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ABSTRACT

Hurricane lan in 2022 was a destructive category 4 Atlantic hurricane striking the state of Florida,
which caused hundreds of deaths and injuries, catastrophic property damage, and an economic loss
of more than $112 billion. Before the landfall of lan in Florida, the state government issued evacuation
orders in high-risk zones to reduce casualties and injuries. However, there is limited data available to
monitor the actual evacuation patterns and compliance with the evacuation orders at a large
geographic scale. This study utilizes human mobility data (i.e. SafeGraph Weekly Pattern) to analyse
the spatial patterns of evacuation during Hurricane lan in 2022. The objectives of the study include
three key aspects: 1) proposing an analytical workflow that utilizes human mobility data to detect
mobility patterns in disasters and other emergency events; 2) identifying significant evacuation
patterns, and 3) revealing the spatial variations in the compliance with evacuation orders in the
affected areas. Using data science and spatial analysis techniques, this study detected notable
changes in population movements, both within Florida and nationwide, which are potentially linked
to the hurricane-induced population evacuation. The distance decay pattern of population flows
from Florida demonstrates a propensity for individuals to relocate to nearby areas during the
hurricane. Furthermore, the increase in population outflows from the impacted areas suggests the
effectiveness of mandatory evacuation orders. A more pronounced increase in outflows from
designated mandatory evacuation areas points to the public awareness of the evacuation zone
designation. This study provides large-scale, fine-resolution analysis of evacuation behaviours in
natural disasters which cannot be easily detected in traditional data sources. The analytical workflows
provide actionable tools for government agencies and policymakers to evaluate the effectiveness of
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evacuation orders and improve evacuation plans in future disasters.

1. Introduction

Hurricanes are among the most devastating natural dis-
asters, with catastrophic effects on people’s lives and
economies. Over the past twenty years, several hurricanes
have struck and inflicted severe damage across the United
States. In 2005, Hurricane Katrina struck the central Gulf
Coast in the United States, resulting in nearly 1700 fatal-
ities and over $100 billion in economic losses (Beven et al.
2008; Knabb, Rhome, and Brown 2005). The 2017 hurri-
cane season experienced the ‘terrible trio’ of Hurricanes
Harvey, Irma, and Maria, making it the costliest season
since 1851 in the United States, with economic losses
reaching nearly $370 million (Halverson 2018). Research
indicates that the frequency of the most intense storms
will possibly increase in the future (Knutson et al. 2010).
Under the threat of natural hazards and climate
change, Florida is often referred to as the most vulnerable
state in the United States. Florida hosts the 3™ largest
population and 4™ largest economy in the country, with

the majority concentrated along its coastal regions
(NOAA 2022). Meanwhile, Florida has been a popular
migration destination, attracting more immigrants than
any other state between 2010 and 2021 (U.S. Census
Bureau 2023a). Due to the long coastline stretching
from the Atlantic Ocean to the Gulf of Mexico, Florida is
particularly at risk of an increased frequency of hurricanes
and their potentially catastrophic consequences (Elsner,
Niu, and Jagger 2004). From 1851 to 2022, a total of 124
hurricanes made landfall in Florida, accounting for 40% of
all hurricanes landed in the country (NOAA 2005, 2023a).
The growth of population and economy in the coastal
areas is anticipated to exacerbate damages caused by
hurricanes (Klotzbach et al. 2018). In September 2022,
Hurricane lan stands out as the most recent catastrophic
category 4 hurricane that struck Florida, causing over 150
deaths and inflicting damages exceeding $112 billion
(Smith 2024). Hurricane lan ranks as the third-costliest
weather event on record and is the deadliest hurricane
that hit Florida since 1935 (NOAA 2023b).
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The advances in hurricane monitoring and prediction
enable the preparation and issuance of hurricane warn-
ings several days in advance. The prediction of hurricane
tracks aids governments in devising regional evacuation
strategies based on hurricane levels and anticipated
impacts before the hurricane makes landfall. Research
has demonstrated that an efficient and timely evacua-
tion system is crucial for safeguarding human lives and
protecting properties (Baker 1979, 1991). While the gov-
ernment may issue evacuation orders, the ultimate deci-
sions lie with the affected residents themselves. The
evacuation decision is a complex and dynamic process
that depends on a variety of interrelated factors, includ-
ing individuals’ perceptions of the hurricane risk, prior
hurricane experiences, access to information, and the
available resources and capabilities for evacuation
(Karaye et al. 2022; Lazo et al. 2015; Roy and Hasan
2021; Tanim et al. 2022; Whitehead et al. 2000).
Regardless of the reasons, the residents who refuse or
are unable to evacuate not only put themselves in life-
threatening situations but also create challenges for
emergency response and rescue efforts (Roy and Hasan
2021). On the other hand, evacuation is a challenging
task due to the complexities associated with moving
a large population over long distances within a limited
timeframe. Given the peninsular geography of Florida,
the majority of evacuees needed to travel northward
along limited evacuation routes, which require govern-
mental authorities and policymakers to meticulously,
precisely, and timely define evacuation areas and routes
(Zhu, Hu, and Collins 2020). A spatial analysis of evacua-
tion patterns can provide actionable information for
decision-makers to create efficient transportation plan-
ning and traffic management to coordinate evacuation
flows (Hong and Frias-Martinez 2020; Lambert et al.
2013). The detection of popular evacuation destinations
can facilitate humanitarian relief operations to accom-
modate the displaced population (Lu, Bengtsson, and
Holme 2012). In addition, understanding the social and
geographic disparities of evacuation order compliance
allows emergency responders to prioritize policies and
actions to support communities facing challenges in
evacuation (Apte 2010).

