 1 [59].
The disaster led to 380 deaths and disappearances in Zhengzhou and a direct economic
loss of CNY 40.9 billion (USD 6.14 billion) [60], causing tremendous damage to the city.
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Figure 1. Study area of Zhengzhou, China.

Table 1. Statistics on Zhengzhou “7.20” Rainstorm in different short duration.

Durations
(min)

Max.
(mm)

Time
(from–to)

Durations
(min)

Max.
(mm)

Time
(from–to)

5 17.3 16:35–16:40 150 258.8 15:20–17:50
10 33.7 16:35–16:45 180 271.0 15:00–18:00
15 39.1 16:30–16:45 240 351.4 14:30–18:30
20 53.2 16:25–16:45 360 378.2 13:30–19:30
30 101.0 16:20–16:50 540 418.4 11:00–20:00
45 150.2 16:10–16:55 720 458.6 09:30–21:30
60 201.9 16:00–17:00 1440 552.5 20:00 (19 July)–20:00 (20 July)
90 236.1 15:30–17:00 3 days 624.1 00:00 (19 July)–00:00 (22 July)
120 253.6 15:30–17:30

The data include the road dataset and the failed road segments due to waterlogging
from the rainstorm. The urban road dataset was extracted using the application pro-
gramming interface of Gaode Map (www.amap.com), and the road network dataset was
constructed as the undirected network by the primal modeling method using intersections
as nodes and road segments as edges. Based on the road grade data and the relevant
driving speeds, the travel time (t) on each road segment was calculated by the length and
the speed of the road segment, then defined as the network weight. The formula is as
shown in Equation (1).

t =
L
v

(1)

where L is the length of the road and v is the restricted passage speed for that class of
road (Table 2).

www.amap.com
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Table 2. The speed and number of different types of roads segments.

Road Class Expressway Main Road Secondary Arterial Road Tertiary Arterial and Feeder Road

Speed * (km/h) 40 30 25 10
Number 140 225 478 993

* The speed is set as 50% of the normal speed limit during the rainstorm.

According to the National Technical Standard of Highway Engineering (JTG B01-2003),
the speed limits for expressway (80 km/h), main roads (60 km/h), secondary arterial roads
(50 km/h), and tertiary arterial and feeder roads (30 km/h) are assigned to each road
segment. However, when heavy rain occurs, drivers judge the situation and decrease their
speed accordingly [61,62]. Existing studies showed that the speed reduction ratio under
heavy rain is about 42–47% [63,64]. Based the existed studies and the “7.20” rainfall storm
in Zhengzhou City, we set the percentage of speed reduction at 50% (Table 2). The data on
failed road segments were obtained from the National Earth System Science Data Center.
The distribution of failed road segments at different times is shown in Figure 2. The number
of failed road segments increased from 22 on 20 July to 35, 41 and 49 on 21, 22 and 23 July,
respectively, and the distribution area gradually expanded.

Figure 2. Failure Road location during the rainstorm.

3. Methodology

By using the global network efficiency index, road vulnerability was evaluated, and
the spatial cluster of road vulnerability was identified using the spatial autocorrelation
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approach. Meanwhile, an improved cascading failure model was used to detect the spa-
tiotemporal characteristics of the cascading failure of the road network based on the
locations of failed road segments caused by the rainstorm. The association between the vul-
nerability and the cascading failure distributions of the road network was then investigated.
Figure 3 depicts the framework of the research methodology.
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In the next sections, we will present the meaning of the concepts, methods, and
parameters included in the flowchart and the calculation process.

