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Highlights 

What are the main findings? 

 A layered architecture for personalized multimodal environment- and traffic-aware route-

planning recommendations built upon existing services, systems, and pre-trained LLMs. 

 An advanced route-planning mechanism for heterogeneous station-based and dockless shared 

vehicles, evaluated using simulated data. 

What are the implications of the main findings? 

 Facilitates the daily travel of smart city citizens by considering a wide range of transport options, 

including shared vehicles of different types and conventional modes of transport. 

 Contributes to sustainable transformation by promoting the use of environmentally friendly 

shared vehicles that can be easily integrated with conventional means of transport. 

Abstract 

Vehicle-sharing platforms are constantly gaining ground in smart cities around the world, reducing 

the number of traditional fuel-based vehicles on the roads in busy areas and thus contributing to the 

development of a sustainable environment. On the other hand, the availability of a plethora of shared 

vehicles of different types across a city increases the need for their seamless combination, so that they 

are considered part of a unified transportation system within a smart city rather than independent 

solutions. In this work, we present a novel system that enables authorized users to gain access to 

shared vehicles of different transport modalities, allowing them to reach their destination without 

relying on a private car or public transport. For this purpose, we have used existing systems and 

techniques from different fields, such as recommendation systems, machine learning, and route 

planning, which provide appropriate multimodal routes while taking into consideration several 

parameters, including user demographics, the current status of vehicles, environmental conditions, 

and road traffic congestion. The evaluation of the system using simulated data indicated that it can 

adequately serve its purpose and highlighted some issues that should be considered in future work. 

Keywords: vehicle sharing; multimodal transportation; route planning; recommendation systems; 

machine learning; smart cities 

 

1. Introduction 

Vehicle sharing is constantly gaining ground [1], including micro-vehicles such as e-scooters and 

e-bikes, as well as larger vehicles such as cars and even sea vessels. Each of these vehicle types has 

its own advantages and limitations, which are strongly related to user preferences, environmental 

conditions, traffic levels, and city infrastructure. Hence, their efficient combination and usage by 

members of a community is rather challenging, given the plethora of issues that need to be addressed. 

For instance, car driving is directly affected by traffic conditions and the availability of parking 
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spaces. On the other hand, e-scooters and sea vessels are highly affected by environmental conditions. 

In any case, these vehicles can improve access to public transport and simultaneously reduce the 

usage of private vehicles and road traffic, thus contributing to the development of a sustainable 

environment. 

In this work, we present the system developed for sharing vehicles provided by the partners 

involved in the EcoMobility1  project among members of a community, with particular focus on 

identifying the most appropriate route for each user, taking into consideration the unique 

characteristics of the vehicles, users’ profiles, environmental conditions, such as weather and traffic 

levels. For this purpose, we have used existing systems and services, such as OpenStreetMap [2], as 

well as pre-trained large language models (LLMs) such as Qwen3 [3], to efficiently process user data, 

identify feasible routes, and rank them so that the most appropriate options appear at the top of the 

list. The evaluation of the developed system using simulated data involving different types of 

vehicles and users in Istanbul indicated that it can adequately serve its purpose, while also 

highlighting its strengths and areas for further improvement. 

The document is organized as follows. In Section 2, we present the state of the art in two distinct 

but highly relevant fields, namely recommendation systems and route planning, along with the use 

of machine learning (ML) and deep learning (DL) techniques in these areas. In Section 3, we 

analytically describe the proposed approach and the developed system, which enables authorized 

users to identify appropriate routes using multiple means of transport, while taking into account 

their demographic characteristics, environmental conditions, and relevant events such as traffic jams. 

An example is presented in Section 4, providing further details on the algorithms implemented in 

each layer, based on the distribution of several vehicles around Istanbul, and relevant issues are 

discussed. In Section 5, we present the evaluation of the proposed system using simulated data, and 

the lessons learned through this process are summarized. The limitations of the developed system 

and its underlying background mechanism are further discussed in Section 6. Finally, in the last 

section, we highlight the main contributions of this paper and outline future work. 

2. Related Work 

2.1. Recommendation Systems and AI Techniques 

Recommendation systems have been in the market for more than 30 years. However, the 

techniques used have significantly changed, taking into consideration the technological 

advancements occurred during this period. 

