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ABSTRACT

Cities are increasingly vulnerable to the impacts of extreme weather events, understanding the travel responses to such events can
support needs-based emergency resource allocation and long-term resilience planning. Although previous research has advanced
our understanding of travel patterns during abnormal conditions, knowledge remains limited regarding how urban travel changes
spatially (e.g. by different spatial clusters) during extreme precipitation events. To address this research gap, this study aims to
assesses how urban travel, by number of trips, changed in response to extreme precipitation events using time series clustering and
discrete choice modelling. The study uses cell phone signalling-based mobility big data before, during, and after the perturbations,
with the 2021 Zhengzhou floods as a case study. Moreover, the aggregated responses of urban travel were empirically defined in
terms of the magnitude of trip reduction and time-to-recovery, i.e. travel resilience. The study identifies four distinct groups that
exhibit comparable response and recovery patterns, which can be subject to the influence of factors associated with the built
environment. The study reveals that areas with higher road network density are comparatively more vulnerable to the initial
impact of extreme rainfall and flooding. Nevertheless, taking a long-term perspective, higher road network density contributes to
faster recovery and more robust travel resilience. Moreover, home-based work trips are less sensitive to red rainfall warnings than
home-based other trips and non-home-based trips. This study provides valuable implications for planners and policymakers to
resist similar future events.

on July 20th, 2021, when Zhengzhou, China was hit by extreme
precipitation, leading to massive traffic network disruption and

1 | Introduction

Cities worldwide have witnessed a rising number of extreme
weather events (EWEs) in the past decades due to anthropogenic
climate changes. These EWEs often result in various hazards such
as heavy rainfall and pluvial flooding, which can cause significant
damage to transportation infrastructure [1, 2]. Moreover, they
can have severe impacts on people’s daily lives, including travel
disruptions and even loss of life. A recent example of this occurred

accidents. The flooding of metro line 5 resulted in the tragic
loss of 14 lives, and another six people lost their lives on the
Jing-guang Expressway. Studies in the transportation field have
shown that changes in travel behaviour as a response to EWEs
can either mitigate or exacerbate the impact of climate hazards
[2]. For instance, it has been found that walking or driving
into floodwaters is the primary cause of road drowning during
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flooding events [3]. Therefore, to develop effective emergency
management measures, it is crucial to consider the disaster
characteristics from various information sources and the travel
responses during and after hazardous conditions.

Understanding the travel responses of citizens during climate
hazards, such as extreme precipitation, is crucial for effective
urban disaster preparedness and relief operations. This informa-
tion can help assess the effectiveness and variability of local travel
response and support community recovery trends [4], which,
in turn, can aid in needs-based resource allocation and long-
term planning strategies [2, 4]. It is important to note that if
human flows in a given space-time are less focused during the
pre-disaster period, especially when weather forecasts are limited
by spatial and temporal scales, it may lead to massive deaths
and economic losses. In the transportation research community,
travel patterns have been shown to follow specific laws in normal
conditions, such as the power-law distribution [1]. However,
citizens are less likely to travel or move in hazardous condi-
tions as they would in normal periods, or even more complex.
This is because bounded rationality [5], shaped by a range of
socio-economic determinants such as socio-demographics, life
circumstances, attitudes, and personalities, leads to different
cognitive limits and response behaviours [5, 6]. Additionally,
people living in different regions of the city can be affected
by different infrastructure failures and service disruptions [7,
8]. Thus, the outcome of a disaster is not only related to the
severity of the disaster but also to the human flows of spatial-
temporal heterogeneity, where travel responses play a pivotal
role.

Although many studies have attempted to examine travel
behaviours during disaster scenarios, there is limited research
on how urban travel changes spatially, such as by different
spatial clusters, under extreme precipitation events. In the field
of transportation, travel behaviour under abnormal conditions
is a popular research topic, with scenarios including natural
disasters [9, 10], technological system failures [11, 12], public
health events [13, 14], and meteorological events [15-17]. For
example, Golshani et al. [10] studied the evacuation demand
model-tour formation behaviour during no-notice emergency
events, and Abad et al. [9] analysed the adaptations of commuting
behaviour of transit users in Metro Manila to flooding. How-
ever, there are several shortcomings in current research: Firstly,
traditional survey-based behavioural research is time-consuming
and labour-intensive, with limited geographical areas, and fails
to enable near-real-time dynamic tracking [4]. The proliferation
of location-based mobility data in recent years offers additional
opportunities with the help of computerized algorithms [1, 4].
However, empirical analysis for extreme precipitation scenarios
is still lacking as constrained by data limitations. Secondly, the
role of built environment characteristics in response and recovery
from extreme precipitation remains unknown, which may hinder
the allocation of emergency resources and the prioritization of
resilience planning measures. Last but not least, the response
of different trip types (home-based work, HBW; home-based
other, HBO; non-home-based, NHB) to red rainfall warnings' or
weather forecasts has not been explored empirically in existing
studies. This information is crucial for developing targeted
intervention strategies and emergency response plans that can
effectively mitigate the impact of extreme precipitation events.

To address the aforementioned research gap, this study aims to
assess how urban travel, by number of trips, changes in response
to extreme precipitation events under different geographical
contexts, based on time series clustering and discrete choice
modelling. As a case study, the “7-20” extreme rainfall and
flooding event in Zhengzhou city, China in 2021 will be exam-
ined. The empirical analysis process consists of three modules.
Firstly, the study characterizes the travel response of citizens
under extreme precipitation. Specifically, the response patterns of
different geographical grids (1000 m x 1000 m) are characterized
using the time series clustering algorithm K-SHAPE [18], with the
total number of trips attracted and generated as input. Secondly,
the study defines the response patterns in terms of resilience, and
analyses the role of built environment factors in the heterogeneity
of responses, including trip reduction and time-to-recovery, using
multinomial logit (MNL) models. Lastly, the study investigates
the responses of different trip types to the red rainfall warning.
The results of this study are expected to contribute to the
existing body of knowledge on mobility disturbances caused by
extreme precipitation events and provide new insights for urban
policy-makers and emergency responders to make more informed
decisions to increase the climate resilience of cities. Furthermore,
this research contributes to the field of geospatial big data analysis
for resilient cities in the following ways:

1. Firstly, it explores travel response patterns under extreme
precipitation and its derivative hazards, such as flooding,
in association with built environment factors. This informa-
tion can assist in needs-based resource allocation and the
development of long-term transportation resilience planning
strategies.

2. Secondly, the analysis of the responses of different trip types
to red rainfall warnings provides a basis for emergency
preparedness. For instance, this analysis can help prioritize
the allocation of risk management measures for areas where
trips are concentrated but less sensitive to warnings.

3. Lastly, the analytical framework developed in this study
based on mobile phone signalling data can be used for
empirical analysis of other extreme or unexpected events,
beyond natural disasters.

The remainder of the paper is organized as follows. Section 2
identifies research gaps through a comprehensive review of
the relevant literature. Sections 3 and 4 present the data and
methodology respectively. Section 5 discusses the results of the
analysis, while Section 6 concludes and summarizes.

