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Abstract—With the shift toward a Mobility-as-a-Service
paradigm, electric scooter sharing systems are becoming a
popular transportation mean in cities. Given their novelty, we
lack of consolidated approaches to study and compare different
system design options. In this work, we propose a simulation
approach that leverages open data to create a demand model
that captures and generalises the usage of this transportation
mean in a city. This calls for ingenuity to deal with coarse
open data granularity. In particular, we create a flexible, data-
driven demand model by using modulated Poisson processes for
temporal estimation, and Kernel Density Estimation (KDE) for
spatial estimation. We next use this demand model alongside a
configurable e-scooter sharing simulator to compare performance
of different electric scooter sharing design options, such as the
impact of the number of scooters and the cost of managing their
charging. We focus on the municipalities of Minneapolis and
Louisville which provide large scale open data about e-scooter
sharing rides. Our approach let researchers, municipalities and
scooter sharing providers to follow a data driven approach to
compare and improve the design of e-scooter sharing system in
smart cities.

Index Terms—open data, demand model, scooter sharing,
electric vehicle, data driven optimization.

I. INTRODUCTION

Urban mobility presents a number of non-trivial challenges
both for researchers and regulators. Some of these challenges
are related to sustainability and pollution: in EU, for example,
urban mobility accounts for 40% of all CO2 emissions of
road transport and up to 70% of other pollutants comes
from transport systems.1 The needs to reduce emissions and
congestions, along with the rising of the sharing economy,
moved several policy makers in promoting micro-mobility
services in cities. These services refer to lightweight, often
electric-powered vehicles rented for short trips and typically
operating at low speeds.

In this context electric scooters (e-scooters) represent a
sustainable and cheap alternative to reduce the number of
private vehicle trips [1] and consequently traffic congestion [2]
and land use [3]. Indeed, e-scooters are among the fastest
growing electric micro-mobility means. The number of compa-
nies offering e-scooters to rent and the number of cities where
the service is available keep growing. Indeed, the e-scooter
usage is nowadays comparable with popular car ride-sharing
services like Uber and Lyft [4].

Since 2017 several e-scooter companies started their ser-
vices in many cities in North-America and Europe. Internet-

1https://ec.europa.eu/transport/themes/urban/urban\_mobility\_en

of-Things technologies, paired with accurate GPS tracking,
allow the providers to track the position of the e-scooters and
monitor users’ trips. These data can be used to understand the
impact and the utilization of e-scooter in the smart city mobil-
ity ecosystem. In this direction, municipalities started offering
open data to let other players study alternative solutions.

In this work we are the first - to the best of our knowledge
- to study the service sustainability of e-scooters systems from
the point of view of a provider. Notice that the peculiarities
of this novel scenario call for new approaches (see Section II
for a discussion). In this work, we consider the municipalities
of Minneapolis and Louisville as use cases.

First, we need to understand how, when and where e-
scooters are used by the users, i.e., the mobility demand.
For this purpose we rely on open data. Open data typically
shares coarsely aggregated data for privacy reasons. This chal-
lenges its usage, and calls for ingenuity to appropriately pre-
process data with spatio-temporal disaggregation techniques
to increase resolution and derive a flexible - albeit realistic -
demand model. For this, we combine Poisson processes for
customers’ arrivals, and Kernel Density Estimate to model the
spatial demand [5]. To allow other researchers to reproduce
and extend our results, we make our demand models available
upon request.

Afterwards, we leverage the constructed demand model to
run simulation studies to compare different fleet management
policies, with a focus on battery charging strategies. For this
we extend our simulator implemented in [6] to support e-
scooters scenarios. The simulator allows us to model system
parameters such as the operative area granularity, vehicles
characteristics, fleet size, users’ preferences or fleet manage-
ment policies. It simulates the search, rental, and return of e-
scooters by customers, and the battery consumption and charg-
ing operations needed to maintain the fleet. As performance
metrics, we mainly focus on satisfied trips, i.e., the fraction of
customers’ requests that the system can accommodate; and the
fleet management cost, proportional to the time workers have
to spend to reach and charge the e-scooter battery, assuming
a battery swap policy.