In previous research, surveys and interviews are com-
mon methods to study evacuation behaviours during
hurricanes (Esteban et al. 2015; Pan 2020). Using these
methods, information about evacuation decisions, trans-
portation mode, evacuation time, destination, and indi-
viduals’ socio-economic conditions can be collected to
assess the disparities in evacuation behaviours, routes,
and destinations (J. E. Kang, Lindell, and Prater 2007;
Martin, Cutter, and Li 2020). However, due to low
response rates (Biemer and Lyberg 2003), data sample

bias (Lusk et al. 2007), and the time-consuming process
(Baker 2009), the traditional methods are insufficient to
provide timely and large-scale data about human mobi-
lity patterns in disasters, thus hindering the decision-
making for emergency response and disaster relief
(Collins et al. 2018; Lin et al. 2023). With the recent
advancement of data acquisition and modelling tech-
nologies, diverse mobility datasets have emerged, offer-
ing novel solutions for monitoring human dynamics in
various contexts. During COVID-19, a variety of human
mobility datasets (Aktay et al. 2020; Kuchler, Russel, and
Stroebel 2020; Warren and Skillman 2020) were utilized
to aid the battle against the pandemic. As one of the
most widely used mobility datasets, SafeGraph provides
hourly visitations to 51 million POIs within the U.S,
enabling detailed monitoring of human mobility at fine
spatio-temporal resolutions (Chang et al. 2021; Her et al.
2022; Y. Kang et al. 2020). Despite the successful applica-
tions in the COVID-19 pandemic, the potential of these
human mobility data in the disaster research field, parti-
cularly in monitoring evacuation patterns, remains lar-
gely unexplored.

Therefore, this study utilizes the SafeGraph Weekly
Pattern dataset to investigate the spatial patterns of
evacuation during Hurricane lan in 2022. Specifically,
this study aims to address the following research ques-
tions: (1) How do population flows change across differ-
ent hurricane phases? (2) Which evacuation routes and
destinations are predominantly selected during
Hurricane lan? (3) Does the compliance with the evacua-
tion orders vary in geographic space? To answer these
questions, this study proposes an analytical workflow
that leverages the SafeGraph Weekly Pattern dataset to
detect evacuation patterns and analyse evacuation com-
pliance in Hurricane lan. The analysis results can help us
gain insights into the socio-economic disparities in dis-
aster preparedness, response, and community resilience.
The analytical methods developed in this research are
actionable tools that can provide support for evidence-
based decision-making in various disaster scenarios.

2, Related work
2.1. Traditional approaches

In previous research, researchers often used surveys and
interviews to gather data related to the evacuation deci-
sion-making of residents at disaster risk. Surveys often
use a structured, predetermined set of questions to
collect quantitative data that is suitable for rigorous
statistical analyses (Harris and Brown 2010). Adeola
(2009) employed paper-and-pencil surveys to explore
the relationship between the duration of residency as



well as prior experiences and evacuation in Hurricane
Katrina. The results indicate that the duration of resi-
dency is positively affected by evacuation, while prior
experiences are negatively associated with evacuation.
Brown et al. (2016) discussed factors that may have
influenced evacuation behaviour and evacuation times
in Hurricane Sandy based on in-person surveys. Morss
et al. (2016) used web-survey method to explore how
different types of forecasting and warning information
affect evacuation decisions in a hypothetical hurricane
scenario. In addition, other types of surveys, including
mail surveys (Brackenridge et al. 2012; Lindell Michael,
Lu, and Prater Carla 2005; Zhang, Prater, and Lindell
2004), and mixed surveys (McClure et al. 2011), are fre-
quently applied in hurricane evacuation studies.
Personal or group interviews, which are less structured
and more flexible in form, are able to collect in-depth
information on individuals’ attitudes, opinions, and
actions about evacuation (Kendall 2014). In-person inter-
views conducted in hurricane-impacted areas enable
participants to furnish more precise and comprehensive
narratives regarding their individual decision-making
processes (Baker 1995; Collins et al. 2018; Johnson,
Scheitle, and Ecklund 2021; Weller, Baer, and Prochaska
2016). In addition to in-person interviews, telephone
interviews offer a distinct advantage wherein a larger
portion of the respondent’s answers and information
can be subject to analysis through computer transcrip-
tion and subsequent storage (R. M. Stein, Duefiduefas-
Osorio, and Subramanian 2010; R. Stein et al. 2013).
These traditional data collection methods have sev-
eral limitations. Firstly, the low response rate of ques-
tionnaire surveys and interviews may constrain the
sample size that can be collected, thus undermining
their usefulness in studying evacuation in large geo-
graphic areas (Biemer and Lyberg 2003). The low
response rates can often be attributed to survey fatigue,
time constraints, privacy concerns, and lack of incentives
(Ellis et al. 2022). Usually, only hundreds of responses can
be collected in evacuation surveys (Collins et al. 2018;
Dixon et al. 2017; Dow and Cutter 2002), which is insuffi-
cient to unveil the disparities in evacuation behaviours
in all affected communities. Secondly, biased samples
collected from these methods may not equally represent
diverse population groups. Research shows that survey
respondents tended to be young, wealthy, and educated
(Lusk et al. 2007). The data also often under-represent
marginalized communities, which might lead to wrong
decisions that impact these communities (Western et al.
2016). Thirdly, conducting questionnaire surveys and
interviews can be both time-consuming and costly
(Baker 2009). The preparation and data collection may
take weeks or months to complete, not to mention the
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subsequent tasks of data cleaning and processing
(Wright 2017). Damages and disruptions in the affected
communities may pose additional challenges to the data
collection process.

