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ABSTRACT 
 

Traditionally, hurricane evacuation behavior is investigated based on survey data. 

Later, various types of data, such as call detail records (CDRs), Global Position 

System (GPS) data and geo-tagged twitter data are widely used in hurricane related 

studies. However, few studies have taken advantage of smartphone location data to 

explore the evacuation behavior during hurricanes. In this study, we analyze the 

evacuation behavior of residents along the eastern coast of North Carolina based on 

large-scale, privacy-preserving smartphone location data before and during Hurricane 

Florence. We first reproduce an existing method and then propose two new models to 

identify home location for each user based on the processed check-in data. The 

accuracy of the home locations we identified is assessed by the North Carolina parcel 

dataset. We find that 89.96% and 90.61% of home locations derived from our two 

models are in residential areas. Further, a distance-based method is applied to detect 

evacuees from the trajectory check-ins during the hurricane study period. The 

evacuation rate estimated is validated by a web-based survey deployed after Hurricane 

Florence.  

Keywords: smartphone location data, home identification, evacuee detection, 

evacuation pattern 
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1. Introduction 

Evacuation is an important protective action for vulnerable areas when a 

hurricane is approaching. The large volume of vehicular traffic involved in an 

evacuation can significantly exceed the capacity of local road networks (Lindell & 

Prater, 2007). Given the complexity of managing evacuations, governmental agencies 

must handle multiple challenges that are heavily dependent on how people behave in a 

disaster situation (Wong et al., 2018). Thus, the understanding of the population 

behavior during the hurricane season becomes more and more important for hurricane 

management. However, there is a great deal of uncertainty in human behavior, and it is 

also challenging for researchers to fully understand the evacuation behavior (e.g., how 

many people leave, when, from where, and to where). 

Traditionally, surveys have been the key method to investigate evacuation 

behavior, but it is increasingly challenging and expensive to field these surveys due to 

often quite low response rates.  Also, the statistical models developed using these 

methods have not been especially potent for prediction and are often challenged when 

applied to new events (Xu et al., 2016).  

In the past two decades, more diverse data sources have emerged in hurricane 

behavior studies. With the popularization and wide application of positioning 

technologies, more and more location-based data have been applied to studies in the 

hurricane field. These data make it possible to study human mobility patterns based on 

spatio-temporal location points. For example, call detail records (CDRs), Global 

Position System (GPS) data, and even geo-tagged twitter data are widely used in 
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hurricane evacuation studies.  

Recent years, with the development of various mobile positioning 

technologies, smartphone location data (SLD) has been widely used in various areas of 

scientific research. The SLD is a passively collected data from mobile applications, 

based on the existing location sensors such as Wi-Fi, Bluetooth, cellular tower, and 

GPS (Wang & Chen, 2018). With the increasing computing power, the volume of this 

kind of data gives researchers the opportunity to study the behavior based on a much 

larger sample size. Besides, the smaller Location Recording Interval (LRI) (Yang et 

al., 2020) also makes it possible to study the trajectory mining (Chetty et al., 2015) 

and human mobility (Bohte et al., 2009; Gong et al., 2014; Zhou et al., 2016; Wang et 

al., 2019). Obviously, hurricane evacuation is also one important field that could 

benefit from the precise and frequently sampled SLD and its hidden travel 

information. However, few studies have made full use of the SLD to explore the 

specific evacuation behavior for hurricanes. 

This paper is the first evacuation study using SLD for Hurricane Florence.  It 

provides two different models to identify home locations and a distance-based evacuee 

detection model to explore evacuation behavior. Compared with the existing model 

based on SLD for Hurricane Irma (Darzi et al., 2021), the two home identification 

models we proposed have higher accuracy on our dataset and it is better able to detect 

evacuees that leave for relatively shorter periods of time. 

Hurricane Florence was a long-lived, category 4 hurricane that made landfall 

along the southeastern coast of North Carolina on the early morning of Sep. 14, 2018, 
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it resulted in 22 direct deaths and was also associated with 30 indirect fatalities 

(Stewart & Berg, 2019). This research is focused on two key questions. The first 

question is “How can we identify the home location of each cell phone user?” The 

second question is “How do we determine whether a cell phone user has evacuated 

and, if they have evacuated, where do they go?” 

The rest of this paper is organized as follows. Section 2 reviews relevant 

literature. Section 3 describes the data used including SLD, the parcel data as well as 

the survey data collected. Section 4 describes the raw data processing including its 

conversion to check-in data. Section 5 proposes two home identification models and 

compares the performances of these models to the existing model (Darzi et al., 2021). 

Section 6 describes a method to determine who has evacuated and, if they have 

evacuated, to where they have gone. It also includes a discussion of what this method 

suggests about the Florence evacuation and how these insights compare to those 

collected via the survey.  Section 7 gives conclusions and opportunities for future 

research. 
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2. Literature review 

2.1 Different data in hurricane research 

2.1.1 Survey data 

Traditionally, survey data has supported many aspects of hurricane-related 

research. With focus on evacuation behavior, Wong et al. (2018) studied the 

evacuation behavior of victims of Hurricane Irma via an online survey data. The rich 

survey content supports their research, ranging from evacuation choice of destination, 

transportation mode, to the specific concerns of the evacuation behavior. To compare 

the differences between coastal and inland populations in evacuation decisions and 

timing, survey data from several hurricanes in the United States was collected to 

support the research (Mongold et al., 2020). Besides, other demographic features 

provided by the survey data also make it possible to study the factors that lead to 

different evacuation behavior. For example, Elliott et al. (2006) used survey data 

collected from over 1200 Hurricane Katrina survivors to examine the influences of 

race and class on a wide array of responses. Xu et al. (2016) developed a new ordered 

probit model based on the demographic features from survey that can be used for 

predicting evacuation rates in future. A household-level nested logit model based on 

household information from survey was proposed by Mesa-Arango et al. (2013) to 

study the hurricane evacuation destination type choice. 