2 | Literature Review

2.1 | Travel Decision-Making Behaviour During
Abnormal Conditions

Recent research has made significant strides in advancing our
understanding of travel decision-making behaviour, especially
with respect to evacuation behaviour during abnormal conditions
in cities. This is because cities have experienced an increasing
number of disruptions from various types of unexpected events.
Existing studies on travel behaviour can be categorized into two
decision-making periods: pre-trip and en-route. For instance,
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Hamilton et al. [19] analysed electronic interventions based on
the implementation of images to alter driving behaviour during
flooding. Tang et al. [20] estimated the alighting stops of bus trips
from open smart card data by incorporating weather conditions
and travel history. These decisions made during travel include
travel (evacuation) or not, destination choice, mode choice,
departure time choice, and route selection. Most studies have
focused on home-based travel decision and mode choice. In
general, research scenarios include natural disasters, production
incidents, public health events, and climate events. For exam-
ple, hurricanes [21, 22], typhoons [23], wildfires [24], volcanic
eruptions [25], earthquakes [26], tsunamis (Buylova et al., 2020),
and flooding [9, 27] are the main natural disaster scenarios being
studied. Technological system failures focus on building fires
[11] and chemical leakage accidents [28]. Contagious respira-
tory illnesses are the main subject of studies related to public
health events, with the COVID-19 pandemic being the most
studied. Moreover, current research has also addressed changes
in travel behaviour under the impact of climate hazards, with
analyses carried out at high/low temperatures [16, 29], rainfall
[15, 30, 31], wind speed [31] etc., covering both short term or
immediate and seasonal long-term impacts. For example, Mirzaei
et al. [29] studied the effects of the built environment, weather
conditions, and travel departure time on mode choice decisions
for different travel purposes, using Isfahan, Iran, as a case
study.

The theory of travel decision-making primarily applies norma-
tive decision theory. Normative decision theory is the focus of
research in decision theory or choice analysis and refers to
the prerequisites of rational decision making [32]. It revolves
around the idea of what the decision-maker “should do” based
on the abstraction of assumptions about one’s self-interest in
decision-making behaviour [32, 33]. In general, experimental
design and choice experiments, discrete choice models and
statistical inference form the basis of normative research [34].
The factors involved in travel decision-making in normative
research include personal knowledge and experience, socio-
economic characteristics, and the decision-making environment,
including built environment characteristics, hazard character-
istics, weather, and government measures. Typical analytical
models include optimization theory, logistic regression, and
its extensions, structural equation models, and geographically
weighted regression models. For example, Abad et al. [9] applied
aseries of binary logistic models and revealed that perceived flood
characteristics, socio-demographic conditions, and commuters’
beliefs about the frequency of flood events over time all played
arole in the adaptation of commuting behaviour by transit users.
In their study of meteorological effects using a regression model,
Liu et al. [15] found that a 1 mm increase in precipitation was
associated with a 0.39% increase in the number of ride-hailing
services and a1 m/s increase in wind speed would result in a 1.04%
decrease in ride-hailing demand.

However, some studies have suggested that the assumption of
“Homo Economicus” is unrealistic and fails to account for a
variety of paradoxes that are inconsistent with actual behaviours
[33]. “Homo Economicus” characterizes humans as being selfish,
rational maximizers of personal utility as defined in classical
economics (e.g. [35]). For example, the Allais paradox and
the Ellsberg paradox demonstrate that individuals often make

choices that do not adhere to the rationality assumptions of
“Homo Economicus.” In the Allais paradox, individuals often
exhibit loss aversion by choosing the option with a lower expected
utility but a higher probability of avoiding losses, even in high-risk
situations. This behaviour is inconsistent with the expected utility
theory, which assumes that people always choose the option that
maximizes their expected utility [6]. Prospect theory also gives
an improvement on maximizing expected utility over reality. It
suggests that when faced with a risky choice leading to gains
agents are risk averse, preferring the certain outcome with a
lower expected utility. However, when faced with a risky choice
leading to losses agents are risk seeking, preferring the outcome
that has a lower expected utility but the potential to avoid losses
[6]. As a result, behavioural economics has garnered significant
attention in travel decision-making research under abnormal
conditions. Prospect theory, a descriptive, empirically valid model
of choice, and its extensions are the most widely used, followed
by regret theory and its extensions. For example, [36] developed
a prospect theory-based framework to model the evolution of
travellers’ route choice under risk. Additionally, the random
regret minimization model has been applied in evacuation studies
using hypothetical stated preference data [12, 37]; Wong et al.
[12] conducted a revealed preference survey for wildfire evacu-
ation to assess the applicability of regret minimization to actual
evacuation behaviour.

2.2 | Location-Based Services (LBS) Data in Travel
Behaviour Under Unexpected Events

In recent times, the utilization of location-based services (LBS)
data has seen extensive application in empirically investigating
travel behaviour within the context of unforeseen events. The
salient advantage of LBS data lies in its capacity to facilitate
rapid response analyses, particularly pertinent when dealing with
time-sensitive emergency situations, as highlighted in studies by
Chen et al. [1] and Hong et al. [4]. The array of data sources
encompasses mobile phone cellular signalling data, social media
check-in data, and internet-based app location service data. To
exemplify, Zhou et al. [38] harnessed automated fare collec-
tion (AFC) data to scrutinize the spatiotemporal ramifications
of extreme rainfall events on metro ridership characteristics.
Furthermore, mobility, serving as a metric to gauge the spatiotem-
poral movement of individuals or populations, has evolved into
a fundamental proxy for assessing travel responses. The scrutiny
of mobility disruptions within transportation infrastructure pro-
vides crucial insights into the adaptability of said infrastructure
in the face of extreme events. Consequently, the examination
of human mobility perturbations, leveraging metrics such as
displacement, travel flows, and origin-destination (OD) pairs, has
emerged as an innovative and potent methodology for evaluating
the resilience of transportation infrastructure. Notably, Zhang
and Li [8] leveraged anonymized mobile phone geolocation
records to characterize individual mobility perturbations during
extreme weather events in urban settings. Research inquiries
related to mobility encompass a spectrum of vital aspects,
including the impact of unforeseen events on human mobility,
forecasts of mobility perturbations, determinants influencing
mobility behaviour, prognosis of evacuation destinations, and
the quantification of human mobility resilience, as elucidated
by Wang et al. [39]. Furthermore, studies by Hong et al. (2020)
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and Zhang et al. [40] conducted a granular analysis of mobility
patterns during disaster events, exemplified by Hurricane Har-
vey in Houston and extreme weather occurrences in Nanjing,
respectively. These investigations operationalized the concept
of community resilience by scrutinizing alterations in mobility
behaviour both pre-, during, and post-disasters, thereby facilitat-
ing the quantitative assessment of the magnitude of impact and
the temporal dimensions of recovery. In parallel, the research
conducted by Chen et al. [1] delved into the repercussions
of extreme weather events on disruptions in urban pedestrian
flow, with particular emphasis on the context of Typhoon
Mangkhut’s impact in Shenzhen, China, employing location-
based service data. Simultaneously, geotagged Twitter data has
found widespread adoption as a valuable resource for examining
the influence of hurricanes on human mobility, exemplified by
studies from Ahmouda et al. [41] and Wang et al. [39]. Collectively,
these studies harness location-based data to unearth invaluable
insights into the characteristics of mobility disturbances, offering
practical guidance to urban planners and policymakers in their
endeavours to enhance urban disaster resilience. Importantly, our
research makes a valuable contribution to the existing literature
by focusing its analytical lens on the unique context of heavy
rainfall scenarios, thereby enriching the collective knowledge in
this domain.

