
 

  

 

 

HURRICANE EVACUATION BEHAVIOR ANALYSIS BASED ON MOBILE 

LOCATION DATA: 

A CASE STUDY OF HURRICANE FLORENCE 

 

 

A Thesis 

Presented to the Faculty of the Graduate School 

of Cornell University 

In Partial Fulfillment of the Requirements for the Degree of 

Master of Science  

 

 

 

 

   by 

Hao Cheng (hc682) 

August 2021 



 

  

 

 

 

 

 

 

 

 

 

© 2021 Hao Cheng 

  



 

  

ABSTRACT 

Hurricane Florence in 2018 was one of the worst in North Carolina history. The 

catastrophic flooding and infrastructure damage endangered millions of residents and 

visitors. The focus of this paper is the development of methods to understand 

evacuation behavior to aid in the development of future evacuation plans and 

emergency responses. While existing hurricane evacuation studies primarily use 

statistical models based on survey data, we develop a new approach using location 

data passively collected by cellphones. By analyzing location information from about 

18,000 anonymous and opted-in users before and during the hurricane, we discern 

their home census area and whether they evacuated, and if they evacuated, where they 

evacuated too. About 91% of inferred home areas are found to be located on 

residential land parcels. North Carolina has 100 counties. Of those 100 counties, about 

21 counties were in areas where the condition warranted the consideration of 

evacuation.  In those 21 counites the evacuation rate was about 56%.  In about six 

coastal counties, conditions were most severe and for those six counties, the 

evacuation rate was found to be about 67%, which is consistent with survey data 

collected from 1,421 respondents. 
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1 Introduction 

In the US, hurricanes cause substantial damage and put lives at risk. Historical events illustrate 

the importance of hurricane-related safety issues. Besides challenges including prolonged power 

outages and disrupted services, flooding can be deadly, particularly to the elderly [14]. A total of 

1,437 lives were lost in hurricanes between 2000 and 2010 in the US, with many caused by 

Katrina [12]. In hurricane Sandy most deaths were caused by drowning which was preventable 

with more effective evacuation plans [14]. This and other historical events highlight the 

importance of deepening our understanding of human behavior in these events to support 

emergency responses and evacuations. Thus, researchers have been studying human behavior 

during hurricanes and other disasters and this paper builds on that research. 

Wong et al. [9] studied evacuation behavior during hurricane Irma using discrete choice models 

based on an online survey of 645 individuals. Mongold et al. [6] focused on inland evacuation, 

conducting the largest survey sample for a single hurricane event with 1,421 responders. 

Expanding sample size enhances the reliability of the results expanding the different behavioral 

patterns may be uncovered. Most existing studies on hurricane evacuation behavior use survey 

data. While survey data is very useful to understand evacuation behavior response rate and 

expense limits data collection in this mode. Moreover, the amount and accuracy of available 

time-sensitive information are limited by human memory. We use survey data for model 

validation. 

With the wide popularity of smartphones over the last decade, real-time location data has 

become collectible anonymously from a tremendous number of users. A few merchants can 

provide detailed visit information through mobile transactions and digital or social-media check-
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ins, however, the most common form of location data is GPS latitude and longitude coordinates 

recorded by mobile apps.  

Some phones record location once movement is detected and others collect location on a set 

frequency, either way, smartphones collect sufficient data points to map one’s complete 

trajectory over a long period of time (if users have op-ed into this passive mode of data 

collection).  

In this study, we focus on about 18,000 anonymous cell phone users residing in areas heavily 

impacted by hurricane Florence in North Carolina to understand how we might use location data 

to understand evacuation behavior. Florence was the first major hurricane of the 2018 Atlantic 

hurricane season and caused extensive damage on the southeast coast. The coastal counties in 

North Carolina where Florence made landfall suffered devastating flooding. The storm achieved 

category 4 status upon approaching North Carolina with a wind speed of 130 miles per hour, 

evacuation orders were issued in several coastal counties [15]. With more than 1 million people 

have evacuated across the state, we seek to understand (1) who evacuated; (2) where they 

evacuated to; and what was the spatial pattern of displaced residents who remain displaced after 

the storm had passed.   