2.2. Big-data approaches

Recent advancements in data acquisition and modelling
techniques have brought new opportunities for disaster
management and disaster resilience research (Yu, Yang,
and Li 2018). Given the widespread use of GPS-enabled
mobile devices and location-based services, human move-
ments in geographical space create a wealth of digital
traces in cyberspace, resulting in a variety of human mobi-
lity data. Particularly during COVID-19, human mobility
data has become a valuable instrument to combat the
pandemic. These human mobility data contains aggre-
gated, anonymized measurements of people’s movements
captured through GPS signals, connections to Wi-Fi net-
works, mobile beacons, and other means. These data pro-
vide various metrics describing human mobility which can
help scientists to predict the spread of COVID-19
(Alessandretti 2022), evaluate the effectiveness and adher-
ence to intervention policies (Levin et al. 2021), and analyse
impacts on socio-economic activities (de Palma, Vosough,
and Liao 2022). SafeGraph (2020) serves researchers by
offering a freely accessible, timely updated, and relatively
precise mobility dataset, prompting researchers to under-
take research utilizing this dataset. By leveraging the
SafeGraph dataset, researchers have crafted visualization
charts and platforms for human mobility (Y. Kang et al.
2020; Z. Li et al. 2020), investigated the influence of
COVID-19 on mobility patterns (Elarde et al. 2021; Gao
et al. 2020), examined alterations in social segregation
during COVID-19 (X. Li et al. 2022; Zang et al. 2021), and
offered predictions and insights about the reopening after
stay-at-home order (X. Li et al. 2022).

A variety of mobility data demonstrate great poten-
tial in disaster research. For example, Yuan et al. (2022)
employed credit card transaction data to investigate
the spatial patterns of disaster impacts and community
resilience during Hurricane Harvey. llbeigi (2019) ana-
lysed resilience in the New York transportation net-
work during Hurricane Sandy using GPS-based taxi
trajectory data. Additionally, geo-tagged social media
data is another common data source for studying
human dynamics in disasters. Wang et al. (2016) uti-
lized Twitter data to examine the influence of natural
disasters on human mobility patterns in urban popula-
tions. Martin et al. (2017) developed the approach to
utilize geotagged Twitter data to assess evacuation
responses and examine the spatiotemporal variability
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Table 1. Timeline of key events during the three phases of Hurricane lan.

Phase Date

Event

Pre-hurricane phase Sep 23
Sep 25
Sep 26
Sep 27
Sep 28
Sep 30

In-hurricane phase

Post-hurricane phase Oct 2
Oct 18

Tropical depression was formed

Intensified into a hurricane

Pinellas, Pasco, Hillsborough, and Sarasota Counties issued evacuation orders
Lee County issued evacuation orders

lan made landfall in Lee County

lan made second landfall in South Carolina

Oct 1 lan dissipated

Disaster relief, recovery, and rescue began

Public schools re-open in all affected counties

in Hurricane Matthew. Then Martin et al. (2020) com-
bined Twitter and survey data to explore and assess
the evacuation situation in Hurricane Matthew and
Hurricane Irma. Zou et al. (2018) analysed the spatial-
temporal patterns of Twitter data to understand and
assess community resilience. Metaxa-Kakavouli et al.
(2018) employed Facebook data to explore the influ-
ence of social ties on hurricane evacuation behaviours.
Despite the advantages of rapid and large-scale acqui-
sition, social media data often face criticism due to low
data quality (Stieglitz et al. 2018), biased user demo-
graphy (Lin et al. 2023), and the lack of precise loca-
tional data for high-resolution human mobility analysis
(Chaniotakis, Antoniou, and Pereira 2017).

Furthermore, recent studies have increasingly exam-
ined the impact of hurricanes on urban population,
employing various data-driven approaches to evaluate
preparedness, response, and recovery. Yabe et al. (2019)
used SafeGraph data to explore the impact of pre-
disaster social connections between cities on the subse-
quent recovery process of the affected city during
Hurricane Maria. Juhasz and Hochmair (2020) utilized
SafeGraph data to analyse the dynamics of travel beha-
viour in three major Florida cities and explore a case
study of Hurricane Irma, revealing insights into how
geographical and temporal factors influence movement
to various POI categories. Deng et al. (2021) used Cuebiq
data to examine an analysis of relocation patterns before
and after Hurricane Harvey, unveiling disparities in race
and wealth within disaster evacuation models. Younes
et al. (2021) utilized Cuebiq data to examine the evacua-
tion decisions of vulnerable populations during
Hurricane Irma, evaluating the effectiveness of the eva-
cuation orders. Esmalian et al. (2022) collected
Streetlight data and SafeGraph data to explore variations
in access to grocery stores among socially disadvan-
taged groups at different stages of Hurricane Harvey.
These studies show that human mobility data can help
to gain unique insights on disparities in hurricane
impacts as well as communities’ response and recovery
in hurricane disasters. However, the utility of human
mobility data in detecting evacuation routes, destina-
tions, and compliance ratios remains unexplored.

