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Analysis of potential collisions between pedestrians and personal 
transportation devices in a university campus: an application of unmanned 
aerial vehicles

Dohyung Kim, PhDa  and Keunhyun  Park, PhDb

aDepartment of urban and regional Planning, california State Polytechnic university, Pomona, california, uSa; bDepartment of landscape 
architecture and environmental Planning, utah State university, logan, utah, uSa

ABSTRACT
Objective:  To identify factors that contribute to near-miss collisions between pedestrians and 
personal transportation devices (PTDs) in a university campus using a novel data collection method, 
unmanned aerial vehicle (UAV).
Participants:  A total of 3,349 pedestrians and 173 PTD riders were detected through UAV 
observations.
Methods:  The researchers employed UAV technology to capture and geocode the interactions 
and behavior of pedestrians and PTD riders. Then, a multilevel logistic regression model examined 
factors that contribute to near-miss collisions between pedestrians and PTDs.
Results:  The model outputs indicate that higher speed, non-bicycle PTDs (eg, skateboard and 
scooter), and some preventive actions, like reducing speed, deviating, and weaving, increase the 
probability of a PTD rider getting involved in a near-miss collision.
Conclusions:  Findings can guide campus planners to redesign the streets as a safe environment 
for all transportation modes and implement appropriate regulations and education programs, 
especially for non-bicycle PTD riders.

Introduction

In recent sustainable transportation planning, walking has 
been identified as a sustainable transportation alternative to 
private vehicles. It contributes to the reduction of air pol-
lution and the improvement of active lifestyles and social 
sustainability, by replacing short automobile trips. Walking’s 
mode share has grown from 8.6% to 10.5% between 2001 
and 2017 in the U.S.1 However, unsafe roads are a significant 
barrier to the promotion of pedestrian activities. Pedestrians 
are vulnerable to a high risk of injury or death when 
involved in a collision. In 2017, 5,977 pedestrians were killed 
and 78,000 pedestrians were injured, due to traffic colli-
sions.2 The fatality, severity, and intensity of the collisions 
between automobiles and pedestrians has drawn the atten-
tion of a large volume of research.3–6 A wide range of factors 
contributing to the collisions was identified and addressed. 
They include roadway design, road users’ behavioral issues, 
and pedestrians’ socio-demographic characteristics.

The collisions and/or conflicts that pedestrians experience 
are not only with automobiles, but also with personal trans-
portation devices (PTDs), including bicycles, skateboards, 
push scooters, and electric scooters. This especially becomes 
a significant concern in university campuses where PTDs 
are particularly prevalent. While some research has paid 

attention to the safety issues between pedestrians and bicy-
cles, there has been a lack of research that addresses the 
safety concerns between pedestrians and PTDs other than 
bicycles. The collisions with these modes may cause much 
less severe damage than pedestrian collisions with automo-
biles do, but the conflict between pedestrians and bicycles 
can become not only a nuisance but also a great risk of 
severe injury, especially to pedestrians.7 Other studies have 
identified the contributing factors to the collisions between 
pedestrians and bicyclists, including the features of the built 
environment (such as unseparated routes for these users 
and density of travelers) as well as some behavioral issues 
including bicycle speed, use of mobile phones, and inatten-
tion.8,9 Some research focuses on electric scooter-related 
pedestrian safety, due to the growing popularity of 
micro-mobility vehicles.10 Furthermore, the potential colli-
sions between pedestrians and PTDs are understudied, 
although it is reasonable to hypothesize that the potential 
collision leads to actual collisions. Eventually, the danger of 
unsafe roads will discourage pedestrian activities. Potential 
collision, also known as near-miss or near-hit collision, 
refers to an unexpected event that has the potential to cause 
but did not actually result in the collision of road users. 
One of the primary reasons for this understudy is the lack 
of data on near-miss collisions. Since near-miss collision 
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events tend not to be reported due to their low associated 
costs and injury severity (if any), they are not included in 
typical collision data.11