Recommendation systems can be organized into three broad categories, namely content-based 

filtering, collaborative filtering, and hybrid systems [4]. Content-based filtering systems rely on the 

a�ributes of the items already selected by the user in order to recommend new ones. Collaborative 

filtering systems are based on evaluation data explicitly or implicitly provided by users to identify 

their preferences, and they can be further divided into memory-based and model-based 

recommendation systems. Hybrid recommendation systems combine two or more techniques to 

improve their performance, usually in order to address the cold-start problem. Burke [5] has 

presented different ways in which two or more techniques can be combined. The simplest approach 

is to apply weighting schemes. Alternatively, the system may choose which technique to use each 

time or combine the recommendations produced independently by each technique, among other 

options. 

The ideal context-aware recommendation system should reliably label each user action with the 

appropriate context and effectively tailor the system output to the user in the given context. 

Adomavicius et al. [6] focused on how context can be defined and used in a recommendation system 

to provide more intelligent and useful recommendations. More precisely, they have focused on 

specific contextual factors such as time, location, and purchasing purpose, what a recommendation 

 
1 EcoMobility project, https://www.ecomobility-project.eu/  
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system may know about these factors (i.e., the extent to which this information is available or 

observable to the system), and how they change over time (i.e., some factors remain stable, whereas 

others vary over time). Contextual information can be obtained explicitly (i.e., directly from users 

and/or sensors) or implicitly through the analysis of historical data, and it can be used at various 

stages of the recommendation process, such as filtering the input data (i.e., contextual pre-filtering) 

and ranking the results according to user preferences. Therefore, AI/ML techniques [7] can be used 

to learn from historical data (e.g., static unobservable and/or dynamic observable contextual 

information) and to leverage the resulting ML models within the recommendation process. 

Over the past decades, recommendation systems have used traditional data mining techniques, 

such as text mining (e.g., TF-IDF), data clustering (e.g., the K-means algorithm [8]), and matrix 

factorization [9], to analyse the characteristics of users and items, and especially the relationships and 

pa�erns among them. In the big data era [10], where the information available about both users and 

items has increased significantly, neural networks have been widely adopted in recommendation 

systems, benefiting from improvements in hardware computing power and from recent deep 

learning advances, such as transformers and self-a�ention mechanisms [11]. 

Deep neural networks (DNNs) [12,13] can be used to identify complex pa�erns among users and 

items that traditional ML techniques and recommendation systems cannot adequately model or 

capture. Based on the survey conducted by Zhang et al. [14], standard deep learning (DL) techniques 

such as multilayer perceptrons (MLPs), convolutional neural networks (CNNs), recurrent neural 

networks (RNNs), including long short-term memory (LSTM) and gated recurrent unit (GRU) 

networks, restricted Bol�mann machines (RBMs), and autoencoders (AEs), as well as more 

contemporary DL architectures such as generative adversarial networks (GANs), transformer-based 

architectures (using a�ention mechanisms), deep reinforcement learning (DRL), and graph neural 

networks (GNNs), have been incorporated into recommendation systems. These techniques have 

demonstrated tremendous success in both supervised and unsupervised learning tasks. Moreover, in 

some cases, recommendation systems have utilized more than one of the aforementioned approaches. 

Xu et al. [15] studied how multimedia information can improve recommendation systems (e.g., 

increase performance and mitigate the cold-start problem), particularly through feature extraction 

from multimedia data and the incorporation of these features at different stages of the 

recommendation process. Based on their survey, different application scenarios encompass varying 

types of modality information, leading to diverse datasets with distinct multimodal features. 

Nevertheless, most datasets include at least three primary modalities, namely interaction, visual, and 

textual. Within the visual domain, convolutional architectures are widely used for feature extraction, 

whereas in the text domain, both traditional methods such as TF-IDF and more sophisticated neural 

network approaches are used. In particular, after the introduction of transformers with self-a�ention 

mechanisms, existing pre-trained DNNs, including large language models (LLMs) [16,17], have been 

widely adopted for this purpose. The stage at which information from different modalities is 

integrated (e.g., before or after the encoding process), as well as the integration method used (e.g., 

concatenation or element-wise operations, with or without weighting), can also affect 

recommendation performance. 

2.2. Multimodal Transportation and Route Planning 

Route planning aims to identify the optimal path between two locations and is closely related to 

graph theory. A road network can be represented as a graph, where intersections are modelled as 

nodes and roads as edges, which can then be searched to determine the shortest path. In road 

networks, the best route often depends on the departure time in a predictable way [18]. For example, 

certain roads are consistently congested during rush hours, and certain buses or trains operate with 

different frequencies throughout the day. Therefore, the duration of each intermediate step can be 

represented in the graph (e.g., as edge weights), allowing the quickest route to be identified using a 

shortest-path algorithm such as Dijkstra, Bellman-Ford, or A*, among others. A similar approach can 
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also be applied to public transit networks. Nevertheless, the exact process depends on the model used 

to incorporate the temporal dimension into the graph (e.g., time-expanded or time-dependent). 

