CHALMERS

UNIVERSITY OF TECHNOLOGY

A data-driven framework for the safe integration of micro-mobility into the
transport system: Comparing bicycles and e-scooters in field trials

Downloaded from: https://research.chalmers.se, 2026-04-05 01:30 UTC

Citation for the original published paper (version of record):

Dozza, M., Violin, A., Rasch, A. (2022). A data-driven framework for the safe integration of

micro-mobility into the transport system:
Comparing bicycles and e-scooters in field trials. Journal of Safety Research, 81: 67-77.

http://dx.doi.org/10.1016/j.js1.2022.01.007

N.B. When citing this work, cite the original published paper.

research.chalmers.se offers the possibility of retrieving research publications produced at Chalmers University of Technology. It
covers all kind of research output: articles, dissertations, conference papers, reports etc. since 2004. research.chalmers.se is
administrated and maintained by Chalmers Library

(article starts on next page)



Journal of Safety Research xxx (XXXxX) XXX

Contents lists available at ScienceDirect

«-NSC

National Safety Council

Journal of Safety Research

journal homepage: www.elsevier.com/locate/jsr

A data-driven framework for the safe integration of micro-mobility into
the transport system: Comparing bicycles and e-scooters in field trials

Marco Dozza ™, Alessio Violin, Alexander Rasch

Chalmers University of Technology, Sweden

ARTICLE INFO ABSTRACT

Article history:

Received 18 May 2021

Received in revised form 11 September
2021

Accepted 26 January 2022

Available online xxxx

Introduction: Recent advances in technology create new opportunities for micro-mobility solutions even
as they pose new challenges to transport safety. For instance, in the last few years, e-scooters have
become increasingly popular in several cities worldwide; however, in many cases, the municipalities
were simply unprepared for the new competition for urban space between traditional road users and
e-scooters, so that bans became a necessary, albeit drastic, solution. In many countries, traditional vehi-
cles (such as bicycles) may not be intrinsically safer than e-scooters but are considered less of a safety
threat, possibly because—for cyclists—social norms, traffic regulations, and access to infrastructure are
established, reducing the number of negative stakeholders. Understanding e-scooter kinematics and e-
scooterist behavior may help resolve conflicts among road users, by favoring a data-driven integration
of these new e-vehicles into the transport system. In fact, regulations and solutions supported by data
are more likely to be acceptable and effective for all stakeholders. As new personal-mobility solutions
enter the market, e-scooters may just be the beginning of a micro-mobility revolution. Method: This paper
introduces a framework (including planning, execution, analysis, and modeling) for a data-driven evalu-
ation of micro-mobility vehicles. The framework leverages our experience assessing bicycle dynamics in
real traffic to make objective and subjective comparisons across different micro-mobility solutions. In
this paper, we use the framework to compare bicycles and e-scooters in field tests. Results: The prelim-
inary results show that e-scooters may be more maneuverable and comfortable than bicycles, although
the former require longer braking distances. Practical Applications: Data collected from e-scooters may, in
the short term, facilitate policy making, geo-fencing solutions, and education; in the long run, the same
data will promote the integration of e-scooters into a cooperative transport system in which connected
automated vehicles share the urban space with micro-mobility vehicles. Finally, the framework and the
models presented in this paper may serve as a reference for the future assessment of new micro-mobility
vehicles and their users’ behavior (although advances in technology and novel micro-mobility solutions

will inevitably require some adjustments).
© 2022 The Author(s). Published by National Safety Council Elsevier Ltd. This is an open access article
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction several cities world-wide (Liew et al.,, 2020; Mpller & Simlett,

2020) raising several safety concerns. A recent report from

Micro-mobility is a growing phenomenon that challenges the
urban transport system (Chang et al, 2019; Zagorskas &
Burinskiené, 2020) and the research community (O'Hern &
Estgfaeller, 2020). Although new (e-) vehicles with different num-
bers of wheels and tracks (SAE Committee, 2018) enter the market
at a fast pace, e-scooters (powered standing scooters, according to
SAFE ]3194) are undoubtedly the most popular and controversial
micro-mobility solution in today’s urban environment (Gossling,
2020). Since 2015, their number has increased exponentially in
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Fearnley et al. (2020) suggests that the crash risk is 10-fold when
riding an e-scooter compared to riding a bicycle, while the Safe
Micromobility report for the Organisation for Economic Co-
operation and Development reports a much larger number of inju-
ries per trip for e-scooters than for bicycles (Table 2; (International
Transport Forum, 2020)), albeit the comparison was only made
across different countries.

