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Abstract 

Evacuation destination choice modeling is an integral aspect of evacuation planning. Outputs from such models are 
required to estimate the clearance times on which evacuation orders are based. The number of evacuees arriving 
at each destination also informs allocation of resources and shelter planning. Despite its importance, evacuee destina-
tion modeling has not received as much attention as identifying who evacuates and when. In this study, we present 
a new approach to identify evacuees and determine where they go and when using privacy-enhanced smartphone 
location data. We demonstrate the method using data from four recent U.S. hurricanes affecting multiple geographies 
(Florence 2018, Michael 2018, Dorian 2019, and Ida 2021). We then build on those results to develop a new machine 
learning model that predicts the number of evacuees that move between pairs of metropolitan statistical areas. The 
machine learning model incorporates hurricane characteristics, which have not been thoroughly exploited by exist-
ing methods. The model’s predictive power is comprehensively evaluated through a tenfold cross validation, holdout 
validation using Hurricane Ida (2021), and comparison with the traditional gravity model. Results suggest that the new 
model substantially outperforms the traditional gravity model across all performance indicators. Analysis of feature 
importance in the machine learning model indicates that in addition to distance and population, hurricane character-
istics are important in evacuee destination choices.
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1  Introduction
Developing effective and efficient hurricane evacua-
tion strategies requires understanding and being able 
to predict population behavior during such events. Key 
aspects of this behavior include who evacuates, when, 
and where they go. A great deal of research has focused 
on the first two questions, in particular identifying 

variables associated with the evacuation decision (e.g., 
Baker, 1991; Dash & Gladwin, 2007; Huang et al., 2016; 
Thompson et  al., 2017), and developing quantitative 
models to predict it, typically using survey data (e.g., 
Anyidoho et  al., 2022; Fu & Wilmot, 2004; Xu et  al., 
2016). By contrast, hurricane evacuee destination choice 
has received little attention (2.1), though evacuee desti-
nations are also required by traffic models that predict 
evacuee movements and can greatly influence their 
results (Cheng et al., 2008). Such traffic models, in turn, 
are important for supporting implementation of con-
traflow, signal timing, and other network control meas-
ures during evacuation. Importantly, they are also used 
to compute clearance time, i.e., the time required for 
all those threatened by a hurricane to evacuate. In the 
United States today, official evacuation decisions are 
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largely based on a comparison of this model-estimated 
clearance time and the estimated arrival time of hazard-
ous conditions (NHP 2022).

Recognizing the destination choice gap in the hur-
ricane evacuation population behavior literature, this 
paper contributes in two main ways. First, we introduce 
a method to use smartphone location data to identify 
evacuees from within the larger population and describe 
their movements, including geographic evacuation desti-
nations. Results are compared to those based on survey 
data for three recent hurricanes that made landfall in the 
United States— Florence (2018), Michael (2018), Dorian 
(2019). Second, we use those results to develop and 
evaluate a machine learning model to predict evacuee 
destination choice. Specifically, we train a Zero-inflated 
Tweedie Extreme Gradient Boosting model (XGBoost) to 
predict evacuation flows between metropolitan statisti-
cal areas (MSAs). It is trained using data from the same 
three hurricanes, and its predictive power is comprehen-
sively evaluated and compared with the traditional grav-
ity model through cross validation and holdout validation 
for Hurricane Ida (2021).

Three novel features of these analyses are worth note: 
(1) use of smartphone location data, (2) inclusion of 
hurricane-related variables and data from multiple hur-
ricanes, and (3) model formulation. First, although 
smartphone location data does not directly provide 
information about the device (i.e., smartphone) user 
or reasons for their actions, it offers samples orders of 
magnitude larger than those collected in the past using 
surveys (> 1 million vs. typically 1000–2000 for surveys; 
see Table 5 in 5.) and a higher resolution description of 
the sequence and timing of movements, both helpful in 
better understanding the complexity of the evacuation 
phenomenon. Second, since hurricanes and the regions 
they affect can differ substantially, to improve the model’s 
ability to predict destination choice in future hurricanes, 
we include attributes of hurricanes and their forecasts as 
predictors, and we combine data from three diverse hur-
ricanes that together represent a broad range of condi-
tions and circumstances. All previous models are based 
on data from a single hurricane (see Table  5 in 5.), and 
thus have a limited ability to capture hurricane-related 
drivers of evacuation destination choice and limited 
generalizability. Third, we use a Zero-inflated Tweedie 
Extreme Gradient Boosting model (XGBoost), which 
allows incorporation of the additional hurricane-related 
features, addresses the overdispersion created by hav-
ing many origin–destination pairs with zero evacuees, 
and is capable of learning the nonlinear relationships the 
exist in this problem. By contrast, most available evacuee 
destination choice models are gravity models, which 
fail to capture the unique circumstances created by the 

hurricane, instead focusing primarily on populations at 
origins and destinations and the distances between them 
as the driving factors of destination choice decisions, and 
which are parametric and thus limited in their ability to 
represent the overdispersion and nonlinearities in the 
data.

In 2, we summarize the literature with a particular 
focus on the objectives of this analysis. The data, evac-
uation behavior description method, and predictive 
destination choice models are described in 6, 7, and 5., 
respectively. In Sect.  6, we evaluate and compare the 
models’ predictive power empirically. The paper con-
cludes with discussion of the models’ usefulness, limi-
tations, implications, and recommendations for future 
work.

2 � Background
2.1 � Hurricane evacuee destination choice
Southworth (1991) notes that while evacuees might fol-
low evacuation plans, some dispersion in destination 
choices will occur, influenced by locations of friends/
relatives and hazard characteristics. Barret et  al. (2000) 
refer to the evacuation destination as a location where 
evacuees tend to seek safety, or one that is recommended 
by an evacuation plan. Building on these earlier studies, 
Lindell and Prater (2007) characterized evacuation des-
tinations, where evacuees stay until they return to their 
homes, by (1) geographic location (city/county/town), 
and (2) type of accommodation. Accommodation types 
are related to friends’ or relatives’ places, hotels/motels, 
and public shelters. Later studies conducted by Cheng 
et al. (2008) and Mesa-Arango et al. (2013) identified the 
home of friends/relatives as the most preferred destina-
tion. Both studies also identified factors affecting destina-
tion choices, including evacuation distance, whether the 
destination is affected by the hurricane, population com-
position of the destination, whether the destination is in 
a metropolitan statistical area, transportation conveni-
ence, the probability of finding a place to stay at the desti-
nation, hurricane position at evacuation time, household 
geographic location, race, income, preparation time, 
changes in evacuation plans, previous experiences with 
major hurricanes, household members working during 
the evacuation, and official evacuation notices.

