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ABSTRACT Recently, E-Scooter (ES) rental systems have played a significant role in urban mobility,
particularly by improving first- and last-mile connectivity. However, they face a critical challenge in
ensuring an adequate supply of E-scooters in most areas to meet growing demand. This paper presents
a comprehensive study on the modelling of e-scooter rental systems using Stochastic Petri Nets (SPN)
and discrete-event simulation, highlighting their potential in capturing the dynamics of such systems.
Furthermore, a repositioning strategy is proposed for maintaining the balance and availability of supply
across different locations based on SPN modelling. Attesting the reliability of the model requires the
incorporation of a performance evaluation algorithm and the analysis of key performance metrics, such as
average wait time and the rental rate of scooters. Additionally, the model is used to assess the impact of
several decision parameters, such as battery range and fleet size, on the overall behavior/dynamics of an ES
rental system. The results indicate that the proposed repositioning strategy significantly reduces the number
of unserved users and decreases imbalances within the network. This work provides important insights into
system implementations (at both strategic and operational levels), while highlighting the effectiveness of
SPN in assessing the performance of these dynamic and stochastic systems.

INDEX TERMS E-scooter mobility, stochastic petri nets, discrete event systems, shared mobility reposi-
tioning, E-scooter network behavior, last-mile connectivity.

I. INTRODUCTION
In recent years, E-Scooter rental systems have emerged as
a highly attractive and convenient solution for urban trans-
portation. These systems allow users to rent electric scooters
for short distance trips using mobile applications, enabling
seamless mobility within urban environments. The simplicity
of use, combined with affordability and on demand availabil-
ity, has contributed significantly to their widespread adoption.
ES sharing platforms offer a flexible and fast alternative for
covering short urban distances, especially those not conve-
niently served by public transportation. The rising demand for
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efficient first- and last-mile connectivity solutions in modern
cities has made ES rental services an integral component of
contemporary urban mobility systems.

The growth of shared ES services can be traced back
to the pioneering efforts of companies such as Bird, which
is widely regarded as the originator of the electric scooter
sharing model. Bird introduced its first fleet of e-scooters
in Santa Monica, California, in 2017 [1], [2]. Following
this initial success, the company rapidly expanded its oper-
ations to other major cities around the world, effectively
establishing a new global trend in micromobility. By 2018,
numerous other companies had followed suit, launching their
own services and contributing to the rapid proliferation of
rental ES networks. Prominent names in the industry today

VOLUME 14, 2026

 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.

For more information, see https://creativecommons.org/licenses/by/4.0/ 37897



T. Benarbia et al.: Behavior Modeling and Performance Assessment of ES Rental Mobility Systems

include Voi, Tier, NeuronMobility, Spin, and Lime [3]. These
operators manage fleets that are typically distributed across
various areas of a city, allowing users to pick up and drop off
scooters at different locations. This dockless model enhances
user flexibility and operational reach, making it especially
effective for bridging gaps between transit hubs and final
destinations.

The popularity of shared ES systems is also driven by
their potential to reduce environmental impact and reduce
urban traffic congestion. These systems offer a low-emission
transportation alternative, supporting broader efforts toward
sustainable and climate-friendly urban mobility. According
to recent Fraunhofer ISI research, shared e-scooters in Paris
have been estimated to reduce emissions per passenger kilo-
meter by about 20.7 g CO2 when replacing higher-emission
transport modes [4]. In addition, they can help reduce traffic
congestion in areas with overburdened road infrastructure
and decrease the number of short car trips, which are among
the least fuel-efficient. The social and environmental appeal
of these services has translated into growing user adoption
worldwide. For example, according to IAA Mobility’s report
citing the Statista Mobility Market Outlook, the number
of e-scooter users in Germany rose to 9.9 million in 2022
[2]. Furthermore, studies indicate that a considerable rate of
e-scooter trips either begin or end at public transport stations,
further reinforcing their role in complementing multimodal
transportation networks [3].
Shared e-scooter systems, while technically and opera-

tionally complex, also play a crucial role in the broader tran-
sition toward sustainable urban mobility. The CalmMobility
paradigm [5] highlights the importance of predictability, inte-
gration, and user centered design as guiding principles for
the evolution of future mobility systems. In this context,
the present study focuses on the modeling and performance
evaluation of shared e-scooter networks using a stochastic
framework that captures demand dynamics, charging, and
repositioning processes. The proposed SPN-based model
supports a balance between supply and demand by evaluating
system performance and enabling more adaptive reposition-
ing strategies. This approach contributes to more reliable and
efficient operations, aligning with the CalmMobility vision
of sustainable, predictable, and user-centered micromobility
within urban environments.

Despite their many advantages, shared ES rental systems
are naturally complex, dynamic, and stochastic. Their oper-
ations are influenced by highly variable and un-predictable
user behavior, including random trip initiation times, diverse
route choices, and varying trip durations. Moreover, factors
such as differing charging levels, battery constraints, and
localized demand spikes introduce additional layers of vari-
ability. These uncertainties pose substantial challenges in
accurately predicting the flow and distribution of scooters
across the urban network. In large-scale systems, this often
leads to significant imbalances, where some areas experience
persistent shortages of available scooters (supply deficits),

while others accumulate unused scooters (supply surpluses).
Such imbalances reduce service reliability, discourage users,
and lead to inefficient use of operational resources. A major
challenge in managing these imbalances lies in the limited
battery range of e-scooters and the need for regular charging
or battery swapping. Maintaining a balanced and functional
fleet requires not only forecasting demand patterns but also
dynamically redistributing scooters across the network based
on real-time and anticipated conditions. Repositioning oper-
ations are typically performed using dedicated vans or staff
who collect e-scooters from surplus areas and redistribute
them to areas facing shortages (as shown in Figure 1).
These operations must consider logistical constraints such
as van capacity, road conditions, charging station locations,
and scooter battery levels. Consequently, designing effective
repositioning strategies requires robust and flexible modeling
techniques that can represent the system’s stochastic behav-
ior while supporting performance evaluation under different
scenarios.

To address these challenges, this paper proposes a stochas-
tic modeling framework for shared ES rental systems based
on SPN and Discrete Event Simulation (DES). The work pre-
sented in this paper is an extension of the research originally
reported in [6] and [7]. This paper initially identifies several
technical key research challenges related to e-scooter rental
mobility systems in literature and academia. While previous
research in this field has primarily focused on optimization,
fleet sizing, or energy-related issues, few studies have exam-
ined the complexity of repositioning within a stochastic and
dynamic context. Accordingly, this paper seeks to answer the
following research question: How can a stochastic model-
ing and simulation framework based on SPN and DES be
developed to evaluate and enhance the operational perfor-
mance of shared e-scooter systems under dynamic demand
and spatial variability? To address this question, the proposed
approach integrates SPN-based modeling, simulation-based
performance assessment, and repositioning strategy analy-
sis within a unified decision- support framework. To the
best of our knowledge, few studies have applied SPN to
shared micromobility systems, and none have specifically
combined SPN and DES to model e-scooter repositioning
and performance dynamics in both static and dynamic scenar-
ios. The proposed SPN model captures the key components
of the system, including user behavior, scooter availabil-
ity, battery charging dynamics, and van-based redistribution
mechanisms. It allows the evaluation of key performance
metrics such as average scooter availability, frequency of
unserved demand, time spent in deficit or surplus situations,
and fleet utilization efficiency.