While sharing systems may have drastically accelerated the
success of e-scooters (Mgller & Simlett, 2020), research shows that
e-scooters met some important needs for personal mobility, sur-
passing other transport modes (Bird, 2019; Portland Bureau of
Transportation, 2018). Typically ridden by young males with an
average (or above average) income (6t-bureau de recherche,
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2019; Bjerkan et al., 2020), e-scooters replace walking as well as
other means of transport, promising to reduce the congestion,
noise, and carbon footprint of urban transport (Sharkey et al.,
2020). Unfortunately, as e-scooters proliferate, so do e-
scooterists’ visits to the emergency room and, therefore, healthcare
costs (Bekhit et al., 2020; Ishmael et al., 2020). Several physicians
promptly exposed the unusually high demand that e-scooters
place on the healthcare system (Badeau et al., 2019; Bekhit et al.,
2020; Namiri et al., 2020). E-scooter injuries occur relatively often
(1 per every 26,881 miles according to [8]), mainly in the evenings
and on weekends (Stigson et al., 2020; Vernon et al., 2020). These
injuries have their own signature, with head and facial injuries
being the most common (Beck et al., 2020; Trivedi et al., 2019;
Trivedi et al., 2019; Wiister et al., 2020). Although e-scooterists
would benefit from using a helmet (Moftakhar et al., 2020) and
other protective equipment (Allem & Majmundar, 2019), very
few even wear a helmet (Beck et al., 2020; Haworth & Schramm,
2019) despite recommendations from several institutions.
(Remarkably, the European Cycling Federation has a long tradition
of advocating that helmets not be mandatory for cyclists and still
recommends e-scooterists using helmets. Buczynski &
Fahrenkrug, 2020.) Most e-scooter crashes appear to be single-
vehicle crashes (Trafikkontoret, 2009). However, interactions with
other road users play an important role (Stigson & Klingegard,
2020; Stockholms Stad, 2019); 80% of e-scooter fatal crashes are
collisions with motorized vehicles (International Transport
Forum, 2020). Further, Blomberg et al. (2019) report that 17% of
the road users injured in e-scooter crashes were non-riders. Inter-
estingly, Austin Public Health reports that more than 30% of the
injuries happen during the very first trip with an e-scooter
(Austin Public Health, 2019), suggesting that education and train-
ing may help improve e-scooter safety. Rider behavior, including
intoxication, is also among the causes of e-scooter crashes
(Bjerkan et al., 2020; Trafikkontoret, 2009). Nevertheless, field evi-
dence (e.g., from naturalistic studies) is still too sparse, and crash
data are still too limited to draw solid conclusions about crash cau-
sation and explain the behavioral mechanisms that undermine e-
scooter safety.

Concerns about e-scooters are not limited to their safety; the
competition for urban space among road users is evident from
the low acceptance of e-scooters by the community (Gossling,
2020). The low acceptance is inversely related to age (Ramboll,
2020), possibly because younger people are the main e-scooter
users (6t-bureau de recherche, 2019). From an urban perspective,
the main concerns are e-scooters that ride on sidewalks, park
where they are not supposed to, ride too fast, and generally break
rules. Municipalities are on the front line promoting the safe inte-
gration of e-scooters into the transport system. Their efforts so far
have focused on designating parking zones (so that e-scooters
don’t park on sidewalks or in bike lanes; Mpgller & Simlett, 2020)
and introducing new regulations (such as prohibiting riding on
the sidewalk, requiring users to wear a helmet, or simply limiting
the number of e-scooters or operators in the city; Gossling, 2020).
Operators of rental sites may improve e-scooter safety by setting
limits for users (e.g., with geofencing or a minimum age for riding)
and by improving e-scooter design, for instance, by installing
reflectors or increasing the wheel size (6t-bureau de recherche,
2019; Mpller & Simlett, 2020). So far, behavioral countermeasures
include campaigns, regulations on phone use, limits on the maxi-
mum blood-alcohol concentration allowed for riders (Gossling,
2020), and training for novice users (Faraji et al., 2020).

Because so many stakeholders (e-scooterists, other road users,
authorities, operators, etc.) with conflicting interests are part of
the e-scooter revolution and its regulation, it is hard to find coun-
termeasures that accommodate and are accepted by all of them.
For instance, speed regulations may feel unnecessary to e-
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scooterists, while still perceived as an insufficient countermeasure
by other road users. It may be easier to obtain buy-in from all
stakeholders if the choice of countermeasures is data-driven; in
other words, if policies and decisions are rooted in an objective
assessment of the (safety) issues (International Transport Forum,
2020). Data from hospital emergency departments and crash data-
bases provide objective evidence to help researchers understand
the size of the safety problem at hand; however, although they
describe the problem, they do not illustrate the cause of the prob-
lem or how to solve it. One way to get closer to the root of the
problem is by recording riding data. Operators already do that with
GPS, which enables several geographical analyses. These analyses
may inform geofencing and help route e-scooters to decrease con-
gestion but, alone, do not give many insights into the safety prob-
lem. More sophisticated data, such as naturalistic data (Dingus
et al., 2006; Dozza & Werneke, 2014; Westerhuis & De Waard,
2016) and field data (Kovacsova et al., 2016; Lee et al., 2020;
Llorca et al., 2014), may provide unique insights leading to novel,
more acceptable countermeasures (novel, because these data
may highlight previously unknown e-scooter and e-scooterist
weaknesses; more acceptable, because any legislation or recom-
mendation backed up by data has a better chance of convincing a
wide spectrum of stakeholders).

Instrumented bicycles have been used in several studies to col-
lect data to promote infrastructure design, rider education, and
intelligent system design (Dozza & Fernandez, 2013; Gehlert
et al, 2012; Hatfield et al., 2017; Kovacsova et al., 2016;
Schleinitz et al., 2017; Twisk et al., 2021). Similarly, data may be
collected from instrumented e-scooters to unveil the extent to
which they compare to other micro-mobility solutions. Very few
studies so far have used instrumented e-scooters to investigate
how riders maneuver the e-scooters (among them Garman et al.,
2020; Locken et al., 2020).

