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Abstract. With the rising concern over transportation emissions and
pollution on a global scale, shared electric mobility services like E-cars,
E-bikes, and E-scooters have emerged as promising solutions to mitigate
these pressing challenges. However, existing shared E-mobility services
exhibit critical design deficiencies, including insufficient service integra-
tion, imprecise energy consumption forecasting, limited scalability and
geographical coverage, and a notable absence of a user-centric perspec-
tive, particularly in the context of multi-modal transportation. More
importantly, there is no consolidated open-source platform which could
benefit the E-mobility research community. This paper aims to bridge
this gap by providing an open-source platform for shared E-mobility. The
proposed platform, with an agent-in-the-loop approach and modular ar-
chitecture, is tailored to diverse user preferences and offers enhanced cus-
tomization. We demonstrate the viability of this platform by providing a
comprehensive analysis for integrated multi-modal route-optimization in
diverse scenarios of energy availability, user preferences and E-mobility
tools placement for which we use modified Ant Colony Optimization algo-
rithm so called Multi-Model Energy Constrained ACO (MMEC-ACO)
and Q-Learning algorithms. Our findings demonstrate that Q-learning
achieves significantly better performance in terms of travel time cost
for more than 90% of the instances as compared to MMEC-ACO for
different scenarios including energy availability, user preference and E-
mobility tools distribution. For a fixed (O, D) pair, the average execution
time to achieve optimal time cost solution for MMEC-ACO is less than
2 seconds, while Q-learning reaches an optimal time cost in 20 seconds
on average. For a run-time of 2 seconds, Q-learning still achieves a better
optimal time cost with a 20% reduction over MMEC-ACOQO’s time cost.

Keywords: Shared E-mobility - Mobility as a Service (MaaS) - Combi-
natorial optimization - Metaheuristic algorithms. Reinforcement Learn-
ing.
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1 Introduction

Environmental degradation, significantly driven by the transportation sector, is
a pressing global challenge. One plausible solution to deal with it is to promote
the deployment of shared E-mobility services. By integrating various E-mobility
tools, such as E-scooters, E-bikes, and E-cars, into the overall transportation
ecosystem, we can maximize the benefits of these alternatives in an integrated
and user-centric manner [10, 30]. This shared e-transportation paradigm not
only offers users a new way of traveling but also plays a crucial role in reducing
car ownership and emissions during operation. As a result, it has become an
essential part of the Mobility as a Service (MaaS) paradigm in many cities across
the globe [22]. However, as many shared E-mobility services roll out into the
market, many challenges are anticipated. For instance, efficient integrability,
scalability, user-centric design, and real-time data analytics are a few key aspects.
Some recent works in this regard, including [7,13,22], have also highlighted
these aspects as some of the critical gaps in the existing E-mobility research.
To overcome these challenges, it is imperative to have an integrated platform
that can emulate different traffic scenarios, manage the number and location of
charging stations/E-hubs, and provide operators with real-time analytics.

Recent studies in the context of E-mobility have focused on several disparate
aspects therein. For instance, in [8] and [17], the authors explored the integration
of E-mobility with a particular focus on energy distribution systems and energy
management, respectively. In [14], the authors used a data-driven simulation ap-
proach to assess the impact of growing numbers of Electric Vehicle (EV) users
and private charging stations. Similarly, in [5,21], authors explored the impact
of shared E-mobility on urban transportation and infrastructure distribution.
In slightly more related works [25,26], authors introduced a multi-agent sim-
ulation platform based on deep reinforcement learning optimization. However,
this platform particularly focused on addressing the challenge of fleet rebal-
ancing, which is not the main focus of our paper. Furthermore, in [3], authors
explored E-mobility diffusion in Germany using an agent-based simulation, fo-
cusing specifically on electric cars. The Flow architecture proposed in [32] pro-
vides a reinforcement learning framework for benchmarking in traffic control.
Our work distinguishes itself by offering a generic, open-source platform that
is user-centric and accommodates Micromobility options as well. Keeping afore-
mentioned aspects in view, and in order for us to have a user-centric solution
that encourages widespread adoption of E-mobility services for better impact, an
open-source emulation platform is highly essential. This would ensure the devel-
opment of robust solutions and will serve as a practical resource for stakeholders
to collectively advance and refine E-mobility research.