The results show that with a spatio-temporal disaggregation
coupled with Poisson process and the Kernel Density Estimate
we can create a reliable demand model to perform accurate
simulations. Our findings show how e-scooter operators should
carefully evaluate the best trade-off to balance the users’
satisfaction and the fleet management costs. In particular, we



show (i) the impact of the size of the fleet, (ii) the impact
of the choice of when to swap/charge the batteries, (iii) the
implications of using workers or asking the users’ cooperation
for charging operations.

Results show that the very heterogeneous demand calls for
a large number of e-scooters. Similarly the fleet management
operations have a high cost due to many battery swap opera-
tions. Furthermore, reducing the time for workers to reach the
e-scooters and change their batteries has a fundamental impact
for reducing cost. Alternatively, directly involving the users in
the charging process would further reduce costs, becoming a
key design decision.

The paper is organized as follow. In Sec. II we discuss
existing works about e-mobility and charging solutions. In
Sec. III we describe and characterize the used open datasets.
In Sec. IV we introduce the spatio-temporal disaggregation
techniques to create our demand models, as well as the
simulation assumptions and performance metrics. In Sec. V
we show results of our methodology for the cities of Louisville
and Minneapolis. Finally in Sec. VI we summarize the paper
and present future directions.

II. RELATED WORK

Impact of e-scooters in urban mobility is an emerging re-
search topic. The seminal works [7] tested in 2011 the benefits
of e-scooters on commuters. Since then, few other studies
have tried to gauge the impact of e-scooters on mobility. For
instance, authors of [8] present an extensive market analysis
emphasizing the possible growth in the usage of e-scooters and
raising the problem of how to handle the charging process
in presence of large fleets. As a possible solution, authors
of [9] propose a model where a MILP formulation clusters
together the e-scooters that need to be charged. Similarly,
authors of [10] study the benefits of electric fleet (of e-scooters
and e-bikes) in last mile delivery for big players in Milan. They
are among the first to exploit real data - albeit collected from
a very limited deployment (less than 75 vehicles). Authors
of [11] offer a first users’ habits characterization collecting
the daily trips of 38 users, pointing out how the leisure
component is relevant for e-scooters. More recent works ([12],
[13]) compare micro-mobility services (dockless bike, e-bike
and e-scooters) using data exposed by providers. The results
confirm that users prefer e-scooters to cover trips shorter than
1.6 km. Moreover the e-scooter daily patterns do not match the
commuting patterns. In [14] the authors show that the number
of bookings per hour is higher in good weather condition.
These characteristics reinforce the need of specific models and
tools to study this new type of mobility.

To the best of our knowledge, our work is the first to
present a holistic approach to study and compare different
system design options, leveraging large open data. We follow a
similar approach as in our previous work [15], [16] where we
analyze customers’ mobility demand patterns in a free floating
car sharing system. Here we revisit our methodology in the
context of micro-mobility.

Considering shared electric vehicle systems in general, the
major challenge is the battery charging process. The battery
swap appears the most suitable approach for e-scooters but
its study has never been explicitly targeted so far in scientific
literature. Early studies about e-buses [17] focus their attention
on the management of possible battery switch station and their
placement. Other models focus on optimizing the charging
process for large vehicles taking into account electric network
constraints and system degradation [18], or considering the
distance travelled to reach a battery switch station [19]. In
a recent work [20], authors optimize battery switch stations
considering costs of energy, equipment degradation and energy
demand variability.

Few studies analyze the battery swap process applied to
shared vehicles. Authors of [21] proposes a mixed integer
programming formulation to maximise the satisfied trips in
an electric station-based car sharing system, minimizing at
the same time the number of battery swaps. Authors of [22]
propose an optimal schedule for EV battery swap at stations
minimizing travel distance and electrical usage. Differently
from our work, all these models do not fit the e-scooter
scenario because they do not consider small vehicles and small
batteries, hence they do not allow local swap of the batteries.