The purpose of this paper is to identify the factors con-
tributing to a near-miss collision between pedestrians and 
PTDs, including not only bicycles, but also other PTDs, 
such as skateboards, scooters, and electric scooters. Taking 
into consideration the growing popularity of PTDs for 
first-and last-mile trips accessing transit stations and for 
college students’ school trips,12 this paper attempts to take 
a comprehensive approach to the safety analysis between 
pedestrians and PTD riders. Defining a college campus, 
California State Polytechnic University, Pomona (Cal Poly 
Pomona), as the study area, this paper converts the video 
footage acquired from an unmanned aerial vehicle (UAV) 
to the spatial data that captures the locations, movements, 
and behaviors of pedestrians and PTD riders. By employing 
a multilevel logit regression model, this paper then identifies 
how the attributes and behaviors of PTD riders are associ-
ated with near-miss incidents.

Data collection

The geographical context of this study is the Cal Poly 
Pomona campus where walking and PTDs are common 
transportation modes. This makes the site appropriate for 
a study about conflicts between pedestrians and PTD riders. 
This paper strategically selected four areas with heavy pedes-
trian and PTD traffic on the campus (Figure 1). The areas 
also have shared bicycle-pedestrian pathways that automobile 
traffic is prevented. Therefore, it was expected to detect 
more near-miss collision cases since it is more likely for 

pedestrians to intermingle with PTDs in the areas. Two out 
of the four areas are plazas and/or squares (Plaza 1 and 2), 
while the others are major pedestrian and PTD corridors 
(Corridor 1 and 2).

This paper employs UAV technology to acquire data that 
captures the interactions and behavior of pedestrians and 
PTD riders. Flying a UAV, an operator conducted data col-
lection from February 19 to April 30, 2018. The data col-
lection was performed between 12 Noon and 1 pm on 
Tuesdays and Thursdays. This period was strategically 
selected because the most pedestrian and PTD activities 
were expected during this time. The university does not 
allow scheduling classes during this period that is devoted 
to student activities. The weather conditions, clear sky and 
sunny, were consistent during the period.

Hovering at an altitude of 250 feet during the data col-
lection, the UAV recorded video footage. Throughout the 
data collection, nine video clips were created. Two video 
clips, with a length of ten minutes, were recorded at each 
location. The only exception was Corridor 2, where three 
video clips were recorded for a total of 26 minutes. In addition 
to two video clips, one video clip collected from Corridor 2 
during a pilot flight of the UAV is also included, to maximize 
the amount of the data. As a result, a total of 86 minutes of 
video footage was collected and processed for this paper.

The video footage data collected was converted to geo-
spatial datasets through visual observation. Using geographic 
information systems (GIS), this paper created two sets of 
geospatial features—a linear feature for PTDs and a point 
feature for pedestrians. The linear feature represents the 
movement of the PTD riders on the video footage. Similarly, 
this paper created a point feature that represents the location 

Figure 1. Data collection sites.
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of pedestrians. It is noteworthy that this data conversion 
was conducted by visual observation. Watching and analyz-
ing the video clips, the researchers followed the movements 
of the PTD riders and traced their trajectories. By referenc-
ing objects and facilities, such as marks on the streets and 
street trees in the video footage with the corresponding 
location on the aerial photography of GIS, the researchers 
were able to convert the trajectory of the PTD riders in the 
video footage into a linear geospatial object. The near 
orthogonal view provided by the airborne camera also sup-
ported the comparison of the scenes in the video footage 
with the aerial photography in GIS.