In current practice, evacuees are assigned to destina-
tions, or evacuation routes, subjectively (NCDOT 2000, 
Jha et  al. 2004, Radwan et  al., 2005). Mei (2002) and 
Modali (2005) argued that, except for the Oak Ridge 
Emergency Management software, no other trip distri-
bution package existed before their studies. Wilmot et al. 
(2008), with specified Traffic Analysis Zones, calibrated 
gravity and intervention opportunity models using sur-
vey data from Hurricane Floyd. Separate models were 
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developed for each destination accommodation type 
(shelter and friends/family) with gravity models offering 
slightly better results. The gravity model considered only 
travel time in the impedance function, but the interven-
tion opportunity model considered evacuation direc-
tion and hurricane path. The predictive power of the 
models calibrated for Hurricane Floyd was measured on 
data from Hurricane Andrew. Cheng et  al. (2008) used 
the same Floyd survey to develop two multinomial logit 
models, one for friends and relatives and one for hotels/
motels. They summed individual predicted probabilities 
to determine the incoming number of evacuees at each 
destination. These two models were evaluated on the 
training data, and thus do not provide a comprehensive 
assessment of predictive power. They also require strong 
aggregation assumptions to have a manageable number 
of alternatives in the choice set, and do not consider the 
destination type choice. Cheng et  al. (2011), also using 
the same Floyd survey data, extended the gravity model 
by incorporating hurricane path, road conditions, and 
destination accommodation capacity. The impedance 
to travel was modeled as a function of distance between 
origin–destination pairs and the distance between des-
tinations and the coastline using negative exponential 
function and Rayleigh functions, respectively. However, 
the transferability of this dynamic model has not been 
tested (Cheng et al., 2011).

The previously mentioned studies relied on survey 
data, which is limited in size, and only covers short-term 
travel patterns. A few more recent studies have leveraged 
the surge in digital mobility data, such as GPS traces, cell 
phone records, and geotagged tweets, to study human 
behavior during disasters. Jiang et  al. (2021) used long-
term human mobility data retrieved from Twitter dur-
ing Hurricane Mathew (2016) to develop gravity models 
with social distance as an additional travel impedance 
factor. Out-of-sample predictive power of the model was 
measured through two rounds of leave-one-out cross-
validation. The model does not include hurricane attrib-
utes, however, and was estimated using data from a single 
event. Hong et al. (2020) predict county-level evacuation 
flows using large-scale geotagged tweets gathered in Flor-
ida during Hurricane Irma; machine learning regression 
methods; and socioeconomic, hurricane, and evacua-
tion official order features for both origin and destination 
counties. Hurricane attributes include average daily wind 
speed, peak fastest 2-min wind speed, fastest 5-s wind 
speed, and precipitation during Hurricane Irma’s landfall, 
which can be measured pre-evacuation. They argued that 
hazards such as storm surge might not be available in the 
future for prediction until after the storm, however, the 
National Hurricane Center provides forecast informa-
tion on hurricane attributes, thus we believe they can 

be utilized. The Hong et al. (2020) model was evaluated 
through a hold-out validation in which the model was fit-
ted with 75% of the data and validated with the remain-
ing 25%. In this study, we develop a machine learning 
method that combines data from multiple diverse hurri-
canes using smartphone location data. We utilize impor-
tant hurricane attributes and comprehensively evaluate 
predictive performance of our model.

2.2 � Smartphone location data and evacuation
Here we focus on the general use of location data—from 
call detail records (CDRs), Twitter, and smartphones—in 
disaster-related applications (Yu et al., 2018) (rather than 
analysis of social media content (e.g., (Beigi et al., 2016; 
Vieweg et  al., 2010). CDRs have been used to examine 
population movements after the Haiti (2010), New Zea-
land (2011), and Nepal (2015) earthquakes (Bengtsson 
et al., 2011; Wilson et al., 2016). For every mobile phone 
text or call, the CDR contains the time and location of 
the nearest cell tower, so  the frequency and accuracy of 
location data points can vary widely. Location data points 
from Twitter also vary and typically are not as frequent 
as those in smartphone location data. Nevertheless, 
Twitter data is relatively easily available. Wang and col-
leagues (Wang et al. 2014, Wang et al. 2016) used Twitter 
data from Hurricane Sandy and other events to analyze 
changes in distributions of trip distances during disas-
ters. Studies conducted by Chae et  al. (2014) and Chae 
et al. (2015), analyzed geotagged Twitter data from Hur-
ricane Sandy, the Moore tornado, and the Boston bomb-
ing. They discovered, for example, that many individuals 
in Manhattan went to a supermarket right after an official 
evacuation order was issued for Sandy. Han et al. (2019) 
and Martín et  al., 2017 used geotagged Twitter data to 
describe the evacuation in Hurricane Matthew (2016)—
number of evacuees, their origins, and destinations. 
Jiang et  al., (2021) used long-term human mobility data 
retrieved from Twitter to develop gravity models to pre-
dict evacuation flows in Hurricane Matthew (2016). Like-
wise, Hong et al. (2020), analyzed geotagged twitter data 
from Irma and developed machine learning models to 
predict evacuation flows. Less frequent are studies using 
smartphone location data like that here. Song and col-
leagues in three different studies (Song et al., 2013, 2014, 
2017) used GPS records of 1 + million people over a year 
to analyze human mobility after the Tōhoku earthquake 
(2011). They identified important places for each indi-
vidual (e.g., home, work), and demonstrated the change 
in time spent in each place type from before to after the 
event. They also developed a Hidden Markov Model to 
predict an individual’s trajectory during a period of time 
based on her trajectory during the previous period; and 
predicted possible evacuation from the area using a 
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Markov Decision Process to predict the evacuation route. 
Yabe et al., (2019a, 2019b) used pre-disaster web search 
behavior to predict evacuation for a 2018 flood in Japan 
and employed smartphone location data to validate that 
model.

This literature highlights the promise of big loca-
tion data in disaster studies and suggests some analysis 
methods. In this paper, we use smartphone location data, 
which is more precise and frequently sampled than the 
more commonly used CDR and Twitter data. Whereas 
much of the literature only describes observed behav-
ior, the research herein centers on predicting destination 
choice decisions in future hurricanes. Finally, while most 
available studies analyze data from single events, the 
method presented here utilizes data across multiple hur-
ricanes, thus multiple geographies and broader hurricane 
conditions are captured, increasing the generalizability of 
the resulting models.

3 � Data
3.1 � Hurricanes
This study uses data from four hurricanes—Florence 
(2018), Michael (2018), Dorian (2019), and Ida (2021). 
They cover multiple geographic areas and represent 
various storm intensities, timings, and characteristics 
(Table  1, Fig.  1). Hurricane Michael (2018) and Hurri-
cane Ida (2021) formed in the Gulf of Mexico, whereas 
Hurricane Florence (2018) and Hurricane Dorian (2019) 
affected the Atlantic coast and were longer-lasting events 
(Fig.  1). Hurricane Dorian initially struck the Bahamas, 

then followed the coast from Florida to North Caro-
lina; Hurricane Florence came straight onshore at North 
Carolina. The impacts by Dorian were less severe while 
Florence, Michael and Ida caused substantial impacts 
(Table 1).