Given our reliance on mobile phone data, spatial clustering techniques are central to this study. 

The Periodic Mobility Model (PMM) proposed by Cho et al [2] identifies a predetermined 

number of places based on trajectory data converted to check-in data. They model the spatial 

component of the locations, using 2-dimensional mean and covariance matrices, with time-

independent Gaussian distributions. They also adopt probability distributions with truncated 
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Gaussian distributions parameterized by the time of a day, providing temporal information as in 

the mean time of the check-ins and variance for each location [2].  

Density-Based Scan (DBSCAN) is a data clustering model adopted in a number of mobility 

studies separate from hurricane evacuation. For example, DBSCAN has been used to determine 

pick up and drop off locations from taxi GPS data for better understanding urban human mobility 

[16]. ST-DBSCAN, an algorithm based on DBSCAN, contributed to many health-related studies 

such as identifying activities of disabled people and modelling the spread of diseases including 

human rabies and Covid [17,18,19]. DBSCAN has also been used in two hurricane evacuation 

studies [10,23]. Both studies adopted DBSCAN in identifying an individual’s home based on 

GPS location data and used the results to detect evacuation behaviors by travel distances in a 

hurricane. It is found by Tao that about 50% of the evacuees traveled within 20 kilometers from 

home and 40% of the evacuees who traveled more than 100 kilometers departed substantially 

ahead of landfall [10].   

It is useful to realize that PMM, because it estimates a probability distribution for the location of 

the home, we can make probabilistic statements about the likelihood someone has evacuated 

based on their movement patters over the course of the hurricane event. Also, it includes an 

elegant mechanism to jointly characterize the spatial and temporal movement patterns. For these 

reasons, we adopt this model to answer the central questions posed in this paper.  

The next section describes existing studies related to hurricane evacuation and mobility modeling 

based on location data. The third section describes the data used for this analysis, including 

smartphone location data, survey data and parcel data. The fourth section describes the adaption 

of PMM to identify users’ home locations before the hurricane as well as the results. The fifth 
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section describes our model for determining evacuees with check-ins during the hurricane and 

our findings on evacuees’ behavior.                            

2 Related Work 

2.1 Hurricane Evacuation Studies 

Creating statistical models based on survey results is the most common method in the literature 

to develop insights on evacuation behavior. For Florence, a survey was conducted of 1,421 

individuals about their evacuation decision, route taken, timing, location at the event and 

destination as well as household attributes. They found a 66% evacuation rate in 13 coastal 

counties in North Carolina and 26% for inland counties. The statistical model developed 

concluded that evacuation orders played a significant role in the evacuation rate [6].  

Mobile location data has only recently been made available. With location data, new models are 

beginning to be proposed for hurricane evacuation. A recent study uses DBSCAN to cluster the 

traces of each user and selects the largest cluster during the nights as the home location. It also 

determines if a person evacuated based on the distance of the phone from home during the 

hurricane evacuation period and argues that the results are high accuracy [10]. Tao [23] also 

makes use of DBSCAN for a similar purpose and suggests several dimensions in which the 

analysis in the study [10] can be refined. Both studies confirm that phone location data can be a 

rich source of data to study evacuation behavior. We compare our results with the survey-based 

study [6] and Tao’s study [23]. It is also useful to notice that neither of these analyses can make 

probabilistic statements about the location of the home nor the probability that an individual 

evacuated. PMM address this issue. 
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2.2 Mobility Modelling Studies 

A large and growing body of literature has proposed various models for personal mobility 

analysis, including identifying personal locations and predicting daily trajectory, as well as 

detecting movement periodicity. It has been found that straight-line trips follow a truncated 

power-law distribution [1,3]. A study of spatial and temporal regularity in human trajectories 

illustrates that individuals tend to return to a few frequently visited locations [3]. Periodic 

movement patterns are found through mobile tracking data in many studies [2,8,11]. Zhang et al. 