By integrating operational parameters such as fleet size,
van capacity, charging thresholds, and area-specific demand
patterns, the model provides a valuable decision-support tool
for both strategic planning and day-to-day operations. The
simulation results, based on real-world-inspired data, demon-
strate that the proposed repositioning strategy effectively
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reduces the number of unserved users and improves the bal-
ance of scooter distribution across the network. This makes
the model highly applicable for cities and operators seeking
to optimize sharedmicromobility services in a dynamic urban
environment.

The main contributions of this paper are summarized as
follows:

✓ Novel SPN-based modeling framework: We propose,
for the first time, the use of Stochastic Petri Nets to
explicitly model and analyze the stochastic behavior of
shared e-scooter rental systems, including user demand,
charging dynamics, and repositioning processes.

✓ Repositioning strategy under stochastic demand: We
design and implement a repositioning mechanism based
on decision thresholds that dynamically redistributes
scooters across network areas, thereby mitigating sur-
plus/deficit supply imbalances.

✓ Integrated performance evaluation: We implement a
discrete-event simulation framework that enables the
quantitative assessment of multiple key performance
indicators, including surplus and deficit supply times
and unserved demand rate.

✓ Case study with real-world-inspired data: We validate
the proposed model using data from a real shared e-
scooter system (Neuron, Rockhampton), demonstrating
its applicability in both strategic planning (fleet sizing
and charging infrastructure dimensioning) and opera-
tional management (real-time rebalancing).

✓ Decision-support potential: The proposed SPN model
provides operators and city planners with a scalable
decision-support tool to evaluate ‘‘what-if’’ scenarios,
test repositioning policies, and support the development
of sustainable and user-centric micromobility systems.

The remainder of the paper is structured as follows. Section II
reviews the existing literature on shared e-scooter systems,
focusing on modeling techniques, repositioning strategies,
fleet management, and charging logistics. Section III presents
the Petri nets formalism, while Section IV introduces the
problem formulation using SPN tool, including assumptions,
parameters, and structural components. Section V details
the simulation experiments, analyzes the system’s behav-
ior under different operational scenarios, and evaluates key
performance indicators. Finally, Section VI concludes the
paper by summarizing themain findings and proposing future
research directions, including integration with optimization
methods and expansion to multi-modal mobility systems.

II. STATE OF ART IN E-SCOOTER SHARED MOBILITY
This literature review identifies key operational research
issues in shared rental mobility systems including: (1) mod-
elling and simulation; (2) repositioning and vehicle routing
for ES redistribution; (3) fleet optimization; (4) energy man-
agement and recharging station placement. For each issue,
the review investigates the proposed solutions and highlights
gaps in the current approaches.

FIGURE 1. Illustration of E-scooter unbalanced network.

A. MODELLING AND SIMULATION
Modeling and simulation in ES systems are crucial for
understanding usage patterns, optimizing operations, and pre-
dicting system behavior. In this regard, Tzouras et al. [8]
proposed a comprehensive study assessing the suitability
of various agent-based models for e-scooter systems used
to simulate user behavior. These models were qualitatively
evaluated based on criteria such as shared mobility mode
representation, open-source adaptability, and large-scale sim-
ulation capability. The authors highlighted that the stochastic
behavior of e-scooter users introduces new challenges,
requiring hybrid simulation models to address these issues
effectively. With the objective to investigate, the dynamics
of e-scooter rental mobility Diallo et al. [9] have employed
an agent-based modelling approach with application on ES
system in Lyon, France. The study has indicated that chang-
ing factors such as fleet sizes, distribution strategies, can
significantly affect the system performance. However, the
model still requires empirical validation with real data to
improve the integration and sustainability of such shared
mobility services in urban areas. The multi-modal routing
optimization problem has been addressed by Shah et al. [10],
by developing an open-source platform designed to optimize
user-centric shared e-mobility services by integrating user
behaviour models, energy consumption model, and demand
forecasting modules. Nevertheless, the study considered a
limited number of optimization objectives, which restricts the
evaluation of scalability with respect to map size. With the
objective of optimizing the design and operation of e-scooter
systems, Fathabad et al. [11] have proposed a data-driven
approach using comprehensive data analysis and optimiza-
tion algorithms. Their approach involved analyzing historical
trip data to develop predictive models for scooter demand
and optimal deployment locations. For demand forecasting
of e-scooter rental network, Kim et al. [12] proposed a model
integrating social network analysis to identify community
structures and applying deep learning algorithms to predict
usage patterns. However, the model requires further testing
across different urban areas to validate its scalability. Further-
more, Bai and Jiao [13] used geospatial analysis tools within a
Geographic Information System (GIS) framework to simulate
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user interactions with e-scooter systems, providing insights
into usage patterns and demand variations. However, their
approach lacks the ability to adequately handle stochastic
elements present in real-world scenarios.

B. REPOSITIONING AND VEHICLE ROUTING FOR ES
REDISTRIBUTION
Concerning repositioning: Ensuring the optimal distribution
of e-scooters to meet dynamic demand across different areas
is a significant challenge. Several heuristic and optimization
based approaches have been proposed to address this issue.
In this context, Turan and Wakolbinger [14] have devel-
oped a strategic framework to optimize the repositioning by
using optimization algorithms combined with real data of
e-scooters in Vienna to determine the most efficient roads and
schedules for repositioning e-scooters. They have reduced
collection costs and increased the availability of e-scooters
in high-demand areas. However, their proposed solution fails
to consider scalability to other cities, which may affect
the model’s performance and reliability. Predicting demand
meaning estimating where and when scooters will be needed
can be highly useful for the deployment and repositioning of
e-scooter fleets. In this context, Saum et al. [15] developed
an approach based on machine learning algorithms to pre-
dict e-scooter demand across different locations. To train the
machine learning models, they integrated real-time analytics
with historical e-scooter traffic data. The optimization model
also considers several constraints, including battery range,
operating costs, and charging station capacity. However, scal-
ability issues may arise due to the integrated framework’s
complexity and the accuracy of demand predictions, par-
ticularly for large urban areas with large scooter networks.
By using deep reinforcement learning framework (DRL)
Losapio et al. [16] have addressed the issue of e-scooter rebal-
ancing to optimize the repositioning of e-scooters in shared
mobility systems and predict future demand patterns. The
methodology involves training a DRL agent using a simu-
lated environment. This environment includes several factors
such as user demand, battery range, and travel times. How-
ever, the computational complexity of the DRL algorithm
might pose challenges in scaling the solution to larger urban
areas with large networks. On the other hand, the vehicle
routing problem for relocation also occupies an important
place in the literature, where the routing of repositioning
e-scooters using trucks or vans involves solving complex
routing problems. In this context, Lee et al. [17] have tack-
led the issue of vehicle and staff routing in free-floating
electric scooter sharing systems. They formulated the prob-
lem as a vehicle routing problem with pickup and delivery
using a mixed-integer programming model. They proposed
a clustered iterative construction heuristic approach (CICA),
based on approximations of operational costs and a mini-
mum spanning tree. Likewise, Masoud et al. [18] addressed
the challenge of e-scooter repositioning in urban environ-
ments as a vehicle routing problem. Their approach focuse

on developing heuristic methods to optimize the assignment
of e-scooters to pickup and drop-off locations, aiming to
minimize operational costs and enhance service efficiency.