This paper responds to the call for more research on e-scooters
from several organizations such as the International Transport
Forum and the Transportation Research Laboratory (International
Transport Forum, 2020; Hitchings et al., 2019) by proposing a pro-
cedure to measure and compare the kinematics and controls of dif-
ferent micro-mobility vehicles in field trials. The main objective of
this paper is to describe this procedure for data collection and anal-
ysis and exemplify it with a simple application comparing e-
scooters and bicycles in field trials. The procedure is intended to
favor repeatability across studies and vehicle types. It includes sev-
eral steps, from planning the experiment to modeling the data, and
is exemplified in this paper by comparing an e-scooter and a bicy-
cle. The final aim of this procedure is to provide policymakers,
municipalities, operators, and road authorities with objective evi-
dence to guide their actions for improving micro-mobility. In addi-
tion, the reference models that we propose in this paper may
inform the design of intelligent systems and cooperative applica-
tions, promoting the safe integration of connected automated vehi-
cles into the transport system.

2. Methods

Fig. 1 shows the framework for evaluating and comparing
micro-mobility vehicles in field trials. In this section, we describe
this procedure step by step and apply it to the specific use case
comparing e-scooters and bicycles.

2.1. Maneuvers

Road users keep safe by controlling their speed and heading. In
practice, this means that braking (longitudinal control) and steer-
ing (lateral control) help road users avoid collisions. As a conse-
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Fig. 1. Methodological steps to plan and perform a field-test comparison across vehicles.

quence, measures such as braking distance and steering angle may
therefore provide surrogate safety measures (SAE, 2015). While
measures for longitudinal control may be similar across vehicles
(because they boil down to braking performance, i.e., how effec-
tively the vehicle can reduce the speed and come to a stop), lateral
control measures (i.e., the steering performance) may require
vehicle-specific measures and performance indicators. In fact,
steering may happen in different ways across micromobility solu-
tions and depend on the vehicle configuration (e.g., number of
wheels and tracks). Likewise, avoidance maneuvers, constrained
by the vehicle geometry, may fundamentally differ across vehicles
(e.g., depending on the number of tracks and wheels (Genta &
Morello, 2009), especially for steering. Further, controls for braking
and steering vary greatly across micro-mobility vehicles, indepen-
dently of the number of tracks and wheels. For instance, the brakes
may be hand-controlled (e.g., a sliding knob on a remote control on
e-skateboards), foot-controlled (e.g., a foot brake on a scooter), or
controlled by leaning (e.g., on a monowheel). Similarly, to steer,
users control e-skateboards and monowheels by leaning, Segways
by using a handle, and hoverboards by changing their posture.
When riding a single-track two-wheeler, as in our use case, the
user controls speed and heading by applying the brakes and turn-
ing the handlebars.

From a human-factors perspective, avoidance maneuvers also
differ depending on whether they are planned (e.g., slowing down
when approaching an intersection) or unplanned (e.g., braking
abruptly to avoid a road user suddenly crossing in front). Typically,
unplanned maneuvers elicit more critical kinematics and threaten
vehicle stability more than planned maneuvers (Huertas-Leyva
et al., 2018). Speed is also a major factor, as it, too, influences the
stability and maneuverability of the vehicles (especially for
single-track vehicles; Schwab & Meijaard, 2013). Finally, results
from the literature—as well as the need to compromise between
safety and maneuvers that are representative—may guide the
maneuver selection in a field-trial comparison across vehicles.
Defining a set of maneuvers for the comparison across vehicles is
therefore a compromise. Ideally, the maneuvers should be repre-
sentative of lateral and longitudinal control take, into account dif-
ferent vehicle geometries, the subject expectancy, and the vehicle-
specific controls. In reality, the most stringent requirement may
come from the time needed for collection, which constrains the
number of trials. Further, safety and ethical concerns limit the
selection of critical avoidance maneuvers. Selecting maneuvers
depending on existing literature may be convenient because it
enables comparisons (and verification) of the results.

For our use case, we limited our selection to four maneuvers
(for fatigue not to confound our results): three required braking
and one steering (to address both longitudinal and lateral control).
In the braking maneuvers, the participants were asked to brake
comfortably or harshly, and, in this latter case, we assessed both
maneuvers that could be planned ahead of time and maneuvers
that were triggered at a random time (Fig. 2). It is worth mention-
ing that the difference between comfort and harsh braking is an
indication of the braking performance that a road user can achieve
when compromising comfort for safety, and the difference
between planned and unplanned harsh braking helps determine
whether response time alone may predict braking performances
in critical situations. Our selection was greatly inspired by the pre-
vious literature: the maneuvers that we chose are similar to the

Comfort braking
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Fig. 2. The four maneuvers selected for the experiment. The red and yellow areas
indicate the relative criticality of the maneuver: red is a higher criticality than
yellow.

ones tested in previous studies (Kovacsova et al., 2016; Lee et al.,
2020; Rasch et al, 2016). Further, we included planned and
unplanned maneuvers to address expectancy and compare our
results with Huertas et al. (2018).