[11] reviewed periodic pattern mining techniques from Spatio-temporal trajectory data. Wang et 

al. [8] apply graph mapping and designed sampling technique to improve the efficiency of the 

maximal promising movement patterns mining. Cho et al. [2] develop a model to fit spatial and 

temporal periodic movement patterns in short-ranged travels and concluded that social network 

structures have no impact on short-range travels. They proposed the Periodic Mobility Model 

(PMM) to predict movement among a few periodically visited locations. As an example 

application, the paper demonstrated identification of home and work locations using PMM based 

on users’ check-in location data [2]. We use this model to estimate home locations and to draw 

conclusions about who chose to evacuate and the timing of their evacuation. We also use it to 

gain insight into who might have moved during and shortly after the storm. 

3 Data 

3.1 Smartphone Location Data 

The mobility data is de-identified and privacy-enhanced for this research. Locations are 

passively 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 
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daytime. Android collects data via a time-based sampling methodology. Each observation 

includes a unique, anonymized, and encrypted identification number, timestamp, latitude, and 

longitude. To ensure privacy, Cuebiq uses the raw data to infer the user’s home location, and 

then randomly modifies that location to ensure privacy. Users’ home location is also provided at 

the zip-code level. Table 1 illustrates a synthetic form of the data to preserve privacy. 

Table 1. Synthetic Location Data 

Time(timestamp) Encrypted ID Latitude Longitude Device OS Error(ft) 

1536725824 ID1 34.70XXX -77.06XXX 1 20 

1536725884 ID1 34.71XXX -77.07XXX 1 34 

1536725924 ID1 34.68XXX -77.06XXX 1 27 

1536725964 ID1 34.67XXX -77.06XXX 1 22 

      

 

Our analysis focuses on the 21 counties defined by the North Carolina Dept. of Public Safety [7] 

most impacted by Hurricane Florence and, therefore, the phones that are associated with a zip 

code in one of the 21 counties as identified by Cuebiq and that remained in North Carolina, 

South Carolina, Georgia and Florida during about 3-week period prior to landfall and the nine 

days after landfall.  We also limited the phones to those that were active every day over this 

about a 4-week period.  For the purposes of this study, we define active as at least 10 recorded 

locations on each day from August 19 (12 days before Hurricane Florence formed and 24 days 
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before the landfall at the North Carolina coast) to September 23 (9 days after landfall). The final 

sample size is then 18,209 devices in North Carolina associated with the relevant counties 

throughout the period of study. This 4-week duration allows us to capture “normal” movement 

patterns as well as movements before and during the hurricane. 

Before running our analysis, the location data illustrated in Figure 1-a are converted into 

locations of check-ins in Figure 1-b using Tao’s algorithm [20]. The duration of stay is added to 

the check-ins to serve as a weight for the check-in. This process of moving to check-in data 

eliminates noise in the data stemming from activities like commuting.  Figure 1-a and 1-b 

illustrate the conversion from trajectory data in the underlying data to check-in data. We avoid 

using maps in these figures to address privacy concerns. 

 

Figure 1-a: Trace by original data (Tao, Z. 

2021) 

 

Figure 1-b. Check-ins inferred from original 

data (Tao, Z., 2021) 
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3.2  Web-based Survey Data 

A 5- to 10-minute web-based survey instrument was deployed after Hurricane Florence. The 

survey includes questions as to (1) whether the individual evacuated; (2) the route taken, 

destination; (3) timing of departure and arrival; (4) reasons for leaving or not;(5) knowledge of 

official evacuation orders; and (6) socio-demographic data. It was posted on social media (e.g., 

Facebook and Reddit) through hurricane-related groups. The samples are reasonably 

representative of the populations from which they were drawn, except that African Americans 

are underrepresented in Florence with 1.2% in the sample versus 16% in the population. 

Mongold et al. have concluded a 66% evacuation rate in coastal areas with the 1,421 responders 

using this survey data [6]. We use this data as an element of the validation of the results of 

applying the PMM model to the phone location data. 

3.3 Parcel Data 

North Carolina parcel data is available from North Carolina OneMap (nconemap.gov), the web-

based geospatial data center of North Carolina, is also used to evaluate model performance. 