C. FLEET OPTIMIZATION
Regarding fleet optimization and dimensioning: Studies have
typically used historical data and demand forecasting meth-
ods but often did not consider the randomness of user
behavior. Several studies have focused on the optimization of
fleets in e-scooter sharing systems to enhance efficiency and
meet variable demand. Giordano and Chow [19] developed
an optimization framework for ES systems that considers
elastic demand when designing service regions and allo-
cating fleet sizes. Maximizing operational efficiency and
user satisfaction through the optimal spatial distribution of
e-scooters is the objective of the model. In addition, the
model seeks to maximize coverage and minimize operating
costs while balancing supply and demand. In contrast, the
model depends too heavily on assumptions regarding demand
elasticity, which might not fully replicate the randomness of
user behavior in different urban situations. Ciociola et al. [20]
developed a demand model by preprocessing open data using
spatiotemporal disaggregation techniques, applying kernel
density estimation for spatial demand and Poisson processes
for customer arrivals. The simulation takes into account
parameters including user preferences, fleet size, allocation
policies, and scooter characteristics. Results highlight the
need for a large e-scooter fleet tomeet diverse demand and the
significant cost of frequent battery swaps. Manout et al. [21]
have addressed the optimization of shared mobility services
for e-scooters through the use of an agent-based transport
simulation framework. They have analyzed the effects of
different pricing methods and fleet sizes on the performance
of the service. Based on real data from electric scooter
rental systems in the city of Lyon-France, they simulated
user behavior and operational dynamics. Shah et al. [22]
also analyzed the impact of fleet size on the effectiveness of
e-scooter mobility systems. They employed amixed-methods
approach, combining data analysis and simulation to evaluate
e-scooter demand and supply. The results showed that larger
fleets enhance service reliability, which in turn improves user
satisfaction and strengthens the competitiveness of e-scooter
systems within the broader transportation landscape. How-
ever, managing larger fleets can pose significant logistical
challenges and lead to a substantial increase in operational
costs.

D. ENERGY MANAGEMENT AND RECHARGING STATION
PLACEMENT
Regarding energy, battery swapping and recharging sta-
tions placement: Efficient management of battery charging
level and the strategic placement of recharging stations
are crucial for maintaining service reliability. In this con-
text, Colovic et al., [23] have addressed the critical issue of
infrastructure planning for shared ES systems. They have
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developed a multi-objective optimization model to strategi-
cally design parking spaces for e-kick scooters that take in
consideration some factors such as accessibility, user conve-
nience, and urban space use. The approach integrates several
urban planning objectives to balance the needs of different
stakeholders, including users, operators, and local authorities.
The central part of infrastructure and operational planning for
dockless electric micromobility systems have been addressed
by Liu and Ouyang [24]. They have developed a queu-
ing network model to determine the optimal locations for
charging stations and to optimize service operations, con-
sidering factors such as battery range, user demand, and
operational cost. However, they assumed trucks collect only
fully discharged e-scooters and distribute fully charged ones
randomly. This can conduct to inefficient use of resource
of that might conduct to unused e-scooters occupying valu-
able space. Furthermore, Yan et al., [25] have addressed
the issue of infrastructure location to determine the optimal
locations for battery swapping stations. They have proposed
a mathematical model based on mixed-integer linear pro-
gramming approach that considers several factors, including
user demand, operational costs, and spatial distribution of
scooters. However, the study is based on static demand pat-
terns and needs accurate data on user behavior and battery
performance. Similarly, mixed integer linear programming
framework has been employed by Lee et al. [17] to simul-
taneously optimize the location of battery swapping stations,
the rebalancing of scooters, and the routing of staff. How-
ever, they have assumed no limit on the number of batteries
staff trucks can carry, ignoring constraints on vehicle load
capacity and battery logistics, which affects feasibility and
cost-effectiveness. Additionally, assuming staff do not return
fails to consider the potential needs for recharging and main-
tenance, which might affect overall efficiency.

This review of the most recent and relevant research papers
has raised crucial research questions and highlighted the
significance of e-scooter mobility for first- and last-mile
connectivity. However, Overall, existing studies tend to focus
on specific operational aspects such as demand prediction,
fleet sizing, or vehicle routing, often using optimization or
data-driven techniques. In addition, the most models pro-
posed do not consider the stochastic behavior of e-scooter
users as those users can behave both as pedestrians and as
vehicle operators. For example, users may ride on sidewalks
or streets, might impact the traffic flow and repositioning
process. This randomness makes the modelling and demand
prediction very challenging. It is crucial to recognize that
the performance of e-scooter mobility is highly constrained
by factors such as battery range, random user behavior, and
weather conditions. These factors are crucial challenges must
be considered when modelling such systems. The proposed
approach complements these studies by providing a stochas-
tic modeling and simulation framework capable of evaluating
time-based performance metrics under different operational
scenarios. To provide a clearer synthesis of the literature
and facilitate comparison between existing studies, Table 1

summarizes the main objectives and modeling approaches
adopted in prior works on shared e-scooter mobility
systems.

III. STOCHASTIC PETRI NETS FORMALISM
Stochastic Petri nets and Generalized Stochastic Petri Nets
(GSPN) are two commonly used extensions of the classical
Petri net formalism [6]. In this study, we adopt the GSPN
framework with exponential transition firing times and Pois-
son arrival processes. GSPNs are powerful modeling tools for
the representation, simulation, and performance evaluation of
stochastic and complex systems. In addition, several factors
justify the use of SPN/GSPN for modeling e-scooter (ES)
systems:

✓ Analytical and simulation capabilities: SPN belong to a
special class of graph based models grounded in algebra
and formal analysis methods, enabling both qualitative
(how the system behaves logically regardless of time
or probabilities.) and quantitative (timing, rates, and
probabilities in the SPN model to measure system per-
formance) evaluations within the same framework.

✓ Flexibility in applications: Petri nets can be applied not
only to modeling and performance evaluation but also to
addressing specialized problems such as resource opti-
mization, control and supervision, fault diagnosis, and
system safety.

✓ Discrete event nature: The studied ES system is naturally
a Discrete Event System (DES), making SPN a natural
modeling choice.

✓ Parallelism and resource sharing: The system reveals
parallel processes (e.g., multiple stations operating
simultaneously) and shared resources (e.g., a user cannot
rent an e-scooter from two stations at the same time).

The proposed SPN formalism also allows incorporating
the stochastic nature of user interactions with the ES system,
such as random arrival times for renting or returning scooters,
variable charging durations, travel times, and ride durations.
This makes it possible to estimate important performance
indicators, including the average customer waiting time at
each station and the average sojourn time of e-scooters in an
area or charging station.

Time can be integrated into a Petri net model in several
ways, for example, by associating it with places, transitions,
or arcs. In T-timed Petri nets, each transition is as-signed a
time interval or firing delay [26], representing the time that
must elapse before the transition can fire once it becomes
enabled. Additionally, a Petri net with inhibitor arcs is defined
as a directed bipartite graph consisting of two types of nodes:
places (representing conditions or resources) and transitions
(representing events).