After creating the linear feature representing the trajec-
tory of the PTD riders, the researchers compared the tra-
jectory of each PTD rider to the movement of pedestrians 
around the PTD rider. Following the trajectory of the PTD 
riders, this paper manually captured the x,y coordinates that 
represent the nearest location of a pedestrian from a PTD 
user passing by. This process allowed recording the move-
ments and positions of the PTD riders and pedestrians in 
the video footage in a format of a geospatial dataset, respec-
tively (Figure 2). This method allows measuring the 
Euclidean distance between a pedestrian and a PTD user 
when they are closest to each other. Later, this paper defines 
near-collision based on the Euclidean distance. It is note-
worthy that the paper considered applying image detection 
technology, but this data conversion was manually per-
formed. While the latest emerging image detection technol-
ogies were capable of automatically detecting the flow of 
travelers from video footage,13 the technologies have limita-
tions in converting the flow into geospatial data.7 Although 
this was a manual process, which may be inevitable to make 
a certain level of human error, the accuracy and adaptability 
of this method have been proved in the latest literature.7,14 
The literature demonstrated that UAV can be suitable for 
counting and mapping pedestrians with high levels of inter-
rater and equivalence reliability in comparison with on-the-
ground pedestrian observation methods. It also presented 
that the high-resolution, aerial photography offered by GIS 
can be a reliable reference that helps reduce human error 
and produce a relatively accurate dataset.

A total of 173 PTD riders and 3,349 pedestrians were 
detected. About 69 percent of the PTDs were other PTDs 
than bicycles. While skateboards and push scooters are the 
most common type of non-bicycle PTDs, a few electric 
devices, like scooters and unicycles, were also observed. 
During this data development process, the characteristics of 
the PTD riders were also incorporated into the dataset. 
They include their gender and whether or not they were 
wearing a helmet (Table 1). While the gender distribution 
of the bicyclists and the other PTD riders is compatible, 
the ratio of the bicyclists wearing a helmet is significantly 
higher than that of the other PTD riders.

Methodology

Due to the hierarchical structure of the data, this paper 
employs a multilevel logistic regression model. Each PTD 

rider passes by multiple pedestrians. The interactions are 
made by the same user, sharing the same rider’s character-
istics. In other words, the rider-pedestrian interactions are 
nested within a rider. Because of the nested data structure, 
a standard regression violates the independence assumption, 
and as a result, underestimates standard errors of regression 
coefficients.15 Multilevel models can partition variance 
among the interaction level (Level 1) and the person level 
(Level 2) and uses level-specific variables to explain the 
variance at each level.

The dependent variable of the model is nominal, whether 
or not a PTD rider has a near-miss collision coded with a 
dummy variable, 0 and 1. Near-miss collision is conven-
tionally defined by the distance between two modes. 
According to Sanders,16 a majority of near misses were 
reported when two different modes are within 0.9 meters. 
In addition to this distance threshold, this paper also adopts 
a speed threshold of 9.7 kilometers per hour (kph) since 
slow traffic is less likely to engage in a collision regardless 
of distances to another mode. The speed of 9.7 kph indicates 
a safety threshold for shared bicycle-pedestrian pathways.8 
Thus, this paper defines a near-miss collision as a moment 
when the rider is within 0.9 meters from any pedestrian 
and their average speed is over 9.7 kph. It is noteworthy 
that this paper applied a 1.5-meter threshold when querying 
the dataset. Since the Euclidean distance measured represents 
the distance between the center of PTD riders’ body and 
pedestrians’ body, in fact, the 1.5-meter threshold implies 
approximately 0.9 meters of shoulder-to-shoulder distance.

The unit of analysis is every moment when a rider and 
a pedestrian interact. By using a 3-meter threshold between 
a PTD rider and a pedestrian, a total of 2,377 interactions 
and 154 PTD riders were selected for the regression model, 
respectively. This was based on the assumption that road 
users outside of the threshold do not interact with and 
interrupt each other. About 40% of the 2,377 interactions 
were identified as near-miss collisions.

At the interaction level, the independent variables include 
a wide range of interactions between pedestrians and PTD 
riders (Table 2). The interactions include four types of 
actions taken by PTD riders when they encounter pedes-
trians—getting off, slowing down, deviating, and weaving. 
Deviating means that a PTD user modifies a route com-
pletely to avoid pedestrian(s) while weaving means that the 
person changed a route only momentarily and came back 
to the original route, after passing by the pedestrian(s). 
These actions were detected through a visual analysis of the 
video footage. They are generally in the order from safest 
(getting off) to least safe (weaving). Getting-off of their 
vehicle can completely prevent a collision from happening. 
On the other hand, weaving is an action that PTD riders 
take at the last minute when they get close to a pedestrian.