3.1. Complexity Network Characteristics on Urban Road Network

Urban roads are a complex network, and analyzing their network characteristics helps
clarify their structure, scale, and state [65]. The primal method is mostly used for road
network modeling, which can simplify the modeling process and improves the efficiency of
network analysis [66–68]. In an emergency case, such as urban rainstorm studies, the roads
can be used in both directions to enhance accessibility [69,70]. This study uses a primal
graph to construct a weighted undirected network, i.e., road intersections are abstracted
as network nodes, road segments between intersections are abstracted as network edges,
and the travel time on each road segment is used as a weight [71]. Here, the metrics—
including average node degree, network complexity, network diameter, average path
length, clustering coefficient, and global network efficiency—are defined to measure the
characteristics of the urban road network. The meaning and calculation method of each
index are shown in Table 3.

Table 3. The complexity network metrics.

Metrics Formulas Description

Average node degree K = 1
N

N

∑
i=1

ai The average of the degrees of all nodes in the network

Network complexity β =
e
N

The development level of the network

Network diameter D = maxdij
The maximum value of the shortest distance of all node

pairs in the network

Average path length L = 2
N(N−1) ∑

i,j∈V,i 6=j

dij The degree of connectivity between nodes as a whole

Clustering coefficient Ci =
2Ei

ai(ai−1)
The aggregation of nodes in the network

Global network efficiency E = 1
N(N−1) ∑

i,j∈V,i 6=j

1
dij

The connectivity efficiency of the network

Notes: N is the number of nodes in the network, ai is the degree of a node, e is the number of edges in the network,
dij is the shortest distance between node pairs i and j, Ei is the number of edges actually present in the set of
neighboring nodes of node i. V is the set of nodes in the network.

3.2. Road Vulnerability Calculation and Its Spatial Patterns Identification

In the road network, traffic accidents lead to congestion or inaccessibility of road
segments for a certain period, decreasing the global efficiency of the road network. Based
on network global efficiency and considering the impact of a single road segment failure
on network global efficiency, the vulnerability of the road network xi is defined as shown
in Equation (2) [72].

xi =
Ei
E0

(2)

where xi is the vulnerability of road segment i; E0 is the global efficiency of the initial
network, which represents the average of the inverse of the shortest distance between road
segment intersections in the study area (Table 3). Ei is the global network efficiency of the
network after the failure of element i, which is calculated by the same method as E0 after
removing the road segment i. After the failure of the road segment, the more significant the
decrease in network efficiency, the lower the vulnerability; conversely, the less significant
the decrease in network efficiency, the higher the vulnerability. Low vulnerability indicates
that the road segment failure has a high impact on global network efficiency; meanwhile,
high vulnerability indicates that the road segment failure has a low impact on global
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network efficiency. We calculated the global network efficiency using Python language and
NetworkX library.

The spatial patterns of road vulnerability are analyzed by using the spatial autocor-
relation method. From a global perspective, we identify whether the distribution of road
vulnerability is clustered by using Moran’s I (Equation (3)) [32].

I =
n ∑n

i=1 ∑n
j=1 Wij(xi − x)

(
xj − x

)
∑n

i=1(xi − x)2 ∑n
i=1 ∑n

j=1 Wij
(i 6= j) (3)

where n is the number of edges in the road network; xi and xj denote the average vul-
nerability indices corresponding to edge i and edge j, respectively; and Wij is the spatial
weight. The value of Moran’s I ranges from −1 to 1. At a given significance level, I > 0
indicates the presence of positive spatial correlation, i.e., the spatially clustered distribution
is more pronounced. The standardized statistic Z is often used to test the significance level
of Moran’s I (Equation (4)).

Zscore =
1− E(I)√

VAR(I)
(4)

where E(I) and VAR(I) represent the expected value and variance of Moran’s I, respectively.
To further investigate the local distribution pattern of road vulnerability and identify the
“hot spot” and “cold spot” areas of the network vulnerability, the Getis-Ord G∗i statistic
is used to analyze the high-value and low-value concentration areas of the vulnerability
distribution of different edges (Equation (5)) [73]. The spatial clustering patterns of road
network vulnerability are explored by using the spatial autocorrelation and cold hotspot
geoprocessing tools in ArcGIS.