In this paper, we also take good advantage of survey data to verify our analysis 

results. A web-based survey instrument was deployed and posted on social media 

(e.g., Facebook and Reddit) through hurricane-related groups right after Hurricane 



9 

 

  9 

Florence. The questions of the survey range from whether to evacuate or not, 

evacuation timing, destination, and travel mode to the reason for evacuation, main 

concern about the hurricane, evacuation behavior of neighbors, as well as 

demographic information. 

2.1.2 Geotagged twitter data 

With the widespread use of social media, geotagged twitter data has become a 

new type of data to be used in research. Geotagged tweets provide a representative 

sample of individuals in the age range 18-54 years, complementing elderly-biased 

questionnaire survey samples, and the validity of Twitter to explore certain aspects of 

evacuation behavior is also confirmed (Martín et al., 2020). Thus, many previous 

studies have taken advantage of geotagged twitter data to study the evacuation 

behavior during hurricanes. Martín et al. (2017) developed an approach, involving 

statistical and spatial processing, to leverage geotagged tweets to assess the evacuation 

responses of residents during Hurricane Matthew. For evacuation identification, 

Kumar et al. (2018) also leveraged geotagged tweets and established a strong link 

between the social connectivity with the decision of the users to evacuate or stay 

during Hurricane Sandy. However, only 1-2% of tweets are geo-tagged, and the 

location information is of low reliability (Priedhorsky et al., 2014; Tasse et al., 2017; 

Middleton et al., 2018). Thus, this type of data can hardly reflect the evacuation 

behavior on a population level. 

2.1.3 Smartphone location data (SLD) 

Recently, although not much, the SLD with a larger sample size and stronger 
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statistical power has already been used in hurricane related research. The movement 

patterns during the evacuation in city-level have been characterized by Harper et al. 

(2020) using both spatial analysis and generalized linear modeling methods. Besides 

evacuation, the recovery patterns after the hurricane, as well as the influence factors, 

such as the income inequality (Yabe & Ukkusuri, 2020) and inter-city social ties 

(Yabe & Ukkusuri, 2019) have also been studied based on SLD. To further take good 

advantage of SLD for hurricane related research, this study explores the evacuation 

behavior for samples from the evacuation zones of the eastern coast of North Carolina 

on both individual-level and county-level during Hurricane Florence. 

2.2 Trip information from SLD  

As for the SLD, it has been widely used in transportation related fields, 

especially in the studies of travel behavior and human mobility. The essence of the 

SLD is the large-scale spatio-temporal data, both the spatial and temporal information 

can be leveraged to obtain trip information, such as travel mode and trip end via 

machine learning methods (Bohte & Maat, 2009; Lu et al., 2012; Gong et al., 2014; 

Zhou et al., 2016). Gong et al. (2015) combined the density-based clustering and the 

support vector machines to identify activity stop locations for the further forecast of 

activity-based transportation demand. The trip information also contributes to the 

large-scale disasters like the COVID-19 pandemic. For example, Zhou et al. (2020) 

identified interstate trips and analyzed the temporal changes and spatial differences of 

interstate mobility behavior during the COVID-19. Zhang et al. (2020) produced a 

daily-updated platform to inform users about the effects of COVID-19 spread based on 
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the SLD. In this paper, the trip information behind the spatio-temporal SLD is also 

mined to study the hurricane evacuation behavior. 

2.3 Place of interest identification 

To take good advantage of SLD, some rule-based algorithms are proposed to 

process the data, keeping only the significant information (Wang et al., 2019). More 

valuable information, such as places of interest and human activities, is possible to be 

derived and able to contribute to the better understanding of human behavior. A 

method that can automatically derive semantic locations from user’s traces with high 

accuracy has been proposed by Liu et al. (2006). Montoliu et al. (2013) obtained the 

places of interest via two levels of clustering: the first to discover stay points and the 

second to obtain stay regions. In this study, to detect the evacuation decision for each 

user, the most important place of interest is the home location. Several home detection 

methods have been compared by Bojic et al. (2015) on different dataset to test 

different definitions of home location, such as the place with the maximal timespan 

and the place that people spend the maximal number of days from 7 PM to 7 AM. 

Similarly, Çolak et al. (2015) proposed a method to label zones as home and work 

based on the frequency and the time of day based on the call detailed records (CDRs). 