Before summarizing the major contributions of our work, it is also essen-
tial to point out some existing commercially available platforms for shared E-
mobility such as Moovit [28], Bird [2], ElectricFeel [15] and Wunder Mobility [27].
Many commercial platforms in the E-mobility sector, typically operated by ei-
ther regional or multinational startup ventures, often lack transparency about
system architectures and algorithms, which complicates comprehensive research
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and analysis. Also, their reliance on real-world setups restricts their capability
to understand various scenarios, especially if they are deployed at large-scale.

This paper presents a scope of work distinct from existing commercial plat-
forms. Specifically, we focus on proposing an open-source platform which is able
to address the multi-modal routing optimization problem in a user-centric fash-
ion. To the best of our knowledge, there is still a lack of consolidated, open-source
user-centric platform in the context of shared E-mobility. This presents a con-
siderable challenge for the broader research community in E-mobility. Our work
aims to fill this gap by offering a collaborative and transparent platfrom that
addresses crucial challenges in the E-mobility research domain. In summary, the
major contributions presented in this paper are as follow:

— We propose an open-source platform! with ability to emulate different traffic
and deployment scenarios, integrating user-preferences, energy consumption
prediction and has the ability to provide multi-modal routing optimization.
The platform aims to advance the state of E-mobility research by enabling
exploration and analysis of diverse transportation scenarios, optimization
constraints and integration of various E-mobility resources.

— We formulate the multi-modal routing problem as a constrained shortest
path problem that incorporates energy constraints, user preferences, and
multi-modality. To address this challenge, we have developed two specialized
algorithms: a modified meta-heuristic Ant-Colony Optimization algorithm
tailored to our operational setup, named Multi-Modal Energy-Constrained
Ant-Colony Optimization (MMEC-ACQO), and the Q-learning algorithm,
adapted for the same problem setting.

— We evaluate the proposed platform using a range of use case scenarios, specif-
ically focusing on Dublin City Centre. This includes a comparative analysis
of MMEC-ACO and Q-learning to assess the optimality (travel time cost)
and scalability (execution time) of both algorithms under varying conditions
such as energy levels, E-hub placements, and user preferences. This analy-
sis is aimed at determining the suitability of each algorithm across multiple
scenarios, providing valuable insights into their performance and scalability.

The rest of the paper is organized as follows. In Section 2, we provide a de-
tailed overview of the proposed architecture. The methodology Section, encom-
passing problem setup, formulation, and optimization algorithms, is discussed in
Section 3. The evaluation of optimization methods with experimental statement,
results and discussion is entailed in Section 4. Finally, we conclude the paper
and outline scope for future research in Section 5.

2 Platform Architecture

Our proposed system architecture is shown in Fig. 1. The system consists of sev-
eral functional blocks designed to recommend a personalized multi-modal route

! The accompanying code for this paper is available at https://github.com/SFIEs
sential/Essential
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Fig. 1: System Architecture Diagram

based on a real user’s input within a specific scenario defined by the system oper-
ator. Specifically, the system consists of simulation, optimization, and visualiza-
tion modules, and based on the architecture, it operates as follows: The platform
integrates a simulator, enhanced with custom plugins to represent varied traffic
and E-mobility scenarios. It employs geographical data from OpenStreetMap [19]
for realistic simulations of environments like E-hubs and EVs. The system up-
dates and displays these scenarios in real-time, and the optimization module
processes this data to provide dynamic multi-modal route recommendations re-
quested by users, which are visually presented for an interactive user experience.
Additionally, it integrates an energy consumption prediction model that provides
personalized forecasts for individual users. In the following, we outline details of
each functional block.