3.2 � Smartphone location data
The data were obtained from the Spectus Data Clean-
room platform for 4 hurricanes—Florence, Michael, 
Dorian and Ida. The mobility data is de-identified and 
privacy enhanced for this research. Locations were pas-
sively collected though the mobile apps based on an opt-
in framework. For each device, we have location data on 
average about 128 times per day or once every 11  min. 
iOS (iPhone) collects data when the device detects 
movement, so the sampling is more frequent in the day-
time. Android collects data via a time-based sampling 
methodology. Each observation consists of a unique, 
anonymized, and encrypted identification number, time 
stamp, latitude, and longitude. To preserve the device 
owners’ privacy, home areas are upleveled to the census 
block group level, sensitive points of interest are removed 
from the dataset, and device IDs are changed randomly 
every few months, limiting the time over which a particu-
lar phone’s movement can be tracked.

Spectus mobility data is collected from smartphone 
applications where location is at the core of the app’s 
functionality. This includes categories such as maps, 
navigation, weather, and geo-specific retail. All data is 
collected with the informed consent of fully anonymized 

Table 1  Summary of data by hurricane

Sources. Florence: Stewart and Berg (2019). Michael: Beven et al. (2019). Dorian: NCEI (2020) for damage and fatalities, Ida: Beven et al. (2021), Breslin (2018) for power 
outages, and NWS (2019) for all else

Florence Michael Dorian Ida

Hurricane Landfall location Southeastern NC FL Panhandle Cape Hatteras, NC Port Fourchon, LA

Maximum category Cat. 4 Cat. 5 Cat. 5 Cat. 4

Category at landfall Cat. 1 Cat. 5 Cat. 1 Cat. 4

Damage in U.S $24 billion $25 billion $1.6 billion $75 billion

Survey data Num. survey observations 1578 486 588 n/a

Num. evacuees in survey 735 205 105 n/a

Smart-phone description Study area (sq km) 139,416 375,707 159,475 114,218

Num. devices in initial data 154,684 447,504 392,057 162,694

Num. evacuating tracts 424 799 586 293

Num. devices in evac. tracts 29,057 65,456 49,936 44,580

Num. evacuating devices 11,868 14,767 9,229 8,629

Smart-phone prediction Num. evacuating devices scaled 452,893 305,194 264,438 87,903

Num. evacuating devices 
in MSAs

446,962 298,860 259,591 85,914

Num. origin MSAs 33 69 37 17

Num. destination MSAs 743 775 737 803
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users under GDPR and CCPA compliant frameworks. 
Multiple studies have shown that Spectus data is repre-
sentative of the general US population at various census 
area resolutions. For example, a study by Wang et  al. 
(2019) found a 0.91 correlation between smartphone 
mobility data and census data at the census tract level 
in the Puget Sound region of Washington state. Another 
study by Aleta et  al. (2020) reported correlation of 0.8 
between Spectus data and census data at the census tract 
level in the Boston area.

3.3 � Survey data
We use survey data from three hurricanes (Florence, 
Michael, and Dorian) (survey data unavailable for Ida) 
to validate results from the location-based data. The data 
were gathered through a 5- to 10-min web-based sur-
vey which was deployed after each hurricane using the 
method described in Anyidoho et al. (2022). The survey 
instrument, which was the same across hurricanes  and 
was also used in Mongold et  al. (2020) and Anyidoho 
et  al. (2022), is presented in full in Anyidoho (2021). It 
includes questions related to (1) respondent location at 
the time of the event; (2) evacuation behavior, including 

if the respondent evacuated, and if so, destination loca-
tion and type, route, and timing; (3) reasons for evacu-
ation decisions; and (4) individual attributes. Surveys 
were deployed through hurricane-related groups on 
social media platforms (e.g., Facebook and Reddit). The 
samples are reasonably representative of the populations 
from which they were drawn, across each hurricane, 
with a few exceptions. With similar distribution across 
hurricanes, the sample records fewer African Ameri-
cans/Blacks (1% in sample vs. 17% in the population), 
has a higher income ($81,600 sample average vs. $64,900 
population), is less likely to live in mobile homes (6% 
in sample vs. 13% in population), but equally likely to 
be employed (81% in sample and population), and have 
children (39% in sample vs. 40% in population).

4 � Smartphone location evacuation description 
method

The new method to use smartphone location data to 
identify evacuees and describe their behavior includes 
eight steps organized in three main parts (Fig.  2): (A) 
Develop the dataset, (B) identify which smartphones 
in the dataset represent evacuees, and (C) describe the 

Fig. 1  Hurricane tracks and affected study area for a Florence, b Michael, c Dorian, d Ida
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evacuation movements. Each is described in turn in 
Sects. 4.1 to 4.3.

4.1 � Develop the dataset
The technique adopted for generating the initial dataset 
aims to focus on areas and times where the hurricane 
threatened, thus minimizing noise in the data and unnec-
essary computational time. The approach is also system-
atic and easily reproducible for new events. In Step 1, 
for each hurricane, the geographic study area is defined 
to include all census tracts that were threatened by the 
storm and thus potentially could have included evacuees, 
whether or not the area ultimately did experience hazard-
ous conditions. Specifically, to ensure consistency and 
reproducibility, for each hurricane, the study boundary 

includes all census tracts that were forecast to experience 
wind speed of at least 74 mph. Data on wind hazard was 
obtained from the National Hurricane Center’s archive 
on each hurricane (NHC 2021).

In Step 2, we define the study timeline, including the 
normal period, hurricane period, and evacuation period 
(Fig. 3). The normal period, used to determine the loca-
tion functioning as a person’s home at the time the hur-
ricane approaches, is taken to be the three-week period 
before hurricane formation. While it may be preferable 
to include additional time windows during the year to 
establish normal movement patterns, that was not pos-
sible due to the limited duration of device IDs. Three 
weeks prior to hurricane formation was considered suf-
ficient to avoid confusion about home location associated 

Fig. 2  Method to identify evacuees and describe their behavior using smartphone location data

Fig. 3  Timeline of key events for each hurricane
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with week-long vacations while not exceeding computa-
tional resource constraints. Hong et al. (2020) defined the 
normal period as two weeks prior to formation. The hur-
ricane period, meant to capture the period of hurricane-
related movements, is defined to last from hurricane 
formation until the time evacuees have returned home, 
taken to be from formation date to two weeks after dissi-
pation. For each event, the evacuation period, the period 
during which most evacuees traveled to their destination, 
is defined as the time within the hurricane period dur-
ing which travel rates are consistently higher than travel 
rates in the normal period, excluding holidays (e.g., Labor 
Day). Specifically, the earliest and latest peak travel date 
across all census tracts observed after formation mark 
the start and end of the evacuation period, respectively.