To clarify the applicability of SPN to shared e-scooter
systems, places in the proposed model represent key system
states such as available e-scooters in a service area, scooters
under charging, or scooters in use by customers. Stochastic
transitions represent events such as rental requests, charging
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TABLE 1. Summary of state-of-the-art studies on shared E-Scooter systems.

completion, or repositioning actions. The firing of a transi-
tion updates the system marking by moving tokens between
places, allowing the dynamic and stochastic behavior of the
e-scooter network to be naturally captured.

This representation provides an intuitive and flexible
way to model complex interactions between demand, fleet
availability, and operational decisions, which is particu-
larly suitable for performance evaluation of shared e-scooter
mobility systems.

IV. MODEL FORMULATION
The modelling and analysis of shared mobility systems in the
literature mainly follow three directions: Analytical models
provide optimization solutions for specific operational issues,
they employ mathematical and optimization techniques to
address issues like fleet sizing, rebalancing, and routing [27],
[28]. Agent-based models simulate the interactions of indi-
vidual agents (e.g., users, vehicles) within the sharedmobility
system [29]. Machine learning can enhance analytical models
by providing data-driven insights and improving the accuracy
of user behavior predictions in shared mobility systems [30].
Given the stochastic nature of ES shared rental systems as
discrete event systems, we have employed SPN formalism
and discrete event simulation to model their behavior. Petri
Nets have significantly contributed to the modelling, sim-
ulation and analysis of transportation, railway and logistic
systems [31]. In addition, there are some studies have used

SPN for the modelling and performance evaluation of shared
mobility systems, highlighting their importance in these con-
texts [6], [7].

The proposed decision framework based on SPN and
DES shown in the Figure 2 not only supports operational
optimization but also offers practical implications for urban
governance and sustainability. By integrating SPN graphical
modeling with discrete event simulation, the platform allows
both operators and city planners to test ‘‘what-if’’ scenarios
before implementing new regulations or infrastructure invest-
ments. For instance, city authorities can simulate the impact
of different parking restrictions or charging-station locations
on service accessibility and public space use. Similarly, the
model’s outputs such as the percentage of time stations
remain empty, the average number of unserved users can help
in the deployment of efficient fleet distribution strategies,
ensuring that low demand, or peripheral areas are not sys-
tematically underserved. In this way, the model becomes a
decision-support tool that links micro level operational data
with macro level policy objectives, promoting fairer, more
predictable and energy efficient e-scooter networks in line
with sustainable urban mobility goals.

Many operating concepts for shared ES rental systems can
be found in the literature.We employed one such concept with
simplifying assumptions. The system consists of multiple
essential components: battery-powered e-scooters equipped
with GPS and IoT devices for tracking, a mobile application
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FIGURE 2. Comprehensive illustration of the proposed decision-support framework.

that allows users to unlock and pay the ride, charging infras-
tructure for recharging or swapping e-scooters’ batteries, and
an operations center that control ES fleet, maintenance, and
user support. Users normally register via the mobile app,
locate the closest scooter, then unlock it using a QR code,
ride to their destination, and park the scooter in designated
areas or any legal spot within the service area. It is assumed in
this paper, that an e-scooter can be rented only when it is fully
charged or when its battery level (L) is equal to or greater than
the defined availability threshold (s), which is set to 50% in
this model. Throughout the day, the operations team ensures
the availability of e-scooters in deficit areas by redistributing
them from surplus areas, using vans with limited capacity and
taking into account the battery range of the e-scooters. Based
on this operational description, a SPN model with variable
weights has been developed to represent the stochastic nature
of the e-scooter mobility network. For simplicity, the basic
model is designed for a network consisting of two areas and
two charging stations (see Figure 3). Naturally, by employing
a DES approach, the proposed model can be extended to
larger networks with multiple areas, more fleet, and several
charging stations.

We assume that each area contains one charging station,
and that user demand follows a Poisson process. In addition,
the developed model takes into account the system’s stochas-
tic nature by incorporating stochastic transitions associated to
an exponential probability distribution law.

The network is defined as unbalanced when an unequal
distribution of e-scooters occurs during the day, resulting
in some areas experiencing a deficit of supply (few or
no e-scooters available), while others have a surplus of

e-scooters. In terms of SPN, the total number of ES in area
Ai (Ntsi) is represented by the sum of the markings of the
places Pchi (e-scooters being charged Nasi), Pavi (available
e-scooters with at least a 50% charging level, Nhsi), Pwi
(E-scooters parked in area Ai waiting for a ride, recharg-
ing/swapping batteries, or repositioning, Nwsi), Pcdi (fully
charged ES in areaAi,Nfsi) andPuci (e-scooters in use,Nusi).
The following equation is used to formulate this mechanism:

Ntsi = Nasi+ Nhsi+ Nfsi+ Nusi+ Nwsi (1)

In terms of SPN, the total number of e-scooters is represented
by the sum of marking of places Pchi, Pavi, Pcdi and Puci,
as illustrated below:

Ntsi=M (Pchi) +M (Pavi) +M (Pcdi) +M (Puci) +M (Pwi)
(2)

It is important to note that when Ntsi = 0, it indicates that
no e-scooters are available in area Ai. Unlike, when Ntsi =

Max, it means that a large part of the network’s fleet is located
in this area. Here, Max represents the maximum number of
e-scooters that can be located in a given area, estimated based
on its size and demand intensity. The e-scooters available for
users are those that are either fully charged or have a battery
level of at least 50%, as formulated in the following equation:

Naesi = Nhsi+ Nfsi (3)

In terms of SPN, the available number of ES is represented
by the marking of places Pavi and Pcdi in the model, as illus-
trated below:

Naesi = M (Pavi) +M (Pcdi) (4)
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TABLE 2. Meaning of some parameters of the model.

The repositioning mechanism is performed by vans that
relocate e-scooters from surplus areas to deficit areas. The
repositioning process is initiated only when the network
becomes unbalanced. In this study, we propose a reposition-
ing strategy based on three decision thresholds, denoted as
Pi, Si, and Ei. The parameter Pi is used to detect a deficit
condition in an area when the number of e-scooters Ntsi<Pi.
Conversely, Ei identifies a surplus condition when Ntsi>Ei.
The parameter Si represents the desired number of e-scooters
in an area, serving as the balancing threshold. In the term
of SPN model, surplus supply is detected through transition
TEi and place PEi. Once congestion is detected, a token
is deposited in place PEi. When the area returns naturally
to a balanced state, this token is removed by the firing of
transition TREi. Similarly, deficit conditions are identified
using transition TPi and place Pdi; once balance is restored,
the corresponding token is removed by firing transition TRPi
(as shown in the detection module of critical situations in
Figure 3). Further details on these parameters are provided
in Table 2.
Figure 3 shows five modules of the suggested model:

(A) the charging and the fleet of ES, which represents the
availability of scooters whether they are plugged in, parked,
or in use; (B) the dynamic of e scooters inter areas module;
(C) the repositioning module, (D) the demand module and
(E) the maintenance module. For readability, places and tran-
sitions are denoted using a generic index i (e.g., Pavi, Trci) to
represent any service area Ai. In the SPN graph, this index is
designated numerically (e.g., Pav1, Trc1 for Area A1).