2.1 Simulation

The simulation module within the proposed architecture encompasses multiple
dimensions, with traffic simulation standing out as a crucial component in the
overall design task. We had several options to choose from the available reposito-
ries of available open-source traffic simulation tools [1,16]. We chose Simulation
for Urban Mobility (SUMO) [20] due to its exceptional flexibility, easy portabil-
ity, and scalability. SUMO empowers us to create customized simulations tailored
to the complexities of urban networks.

As illustrated in the Fig. 1, the simulation process begins with a scenario
setup request initiated by a system operator who configures the simulation envi-
ronment using a JSON file, defining simulation parameters and loading configu-
ration data. Once setup is complete, the system operator can visualize the real-
time SUMO simulation, which interacts closely with several core components.
A local server plays a central role, receiving user profiles and route requests,
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and subsequently sending these requests to the multi-modal optimization mod-
ule. This module, based on information from the OpenStreetMap and SUMO,
generates optimal route and mode recommendations. The system leverages real-
time SUMO visualization and stores traffic data in an SQLite database, allowing
for the retrieval and analysis of historical traffic patterns, which is crucial for
optimizing future route recommendations.

2.2 Optimization

Optimization is one of the core modules of our platform. It is designed to facil-
itate personalized route planning from end-user perspective and has the ability
to offer tailored recommendations based on the user preferences, energy avail-
ability and other implementation constraints. The platform has the flexibility
to integrate custom optimization algorithms for additional case studies and fu-
ture research by leveraging the simulation data. More details pertaining to the
optimization algorithms that we use for evaluation are provided in Section 3.

2.3 Visualization

The main purpose of the visualization module is to present data in a visual
format that is easily understandable and interpretable. It offers an interactive
experience that allows users to actively engage with and explore the simulated
environment. Through intuitive controls and real-time feedback, users can ma-
nipulate variables, observe the effects, and simulate “what-if” scenarios. Some of
the visualisations pertaining to different aspects at simulation stage such as, the
number of vehicles on the road, average speed of different E-mobility types and
availability of E-mobility types on different E-hubs are illustrated in the Fig. 2.
The Dublin City Centre (DCC) map shown on the top left corner indicates the
heat map based on the congestion level along different segments of the map which
varies for various E-mobility types and times of day depending on simulated sce-
narios and the traffic patterns. From the end-users’ perspective, an interactive
and personalized route recommendation app and web-based application is also
designed which could not be shown here due to space limitation?.

2.4 Energy Consumption Model

Energy consumption model is another important aspect of our platform which
directly addresses “range anxiety” (being one of the primary limiting factors in
E-mobility). By incorporating energy consumption of each E-mobility tool as
part of the optimization problem, we aim to alleviate the user’s concern about
the range anxiety. We utilize several models including mathematical model [4]
and multiple data-driven models to predict the energy consumption for each E-
mobility device along the path. For more details pertaining to our work on the
energy consumption modeling, readers are encouraged to refer [33-35].

2 Readers can see the app layout in the project’s github repo: https://github.com
/SFIEssential/Essential


https://github.com/SFIEssential/Essential
https://github.com/SFIEssential/Essential

vi M.H. Shah et al.

DCC Heat Map Charging Station Vehicle Availability

Select Time:
\ 12:00

Vehicle Availability at Charging Stations (12:00)

Vehicle Speeds Over Time Vehicle Counts Over Time

‘Counts of Different Vehicle Modes Over Time

Fig. 2: Different interfaces to illustrate the platform’s visualisation module

3 Methodology

The problem at hand is to recommend an optimal path that minimizes the total
travel time cost from an origin (O) to a destination (D) using various E-mobility
options, considering various constraints based on user preferences, energy avail-
ability, and multi-modality. Imagine a scenario illustrated in Fig. 3, where a user
has to reach a destination point (marked with flag ‘D’) from their current location
(marked as flag ‘O’) using E-mobility options. We designate specific locations
(called E-hubs) for various types of E-mobility, as depicted in Fig. 3. The mark-
ings on the map (e.g., -1, -12, etc.,) correspond to the edge IDs obtained from the
simulation module which are used to generate the graph. This simple illustra-
tion shows two different possible options to travel from “O” to “D”, whereas in
reality the actual number of possible options will be much higher (depending on
the actual map size, number of E-hubs/charging stations, deployed E-mobility
tools, energy availability which are provided by the simulation module).