The initial data sample created for analysis is devel-
oped in Step 3 by identifying all devices thought to be 
in the study region during the normal period, and thus 
representing potential evacuees. For hurricanes making 
landfall prior to January 2019 (Florence and Michael), 
we selected devices that appeared in the study area at 
least 200 times during each week of the normal period. 
However, for Dorian (2019) and Ida (2021), we sampled 
devices that have the same home location at the block 
level for each week within the normal period—Spectus 
provides weekly home location of devices at the cen-
sus block level for devices tracked after 2018. The initial 
dataset includes 154.7, 447.5, 392.0, and 162.7 thousand 
devices for Hurricanes Florence, Michael, Dorian, and 
Ida, respectively (Table 1).

4.2 � Identify evacuees
Identifying which devices in the dataset represent evacu-
ees and which do not, based only on their movements, 
is challenging because both evacuations and non-evac-
uation-related movements occur within the same time 
and space, and naturally vary over time and space. The 
approach herein relies on first identifying census tracts 
in which the aggregate behavior differs substantially from 
normal behavior, providing evidence of evacuation, and 
then identifying evacuees within those tracts.

In Step 4, for each device in the dataset, we identify the 
home location and the stay location for each day of the 
entire study duration. The home location is assumed to 
be the centroid of the 100 m by 100 m grid cell in which 
the individual spends the most time during the normal 
period. The associated home county, census tract, and 
state are also recorded. A device’s stay location for a sin-
gle day is defined as the 100 m by 100 m grid cell where 
the device spends the most time between 6 pm and 9am 
the following day.

If the stay location on a day is at least one mile from 
the device’s home location, that device is labeled as away 

from home that day. Based on that definition, in Step 
5, for each day and each census tract, we compute the 
aggregate travel rate as the number of devices away from 
home divided by the total number of devices available 
on that day (i.e., the number for which we could com-
pute the stay location). Evacuating census tracts then are 
those for which the peak rate observed during the hur-
ricane period is at least 15% higher than the peak travel 
rate in the normal period. In selecting peak rates for the 
two-time windows, we exclude holidays which may have 
unusual movement patterns (e.g., Labor Day). To ensure 
reasonable travel rates, only census tracts with a mini-
mum of 30 devices each day are considered. We assume 
only individuals with home locations in these evacuating 
census tracts can be considered evacuees. While people 
certainly evacuated from other census tracts, in those 
other tracts there is no evidence that the travel is not nor-
mal travel, whereas in the evacuating census tracts there 
is. Since the evacuee data is being used to develop a geo-
graphic destination model, this approach was designed to 
minimize the number of false positives (i.e., non-evacu-
ees incorrectly labeled as evacuees).

In Step 6, we identify individual evacuees from among 
those with home locations in the evacuating census 
tracts. We classify a device as an evacuee if the stay loca-
tion of the device is at least one mile from home on the 
peak evacuation day. For each census tract, the peak 
evacuation day  is defined as the day in the evacuation 
time window with the maximum travel rate. Table 1 sum-
marizes the number of evacuating census tracts, number 
of devices in those evacuating census tracts, and number 
of evacuating devices (i.e., evacuees) for each hurricane.

4.3 � Describe evacuation movements
The destination of each evacuee is defined in Step 7 as the 
stay location (longitude and latitude) during the hurri-
cane period that is farthest from their home. The destina-
tion is also characterized by the associated state, county, 
census tract, and census block group.

In Step 8, for each evacuee, we determine the home 
departure time td, destination arrival time ta, and return 
time tr, all as date and clock times. The departure time, 
which denotes the time an evacuee leaves home due to 
the hurricane, is taken to be the latest time the individual 
was in the 100  m by 100  m home grid cell prior to the 
peak evacuation date for the associated census tract.

5 � Evacuee destination prediction models
5.1 � Data development
For the predictive component of this analysis, we seek 
to predict the number of evacuees, Fij, that travel from 
origin i to destination j as a function of feature vec-
tors describing the origin, ⇀

Xi , destination ⇀

Xj , and the 
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interaction between them, ⇀Xij . The origins and destina-
tions are taken to be MSAs because we observed evacuee 
origin and destinations are predominantly within MSAs 
(94% and 93% for origin and destination, respectively, 
across all hurricanes) and for practical purposes MSAs 
are sufficiently specific. Modeling origin-destination 
(OD) pairs as MSAs also helps to reduce the proportion 
of zeros in the training data. We are most interested in 
predicting the proportion of evacuees at each destination 
since other models are available to predict the number of 
evacuees departing from each origin. Nevertheless, pro-
portions are computationally difficult to model directly, 
thus in this model, we predict the number of evacuees, 
Fij.

To derive the required data, we first created an OD 
matrix of evacuee flows between census tracts, where 
the origins are census tracts with evidence of evacuation 
(from Step 5, Sect.  4.2) and the destinations include all 
census tracts across the United States. Since those flows 
only reflect people for which we have smartphone loca-
tion data, we then scale the flows up for each OD pair 
based on the population at the origin. Specifically, we 
divide the original number of evacuees by the maximum 
number of devices observed and multiply by the popu-
lation at the origin (Table 1). Finally, we aggregated cen-
sus tract flows to MSAs to obtain a new MSA-level OD 
matrix of evacuation flows. We define the final set of 
destinations to include all MSAs within the study area, 
as well as the approximately 98% MSAs outside the study 
boundary that are within 2000 km of their respective ori-
gins. The final dataset for Hurricanes Florence, Michael, 
Dorian, and Ida included 1,091,327 evacuees across 
118,914 OD pairs (Table 1).

5.2 � Features
Based on the literature (2.1), we hypothesize that hurri-
cane evacuation flows are related to: (1) distance between 
origin and destination, which captures impedance 
between OD pairs, (2) populations at origins and desti-
nations, which explain the level of production at origins 
and the attractiveness of destinations, (3) attributes of 
the hurricane, which could explain the relative hurricane 
threat at the origins and destinations, (4) features captur-
ing spatial dependency, and (5) joint features which are 
inspired by the traditional gravity equation, to capture 
interactions where for each feature, a joint feature is com-
puted by finding a product of the origin and destination 
values and dividing by square of the distance between 
the OD pair (Table 2). We also considered socio-demo-
graphic features such as the number of hotels/motels and 
unemployment rate at origins and destinations. However, 
these features were highly correlated with population 

(Pearson correlation coefficient of about 0.98 across hur-
ricanes), thus they were omitted.

Hurricane-specific attributes include, for each origin 
and each destination: (1) distance from hurricane loca-
tion (xoh, xdh); (2) distance from projected landfall loca-
tion along coastline (xol, xdl); (3) probability of wind 
speed exceeding 74 mph (xow, xdw); and (4) potential flood 
depth in the next 5 days (xoss, xdss) measured a day prior 
to the peak evacuation date for the corresponding origin. 
Data on hurricanes and hazards was collected from  the 
National Hurricane Center (NHC 2021). With the avail-
ability of dynamic trip distribution models, such as those 
in Rambha et  al. (2021) and Anyidoho et  al. (2022), the 
peak evacuation date for each MSA can be computed in 
advance; hence, these features can be estimated in a pre-
dictive mode.