III. DATA COLLECTION AND CHARACTERIZATION

In this section we describe the datasets and characterize
the system usage focusing on the most important metrics that
would impact the design of an e-scooter sharing system.

A. Dataset description

We focus our study on two cities in the US, namely
Louisville and Minneapolis, where their municipalities make
available data about all the e-scooter rides performed by the
customers using any of the e-scooter sharing providers present
in each city.2 To protect the riders privacy and do not leak any
company-specific strategy, data do not contain any identifier
of the company, or vehicle, or customer. Furthermore, data
is aggregated and/or fuzzed following NACTO guidelines in
order to make the user tracking impossible. 3 This challenges
the direct usage of the open data, and calls for ingenuity to
derive suitable models.

In our cases, each trip exposes information describing the
trip duration, distance, starting and ending position, and the
time when the trip started. Different quantisation applies. For
Louisville, starting and ending position are encoded with GPS
coordinates rounded at 3 decimals (approximately 80 m bins);
trip duration is given with a precision of one minute, and
the starting timestamp is rounded to the closest 15 minutes
period. Minneapolis data expose similar information but even
more aggregated. Origins and destinations position are defined
by street IDs so that each trip refers to an entire street length
rather than precise coordinates. Timestamps are rounded to
the closest 30 minutes period. This rounding are essential to

2Datasets are available at: https://data.louisvilleky.gov/dataset/
dockless-vehicles, and http://opendata.minneapolismn.gov/search

3National Association of City Transportation Officials https://nacto.org/
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Fig. 1: Time series of trips per day
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Fig. 2: Average trips per hour in weekends (WE) and working
days (WD)

protect the users’ privacy, but they complicate the extraction of
useful insights from the data. The granularity of rides duration,
distance, day and hour of the day still allow us to extract useful
patterns about e-scooter usage over time. However, the absence
of e-scooter identifier, precise coordinates and timestamps
makes impossible to track how each e-scooter moves in the
city. Thus we cannot simply reply the same trace in a simulator
as done for car sharing services (e.g., in [15]).

B. Dataset characterization

First we provide a data characterization to let understanding
the scenarios we are facing. In Fig. 1 we report the number
of total recorded trips (i.e., rentals) for each day over the
months of July, August and September 2019. More than half a
million and 180 k trips have been recorded in Minneapolis and
Louisville, respectively. Interestingly, while Louisville shows a
repetitive weekly pattern with peaks over weekend but without
any specific trend, Minneapolis exhibits an increasing trend.
The different number of daily trips justifies the difference in
size among the cities, with Minneapolis having more than
twice as much the e-scooters in Louisville (see Table I).4 Some
sudden falls are related to bad weather conditions that affects
the willingness of customers to rent an e-scooter [14].

To analyze how the demand is distributed during the hours
of the day, in Fig. 2 we report the average number of trips per
hour per weekday (solid line) and per weekend (dashed line).
As expected, Minneapolis exhibits more trip per hour than
Louisville. At night we observe a negligible number of trips,

4As no vehicle ID is present the maximum number of vehicles is extracted
from Louisville service description2 and Minneapolis official website http:
//www.minneapolismn.gov/publicworks/trans/WCMSP-212816

TABLE I: Dataset characteristics (Jul. 1st to Sep. 30th, 2019)

City Trips Fleet Trip duration Trip distance Operative

Size [min] [km] Area
Avg Med Avg Med [km2]

Minneapolis 511 k 2 000 13’30" 8’00" 0.95 0.45 268
Louisville 187 k 850 13’50" 7’55" 1.78 1.20 83

with Louisville showing slightly higher figures probably due
to a more vivid nightlife. During weekdays we observe a high
utilization during central hours of the day (12:00 to 17:00)
rather than during commuting hours. This drastically differs
from what commonly observed for other shared transportation
means like car sharing [15] where utilization peaks during
commuting time. Regarding weekends, Louisville confirms
the higher utilization with about 30% more trips than during
weekdays. This result highlights the importance of a correct
characterization of different transportation means usage -
which results fundamental to study system design alternatives.