Hu et al. (2016) extracted several features, including the check-in rate, last destination 

of a day, as well as spatial and temporal features, of every unique location of one’s 

hourly traces to study the inherent property of home. This paper also starts from the 

home location identification, and the home location we derived for each user will be 

treated as the base when studying the evacuation decisions during Hurricane Florence. 
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3. Data 

3.1 Smartphone location data (SLD) 

The main data used in this paper is a smartphone location dataset provided by 

Cuebiq, a location intelligence and measurement platform. This first-party data is 

collected from anonymized users who have opted-in to provide access to their location 

data anonymously, through a CCPA and GDPR-compliant framework. This 

framework enables us to query anonymized and privacy-enhanced data, by providing 

access to an auditable, on-premise sandbox environment, from which we extract 

aggregate results. 

The SLD is a passively collected location dataset with both spatial and 

temporal information available. For each device, the dimension of the SLD includes 

the unique user ID, device type, time stamp, latitude, longitude, and error range. Table 

1 illustrates the nature of the data but is not specific to an individual with the precision 

in the longitude and latitude values indicated with X as placeholders. 

Table 1. Sample synthetic smartphone location data 

Timestamp User ID Device Type Longitude Latitude Error Range (m) Time Zone 
Offset (s) 

1535079133 User#1 0 36.09XXX -75.71XXX 43 -14400 

1535079395 User#1 0 36.04XXX -75.69XXX 51 -14400 
1535079639 User#1 0 36.013XXX -75.67XXX 63 -14400 

1535079959 User#1 0 35.97XXX -75.63XXX 85 -14400 
1535080188 User#1 0 35.92XXX -75.61XXX 53 -14400 

 

There are two types of devices in this dataset: “0” stands for Android and “1” 

stands for iOS (iphone). Android collects data via a time-based sampling 

methodology, while iOS collects data via a movement-based methodology. For 
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Android, the location information is taken down every few minutes (usually 11 

minutes); for iOS, the location information is taken down whenever the device detects 

movement. Due to the different data acquisition methodologies for Android and iOS, 

different methods for data cleaning are applied to the two device types. 

Although the raw data does not include demographic information about users 

or any geographic information beyond evolving location, the volume of the dataset 

makes it possible to study both the individual movement patterns and population 

behavior during the hurricane season. Based on the temporal information provided in 

the dataset, the number of people that chose to evacuate, the length of absence, and 

destination choice can be studies. In order to preserve privacy, for each user, the home 

information is inferred by Cuebiq in the form of a zip code. Thus, we know the home 

zip code for each user, rather than the precise home location. To understand who has 

evacuated, it is important to refine this location information as well as to provide 

insight as to who might have decided to move. 

The date range for this study is from Aug. 19, 2018 (26 days before Hurricane 

Florence made landfall) to Oct. 31, 2018.  This data allows us to compare the 

movement patterns of the coastal residents before, during and after Hurricane 

Florence. 

For this smartphone location data, since we intend to make statements about 

population behavior, it is useful to understand how smartphone ownership varies 

based on age. The age distribution is given in Table 2. 16% of the sample is under 18 

years old, 45% of the sample is from 18 to 44 years old, 29% is from 45 to 64 years 
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old, and 10% is 65 years old or over. 

Table 2. Age distribution of the sample 

  Under 18 18-44 45-64 65 and over 
Population distribution 24% 37% 26% 13% 
Smartphone ownership 50% 95% 83% 61% 
Fraction of population 12% 35% 22% 8% 
Fraction of sample 16% 45% 29% 10% 

 

Source: https://www.pewresearch.org (2021), https://www.statista.com (2021), Howden and Meyer 

(2011) 

3.2 Survey data 

A 5- to 10-minute web-based survey instrument was deployed after Hurricanes 

Florence. The survey includes questions on if the individual evacuated, the route 

taken, destination, timing of departure and arrival; reasons for leaving or not; 

knowledge of official evacuation orders; and socio-demographic data. It was posted on 

social media (e.g., Facebook and Reddit) through hurricane-related groups. There were 

1,467 complete observations for Hurricane Florence. This survey data has been used to 

study the evacuation behavior of inland populations compared to coastal populations 

(Mongold et al., 2020).  

3.3 North Carolina parcel dataset 

The North Carolina parcel dataset (North Carolina OneMap, 2021) is a 

statewide standardized dataset that provides statewide property information for North 

Carolina. The parcel data comes from the GIS offices in each North Carolina county 

and the Eastern Band of Cherokee Indians (EBCI). Each county uploads their Esri 

shape file to the NC Parcels Transformer, a cloud-based application. The county then 
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matches the attributes from their shape file to the agreed-upon state standard. The 

parcel data in this study is used to validate the home locations. 

3.4 Evacuation zones  

The North Carolina evacuation zones are defined by the North Carolina 

Department of Public Safety (2020). The evacuation zones include 21 counties (Fig. 1) 

from the eastern coast of North Carolina that are vulnerable to impacts from 

hurricanes, tropical storms, and other hazards.  

 

Figure.1 The geographic location of the evacuation zones  

(North Carolina Department of Public Safety, 2020) 
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4. Data processing 

4.1 Data cleaning 

For this study, since our research target is the eastern coastal counties of North 

Carolina, we focus on the 43,495 users that have a home zip code within the research 

area according to the home zip codes provided in the Cuebiq data. We then limit the 

users to the 18,209 users with at least one record for each day during the evacuation 

study period.  