Parcel data consists of 26 attributes for over 800 thousand registered locations across the 21 

counties we study in North Carolina. The character information describes the land use of the 

location.  We focus on the dichotomous classification of residential and non-residential. 

4 Identify Home Location for each Phone 

We focus on data from August 19 (12 days before Hurricane Florence formed) to September 9 (3 

days before the landfall at coastal regions of North Carolina), with weekends excluded, to 

determine home locations. Weekends are excluded to offset the effect of short travels where 

people stayed away from home, likely for leisure trips.  
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As mentioned previously, PMM simultaneously optimizes (using a likelihood function) the 

assignment of check-ins to clusters and estimates a Gaussian distribution for the spatial extent of 

each cluster.  This assignment explicitly considers the time of day when the check-in occurs.  

Hence at the conclusion of the algorithm, there is a probability distribution for each cluster and a 

probability for each time of day that the individual will be in each cluster.    

By increasing the number of clusters, higher accuracy can be achieved [2] but we find that 

having excessive clusters leads to overfitting and errors in discerning the home location. 

Therefore, for each user, we begin the cluster analysis by clustering their check-ins into two 

clusters and increase the number of clusters until the log-likelihood statistics of the model 

satisfies both of the following criteria: (1) value is less than -500; (2) it is less than 2.5 times of 

the previous model with one less cluster. These determinations were made empirically.  

Figures 2-a/b and 3-a/b illustrate the output of the PMM model for two synthetic examples. In 

Figure 2-a, the individual spends essentially all their time in two rather small areas with travel 

between the two areas. This has led to the identification of two clusters, one that is home and one 

that is work. Figure 2-b is the probability distribution of the individual being at each location 

over the course of the day. The individual has rather higher probabilities of being in the home 

cluster from about 8 pm through to about 9 am with the individual rather more likely to be at 

work between 10 am through 5 pm. Notice that since the model yields a Gaussian distribution for 

the spatial extent of the clusters, we identify the spatial extent of each cluster that covers 99% of 

that distribution estimated. We find that the typical range for a 99% confidence ellipse along the 

axis lengths is between 500 and 800 fts. Check-ins inside the 99% confidence ellipse associated 

with night-time check-ins are considered home check-ins. Similarly, Figure 3-a/b describes 
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another circumstance with the individual having three frequently visited areas: home, work and 

one supermarket area where the individual is highly likely to visit from 5 pm to 7pm. 

 

 

Figure 2-a. Synthetic sample with two clusters. Small dots represent user’ synthetic recorded 

locations. Blue x’s are check-ins derived from the recorded location. 99% confidence ellipses 

show the PMM inferred clusters with a zoom on home cluster. The top labels describe the 

corresponding land parcel and their mean check-in time rounded to the nearest hour. ‘+++’ 

stands for high variance of check-in time.  
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Figure 2-b. Probability distribution of the individual will be in each location at different times of 

day. 
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Figure 3-a. Synthetic sample with three clusters. Small dots represent user’ synthetic recorded 

locations. Blue x’s are check-ins derived from the recorded location. 99% confidence ellipses 

show the PMM inferred clusters. The top labels describe the corresponding land parcel and their 

mean check-in time rounded to the nearest hour. ‘+++’ stands for high variance of check-in 

time and ‘+’ for low variance.   
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Figure 3-b. Probability distribution of the individual will be in each location at different times of 

day 

 

5 Identification of the Home Location for Case Study Area 

We apply the methodology described above to 18,209 phone users in approximately 3 weeks prior to the 

hurricane.  The parcel data does not parcel purpose for about half the parcels. Focusing on the parcel data 

which includes parcel use information and therefore about half of the 18,209 phone users, about 91% of 

the home locations identified were in residential land parcels including apartment complexes, 

townhouses, mobile homes, and single-family homes. The other 9% of locations found to be highly 

frequented at night were in non-residential land parcels. About 10% of which are related to night services 

including convenience stores and hospitals. It is possible that these users work at night and our model 

inferred their work locations instead. The high ratio of residential land parcels suggested that most homes 

were identified correctly.  
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6 Estimating the Number of Evacuees, Departure Curve and Estimating those that 