3. Study area and data sources
3.1. Hurricane lan and study area

Hurricane lan was a powerful category 4 hurricane that first
made landfall in the Contiguous United States (CONUS) in
2022. It stands as the third-costliest tropical cyclone disaster
in the United States since 1980, and the most expensive in
Florida’s history, resulting in 161 fatalities and a loss of
$113 billion (NOAA 2023b). Hurricane lan originated as
a tropical wave on 19 September 2022, and intensified
into a tropical depression on September 23. Continuously
strengthening, lan escalated to a Category 4 hurricane and
made landfall near Cayo Costa (located in Lee County) on
the Gulf Coast of Florida on September 28 with sustained
winds of 150 mph. After the landfall, many coastal com-
munities were severely damaged by high winds and storm
surges, resulting in over 2.4 million residents being without
power. Subsequently, lan moved further inland and wea-
kened to a tropical storm, but returned to the Atlantic
Ocean, where it was subsequently re-strengthened due to
warm Gulf Stream waters. Later, lan made landfall again as
a category 1 hurricane in South Carolina on September 30.
Finally, it completely dissipated on 1 October 2022. Table 1
shows the timeline of key events in Hurricane lan within
three phases. In addition, Figure 1 shows the hurricane
track and state designation of evacuation zones from A to
F, with Zone A being the most vulnerable to hurricane
impacts. To respond to Hurricane lan, 12 out of 67 Florida
counties have issued mandatory evacuation orders, primar-
ily concentrated along the Gulf Coast.

3.2. Datasets

The data used in this study is from three main sources:
SafeGraph data, census data, and evacuation zones. As
one of the most widely used human mobility datasets,
the SafeGraph data comprises anonymized and aggre-
gated location-based information derived from various
sources. The data quality of the SafeGraph weekly pat-
tern dataset has undergone assessment and validation
(Y. Kang et al. 2020; SafeGraph 2023), showing
a balanced sampling of POIs and presents a strong asso-
ciation with the population for different demographic
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Figure 1. Hurricane lan track and evacuation zones map (FDEM 2022).

groups, races/ethnicities, education levels, and house-
hold income. SafeGraph collects the home CBGs of
users by analysing users’ most common night-time loca-
tions during the last six weeks. By linking visited POls
with their originating CBGs, we can analyse the number
and origin of unique visitors to each POI throughout
a week. The SafeGraph data includes extensive POls in
both commercial areas and residential areas, with resi-
dential areas accounting for ~8% of the total POls.
Despite the relatively small proportion of residential
POls, the footprint of visits to commercial POls, such as
gas stations, grocery stores, restaurants, and hotels, also
reflects users’ mobility patterns. In this study, SafeGraph
recorded more than 1.4 billion POIs visiting data across
the United States and Canada during three hurricane
phases. To precisely identify evacuees, we extract the
foot traffic data originating from Florida, and aggregate
both origins and destinations into block group or county
levels to generate the essential Origin-Destination (O-D)
flow data for subsequent analysis.

Furthermore, socio-economic data in zip codes and
block groups are acquired from the Census Bureau (U.S.
Census Bureau 2023b). The SafeGraph data aggregated
in the boundaries of zip codes and block groups are
associated with socio-economic data. The evacuation
zones are acquired from the Florida Division of
Emergency Management (FDEM 2022). Additionally,
the track of Hurricane lan was derived from the
National Hurricane Center (NHC 2022).

4. Research method

In this study, the SafeGraph data from September 5 to
October 9 is divided into three phases. The pre-
hurricane phase includes the first three weeks from
September 5 to September 25. We assume that
human mobility in this phase represents the normal
condition. Average population flows in O-D pairs in
the pre-hurricane phase are calculated to represent
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Figure 2. The analytical workflow.

the baseline condition. The week from September 26
to October 2 is the in-hurricane phase, during which
the evacuation order was issued, and massive evacua-
tion took place. The week from October 3 to October 9
is defined as the post-hurricane phase, during which
the hurricane impact dissipated, and evacuees started
to return. The specific framework utilized for this study
is depicted in Figure 2.

4.1. Preprocess

The O-D pairs were created by linking the zip codes of
POls (destinations) and the block groups of visitors’ ori-
gins (origins). The visit counts from a specific origin at
a POI indicate the quantity of population flows between
the O-D pair. Since each POI's visit often corresponds to
visitors from multiple CBGs, we initially transformed the
many-to-one O-D pairs into multiple one-to-one
O-D pairs. Then, we selected the O-D pairs that have an
origin within Florida to capture the evacuation caused by
Hurricane lan. Distances of the O-D pairs are the geodetic
distances between the centroids of the origins (block
groups) and destinations (zip codes). Population of the
origins (block groups) and destinations (census tracts) are
obtained from the census data. Additionally, the origins
and destinations of the O-D flows are joined with their
corresponding boundaries and designated evacuation
zones. The O-D pairs are compared in the pre-, in-, and
post-hurricane phases defined above to detect mobility
changes in the different phases of the hurricane.