We now focus on the characterization of two important
metrics: (i) trip duration, (ii) and trip covered distance. These
metrics are fundamental to understand the e-scooter avail-
ability and battery discharge properties. Fig. 3a reports the
Empirical Cumulative Distribution Functions (ECDFs) of the
trip duration for each city during weekdays and weekends. The
similarity in the duration is striking, with both Minneapolis
and Louisville trips lasting longer during the weekdays than
the weekends. Recall that Louisville dataset exposes time du-
ration with a minute granularity which causes the quantisation
seen in the ECDF. Overall, trip duration is very short, with the
majority of the trips lasting less than 13 minutes. This reflects
on the trip distance, as seen in Fig. 3b. Observe that almost
90% the trip lasts less than 4 km, and more than 60% are
shorter than 2 km. These results confirms the typical usage of
e-scooters [12], [13]. Notice also the different service area size
of Minneapolis and Louisville which allows for longer trips
in the former. Table I provides a summary of the data.

Considering spatial characterization of the demand we ob-
serve that most of trips are confined in few relatively small
neighborhoods. Fig. 4 show heatmaps to intuitively gauge this
effect. Here, we divide the service areas of each city in 200 m
x 200 m cells. Then we count the number of trips originating
in each cell during the three months. We use a decimal
logarithmic scale. The heatmap shows how concentrated trips
are, with few hotter (in red) cells that accounts for 4 orders of
magnitude more trips than those cells with few trips (in blue).

Overall, these informations are fundamental to generate a
demand model to compare different system designs.

IV. SYSTEM MODEL AND SIMULATOR

In this section, we first describe the spatio-temporal disag-
gregation methodology that we employ to generalize the trips
present in the open data. Second we detail how we use them
to generate our demand model. Finally we use the demand
model to determine the occurring trips and feed our mobility
simulator.
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A. Spatio-temporal disaggregation

Assume we have a dataset D of trips recorded during
a given period of time. Each trip i ∈ D is defined by
a discrete start time as(i), i.e., with time rounded with a
granularity ∆T (of 15 or 30 minutes in our case). To provide
an estimation of the time instant in which the trip started,
we assume a local stationary process, and simply extract a
new timestamp ts(i) from a uniform distribution in range[
as(i)−

∆T

2
, as(i) +

∆T

2

]
. This allows to get back to a

continuous-time trace of events.
Considering the spatial information, origin o(i) and des-

tination d(i) positions may be already associated to spatial
coordinates, albeit rounded. First, we compute the distribution
of distance between o(i) and d(i) which will be useful to
generate trip distances later. Second, we obtain, for each
(o(i), d(i)) pairs, the trip duration from the open data.

Origin and destination information might be aggregated into
different geometries oid(i) and did(i). We have to employ a
spatial disaggregation methodology to derive possible coor-
dinates. In Minneapolis case, oid(i) and did(i) are segments
representing streets and we randomly select two coordinates
along the entire street (with a uniform probability). We obtain
thus a possible origin o(i) and destination d(i) coordinates for
each trip i.

At the end of this pre-processing step, we have a new dis-
aggregated trace where each trip in the dataset is characterized
by its start time, and initial and final coordinates.

B. Demand model

The goal of the demand model is to generalize the trace
generated from the original open data. For this, we model the
demand in time by using modulated Poisson processes - a
common accepted model for i.i.d. service requests of a very
large population [23]. For space, we generalize the demand
using Kernel Density Estimation (KDE) [5]. KDE gives us the
possibility to smooth the point process of a trace over a multi-
dimensional space while maintaining the origin/destination
correlation.