Moved Post Event 

6.1 Evacuation Rates 

Evacuation orders were issued on September 10 & September 11 across the coastal counties. Therefore, 

September 10 through September 23 (3 days before and 9 days after landfall) is defined as the hurricane 

period where travel is highly likely to be hurricane-related evacuations. Evacuations are classified into 

two categories, pre-landfall evacuation and post-landfall evacuation, which represent evacuations that 

took place before and after September 14, respectively. Pre-landfall evacuations may be motivated by 

evacuation orders to some extent and post-landfall evacuation can result from a sudden awareness of peril 

and/or home damage. 

We assume that an individual has evacuated if they are not within the 99 percentiles of the Gaussian 

distribution estimated for the home during at least one 24-hour period.  This assumption leads to the 

estimated evacuation rates given Table 2 below.  In the six major counties with a survey sample size of 

over 30, the weighted evacuation rate is 67.95% from the survey, 71% from the analysis presented in 

Tao’s study [23] and 67% in our analysis using the PMM model. All three of these estimates are quite 

similar supporting the use of PMM for this purpose.  Finally, we estimate an overall evacuation rate of 

55.80%. Notice that the survey sample size is quite small and therefore likely to be unreliable.  

Figure 4 shows the 21 counties on or near the coast in North Carolina and the track of Florence. Florence 

made landfall at the south end of the state (Brunswick and New Hanover Counties) and moved 

approximately parallel to the coast and into South Carolina through 2 PM on Saturday. The hurricane then 

moved approximately horizontally until it reached west of Columbus and finally turned North. Since the 

storm came ashore in southern North Carolina, the northern coastal areas of the state were less impacted.  
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We see this same pattern in the evacuation rates estimated in Table 4. For example, notice that Bertie and 

Chowan have significantly lower evacuation rates despite their proximity to the coast. We also notice that 

counties experienced stronger winds such as Brunswick and New Hanover have relatively higher 

evacuation rates. 

  

 

Figure 4: Map of North Carolina evacuation zone and track of hurricane Florence. Wind swaths are 

indicated by jagged lines.  
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Table 2. Evacuation Rates by County 

 

County 

Survey Result Model Result Tao, Z. (2021) 

Sample 

count 

Evacuation 

Rate 

Weighted 

average 

Sample 

count 

Evacuation 

Rate 

Weighted 

average 

Evacuation 

Rate 

Weighted 

average 

N Hanover 338 62.43%  

 
 

67.95% 

2642 66.48%  

 
 

66.82% 

72%  

 
 

71% 

Onslow 231 77.92% 2060 72.41% 73% 

Pender 93 66.67% 666 63.60% 67% 

Brunswick 58 67.24% 1787 71.14% 74% 

Craven 52 63.46% 1298 56.84% 62% 

Carteret 36 66.67% 1111 65.91% 73% 

Pitt 14  

 

 
 

 

66.03% evacuation rate 
for coastal counties  

(13 counties covered by 

survey) 
26% evacuation rate for 

inland counties (mostly 

not in evacuation zone, 
i.e., not listed in this 

table)  

2026 31.56%  

 

 
 

55.80% 

evacuation 
rate for 21 

counties in 

this table 

  

Dare 7 673 33.03%  

 
 

62% for 21 counties in 

this table 

Jones 6 119 56.81% 

Beaufort 4 578 44.16% 

Pamlico 1 119 63.39% 

Currituck 1 436 67.61% 

Lenoir 1 459 40.86% 

Bertie 0 147 22.03% 

Camden 0 144 28.05% 

Chowan 0 151 23.14% 

Hyde 0 43 61.24% 

Pasquotank 0 565 27.22% 

Perquimans 0 172 24.22% 

Tyrrell 0 26 35.34% 

Washington 0 38 48.92% 

 

6.2 Departure and Return Curves 

Histograms for departure and return dates are given in Figures 4-a/b.  The peak of the evacuation 

occurred on September 12th and September 13th with a total of 72% of evacuations initiated from 

September 10 to September 13. Post-landfall evacuation represented about 14% of the total 

evacuations.  