In simplest terms, the primary objective is to recommend the optimal path
with minimal travel time cost based on a set of constraints. To achieve the op-
timal solution for above mentioned problem, we use metaheuristic based ACO
and reinforcement learning (Q-learning) approaches, which are more suitable for
constrained shortest path problems due to the following reasons: To begin with,
classic shortest path algorithms, such as Dijkstra’s algorithm [11], are not suit-
able for our problem as they do not adequately address the energy constraints
required for our system setup. Traditional mathematical programming methods,
such as Integer Linear Programming (ILP), may handle certain types of con-
strained shortest path problems demonstrated in paper [9]. However, we prefer
heuristic and learning-based methods like Ant Colony Optimization (ACO) and
Q-learning because they more accurately model energy dependencies and han-
dle uncertainties. These algorithms track the energy use of an E-mobility tool
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Fig. 3: Illustration of the Multi-Modal Route Optimization Scenario highlighting
the E-mobility docking stations and possible multi-modal routes

moving through multiple nodes without needing vehicle changes at each stop,
enhancing flexibility in exploring search spaces, which is often challenging to in-
corporate in traditional methods [29]. In addition, heuristic and learning-based
methods are better suited to handle dynamic and uncertain environments as
in our system [24], making them more robust and adaptable to real-world ap-
plications. Finally, these methods are often designed to provide solutions more
quickly than exact methods, which is crucial for real-time applications where
timely decision-making is favourable. The details of the problem formulation is
explained in the following sections.

3.1 Problem Formulation

Through a real-time communication between different modules including sim-
ulation and energy consumption modeling we utilize the map data files (.net
and .xml) specific to the Region of Interest (ROI) from SUMO, along with vari-
ous dynamic and static parameters, e.g., average speed and location information
for the e-hubs. We translate the given problem into a graph which serves as
the foundational structure for the implementation of optimization algorithm for
obtaining the optimal route. Our graph modeling method is detailed below.

Graph Modelling We model the Region of Interest (ROI) using a weighted
directed graph G = (V, E,W), where V = {1,...,n} is the vertex set repre-
senting road segments or nodes, and E = {ey,...,e,} is the set of edges with
corresponding positive weights in W* = {wj3, ..., w3, }. Here, superscript s cor-
responds to the available E-mobility tools (e.g., E-bike, E-car, E-scooter, etc.).
The weight w; linked to edge e; denotes the travel time cost when utilizing the
s-th type of mobility tool on that edge, with s € M encompassing all available
E-mobility tool types in the network. The weights are assigned based on average
speeds corresponding to different edges, derived from simulation.
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Remark on Scalability: To enhance the scalability of the algorithms, we re-
duce graph complexity by leveraging the fixed positions of the E-hubs. We utilize
the specific location data and E-mobility options associated with these hubs to
pre-compute the shortest distances between designated points. This allows us
to reconstruct the graph with considerably fewer nodes and edges, facilitating
more scalable optimal route recommendations. This streamlined approach limits
the search area for ants and Q-learning agents, thereby boosting their efficiency
and likelihood of converging on solutions more quickly. In the following, all the
experiments are conducted using the reduced graph approach.