2.3 | BriefSummary

Despite the increasing number of studies attempting to under-
stand travel response behaviour in disaster situations, the under-
standing of how urban travel changes spatially, such as by
different spatial clusters, under extreme precipitation events
remains limited and fragmented. Furthermore, the factors that
affect the disparities in urban travel responses at the grid level
are still unclear. Most existing studies also focus solely on home-
based trips, leaving the responses of different trip types to
red rainfall warnings unexplored. This study aims to fill these
research gaps by addressing the following research questions:
How does urban travel, measured by the number of trips, respond
to extreme precipitation events and their derived hazards across
different geographical contexts? What factors mediate the various
urban travel responses in terms of travel reduction and recovery?
Lastly, how do different trip types respond to multiple red rainfall
warnings?

3 | Dataand Study Area
3.1 | Study Area

The present study focuses on the central district of Zhengzhou,
encompassing Zhongyuan District, Erqi District, Jinshui District,
Guancheng District, and Huiji District. Figure 1 illustrates the
digital elevation model (DEM) of Zhengzhou city. The topography
of Zhengzhou slopes from southwest to northeast, and the region
experiences a subtropical monsoon climate characterized by hot
and rainy summers. Furthermore, more than 100 urban rivers and
flood channels from the Yellow and Huai River systems traverse
the urban area, exacerbating the effects of concrete pavements
and the urban heat island phenomenon. Consequently, the city
faces varying degrees of heavy rainfall and internal flooding

almost every year. Notably, between 2011 and 2018, 38 flooding
incidents occurred, with 26 of them causing widespread impacts,
primarily triggered by short-term precipitation, as per statistical
data [42].

Zhengzhou, the capital of Henan Province, is a significant
political, economic, technological, and educational centre of the
province, as well as a major transportation hub for Central
China. The central area of the city spans 891 square kilometres
and is home to approximately 5.03 million residents, according
to the 2021 bulletin of the Zhengzhou Municipal Bureau of
Statistics (available at: https://tjj.zhengzhou.gov.cn/tjgb/index.
jhtml). Moreover, the urban centre boasts a well-established
public transportation system and a high-density road network
[43]. On July 19-21, 2021, the study area was severely affected
by flooding caused by heavy rainfall. The city’s advanced public
transportation system, dense population, road network, and river
distribution make it an appropriate case for analysing community
travel resilience.

3.2 | 2021 Zhengzhou Floods

Between 17-23 July 2021, Henan Province in China experienced
unprecedented heavy rainfall and flooding. The deluge travelled
from the west and passed over Zhengzhou City, resulting in
severe waterlogging due to the city’s terrain, which slopes from
southwest to northeast. The downpour began on 19 July 2021 in
Zhengzhou, and between 14:00 on 19 July and 14:00 on 20 July,
the average precipitation in the city reached a staggering 253 mm.
On 20 July alone, the average precipitation also peaked at 253 mm,
with the hourly precipitation hitting an all-time high of 201.9 mm
between 16:00 and 17:00, breaking the record for maximum
hourly precipitation since measurements began in 1951. Despite
the Zhengzhou Meteorological Bureau issuing six consecutive red
rainfall warnings to the public via multimedia channels at 6:02
am, 9:08 am, 11:50 am, 13:25 pm, 16:01 pm, and 21:32 pm on 20 July
2021, the heavy rainfall still left 398 people dead or missing. The
flooding also caused extensive damage to numerous underground
spaces, including tunnels, metro stations, underground shopping
malls, and car parks, resulting in the destruction of hundreds of
thousands of cars.

The occurrence of extreme precipitation had devastating con-
sequences, causing significant disruption to urban travel and
activities. According to reports, more than 200 flights at
Zhengzhou Airport were either cancelled or delayed, leading to
the breakdown of some high-speed rail lines passing through
the Zhengzhou area, leaving many passengers stranded. The
central districts were hit the hardest, with metro stations and
tunnels being submerged, including the Zhengzhou Metro Line
5, where 14 people lost their lives due to the flooding. Bridges
and underpass tunnels were also affected, with the Jing-guang
north expressway tunnel being one of the worst hit locations,
resulting in the loss of six lives. Road surfaces were also reported
to have collapsed, causing further damage. Furthermore, the
flooding had a severe impact on the electricity and water
supply systems. A total of 1194 communities lost electricity,
while 1864 communities lost water during the disaster, caus-
ing widespread disruption and inconvenience to the affected
residents.
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FIGURE 1 | Map of study area.

3.3 | Data
To comprehensively assess the spatiotemporal responses of urban
travel during and after rainfall, five types of data were adopted:

3.3.1 | Aggregated and Anonymized Trip Data

The analysis was conducted using mobile phone cellular sig-
nalling data. To obtain aggregated origin-destination trip data,
individual activity locations were first extracted based on specific
rules. The initial home location was determined by selecting
the geometric centre of the measurements with the longest and
most frequent connections between 21:00 pm and 8:00 am on
multiple days. Similarly, the initial work location (excluding
the home location) was determined by selecting the geometric
centre of the cell with the longest and most frequent connections
between 9:00 am and 5:00 pm on weekdays. Locations with
a dwell time of more than 30 min were considered secondary
activity locations. However, the same activity location may appear
different in coordinates due to oscillations. To address this, if
the activity was interfered with neighbouring cells, the multiple
sets of locations were further weighted by frequency and chosen
as the final location. Moreover, the study area was divided
into small grids to derive the aggregated origin-destination trip
matrix.

The reliability and representativeness of the aggregated trip data
were thoroughly examined. The data covered a period of 21 days
from 12 to 31 July 2021, which included the 7 days before the
disaster event (7.12-7.18), the 7 days during the event (7.19-7.25),

ey
~ Huiji =
District

Zhongyuan
District

3

'rErqi District
District

2100

and the 6 days after the event (7.26-7.31). In the data cleaning
process, trips with travel distances less than 500 meters or travel
times less than 5 min were excluded. The reason for this choice
is based on existing literature related to mobile phone mobile
data cleaning; for example, Wang et al., [44] believe that 5-min
threshold follows the rule used in many household travel surveys
to define what counts for an activity [45] and is also used as an
appropriate threshold for an activity location in activity-based
modelling [46]. Wang et al., [44] also believe that 200 m threshold,
so that a displacement of 200 m in 5 min is equivalent to half the
average walking speed (0.7 m/s). However, there are many modes
to travel within the city, and the 200-meter threshold may be too
low. In this regard, we refer to the research of Alexander et al., [47]
and set the distance threshold to 500 meters. Comparison with
reports on commuting characteristics released by Chinese map
operators Baidu Maps (similar to Google Maps) in 2021 shows that
such a threshold is feasible.

As a result, the average daily numbers of home-based work trips
and home-based other trips were 0.499 million and 1.007 million,
respectively, during the study period, compared to 0.78 million
for non-home-based trips. Furthermore, the descriptive statistics
revealed that the average daily commuting distance during the
study period was close to the 8.9 km reported by Baidu Maps
(similar to Google Maps) in 2021, as illustrated in Figure 2a. Due to
the issues such as strict privacy and legal considerations, limited
mobility and autonomy and data accuracy and reliability, the
groups younger than 14 years old is excluded in the analysis. The
analysis showed a tendency towards individuals aged between
15 and 59 years old, with a male bias compared to the seventh
census in Zhengzhou, as demonstrated in Figure 2b,c. Similar
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07-12 8.7
07-13 8.7
07-14 8.6
07-15 8.6
07-16 8.6
07-17 8.2
07-18 7.9
07-19 8.7
07-20 7.9

g 07-21 6.6

a 07-22 7.5
07-23 8
07-24 7.9
07-25 7.9
07-26 8.4
07-27 85
07-28 85
07-29 85
07-30 85
07-31 8.2

0 2 4 6 8

(a) Average commute distance (km)

FIGURE 2 | Descriptive analysis of aggregated data.

observations were also reported in related studies such as Zhang
and Li [8].