The independent variables at the person level include the 
various features of PTD riders. The mode variable distin-
guishes bicycles from other PTD modes. Since it is observed 
that the behavior and maneuverability of bicyclists differ from 
other PTD users, the variable can separate contributions to 
near-miss collisions by type of mode. The speed variable, the 
average speed of a PTD, was computed by dividing the travel 
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Figure 2. conversion of video footage to geospatial datasets.note: (a) an image that presents the scene that a skateboarder (S) passes by a pedestrian (P); 
(B) an image that illustrates the geospatial datasets representing the movement of the skateboarder and the location of the pedestrian in scene a; (c) a scene 
3 seconds after scene a; (D) an image that presents the progress of the geospatial datasets capturing the pedestrian in scene c; and (e) an image that rep-
resents a complete geospatial data from Plaza 2
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distance by the travel time of a PTD. The linear geospatial 
dataset representing the trajectory of the PTD riders provides 
the travel distance, while the travel time is equivalent to the 
time duration that a PTD rider was observed in a video clip. 
The pedestrian density variable indicates the total number 
of pedestrians that a rider interacted with divided by the 
riding distance. The independent variables also include such 
characteristics of PTD riders as gender and helmet wearing 
as well as physical conditions of the sites (ie, slope).

Results

Prior to the regression model, this paper analyzes the 
descriptive statistics of the variables. PTD riders did not 
take any action in most cases of pedestrian interactions 
(85%). The most common action was deviating (10%), fol-
lowed by weaving (2%) and slowing down (2%). Among 
the 154 riders, 70% were riding a non-bicycle PTD. The 
average speed was 14.6 kph, with 89% of them (137 out of 
154) exceeding the 9.7-kph safety threshold. The average 
number of pedestrians per kilometer that a rider passed by 
was about 378. The riders were mostly male (89%), and 
only 16% of the riders were wearing a helmet.

Overall, the multilevel logistic regression model generated 
reasonably reliable results. The pseudo-R-squared value 
(0.28) from the model presents a moderate model fit. The 
relatively large value of AIC from the model (2,902) also 

suggests a consistent, reasonable model fit (Table 3). The 
model shows that all actions, except for getting off, have 
statistically significant, positive coefficients, at the interaction 
level. This implies that in near-miss collision situations, 
PTD riders were more likely to take one of those actions 
than doing nothing. The odds ratios are highest in weaving 
behaviors, followed by slowing down and deviating.

At the person level, four out of eight variables correlate 
to the likelihood of near-miss collisions at a statistically 
significant level. PTD riders other than bicyclists were more 
likely to have a near-miss collision at a statistical significance 
level when other covariates were controlled. The likelihood 
of a near-miss collision also increases with the average speed 
of the PTD riders, as expected. The slope dummy is also 
related to a near-miss collision but in an unexpected direc-
tion (ie, the lower likelihood for downslope). Of the four 
sites, the Corridor 2 site has a significantly higher incidence 
of near-miss collisions. This is understandable because 
Corridor 2 has the narrowest sidewalks that run along with 
the automobile lanes.

Discussion

This study examines the dynamics of PTP riders’ charac-
teristics and interactions with pedestrians, in relation to 
near-miss collisions. As expected, the speed of PTDs 
increases the likelihood of near-miss collisions. About 90% 
of PTD riders exceeded the 9.7-kph safety threshold. Their 
high speed in a shared pathway contributes to more inci-
dences of near-miss collisions with pedestrians. Therefore, 
it would be ideal to design a protected pathway for PTDs 
that is separated from sidewalks. While separated bicycle 
lanes have become more popular, there has been a lack of 
attention on how to separate skateboards and scooters from 
pedestrians. In the situations that this is not feasible, the 
outputs suggest that an important countermeasure against 
near-miss collisions is to control the speed of PTDs. Campus 

Table 2. Variable measurements and descriptive statistics.

Variable measurement mean or (ratio) Std. D.