Android and iOS, because of the methodology used to collect the data have 

different levels of spatial accuracy.  For Android devices, the location information is 

less accurate (e.g., errors can be on the order of between 2,000 meters to 3,000 meters) 

because of the positioning technologies used.  Those technologies are GPS-, WiFi-, 

Bluetooth-, and cellular-towers-based technologies (Wang et al., 2019).  

For iOS devices, given the movement-based methodology mentioned 

previously, most of the location records are collected as the devices are being 

transported on roads and therefore the locations collected are more spatially accurate 

for iOS as illustrated in Fig. 2 below. That is, only about 70% of the location data 

collected on Android phones has an accuracy of less than 100 meters; however, that 

accuracy is attained by almost 97% of the data collected via iOS devices. 
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Figure 2. SLD error rate distribution for different device type 

One significant problem caused by lack of spatial accuracy is that it leads to 

the existence of outliers; that is a location given in the dataset that is likely quite a 

distance from where the phone is. For the remainder of this discussion, we focus on 

records that have been tagged as having a spatial accuracy of 800 meters or worse.  

For those records, we only consider how the location record for an individual phone 

fits in the pattern of data collected for that phone. If, based on the full pattern, the 

phone would have had to be moving at an unreasonable speed to be at a location at the 

given time, that record is discarded.  We assume that speeds that exceed 80 mph are 

unreasonable indicating substantial spatial inaccuracy in the record. This is the similar 

process as described in Xiong et al. (2020). 

Since the location-based service produces location data that differs between 

Android and iOS (Yang et al., 2020), several rules are applied to clean the smartphone 

location data prior to use. For example, a typical problem for Android devices is the 

oscillation sequence, which is characterized by location records “jumping” back and 

50%
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forth between two coordinates. In this study, we apply a time-window-based method 

(Wang & Chen, 2018) to remove the oscillation sequences. More rules about the data 

conversion are described in the next subsection.  

4.2 Check-in data 

We take the location data that has been cleaned as described above and create 

“check-in”.  The word “check-in” refers to an event that begins and ends at distinct 

points in time for a particular phone (Cho et al., 2011). Since our goal is to understand 

home location and whether someone evacuated, check-in data is generally more useful 

than phone location data. Ideally, we want to identify when people “check-in” to their 

home or to a temporary location for shelter during the evacuation time-period.   

To create the check-in data, we remove location records that indicate travel 

between locations. This, at least approximately, leaves records where the phone has 

been in a location of substantial periods of time.   To make check-in data, these 

“static” location records are fused to obtain the information of when a user checked-in 

to a specific location and how long the user spent at that location. To do that, a 

threshold-based recursive method is applied on the static location records. That 

method is as follows. 

To begin with, the first location record L1 is taken as the check-in group G1, 

then the distance D12 between L1 to the next location record L2 is calculated. If D12 is 

smaller than the threshold (300 meters), then L2 is added to the check-in group G1. 

Otherwise, L2 is taken as a new check-in group G2. The same process is repeated for 

each static location record, so that every static location record is assigned to a check-in 
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group. Next, for each check-in group, the centroid is defined as the mean value of all 

latitudes and longitudes in this group, and the centroid itself is taken as a check-in 

point. The duration of a check-in is defined as the difference between the timestamp of 

the last location record and the timestamp of the first location record in the check-in 

group. Finally, check-ins with duration smaller than the 10-minute threshold are 

removed, because these check-ins indicate a temporary stop such as waiting for the 

traffic lights or picking someone up. 

The sample check-in data is shown in Table 3. Fig. 3 shows how check-ins 

compare with the raw data for a 24-hour period. The area of the circle in Fig. 3-b 

indicates the duration that the synthetic user stayed at the check-in location. Again, 

Table 3 and Fig. 4 are illustrative only and generated from synthetic data to preserve 

privacy. 

 
Table 3. Sample check-in data 

User ID Latitude Longitude Start Timestamp End Timestamp Dwell Time (s) 

User#1 35.9XXX -75.7XXX 15352XXXXX 15352XXXXX 31400 

User#1 35.9XXX -75.6XXX 15352XXXXX 15352XXXXX 17000 
User#1 35.9XXX -75.5XXX 15353XXXXX 15353XXXXX 8000 

User#1 35.8XXX -75.5XXX 15353XXXXX 15353XXXXX 7900 
User#1 36.1XXX -75.7XXX 15353XXXXX 15353XXXXX 2000 
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Figure 3-a. Sample raw data                         Figure 3-b. Sample check-in data 

 

 

5. Home location identification 

In this section, we first reproduce an existing method (Darzi et al., 2021) on 

our dataset, then two new models based on check-ins are proposed to identify the 

specific home location for each user. The performances of these three models are 

compared by the property information from the parcel data.  

5.1 Clustering 

Given the fact that the check-ins for the same places (e.g., home, work) from 

different days (even different time on the same day) are slightly different in specific 

coordinates, some clustering algorithms are necessary to detect and cluster all 

locations that belong to the same place. To achieve this goal, the DBSCAN algorithm 

is applied in this study based on check-ins. DBSCAN is a widely used clustering 

algorithm that has been applied in various research fields, especially in traffic related 
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fields. For example, Luo et al. (2016) applied the DBSCAN method to the locations of 

some activities selected from social media to determine the activity centers. Barchiesi 

et al. (2015) used DBSCAN to cluster groups of local geo-tagged pictures while 

modelling the human mobility patterns. When studying human mobility from large 

scale taxi GPS data, Tang et al. (2015) also leveraged DBSCAN to cluster pick-up and 

drop-off locations. Besides, there are also some extension versions of DBSCAN, such 

as T-DBSCAN (Chen et al., 2014) and ST-DBSCAN (Birant & Kut, 2007), that 

attempt to capture the special and temporal dimensions at the same time. 