Spatial analysis of
outflow increase

Compare outflows
in and out of EZ

4.2. Spatial analysis of outflows, origins, and
destinations

The following analyses are conducted in this study. First,
we created flow maps to visualize net population flows in
O-D pairs during the three phases of the hurricane. The
flow maps are created for both population flows within
Florida and those across the entire country, highlighting
both in-state and out-of-state population movements.
The O-D pairs are aggregated in counties to highlight
the major routes of population flows. To focus on inter-
city evacuations rather than short-distance travels like
shopping or daily commuting, we only analysed
O-D pairs with a distance exceeding 100 km. By contrast-
ing the population flows in the three phases, we identify
changes in population movements during and after the
hurricane, enabling the detection of potential evacuation
patterns induced by the hurricane. More specifically, we
mapped the net population flows for each of the three
phases and displayed the change ratios in population
flows during the in- and post-hurricane phases, as com-
pared to the pre-hurricane phase (the baseline).

Second, hot spot analysis was conducted to detect
popular destinations for the evacuation. Specifically, we
calculated the change ratios of visitors from Florida dur-
ing the in- and post-hurricane phases in comparison to
the baseline in all U.S counties. Counties that have
a significant increase in Florida visitors may be popular
destinations for the hurricane evacuees. The study
employs the local Getis-Ord Gi* statistics (Getis and
Ord 1992) to detect local clusters of visitor change ratios.



The Getis-Ord Gi* statistics conduct a statistical test at
each spatial feature to assess whether values in the
surrounding features are in complete spatial random-
ness (the null hypothesis). A high value surrounded by
high values is a hot spot, and conversely, a low value
surrounded by low values is a cold spot. The z-scores and
p-values indicate the statistical significance of the hot
and cold spots.

Third, we analysed the origins of the O-D flows to
reveal the spatial variation of the compliance with the
evacuation orders in the affected areas. Specifically, we
calculated the percent changes of population outflows
during the in- and post-hurricane phases compared to
the baseline in the twelve counties under mandatory
evacuation orders in the hurricane. An increase in popu-
lation outflow indicates more evacuees moving out from
that place, which suggests a higher compliance with the
evacuation orders. Percent changes in population out-
flow were calculated at both the county and block group
levels. At the block group level, we compared the
changes in population outflow in and out of the desig-
nated evacuation zones (EZ) to understand the effective-
ness of the evacuation zone designations. A higher
increase in outflows in the EZs compared to the outside
may imply higher public awareness of the evacuation
zone designation.

5. Results
5.1. Spatial pattern of population flows

5.1.1. Net population flows

As illustrated in Figure 3, net population flows within
Florida exhibit different patterns in the three phases.
Before the hurricane, Orlando stands out as the region
with the largest population inflow, while Tampa, Miami,
Brevard, Broward, and Palm Beach contribute the largest
outflows (Figure 3(a)). The population flows in the hurri-
cane present a different pattern (Figure 3(b)). In this
phase, an increased number of people are travelling
from the west coast, such as Tampa Bay, Fort Myers,
and Naples to the east and north, where Miami, Palm
Beach, and Jacksonville are the popular destinations.
These patterns are consistent with media reports indi-
cating a movement of individuals away from the Gulf
Coast towards major cities on the eastern coast (NEWS
2022; Vassolo 2022). During the post-hurricane phase
(Figure 3(c)), population flows largely return to the base-
line pattern, as shown in Figure 3(a). Nevertheless, there
is a noticeable decline in the population influx towards
Orlando, a region directly in the hurricane’s path and
experienced extensive inland flooding (Heckard 2022).
Additionally, the population flows to and from the
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coastal cities near the landfall locations, such as Cape
Coral, Naples, Charlotte Harbor, and Sarasota, remain
higher than the baseline condition. This pattern may
indicate the continuous evacuation away from the
damaged areas, returning evacuees, and disaster opera-
tors relocating to provide relief in the affected areas.

During the in-hurricane phase (Figure 4(a)), the num-
ber of populations travelling from the east coast to
Orlando decreases significantly compared to the base-
line condition. Population flows from Tampa Bay to
Tallahassee have also decreased during this phase. In
contrast, the west coast exhibits a significant increase
in population outflows towards the eastern cities, with
Gainesville, Orlando, and Miami being the three main
destinations. The post-hurricane phase shows
a widespread increase in population movements in
most areas (Figure 4(b)), particularly in the routes from
the Panhandle area and Gainesville to Orlando, and from
Cape Coral to Miami. This increase may be attributed to
the release of pent-up travel demands and the returning
evacuees after the hurricane.