Spatial dependency was captured by the straight-
line travel direction from origin to destination (xtdir) in 
degrees clockwise from north; travel direction in degrees 
clockwise from the forward direction of the hurricane at 
day prior to peak evacuation day (xhtdir); and the average 
latitude and average longitude of the origin and destina-
tion (xlat, xlon). The average longitude and latitude values 
capture positions of each OD pair relative to each other.

5.3 � Traditional gravity model
The gravity model is the most common trip distribution 
model in urban transportation planning. It incorporates 
the principle that trip patterns are explained by activities 
at the origin, the relative attractiveness of the destination, 
and the difficulty of making the trip between a pair of 
zones. Mathematically, the gravity model is described by 
the equation:

where, in the case of hurricane evacuation, Fij is the flow 
(number of evacuees) between origin i and destination 
j; Pi and Pj are the total populations of the origin i and 
destination j, respectively; and K is introduced as a scal-
ing parameter analogous to the gravitational constant. In 
traditional gravity models, Dij represents the resistance to 
travel between the origin and the destination and could 
be either travel time or distance. In hurricane evacua-
tion applications, Modali (2005) and Cheng et al. (2008) 
utilized travel time as the impedance to travel; Jiang and 
colleagues (2021) used travel distance. In this analysis, Dij 
is taken to be the shortest straight-line distance between 
origin and destination. The parameters β1 , β2 , and β3 are 
estimated for the population at the origin, population at 
the destination, and travel distance, respectively. There 

(1)Fij = K
P
β1

i P
β2

j

D
β3

ij
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are numerous approaches to estimating these heuristic 
parameters. Modali (2005) and Cheng et al. (2008) trans-
formed the problem and estimated the parameters using 
the popular least squares method. Jiang et al. (2021) used 
a non-linear optimization technique to estimate these 
parameters. As in most urban mobility gravity models, 
we fit the model as a Poisson regression using the glm 
package in R with distance and population as the only 
features.

Though widely used for other applications, the grav-
ity model has a few key shortcomings for application to 
hurricane evacuation. First, the destination choices of 
individuals under a hurricane threat are substantially 
impacted by the characteristics of the hurricane and its 
forecast (Southworth, 1991), features not incorporated 
into traditional gravity models. For example, evacuees 
are probably less likely to travel to a close destination 
impacted by the hurricane than a farther destination 
that is safe. Second, in practice, in hurricane evacuations 
many possible destinations are not selected because they 
are too far or are threatened by the hurricane. This results 
in many OD pairs with zero evacuation flows, making 
the OD matrix sparse. The associated data are referred 
to as over-dispersed or zero-inflated with a right skewed 
distribution. Existing gravity methods, however, ignore 
this distribution and mostly model their solution using 
either the least squares approach or a Poisson regres-
sion method. Finally, hurricane evacuation is a complex 
phenomenon, and thus models should be able to capture 
non-linear relationships. The gravity model is not flexible 
in capturing such nonlinearities.

5.4 � Zero‑inflated tweedie XGBoost (XGBoost) model
We propose a machine learning method to predict the 
evacuation flow between a pair of MSAs. It builds on tra-
ditional gravity models and addresses their shortcomings 
for this application by including hurricane attributes as 
features; representing overdispersion, zero-inflated data; 
and capturing nonlinearities.

Specifically, we develop a Zero-Inflated Extreme 
Gradient Boosting Tweedie Regressor (XGBoost), a 
meta model of a classifier and a regressor, that pre-
dicts the number of evacuees, Fij, that travel from ori-
gin i to destination j as a function of a feature set ⇀X . 
The feature set ⇀X is input into the classifier C, which 
determines whether flow should be zero. If the prob-
ability exceeds 0.5, the observation is forwarded to the 
regressor, R, which outputs a non-negative flow for the 
given pair. The feature set ⇀X includes features describ-
ing the origin, ⇀Xi , destination ⇀Xj , and the joint features 
between them, ⇀Xij , i.e., all those listed in Table 2. The 

interactive component of the feature space is inspired 
by the traditional gravity models, such that for a given 
feature at i and j the number of flows is not only 
dependent on the features describing the origin and 
destination, but also the interaction between the ori-
gin and the destination. As in Hong et  al. (2020), for 
each feature except the distance between OD pairs, the 
interactive term is given by the product of the feature 
values at origin and destination divided by the square 
of the distance between them.

Both classifier and regressor are gradient tree-boosting 
algorithms and the regressor is modeled as a Tweedie 
compound Poisson distribution. The gradient boosting 
model, a nonparametric machine learning method, com-
bines a series of weak learners (trees) and thus is able to 
capture complex interactions and produce high accura-
cies. The gradient boosting method also has hyperpa-
rameters which can be tuned to minimize overfitting and 
obtain desirable outputs. The extreme gradient boosting 
method, an extension of traditional gradient boosting, 
was chosen for both classifier and regressors because it 
converges quickly with fewer iterations, has an inbuilt 
capability to handle missing values, and enhances model 
training through parallelization and distributed com-
puting. The objective function for the classifier uses the 
logistic loss while the regressor is modeled as a Tweedie 
loss. We chose the Tweedie loss for the regressor since 
we expect the distribution to be highly skewed to the 
right. The classifier helps handle overdispersion, the 
boosting method is capable of fitting a flexible model 
and capturing complex interactions among predictors, 
and the Tweedie distribution can capture heavily right-
skewed data.

5.5 � Hyperparameter tuning
The machine learning model training involves finding the 
optimal hyperparameters for the given dataset. Both clas-
sifier and regressor contain hyperparameters that can be 
tuned to obtain a suitable model based on the objective 
function. For both classifier and regressor we considered 
maximum tree depth, number of estimators, and learn-
ing rate as parameters to be tuned. Given that the data 
is heavily zero-inflated we introduced a custom hyperpa-
rameter, k, to control an under-sampling of the zero flows 
in the training data. Specifically, if there are nt OD pairs 
with non-zero flows, we include all nt, and an additional 
k*nt randomly OD pairs with zero flows.

When fitting the model for this analysis, using the 
105,263 OD pairs from Hurricanes Florence, Michael, 
and Dorian, for both classifier and regressor, we tuned 
the hyperparameters by trying all combinations as 
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follows: maximum tree depth (5, 6, 7, 8, 9, 10); number 
of estimators (100, 200, 300, 400, 500); learning rate (0 
to 0.5 in increments of 0.1); and k (1 to 20 in increments 
of 1). For each combination of values, the ten-fold cross 
validation was conducted as described in Sect.  5.6, 
using the Common Part of Commuters (CPC) score 
and the coefficient of determination as scoring met-
rics. The set of parameters with the best model score 
was taken as the optimal set of hyperparameter values 
and the corresponding predictions were recorded. The 
best model reported optimal parameters of 10, 300, 
0.2, and 8 for the classifier and 6, 100, 0.1, and 8 for the 
regressor, for the maximum tree depth, number of esti-
mators, learning rate, and under-sampling parameters, 
respectively. Similarly, for the XGBoost model with 
traditional features (XGBoost-trad) the best model 
reported optimal parameters of 3, 200, 0.1, and 6 for 
the classifier and, 3, 100, 0.1, and 6 for the regressor, for 
the maximum tree depth, number of estimators, learn-
ing rate, and under-sampling parameter, respectively. 
There were no hyperparameters for the traditional 
gravity model.