Speed greatly impacts micro-mobility maneuvering and thus
should be selected with care during testing, possibly using data
from real traffic to make sure the maneuvers tested in the field
actually happen in reality as well. In our case, the speed was set
to 17 km/h, in line with previous naturalistic studies (Dozza &
Werneke, 2014; Schleinitz et al., 2017); lower speeds would have
been less critical for braking maneuvers, and higher speeds may
not have been as representative. For the steering maneuver, the
participants were asked to steer in a slalom among four cones with
an approach speed of 7-10 km/h (Fig. 2). It is worth noticing that
the speeds selected were also similar to the ones used in previous
studies (Kovacsova et al., 2016; Lee et al., 2020; Rasch et al., 2016).
The slalom task is complex, requiring the user to steer several
times; we selected this task (as opposed to a simple comfortable
steering task) to amplify the difference that we expected between
e-scooters and bicycles because of the different wheelbase lengths.
We selected a low speed to challenge our participants’ equilibrium,
possibly amplifying the differences across the vehicles. (Although
low, this speed is still within the range of speeds found in near-
crashes in naturalistic cycling data, and therefore it was assumed
to be representative of a normal traffic situation; Dozza, 2013.)
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2.2. Performance indicators

The specific strategy that a user applies to control braking and
steering is important for the selection of the performance indica-
tors to measure the maneuvers and the subsequent selection of
hardware for the instrumentation and data collection. In general,
sensors assess braking and steering by acquiring data on vehicle
kinematics and controls. Deceleration and jerk are fundamental
measures of braking performance (Brdnnstrém et al., 2014),
whereas angular rate and lateral acceleration are often used to
evaluate steering performance (Brdannstrom et al, 2014;
Kovacsova et al., 2016). Of course, the geometry of the vehicle
and the specific controls that the user must operate to laterally
and longitudinally control the vehicle may suggest metrics that
are vehicle-specific.

Previous studies on bicycles have indicated that indicators such
as braking distance and average deceleration may estimate braking
performance (Lee et al., 2020), while steering performance may be
evaluated from the steering angle, steering angle rate, roll rate,
cross-correlation coefficient (R?) between roll rate and steering
rate, and the time delay between roll rate and steering rate
(Kovacsova et al., 2016). We also included mean absolute lateral
acceleration as a proxy for comfort.

2.3. Instrumentation

The instrumentation consists of components capable of collect-
ing all the signals needed to calculate the performance indicators.
Typically, these components (including sensors, loggers, and power
supplies) may require some hardware and software development
(Dozza & Fernandez, 2013; Garman et al., 2020). Which sensors
are selected for data acquisition depends on the performance indi-
cators that best measure the performance of a maneuver. The sen-
sors may be installed on the vehicle, on the user, or on the
infrastructure. Although some vehicles have their own sensors that
the experimenter may hack into (for instance, e-bikes have a built-
in speed sensor), new sensors may be installed on the vehicle. Of
course, the placement of sensors in some vehicles (e.g., mono-
wheels) may present more challenges than in others (e.g., bicycles)
simply because of the vehicle’s form or the risk of posing a hazard
or changing user behavior. It is worth mentioning that although
the selection of sensors may be vehicle-specific, the logging part
(especially the software) may be portable across vehicles and
require only minor adjustments.

To acquire the vehicle kinematics and compute the perfor-
mance indicators for our use case, we combined an in-vehicle iner-
tial measurement unit (IMU: PhidgetSpatial 3/3/3 1044) and
potentiometer with a stationary LiDAR sensor (Hokuyo UXM-
30LXHEWA). Fig. 3 shows the installations. The logger was based
on a Raspberry Pi 3 model B platform with the same software used
by Rasch et al. (2020). The logger was the same for all vehicles and
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powered by a 5V 2 A power bank (weight ~270g). The total
weight of the in-vehicle instrumentation was about 650 grams
(i.e., negligible when compared to the combined vehicle and rider
weights). Table 1 describes the performance indicators (two for the
braking maneuvers and six for steering). For each indicator, the sig-
nal, the relevant sensor, and the interpretation are provided.

2.4. Experiment

Field experiments with instrumented vehicles, like all other
experiments, require that the experimental design be carefully
considered. However, even well-designed field experiments have
unique challenges: they may be affected by the elements and
should happen in an area that, while isolated, resembles an urban
environment. Further, the use of multiple sensors and loggers typ-
ically requires extra care (e.g., pilot experiments) to ensure data
quality and synchronization. The inclusion criteria for participants
in the experiment may be inspired by the typical user of a specific
micro-mobility solution: for instance, e-scooterists are mainly
young males. However, since elderly and other populations may
be more of a safety concern, individual studies may opt for differ-
ent inclusion criteria, depending on their specific research ques-
tions. Of course, the vehicle manufacturer recommendations (e.g.,
max height and weight) should also be considered when defining
the inclusion criteria.

We obtained approval to run the experiment from the Swedish
Ethical Review Authority (Etikprévningsmyndigheten; Ref. 2019-
04547). The location of our experiment is presented in Fig. 4. Inclu-
sion criteria required participants to be between 18 and 60 years
old (younger subjects were excluded because they represent a
minority group that requires extra ethical considerations and
approvals, and older subjects were excluded because of their
potentially reduced physical capacity; Vlakveld et al., 2015), be
capable of riding a bicycle, have no physical disabilities, have never
been in a serious traffic crash, and be able to speak English (be-
cause we used questionnaires in English). Participants were
informed about the study and the potential risk of falling associ-
ated with the tasks, and signed a consent form prior to
participating.

Six riders (two females) participated in this pilot study. Age,
height, and weight ranges were: 23-29 years, 178-188 cm, and
62-80 kg, respectively. Prior to the experiment, each participant
rode the e-scooter and the bicycle and performed the four maneu-
vers until they felt comfortable proceeding with the experiment.
The order of the trials was randomized to minimize the effects of
learning, adaptation, and habituation.