G∗i =
∑n

j=1 Wijxi − x ∑n
j=1 Wij

S

√ [
n ∑n

j=1 W2
ij−
(

∑n
j=1 Wij

)2
]

n−1

, x =
∑n

j=1 x2
j

n
, S =

√
∑n

j=1 x2
j

n
− (x)2 (5)

3.3. Road Network Cascade Failure Model

When analyzing the cascading failure characteristics of the road network, it is assumed
that failure occurs on a certain edge of the network, and after this edge is removed, the
original load traffic will be rerouted to adjacent road segments. The loads on adjacent
road segments will change accordingly, generating a new round of loads distributed to
other nonfailing roads. This process leads to a cascading effect (Figure 4), which affects the
efficiency of the road network. The road traffic volume is usually used as an indicator to
reflect the road load. However, when a rainstorm occurs, the road traffic volume decreases
significantly and cannot accurately reflect the change in the load. Here, the road load is
calculated using the betweenness centrality index of the complexity network. The initial
load of a road segment i is defined as Li(0) (Equation (6)) [74,75].

Li(0) = cB(i) = ∑
s,t∈V

σ(s, t|i)
σ(s, t)

(6)

where V is the set of network nodes, σ(s, t) is the number of shortest paths in the network,
and σ(s, t|i) is the number of shortest paths through edge i. After a road segment fails,
the original load on that road is redistributed, and the traffic load is thus redistributed to
adjacent edge i from failed edge j, as shown in Equation (7):

∆Lj = k jLi(0) =
cB(j)

∑m∈rϕ
cB(m)

Li(0) (7)
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where k j represents the proportion of load originally on the failed edge distributed to
adjacent edge j, cB(j) is the betweenness of adjacent edge j, and rϕ is the set of adjacent
nodes of edge j. On this basis, the load of a road segment is updated to the sum of the road
segment’s initial load and the newly distributed load, as shown in Equation (8).

Lj(t) = Lj(t− 1) + ∆Lj (8)

where Lj(t− 1) is the load on the adjacent edge vj of the failed network node at the moment
t− 1. As the load on the adjacent road segment increases, the relationship between Lj(t)
and the initial Lj(0) must be redetermined, and the road segment is an affected edge if the
load is not equal to the initial load (Equation (9)).

Fj(t) =


1, Lj(t) < Lj(0)
0, Lj(t) = Lj(0)
−1, Lj(t) > Lj(0)

(9)

where 0 represents a road segment with a constant load, 1 represents a road segment with
an increased load and −1 represents a road segment with a reduced load.

Figure 4. Road network cascade failure model diagram.

In this study, with the help of the spatial analysis module in ArcGIS, we build the road
network dataset, then export the dataset to NetworkX library for the complexity network
metrics calculation by using the Python language and ArcPy library. We establish the spatial
weight matrix based on the adjacency matrix, then the global Moran’s I index and the spatial
cluster patterns of the road network vulnerability (xi) are examined by using the spatial
autocorrelation and cold hotspot geoprocessing tools in ArcGIS. Additionally, the Pandas
or NumPy library is used for related auxiliary calculations such as correlation coefficients.