3.3.2 | Point-of-Interest (POI) Data

The study obtained over one million points of interest (POI)
data from Baidu Maps for the study area. Each data point
included information such as coordinates, name, and address.
The POIs were classified into seven distinct categories, including
administrative agencies, companies and enterprises, transporta-
tion facilities, educational institutions, tourist attractions, living
services, and residential areas.

3.3.3 | Road Density

The road network data utilized in this study was obtained from
Open Street Map, which is a collaborative, open-source platform
for mapping data. The data includes valuable information such as
road names, types, and geometric coordinates. The road density
for the geographical grid was calculated by dividing the total
length of all types of roads, including motorways, highways, main
or national roads, secondary or regional roads, and other urban
and rural roads, by its surface area.

3.3.4 | River Density

River network data was also downloaded from Open Street Map.
Similarly, the river density of the grid is calculated as the ratio of
the total length of all rivers to its area.

. 0-14 . 1559 60- BN Unknow

Census

Cell data 13%

(b) Age distributions (%)

BN Male N Female Unknow

Census

Cell data 0.0%

(c) Gender distributions (%)

3.3.5 | Meteorological Data

Hourly precipitation, average visibility, average wind speed,
instantaneous temperature, and ground pressure data were
sourced from the China Meteorological Administration, which is
available online at http://data.cma.cn/en (see in Appendix Table
A2). Additionally, this study assumes that rainfall is uniformly
distributed across the study area. This assumption is based on
verified observations which indicate that the 40-h accumulated
rainfall between 0800 BST on 19 July and 0000 BST on 21 July 2021
was uniformly distributed and exceeded 400 mm in the central
districts of Zhengzhou [48].

4 | Methodology

4.1 | Analytical Framework

This study proposes an analytical framework to characterize
the response of urban travel to rainfall events. The framework
comprises three modules, as illustrated in Figure 3. In the first
module, the study area is divided into grids of size 1000 m x 1000
m, and trip characteristics are calculated for each grid during the
study period. Specifically, time series data on the number of daily
trips (sum of departures and arrivals) are collected before, during,
and after the rainfall event. The k-shape clustering algorithm is
then employed to classify the grids into different clusters based
on their response to the rainfall impact. In the second module,
multinomial logit modelling is used to evaluate the impact of
built environment factors on the variability of response patterns.
Finally, binary logit modelling is utilized to analyse the response
of different trip types to red rainfall warnings, including changes
in the number of trips. The details of the proposed framework are
elaborated in the subsequent sections.
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FIGURE 3 | Analytical framework.

4.2 | Characterizing Aggregated Travel Responses
The K-shape clustering algorithm is a sophisticated technique
that is well-suited for clustering time series data. Compared
with K-means clustering algorithm, the advantage of K-shape
clustering algorithm is to calculate distance by shape (cross-
correlation distance). It considers the scale invariance and
translation invariance of time series, so it can better handle time
series data with different amplitudes and phase differences. In
this study, the K-shape algorithm is used to cluster the travel
response patterns of grids.

In this study, the K-shape algorithm is used to cluster the
travel response patterns of grids. This approach is appropriate
because the algorithm is capable of clustering sequences with
similar patterns based on their shape similarity, while being
robust to differences in magnitude and phase. Additionally, urban
travel responses, measured in terms of trip numbers, exhibit
spatial-temporal perturbations due to heavy rainfall and pluvial
flooding. Moreover, the effectiveness of the K-Shape algorithm
has been demonstrated through experimental evaluation on 48
datasets [18]. This evaluation also indicates that the state-of-
the-art cross-correlation-based similarity measure is competi-
tive, outperforms the Euclidean distance, and achieves similar
results to constrained dynamic time warping, without requiring
complicated tuning, and performing one order of magnitude
faster [18].

The key steps in K-shape clustering consist of shape-based
distance (SBD) measure and time series shape extraction. SBD
is based on cross-correlation, a statistical measure by which
the similarity of two sequences can be determined. In detail,
given two time series ¥ = (X, X5, ..., X)) and ¥ = (1, V2, evr » V)
the cross-correlation similarity between them can be calculated
by Equation (1). Where the length of the similarity sequence
CC,(X,y) is 2m—1, w €{1,2,...,2m — 1}. The elements of
CC,(X,¥) are derived by holding X static, sliding y over X
and calculating the inner product of each shift. To meaningfully
compare the input sequences, cross-correlation similarity is
further normalized as shown in Equation (3), and the SBD is
derived as in Equation (4), taking values from O to 2, a smaller

value of SBD indicating a higher degree of similarity between the
two sequences.

CC, (X%.¥) =Ry (X, 5) €))
m—k
N x+k-y k>0
R, (%.3) = IZ S )

R, (¥.%) k<0
CC, (%,¥)

NCC, (X,¥)= 3)
VR (%.%) R, (5, 5)
SBD (¥,¥) =1 —max (NCC, (X,¥)) )

Time series shape extraction is the second step in k-shape
clustering, by selecting the centroids that reflect the class shape
and characteristics. The simplest way to extract the centroids
of a set of sequences is to calculate the arithmetic mean of
the corresponding coordinates of all the sequences, which is
popular in clustering methods such as k-means. However, such
centroids cannot capture class characteristics effectively [18]. To
avoid such problems, as shown in Equation (5), the extraction of
the centroids is defined as an optimization problem by k-shape,
with the objective of finding the data point that maximizes the
sum of squared similarities to all other time sequences. where
C; represents the jth cluster and y; is the initial centroid of
the jth cluster. The centroids are updated continuously during
the optimization iterations, and the centroids from the previous
iteration are used as a reference to cluster similar time sequences
in the next iteration.

uj =argmax Y, (NCC, (x.4))’ ®)

K X€Cj

The K-Shape clustering algorithm utilizes the SBD distance
measure and shape extraction to achieve clustering through an
iterative refinement process. In each iteration, the algorithm
performs two steps: (i) the assignment step, where the algorithm
updates the cluster memberships by comparing each time series
with all computed centroids and assigns each time series to the
cluster of the closest centroid; (ii) the refinement step, where the
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cluster centroids are updated to reflect the changes in cluster
memberships from the previous step. The algorithm continues
these two steps until there is no change in cluster membership
or the maximum number of iterations is reached. The output of
the algorithm is the assignment of sequences to clusters and the
centroids for each cluster.

This study employs daily trip numbers of grids as input
sequences. Due to the low dimensionality of the input data, k-
shape clustering is directly applied to the raw sequence data,
and the elbow method based on the sum of distances of samples
to their closest cluster centre (inertia) is used to determine the
optimal number of clusters. Specifically, the k-shape clustering
method is run for k values ranging from 1 to 10, and the
inertia is calculated for each k value. To address inconsistencies
resulting from random initialization of the input sequences into
defined clusters, the k-shape algorithm is executed 100 times with
different centroid seeds for each k value selected in this study. This
is done by randomly selecting k observations (rows) from the data
as initial centroids at each execution and setting the maximum
number of iterations to 1000. The final result is the best output
from the consecutive runs in terms of inertia.