A. CHARGING AND E-SCOOTERS FLEET MODULE IN AREA
The fleet module incorporates e-scooters being charged, fully
charged, with 50% battery range, parked e-scooters, and
those currently in use in area Ai. This module takes into
account some decision variables such as the charging battery
level L and availability threshold s, indicating that E-Scooter
with battery charging levels over a minimum threshold are
available to be used by costumers.

In terms of SPN, this module is represented by a set of
places, Pavi, Pci, Pchi, Pcdi, and Puci, as well as a set of
stochastic transitions associated with exponential distribu-
tion, Tsi, Tchi, Trci, Trchi, and Tdri. The marking of the place
Pchi represents the number of e-scooters that have just arrived
and plugged in charging station (charging level L ≤ 50%), the
marking of the place Pavi indicates the numbers of e-scooters
with charging levels greater or equal than L ≥ 50% (available
for using), while place Pcdi indicates the fully charged e-
scooters. In addition, the place Puci represents the E-scooter
currently being used in the area, while place Pwi represents
the e-scooters that are currently parked in the area (Ai) and
that have enough charge to make another trip. Otherwise,
they rebalanced by the repositioning system, swapping their
battery or plugged into charging stations.

B. DYNAMIC OF E SCOOTERS INTER AREAS MODULE
The dynamic inter-area module of the e-scooter (ES) network
consists of a set of places and transitions associated with
exponential probability distribution. The ES network defined
as set of area Ai and each area contains one or more charging
stations. Once user rents E-scooter from area Ai (M(Puci),
the following rides can happen: the user ride to make a short
trip (means staying in original departure area) modelled by
the transition Tsii with the firing probability (Random switch
Rsii) and the place Piti; or ride for a long trip (go to another
area Aj), modelled by the transition Tsij, i ̸= j, with firing
probability (Rsij) and place Pitj. A token (e-scooter + user)
is marked in place Puci, which serves as a shared resource for
transitions Tsii and Tsij (j= 1, 2 . . .N). The firing of transition
Tsii or Tsij represents the user’s decision to choose his desti-
nation. The firing of transition Titi or Titj (representing travel
time), whose firing delay is stochastic. When the user reach
destination Aj, can park the scooter at legal spot or at charging
station within the service area (incentive of service), this is
modelled by the place Pwi. To address conflicts associated
with the place Puci modelling the decision regarding short
ride or long ride, a priority management policy is designed.
It is important to note that fully charged e-scooters are prior-
itized for rental over E-scooters with a charge level of L ≥ s.
To represent this behavior in the in model, inhibitor arcs are
employed; the model indicates that the firing of transition
Trchi has priority than firing of transition Trcsi.

C. REPOSITIONING MODULE
The repositioning module represents the process of relocat-
ing scooters from oversupplied to undersupplied areas to
maintain service balance across the network. This module is
represented by a set of places, PTi, Pai, Pfci, and Psi, and
transitions Tadi, Troi, Tali, and Tei (as illustrated in Table 3).
The decision parameterNvsi denotes the number of E-scooter
that must be moved from the congested area to other deficit
supply areas. When the network becomes unbalanced, the
van move to the surplus supply area Ai (with high number of
e-scooters) and relocate Nvsi scooters to a deficit supply area
Aj (with few or no scooters), considering each scooter battery
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FIGURE 3. Graphical stochastic Petri net model of ES rental mobility system.
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FIGURE 4. Repositioning policy proposed.

TABLE 3. Meaning of some places and transitions of the model.

range in the repositioning. Figure 4 illustrates graphically
the suggested policy, where the red color indicates that an
area is in a critical state, and requires balancing, either by
adding e-scooter in a deficit situation or moving e-scooter in
a surplus situation. While the green indicates that the area is
in the frame of balancing. Moreover, the following equation
represents number of ES to be redistributed to deficit supply
areas.

Nvsi = M (Pchi) +M (Pavi) +M (Pcdi) +M (Pwi)-Si (5)

where Si denotes the repositioning threshold, which repre-
sents the target balancing level for area Ai. The number of
e-scooters to be added to a deficit area in order to reach the
desired supply threshold is given by equation (6).

Nadi = Si− [M (Pchi) +M (Pavi) +M (Pcdi) +M (Pwi)]
(6)

Figure 5 presents the flowchart of the repositioning policy
proposed in this study. The objective of this policy is to
detect unbalanced situations in the e-scooter network and to
initiate relocation operations when surplus and deficit supply
situations are identified.

The process starts by counting the total number of
e-scooters in each service area Ai, denoted by Ntsi, which
is computed as the sum of the markings of the correspond-
ing SPN places representing available, charging, in-use, and
waiting scooters. This step allows the system to continuously
monitor the distribution of the fleet.

An area is considered balanced if the number of e-scooters
between the predefined lower and upper thresholds Pi and
Ei. If this condition is satisfied, no critical situation is
detected, and no repositioning action is needed. Other-
wise, the algorithm searches for surplus supply areas where
Ntsii≥Ei.

For each identified surplus area, the number of e-scooters
to be relocated Nvsi is computed based on the desired
balancing threshold Si. The availability of capacity in the
repositioning vans (Npavti is the available places in the van
to receive e-scooters) is then checked to ensure that the
relocation operation is feasible (as shown in equation 7)

Npavti = CTi−M (PTi) (7)

whereCT represents the capacity of the repositioning van and
M(PTi) denotes the current e-scooters holding in the van.
If sufficient capacity is available, a repositioning decision

is launched, and the van transfers e-scooters from surplus
areas toward deficit areas. Finally, the algorithm identifies
deficit supply areas where Ntsi≤Pj, and the repositioning van
delivers the relocated e-scooters accordingly the real number
of e scooter existed in the area at the time of arrival. This
flowchart therefore formalizes the decision-making logic
governing the initiation, execution, and termination of the
repositioning process, which is consequently implemented
within the SPN and DES framework for simulation and per-
formance evaluation.

Furthermore, when the system detects an imbalance across
the network, repositioning vans are dispatched to restore
balance according to the proposed policy. Upon arriving at
a service area, a van may perform one of the following
actions, depending on its capacity and the current number of
e-scooters in the area, which may differ at the time of arrival.

1- E-scooter pick-up from the area: This event occurs when
transition Tcroi fires. It is enabled when the number of
e-scooters in the area exceeds a predefined threshold and
sufficient empty capacity is available in the van.

2- E-scooter addition to the area: This event occurs when
transition Tcadi fires. It is enabled when the number of
e-scooters in the area is below the predefined threshold.
Firing this transition adds Ncadi tokens to the area.

3- No-action condition: This event is represented by the
firing of transition Tei, indicating that no redistribution
action is required in the current area. The van then
proceeds to the next area in the redistribution sequence.

D. DEMAND MODULE
The demand module represents the arrival and fulfillment of
user requests within each service area Ai. User demand is
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FIGURE 5. Flowchart of the repositioning policy proposed.
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TABLE 4. Some performance metrics of scenario (1).

represented by the stochastic transition Tari, which fires when
a customer requests an e-scooter and deposits a token in place
Pusi, which is fired when a customer requests an e-scooter.
The availability of scooters in a given area is determined
by the markings of places Pavi and Pcdi. When a scooter
is available, it is assigned to the requesting user through
the firing of transitions Trci and Tusei, moving the token to
place Puci, which indicates that the scooter is currently in
use. Unlick, if no scooter is available at the time of request,
a token is removed from placePusi, and the firing of transition
Trdi allows the evaluation of user satisfaction and service
accessibility across the network.