DBSCAN is a density-based clustering method that is effective in discovering 

clusters of arbitrary shape. Another key strength of DBSCAN is that the algorithm 

provides insight as to how to determine appropriate values of the two parameters, Eps 

and MinPts, (Ester et al., 1996). Parameter Eps refers to the maximum distance 

between two samples for one to be considered as in the neighborhood of the other, and 

MinPts indicates the number of samples (or total weight) in a neighborhood for a point 

to be considered as a core point (Pedregosa et al., 2011).  DBSCAN allows us to 

control the size of each place we define based on domain knowledge to prevent the 

spatial extent of the check-in location expanding to an unreasonable level.  

In the existing method developed in Darzi et al. (2021), DBSCAN was applied 

on the raw smartphone records in the time window 7 PM to 7 AM to identify home 

locations in the case study of Hurricane Irma. In our study we use the entire day since 

some people work at night and we would like to find their home locations as well (and 

not attribute their work locations as their home location). Hence, both of our two 
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models are based on all available check-in data before the hurricane study period 

(before 12 AM, Sep. 9). The methodology comparison of the existing method and our 

two models is shown in Fig. 4. 

Since the sample size of the check-in data varies for different users, to further 

improve the performance of the clustering algorithm, instead of using a fixed set of 

parameters, a set of adaptive parameters are estimated before formally implementing 

the algorithm. The parameters are adjusted according to the sample size, and then the 

silhouette score (Rousseeuw 1987) is calculated as an indicator of the performance of 

the clustering. The best set of parameters is defined as the one with the highest 

silhouette score. Great-circle distance is used to compute distances between locations. 

 

 
Figure 4. Methodology comparison of three models 
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5.2 The Most-Frequent-Location model 

The Most-Frequent-Location model (MFL model) assumes that people spend 

more time at their home than anywhere else. Some related literature supports this 

assumption. Montoliu et al. (2013) found that people spend 67% of their time at home, 

20% of their time at work, 7% of their time in free time places, and 6% of their time in 

other places. Brasche et al. (2005) showed that among their 11,918 samples, the mean 

time people spend at home is 15.7 hours (65.4% of time). Cho et al. (2011) also 

defined the home location as the unit geographic cell with the most check-ins (their 

check-ins do not have the dimension of duration), and the accuracy of that definition 

in their analysis was found to be 85%.  

Since the temporal dimension is captured by the check-in data, the clustering 

algorithm is only applied to fuse the check-ins belonging to the same place. To 

achieve this goal, the DBSCAN algorithm is applied on the check-ins to identify the 

clusters with high densities (Kriegel et al., 2011) of check-ins based on the best 

parameters are found. We then compute the centroid of the clusters.  These centroids 

represent the specific locations that could be the home location. Since our clusters are 

also associated with a duration, we use the cluster centroid that represents the longest 

dwell time as the home location for the phone. Similarly, we assume the cluster that 

has the second longest dwell for the phone is the work location.  

5.3 The Diurnal-Pattern model 

The Diurnal-Pattern model (DP model) identifies the home and work locations 

based on the diurnal patterns. First, the calendar days before the first day that the 
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evacuation order was issued (i.e. from Aug. 18 to Sep. 9) are divided into 24 time slots 

with one hour for each (e.g., slot#1 stands for 1 am to 2 am among multiple days). 

Then, all check-ins are allocated to the 24 time slots with its zip code number. Since 

check-ins have a dimension of dwell time, each check-in can occupy multiple adjacent 

time slots. We then count the number of days the user showed up in a certain zip code 

area for each time slot. 

The idea behind this model is to allocate all check-ins into the time slots and 

show the location patterns for each user among different time slots for multiple days. 

For people who go to a certain place every day, like office workers, the diurnal pattern 

is distinct (Fig. 5), so we define the most frequent zip code during the night (8 PM to 7 

AM) as home zip code and the one during the daytime (9 AM to 5 PM) as work zip 

code. 

 

 

Figure 5. A sample diurnal pattern for a certain user 
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For evacuation study, we care about home locations more than work locations. 

To obtain the specific home locations, after the inference of the home zip code for 

each user, we filter the check-ins within the home zip code area first, then DBSCAN is 

applied on these filtered check-ins to identify the home location based on the density 

of check-ins. The centroid of the cluster with the highest density is defined as the 

specific home location. In this model, the time dimension is captured by the time slots 

instead of the dwell time of check-ins, and the number of check-ins reflects the 

frequency of the user visiting a certain place. 