To address the aspect of determining the optimal number of
clusters, we integrated the elbow method into our analysis, which
is a technique commonly employed in various clustering algo-
rithms, including k-shape. The elbow method involves plotting
the within-cluster sum of squares (WCSS) or inertia values against
the number of clusters. This graphical representation allows us
to discern a point in the plot where the rate of decrease in WCSS
begins to decelerate, forming an apparent “elbow” in the graph.
This pivotal point signifies the optimal number of clusters for
the given dataset. By employing the elbow method, we effectively
strike a balance between the peril of having too few clusters,
which might oversimplify the data, and the risk of having too
many clusters, which might lead to excessive fragmentation.

4.3 | Analysing Variation of Travel Responses

The analytical framework developed in this study utilizes multi-
nomial logistic regression, a widely used statistical approach
in transportation studies, to examine the relationship between
built environment characteristics and travel perturbations. In the
model, the environmental characteristics of the grid are described
by numerical variables, including the number of various types
of POI (as introduced in Section 3.3), road network density,
and river density, which are treated as independent variables,
while clustering classes regarding travel responses are treated as
dependent variables. This results in a total of nine independent
variables in the model. The log-odds of a given clustering class
are represented by the linear combination of these independent
variables, from which key factors affecting travel perturbation
and recovery can be quantified. The subsequent sections present
detailed modelling results and discussion.

4.4 | Assessing Trip Responses to Rainfall
Warnings

Logistic regression is utilized to evaluate the response of various
trip types to red rainfall warnings. This is achieved by conducting

a case study of changes in the number of trips in Zhengzhou
on 20 July, during which 6 red warnings were issued based on
rainfall trends. The study area’s normal weekday trip frequency
is recorded, and hourly frequency intervals are formed, including
the maximum and minimum number of trips. If the number of
trips in a given hour on 20 July falls below the lower limit of the
corresponding interval, the hour is labelled as “decreased,” and
conversely, as “not decreased.” Logistic regression modelling is
conducted with the class labelled “not decreased” as the reference
class, enabling analysis of the red rainfall warning’s significant
impact on changes in different trip types.

The modelling process considers both built environment and
meteorological factors, including hourly rainfall, wind speed, and
warning times, as independent variables, while hourly labels
serve as dependent variables. The modelling is conducted at
the grid level, with the number of warnings issued in each
hour corresponding to the warning times. The analysis results
are crucial in informing emergency decisions for comparable
disaster scenarios in the future. For instance, based on the results,
emergency personnel and supplies should be prioritized for areas
that are less sensitive to warnings.

5 | Results
5.1 | Aggregated Responses of Urban Travel

Drawing upon the clustering process discussed in Section 4.2,
we analysed the aggregated travel responses in the study area.
The relationship between the number of clusters and the inertia
values is presented in Figure Al in the Appendix. As the
number of clusters (k) increases, the subdivision of the sample
dataset becomes progressively finer, leading to a heightened level
of granularity in each cluster’s composition. This refinement
naturally results in a reduction in the sum of distances between
individual samples and their respective cluster centres, a metric
commonly referred to as inertia. Notably, an observable trend
emerges: when k is less than 4, the increase in k corresponds
to a more substantial reduction in inertia, primarily attributable
to the enhanced cohesion of cluster constituents. Conversely,
when k exceeds 4, the diminishing rate of Inertia reduction
becomes increasingly pronounced with rising k. In light of this
analysis, we opted to conduct our clustering with k set at 4,
a decision substantiated by the subsequent findings presented
in Figure 4. Employing the k-shape based clustering algorithm
with k equal to 4, we unveil a clear delineation of four distinct
groups, each epitomizing comparable patterns of travel response
and recovery at the granularity of geographic grid units. This clus-
tering arrangement effectively captures the temporal dynamics of
three essential phases in disaster response: pre-event equilibrium,
event-induced impact, and the subsequent recovery, as vividly
illustrated in the results. Qualitative analysis reveals that trips on
weekends (July 17-18) in cluster 1 are greater than weekdays (July
12-15) in the normal period, and the number of trips is relatively
small. However, trips in clusters 2-4 are higher on weekdays than
weekends. During the period of concentrated rainfall (July 19—
20), the decrease in trips is noticeable across all clusters. It is
worth noting that the upward trend observed in Cluster 3 during
the disaster was influenced by the government’s mandatory
evacuation order, given the overlap of the spatial distribution
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FIGURE 4 | Clustering results.

of Cluster 3 with the evacuation locations (available at: http://
www.gov.cn/fuwu/2021-07/21/content_5626346.htm). Moreover,
the recovered trips from the 22nd are perturbed by the light
rainfall from July 23 to 24, and the gradual recovery process begins
on the 25th.

Building upon the results of the clustering analysis, we further
categorized the types of travel responses in terms of resilience.
Resilience can generally be defined as the ability of a system
to withstand the effects of a disruptive shock and recover to its
initial state [49, 50]. Therefore, urban travel resilience can be
described as the ability of individuals to withstand the impact
of public crises and maintain normal mobility behaviour [40,
51]. Following this definition, a grid is considered to have high
travel resilience if it experiences less of a decline in the number
of trips and recovers quickly under the influence of extreme
precipitation. Specifically, using weekdays as the reference, we
found that Cluster 1 experienced a 38.6% decrease in average trips
during the disaster (July 19-23) and a 62.1% recovery after the
disaster (July 26-30), compared to the pre-disaster period (July
12-16). Similarly, Cluster 2 had a 23.3% decrease in average trips
during the disaster and an 89.4% recovery after the disaster, while
Cluster 3 showed a statistical result of a —17.4% decline and an
86.5% recovery. As previously mentioned, the 17.4% increase in
Cluster 3 resulted from government evacuation orders. Cluster 4
had a similar centroid curve to Cluster 2 but experienced a greater
decline and slower recovery in average trips, with a 32.6% decrease
and a 77.8% recovery, respectively. Finally, we defined the grids in
each cluster as follows:

* Low travel resilience (cluster 1, including 72 grids);
* High travel resilience (cluster 2, including 564 grids);
* Medium travel resilience (cluster 3, including 195 grids);

* Moderate travel resilience (cluster 4, including 308 grids).

In addition to temporal heterogeneity, travel response also
exhibits spatial heterogeneity, as shown in Figure 5, which
displays the spatial distribution of clusters. It is evident that

the grids in cluster 1 are primarily located in suburban tourist
attractions, such as parks near rivers, while cluster 3 is also
mostly situated in suburban areas. The grids in cluster 2 and
cluster 4 are distributed from the city centre to the suburbs, and
their spatial distribution is similar. Appendix Table Al highlights
that the average number of POIs in both cluster 2 and cluster 4
is higher than that in cluster 1 and cluster 3. Additionally, the
average amounts in cluster 4 are higher than those in cluster
2. Furthermore, the grids in cluster 4 have an average road
network density of 7.98, which is higher than that of the other
clusters. It is somewhat counterintuitive that grids with high
numbers of transit facilities and roadway density, on average, lead
to moderate travel resilience. To avoid analytical bias caused by
arithmetic averaging, the next section presents an analysis of the
factors influencing travel resilience at the grid level.