1) Time Modeling: We assume that the inter-arrival time of
trips follows an exponential distribution with rate that depends
on the type and hour of the day. To account for the highly
periodical rate as seen in Fig.1, here we distinguish between
weekday and weekends. We consider 24 time bins of 1 h each
(48 periods in total), where the Poisson arrival rate reflects the
average rate of requests in the original dataset. This allows to
scale the overall demand by introducing a global scaling factor.
Not reported here for brevity, we compare the number of trips
in the simulated and the disaggregated trace. As expected,
there is a very good match (relative percentage residuals for
total trips between 0.6% and 1.3% for Louisville, 0.8% and
3.4% for Minneapolis)

2) Spatial Modeling: Given an hour and a day, we want to
generate origin and destination of a request according to the
specific demand model as exhibited in the disaggregated trace.
For this, we leverage KDE to estimate the joint probability
distribution of the origin and destination positions of a trip.
Given our scenario, this is fundamental to further smooth our
discrete events.

To ease the KDE computation and the simulation process,
we divide the whole city area into contiguous squared zones
of side 200 m and map the trips to this grid.

Then, for each of the 48 time bins we fit a separate
KDE based on the origin-destination zone grid, obtaining a
four dimensional problem (2 coordinates for origin and 2
coordinates for destination). In this way, we obtain 48 models
summarising the spatial mobility habits of the users in time.
Here, we consider a Gaussian kernel [5] and set the bandwidth
matrix of the KDE to the 4 x 4 identity matrix. Given the 200 m
x 200 m zoning, this corresponds to a bandwidth selection
of 200 m for each coordinate. On the one hand a smaller
bandwidth would not help us to generalize the demand. On the
other hand, a bigger bandwidth would reduce the granularity
of city zoning, leading to a reduced precision in incorporating
spatial patterns.

In a nutshell, we use KDE as a spatial data smoothing
tool, able to capture mobility patterns from the trips in the
disaggregated trace while reducing the impact of the original
open data aggregation. This is also very effective to cope with
the fine grained spatial quantisation that is needed to model the
demand of e-scooter sharing systems. To show how effective
this is, in Fig. 4 we report the demand in each zone before and
after applying the smoothing procedure for Louisville (Fig. 4a)
and Minneapolis (Fig. 4b). To ease the readability we report
only the demand in the peak hour. Looking at the demand
before the smoothing, most of the trips are concentrated in a
few areas with large differences also between nearby cells -
resulting in a very noisy picture. Most popular zones do not
change with the smoothing, but we observe a redistribution of
the requests among neighboring zones. In a nutshell, trips are
no more concentrated in single cells but rather in larger areas.

C. Mobility and charging simulator

Our goal is to simulate a fleet of e-scooters that move within
the city. The simulator uses the demand model to generate
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mobility requests. During the simulation we track each e-
scooter over time saving information about its location and
battery state.

We use an event-based simulator. The simulator has a
set S of e-scooters. At any time t, each e-scooter s ∈ S
is characterised by its location P (s, t) and state of charge
c(s, t) ∈ [0, C], where C is the maximum battery capacity. As
previously, we use a 200 m x 200 m grid. At t = 0, e-scooters
are placed at random proportionally to the spatial demand,
with uniform random charge c(s, 0) ∈ [C/2, C].

The model generates trip-request event i at time ti
according to the Poisson model. It extracts the origin and
destination coordinates ô(i) and d̂(i) from the KDE, and
associates the trip duration f̂(i) and distance l̂(i) according the
CDF extracted from the original open data. The latter allows us
to compute the eventual energy consumption assuming simple
proportionality, i.e., e(i) = k · l̂(i). We obtain k from the e-
scooter characteristics. When the i-th trip-request event
fires, the simulator checks if there is any e-scooter s with
enough battery c(s, ti) ≥ e(i) available in the same zone or
1-hop neighbors (the 8 adjacent zones in the grid). This is
equivalent to assume that customers are willing to rent an e-
scooter that is within the same or at neighboring zone from
where they are walking at most approximately up to 300m to
get it.