Subjective data help relate performance indicators to users’ per-
ceptions. For instance, for our experiment, we were particularly
interested in whether riders were aware of how their braking
and steering performances changed across vehicle types. After
our experiment, we asked all riders to fill in a questionnaire, using

Potentiometer

4 % Logg

Fig. 3. Instrumented vehicles.

4



M. Dozza, A. Violin and A. Rasch

Journal of Safety Research xxx (xxxx) xxx

Table 1
Variables considered for the analysis of braking and steering.
Maneuver Performance indicators Signal Sensor Relation
Braking Braking distance Trajectory LiDAR Safety
Average deceleration Longitudinal acceleration IMU Comfort
Steering Steering distance Trajectory LiDAR Maneuverability
Mean absolute steering angle Handlebar angle Potentiometer Balancing
Mean absolute steering angle rate Handlebar angle Potentiometer Control
Mean absolute roll rate Roll rate IMU Stability
Mean absolute lateral acceleration Lateral acceleration IMU Comfort

Delay between roll rate and steering rate

Roll rate & handlebar angle

IMU & Potentiometer Maneuverability

Lidar with logger

> B

Fig. 4. Experimental setup. Panel A: Birds-eye view of the field trials. Panel B: Setup of the LiDAR and the cones (for the steering trial).

a Likert scale 1-7 (where 1 is very poor and 7 is exceptional) to
rank their comfort level during the following vehicle operations:
mounting and dismounting; accelerating from stand-still; main-
taining low speed; maintaining high speed; keeping their balance
at low speed; keeping their balance at high speed; braking at high
speed; and steering at low speed. The answers provided us with
subjective data about the safety, maneuverability, and comfort of
the vehicles that we could compare to our objective data. The ques-
tionnaire was adapted from that in Rasch et al. (2016).

2.5. Data analysis

The data analysis depends on the specific sensors and metrics
used in the experiment, so it is hard to offer general guidelines that
would be useful; therefore, we discuss our use case. (Because IMUs
are likely to be a sensor of choice for any vehicle under analysis,
the data processing presented below may still be of use for future
studies.)

First, we filtered the raw signals using two different techniques.
To calculate the trajectories, we used a Rauch-Tung-Striebel
smoother (Rauch et al., 1965) which is a sensor fusion algorithm
that takes as input the position and derived speed from the LiDAR
and the acceleration from the IMU and outputs speed and position.
The signal from the potentiometer was converted to a digital signal
by means of a 10-bit ADC connected to the data logger. For all the
other signals, a low-pass filter with a cut-off frequency of 7.5 Hz
was applied. The braking and steering events were then extracted.
To determine the start and end of each braking maneuver, we used
speed thresholds (16 km/h and 1 km/h, respectively). For the steer-
ing maneuvers, we used distance thresholds (1 m before the first
cone and 1 m after the last cone). Finally, from these events, we
computed the performance indicators summarized in Table 1.
The last column in Table 1 is indicative of how each of the indica-
tors was related to safety, maneuverability, stability, balancing,
control, and comfort from previous studies.

2.6. Modeling

Modeling is a powerful way to represent complex datasets.
Requiring only a few parameters, the models can be adapted and

used as references for comparisons in future studies (Morando
et al., 2019). Mathematical models also enable predictions, which
is particularly important for advanced driver assistance systems
or automated connected vehicles that must be able to predict other
road users’ intentions to safely maneuver in traffic (Rasch & Dozza,
2020; Boda et al., 2020). Models are, of course, maneuver-specific
and should be the same across vehicle types, to enable compar-
isons. Nevertheless, different vehicle types may elicit different
strategies for braking and/or steering, which should be considered
when interpreting the models because it may drastically affect the
models’ validity. Braking was modeled according to Lee et al.
(2020), with a linear regression illustrating the average decelera-
tion of the maneuvers. However, we did not use their model for
steering because the slalom task differed significantly from their
task (steering avoidance). We first tried to fit their Gaussian model
on the first steering action (circumventing the first cone), but the
fit was not reasonable because the presence of the second cone cre-
ated a constraint on the first steering maneuver, skewing the
maneuver’s shape. As a result, we created a steering model that
captures the more complex vehicle dynamics as the participant cir-
cumvents the cones. This model fits a sine wave to the slalom tra-
jectory using three parameters: amplitude (o), frequency (), and
phase (¢) (Eq. (1)). The sine wave amplitude explains the proximity
to the cone (and is therefore a surrogate for the trajectory’s curva-
ture) and its frequency describes the change of direction that was
constrained by the cone placement. Finally, the sine wave phase
indicates the distance from the first cone at which the rider initi-
ated the steering maneuver. It is worth noting that while helping
exemplify our framework, this modeling effort provides some pre-
liminary reference models for the prediction of e-scooter maneu-
vers and the comparison among micro-mobility vehicles.

y(t) = o« sin(w * t + ¢) (1)

3. Results

This section presents the results from our pilot study that
exemplified the framework presented in this paper. The ballpark
results in this section are intended as a reference for future studies.
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Fig. 5. Kinematics for the three braking tasks (Panels A-C); kinematics and controls for the steering task (Panels D and E for bicycle and e-scooter, respectively).