Optimization Objectives and Constraints Given the context above, our
optimization problem is to find the optimal path and corresponding mode s,
ie., p=(v§,vi,...,v;) , which consists of a sequence of vertices starting from
the source vertex v; € V and terminating at the destination vertex vy € V,
using the mode s € M, that minimizes the sum of the weights (travel time) of
its constituent edges. This is subject to three types of constraints: conformity,
energy, and user preference. Conformity constraints ensure seamless transitions
between different E-mobility options by requiring transfer stations to facilitate
docking for both incoming and outgoing tools. Energy constraints monitor each
tool’s State of Charge (SOC) to guarantee sufficient energy availability before
proceeding to the next segment. Lastly, user-preference constraints ensure the
use of E-mobility tools to individual user needs. In the following, we present both
MMEC-ACO and Q-learning algorithms to address this optimization problem.

3.2 MMEC-ACO

ACO is a metaheuristic algorithm [12,23] that mimics ants’ foraging behavior
to optimize routes using virtual pheromones, guiding toward efficient solutions.
Pheromone evaporation and deposition adjust for changing conditions and path
quality, balancing exploration and exploitation. We have adapted this for multi-
modal optimization within specific constraints including the energy factor. The
implementation details of the MMEC-ACO algorithm include the calculation of
probabilities for route selection based on pheromone levels, and the mechanism
for updating these levels to reflect evolving network conditions. The adapted
ACO algorithm integrates vehicle energy levels, supports dynamic mode switch-
ing, and enhances pheromone updates based on route efficiency (total travel
time), optimizing urban routing effectively.

Next Move Probability: The probability of selecting the next move step is
based on the pheromone level, heuristic information, and energy factor associ-
ated with that move:

P(Si41 = (&5,55) | St = (€4,8:)) =
(pei,si%ej,sj-)a . (hei,si%ej,sj-)ﬁ : (efei,siﬁej-,sj- )fy (1)

Z(ek,sk);é(ei,si)(pei,siﬂek,sk)a ’ (hehsi‘)@k;sk)ﬁ ’ (efei’si‘)fikysk)’y
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Here, P(Si+1 = (e;,8;) | St = (e;, s;)) is the conditional probability of transi-
tioning from edge e; with mode s; to edge e; with mode s;, given that the current
mode at edge e; is s;. The term pe; s, se;,s; Tepresents the pheromone level asso-
ciated with the transition, he; s, se;,s; denotes heuristic information representing
the desirability of the transition, and efe, s, e, s, is the binary energy factor asso-
ciated with the remaining energy for traversing the transition, which is if energy
conditions for the transition are met and 0 otherwise. The parameters a, 3,
control the relative importance of pheromone level, heuristic information, and
energy factor, respectively. The denominator represents the sum of pheromone-
and heuristic-weighted energy factors for all possible transitions, excluding the
current mode s;.Initially, all possible moves are calculated. If a move is infeasible
due to the current environmental configurations, the pheromone level for that
transition is set to zero, effectively eliminating the possibility of that move.

The Pheromone update rule corresponding to after Evaporation stage is
given in equation (2).

peiysi‘)ejysj — (1 - p)pei,siﬁej,sj (2)

where pe, s, se;,s; s the pheromone level associated with the transition, and p is
the evaporation rate determining the rate at which pheromone levels diminish
over time. The pheromone update rule corresponding to after Deposition is
given in equation (3).

Q
pei,si,—mj,sj — pej,si—wj,(s*j + — (3)

Cei,si—wj,sj-

where De; si—e;.s; 18 the pheromone level associated with the transition, () is a
constant factor influencing the amount of pheromone deposition, and Ce; si—vej,s;
is the time cost associated with the transition.