If more than one e-scooter exists, the simulator picks
s∗, the one having the highest c(s, ti). It then schedules a
trip-end event at time ti + f̂(i). Otherwise, it marks the
request as unsatisfied. In both cases, it schedules the next
trip-request event at time ti+negexp(λ(ti)), being λ(ti)
the current request rate. When the j-th trip-end event fires
at time tj , the simulator picks the e-scooter s∗ used for this
trip, updates its battery charge c(s∗, tj) = c(s∗, tj) − e(j),
makes s∗ available in position d̂(j), and checks if a charging
process is required. That is, it checks if c(s∗, tj) < α · C,

being α ∈ [0, 1] a threshold. If so, it triggers a charging
event.

The charging operation can be performed either by the
e-scooter provider through a battery swap operation, or by
volunteers through battery charging operation.

System battery swap: the e-scooter provider manages the
charge events by means of a workforce of N worker-
equivalent. Battery charge requests are modeled with a FIFO
queue, with N parallel servers as follow:

• Charge request arrival: If there is a free server, the
request gets service immediately. Otherwise, the request
gets queued and waits to be processed by a worker.

• Service time: the battery swap entails two service oper-
ations: Reach time, i.e., the time it takes the worker to
physically reach the e-scooter; and the Swap time, i.e.,
the time it takes the worker to complete the battery swap
operation.

We model the reach time and swap time as negative exponen-
tial distributions with average Treach and Tswap.

Volunteer charging: We model the possibility that volun-
teers may contribute to fleet energy management, as done by
some companies that remunerate people to handle the charging
of e-scooters. When a charge is needed, a volunteer may be
found with probability w ∈ [0, 1]. w models people willingness
to contribute to the system. If found, we assume the volunteer
brings the e-scooter at home and plugs it for charging. We
assume the charging time to be a Gaussian random variable
with average Tcharge and standard deviation σcharge. The
charging time is a random variable as it includes the whole
process of taking the e-scooter home, charging it, and bringing
it back to the streets - in the same location as before for
simplicity.



D. Performance metrics

To compare system performance and gauge the impact of
parameters, we consider two fundamental metrics:

i) The Satisfied Demand measures the percentage of trip
requests that can be satisfied due to the presence of e-scooters
with enough energy in the trip origin zone.

ii) The Swap Time measures the total man-time needed to
handle the battery swap operations.

The simulator also breaks down the satisfied demand to
distinguish between i) no e-scooter is available, and ii) e-
scooters do not have enough energy to complete the trip
request. Similarly, it maps events to the city maps to observe
the city areas where most of these events occurs.

V. RESULTS

Here we present simulation results obtained starting from
the original open data, from which we first generate a dis-
aggregated trace, and then extract the trip request model as
described above. We use the model to run simulations to gauge
the impact of system design choices. In particular we study
the impact of:

• |S|: the e-scooters fleet size;
• α: the battery threshold that triggers a charging operation;
• N : the provider workflow size;
• Treach: the average time to reach the e-scooter;
• w: volunteers’ willingness to handle charging.

We assume an homogeneous fleet of e-scooters having a
C = 425 Wh battery capacity and k = 11 Wh / km energy
efficiency, based on average characteristics present on the
market.

A. Impact of fleet size

We first evaluate the impact of the fleet size on the satisfied
demand. We consider w = 0 and N = |S|, i.e., system takes
care of the charging, with enough workers to immediately
perform the battery swap. To consider ideal scenario, we fix
Treach = Tswap = 0. We choose α = 0.2 for Louisville and
α = 0.4 and Minneapolis - so to guarantee their maximum
distance trips.