3.1. Kinematics and controls

Fig. 5 shows the speed profiles from some representative trials
as a participant braked gently (Panel A) and harshly (Panels B and C
for planned and unplanned braking, respectively). As expected, by
braking harder, the participant could stop the vehicle faster, inde-
pendently of the vehicle. Fig. 5 also reports the lateral kinematics
(lateral acceleration and roll rate) and handlebar control parame-
ters (steering angle and steering angle rate) for the slalom maneu-
ver (Panels D and E). Not surprisingly, the largest lateral kinematics
happened in the slalom phase, when the handlebar movements
were also more pronounced.

3.2. Braking

When braking, participants decelerated faster and achieved
shorter braking distances on the bicycle than on the e-scooter.
Fig. 6 shows the decelerations for the three types of braking for
bicycle and e-scooter. The linear model presented in Fig. 6 (Lee
et al., 2020) indicates that participants were able to stop the bike
approximately twice as fast as the e-scooter (when braking
harshly). Even gentle braking resulted in shorter braking times
for bicycles than e-scooters (although the difference was not as
large). Individual variability played a large role, especially in the
gentle braking. Fig. 7 shows how the variance of the braking
distance decreases when moving from gentle to harsh braking,

especially for cyclists (Panel A). Response times were somewhat
longer when participants rode the e-scooter than when they rode
the bicycle (Panel B) and this result should be verified with a larger
sample.

3.3. Steering

We modeled the steering trajectories with a sine wave as
shown in Equation (1), where ® is the frequency, ¢ the phase,
and o the amplitude. Fig. 8 shows the individual and averaged tra-
jectories for the bicycle (Panel A) and e-scooter (Panel B), along
with the respective models (including their parameters). The two
models were similar; however, the bicycle’s showed a slightly
higher frequency and lower amplitude.

The e-scooter required smaller adjustments of the handlebar to
slalom among the cones (Fig. 9; Panel A); however, the steering
angle rate was similar across the two vehicles (Fig. 9; Panel B).
The mean absolute roll rate was higher (and more variable) for
the bicycle than the e-scooter (Fig. 8; Panel C), suggesting the e-
scooter was more maneuverable in the slalom maneuver, possibly
because the participants did not need to pedal and took advantage
of the shorter wheelbase. Lateral acceleration was also higher for
the bicycle (Fig. 9; Panel D). Remarkably, the variance in lateral
acceleration was also greater for the bicycle. Participants started
to steer earlier with the e-scooter than with the bicycle, although
the variability across participants was large (Fig. 9; Panel E).
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Fig. 6. Speed profiles for the braking trials. Each dashed line indicates the average
braking deceleration (the associated number indicates the overall average in m/s?)
for that trial as a linear interpolation of the speed (according to Lee et al., 2020).

Finally, the delay between roll rate and steering rate was lower for
the e-scooter than for the bicycle (Fig. 9; Panel F).

3.4. Subjective data

Fig. 10 shows the results from the questionnaire on a spider
plot. Participants found it less comfortable to brake on the e-
scooter than the bicycle, while they had the opposite experience
for steering. It is worth remembering that our protocol assessed
braking at high speed (17 km/h) and steering at low speed

A. Braking distance
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Fig. 8. Steering model for the bicycle (Panel A) and the e-scooter (Panel B),
compared to individual and averaged trajectories.

(10 km/h). Maintaining balance at low speed was reported to be
equally challenging for participants on the bicycle and the e-
scooter—while at high speed the bicycle was perceived as more
stable than the e-scooter. The participants found the e-scooter
easier to accelerate than the bicycle. Maintaining a set speed (high
or low) was scored alike for the bicycle and the e-scooter. Finally,
no difference in comfort level between the vehicles was perceived
by the participants when mounting or dismounting.

4. Discussion

This paper proposes a framework to facilitate the transferability
and benchmarking of research results regarding micro-mobility.
We applied the framework to compare bicycles and e-scooters. In
this section, we first discuss the results from our use case for brak-
ing and steering maneuvers. Then, we explain how our results may
be of interest to several stakeholders, by exemplifying how data
from field trials may benefit policy making, education, system
design, and infrastructure design. Finally, we propose new research
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to apply and expand our framework to other micro-mobility
solutions.

4.1. Braking

Overall, participants were able to brake more efficiently with
the bicycle than the e-scooter; in other words, stopping a bicycle
required less braking distance for both comfort and harsh braking.
As expected, harsh maneuvers on the bicycle resulted in larger (ap-
proximately 3 m/s? higher) decelerations and shorter braking dis-
tances (approximately 4 m shorter) compared to comfortable
maneuvers. The results for comfort braking are very similar to
the ones reported in Lee et al. (2020), especially when the depen-
dency between speed and braking distance is considered. Similar
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results were found for e-scooters: for harsh maneuvers, decelera-
tion increased by about 1 m/s? and braking distance decreased
by 3 m (compared to braking comfortably). The results for harsh
maneuvers were consistent with those reported by Garman et al.
(2020).