Dependent variable
near-miss collision 1= the rider is within 1.5 meters from any pedestrian and their average speed is over 

10 km/h; 0 = otherwise
0.40 0.49

independent Variables
level 1: interaction-level (n = 2,377)
no action 

getting off 
Slowing down 
Deviating 
Weaving

no action taken by PtDs when encountering a pedestrian (0.85) –
PtD riders getting-off from their vehicle (0.002) –
PtD riders slowing down their vehicle (0.02) –
PtD riders’ maneuver deviating from a pedestrian (0.10) –
PtD riders’ maneuver weaving through a pedestrian (0.02) –

level 2: Person-level (n = 154)
mode 1 = non-bicycle PtDs; 0 = bicycle 0.70 0.46
Speed average speed of a PtD during the observed period 9.09 3.00
Pedestrian density total number of pedestrians that a rider interacted with divided by the riding distance 235.26 205.56
gender 1 = male; 0 = female 0.89 0.31
Helmet 1 = wearing helmet, 0 = no helmet 0.16 0.36
Slope 1 = downslope, 0 = upslope or flat 0.60 0.49
Site Plaza 1 (0.28) –

Plaza 2 (0.40) –
corridor 1 (0.23) –
corridor 2 (0.09) –

Std. D. = Standard deviation; – = not applicable.

Table 1. counts and characteristics of PtD riders.

characteristics

Bicycle
non-bicycle 

PtDs total

count % count % count %

total 54 31% 119 69% 173 100%
gender male 38 70% 96 81% 134 78%

female 8 15% 20 17% 28 16%
unknown 8 15% 3 2% 11 6%

Helmet Yes 26 48% 7 6% 33 19%
no 25 46% 105 88% 130 75%
unknown 3 6% 7 6% 10 6%
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planners and engineers could also consider implementing 
traffic calming devices. Although most of those devices are 
intended to control the speed of automobiles, some devices, 
including speed bumps, speed cushions, and ballads, can be 
redesigned as a PTD scale mechanism so that they contrib-
ute to the reduction of PTDs’ speed.

The likelihood of near-miss collisions is also associated 
with the type of PTDs. Non-bicycle PTD riders tend to be 
involved in near-miss collisions more than bicyclists do. 
One contributing factor to this observation is probably the 
size of the non-bicycle PTDs. These devices do not require 
as much space as bicycles do. The relatively small size of 
the devices allows the PTD riders to be more maneuverable 
within close proximity to pedestrians. For this reason, those 
riders might not be afraid of being close to pedestrians, 
while riding the devices in a dense pedestrian environment.

Speaking of the comparison between bicycles and other 
PTDs, it was also observed that there was a significantly 
lower ratio of non-bicycle PTD riders (6%) who wore a 
helmet, compared to bicyclists (50%). The combination of 
a high likelihood of a near-miss collision and the habit of 
not wearing a helmet raises a serious safety concern for the 
riders (ie, increased risk of head injury). It is essential to 
raise awareness of their vulnerability and provide education 
and campaign for ride safety. Similar to the exemplary cases 
of bicyclist helmet-wearing campaigns,17 consistent training 
and education can promote non-bicycle PTD riders’ helmet 
wearing. In college environment settings, the literature also 
emphasized educational efforts on traffic safety by college 
planners and health personnel.18,19

Surprisingly, the actions that PTD riders took when 
encountering a pedestrian increased the likelihood of 
near-miss collisions with pedestrians, rather than helping 
to avoid collisions. Previous research pointed out that bicy-
cles’ maneuvers, such as slowing down and getting off, allow 
them to avoid vehicle collisions.20 However, the outputs from 
this study suggest that all of the actions, except for getting 
off, are positively associated with the likelihood of near-miss 
collisions with pedestrians. This implies that the actions 
may contribute to the prevention of collisions, but do not 
avoid near-miss collisions, especially between pedestrians 
and PTD riders.