5.6 � Evaluation approach and metrics
To evaluate the out-of-sample predictive power of 
the evacuee destination models and compare them, 
we used both cross validation (CV) and holdout vali-
dation and computed multiple metrics to capture the 
various dimensions of interest. Specifically, we (1) 
trained the gravity and XGBoost models using 105,263 
OD pairs across Florence, Michael, and Dorian and 

implemented a ten-fold CV for that dataset, and (2) 
conducted holdout validation to test the models on 
Hurricane Ida data. CV estimates the expected predic-
tion error over all training sets, rather than for a spe-
cific one. That is, it compares the methods rather than 
specific models with specific coefficient values. Hold-
out validation, on the other  hand, compares specific 
models but can lead to high variance depending on the 
particular holdout data used. To minimize the effect of 
the fold sampling for both models, we repeated the CV 
ten times, each with a different set of randomly gener-
ated folds and averaged the resulting 100 estimates of 
each error metric.

We evaluate the predictive performance of models 
using seven metrics along two dimensions of interest 
(Table 3), the ability to predict the (1) approximate dis-
tribution/proportion of evacuees across destinations, 
and (2) number of evacuees for individual OD pairs. 
To measure the ability of models to capture evacua-
tion demand distribution, our primary goal, we calcu-
late the mean absolute percentage distribution error 
(PDE), coefficient of determination ( R2

j  ) and the root 
mean squared error (RMSEj). The PDE, a newly pro-
posed metric, compares the proportion of observed 
and predicted evacuees across destinations. The good-
ness-of-fit measures ( R2

d
 and RMSEd), compare the 

observed and predicted number of incoming evacua-
tions at destinations.

To measure how well the model estimates the observed 
OD matrix, we compute Common Part of Commuters 
(CPC) and the Common Part of Commuters Distance 

Table 3  Evaluation metrics

a Pj and Pj = observed and predicted proportion of evacuees at destination j (0% to 100%); D = total number of destinations; Fij and F̂ij = observed and estimated 
number of evacuees from origin i to destination j; F  = average number of evacuees across OD pairs, Tb=number of evacuees that traveled within distance b (km); N = 
total number of OD pairs

Dimension Metric Equationa

Incoming evacuees at destinations Absolute Percentage distribution error
PDE =

∑
j |(Pj−P̂j )|

D

Coefficient of determination for destinations
R2j

(
F , F̂

)
= 1−

∑
j

(∑
i Fij−

∑
i F̂ij

)2

∑
j(
∑

i Fij−F)
2

Root Mean Squared Error for destinations
RMSEj

(
F , F̂

)
=

√
∑

j

(∑
i Fij−

∑
i F̂ij

)2

D

Full OD matrix Common Part of Commuters
CPC(F , F̂) =

2
∑

i,jmin(Fij ,F̂ij )∑
i,j Fij+

∑
i,j F̂ij

Common Part of Commuters Distance Variant
CPCd(F , F̂) =

2
∑

bmin(Tb ,T̂b)∑
bTb+

∑
bT̂b

Coefficient of determination
R2
(
F , F̂

)
= 1−

∑
i,j

(
Fij−F̂ij

)2

∑
i,j(Fij−F)

2

Root Mean Squared Error
RMSE

(
F , F̂

)
=

√
∑

i,j

(
Fij−F̂ij

)2

N
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Variant (CPCd), metrics that have mostly been used in 
urban planning models (Lenormand et  al., 2012, Lenor-
mand et  al., 2016, Robinson et  al. 2017). CPC com-
pares numbers of evacuees between the predicted and 
observed matrices. It is zero when the two matrices have 
no entries in common, and one when they are identical. 
CPCd measures how well a predicted evacuation matrix 
recreates trips at the same distances as the observed 
matrix. In the domain of hurricane evacuations, Modali 
(2005) and Cheng et al. (2008) captured  the idea of this 
metric by visually comparing the trip length frequency 
curves for the estimated and the observed data. We also 
present similar curves for our models in Sect.  6.1. In 
addition to these metrics, we also include the coefficient 
of determination ( R2 ) and the root mean squared error 
(RMSE).

6 � Results
6.1 � Evacuation behavior description results
After applying the smartphone location evacua-
tion description method (7) to Hurricanes Florence, 
Michael, Dorian, and Ida, we compare the results to 
those from the survey data for the first three (6.2.1). 
Since the smartphone data draws from a larger study 
area that includes regions far inland (Fig. 1), for a more 

direct comparison, we also present reduced smartphone 
results that include data only from the geographic areas 
that coincide with the survey data area. While both 
smartphone and survey data have limitations, they 
are independent approaches to describing evacuation 
behavior and therefore, agreement between them offers 
additional confidence in both results.

The smartphone, reduced smartphone, and survey 
data, respectively, indicate that 41%, 51%, and 57% of 
people evacuated in Hurricane Florence; 23%, 38%, and 
49% in Hurricane Michael, and 20%, 20%, and 16% in 
Hurricane Dorian. The reduced smartphone and survey 
data differ by 4 to 11 percentage points, which seems 
quite reasonable. All three datasets similarly suggest that 
evacuation rates were highest in Florence and lowest in 
Dorian. The lower evacuation rates for the full smart-
phone data make sense given that it includes more inland 
areas. Potential reasons for the differences in the evacua-
tion rates (and departure curves and distances traveled) 
estimated by the two datasets include possible sampling 
bias in the survey data, which was based on a nonran-
dom sample (Anyidoho et al., 2022), and the smartphone 
method’s prioritization of minimizing false positives 
(Sect. 4.2), which may result in undercounting evacuees, 
thus reducing evacuation rates.

Fig. 4  Comparison of departure curves for survey and smartphone data for a Florence, b Michael, and c Dorian



Page 13 of 21Anyidoho et al. Computational Urban Science            (2023) 3:30 	

To further understand evacuation patterns, we 
compare departure curves across the data types 
(Fig.  4)—survey, smartphone, and reduced smart-
phone. Across all hurricanes, evacuations happened 
more rapidly in the survey data than observed from 
the smartphone data variations. With landfall as a ref-
erence, the survey data suggests at least 98% of depar-
tures happened prior to landfall across all hurricanes. 
The smartphone data reports at least 80% for Flor-
ence and Dorian (Fig. 4a and c) and 30% for Michael 
(Fig.  4b) and the reduced smartphone data indicates 
similar values, except for Michael with at least 65% 
evacuating by landfall. The smartphone data covers a 
wider geographic region including inland areas from 
which evacuations occur after landfall from flood-
ing. Among the three hurricanes, the study area for 

Michael includes the most inland areas (Fig.  1), thus 
it experiences a significant increase in proportion 
of evacuees by landfall when these inland areas are 
removed.