Detecting the appropriate path may be quite complicated, since it is often necessary to take into 

consideration multiple parameters, such as travel time and monetary cost. In such cases, we can either 

use an algorithm that supports multiple criteria (e.g., RAPTOR [19]) or compute a linear combination 

of different costs (often referred to as generalized cost [20]) and handle the problem accordingly as 

an earliest-arrival problem using a shortest-path algorithm. In case of public transport networks, 

precomputing transfer pa�erns can significantly improve the efficiency of routing queries, even in 

very large and poorly structured networks, as shown by Bast et al. [21]. When several different modes 

of transport need to be considered, a multimodal graph can be obtained by first constructing 

individual graphs for each transportation mode and then merging them by introducing appropriate 

links to enable modal transfers. The complexity of both the graph and the algorithm increases, 

especially when additional parameters, such as uncertainty and delays, must also be taken into 

account. 

Wu et al. [22] focused on the use of ML techniques for providing personalized recommendations 

in multimodal transportation. More precisely, they defined the problem and the required data so that 

supervised ML techniques can be used to learn user behaviour based on historical data, and the 

resulting ML model can then be applied to select appropriate modes of transport and/or rank them. 

According to their work, it is necessary to consider the origin and destination (i.e., query data), the 

responses previously proposed by the system (i.e., candidate data), and the options selected by users, 

along with user a�ributes and road traffic conditions, in order to extract appropriate features that 

serve the intended purpose. However, these data should be further processed before being used by 

supervised ML techniques. 

To detect the most appropriate route(s), it is often necessary to generate all alternatives (i.e., the 

choice set) and then either select the most appropriate one or determine the order in which they 

should be presented to the user. In the la�er case, Path Size Logit (PSL) route choice models [23] are 

often used, especially in public transport [24]. These models are based on logit models (i.e., logistic 

regression) and take into consideration the correlations among the available options (i.e., common 

parts of the routes). On the other hand, they depend on the structure of the utility functions, which 

must be specified in advance by the modeller and are often defined as a linear combination of relevant 

parameters (e.g., duration and cost). 

Deep neural networks (DNNs) can capture more complex interactions among variables and 

have recently been used in route planning. Marra and Corman [25] presented a DNN that takes into 

account all available options (i.e., their feature vectors), along with additional parameters (e.g., 

weather conditions), and applies several convolutional layers with multiple filters and a non-linear 

activation function in order to learn the utility function. The adopted approach and the structure of 

the DNN architecture ensure that the system provides the same results regardless of the order in 

which the available options are given (i.e., permutation invariance). On the other hand, the developed 

DL-route model, like any other DNN, is not easily interpretable. 

Hydra [26] is a personalized and context-aware multimodal transportation recommendation 

system used by Baidu Maps2  that leverages existing unimodal route engines to generate feasible 

routes across different transport modes. For multimodal transportation, a network is constructed (i.e., 

a graph in which nodes represent locations and links represent travel actions associated with a 

specific mode), which Hydra then searches to identify feasible paths while taking into account the 

required number of modal transfers. For each path, several features are computed that are closely 

related to the origin and destination, the stations and other points of interest (POIs) in the 

surrounding area, the routes that users are expected to follow, and the city region(s) they traverse. 

These features, together with the user profile, temporal constraints, and meteorological data, are used 

 
2 Baidu Maps, https://map.baidu.com/  
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to compute a score based on a pre-trained ML model which is finally used by Hydra to recommend 

the appropriate mode. 

Deep reinforcement learning (DRL) algorithms have also been used to address a variety of 

transportation problems [27], including autonomous energy-efficient driving, adaptive traffic signal 

control, and vehicle route planning. Furthermore, several new DRL techniques have been proposed 

to solve routing problems based on encoder–decoder architectures with a�ention mechanisms and 

graph embedding networks [28]. However, processing data generated through direct user interaction 

with the system is costly and risky. Therefore, in many studies, DRL has been applied offline to learn 

an appropriate policy based on historical data, which is subsequently leveraged in the online version 

of the recommendation system [29]. 

Multimodal transportation also encompasses the use of micro-vehicles, that is, vehicles with a 

mass of no more than 350 kg and a design speed of no more than 45 km/h [30]. Human-powered and 

electrically assisted micro-vehicles, such as bicycles, e-bikes, and e-scooters, can improve access to 

public transport by addressing, to some extent, the first- and last-mile problem [31]. Apart from 

privately owned micro-vehicles, such as bicycles, which have been used as a mode of transport for a 

long time, micro-vehicle sharing systems (e.g., Lime and Bird for e-scooters) are constantly gaining 

popularity in many urban cities around the world [32]. The micro-vehicles in these systems may be 

located at predefined stations (i.e., station-based systems), or parked almost everywhere (i.e., 

dockless systems) within specific zones or areas which complicate the route planning process. 