4. Results
4.1. Complexity Network Characteristics on Road Network

The road network in Zhengzhou comprises 1049 nodes and 1836 edges. The degree of
nodes on the road network is called the Node. The degree function in the NetworkX library
uses python language. It generates the bar statistical graph, as shown in Figure 5a. Then, the
cumulative degree distribution is fitted by using the power-law fitting function in NumPy
library. As shown in Figure 5a, the road network in the study area has a maximum node
degree of 5.0, a minimum node degree of 1.0, and an average node degree of 3.5. Nodes
with a degree of one represent road starting points, nodes with a degree of two represent
road turning points, and nodes with a degree greater than two are intersections. In terms
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of quantity, intersection nodes dominate the road network. The node degree distribution
of the road network in the study area is fitted and found to be a power-law distribution
with a goodness of fit above 0.98. The degree distribution is highly nonuniform, and the
network has scale-free characteristics (Figure 5a). By calculating the shortest distance
and clustering coefficient statistics of the road network using the NetworkX library, their
probability distributions are fitted by using the Gaussian and power-law fitting function,
respectively (Figure 5b,c). The shortest path length of the road network has a maximum
(network diameter) of 1.10 h, a minimum of 0.01 h, and an average of 0.40 h (Figure 5b). The
distance follows a Gaussian distribution with a goodness of fit above 0.99. The clustering
coefficient of the road network has a maximum of 0.08, accounting for 0.20%; a minimum
value of 0, which is the case for 90.55% of the nodes; and an average of 0.0016. The average
clustering coefficient of the whole road network in the study area is small, indicating that
the density of roads in the study area is high; the average clustering coefficient is greater
than zero, indicating that the road network may be characterized as a small-world network.
The distribution of the clustering coefficient is fitted, and the resulting distribution curve
accords with a power-law distribution with a goodness of fit above 0.98 (Figure 5c).

Figure 5. Distribution of the node degree, shortest distance, and clustering coefficient on the road
network in study area. (a) Distribution of the road node degrees; (b) distribution of the shortest
distance; (c) distribution of the clustering coefficient.

4.2. Spatial Distribution of the Road Vulnerability

The vulnerability of roads in the study area is calculated using Equation (1), and the
results are shown in Table 4. Most road segments (1655 or 90.09%) have a vulnerability of
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less than one, with a total length of 1083.75 km. The minimum vulnerability, which is 0.9839,
occurs in the urban arterial roads. Twenty road segments (1.14%) have a vulnerability
higher than one, with the maximum vulnerability (which is 1.0013) appearing on tertiary
roads. The overall average vulnerability of the roads is 0.9991, which is higher than the
average values of urban expressways and urban arterial roads and lower than the average
values of urban secondary roads, tertiary roads, and branch roads. The standard deviations
of the vulnerability of secondary roads, tertiary roads, and branch roads are small, but the
standard deviations of the vulnerability of urban expressways and urban arterial roads are
larger than the overall level, indicating large differences within these two types of roads.

The different travel times on roads lead to significant spatial heterogeneity in the
vulnerability of different road segments (Figure 6a). Road failure leads to a decrease in
network global efficiency. The lower the vulnerability of a road segment, the greater the
impact of the road segment’s failure on the global traffic efficiency of the network. Roads
with low vulnerability often belong to ring roads and central urban roads and are connected
to the branch road segments of radial roads, making these roads the only ones that reach
other roads in the network; additionally, these roads have a short travel time and a high
utilization rate. In addition, after branch roads fail, the network becomes disconnected,
leading to a decrease in network global efficiency. The closer a branch road is to urban ring
roads and the urban center, the more pronounced the decrease in efficiency. A few roads
have a vulnerability greater than one. These roads are generally located at the periphery
of the city and include the starting points of the roads, and the failure of these roads, to a
certain extent, reduces the maximum connected subgraph, decreases the shortest path, and
improves the global network efficiency. The failure of high-grade roads has the greatest
impact on overall network efficiency. To further analyze the distribution of vulnerability of
different grades of roads, the road vulnerability profile is plotted in the east–west direction
(Figure 6b) and the south–north direction (Figure 6c). The road vulnerability in each
direction shows a distribution pattern that is low in the middle and high in the surrounding
area. The ring roads near the urban center have the lowest vulnerability, especially the first
and second ring roads, whose grade and betweenness centrality are higher than others in
the urban road network. In comparison, some roads located at the periphery of the city have
high vulnerability due to their long distance from the urban center and their lower grades.