E. MAINTENANCE MODULE
The maintenance module represents the maintenance center
and the reparation process within the SPN model. E-scooters
that require maintenance are collected from area Ai and trans-
ported to the center, a process modeled by the stochastic
transition Tmi. Once an e-scooter arrives at the maintenance
center (place Pm in the model), two types of maintenance
procedures are considered.

The first is short maintenance, designed to fixminor issues,
represented by transition Tms and place Pms. The second is
longmaintenance, used to address major damages or complex
repairs, represented by transition Tml and place Pml. After
maintenance is completed, the e-scooter is either transferred
to a charging station depending on charger availability or
returned directly to an operational area Aj for reuse. These
transfer processes are represented by transitions Tml1 and
Tms1, respectively.

V. SIMULATION AND DISCUSSION MODEL
FORMULATION
Discrete event simulation based on SPN are a graphical and
mathematical modeling framework used for analysis of dis-
crete event systems. They constitute a powerful graphical tool
for representing and analyzing situations of synchronization,
parallelism, concurrency, distribution, stochastic process, and
sequential mechanisms [32], [33]. These tools can repli-
cate the stochastic and dynamic nature of complex systems,
allowing for simulation and evaluation of several operational

strategies and scenarios. The SPN model, developed on the
MATLAB platform (As shown in Figure 7 and Algorithm 1),
simulates the e-scooter network, where each cycle repre-
senting an event and updating the network marking. The
simulation increases the time according to the fired transition
type and delay. All transitions in the SPN adopt single-server
semantics, in line with the sequential firing mechanism of the
discrete-event simulation framework. The simulator takes as
inputs: system characteristics, simulation time, average travel
time between areas, average demand per area, and relocation
strategy parameters. Using an extending algorithm, the model
can be extended according to the number of areas. Then,
the discrete event simulation algorithm simulates the model,
following the evolution of the marking over time. Finally,
the performance metrics assessment algorithm evaluates and
provides all relevant performance metrics.

Several performance metrics can be evaluated from the
developed SPN model, we can cite some of them as formu-
lated in the below equations:

1. The average number of e-scooters in an area

M (Pi)avr = lim
tsim→∞

∑
M (Pi) πi (8)

2. % of time empty station (no e-scooter being charged)

M (Pi)deficit = lim
tsim→∞

(
100

∑ (
τk+1 − τk )M (Pi)≤Pi/tsim

))
(9)

3.% of time full station (all chargers of station are
occupied)

M (Pi)congest = lim
tsim→∞

(
100

∑ (
τk+1 − τk )M (Pi)≥Ei/tsim

))
(10)

where, π denotes the probability that the system is in a spe-
cific state, lim means long horizon of simulation, τ indicates
the duration of each cycle, and tsim is the total simulation
time.

We have simulated our model by collecting data from
Neuron e-scooter rental system of the city of Rockhamp-
ton in Australia [34]. Our study focused on nine specific
areas within the city and involved a fleet of 100 e-scooters
(As shown in Figure 6). Collecting some data using Google
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Algorithm 1 Simulation Algorithm
1: Initialization
2: Step 1: Generate PN model for N areas
3: Read data M0,N , s,P,E, S,C,C T , µi, βi
4: for i = 1 to N (number of areas) do
5: Calculate places NP and transitions NT :
6: NP = N2

+ 14N + 4
7: NT = N2

+ 19N + 3
8: Build global transition and place vectors
9: end for

10: Output
11: for i = 1 to NT and j = 1 to NP do
12: Construct extending Pres, Post, & inhibitMatrices
13: end for
14: Step 2: Process simulation
15: Read all generated Matrices of model and data
16: while Time < tsim do
17: 1. Calculate incidence Matrix Winc = Pres – Post
18: 2. Calculate Rs (Random Switch) for priority
19: 3. Build enabled vector Ven from initial marking:
20: if transition Tj is enabled then
21: Ven

(
Tj

)
= 1

22: else
23: Ven

(
Tj

)
= 0

24: end if
25: if Ven (j) ̸= ∅ then
26: if Ven (j) ∩ Ti ̸= ∅ (Ti immediate vector) then
27: Exclude all timed transitions in Ven(j).
28: Keep only immediate transitions.
29: Select immediate transition Tc ∈ Ven(j)

to fire, according to priorities (Rs).
30: end if
31: if Ven(j) ∩ Ti = ∅ then
32: for i = 1 to Tj ∈ Ven(j) do
33: Update firing delay (FD) of timed transition
34: end for
35: if Tj is timed and was enabled then
36: FD = FD0 − FD (Tc)
37: end if
38: if Tj is stochastic and was not enabled then
39: Generate random firing delay:
40: FD = (−1/µ) · ln(1 − P(t))
41: end if
42: if Tj is deterministic and was not enabled then
43: FDi

(
Tj

)
= βi

44: end if
45: end if
46: else
47: Go to End of simulation
48: end if
49: 4. Determine firing transition with highest priority
50: 5. Construct firing vector φf , where:
51: if transition Ti fires then
52: φf

(
Tj

)
= 1 else φf

(
Tj

)
= 0

53: end if
54: 6. Execute the firing
55: 7. Update marking Mn+1 = Mn +Winc · φf
56: 8. Send new marking to output file
57: 9. Memorize firing delay and marking
58: 10. Time = Time + delay of fired transition
59: end while
60: Step 3: Calculate performance metrics
61: End of simulation

Maps (2023), we have estimated the distances approximately
and average travel times for e-scooters between different
areas. Furthermore, several decision parameters are consid-
ered in the model, such asNest, the total number of e-scooters
in the network; Nv, the number of repositioning vans; Nts,
the number of charging stations; Csi, the capacity of each

charging station; si, the minimum battery threshold required
for a scooter to leave an area or a charging station; Li, the
battery charge level;Cti, the capacity of the repositioning van;
Nasi, the number of e-scooters being charged; and Nhsi, the
number of available e-scooters with a charge level L ≥ 50%.

Despite the relatively small scale of the system, the results
can be generalized to other e-scooter systems. In our anal-
ysis, we investigated two distinct scenarios to evaluate the
impact of repositioning services on the e-scooter system’s
performance, both using a battery-charging threshold of 50%.
In the first scenario, we have analyzed the system’s behav-
ior without any repositioning service. Here, e-scooters were
left to operate only based on their initial placement and
usage patterns. Therefore, testing the system’s ability to meet
demand and manage e-scooter availability without external
repositioning. In the second scenario, we integrated a reposi-
tioning service using vans to move e-scooters from areas of
high supply to areas of lower supply. By implementing this
strategy, we evaluated how effectively repositioning could
mitigate the limitations observed in the first scenario, enhance
the system’s satisfaction to the stochastic demand.