It was determined that PTD riders tend to pass by pedes-
trians within the range of a near-miss collision (0.9 meters), 
after taking the actions. While the average distance between 
PTD riders and pedestrians at the moment of the actions 
taken was outside of the 0.9-meter range, the average dis-
tance when they are closest to each other was within the 
near-miss threshold (Table 4). This pattern is found for all 
the actions, except for getting off. For example, PTD riders 
take the action of weaving at the location, which is 2.88 
meters away from a pedestrian on average. However, they 
pass by pedestrians with an average distance of 1.11 meters 
after taking action.

This implies that the actions do not generate enough 
space to prevent a near-miss collision from occurring. 
Instead, the riders slow down, deviate, or weave away from 
pedestrians, as much as they can to avoid an actual collision. 
They then continue to ride their device in close proximity 
to pedestrians. It is obvious that this makes pedestrians 
uncomfortable on the streets and leads to discouraging 
pedestrian activities.

Conclusions

This paper presents a systemic, comprehensive approach 
that identifies a variety of personal characteristic contrib-
uting factors to the safety concerns between pedestrians and 
PTD riders in a university campus, employing an emerging 
UAV technology. Before concluding, this paper emphasizes 
the limitation of the velocity measure of the PTD riders 
employed for this paper. The velocity of a PTD rider was 
not measured for the moment of their interaction with a 
pedestrian, but as the average velocity of PTD riders. Since 
the data shows that they slowed down near pedestrians in 

Table 4. average distance between PtD riders and pedestrians by prevention 
actions (unit: meter).

Preventive action
at the nearest 

moment
at the moment of 
the action taken

getting off 0.77 2.09
Slowing down 0.81 3.50
Deviating 0.75 3.79
Weaving 0.50 2.27

Table 3. multilevel logit regression results of near-miss collisions (n = 2,377).

Variables odds ratio Std. error p-value

intercept 0.088 0.496 <0.001
level 1 getting off (reference: no action) 1.350 1.036 0.772

Slowing down (reference: no action) 4.178 0.312 <0.001
Deviating (reference: no action) 3.415 0.157 <0.001
Weaving (reference: no action) 6.862 0.394 <0.001

level 2 mode dummy (1 = boarder) 1.689 0.210 0.012
Speed 1.144 0.039 0.001
Pedestrian density 1.000 0.000 0.537
gender dummy (1 = male) 1.588 0.307 0.132
Helmet dummy (1 = wearing a helmet) 0.850 0.284 0.566
Slope dummy (1 = downslope) 0.595 0.221 0.019
Site: Plaza 2 (reference: Plaza 1) 1.321 0.262 0.289
Site: corridor 1 (reference: Plaza 1) 1.142 0.270 0.623
Site: corridor 2 (reference f: Plaza 1) 2.570 0.414 0.023

model diagnostics aic: 2,902 
Bic: 2,983

log-likelihood: −1,437.1 
Pseudo R2: 0.28

random effects Variance: 0.67 
level 1 sample size: 2,377

Standard deviations: 0.82 
level 2 sample size: 154
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only two percent of the total interactions with pedestrians, 
this paper took the average speed as the PTDs’ speed. It 
would be ideal for measuring accurate movement data, by 
installing a GPS or an accelerometer on a PTD.21

Nonetheless, this paper sheds light on the near-miss col-
lisions between pedestrians and PTDs, including bicycles, 
skateboards, and electric scooters. The output from the mul-
tilevel logistic regression suggests that the contributing fac-
tors to near-miss collisions between pedestrians and PTD 
riders vary from the PTD riders’ behavior to the conditions 
of the physical environment. The behavioral factors include 
their high speed and the actions taken by PTD riders in 
the interaction with a pedestrian. The physical conditions 
are narrow pathways and dense pedestrian traffic. It is also 
confirmed that other PTDs than bicycles are more likely to 
engage in near-miss collisions.