According to the vulnerability indices of different road segments, their spatial patterns
can be further identified to detect the high-value or low-value concentration area of road
vulnerability (Figure 7). Roads in the low-vulnerability area (L), when attacked, easily
severely affect the overall network, while the failure of roads in the high-vulnerability area
(H) has a relatively small impact on the overall network. From a global perspective, the
vulnerability of the road network in the study area has a Moran’s I of 0.2929, which has a
Z value of 12.567 and passes the significance test, thereby indicating spatial clustering in
the distribution of road vulnerability. From a local perspective, the results of a Getis-Ord
G∗i statistical analysis (Figure 7) show that areas H 1©, H 2©, H 4©, and H 5© are high-value
concentration areas of road vulnerability; they are located at the periphery of the city, where
a road failure has little impact on the main urban traffic efficiency. The roads in area H 3©
are of low grade, are far from the city’s important roads, and have a low utilization rate;
hence, this area is also a high-value concentration area of road vulnerability. Areas L 1©,
L 2©, and L 3© are low-value concentration areas of road vulnerability. Areas L 1© and L 3©
are located near the intersection of ring roads and arterial roads; therefore, these roads are
important roads connecting the east and west of the city. Additionally, the roads have a
high grade and a high driving speed, and therefore an overall high load. The roads in area
L 2© are located in the urban center and are short. Therefore, the speed only slightly affects
the travel time on these roads, and the utilization rate is high. Consequently, a failure of
some of these roads greatly affects the overall road traffic efficiency.
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Figure 6. (a) Spatial distribution of road vulnerability; (b) differences in road vulnerability in the
west–east direction; (c) differences in road vulnerability in the north–south direction. FR, TD, SD, FT
stands for the 4th, 3rd, 2nd, and 1st Ring Road, respectively; N, S, W, and E stand for the north, south,
west, and east directions.

Figure 7. The hot and cold spot area of road vulnerability.
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Table 4. Descriptive statistics of the road vulnerability.

Road Type Number of Edges Descriptive Statistics
>1 =1 <1 Max Min Mean Standard Deviation

Expressway vulnerability 0 0 140 0.9998 0.9876 0.9967 0.0034
Main Road vulnerability 0 0 225 0.9999 0.9839 0.9970 0.0028
Secondary Arterial Road vulnerability 3 1 474 1.0004 0.9959 0.9992 0.0007
Tertiary Arterial Road and Feeder Road vulnerability 17 160 816 1.0013 0.9989 0.9999 0.0002
All roads vulnerability 20 161 1655 1.0013 0.9839 0.9991 0.0018

4.3. Spatiotemporal Patterns of the Road Network Cascade Failure

Road failure in areas with different vulnerabilities damages the overall road network
to varying degrees; such damage is especially pronounced during sudden rainstorms.
As shown in Figure 8a, during the rainstorm, the proportion of road segment failures
increased from 1.20% to 2.67%, and the proportion of affected roads continued to increase.
Thus, road traffic efficiency significantly decreased at the beginning of the rainstorm from
3.44 on 20 July to 3.29 on 22 July. Network efficiency rebounded to a certain extent after
22 July, possibly because after the roads were damaged, the load on the high-grade roads
that remained operational increased continuously, and the network structure was affected
by the gradual increase in the number of failed road segments. Consequently, the network
diameter and the traffic time on some road segments decreased, thereby increasing network
efficiency. When a network is damaged by rainstorms, high-grade roads, which have a
short travel time, are greatly affected, while low-grade, short roads, which are the most
numerous, are less affected. In terms of road load, as shown in Figure 8b, from 20 July to
22 July, the number of road segments with an increasing load increased from 30.66% on
20 July to 46.46% on 22 July; the proportion of such road segments on 23 July was slightly
lower than that on 22 July. Overall, the change trend in network global efficiency was
opposite to that in the proportion of roads with an increasing load and consistent with that
in the proportion of roads with a decreasing load.

Figure 8. The change in the failure road ratio and network efficiency during the rainstorm. (a) The
change in the failure road ratio and global network efficiency during the rainstorm; (b) the change in
the edge ratio of increased load road, reduced load road, and constant load road during the rainstorm.