3.3 Q-Learning Algorithm

While framing the problem as Q-learning [31], each state s corresponds to a
vertex or node in the graph. The choice of transportation modes (including E-
bike, E-car, E-scooter, walking) for moving from one location to another signify
the action a. The reward for each state-action pair is calculated as the negative
travel time of the edge between the current state and the next state for a given
mode of transportation in the graph. If the current energy is less than zero, the
reward is set to a large negative value to represent a significantly unfavorable
outcome. The objective is to minimize the total travel time or cost from the
start location to the destination. We start by initializing the Q-table, where each
entry (s, a) represents the expected cumulative reward for taking action a from
state s. Then, we iterate until convergence or a maximum number of episodes.
We select a state s (current location) and choose an action a (transportation
mode and next node) using an exploration-exploitation strategy (e.g., e-greedy).
After taking the action, we observe the reward (negative travel time cost) and
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the new state s’. Next, we update the Q-value for the current state-action pair
using the Q-learning update rule:

Q(s,a) = (1 - a) x Q(s,a) + @ x (R(s,a) + v x max(Q(s',a')))  (4)

where « is the learning rate, v is the discount factor, R(s,a) is the immediate
reward for taking action a from state s, max(Q(s’,a’)) represents the maxi-
mum expected cumulative reward for the next state s’. After the Q-table has
converged, we can extract the optimal route by choosing the action with the
highest Q-value for each state.

4 Evaluation

To validate the platform and compare the performance of the aforementioned
optimization algorithms, we use the actual map of Dublin City Centre [18]. In
the map, nodes represent intersections or junctions where roads meet or end.
Edges are the road segments connecting these nodes, defining the paths vehicles
can travel. Nodes and edges focus on road network and traffic flow rather than
specific buildings or points of interest. This map was chosen as a case study which
naturally aligns with the requirement to focus on an Irish location. However,
this map also has other advantages, for instance, it has earlier been considered
by some other case studies pertaining to the traffic management and hence the
simulation in this regard benefits to utilize these traffic patterns [18]. In addition,
with more than 20 thousand edges, the map encapsulates reasonable complexity
to validate the scalability aspect for an urban environment.

4.1 Experimental Setup

Pedestrian and bicycle traffic patterns were created based on information from
the 2022 Irish census [6]. The data includes how people in Dublin City commute
to work, school, or college, showing that 37,000 people commute by walking
and 87,000 by cycling. Over the 24-hour simulation, these numbers were repli-
cated across the map, with peak traffic times starting at 5:30 am and lasting
until roughly 7 pm. We define the locations and number of E-hubs based on
the traffic patterns data at a given time slot. For the experiments conducted in
this paper we use 20 different locations (E-hubs) which support various types
of E-mobility tools (E-bike, E-scooter and E-car) with walking as the default
option for first and last transitions. The distribution of the tools on these E-
hubs can be changed as per the actual demand. It must be noted that we use
the reduced graph method briefly discussed Section 3.1 and all the experimen-
tal results discussed subsequently are based on it. From the algorithms’ stand
point, we particularly focus on the optimal time cost and execution time for
both MMEC-ACO and Q-learning algorithms. We select 500 (Origin, Destina-
tion)/(0,D) pairs with varying distances to assess the algorithms’ performance
in diverse use cases. In particular, we compare the performance of ACO and Q-
learning for 1) Initial SOC available for each tool 2) Distribution pattern of the
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E-mobility tools across E-hubs and 3) impact of changing user preference. All
experiments were performed on a 2022 MacBook Air, equipped with an Apple
M2 chip and 16 GB of memory. The operating system used was MacOS version
13.5 (build 2274). The programming environment was Python version 3.11.
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Fig. 4: Average Execution Times and Travel time Cost for the MMEC-ACO and
Q-learning algorithms against different number of Ants and Episodes