A return is defined as the day with the first home check-in after departure. Individuals began to 

return on September 15 since we assume that stays away from home that are completed before 
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landfall are assumed to not be evacuations. Most evacuees returned within several days after the 

landfall. However, about 22% of evacuees did not return before September 23.  

A series of box plots are given in Figure 6 illustrating the relationship between the distribution of 

length of evacuation given the day the associated individual was assumed to have evacuated. 

Notice in Figure 6 the clear relationship between the length of the evacuation and the day the 

evacuation was initiated. More specifically, those that were estimated to leave on or before 

September 10th had a median evacuation length of more than 12 days and those that evacuated on 

September 14th had a median evacuation duration of about 4 days. 

 

  

Figure 5-a. Distribution of departure dates 
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Figure 5-b. Distribution of return dates 

 

Figure 6. Distribution of evacuation length by date of departure 
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6.3 Estimates of Residence Changing Home Location 

We apply the PMM model to the movement information recorded between October 1 and 

October 30th. We then compare that estimated home location to the home location estimated 

prior using the three weeks of data prior to hurricane Florence. We assume that if the area that is 

defined by the 99% confidence limit for the home location prior to the storm does not overlap 

with the 99% confidence limit for the home location after the storm the person has moved.  This 

leads to an estimate that about 7% of phones are associated with different home locations during 

these two time periods. Nationally about 12% of people move each year [20]. Further, from 50 to 

60% of moves are within the same county, another about 20% are moves within the same state 

and another 20% are to a different state [21]. Using this data, about 50% of the moves are within 

the same county, about 40% are moves within the same state but not within the same county and 

about 11% move out of the state. This might suggest that some of the moves were the result of 

home damage because there is a bit less movement within the same county than one might 

expect. However, the difference is rather small with only about a 20% reduction in moves within 

the same county. 

Finally, about 35% of moves occur during the summer and with about 8% to 9% of moves 

occurring in each of September and October [22]. This might suggest that the moves we have 

identified, 7%, are larger than what we might expect based on normal movement patterns, 

2*8.5%*12% which is about 2%, and hence this likely includes a substantial number of moves 

prompted by housing damage.   
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7 Conclusion 

Climate changes and environmental issues have intensified natural disasters such as hurricanes, 

wildfires, and extreme weather conditions in recent years. Residents face many challenges 

stemming from these events including power outages, wind damage and flooding. This heightens 

the importance of increasing our preparedness to minimize property loss and loss of life.  To 

increase our preparedness, it is critical to deepen our understanding of the response of 

individuals to these events so that we improve decision-making associated with supporting 

evacuations. 

Survey data has historically been the main source of information on evacuation decision-making. 

Surveys, while very potent are both expensive and are often limited by issues stemming from the 

low response and limited individual recall. With the advent of smartphones, the opportunity to 

analyze large data sets of mobility information has arisen. In order to make use of this data to 

study evacuee behavior, we made use of the PMM model to infer the home location for each 

phone, whether they had evacuated and whether they moved (possibly temporarily). We found, 

based on 18,209 users in North Carolina coastal counties during 2018 hurricane Florence that 

more than 60% of phone users had evacuated in the most impacted coastal counties. We also 

found that the earlier an individual left prior to landfall, generally the longer till they returned. 

Also, we found that 7% of users had changed their home locations post-storm occurrence. This 

number does exceed what we might expect based on normal patterns of residential movement. 

There are many avenues for further research.  For example, it is highly likely that individuals that 

are going to evacuate are less likely to engage in specific activities like shopping for groceries 

and more likely to frequent home improvement stores. Identifying what check-ins are associated 
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with an increased or decreased likelihood of evacuation is likely to be useful to improve our 

understanding as to whether the public service messages are being correctly interpreted by the 

public-at-large. As another example, there is evidence to suggest that an individual’s decision to 

evacuate is impacted by the decisions of their neighbors.  It would be valuable to test this 

hypothesis using the smartphone location data. 
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