We report results in Fig. 5a and Fig. 5b for Minneapolis and
Louisville, respectively. They show the percentage of satisfied
demand (left y-axis - blue curves) and the average monthly
number of trips performed by each e-scooter (right y-axis - red
curve). Fleet size varies around the currently available number
of e-scooters - 2 000 in Minneapolis and 850 in Louisville.

The average number of monthly trips per e-scooter de-
creases with |S|, while the bigger the fleet size - the higher the
probability to find an e-scooter in the desired origin zone - the
higher the percentage of satisfied demand. For Minneapolis,
the currently available 2 000 e-scooters can satisfy less than
50% of the demand. Notice the sub-linear growth, hinting
that spatial heterogeneity calls for possible relocation policies.
For instance, for Louisville results are better, with 60% of
satisfied trips with 850 e-scooters. Doubling the fleet size
would increase of just about 15% the satisfied demand.

(a) Minneapolis

(b) Louisville

Fig. 5: Percentage of satisfied demand and average number of
trips per e-scooter per month

B. Impact of charging threshold

Next, we evaluate the impact of the battery threshold α
that triggers charging events. In the one hand, the lower the
α, the less frequently e-scooter need to be charged. On the
other hand, if α is too low, we may cause users’ discomfort
and loose revenues as the probability to find an e-scooter
with not enough energy would increase. If eventually taken,
that e-scooter would suddenly run out of the battery before
reaching the desired destination. Here we set |S| = 2 000 for
Minneapolis and |S| = 850 for Louisville. Again, we assume
the ideal charging policy with Treach = Tswap = w = 0 and
N = |S|.

Fig. 6 reports the percentage of trips in which the user
would run out of battery (left y-axis) and the percentage of
trips that require a charging at the end of a trip (right y-
axis). The latter represents the charging cost for the system.
Starting from this (red curve), observe how the cost linearly
increases up to α around 0.5, after which quickly grows to
100%. Indeed, when α approaches 1, every e-scooter needs
to be charged at the end of each trip. Looking at the fraction
of trips that would not have enough energy to complete them
(blue curves), we observe a sudden growth for values of α
approaching 0. That is, if we allow the e-scooter battery to
reach a very low level, the probability of not completing the
trips increase. Minneapolis shows the strongest impact with
up 10% of the trips resulting impossible (for α = 0). Instead,
Louisville exhibits a negligible fraction even for very low α.
This is due to the shorter distance than Minneapolis - see
Fig. 3b. These results clearly highlight a trade-off between
impossible trips (and loss of revenues) and number of charging
events (and costs). Our model and simulator allows one to
explore this in details.



(a) Minneapolis

(b) Louisville

Fig. 6: Percentage of impossible trips caused by insufficient
battery level (left scale) and number of needed battery swaps
(right scale) by changing battery swap threshold α

C. Impact of charging policy

We evaluate the cost that the provider faces for the charge
operations based on two different charging scenarios: with
(w > 0) and without (w = 0) the users’ cooperation. Here we
fix Tswap = 5 min for the operator, and Tcharge = 4 h, and
σcharge = 30 min for the volunteers. We set Tcharge = 4 h
and σcharge = 30 using an average time needed to charge
an e-scooter with similar characteristics. Given the ease of
the Louisville case with respect to Minneapolis seen in the
previous sections, here we just report the case of Minneapolis,
with α = 0.3. First, we evaluate the cost when the charging
operations are performed only by the workers (w = 0). For
this we run simulations with 2 000 e-scooters and evaluate
how many workers are needed to satisfy as much demand as
possible. We define a worker as an always available resource
(24 hours a day) that perform only one battery swap operation
a time. Since we model the time to reach the e-scooter (treach)
as a stochastic variable, we also evaluate its impact in the
charging cost.5. Intuitively, when few workers are present, or
when treach is too high, an increase in the charging FIFO
queue happens, causing e-scooters to be not available and
decreasing the satisfied demand.