In general, this paper contributes to broadening the per-
spective of transportation safety on a university campus, by 
incorporating PTDs into a near-miss collision analysis. The 
conflicts caused by PTDs, especially non-bicycle PTDs, were 
underestimated. Bicycle safety has historically received much 
more attention on many college campuses as bicycling is 
more prevalent than PTD riding. However, the safety of 
non-bicycle PTDs has recently become an important trans-
portation safety issue, due to the increasing popularity of 
micro-mobility. In dense urban areas and university cam-
puses experiencing a growing number of PTDs as well as 
micro-mobility,12 these modes contribute to making the 
interactions among road users much more complex. 
Consequentially, the conflicts that they cause become more 
complex. The safety issues of electric scooter are already a 
significant transportation safety concern.22 It is also worth 
mentioning that this paper is an exemplary case that demon-
strates the contribution of UAV technology to the transpor-
tation safety research of the university campus. Due to the 
lack of data, research on near-miss collisions has been lim-
ited. This paper overcomes this limitation, by employing a 
UAV that collected PTD riders’ behavior and cases of 
near-miss collisions. It is plausible to envision that the tech-
nology will be advanced in the near future and that the 
feasibility of the technology for research will be expanded. 
Therefore, it is necessary for future studies to expand the 
scope and improve the quality of research, by proactively 
adopting emerging technology.

Conflict of interest disclosure 

The authors have no conflicts of interest to report. The 
authors confirm that the research presented in this article 
met the ethical guidelines, including adherence to the 
legal requirements, of United States of America and 
received approval from the Institutional Review Board of 
California State Polytechnic University, Pomona.

Funding

This research did not receive any specific grant from fund-
ing agencies in the public, commercial, or not-for-profit 
sectors.

References

 1. Federal Highway Administration (FHA). Summary of Travel 
Trends: 2017 National Household Travel Survey. Washington, DC: 
Federal Highway Administration, 2018. FHWA-PL-18-019.

 2. National Highway Traffic Safety Administration (NHTSA). Traffic 
Safety Facts 2017. Washington, DC: National Highway Traffic 
Safety Administration, 2019.

 3. Kim D . The transportation safety of elderly pedestrians: Modeling 
contributing factors to elderly pedestrian collisions. Accid Anal 
Prev. 2019;131:268–274. doi:10.1016/j.aap.2019.07.009.

 4. Yao S, Loo B, Lam W. Measures of activity-based pedestrian 
exposure to the risk of vehicle-pedestrian collisions: Space-time 
path vs. potential path tree methods. Accid Anal Prev. 
2015;75:320–332. doi:10.1016/j.aap.2014.12.005.

 5. Kim D, Rojas J. Does transit-oriented development create a 
bicycle and pedestrian safe environment? Paper presented at: the 
93rd Annual Meeting of Transportation Research Board; January 
12–16, 2014; Washington, DC.

 6. Bejleri I, Steiner R, Kim D. GIS methods and tools for bicycle 
and pedestrian crash mapping and analysis. Paper presented at: 
the 86th Annual Meeting of the Transportation Research Board; 
January 21–25, 2007; Washington, DC.

 7. Kim D. Pedestrian and bicycle volume data collection using 
drone technology. J Urban Technol. 2020;27(2):45–60. doi:10.10
80/10630732.2020.1715158.

 8. Hatfield J, Prabhakharan P. An investigation of behaviour and 
attitudes relevant to the user safety of pedestrian/cyclist shared 
paths. Transp Res Part F. 2016;40:35–47. doi:10.1016/j.
trf.2016.04.005.

 9. Gkekas F, Bigazzi A, Gill G. Perceived safety and experienced 
incidents between pedestrians and cyclists in a high-volume 
non-motorized shared space. Transp Res Interdiscip Perspect. 
2020;4:100094. doi:10.1016/j.trip.2020.100094.

 10. Sikka N, Vila C, Stratton M, Ghassemi M, Pourmand A. Sharing 
the sidewalk: A case of E-scooter related pedestrian injury. Am 
J Emerg Med.  2019;37(9):1807.e5–e7. doi:10.1016/j.
ajem.2019.06.017.

 11. Beitel D, Stipancic J, Manaugh K, Miranda-Moreno L. Assessing 
safety of shared space using cyclist-pedestrian interactions and 
automated video conflict analysis. Transp Res Part D. 2018;65:710–
724. doi:10.1016/j.trd.2018.10.001.