5.1.2. Population flows from Florida to other states
Evacuees are not limited to staying within Florida; they
may seek refuge in other states as well. Previous studies
show that friends, relatives, and hotels in other states are
also popular evacuation destinations (Mesa-Arango et al.
2013; Wu, Lindell, and Prater 2012). In contrast to the
pre-hurricane phase, during the hurricane, travels from
Florida to neighbouring states such as Alabama,
Georgia, and Tennessee have increased (Figure 5(b)).
Additionally, we have observed an increase in popula-
tion flows from Florida to distant cities such as Denver,
Las Vegas, and Los Angeles, which imply strong connec-
tions between Florida and these cities. The trends
observed during the hurricane have continued to the
post-hurricane phase, except notable increases in dis-
tant travels from Florida to both the east and west coast
(Figure 5(c)).

5.2. Destinations of population flows

Percent changes of visitors from Florida during and
after the hurricane in comparison to the baseline exhi-
bit a salt-and-pepper pattern, with pockets of high and
low values distributed across various areas (Figure 6(a,
b)). Using hotspot analysis, we detect local clusters of
high (hot spots) and low (cold spots) percent changes.
In addition to counties within Florida, hot spots of
Florida visitors tend to spread towards the northwest
neighbour states including Alabama, Georgia,
Mississippi, and even as far as Louisiana and Texas
(Figure 6(c)). However, there are no hot spots in the
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neighbourhood counties along the east coast of
Georgia. This is possibly due to the second landfall of
Hurricane lan in South Carolina on October 1. Thus,
most evacuees from Florida don’t move to the impact
areas of the second landfall. In the post-hurricane
phase, the hot spots are mainly located within
Florida and there is less spillover to the neighbouring
states. Additional hot spots emerge in coastal Georgia,
Alabama, and Mississippi, along with distant areas
such as Kentucky, Massachusetts, and Texas. The pre-
sence of these distant hotspots indicates an increase in
long-distance travel from Florida in the post-hurricane
phase, which can be attributed to the strong socio-
economic ties between Florida and these areas.

Notably, a hot spot between Montana and North
Dakota has been detected during both the in- and
post-hurricane phases, indicating continuous popula-
tion flows from Florida to this area throughout the two
phases. The increased population flows spanning over
2,400 km between two distinct climate zones may
reveal the existence of snowbird or reverse snowbird
routes connecting Florida and this area.

5.3. Origins of population outflows

To analyse the origins of the evacuees, we compare
population outflows during the in- and post-hurricane
phases against the baseline values. An increase in
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population outflow suggests a higher number of evac-
uees leaving from a specific area. The analysis reveals
that nine counties experienced increased population
outflows during the hurricane (Figure 7(a)), which pri-
marily concentrated along the Gulf Coast near the land-
fall location. Notably, seven of these nine counties were
issued mandatory evacuation orders before the hurri-
cane’s landfall. Specifically, Lee County and Charlotte

Legend
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<300

300 - 500
500 - 1000

1000 - 2000
52000 0 250 500

s KM

Origin
Destination
States

(a), in-hurricane (b), and post-hurricane (c) phases.

County, both located near the landfall area, show an
increase in population outflows by 46.49% and 29.45%
respectively during the hurricane. Similarly, Pinellas
County and Hillsborough County, which were originally
forecasted as the landfall site, exhibit increases of
43.01% and 37.80% respectively.

In the post-hurricane phase, population outflows
generally return to the baseline level (Figure 7(b)).
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However, Lee County, where the hurricane made the
landfall, sustained a substantial rise (43.84%) in popula-
tion outflow, indicating continuous evacuation from the
hardest-hit area. Interestingly, despite its distance from
the affected areas, Leon County, home to Tallahassee,
the state capital, shows the highest increase in popula-
tion outflow during both the in- and post-hurricane
phases. This phenomenon can potentially be attributed
to the deployment of emergency response teams from
the state capital during and after the hurricane.
Moreover, we compare the percent changes between
block groups in and out of the mandatory evacuation
zones to evaluate the effectiveness of the EZ designa-
tion. In the twelve counties subject to mandatory eva-
cuation orders, population outflows increase 59.92%
within the EZs compared to 22.17% outside the EZs
(Table 2). Specifically, a higher outflow increase in EZs
can be observed in eight out of the ten counties where
the comparison between EZs and non-EZs can be made.
The higher outflows in EZs generally indicate public
awareness of the designation of mandatory evacuation
zones. The only two exceptions are Levy County and
St. Johns County, which are the two farthest counties
from the landfall location. In these two counties, the
population outflow increases less in EZs than outside.
The percent changes in population outflows in block
groups in both the in- and post-hurricane phases exhibit
a salt-and-pepper pattern, with high and low values
dispersed across different areas (Figure 8(a,b)). Again,
the hot spot analysis (i.e. Getis-Ord Gi* statistics) helps
highlight local clusters of the percent changes (Figure 8
(c,d)). During the in-hurricane phase (Figure 8(c)), the hot
spots are concentrated in the Tampa Bay and Charlotte
Harbor areas. Specifically, the south part of Pinellas
County, coastal areas of Hillsborough County, Lee

Table 2. Ratio and ratio changes of outflows within and outside
the evacuation zone.