We also compare the distribution of distance trave-
led by evacuees as estimated using the smartphone and 
survey data (Fig. 5). It can be observed that, despite the 
nuances in evacuation rates, across all and individual 
hurricanes, the travel distance patterns are compara-
ble between the survey and smartphone data. While the 
range of travel distance for the smartphone data extends 
beyond that of the survey data, most travels occurred 
within 2000 km (98%). This aligns with the first assump-
tion laid out by Southworth (1991) that evacuees will 
travel to the shortest possible destination which is out-
side the threat zone.

Fig. 5  Comparison of cumulative evacuation distance (limited to trips within 4000 km) for survey and smartphone data for a Florence, b Michael, 
and c Dorian, d All
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6.2 � Evacuee destination model prediction results
This section compares prediction results for three mod-
els—XGBoost, XGBoost-trad, and Gravity—using the 
evaluation approach and metrics defined in Sect.  5.6. 
The XGBoost is  trained on all features whereas, the 
XGBoost-trad model is trained on the traditional grav-
ity features (distance and population). For each evalua-
tion metric and each model, metrics are presented for 
the complete dataset (All) and considering only obser-
vations from one hurricane (Florence, Michael, and 
Dorian). We also present results of model validation for 
Hurricane Ida (Table 4).

6.2.1 � Incoming evacuees at destinations
While the model directly outputs the number of 
evacuees traveling between individual OD pairs, 
practical application of the model requires know-
ing the correct estimate of the proportion/number 
of evacuees at each destination as this influences 
planning for shelters and resource allocation. We 
compare the ability of the models to distribute 
evacuees at the aggregate level. Results indicate 
that the machine learning methods (XGBoost and 
XGBoost-trad) outperform the traditional gravity 
(Gravity) across metrics for both cross validation 
results and the holdout results on Ida (Table  4). In 
terms of the PDE, the   average  percentage of evacu-
ees going to destination j is under- or over-estimated 
with errors of 0.053, 0.078, and 0.102 percentage 

points (see All). Similarly, while errors are larger for 
the holdout set in Ida, XGBoost and XGBoost-trad 
report 0.087 and 0.097 percentage points, respec-
tively, versus 0.122 percentage points for the gravity 
model. The XGBoost outperforming XGBoost-trad 
confirms the significance of hurricane attributes in 
destination choice decisions. The spatial distribu-
tion of errors shows that all three models generally 
overpredict for destinations farther from the threat 
zone and underpredict for destinations closer to the 
threat zone (Figure  9 in 5.). This may be due to the 
fact that residents will likely evacuate to the closest 
but safest destination, thus the model expects evacu-
ees to evacuate to farther destinations not within the 
threat zone. Also, most of the farther destinations 
are within larger cities such as Atlanta, which will be 
more attractive to evacuees. However, the errors are 
smallest for XGBoost followed by XGBoost-trad and 
Gravity model. While the PDE uses the proportion of 
incoming evacuees, the R2

j and RMSEj, are computed 
based on the actual number of incoming predicted 
and observed evacuations (see Figure 8 in 5.).

6.2.2 � Individual OD predictions
It is also important to measure how well our mod-
els replicate observed OD matrices (Individual OD 
links), as this is crucial in traffic assignment, imple-
menting contraflow measures and resource allo-
cation. As expected, the metrics suggest that it is 

Table 4  Prediction results for models across evaluation metrics

a  Metrics are defined in Table 3. For RMSE, RMSEj, and PDE, lower values indicate better performance; for all other metrics, higher values indicate better performance

Hurricane Model Incoming evacuees at destinations Individual OD predictionsa

PDE % R2
j RMSEj CPC CPCd R2 RMSE

All XGBoost 0.053 0.843 1.567 0.544 0.964 0.546 101.635

XGBoost-trad 0.078 0.598 2.095 0.377 0.952 0.223 132.977

Gravity 0.102 0.395 2.706 0.272 0.810 0.052 146.923

Florence XGBoost 0.047 0.852 1.763 0.586 0.931 0.606 145.438

XGBoost-trad 0.071 0.629 2.456 0.372 0.718 0.253 200.262

Gravity 0.095 0.447 2.427 0.197 0.680 0.048 226.061

Michael XGBoost 0.049 0.893 1.506 0.508 0.949 0.485 58.976

XGBoost-trad 0.067 0.361 1.907 0.360 0.817 0.007 81.850

Gravity 0.088 0.305 2.899 0.334 0.758 0.093 78.225

Dorian XGBoost 0.062 0.789 1.409 0.517 0.913 0.464 117.667

XGBoost-trad 0.097 0.670 1.879 0.404 0.900 0.275 136.787

Gravity 0.124 0.328 2.762 0.285 0.724 0.035 157.810

Ida XGBoost 0.087 0.479 1.255 0.334 0.620 0.107 101.952

XGBoost-trad 0.097 0.506 1.362 0.287 0.665 0.100 102.306

Gravity 0.122 0.442 2.718 0.275 0.547 0.142 99.935
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difficult to accurately predict the exact number of 
evacuees on each OD pair, however, across all hur-
ricanes, the machine learning models (XGBoost, 
XGBoost-trad) outperform the traditional gravity 
model for the four metrics—CPC, CPCj, RMSE, and 
the R2. For all metrics, except for RMSE, a value of 
one suggests the predicted OD matrix perfectly 
matches the observed OD matrix and zero other-
wise. Entries in the predicted OD matrix are identical 
to 54%, 38% and 27% of entries in the observed OD 
matrix, for the XGBoost, XGBoost-trad, and Gravity, 
respectively (see CPC for All).

To our knowledge, the CPC metric has not been 
used in any of the trip distribution models from 
the hurricane evacuation literature. Existing stud-
ies typically use R2 and RMSE. However, studies by 
Modali (2005) and Cheng et  al. (2008) compared 
the trip length frequency distribution for observed 

and predicted trips, which is similar to the basis on 
which the CPCj is computed. We produced simi-
lar figures comparing the predicted cumulative trip 
frequencies to the observed. Most evacuees across 
individual hurricanes did not travel beyond 300  km 
(Fig.  6) across all hurricanes. This is reasonable 
and aligns with the first assumption by Southworth 
(1991) which states that evacuees will choose desti-
nations that are closer. Generally, across all events, 
the curve for the XGBoost model closely depicts the 
observed, followed by the XGBoost-trad as compared 
to the traditional gravity model. The three mod-
els perform well in capturing short distance travels 
(within 300 km), however, the gravity model and the 
machine learning model with traditional features 
(XGBoost-trad) are incapable of capturing long dis-
tance travels, even though the XGBoost-trad does a 
better job. This supports the importance of including 

Fig. 6  Comparison of cumulative evacuation distance distribution for observed data and models on a Florence b Michael, c Dorian, d Ida
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additional features related to the hurricane, as well 
as utilizing a model that learns non-linear relation-
ships. The Ida validation (Fig. 6d) suggests the mod-
els are not as good at predicting travel distance for a 
hurricane that was not within the training set. They 
all overestimated the distances evacuees traveled in 
Hurricane Ida, although XGBoost was much closer 
than the other models. This suggests the need to 
include multiple diverse hurricanes when training a 
model to enhance generalizability.