 12. Fang K, Handy S. Skateboarding for transportation: exploring 
the factors behind an unconventional mode choice among uni-
versity skateboard commuters. Transp 2019;46(1):263–283. 
doi:10.1007/s11116-017-9796-9.

 13. Wang X, Wang W, Li W. Scene-specific pedestrian detection for 
static video surveillance. IEEE Trans Pattern Anal and Machine 
Intel 2014;36(2):361–374. doi: 0.1109/TPAMI.2013.124

 14. Park K, Ewing R. The usability of unmanned aerial vehicles 
(UAVs) for pedestrian observation. J Plan Educ Res. 2018;:1–12. 
doi:10.1177/0739456X18805154.

 15. Raudenbush SW, Bryk AS. Hierarchical Linear Models: Applications 
and Data Analysis Methods. Thousand Oaks, CA: Sage 
Publications, 2002.

 16. Sanders RL. Perceived traffic risk for cyclists: The impact of near 
miss and collision experiences. Accid Anal Prev. 2015;75:26–34. 
doi:10.1016/j.aap.2014.11.004.

 17. Ludwig TD, Buchholz C, Clarke SW. Using social marketing to 
increase the use of helmets among bicyclists. J Am Coll Health. 
2005;54(1):51–58. doi:10.3200/JACH.54.1.51-58.

 18. DeVeauuse N, Kim K, Peek-Asa C, McArthur D, Kraus J. Driver 
compliance with stop signs at pedestrian crosswalks on a uni-
versity campus. J Am Coll Health. 1999;47(6):269–274. 
doi:10.1080/07448489909595658.

 19. Wojtowicz GG, Deslauriers K. Hazard surveillance and injury 
control: a university-based pedestrian-safety project. J Am Coll 
Health. 1996;45(1):43–46. doi:10.1080/07448481.1996.9937545.

 20. Carter DL, Hunter WW, Zegeer CV, Stewart JR, Huang H. 
Bicyclist intersection safety index. Transport Res Record. 
2007;2031(1):18–24. doi:10.3141/2031-03.

https://doi.org/10.1016/j.aap.2019.07.009
https://doi.org/10.1016/j.aap.2014.12.005
https://doi.org/10.1080/10630732.2020.1715158
https://doi.org/10.1080/10630732.2020.1715158
https://doi.org/10.1016/j.trf.2016.04.005
https://doi.org/10.1016/j.trf.2016.04.005
https://doi.org/10.1016/j.trip.2020.100094
https://doi.org/10.1016/j.ajem.2019.06.017
https://doi.org/10.1016/j.ajem.2019.06.017
https://doi.org/10.1016/j.trd.2018.10.001
https://doi.org/10.1007/s11116-017-9796-9
https://doi.org/10.1177/0739456X18805154
https://doi.org/10.1016/j.aap.2014.11.004
https://doi.org/10.3200/JACH.54.1.51-58
https://doi.org/10.1080/07448489909595658
https://doi.org/10.1080/07448481.1996.9937545
https://doi.org/10.3141/2031-03


8 D. KIM AND K. PARK

 21. Strauss J, Zangenehpour S, Miranda-Moreno LF, Saunier N. 
Cyclist deceleration rate as surrogate safety measure in Montreal 
using smartphone GPS data. Accid Anal Prev. 2017;99(Pt A):287–
296. doi:10.1016/j.aap.2016.11.019.

 22. Allem J-P, Majmundar A . Are electric scooters promoted on 
social media with safety in mind? A case study on Bird’s 
Instagram. Prev Med Rep. 2019;13:62–63. doi:10.1016/j.
pmedr.2018.11.013.

https://doi.org/10.1016/j.aap.2016.11.019
https://doi.org/10.1016/j.pmedr.2018.11.013
https://doi.org/10.1016/j.pmedr.2018.11.013

	Analysis of potential collisions between pedestrians and personal transportation devices in a university campus: an application of unmanned aerial vehicles
	ABSTRACT
	Introduction
	Data collection
	Methodology
	Results
	Discussion
	Conclusions
	Conflict of interest disclosure 
	Funding
	References