5.4 Home location validation 

The accuracy of evacuee detection is closely related to the accuracy of the 

identification of home locations. Thus, the validation of home locations we generated 

is essential to ensure the reasonability and accuracy of the evacuee detection 

modeling. In this study, we leverage the North Carolina parcel dataset to validate the 

home locations. The parcel dataset provides the information for land use (e.g., 

townhouse, apartment, commercial area, mobile home, etc.). In practice, we buffer the 

home locations we found to the nearest land parcel border because some home 

locations might be in the areas with no parcels covered. Then, if the home location is 

in a residential area, we assume the home location is “correctly” identified. However, 

only about half of the land parcels have use information available. This implies that 

we can only assess about half the phones as to whether they are associated with a 

residential land parcel or not.  For the remainder of this validation exercise, we focus 

on only those phones for which the associated parcels include use information.  
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Table 3 shows the validation results for the two home identification models. 

For both models, a very large portion (89.96% and 90.61%) of the locations identified 

as the home map to residential locations in the parcel data.  This is a positive 

indication of algorithm performance. The same process is also applied to work 

locations. Since not everyone who has a phone has a job or a fixed separate place 

where they work, the non-residential rate for work locations is not as high as the 

residential rate is for home locations, however, it is still quite substantial. 

Table 3. Home identification validation 

MODEL 
Home Location Work Location No 

Residential 
Location 
Identified 

Residential Non-
residential Residential Non-

residential 

MFL Model 89.96% 10.04% 42.24% 57.76% 7.00% 
DP Model 90.61% 9.39% 50.77% 49.23% 7.11% 

Existing Model 77.27% 22.39% ### ### ### 
 

For both models, when the home location identified is non-residential, we 

investigate whether the work location identified is residential. For the MFL model, 

10.04% phones are associated with non-residential home locations.  Remember, in this 

model we associate the home location with the cluster with the longest dwell time.  

Among those phones, about 30.28% of them (i.e. 3.04% of the sample) have work 

locations in residential areas and 69.72% of them (i.e. 7.00% of the sample) have both 

home and work location in non-residential areas. This implies that about 3.04% of 

phones are associated with users that spend more time at work than at home on a 

regular basis. The DP model associates 90.61% of phones with residential locations at 

night. Of the 9.39% of phones that are associated with a non-residential location at 
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night, 24.28% (2.28% of sample) are associated with a residential location during the 

day. This suggests that about 2.28% of phones are individuals that work at night.  

Notice about 7.11% of the phones are not identified either home or work location in 

residential. 

Then, we can develop an estimation of the fraction of individuals that work 

night based on the SLD.  According to the Bureau of Labor Statistics (2005), people 

who work night shifts make up 3.2% of the work force. In addition, 2.5% of work 

force works rotating shifts, meaning they alternate between day, evening, and night 

shifts. Further, Table 2 gives the age distribution individuals in the smartphone 

sample. Generally, 74% of our sample is between 18-64 years old. We assume only 

these people are likely to be employed. The employment rate for aged 18-64 in the US 

in August 2018 is about 70% (Organization for Economic Co-operation and 

Development, 2021). In addition, since 33% of our sample has both home and work 

locations in the parcel data, this suggests that in the SLD about 4.1% of the individuals 

between 18- and 64-years old phones are associated with working night. 

 

 

6. Hurricane evacuation 

In this section, we focus on a comparison of the evacuation rates using the 

home locations from the MFL and DP models individually, and the rates obtained 

through the combination of these two models. Further, a relatively small number of the 

18,209 phones associated with zip codes in the 21 counties of interests based on the 
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Cubiq zip code data, using the MFL and/or DP home location analysis are not within 

these 21 counties, so we remove them from the evacuation analysis. This results in a 

loss of 3.3% and 3.7% of phones in the MFL and DP analyses, respectively. With that 

caveat, Fig. 6 illustrates that 92% of users have virtually identical home locations 

(distance difference < 0.3 km) identified via both the MFL and DP models. This 

translates into about 88% of the original sample of 18,209 phones. 

 

Figure. 6 Difference in home locations between the MFP and DP estimates (in km) 

6.1 Preliminary analysis 

After the hurricane, some residents moved, likely for a variety of reasons 

including normal patterns of life decisions (changing jobs, downsizing when kids 

leave home for college, etc.), in addition to extensive storm damage. We estimate how 

many people moved after the hurricane based on both home identification models 

using data from the month of October.  Based on the MFL and DP models, about 

10.4% and 7.8% of individuals moved to a new zip code. If we require that the pre-

storm home location produced by both models are within 0.3 km of each other, which 

reduces phones included in the estimate by 12%. We conclude that about 5.6% of 
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individuals now live in a different zip code then their pre-event zip code.  

Fig. 7 gives the distribution of phone users who have moved after the hurricane 

with evacuation zones defined by the North Carolina Department of Crime Control 

and Public Safety (2017). Zones A through D are in decreasing order of risk.  More 

specifically, Zone A identifies areas that have at least a 1% annual probability of being 

inundated.  Zone B identifies areas that have at least a 0.2% probability of inundation 

but less than a 1% annual probability. Zones C and D are believed to be minimally 

prone to flooding.  The red dots are those that moved with their pre-move location 

identified.  The blue dots are those that have not moved. Table 4 gives the percentage 

of people who have moved after the hurricane by evacuation zone. It indicates that 

people in areas with high risk, like Zone A, are more likely to move after the hurricane 

than lower-risk areas, like Zone B, C and D.  