5.2 | Potential Impact Factors in the Variation of
Travel Responses

After considering variables related to the built environment
characteristics, we conducted an analysis of potential factors that
may impact travel responses or travel resilience, and the results
are presented in Table 1. As the grids in cluster 1 primarily
consist of suburban recreational sites, such as green areas and
parks, and are limited in number, they were not included in this
study. Overall, our analysis suggests that road network density
is a crucial factor in promoting travel resilience against extreme
precipitation events, while river density has a negative impact
on travel resilience. Additionally, areas with higher numbers of
administrative institutions, amenities, and residential facilities
appear to have relatively high travel resilience. In contrast, the
number of transportation ancillary facilities, such as bus/metro
stops, parking lots, and community entrances/exits, did not have
a significant effect on travel resilience.

Our analysis reveals that several variables are significant, includ-
ing road density, water density, numbers of administrative
agencies, educational institutions, tourist attractions, living ser-
vices, and residential facilities in the grids, when taking cluster
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FIGURE 5 | Spatial distribution of identified clusters.
TABLE 1 | Logistic regression analysis results for travel responses.
Cluster 3 Cluster 4
Coef P> |z| Coef P> |z|

Administrative agencies —0.028 0.091* —0.006 0.331
Companies and enterprises 0.002 0.273 —0.004 0.001**
Transportation facilities 0.001 0.958 0.009 0.000**
Educational institutions 0.033 0.002** 0.008 0.033**
Tourist attractions —0.205 0.007** 0.076 0.020**
Living services —0.005 0.000** —0.001 0.824
Residential facilities —0.142 0.000** —0.008 0.321
Road density —0.043 0.003** —0.024 0.047**
River density 0.016 0.004** 0.002 0.825
Const 0.746 0.585 0.013 0.007

Note: Number of observations = 1139; reference class = cluster 2; pseudo R-squared = 0.1042. P < 0.05**; p < 0.1*.

2 as the reference class. Specifically, for cluster 3, a negative
coefficient indicates that an increase in the variable will decrease
the probability of it being selected relative to cluster 2, while a
positive coefficient indicates the opposite. For instance, a one-
unit increase in road network density in the grid of cluster 3
would reduce the multinomial log-odds for cluster 3 relative to
cluster 2 by 0.043 units while keeping all other variables constant,
indicating the critical role of road network density in promoting
travel resilience. These findings align with previous studies by
He et al. [52] and Kasmalkar et al. [53], which demonstrate that
higher road density can improve overall network resilience and
significantly reduce the risk of mobility disruptions, such as trip
failures. Furthermore, our analysis indicates that river density has
a negative impact on travel resilience, as indicated by the positive
coefficient of 0.016. This may be due to the fact that rivers serve
as outlets for urban drainage, and extreme rainfall events can
cause river overflow, leading to a capacity degradation of nearby
transportation facilities.

Likewise, our analysis shows that in cluster 3, the negative
coefficients for the number of administrative agencies, living
services, and residential facilities suggest that areas with a higher
concentration of these facilities tend to have greater resilience to
extreme rainfall events relative to cluster 2 (i.e. high resilience).
This trend can also be observed in cluster 4, although the
coefficient is not statistically significant. Notably, the positive
coefficients for the number of educational institutions in clusters
3 and 4 suggest that grids with a larger number of educational
facilities have relatively lower travel resilience. This may be
due to delayed school openings for safety reasons or restricted
access to universities due to rainfall and flooding. Additionally,
our modelling results indicate that the number of bus/metro
stops and parking lots in the grid do not significantly contribute
to travel resilience, which is unsurprising given that travel is
dependent on the mode of transportation rather than ancillary
facilities. The role of road network density in enhancing travel
resilience is further supported by our findings in cluster 4
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FIGURE 6 | Change in number of hourly trips (each vertical pink shaded area represents a red rainstorm warning, and a total of 6 red rainstorm

warning signals were issued on July 20).

when compared to the reference class. Moreover, although the
coefficient is not statistically significant, the positive coefficient
for river density in cluster 4 validates its negative impact on urban
travel.

5.3 | Responses of Trip Types to Rainfall Warnings

To examine the impact of red rainfall warnings on different trip
types, we first determined whether the hourly trips on the 20th
were below the normal hourly frequency intervals. The frequency
intervals were established by using ten weekdays from the 2 weeks
prior to the 20th as the reference normal period. Figure 6 displays
the changes in the number of trips for different trip types on the
20th day compared to the reference days. Our analysis reveals that
home-based work trips (HBW) or non-mandatory trips appear to
be less affected by red rainfall warnings. Specifically, for HBW
trips, a significant decrease in the number of trips is observed
during the fifth warning period (16:00-17:00), which coincides
with the maximum hourly rainfall. In contrast, for home-based
other trips (HBO) and non-home-based trips (NHB), a significant
reduction in the number of trips is observed after the issuance of
the first warning. This could suggest that both the issuance of the
warning and the volume of rainfall can influence these types of
trips, unlike HBW trips where the volume of rainfall may have a
greater impact than the warning.

To investigate the responses of different travel types, we exam-
ined the mediating effects of built environment characteristics,
hazard characteristics, and government warnings. In this section,
we focused on built environment characteristics, such as the
amount of POI types and road network density, as well as
hazard characteristics, including the amount of rainfall per
hour on the 20th. These factors were analysed using the same
methodology as described in Section 4.4, and the modelling
results are summarized in Table 2. Our findings indicate that
for all trip types, areas with a high number of POI types,

including administrative agencies, companies and enterprises,
transportation facilities, educational institutions, and residential
facilities, are more likely to experience a decrease in the number
of trips. This is evidenced by the positive modelling coefficients
relative to the reference class of “not decreased”. Additionally,
road density also shows a mediating effect on the reduction in
the number of trips. This aligns with the empirical observa-
tion that areas with high POI amounts tend to have relatively
high road network densities, which contribute to impervious
surfaces and hinder water infiltration, ultimately leading to
increased road surface runoff during extreme rainfall conditions
[54-56].

Furthermore, our modelling results indicate that HBW trips are
less affected by rainfall warnings compared to HBO and NHB
trips. Specifically, the impact of the number of warnings per
hour on the decline of HBW trips is not significant at the 95%
confidence level, which differs from the case of HBO and NHB
trips. These findings are consistent with previous studies, such
as Cools and Creemers, [57], which analysed the role of weather
forecasts or warnings on changes in activity-travel behaviour
based on questionnaires. The study revealed that travellers do
adjust their activity-travel patterns, particularly for trips with
non-mandatory purposes (e.g. shopping and leisure), which are
more flexible than commuting in responding to changes in
weather conditions [58].

6 | Discussions

In recent years, there has been a noticeable increase in the
frequency and intensity of EWEs across the globe [40]. This
trend is expected to continue and intensify in the future [40,
59], posing significant challenges for urban travel. EWEs such
as heavy rainfall can lead to a reduction in transportation
supply capacity and a change in activity-travel behaviour, making
emergency management more complex for policymakers due
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TABLE 2 | Logistic regression analysis results for warning responses.