6.2.3 � Feature importance
That XGBoost outperforms XGBoost-trad and both 
outperform the traditional gravity method suggests 
that more features than those which are used by the 
traditional models, are needed to accurately predict 
trip distributions in hurricane evacuations. To better 
understand how each feature contributes to the pre-
diction, we rank the features in the XGBoost model 

in order of importance based on their SHAP (Shapley 
Additive exPlanations) values. Lundberg and Lee (2017) 
introduced the concept of SHAP values for uncovering 
the most informative features of tree-based machine 
learning models.

A SHAP value, computed for each observation-fea-
ture combination, indicates how much the feature con-
tributes to the evacuation flow prediction. In Fig.  7, 
the horizontal axis for each feature includes a point 
for each observation. A red point indicates the obser-
vation has a high value for that feature; a blue point 
indicates it has a low value for that feature. Positive 
SHAP values (to the right) indicate the feature con-
tributed to increasing the predicted evacuation flow; 
negative SHAP values (to the left) indicate the fea-
ture contributed to decreasing the predicted evacua-
tion flow. Interpreting the color and SHAP value (i.e., 
horizontal position) together, Fig.  7 shows for exam-
ple, that for the joint O-D population feature, xpjt, red 

Fig. 7  SHAP feature importance ranking of top 10 features for XGBoost model
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points are mostly to the right and blue points to the 
left. This suggests that high values of joint population 
(red) have a large positive contribution and low values 
of joint population (blue) have a large negative contri-
bution. In other words, the joint O-D population has 
a strong direct relationship with evacuation flow. By 
contrast, for the distance origin-hurricane feature, xoh, 
red points are more to the left and blue to the right, 
suggesting that large distances contribute to reduc-
ing evacuation flow predictions, and small distances 
contribute to increasing flow predictions. That is, the 
distance from the origin to the hurricane is inversely 
related to the evacuation flow. While SHAP values are 
computed for each feature and observation, Fig. 7 pro-
vides a global ranking across all observations, with the 
first being the most important.

We observe that the joint population feature, xpjt, 
is the most important predictor. On average, the 
smaller the value of the joint population feature, the 
smaller the predicted evacuation flow. The SHAP 
results confirm the importance of population and 
the distance between OD as represented by the tra-
ditional gravity model. Except for population at the 
origin and destination, travel direction, relative loca-
tion OD pairs represented by longitude and latitude, 
the remaining important features are dominated by 
hurricane-related attributes (origin forecast surge 
flooding, xoss, joint distance to landfall location, xljt, 
distance from origin to hurricane, xoh, and distance 
from destination to forecast landfall location, xdl). 
This again indicates that while population and dis-
tance are important, the choice of evacuee destina-
tions is also greatly influenced by the characteristics 
of the event. It is also worth noting that, the origin 
population does not appear in the top 10 features, 
which is an indication that the choice of destination 
is more influenced by the population at the destina-
tion. The origin population is more important in esti-
mating evacuation demand.

Another important feature is the relative geographic 
proximity of the origin and destination, represented by 
the average of the longitude values at origin and des-
tination. A notable weakness in the traditional gravity 
model lies in its inability to also capture spatial depend-
ency across OD pairs. For instance, it is expected that 
two zones that are close will have comparable evacua-
tion rates, and thus will have similar evacuation flows 
to a particular destination. With the main objective of 
applying the model to future hurricanes, it is impor-
tant to integrate spatial awareness and dependency in 

the models. This is crucial as a model trained on hurri-
canes that affected a particular geography might perform 
poorly when applied to a hurricane that impacted a dif-
ferent geography. This is evident from results from the 
holdout validation on Hurricane Ida (Table 4).

7 � Conclusions and future work
In this study we contribute to the literature on hur-
ricane evacuation population behavior by utilizing 
smartphone data to understand and predict destination 
choice decisions at the aggregate level. We offer three 
main contributions. First, we develop a method to iden-
tify evacuees and their final destinations and character-
ize travel trajectories using smartphone location data. 
Second, we propose a new machine learning model to 
predict evacuation flows. Finally, we comprehensively 
assess the generalizability of the developed method and 
compare it with the traditional gravity model across 
multiple evaluation metrics.

The new method to identify evacuees is fast, efficient, 
and semi-automated, thus it can easily be applied to new 
events. The machine learning model outperforms the tra-
ditional gravity model across all performance indicators. 
This suggests the need to capture more attributes related 
to the hurricane itself and to have models that are able to 
capture the complex interactions in population destina-
tion choice decisions.

The approach presented here does have some limita-
tions. First, because the method presented to identify 
evacuees seeks to minimize false evacuations, there is 
a possibility of leaving out people that actually evacu-
ated. The new XGBoost model also does not capture 
the dynamic aspect of evacuations, i.e., when evacu-
ations take place and if destination choices vary with 
time. Future work should focus on developing algo-
rithms that infer evacuees based on multiple charac-
teristics at the disaggregate level, thus minimizing 
both false positives and false negatives. Models should 
also be extended to predict time-dependent destina-
tion choice decisions capturing the dynamic hurricane 
attributes. We also recommend retraining the model 
with multiple and diverse hurricanes to improve the 
predictive power of existing models. Finally, since 
this is the first destination choice model for hurri-
cane evacuations that leveraged smartphone location 
data, future studies can utilize transfer learning tech-
niques by using model weights from the current mod-
els to train new models whenever new hurricane data 
becomes available.
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Appendix
Figures 8, 9, Table 5 

Fig. 8  Scatterplot of proportion of observed vrs predicted incoming evacuees for a Gravity, b XGBoost-trad, c XGBoost
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Table 5  Literature on evacuation destination choice prediction

Authors/year Hurricane Data Type Num obs Model Evaluation

Chen 2005 Floyd 1999 Telephone survey 1,042 Gravity, intervening opportunity None

Wilmot et al. 2008 Floyd 1999 Telephone survey 1,042 Gravity, intervening opportunity models Holdout for gravity on Andrew

Modali 2005 Floyd 1999 Telephone survey 697 Gravity (chi-square optimization) Holdout on Andrew

Cheng et al., 2008 Floyd 1999 Telephone survey 1,040 Multinomial logit/discrete None (on train data)

Cheng et al., 2011 Floyd 1999 Telephone survey 1,040 Gravity, time dependent gravity None

Mesa-Arango et al., 2013 Ivan 2004 Telephone survey 1,419 Nested logit None

Hong et al. 2020 Irma 2017 Geotagged Twitter 2,020 Machine learning methods Holdout (75%: 25%)

Jiang et al., 2021 Mathew 2016 Geotagged Twitter 1,286 Gravity CV

Fig. 9  Map of percentage distribution error on Florence for a Gravity, b XGBoost-trad, c XGBoost
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