 

Figure. 7 Distribution of users who moved after hurricane 
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Table. 4 Rate of moving for different evacuation zones 

Evacuation zone Rate of moving 
Zone A 8.11% 

       Zone B 4.87% 
Zone C/D 5.19% 

 

6.2 Evacuee detection model 

In this analysis, we infer evacuations by comparing the last location of the 

phone each day to the home location during the two days prior to landfall through the 

three days after landfall; and, if this distance on at least one day exceeds 1 kilometer, 

we conclude they evacuated.  We term this method the Daily-Last-Location-Distance 

method. 

Darzi et al. (2021) calculates the daily minimum distance to home for each 

device to detect evacuees using a 1-mile threshold. Although the daily-minimum-

distance method is a straightforward method to detect long-distance and long-term (at 

least two nights) evacuations, it is difficult for it to identify short-distance and shorter-

term evacuations.  These shorter duration evacuations are also prevalent (Cheng et al., 

2013). We find that evacuation durations of only one night are about 12.18% of 

evacuations in hurricane Florence. 

6.3 Validation of evacuation rates 

Table 5 compares the evacuation model results based on different sets of home 

locations to the survey data collected.  Again, among the 1,467 responses, 965 are 

from individuals residing in North Carolina, and further, about 851 reside in the 

counties in our study area. However, only 13 counties in our study area have 
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respondents in the survey.  Further, only the 6 counties have more than 30 respondents 

in the survey. We focus on these six counties for this validation exercise.   The 

aggregate evacuation rate for these six counties is 68% based on the survey, while the 

evacuation rate for these six counties is found to be 72% (MFL), 72%(DP) and 71% 

(MFL and DP combined). The close evacuation rates to the survey support the 

feasibility and accuracy of the evacuee detection model. For the remainder of the 

evacuation analysis, we focus on phones with identical home locations from the two 

home identification models. This translates into an ability to use 88% of the 18,209 

phones in the dataset. 

6.4 Evacuation analysis 

After labeling each user with “did not evacuate” or “evacuated”, we further 

analyze the evacuation behavior of those that left including the destination selected, 

resultant evacuation distance, as well as departure and return time. These insights are 

described in the remainder of this subsection. 

6.4.1 Evacuation distance 

Fig. 8 gives a histogram of the distance between the home location and the 

location to which the individual associated with the phone evacuated to. The 

evacuation can be divided into long-term evacuation that is characterized by long 

travel distance and long evacuation days and corresponding short-term evacuation. 

The evacuation distance distribution for all evacuees in this study is shown in Fig. 8. 

The frequency and cumulative frequency histograms indicate that around 50% 

evacuees traveled for a short distance (shorter than 20 kilometers) and 40% of 
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evacuees traveled long distances (greater than 100 kilometers). This means that the 

short-term evacuees need to be taken seriously by government departments for 

hurricane evacuation management. 

Table 5. Evacuation rate validation result 

County 
Survey Result MFL Model Result DP Model Result Combine Result 

Responses Evac. 
Rate Avg. Sample Evac. 

Rate Avg. Sample Evac. 
Rate Avg. Sample Evac. 

Rate Avg. 

New 
Hanover 343 63% 

68% 

3154 73% 

72% 

3115 73% 

72% 

2847 72% 

71% 

Onslow 233 78% 2341 74% 2343 74% 2158 73% 

Pender 93 67% 728 67% 728 68% 684 67% 

Brunswick 59 68% 1969 75% 1988 75% 1850 74% 

Craven 53 62% 1492 63% 1476 64% 1349 62% 

Carteret 36 67% 1312 74% 1321 75% 1187 73% 

Pitt 14 ### ### 2376 52% ### 2357 51% ### 2142 49% ### 

Dare 7 ### ### 777 49% ### 771 50% ### 702 47% ### 

Jones 6 ### ### 136 71% ### 139 72% ### 125 69% ### 

Beaufort 4 ### ### 690 58% ### 682 58% ### 602 54% ### 

Pamlico 1 ### ### 144 74% ### 144 74% ### 128 72% ### 

Currituck 1 ### ### 472 33% ### 468 33% ### 451 32% ### 

Lenoir 1 ### ### 548 54% ### 533 53% ### 480 50% ### 

Bertie 0 ### ### 178 46% ### 178 45% ### 153 39% ### 

Camden 0 ### ### 155 37% ### 161 38% ### 148 36% ### 

Chowan 0 ### ### 178 48% ### 175 46% ### 156 43% ### 

Hyde 0 ### ### 61 56% ### 56 52% ### 47 49% ### 

Pastuotank 0 ### ### 627 43% ### 629 45% ### 575 41% ### 

Perquimans 0 ### ### 189 45% ### 190 46% ### 178 43% ### 

Tyrrell 0 ### ### 35 63% ### 33 55% ### 29 55% ### 

Washington 0 ### ### 46 63% ### 44 64% ### 39 62% ### 
Overall 

Rate 
66% (13 counties covered by 

Survey) 64% (21 counties) 64% (21 counties) 62% (21 counties) 
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Figure 8. Evacuation distance distribution 

Table 6 gives the distribution of the destinations. The evacuation destinations 

for most evacuees (83.25%) are cities in North Carolina, while 16.75% of evacuees 

traveled to another state. The most popular evacuation destinations are large cities 

within counties that were experiencing evacuation (Table 7, Fig. 9). In Fig. 9, the blue 

dots are the home locations of individuals that have evacuated, and the red circles are 

the top 10 destinations scaled by the number of evacuees selecting that city.  