In Fig. 7 we evaluate the percentage of satisfied demand
while increasing the number of workers simultaneously avail-
able in the system, with different values of treach. With small
treach (15 minutes), we can see how with 8 workers we
reach the highest satisfied demand as in the best case scenario
(Fig. 5a). The increase of the reach time cause a drop in the
satisfied demand down to 30% when treach = 60 minutes,
even when 14 workers are present. This strong dependence of

5Given our policy that only 1 battery swap operation is allowed per event,
if two discarded e-scooters are close to each other we consider two reach time

Fig. 7: Minneapolis - percentage of satisfied demand, varying
number of workers and average reach time

Fig. 8: Minneapolis - percentage of satisfied demand, vary-
ing number of workers and users willingness (treach = 30
minutes)

satisfied demand with respect to number of workers suggests
to employ strategies to reduce as much as possible treach. For
example, each worker could be assigned to service a limited
area of the city.

Finally, we evaluate how the users’ help reduces the charg-
ing cost for the operator. For this, we consider the same
scenario as before, choosing treach = 30 minutes and eval-
uating different users’ willingness (w). Intuitively, the more
volunteers help the less workers are needed to perform a
battery swap operation. At the same time, due to the longer
time for the charge operation by the user, i.e., 4 hours, other
effects may appear like a decrease in the satisfied demand
due to several e-scooters being under charge at the same time.
In Fig. 8 we show the impact on the satisfied demand by
changing users’ willingness with different number of workers.
As a reference we also include the curve with w = 0
(same as in Fig. 7). Despite users’ recharges are generally
longer, there is a limited impact concerning the availability of
scooters, and therefore satisfied demand. With a willingness
w = 0.5 we can see how the number of workers needed to
reach the maximum possible feasible trips halves from 12 in
Fig. 7 to 6 in Fig. 8. With w = 1, the management of the
batteries is completely taken care by volunteers. Interestingly,
the longer unavailability due to longer charging time has
negligible impact on the satisfied demand.

In Fig. 9 we show the total time employed by workers to
perform the battery swap on a daily basis. When w = 1,
workers are not needed - hence the total average daily time is
0 hours. When w = 0, there are no volunteers, and the system
needs up to 250 hours of cumulative daily work to reach the



Fig. 9: Minneapolis - Cumulative time needed by the workers
to perform the management of the batteries, varying number
of workers and users’ willingness (treach = 30 minutes)

maximum satisfied demand. w reduces the number of charging
events the system has to handle, thus the time spent.

The results show how e-scooter operator should carefully
evaluate the best trade-off between using workers or asking
the users’ cooperation based on its cost for workers and for
encouraging users’ cooperation.

VI. CONCLUSION AND FUTURE WORK

In this paper we proposed a methodology to translate open
data describing e-scooter sharing usage into a demand model
able to capture and generalize the usage of this transportation
mean in a city. We first converted coarse granularity data
into a detailed trace. Then, we leveraged modulated Poisson
processes and KDE to model the demand over time and
space. Thanks to a flexible data-driven simulator, we compared
different system design options to evaluate the impact of
different e-scooters fleet management strategies.

Our findings show that the design of an e-scooter system
asks for different trade-off to balance the users’ satisfaction
and the management costs. Results show that in order to satisfy
the demand and avoid the users to run out of battery we need
a large number of e-scooters and battery swap operations.
Furthermore, we have analyzed different policies for managing
the batteries. Reducing the time for workers to reach the e-
scooters and change their batteries has a fundamental impact
for reducing cost. Moreover, involving the users to contribute
in the charging process might further reduce costs.

We believe that our approach can be useful for researchers,
municipalities and e-scooter sharing providers to compare and
improve the design of e-scooter sharing system in smart cities.
Our ongoing efforts are focused on three directions: (i) extend
our methodology to evaluate the detailed economic aspects of
the different options, (ii) evaluate how to improve the demand
model merging contextual data (as in [24]) and (iii) analyzing
possible relocation operations to increase the satisfied demand
by using solutions (such as genetic algorithms we used in [25]
to improve the users’ satisfaction).
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