To examine the spatiotemporal patterns of the road network cascade failure in the
study area, Figure 9 presents the result for the road network cascade failure model. In
terms of spatial distribution, the number of road segments with increased loads caused
by rainstorms increased gradually (Figure 9). On 20 July, there were only a few failed
roads, concentrated mainly in the southeastern part of the study area, and the affected
road segments were mostly in the eastern part of the city. With a continuous increase in
the number of failed road segments, their spatial distribution evolved from a concentrated
distribution in local areas to a pattern in which they were mainly in the urban center and



ISPRS Int. J. Geo-Inf. 2022, 11, 564 14 of 21

distributed in surrounding areas, resulting in the expansion of the affected roads to the
entire study area. High-grade roads have a high speed and a short traffic time; hence, their
load increases almost entirely. On 22 July, 46.46% of the road segments were affected by
the failed road segments, spatially dominated by urban ring roads and radial roads; and
including ordinary roads connected to urban ring roads, radial roads, and failed roads. On
23 July, more than 50% of road segments significantly increased in load.

Figure 9. Spatiotemporal patterns of the road network cascade failure during the rainstorm.

4.4. Spatial Association between the Road Vulnerability and Cascading Failure Distribution

According to the variation in road load with the cascading failure of the road network,
the association between different road vulnerability areas and road network cascading
failure distributions is analyzed. As shown in Figure 10, overall, the proportion of road
segments with increased load road in the low-vulnerability areas (L 1©, L 2©, and L 3©)
was 2.64% on average, and the proportion of road segments with increased loads in the
high-vulnerability areas (H 1©, H 2©, H 3©, H 4© and H 5©) was 1.79%. The load increase
in low-vulnerability areas was significantly higher than that in high-vulnerability areas.
The proportion of road segments with increased loads had a maximum of 5.67% in the
low-vulnerability areas, which appeared in area L 2© on 23 July, and a maximum of 3.92%
in the high-vulnerability areas (H 1©). As the rainstorm continued, the number of failed
road segments increased, and the proportion of road segments with increased loads in
areas with different vulnerabilities changed accordingly. On 20 July, the largest proportion
of road segments with increased loads was 3.38% in the low-vulnerability area L 2© and
2.94% in the high-vulnerability area H 1©. On 21 July, the proportion of road segments with
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increased loads was large in H 1© (3.54%) and H 4© because of the connection with the ring
roads and urban arterial roads, and it was large in L 2© because of the connection with
the main urban area. From 22 to 23 July, the proportion of road segments with increased
loads in areas H 4© and L 2© continued to increase. To analyze the correlation between
the road network’s cascading failure caused by the rainstorm and the vulnerability of the
road segments, the Pearson correlation coefficients between the proportion of the failed
roads and the proportion of road segments with increased loads in areas with different
vulnerabilities are further calculated. The correlation coefficient for the hot spot area of road
vulnerability is −0.265, indicating that in this area, as the number of failed roads increased,
the proportion of road segments with increased loads decreased, and the road cascading
failure had a relatively low impact on the road network. In the cold spot area of road
vulnerability, the proportion of road segments with increased loads and the proportion
of failed road segments are positively correlated with a correlation coefficient of 0.651,
indicating that in this area, the cascading failure of road segments was more likely to cause
large-scale traffic congestion or disruption. The areas with clustered low vulnerability are
more likely to be affected during rainstorms, and the road network’s cascading failure
caused by rainstorms presents different correlation characteristics in different areas with
clustered road vulnerability. The above correlation coefficients passed the significance
test of p = 0.05.