A. ANALYSIS OF SCENARIOS 1 (CASE STUDY 1)
In this scenario, we test the behavior of the system without
the availability of the relocation system and the e-scooter is
available as long as its charging level great or equal than the
fixed threshold (s = 50%, L ≥ 50%). In term of SPN model,
this scenario is achieved by taking the initial marking of place
M(PTi) = 0 (Number of vans equal zero).
Several performance metrics are formulated to analyze

the system’s behavior under these conditions, including the
percentage of time spent in deficit or surplus supply, and the
average number of unserved users across all service areas.

Figure 8 illustrates the distribution of e-scooters across
different areas over time. We can observe the surplus and
deficit supply areas throughout the system’s operation. This
imbalance arises naturally due to the lack of a repositioning
service. These graphs highlight the critical need for dynamic
repositioning strategies to maintain balanced supply levels
across different areas.

Although the simulated network includes 16 areas, only
a representative subset (A1–A9) is reported in Table 4 for
clarity, as the remaining areas show similar surplus/deficit
dynamics. Based on these results, the efficiency of the
system is evaluated by analyzing key performance met-
rics that characterize its operational behavior. These met-
rics include: During the total simulation time, area A1
experiences a surplus supply of e-scooters for 15.2% of
the time. That is mean, an average of 121.6 minutes
(800∗15.2/100) the area A1 remain in surplus over a typical
service day of 800 minutes. However, A1 is in a deficit
supply situation for 3.8% of the time, which means it
spends an average 30.4 minutes in deficit within the same
period.

Alternatively, we can estimate the average firing rate
of Trcs1, which represents the average rental frequency of
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FIGURE 6. Main e-scooter parking stations/areas of Rockhampton. [32].

FIGURE 7. Simulation framework.

available e-scooters. According to Table 3, the average firing
rate of Trcs1 is 0.035 per minute. This indicates that an

available electric scooter is rented every 28.63 minutes on
average (calculated as 1/0.035 = 28.63 minutes).
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TABLE 5. Some performance metrics of scenario (2).

The average rental frequency indicates the high demand
for e-scooters in that area. A higher firing rate would indicate
a higher demand and vice versa. This value helps in under-
standing how often e-scooters are being used. Knowing the
rental frequency assists in fleet management decisions. For
example, if the rate is too low, it might suggest that there are
more e-scooters than needed in that area.

These metrics collectively offer a comprehensive assess-
ment of system performance, providing valuable insights for
fleet management decisions such as fleet sizing, demand
forecasting, and the potential benefit of implementing repo-
sitioning strategies. They also help identify zones requiring
better dimensioning, scheduling, or relocation policies to
enhance both operational efficiency and user satisfaction.
Future work will focus on extending these analyses by
incorporating optimization mechanisms to determine the best
repositioningmoments and parameters, further improving the
balance and sustainability of the e-scooter network.

B. ANALYSIS OF SCENARIO 2 (CASE STUDY 2)
In this second scenario, a rebalancing service using a single
van with limited capacity is introduced to address the imbal-
ances identified in the first scenario, where no such service
was implemented. This rebalancing mechanism dynamically
redistributes e-scooters from surplus areas to deficit areas.
The objective of this scenario is to improve overall system
efficiency and enhance user satisfaction by reducing both
e-scooter shortages and surpluses. The graphs presented in
Figure 9 illustrate the evolution of scooter flows, including
both incoming and outgoing movements across the different
areas of the network. A detailed analysis of these graphs
demonstrates a significant improvement in system balance
compared to the previous scenario.

Based on the results presented in Table 5 the efficiency
of the proposed repositioning strategy can be evaluated by
analyzing several key performance metrics that reflect the
overall behavior of the system. These metrics include: During
the total simulation time, it is important to note that area A1
is in a surplus supply of e-scooters situation on 6.2% of the
time. That is mean, an average of 49.6 minutes (800∗6.2/100)
area A1 remain in surplus over a service of 800 minutes.
Furthermore, A1 remains in deficit supply situation for 1.15%

of the time, which means it spends 9.2 minutes on average in
deficit within the same period. In addition, it is important to
see that the firing rate of transition Trcsi is greater than that
of scenario (a), indicating an increase in the average rental
rate cross all areas (e.g. 1/0.062 = 16.12 of area A1 indicates
an average of one available e scooter rented every 16.12 mn).
Thanks to the rebalancing strategy integrated into the model,
critical situations (surplus of deficit supply) are significantly
decreased. We record a very low average rate of saturation
and deficit in most areas.

The simulation results clearly demonstrate the potential
of the SPN framework to capture and analyze the dynamic
behavior of shared e-scooter systems under varying oper-
ational conditions. By representing discrete events such as
scooter pick-ups, drop-offs, charging, and relocation, the
SPN model accurately reproduces complex, stochastic inter-
actions between demand fluctuations, battery limitations, and
network imbalances.

In addition to the previously discussed performance indi-
cators, the proposed SPN–DES framework can also be used
to quantify additional performance indicators, such as aver-
age e-scooter availability. In particular, scooter availability is
defined as the average number of e-scooters that are immedi-
ately accessible to users in a given area during the simulation
horizon. This metric is computed from the average marking
of places Pavi and Pcdi, which respectively represent the
number of available and charged e-scooters. Using DES, the
marking of these places is tracked over the entire simulation
horizon, and the average number of available e-scooters is
computed according to equations (4) and (5). This metric
reflects the ability of the system to provide scooters to users
over time and allows a direct assessment of service quality
under different operational scenarios, including imbalance
conditions and repositioning strategies. Consequently, the
availability of e-scooters in each area is obtained as the mean
number of available e-scooters during the observation period,
providing a reliable measure of service accessibility for users.

More generally, the proposed SPN–DES framework is
sufficiently generic and flexible to support the evaluation
of several performance metrics related to shared e-scooter
systems.While the model structure allows the computation of
numerous indicators, including availability, utilization rates,
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FIGURE 8. Behavior of e-scooter mobility in each area without repositioning.

waiting times, charging occupancy, and repositioning effi-
ciency, only a selected subset of key metrics is explicitly

analyzed in this paper. This choice is motivated by the
need to maintain clarity and readability, as a comprehensive
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FIGURE 9. E-Scooter mobility patterns of each areas with repositioning and a 50% Battery Charge Threshold.

quantitative analysis of all possible metrics would sig-
nificantly increase the complexity of the manuscript.

Nevertheless, the proposed framework can be readily
extended to evaluate additional performance measures by
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FIGURE 10. Impact repositioning on lost demand.

monitoring the corresponding place markings and transition
firing statistics during simulation.

The analysis of the evaluated performance metrics across
the different scenarios highlights the effectiveness of the
proposed redistribution strategy incorporated into the model.
In the first scenario (case study 1), where no repositioning
mechanism is applied, the network experiences frequent and
prolonged periods of imbalance, characterized by a high
percentage of time in both deficit and surplus supply across
different areas. In contrast, the second scenario (case study 2),
which incorporates the proposed redistribution policy, shows
a clear reduction in the percentage of time that areas remain
in deficit supply, as well as a decrease in surplus supply dura-
tions. This improvement indicates that e-scooters are better
distributed across the network, reducing prolonged shortages
and oversupply situations. These results demonstrate that
the proposed repositioning strategy significantly enhances
system balance and operational efficiency by dynamically
correcting the imbalances in scooter availability.