Unplanned, harsh braking maneuvers resulted in decelerations
and braking distances similar to those in planned, harsh maneu-
vers, and response time was similar across the vehicles. For e-
scooters, the average response time was faster than that reported
in Garman et al. (2020): 0.55 s versus 1.1 s, respectively. The low
variability in e-scooter braking distance (especially for comfort
braking; Fig. 7) suggests that e-scooterists relied on the handbrake
to slow down the e-scooter. E-scooters are also equipped with a
foot brake, and jumping off the e-scooter may, in some cases, pro-
vide the best braking performance. In our study, none of the partic-
ipants jumped off the e-scooter, and we did not measure the extent
to which the pedal brake was used. Some experienced cyclists may
be used to jumping off a bicycle to avoid a collision; however, the
technique requires training and is seldom an appealing alternative
for non-professional cyclists. Although it is easier to jump off an e-
scooter than a bicycle, it would still require training (Faraji et al.,
2020) before being successfully employed in an unexpected critical
situation. Nevertheless, our study shows that e-scooters take
longer (in both distance and time) to brake than bicycles, especially
in critical situations when harsh braking is required. Interestingly,
the results from the questionnaires confirm this finding, suggesting
that riders are aware of the limited braking capacity of e-scooters
compared to bicycles.

4.2. Steering

The e-scooter was easier to steer than the bicycle, possibly
because of its geometry. This result was confirmed by the ques-
tionnaire data, suggesting, once more, that the riders are aware
of the different trade-offs in vehicle dynamics. In the slalom
maneuvers, trajectories were similar for bicycles and e-scooters
(Fig. 7), although on average bicycles exhibited larger steering
angles, steering-angle rates, roll angles, and lateral accelerations.
In addition, the variances of these four performance indicators
were larger for bicycles. E-scooters also required a shorter steering
distance than bicycles. These results show that riders could steer
the e-scooter more efficiently than the bicycle, possibly because
of the shorter wheelbase (86 cm compared to 116 cm for the bicy-
cle), the smaller tires (8 inches compared to 28 inches for the bicy-
cle), and because no pedaling was required. The e-scooter’s shorter
wheelbase may also explain why the delay between roll rate and
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steering rate was lower for e-scooters than bicycles (Fig. 8). Finally,
our results are in line with Garman et al. (2020), who reported sim-
ilar values for e-scooter steering angles in a slalom maneuver.

4.3. Applications

In general, our results show that e-scooters, and perhaps other
micro-mobility vehicles, perform differently than traditional bicy-
cles for braking and steering. However, some micro-mobility vehi-
cles (e.g., e-scooters) are presently classified and regulated as
bicycles in several countries (Kamphuis & Van Schagen, 2020). In
our study, riders seemed to be aware of the vehicles’ different
braking and steering performances; however, this may not be suf-
ficient in critical situations because users’ reflexes are likely to be
influenced by previous (overlearned) experience. Consequently,
just as the overlearned skills from riding a bicycle do not necessar-
ily transfer to the new vehicles, neither should bicycle regulations
and classification. Future studies may leverage naturalistic data to
assess the extent to which crash avoidance maneuvers in real traf-
fic differ between e-scooters and bicycles (Dozza & Werneke,
2014). So far, our results suggest that, in the same critical situation,
steering avoidance might be safer than braking for an e-scooterist,
while the opposite may be true for a cyclist.

Our results also suggest that e-scooterists may negotiate urban
space differently than cyclists and may be more prone than cyclists
to sudden lateral displacements. This difference may influence the
design of intelligent transport systems that facilitate a safe interac-
tion with road users (Boda et al., 2018) as well as how future auto-
mated vehicles interact with cyclists and e-scooterists;
consequently, models such as the ones presented in this paper
may help automated vehicles anticipate the future behavior of dif-
ferent micro-mobility solutions and act accordingly. Our findings
also suggest that perhaps geofencing should be based on road-
user density; for instance, e-scooter speeds should be lower in
crowded areas since e-scooterists may be prone to zigzag among
other road users.

Because of the differences in maneuverability, different infras-
tructure may be called for to accommodate the needs of cyclists
and e-scooterists. For example, a sinuous path might be safer for
an e-scooterist, while a narrow path with low visibility might be
less intimidating for a cyclist. While it is up to urban planning to
determine the extent to which data collected following our proce-
dure may be used for nudging (Twisk & de Hair-Buijssen, 2017) or
building safer infrastructure, different micro-mobility solutions
would benefit from—and possibly require—different approaches
to infrastructure design. In this respect, data from sharing systems
may be particularly informative for urban planning, particularly
when combined with crash data and behavioral models, facilitating
more sophisticated approaches to geofencing and dynamic routing.
In fact, geofencing algorithms could even support real-time
dynamic routing, leveraging crash risk from the combination of
exposure (from GPS) and crash data (Dozza, 2017). As an example,
speed limits may change dynamically, depending on the actual
crash risk at a specific location, as described in Dozza, 2017; the
risk can be computed in real time by comparing crash statistics
with current GPS data and considering vehicle-specific
performances.

Rules for e-scooters are different across different countries,
even within the European Union (Kamphuis & Van Schagen,
2020). Today, several institutions are engaged in classifying
micro-mobility in order to provide consistent regulation across
transport modes (International Transport Forum, 2020; SAE,
2015; Styrelsen, 2020). Today’s classification of micro-mobility is
mainly based on static, objective measures such as weight or num-
ber of wheels or tracks. Field trials may complement these data
with dynamic measures that demonstrate whether different
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micro-mobility vehicles behave similarly in traffic, so that future
classification may take variables such as performance, maneuver-
ability, stability, and safety into account.