Non-Home-based

Home-based work Home-based other other

Coef P> |z Coef P> |z Coef P> |z
Administrative agencies 0.003 0.131 0.005 0.003** 0.004 0.015%*
Companies and enterprises 0.002 0.000** 0.001 0.000** 0.001 0.001**
Transportation facilities 0.002 0.016** 0.004 0.000** 0.003 0.000**
Educational institutions 0.005 0.000** 0.002 0.073* 0.004 0.000**
Tourist attractions —0.006 0.454 0.007 0.114 —0.002 0.698
Living services —0.005 0.078 —-0.001 0.541 0.001 0.000**
Residential facilities 0.001 0.784 0.003 0.147 0.001 0.689
Road density 0.065 0.000** 0.048 0.000** 0.052 0.000**
River density —0.019 0.000%** —0.021 0.000** —0.019 0.000**
Hourly warning 0.069 0.097* 0.281 0.000** 0.283 0.000**
Hourly wind —-0.092 0.000** 0.109 0.000** 0.159 0.000**
Hourly precipitations 0.019 0.000** 0.004 0.000** 0.005 0.000**
Const —1.684 0.000** —2.426 0.000** —2.762 0.000**

Note: Number of observations = 27,336, derived by 1139 grids x 24 h; Reference class = “ not decreased ”; Pseudo R-squared = 0.119, 0.124, 0.195. P < 0.05**; p < 0.1*.

to their high uncertainty and destructiveness. The importance
of understanding urban travel responses under the impact of
EWESs cannot be overstated, as it plays a critical role in disaster
mitigation and preparedness [2, 4]. Recent research leveraging
diverse forms of human trajectory data, encompassing cellphone
records, GPS vehicle and pedestrian trajectories, and online
social media check-ins, has made substantial strides in advanc-
ing our comprehension of prevailing human mobility patterns
within urban contexts. This research endeavour has yielded a
repository of objective, generalizable, and scalable metrics for
gauging resilience to various hazards and their ramifications,
thoughtfully considering the intricate spatiotemporal dynamics
intrinsic to localized responses to and recovery from these
hazards. Exemplifying this progress, studies conducted by Hong
et al. (2020) and Zhang et al. [40] undertook an insightful
examination of mobility patterns amidst disaster events, such
as Hurricane Harvey in Houston and extreme weather occur-
rences in Nanjing, respectively. Notably, these investigations
construed the concept of community resilience by scrutinizing
alterations in mobility behaviour preceding, coinciding with, and
subsequent to disasters, facilitating a quantitative assessment
of both the magnitude of impact and the temporal aspects of
recovery. Furthermore, the study undertaken by Chen et al.
[1] delved into the repercussions of extreme weather events on
disruptions in urban pedestrian flow, with particular emphasis
on the context of Typhoon Mangkhut’s impact in Shenzhen,
China. The findings stemming from this research unveiled the
relative robustness of indispensable urban functions, such as
work-related and education-related travel, in the face of such
disruptions. In summation, these studies culminate in the extrac-
tion of invaluable insights from location-based data, unravelling
the facets characterizing the collapse of mobility, thus proffering
essential guidance to urban planners and policymakers in their
pursuit of fortifying urban disaster resilience. It is important to
underscore that this research is notably complementary to the

existing literature, as it addresses the unique context of heavy
rainfall scenarios.

This study examines the impact of extreme rainfall on urban
travel through the analysis of cell phone signalling-based mobility
big data. The findings are consistent with above studies. The
analysis identifies four distinct groups of travel responses based
on clustering algorithm k-shape, representing similar patterns
of disaster response and recovery at the grid level. The descrip-
tive analysis of the built environment characteristics of the
clusters reveals spatial heterogeneity, which leads to temporal
heterogeneity of responses. Furthermore, the study shows that
built environment factors affect travel resilience. For example,
areas with higher numbers of administrative institutions, living
facilities, and residential facilities appear to have higher travel
resilience. Similarly, studies by Podesta et al. [60] show that
areas with large numbers of POIs, such as administrative agen-
cies, building materials and supplies dealers, and grocery and
merchandise stores, have higher flood resilience. One possible
reason is that food, supplies, and restoration activities related
trips to meet core basic and safety needs contribute to recovery.
Of particular concern, the study also reveals that road network
density has a dual impact on community travel resilience. On
the one hand, road network density positively affects travel
resilience in the long term from pre-disaster to recovery. On the
other hand, hourly-based analysis shows that areas with high
road network density have a faster decline in all types of trips
during the initial stages of the disaster. Previous studies also
suggest similar findings, such as higher road network density
reducing the likelihood of flooding and acting as a disincentive
for flooding [61]. However, some studies suggest that flooding
increases with road network density, as roads may affect the
amount of infiltrated water [62]. The divergence of the findings
may be dependent on the time scale of the analysis. Specifically,
the hourly analysis in Section 5.3 is based on the day of the disaster
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(July 20th), which recorded the highest hourly rainfall. While the
analysis in Section 5.2 is based on the time period affected by the
rainfall spanning from the 19th to the 25th. That is, areas with
higher road network density are more vulnerable at the onset of
the disaster. However, taking a long-term perspective, higher road
network density contributes to faster recovery and more robust
travel resilience.

The analysis of weather forecasts or warnings on trip changes
provides important insights into travel responses during extreme
weather events. The study reveals that home-based work (HBW)
trips are less sensitive to rainfall warnings compared to home-
based other (HBO) and non-home-based (NHB) trips. Such
findings have significant implications for disaster mitigation
and preparedness. For example, emergency resources such as
pumpers and emergency staffing should be prioritized in areas
and corridors where HBW trips are more intensive. Additionally,
as an important tool for government and public agencies to
interfere with the avoidance behaviour of individuals [2, 57], six
red rainfall warnings were issued on the day of the disaster (20th)
in Zhengzhou. However, the results of the case study and the
disaster losses already reported in the news, including drownings
on Metro Line 5 and the Jing-guang Expressway after the 5th
warning, may reveal the inadequate effectiveness of the warning
dissemination. Specifically, the six red warnings were issued with
the expression “Rainfall amounts could exceed 100 mm in the
coming 3 h ”, and there was no difference in the expression of
the 5th warning issued at 16:00 on the 20th when the extreme
1-h rainstorm peak of over 200 mm was about to land. This
may make it difficult for the public to feel the urgency and
seriousness of the approaching risk, but may be negligent because
no serious consequences were found after the first 4 warnings.
Since personal risk perception and self-efficacy are key factors in
flood warning response [63, 64].

Previous studies have shown that the effectiveness of warnings
during disasters depends not only on the disaster types and sever-
ity but also on the content, format, and dissemination channels
of the warnings [57, 65, 66]. For example, the combination of
affective language style and images can increase the effectiveness
of warnings [65, 67, 68]. Moreover, the incorporation of impact-
based warnings and behavioural recommendations into warning
messages has shown advantages [69-72]. The study highlights the
need for a more detailed and comprehensive approach to warning
dissemination to ensure that the public is adequately informed
of the risks and takes appropriate measures to mitigate the
impact of extreme weather events. In the case of the Zhengzhou
floods, more detailed analysis based on the information of the
precursors of the approaching heavy rainfall could have resulted
in more effective warnings. For instance, the warnings issued
could have included the accumulated rainfall in the early period
or potentially affected roads. The findings of this study provide
practical policies and recommendations for government agencies
and road users.

For government agencies:
1. Prioritize emergency resources in areas with intensive home-

based work (HBW) trips during extreme weather events to
ensure rapid disaster response.

2. Improve the effectiveness of warning dissemination by con-
sidering not only the severity of the disaster but also the
content, format, and channels used for warnings. Utilize
affective language style, images, and impact-based warnings
to enhance public awareness and response.

3. Conduct more detailed and comprehensive analyses of
impending extreme weather events, including precursor
information like accumulated rainfall and potentially
affected roads, to issue more effective warnings.