On the other hand, redistributing e-scooters among areas
significantly reduces lost demand, as shown in Figure 10.
The lost demand grows with increasing requests when reposi-
tioning is unavailable, reflecting situations where some areas
experience persistent deficits while others are oversupplied.
Introducing repositioning significantly reduces lost demand
across all demand levels, especially under high-load con-
ditions, by dynamically reallocating scooters from surplus
to deficit areas. This finding highlights repositioning as an
effective operational lever for improving service availability
and user satisfaction, and it validates SPN combined with
discrete event simulation as a powerful analytical tool for
evaluating and optimizing shared micro mobility networks.

Although the SPN and DES framework presented here
is theoretically capable of simulating very large e-scooter
networks, practical challenges arise at scale. Capturing real-
istic behavior for thousands of scooters across dozens of
areas requires high-resolution demand, travel, and charging
data, which are often proprietary or unavailable for research
use. However, Stochastic Petri Nets suffer from state space

explosion: for a large city network, the model could easily
reach more than 352,000 places and 220,000 transitions,
producing an enormous marking space that computationally
becomes prohibitive to analyze directly. These challenges
make discrete event simulation an unavoidable and prac-
tical approach for generating large model and evaluating
system behavior at such scales, as DES can approximate
the dynamics without explicitly counting every state. Fur-
thermore, DES allows the system behavior to be evaluated
through sampled trajectories over time, avoiding the explicit
construction of the global reachability graph. In addition,
the modular structure of the proposed model enables scal-
able extensions by replicating area-level submodels without
increasing structural complexity. Additional strategies such
as model aggregation, and scenario-based simulation can fur-
ther improve scalability. Therefore, while the Rockhampton
case study with 100 scooters serves as a clear and computa-
tionally efficient proof of concept, the framework is designed
to be extensible to larger systems once suitable data and com-
putational resources are available. In addition, this framework
evaluates performance but does not yet implement adaptive
feedback or optimization-based repositioning in real time.
Future work could combine SPN outputs with reinforcement
learning or heuristic optimization to improve responsiveness.

Comprehensively, the present study focuses on behavior
modeling and performance assessment rather than on bench-
marking specific repositioning algorithms. Our objective was
to evaluate the dynamic properties and operational thresh-
olds of shared e-scooter systems using an SPN and DES
framework, rather than to compare every possible heuristic
or reinforcement learning strategy reported in the litera-
ture. Nevertheless, we recognize that repositioning policies
strongly influence network performance. As future work,
we plan to integrate optimization-based methods with the
SPN framework to automatically tune decision parameters
and benchmark these strategies with heuristic and machine
learning based approaches to further enhance operational
efficiency.

Additionally, the results of this study might also be
interpreted through the lens of sustainable urban mobility
transitions, particularly the CalmMobility perspective. The
ability of the proposed SPN and DES framework to predict
imbalance and improve service reliability aligns with Calm-
Mobility principles such as predictability and user-centric
operation. In instance, the repositioning strategy developed
in this work can help reduce uncertainty for users by main-
taining stable scooter availability throughout the network,
which enhances perceived service reliability and comfort two
central dimensions of CalmMobility.

Beyond enhancing operational performance, the proposed
SPN and DES framework also has the potential to support
broader climate and public health objectives. By improv-
ing fleet distribution and reducing unnecessary van based
repositioning trips, the model contributes to lowering green-
house gas emissions and energy consumption associated with
e-scooter operations. For instance, maintaining a balanced
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fleet across service areas minimizes the number of col-
lection and relocation trips by service vehicles, thereby
directly reducing CO2 emissions. This routing and reposi-
tioning vehicle problem, which significantly influences both
operational efficiency and environmental impact, will be
explored in future research. In particular, it will be formulated
as an optimization problem by combining the SPN model
with metaheuristic algorithms or recurrent neural networks.
The objective will be to determine the optimal decision
parameters (Pi, Ei, Si) and the best timing for initiating
repositioning mechanism, ultimately minimizing unneces-
sary trips and enhancing both system performance and
sustainability.

VI. CONCLUSION
Shared e-scooter rental systems have recently contributed
significantly to the urban mobility landscape; however, their
complex and stochastic nature makes their modelling, opti-
mization, and repositioning highly challenging. This study
initially investigated key research issues and gaps in shared
e-scooter mobility, noting that most existing models did not
consider the crucial stochastic behavior of e-scooter users
(who can act as both pedestrians and vehicle operators). Such
behavior can affect traffic flow, complicate demand predic-
tion, and make the modelling and simulation of such systems
particularly challenging.

This paper has mainly proposed a SPN framework to
address repositioning and performance evaluation. This
model considers several decision parameters and can simulate
various configurations, including dynamic modes with and
without repositioning, as well as static modes for low-usage
periods. Performance metrics such as the average number of
available scooters and the duration of supply deficits can be
evaluated. A repositioning strategy was proposed and sim-
ulated, involving the repositioning of scooters from surplus
areas to deficit areas.

Additionally, this paper highlights the potential of Petri
nets models for evaluating the performance of such stochastic
systems, predicting critical situations, and analyzing control
strategies. To the best of our knowledge, this study is the
first to use Stochastic Petri Nets to model shared e-scooter
mobility systems. Furthermore, the developed SPN model
can be used at both strategic and operational levels. At the
strategic level, it helps in system design and dimensioning
by simulating different scenarios to determine optimal con-
figurations. At the operational level, the model can help to
dynamically relocate e-scooters, ensuring a balanced supply
and demand across different areas.

The key outcomes can be summarized as follows:

✓ SPN formalism provides a flexible and mathematically
rigorous tool for representing the stochastic and dynamic
nature of shared micromobility systems.

✓ The proposed repositioning strategy effectively miti-
gates system imbalances, reducing deficit and surplus
conditions across network areas.

✓ Performance metrics such as average availability, rental
frequency, and deficit duration provide actionable
insights for operators and city authorities.

✓ Even in relatively small-scale case studies, the results
indicate strong potential for generalization to larger
urban environments.

In addition, the SPN formalism demonstrates significant
potential for modeling, analysis, and simulation of shared
e-scooter systems under diverse operational conditions.
Owing to its flexibility, the SPN model can reproduce system
behavior across various scenarios, ranging from nighttime
operation with low demand to dynamic or event-driven situa-
tions, such as peak hours or special events (e.g., festivals) that
cause sudden demand fluctuations. This capability enables
researchers and operators to analyze performance, identify
potential limitations, and test different operational strategies
without requiring real-world experimentation. Consequently,
SPN serves as a powerful decision-support tool for evaluat-
ing system robustness and adaptability in both regular and
exceptional operating contexts.

This work opens several avenues for future research. Key
optimization challenges in designing e-scooter mobility ser-
vices include determining the optimal fleet size and parking
station locations. Future research will involve combining the
developed model with Mixed-Integer Programming to han-
dle/address fleet optimization and vehicle routing problems.
Furthermore, future extensions will incorporate multi-modal
transport interactions to evaluate the role of e-scooters within
integrated mobility-as-a-service ecosystems. We also plan
to extend the proposed model to incorporate/include addi-
tional operational events, such as scenarios in which a
subset of charging stations is temporarily taken offline during
the day due to maintenance activities or other operational
constraints.
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