Finally, results from field trials such as the one presented in this
paper may inform training for new e-scooterists. Because many
injuries happen on the first trip with an e-scooter (Austin Public
Health, 2019), it might be that users approach an e-scooter with
the same confidence as a bicycle, although they are missing the
necessary skills, and possibly missing a correct mental model of
the vehicle’s operation. Identifying maneuvers where the differ-
ence between the vehicles’ maneuverability is larger (as we did
in this study) may highlight which maneuvers should be practiced
by novice e-scooterists (Faraji et al., 2020).

4.4. Limitations and future studies

The selection of maneuvers and performance indicators is cru-
cial for a fair comparison across vehicles. The more vehicles differ
from each other in their geometry, the harder it is for the perfor-
mance indicators to be comparable. In our example, we used indi-
cators that are established for assessing bicycle dynamics and
computed them for both bicycles and e-scooters. Therefore, we
could verify our results with the previous literature on bicycles;
however, our selection of performance indicators may have biased
our comparison. Unfortunately, literature on e-scooters dynamics
is close to absent and developing ad-hoc performance indicators
for e-scooter maneuvering was beyond the scope of this work. It
is worth noting that this comparison issue may affect the lateral
control more than the longitudinal. In other words, the braking
comparison presented in this paper is likely to be more valid than
the steering comparison because braking is a less complex task
than steering. The selection of maneuvers will also (inevitably)
affect the comparison. In our case, we selected maneuvers that
were established in the literature on cycling safety in order to
ground and compare our results with the literature. Nevertheless,
especially for steering, the (slalom) maneuver that we chose may
not represent a standard steering avoidance maneuver, both
because of the speed and the size of the cones. Future studies
may expand our results and include more, and more critical,
maneuvers at different speeds as proposed by Lee et al. (2020).

In this study, we tested one specific bicycle and one specific e-
scooter. While the bicycle was chosen to be representative of the
average urban bicycle, this aspect is much harder to control for
e-scooters. In fact, since their introduction, e-scooters have been
rapidly developing. For instance, the e-scooter model used in this
study did not have suspension and only had an electrical and a foot
brake. Nowadays, new e-scooter may have front suspensions, lar-
ger wheels, and may be equipped with mechanical brakes, like
the ones on bicycles. Of course, differences in geometry and con-
trols may severely impact the results in field trials. Interestingly,
our methodology may help understand which technological
improvement may lead to better safety solutions as it can compare
different e-scooter models.

This study, like most similar studies (Garman et al., 2020;
Kovacsova et al,, 2016; Lee et al., 2020; Locken et al., 2020), only
investigated a few maneuvers, using two vehicles and only a few
participants in one single country. Although the results presented
in this paper are consistent with previous literature (Garman
et al., 2020; Lee et al., 2020), our results should be verified on a lar-
ger number of subjects. Further, to prevent fatigue, we did not test
other important maneuvers, such as comfortable steering avoid-
ance, turning, or overtaking. Future studies may complement our
results by addressing more maneuvers and more micro-mobility
solutions: Segways (Zajc et al., 2018), hoverboards (Jones et al.,
2016), monowheels, e-skateboards, and even the more established
e-bikes (Vlakveld et al., 2015) may be legitimate candidates. Of
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course, these new vehicles’ geometry and controls will create new
challenges for instrumentation and data collection, and may
require that our framework be expanded.

The framework presented in this paper has the potential to
increase repeatability across studies because it promotes a system-
atic and objective approach for the definition of the experimental
design, data analysis, and reference models from field trials. If this
approach is followed in future studies, it may be easier for legisla-
tors, engineers, educators, and policymakers to compare and com-
bine results.

Finally, although field tests provide a great opportunity for
repeatability, highlighting the variability across vehicles and sub-
jects (e.g., compare across ages; Kovacsova et al., 2016), naturalis-
tic data will eventually be required to validate the models from
field trials and eliminate any concerns about their ecological
validity.

5. Conclusions

Data about kinematics and controls from micro-mobility vehi-
cles may help safely integrate these new vehicles into urban trans-
port. Specifically, data from field trials may inform policymakers,
educators, and urban planners by objectively comparing the stabil-
ity, maneuverability, and comfort of different micro-mobility solu-
tions. To favor comparisons, studies collecting data in field trials
should follow a common procedure, like the one we present in this
paper, and, when possible, use similar sensors, signals, and perfor-
mance indicators. The initial models for braking and steering pre-
sented in this paper may serve as references for future studies to
expand the procedure presented in this paper. Our pilot experi-
ment shows that different vehicles have different maneuvering
constraints; specifically, while a bicycle may be easier to slow
down, an e-scooter appears to be easier to steer. An obvious conse-
quence for traffic safety is that the safest crash avoidance maneu-
ver may be different for a cyclist or an e-scooterist even when the
scenarios are identical. The braking and steering models presented
in this paper may also support the development of intelligent sys-
tems and connected automated vehicles, by helping them predict a
rider’s intent to brake or steer in a critical situation. Future studies
should acquire data from a larger population to verify and improve
the models presented in this paper and possibly apply this proce-
dure to a larger variety of micro-mobility vehicles. We expect
future studies to show that micro-mobility vehicles such as mono-
wheels and hoverboards have poor braking performance, espe-
cially at high speeds and in unplanned situations. The data from
these studies may therefore support the development of solutions
(such as training, regulations, and geofencing) that contribute to
the safe integration of these vehicles into the transport system.
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