Figure 10. The road segment ratio with increased/reduced/constant loads in different vulnerability
hot or cold spots.
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5. Discussion

Road vulnerability is an important indicator reflecting the robustness of road networks.
The analysis of road vulnerability reveals that the low-value concentration area of road
vulnerability is located in the urban center and that the high-value concentration area of
road vulnerability is located in the peripheral area of the city. In fact, road vulnerability
is influenced by a variety of factors. The correlation coefficients of road length, travel
time, and distance from the urban center are calculated for roads in the concentration
and nonsignificant areas of vulnerability distribution, as shown in Table 5. Compared
with the nonsignificant areas of vulnerability distribution, the road vulnerability in the
concentration areas strongly correlates with the distance from the urban center and the
road length; i.e., the closer the road is to the urban center and the shorter the road length,
the lower the road vulnerability, and the local disruption of the road network more greatly
affects the overall road network. Road vulnerability is positively correlated with the travel
time in the concentration areas of vulnerability distribution, and the shorter the travel time,
the lower the road vulnerability, but the correlation coefficient is slightly smaller than that
for the nonsignificant areas. Meanwhile, the larger the distance from the urban center, or
the longer the road length and the longer the travel time, the higher the road vulnerability,
the better the robustness of the road network, and the smaller the impact of local failure
on the overall road network. In the nonsignificant area of vulnerability distribution, road
length and distance from the urban center weakly correlate with road vulnerability.

Table 5. Correlation coefficients between different factors and road vulnerability.

Different Vulnerability Area Road Length Distance from the Urban Center Travel Time

Concentration areas of vulnerability 0.541 ** 0.643 ** 0.331 ***
nonsignificant areas of vulnerability 0.057 * 0.075 ** 0.336 ***

Notes: *** significance level of 0.01, ** significance level of 0.05, * significance level of 0.1.

The effect of different network weights on road vulnerability is further analyzed by
using road segment lengths as network weights (Figure 11). Overall, the distribution
of the number of roads with length-based vulnerabilities is similar to the distribution of
the number of roads with time-based vulnerabilities, with most road segments having
vulnerabilities below one. However, length-based road vulnerabilities have an average
of 0.9997, which is greater than the average of time-based road vulnerabilities (0.9991),
and the maximum and minimum length-based road vulnerabilities are 1.0009 and 0.9930,
respectively. In terms of distribution, roads with length-based vulnerabilities are more con-
centrated than those with time-based vulnerabilities, and hence, the differential distribution
of road vulnerabilities is not fully reflected. Because of differences in road grades, different
road segments have different traffic speeds. Therefore, the travel times on road segments
with the same length differ significantly, resulting in a more pronounced difference in the
distribution of road vulnerabilities.

By analyzing the vulnerability of the road network and identifying areas with high
and low road vulnerabilities, different planning policies and management measures can be
implemented in urban road system planning and disaster emergency management. Areas
with high road vulnerability are mainly located at the periphery of a city. The network
structure of these areas should be further optimized during planning, with roads in these
areas used as backup evacuation routes, and traffic guidance should be carried out during
emergency management to reduce the traffic pressure in local areas. For areas with low
road vulnerability, it is necessary for urban governments to build more new roads, extend
the length of existing roads, and increase the number of roads and the density of the road
network to improve the robustness of the road network. The optimization on urban spatial
structure to build a polycentric city could reduce the impact of the distance from the urban
center on road vulnerability. In emergency management, the management and control of
traffic conditions must be strengthened in areas with low road vulnerability to achieve
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rapid response and traffic diversion in the event of a sudden disruption, and to avoid
large-scale regional traffic congestion and disruption, thereby improving the emergency
response capability of the city in the face of emergencies, building a more resilient city, and
promoting sustainable urban development.

Figure 11. The histogram and Gaussian fitting curve of road vulnerability frequency distribution
under two network weight.