% increase of outflow % increase of outflow
in EZ in non-EZ

County Name Compare to baseline

Charlotte County 82.76 -

Hillsborough County 78.93 18.87
Lee County 78.83 3791
St. Johns County 67.93 69.81
Pinellas County 67.11 43.32
Manatee County 64.78 20.30
Sarasota County 51.22 13.18
Citrus County 41.81 11.41
Hernando County 32.88 7.97
Levy County 30.38 54.12
Pasco County 29.39 21.44
Collier County 11.94 -

Total 59.92 2217
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County, and Charlotte County are hot spots of outflow
increase. Cold spots emerge in the northern parts of
Hillsborough County, Pasco County, Hernando County,
and the inland areas of Lee County, and Collier County.
During the post-hurricane phase (Figure 8(d)), the hot
spots are primarily detected in Lee County, indicating
on-going population outflows from the most affected
areas after the hurricane. However, the coastal areas in
Tampa Bay, which are hot spots of population outflow
during the hurricane, become cold spots after the hurri-
cane. The other cold spots detected during the hurricane
have mostly disappeared after the hurricane.

5.4. Distance of population outflows

The percent change in outflow population in the twelve
counties under mandatory evacuation orders demon-
strates a distance decay pattern during both the pre-
and in-hurricane phases (Figure 9). During the in-
hurricane phase, the percent change of outflow is high-
est within 200 km and then starts to decrease as distance
increases. This is in line with the spatial pattern of popu-
lation outflow detected in Figure 6, where Florida resi-
dents tend to relocate within the state or to
neighbouring states. In the post-hurricane phase, the
outflow increase peaks in the 500-700 km range, indi-
cating more longer-distance travels in this phase.
Furthermore, the average distance of population out-
flows in the twelve counties under mandatory evacuation
orders presents a V-shaped pattern during the three hurri-
cane phases (the dashed line in Figure 10(a)). These coun-
ties show the longest average distance of population
outflows during the pre-hurricane phase, which then con-
siderably declines during the in-hurricane phase. Potential
causes of such a decline include business and facility clo-
sures, disruptions in tourism, and the cancellation of flights.
After the hurricane, as socio-economic activities gradually
resumed, the average travel distance partially recovered.
However, the recovery pattern differs among the twelve
counties: eight of the twelve counties present such
a V-shaped pattern in the three hurricane phases, which
are labelled as ‘recovered’ in Figure 11(a). Most of the
recovered counties are located along the Gulf Coast near
the landfall location. In the remaining four counties, the
average travel distance continues to decline after the hur-
ricane, which is marked as ‘unrecovered’. The unrecovered
counties are generally far away from the landfall location. In
contrast, the ratio of population outflows to total popula-
tion exhibits a reverse-V trend during the three phases
(dashed line in Figure 10(b)): the ratio of population out-
flows increases during the in-hurricane phase and then
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declines during the post-hurricane phase. Among the
twelve counties, six counties present such a reverse-V
trend and are labelled as ‘recovered’ counties in
Figure 11(b). Five of the recovered counties are located
along the Gulf Coast. It is interesting that St. Johns
County, although far from the landfall area, displays
a recovery pattern in both average outflow distance and
outflow ratio.

6. Discussion

In this study, we employed SafeGraph data to analyse
the spatio-temporal changes of population flows in

different phases of Hurricane lan. The main objective of
the study is to evaluate the utility of the emerging
mobility data in detecting evacuation patterns in natural
hazards. Our analyses show that, compared to the pre-
hurricane phase (the baseline condition), the population
movements have changed during the in- and post-
hurricane phases. During the in-hurricane phase, east-
bound travels from the Gulf Coast in Florida towards
central Florida and the Atlantic Coast has increased.
After the hurricane, the movement pattern largely
resumes to the baseline, except for continued outflow
from the most affected areas. The detected patterns of
population movements are in line with the evacuation
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mandatory evacuation orders during three phases.

routes in our expectation or media reports, which con-
firms the effectiveness of the mobility dataset in detect-
ing evacuation behaviours in the hurricane.

6.1. Evacuation patterns

Our study reveals several evacuation patterns that have
not been documented in other studies or media reports.
The destinations of the population outflow display
a distance decay pattern with most travels concentrated
within Florida as well as a prominent overflow of Florida
travellers to the neighbourhood states during the hurri-
cane. Our analysis reveals that population outflow from
Florida avoided the East Coast and instead moved
towards the neighbourhood States in the north and
west (e.g. Alabama and Mississippi). During the hurricane,
hot spots of population outflows have been detected in
Tampa Bay-St. Petersburg-Clearwater metropolitan area
and Cape Coral-Fort Myers metropolitan area, which
stand as the second and sixth most populous metropoli-
tan regions in Florida, respectively. According to the 2021
Census data (2021), the population in Tampa Bay-St.
Petersburg-Clearwater metropolitan area (~3.2 million) is
four times that in the Cape Coral-Fort Myers metropolitan
area (~0.8 million). Compared to Tampa Bay-St.
Petersburg-Clearwater area, the Cape Coral-Fort Myers
area has higher median household income (561,121 vs.
$63,235) and has a higher ratio of elderly population.