Using the shelter location provided by Davidson et al., (2016) based on the 

SLD, about 0.2% of the evacuees in the sample made use to a public shelter.  Also, 

using the survey data we have, about 0.6% of individuals made use of a public shelter. 

This is consistent with Wu et al., (2012) found that most people stay with 

friends/relatives or in hotels/motels rather than public shelters. 
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Table 6. Evacuation destination state distribution 

Destination State Proportion 
NC 83.25% 
GA 6.54% 
FL 5.99% 
SC 3.59% 
TN 0.35% 
AL 0.28% 

 

Table 7. The top 10 destination cities 

Top Destination Percentage Origin County 
Wilmington, NC 8.27% Yes 
Greenville, NC 5.91% Yes 
Jacksonville, NC 3.66% Yes 
New Bern, NC 3.38% Yes 
Raleigh, NC 3.34% No 
Charlotte, NC 2.88% No 
Elizabeth City, NC 2.11% Yes 
Kinston, NC 1.70% Yes 
Greensboro, NC 1.66% No 
Durham, NC 1.29% No 

 

 

Figure 9. The top 10 destination cities distribution 
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6.4.2 Departure and return date and time 

An accurate estimation of the evacuation departure curve is important for many 

emergency management decision (Gehlot et al., 2019). Fig. 10-a shows the 

distribution of departure and return time for the counties in this study. The evacuation 

peak of Hurricane Florence for evacuees from the evacuation zones is Sep. 12 (2 days 

before the landfall). The majority evacuees (around 85%) departed before the landfall 

of the hurricane, while a smaller but not insignificant number of evacuees (around 

15%) departed after landfall either because the event is worse than they anticipated, or 

they are in locations that experience the impact of the storm later due to in-land 

flooding or the arrival of high windspeeds further inland.   

For return pattern (Fig. 10-a), it has a peak on Sep. 18 (4 days after the 

landfall). The most frequent evacuation duration (Fig. 10-b) is either a day or two or 

around one week that correspond to the temporary short-term evacuation and the well-

prepared evacuation, respectively. 

 

Figure 10-a. Departure and return date distribution
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Figure 10-b. Evacuation days distribution 

 

Figure 11. Average evacuation distance and evacuation days 

6.4.3 Evacuation patterns 

It is interesting to notice there is also a strong positive linear correlation 

(correlation = 0.866) between the average evacuation distance and the evacuation days 

(Fig. 11). It is also interesting to notice that those who left earlier tended to go farther 
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different dates. Before the hurricane made landfall, the destinations are spread across 

major cities both in-state and out-state; on the day before the landfall, the destinations 

were concentrated in major cities within the state; after the landfall, the destinations 

were very close to the home locations. In summary, for evacuees who departed early, 

they were very likely well-prepared for taking proactive evacuation actions, including 

using the evaluation to enjoy a holiday. However, for evacuees leaving right before the 

landfall or after the landfall, the evacuation actions for them may have been 

undertaken in haste. 

 

Figure 12-a. Evacuation distance and departure date (1) 

 

Figure 12-b. Evacuation distance and departure date (2) 
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         (a) Sep.10 (4 days before the landfall)                          (b) Sep.12 (peak of evacuation) 

         

(c) Sep.13 (the day before the landfall)                         (d) Sep.14 – Sep.16 (after the landfall) 

Figure 13. OD distribution of different dates around the landfall 
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7. Conclusions 

In this study, based on anonymous smartphone location data, we first 

reproduce an existing method to identify the home location for each user. Then, two 

new models are proposed to achieve the same purpose. To validate the accuracy of the 

home locations derived from the two models, we use parcel data for North Carolina. 

We find that about 89.96% and 90.61% of the home locations we identified are in 

residential areas, while about 77.27% of the home locations derived by the existing 

model are in residential areas. The work locations are also identified in both two 

models and have relatively high proportions (57.76% and 49.23%) that are associated 

with non-residential locations in the parcel data.   

Based on the home locations derived, the Daily-Last-Location-Distance 

method is proposed to detect evacuees from the eastern coast of North Carolina. The 

evacuation rates for the 6 counties that experienced the highest rate of evacuation 

match the survey result very closely (about 71% based on SLD versus 68% for the 

survey). For all the 21 counties we focus on in North Carolina that experienced 

evacuation the SLD suggests an evacuation rate of about 62%. Furthermore, based on 

the trajectory records, we explore the hurricane evacuation behavior in terms of 

evacuation destination, travel distance to the departure and reentry time. We find that 

around 50% of evacuees traveled less than 20 kilometers during the evacuation, and 

the departure dates for these evacuees were generally very close to landfall or even 

after the landfall. Further, about 40% of evacuees traveled more than 100 kilometers 

and these evacuees were generally left substantially ahead of the storm making 
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landfall. 

While these results are promising, there are several avenues for future research. 

For instance, the massive data volume and the difficulty of data cleaning and 

processing presents a challenge. Further, a key need is to understand, as the evaluation 

progresses, how is considering evacuating and how is not and, for those that are not 

planning to evacuate, how high is the risk in their area. It is likely that individuals who 

are planning to evacuate do different things then those that are not. It is also likely that 

more carefully analyzing the nature of the places they are visiting will provide insight 

into who is planning to evacuate and who is not. 
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