6. Conclusions

Road failure caused by natural disasters or traffic emergencies not only leads to an
increase in the load of surrounding roads and a decrease in the traffic efficiency of a
network, but also causes traffic congestion or disruption, which severely affects urban
traffic and emergency response. Based on the road network data for Zhengzhou, this study
calculates road vulnerability in terms of the global efficiency of the network, analyzes the
spatial distribution of road vulnerability, and further investigates the spatial pattern of road
vulnerability in Zhengzhou by using the Getis-Ord G∗i statistic. Based on the actual road
disruption locations caused by waterlogging during the 20–23 July rainstorm in the study
area, the spatiotemporal pattern of the cascading failure of the road network is analyzed
using the improved cascading failure model by using the between centrality index to
represent the road load, and the spatial association characteristics of road vulnerability and
cascading failure distribution are discussed.

Overall, the vulnerability of most road segments in the study area is less than one, and
their disruption leads to a decrease in network global efficiency. The average vulnerability
is 0.9991, and the vulnerability of roads of different grades differs significantly. In terms of
spatial distribution, the spatial heterogeneity characteristics of the vulnerability of different
road segments are significant. Specifically, the vulnerability of roads near the urban ring
roads and the urban center is generally low, while roads with high vulnerability are located
mainly at the periphery of the city; the road vulnerability in the east–west and north–south
axes shows the distribution characteristics as being high in the middle and low at both
ends; and five areas with high road vulnerability and three areas with low vulnerability are
identified. During rainstorms, the proportion of failed road segments increased from 1.2% to
2.67%, and the network efficiency significantly declined at first and then slightly rebounded;
the road loads showed a change trend that was essentially consistent with that of network
efficiency, and the pattern of their spatial distribution evolved from a concentration in
local areas to dominance in the urban center with distribution in the surrounding areas. In
areas with different road vulnerability concentrations, the proportion of disrupted roads
and the proportion of road segments with increased loads exhibited different correlation
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characteristics: negative correlation in high-value areas, where the cascading failure of
roads had relatively little impact on the network, and positive correlation in low-value
areas, where the cascading failure of roads was more likely to cause traffic congestion or
disruption in large regions.

Transportation resiliency, and more specifically road vulnerability in our case, is a
crucial factor in sustainability and post-disaster management of cities. The unpredictable
nature of extreme events such as rainstorm can have a substantial impact on urban road
systems. This study identified the vulnerability area and uncovered the spatiotemporal
patterns of the cascade failure on the road network under real rainstorm conditions. Al-
though conventional studies have used a stochastic approach by removing some of the
network edges, we preferred to adopt this deterministic approach as a real scenario. The
main advantages of our method are as follows. First, the paper identified the spatial cluster
patterns of road network vulnerability by using the global efficiency index and the Getis-
Ord G∗i statistic. Second, the spatiotemporal pattern of the cascading failure of the road
network is analyzed using the cascading failure model, which is improved by replacing
the conventional traffic volume with the betweenness centrality index in the complex
network as a measure of road load capacity. Thirdly, the spatial association between the
road vulnerability and cascading failure distribution is carefully explored. The method
enhanced the research on the spatiotemporal patterns of the road network vulnerability
and cascade failure and their spatial association from a spatial perspective.

The analysis of the spatial distribution of urban road vulnerability, as well as the
discussion of the spatial association characteristics of cascading failure and road vulner-
ability distribution in the context of actual rainstorms, make it possible to adopt more
targeted policies and strategy in urban planning and disaster emergency management,
allowing us to build more resilient cities and promote sustainable urban development. For
example, it is important to strengthen traffic monitoring in vulnerable areas to improve
the ability to quickly respond to disruptions. Urban planners should consider extending
the overall road length or increasing road network density to enhance the road network’s
robustness. However, to gain more insights and arrive at more conclusions, further studies
and applications of the following three topics should be performed: (i) to analyze the
impact of the road network structure on the vulnerability and cascading failure of roads by
considering the other factors such as economic, social, and environmental factors, etc.; (ii) to
optimize the road network from the perspective of improving road robustness to enhance
the transportation emergency response capability of cities in the face of emergencies; (iii) to
extend the method to other infrastructure networks such as power networks to provide
theoretical and methodological support for disaster prevention and post-disaster rescue.
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