6.2. Effect of evacuation order

The population outflows from Lee County, which was
directly hit by the hurricane, have continued into the
post-hurricane phase, even a week after the landfall. The
distant hotspots of increased Florida visitors in Texas,
South Dakota, and Idaho reveal strong connections
between Florida and these areas. The effect of manda-
tory evacuation orders is evident in the increased popu-
lation outflows from the affected counties as well as the
greater outflow increase within the designated evacua-
tion zones compared to the outside areas. Due to the
last-minute change of the hurricane track, Lee County
issued the evacuation order at 7 a.m. on September 27,
only 27 hours before the landfall. This late issuance of
the evacuation order may have caused inadequate eva-
cuation in Lee County, contributing significantly to
casualties and injuries during this hurricane. In the post-
hurricane phase, Lee County emerges as the largest hot
spot, likely due to the extensive hurricane-induced
damage in this region, displacing the affected residents
to other places. The different paces of population out-
flows in Lee County and Tampa Bay indicate the impor-
tance of timing in evacuation order issuance. As a critical
challenge for emergency management authorities, bal-
ancing the trade-off between false alarms and delayed
evacuation orders in hurricanes requires a combination
of advanced technologies, effective communication, and
continuous improvement in emergency response



strategies. These spatio-temporal patterns detected in
the analyses demonstrate the potential of human mobi-
lity data in monitoring large-scale evacuation patterns in
natural hazards, which effectively overcomes the limita-
tions of traditional data sources (e.g. questionnaires and
surveys).

6.3. Limitations

This study has several limitations that need further inves-
tigation. Despite the great potential of human mobility
data, it is important to note the data quality and uncer-
tainty when we interpret the analyses. Due to public
safety and privacy concerns, detailed user information
and GPS trajectories are usually not provided, making it
impossible to accurately trace specific individual's move-
ments and explore personal factors influencing move-
ment. In SafeGraph data, visits from a CBG to a POI are
only recorded accurately when four or more visitors are
coming from that CBG to protect privacy. CBGs are not
recorded if there is only one visitor, or they are recorded
as four if there are two to four visitors. Additionally, most
human mobility datasets are derived from geolocation
data captured by mobile apps, which may have a biased
user group. Additional processing is needed to calibrate
the dataset to eliminate such biases and gain a more
realistic representation of the population.

Moreover, further research is needed to improve the
method for more precise evacuation detection. In this
study, we assume that the change in population flows
during the in- and post-hurricane phases compared to
the baseline somehow reflects evacuation patterns.
However, to what extent the changes can represent
evacuation patterns need to be validated against addi-
tional data sources. To address this issue, ground-truth
data should be collected in the popular origins and
destinations of evacuation to validate the detected pat-
terns and calibrate the detection method. Additionally,
it's important to recognize that hurricane impacts can
lead to various changes in individuals’ travel behaviours,
including emergency responses and reduced travel
demands. These changes may vary across regions.
Consequently, adjusting the baseline figures to account
for these alterations in travel behaviours can result in
a more precise detection of evacuation flows. The influ-
ence of prior hurricane experiences also needs to be
considered when analysing evacuation decision-
making. Florida residents who have experienced pre-
vious hurricanes like Hurricane Irma may opt for differ-
ent evacuation timing and destinations than those
facing evacuation orders for the first time.
Summarizing and analysing past hurricane evacuation
patterns can aid in predicting future hurricane
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evacuation decisions. Furthermore, this study focuses
on evacuations exceeding 100 km, and future studies
can shed light on the visits to local shelters to under-
stand short-term evacuation behaviours. Finally, the
visualization of the population flows has room for
improvement. In this study, we found it is quite challen-
ging to effectively display directional population flows
among a large amount of OD pairs in static maps. In
future work, advanced visualization techniques such as
interactive 3D maps or animated maps should be experi-
mented with to show these patterns.

7. Conclusion

In this study, we applied the SafeGraph Weekly Pattern
dataset to analyse the spatio-temporal changes in popu-
lation movements during Hurricane lan. The objectives
of the study include three key aspects: 1) developing
a framework for detecting evacuation patterns in human
mobility data, 2) delineating the significant spatio-
temporal evacuation trends during Hurricane lan,
and 3) unveiling the spatial variations in the compliance
to evacuation orders in the affected areas. The analyses
revealed notable changes in population movements,
both within Florida and nationwide, which are poten-
tially linked to the hurricane-induced population eva-
cuation. The distance decay pattern of Florida visitors
demonstrates a propensity for individuals to relocate to
nearby areas during the hurricane. Furthermore, the
increase in population outflows from the impacted
areas suggests the effectiveness of mandatory evacua-
tion orders. A more pronounced increase in outflows
from designated mandatory evacuation areas points to
the public awareness of the evacuation zone
designation.

Notably, variations in the pace of population outflows
between Tampa Bay (the originally forecasted landfall
location) and Lee County (the final landfall location)
highlight the critical role of the timing of evacuation
order issuance in emergency response. Moreover, the
V-shaped patterns observed in population outflows
across the three phases of the hurricane offered insights
into the impacts of the hurricane and the subsequent
recovery within affected communities. In summary, this
study demonstrates the great potential of human mobi-
lity data for monitoring evacuation behaviours in natural
disasters. The large-scale, fine-resolution population
movements captured by the human mobility data over-
come the limitations of traditional data sources (e.g.
questionnaire surveys and interviews) and provide
novel insights into human dynamics and resilience
research in natural disasters. This analytical approach is
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also applicable to diverse datasets for other disaster
events. Future research should leverage additional data
sources to calibrate and validate the evacuation detec-
tion methods.
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