4.2 Experimental Results

Before conducting further experiments to evaluate the algorithms’ performance
under different scenarios, we finalized the primary hyperparameters: the number
of ants for MMEC-ACO and the number of episodes for Q-learning. We ran
both algorithms with varying numbers of ants and episodes, respectively, using
a fixed known (O, D) pair over 30 independent experiments. Figures 4a and
4b present the average time cost (blue, left y-axis) and average execution times
(black, right y-axis) for the MMEC-ACO and Q-learning algorithms. The results
indicate that Q-learning generally achieves a better average time cost compared
to MMEC-ACO. Specifically, Q-learning reaches an optimal cost of 2100 seconds
with an execution time of 20 seconds at 2000 episodes. In contrast, MMEC-ACO
on average, achieves an optimal cost of 4500 seconds, but it only takes on average
less than 2 seconds to reach this optimal time cost with 1600 ants.
Performance analysis for diverse simulation scenarios: To emphasize
the platform’s ability to generate different scenarios in the context of shared E-
mobility, we assess the performance of MMEC-ACO and Q-learning for different
levels of initial SOC available to the E-mobility tools at different stations, user-
preferences and distribution/placement of various E-mobility tools across the
E-hubs/stations. To illustrate the comparative results of the two algorithms and
demonstrate the platform’s ability to generate and manage different scenarios
efficiently, we compiled and summarized the results for various scenarios. Due to
space limitations, we do not present the raw results obtained for each algorithm.
Instead, we present the overall statistics as a bar plot, as shown in Fig. 5.

C
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Variations in SOC: We assigned two different energy levels (50% and
100%) to the deployed tools and ran the algorithm for 500 (O, D) pairs for
both MMEC-ACO and Q-learning (all other settings are fixed). The y-axis in
Fig. 5 shows the percentage of instances where Q-learning yields a larger opti-
mal cost than MMEC-ACO. First two bars therefore indicate that Q-learning
outperforms MMEC-ACO for 95.2% of (O, D) pairs with low SOC levels and
94.4% with high SOC levels, indicating its consistent superior performance.

Variation in Distribution of E-mobility Tools: The same trend is ob-
served when changing the distribution pattern of E-mobility tools across E-hubs.
In scenarios with fixed and random distributions of E-mobility tools, Q-learning
outperforms MMEC-ACO for most origin-destination pairs. “Fixed” distribu-
tion means each station consistently offers three E-mobility options, whereas
“random” distribution means these three options are allocated randomly but
consistently across experiments. Q-learning performs better for 91.1% of pairs
in fixed setups and 90.89% in random setups.

User Preference: This scenario addresses user preferences for certain E-
mobility tools. The first bar represents equal preference for all tools, while the
second bar pertains to scenarios where users do not prefer E-cars. Q-learning
performs better for 92.95% and 87.82% of (O, D) pairs for equal preference and
E-car excluded preference, respectively.

5 Conclusion and Future Work

In this paper, we presented an integrated open-source shared E-mobility plat-
form to address the critical gap in E-mobility research. This platform offers a
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flexible and customizable architecture for various applications pertaining shared
E-mobility. We showcased the platform’s basic features and described its core
modules. Additionally, we have demonstrated the platform’s capabilities by em-
ploying the optimization module to provide optimal multi-modal route recom-
mendations. This was achieved by utilizing the simulation module to generate
background scenarios and relevant data for the optimization problem formula-
tion. We used modified MMEC-ACO and Q-learning algorithms and provided
a detailed comparison between the two for different scenarios. Findings indicate
better performance of Q-learning as compared to ACO for around 90% of the
tested (O, D) pairs amidst the variation in scenarios for energy availability, user-
preference and distribution/placement of E-mobility tools. Direct comparison of
runtime complexities for a fixed (O, D) pair shows Q-learning outperforming
MMEC-ACO. For example, at around 2-second runtime, Q-learning achieves an
optimal time cost of 3600 seconds, whereas MMEC-ACO achieves around 4500
seconds for a similar runtime. Although we presented the overall architecture
and a use-case demonstration, several aspects of the optimization process re-
quire further elaboration and will be addressed in a future extended version of
this paper. Specifically, we will explore multi-user scenarios involving resource
balancing and dynamic scheduling in greater detail. Future work will also extend
the discussion to include different optimization objectives, algorithm scalability
concerning map size, the impact of the number of E-hubs on performance, the
influence of vehicle numbers and traffic patterns, and a more detailed comparison
with additional meta-heuristic and reinforcement-based optimization algorithms.
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