For road users:

1. Pay special attention to red rainfall warnings, especially when
they indicate severe rainfall amounts or abrupt changes in
weather conditions.

2. Take personal risk perception and self-efficacy into account
when responding to flood warnings. Understand that the
lack of serious consequences after initial warnings does not
necessarily indicate reduced risk.

3. Stay informed about disaster-related warnings through mul-
tiple channels and sources to ensure timely and accurate
information. Follow recommended behavioural guidelines
in response to warnings to enhance personal safety during
extreme weather events.

7 | Conclusions

This paper presents a comprehensive case study aimed at
assisting urban policy makers in understanding the aggregated
responses of urban travel under the impact of extreme rainfall
and its associated hazards. To achieve this, cell phone signalling-
based mobility big data was collected during the perturbations
and used as the basis for analysis. Furthermore, a shape-based
time series clustering algorithm and sophisticated discrete choice
modelling techniques were employed to analyse the data, with
the 2021 Zhengzhou floods serving as a case study. Specifically,
the study utilized grid aggregated trips as input and identified
four distinct groups that demonstrate similar response and
recovery patterns using the k-shape clustering algorithm. The
heterogeneity observed within these groups could be attributed
to built environment factors such as road network density.
Furthermore, the study analysed the response of different trip
types to red rainfall warnings, with the day of the disaster serving
as a case study. Overall, this study provides valuable insights
into the aggregated responses of urban travel during extreme
rainfall events and can assist policy makers in developing effective
strategies to mitigate the impact of such hazards.

The research methodology employed in this study offers valuable
insights into urban travel responses during extreme rainfall
events, shedding light on vulnerability and resilience in urban
areas. However, it is essential to acknowledge several limitations:
(1) data constraints and explanatory factors: the study primarily
focuses on built environment factors due to data constraints.
This limitation may lead to an incomplete understanding of
the spatial-temporal heterogeneity of travel responses. Future
research should consider incorporating additional variables
such as historical waterlogging frequency, economic level, and
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community-related factors to provide a more comprehensive
and robust analysis. (2) Evacuation orders and cluster 3: The
study mentions obtaining evacuation orders from government
websites and social media during the disaster. However, it is
challenging to differentiate whether the increased trips in cluster
3 were due to community recovery or the activities of emergency
response teams, which also involve a significant number of trips.
This ambiguity can impact the accuracy of the findings and the
interpretation of results. (3) Post-flood recovery process: While
the study observes an increase in trips during the post-flood
recovery process, it lacks a comprehensive explanation of how the
area returned to normalcy. The absence of follow-up data limits
the ability to analyse the process and characteristics of recovery
fully. Future research should address this by incorporating follow-
up data and providing a more detailed account of the recovery
phase. In summary, while the research methodology has yielded
significant findings, these limitations should be considered when
interpreting the results and planning future studies. Addressing
these limitations will enhance the robustness and applicability
of the research for urban policy makers and emergency response
planning.

Itis important to acknowledge that our study has there are several
promising avenues for future work to expand and improve our
understanding of urban travel responses and disaster mitigation.
(1) Multi-dimensional factors: future research can broaden the
scope of explanatory factors influencing travel responses. In
addition to built environment factors, as mentioned in the
study, researchers can explore the influence of historical weather
events, economic indicators, and community-related factors on
urban travel responses. This will result in a more comprehensive
analysis, considering a wider range of variables that impact
resilience and vulnerability. (2) Real-time data and activity dif-
ferentiation: To enhance the accuracy of cluster analysis and
response attribution, incorporating real-time data sources and
advanced machine learning techniques could be considered.
This can help differentiate between community recovery and
the activities of emergency response teams, ensuring that the
increase in trips within specific clusters is correctly attributed.
(3) Post-disaster recovery process: To gain a more holistic under-
standing of the post-disaster recovery process, future studies
should focus on collecting follow-up data and conducting a
detailed analysis of how areas return to normalcy. This can
involve monitoring travel patterns, infrastructure restoration, and
community rehabilitation, providing valuable insights for long-
term resilience planning. (4) Comparative Studies: Comparative
studies involving multiple cities or regions that have experienced
extreme weather events can provide a broader perspective on
the impact of built environment factors and emergency response
strategies. Analysing similarities and differences across various
urban contexts can lead to more generalizable findings and help
identify best practices. (5) Communication strategies: Building
on the study’s findings on the sensitivity of different trip types
to rainfall warnings, future research can delve deeper into the
effectiveness of communication strategies during extreme events.
This may involve experimenting with different warning formats,
channels, and content to optimize public response and decision-
making. In summary, there are several exciting avenues for future
work in the field of urban travel responses to extreme weather
events. By expanding the scope of variables, leveraging real-
time data, and conducting comparative studies, researchers can

contribute to more effective disaster mitigation strategies and
long-term urban resilience planning.
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Endnotes

! The red rainfall warning is the warning signal issued by the meteorolog-
ical department before the arrival of the rainstorm, reminding people to
avoid rainstorm. Red rainfall warning means the precipitation will reach
over 100 millimeters within 3 h, which is the fourth and most serious
level of rainstorm warning signal.
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TABLE Al | Average number of POIs in clusters.

Cluster 1 Cluster 2 Cluster 3 Cluster 4
Administrative agencies 0.29 9.63 1.89 11.96
Companies and enterprises 1.44 51.72 9.44 55.16
Transportation facilities 2.01 35.01 5.45 44.71
Educational institutions 0.48 11.79 2.58 15.04
Tourist attractions 0.53 0.78 0.32 1.45
Living services 4.42 180.99 20.96 2234
Residential facilities 0.26 8.85 1.28 10.7
Road density 2.45 7.78 4.82 7.98
River density 18.36 5.22 7.85 5.59
\ TABLE A2 | Hourly based meteorological data on 20 July 2021.
0.30 ! —— Inertia
i Hourly Hourly pre- Hourly
) 0.25 i warning cipitations wind
_§' 020 i 00:00-01:00 0 3.4 7.6
£ 015 i 01:00-02:00 0 41 8.0
2 o010 i 02:00-03:00 0 25 5.9
i
0.05 H 03:00-04:00 0 1.3 4.6
0.00 ! 04:00-05:00 0 8.1 3.1
2 3 4 5 6 7 8 9 10 05:00-06:00 0 1.3 5.5
Number of clusters 06:00-07:00 1 207 63
FIGURE Al | Inertia curve. 07:00-08:00 0 6.8 5.7
08:00-09:00 0 6.6 7.0
09:00-10:00 1 10.2 9.1
10:00-11:00 0 11.9 7.2
11:00-12:00 0 18.2 8.7
12:00-13:00 1 7.0 7.3
13:00-14:00 1 13.6 6.4
14:00-15:00 0 30.6 6.2
15:00-16:00 0 12.3 8.2
16:00-17:00 1 60.6 14.4
17:00-18:00 0 201.9 12.8
18:00-19:00 0 48.3 10.3
19:00-20:00 0 28.7 6.6
20:00-21:00 0 22.5 5.6
21:00-22:00 1 27.7 3.4
22:00-23:00 0 25.0 5.6
23:00-00:00 0 21.9 4.5

Note: the wind speed is measured in kilometers per hour (km/h), precipitation
is measured in millimeters per hour (mm/h). The data is also available on the
Wikipedia page with the title “ 2021 Henan floods”.
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