Especially in the case of electric vehicles, this process becomes more complicated because the system 

must also consider ba�ery levels, vehicle range, and charging-station availability [33]. 

Vehicle sharing is, to some extent, conceptually related to carpooling and ride-sharing. In 

carpooling or ridesharing, a driver and one or more riders share part of a common trip using the 

driver’s car, offering clear economic and ecological benefits. On the other hand, carpooling 

complicates the route planning process, since there are no fixed stops and drivers are often willing to 

make short detours. To address this problem, Huang et al. [34] modelled public transport and 

carpooling as two independent time-expanded graphs, which were subsequently merged into a 

single graph while taking into account the fuzziness and flexibility introduced by carpooling. The 

output of this process is a time-dependent multimodal graph that can be searched to identify 

potential routes from an origin to a destination using standard route planning algorithms, while also 

considering the departure or arrival time range, when specified. Deep reinforcement learning (DRL) 

algorithms have also been applied to freight delivery and, in particular, to on-demand ridesharing 

problems [27], including order dispatching (i.e., matching rider requests with available vehicles), 

vehicle repositioning (i.e., proactively repositioning idle vehicles from one zone to another in order 

to balance vehicle supply and rider demand), and joint decision-making for order dispatching and 

vehicle repositioning. 

3. Methodology 

3.1. Approach Followed and System Developed 

To facilitate the daily mobility of citizens in a smart city, we developed a system that enables 

them to identify the route that best suits their needs by using multiple transportation modes, each 

with its own capabilities and characteristics. In this work, we focus on four different means of 

transport, namely walking, using an e-scooter, traveling by car, and traveling by sea vessel. All 

vehicles considered in this work are being developed by organizations involved in the EcoMobility 

project [35], and they are, to a great extent, autonomous and environmentally friendly. These vehicles 

are intended to be temporarily shared among members of a community under a specific pricing 

scheme. Nevertheless, the proposed approach can be extended to encompass additional private 

vehicles and public means of transport, such as cars, bikes, buses, metro, trains, and airplanes. 

Citizens can use the developed system to identify the most appropriate means of transport for 

reaching their final destination, taking into account vehicle availability, environmental conditions, 
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and traffic levels. To meet the requirements of a real-world scenario, the system distinguishes three 

different types of users, each with different capabilities and interaction methods. System 

administrators are responsible for initializing the system, such as registering available vehicles and 

entering additional information about them, as well as monitoring their overall status (e.g., problem 

reports). Data collected from sensors installed on vehicles and/or at different locations within a smart 

city can provide information about the current location of vehicles, as well as weather conditions and 

traffic levels on roads. Regular users (or simply users) can interact with the system using their 

smartphones in order to reach their final destinations. Therefore, they can register in the system, 

receive recommendations regarding the paths or routes they should follow, reserve relevant vehicles 

in advance (by paying the required amount), and release them at the end of the trip or even earlier. 

The architecture of the developed system, along with the involved user types, is presented in 

Figure 1. The upper layer facilitates the interaction between end users and the system, whereas the 

bo�om layer handles data management. The two intermediate layers detect the available means of 

transport, identify the route(s) that can be followed using a combination of different transportation 

modes (route planning), and rank them according to the user’s profile and goals or preferences 

(recommendation engine). This constitutes the most challenging part of the system; therefore, in the 

remainder of this paper, we focus on the algorithms implemented in these two software components. 

Users (either regular users or administrators) interact with the system through the GUI by 

invoking the corresponding REST APIs. In contrast, sensors communicate with the system via an 

MQTT3 broker by publishing messages to the appropriate queue, which are then further processed 

by the system. In both cases, the exchanged data are provided in JSON4 format and must comply 

with a predefined schema. For user convenience, registered users can also submit requests using 

natural language, and the system can automatically extract the required technical details (e.g., the 

latitude and longitude of the destination) before interacting with the underlying components of the 

architecture through the corresponding REST APIs. 

 

 
3 Message Queuing Telemetry Transport (MQTT) protocol, https://mqtt.org/  

4 JavaScript Object Notation (JSON), https://www.json.org/json-en.html  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 February 2026 doi:10.20944/preprints202602.0595.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.0595.v1
http://creativecommons.org/licenses/by/4.0/


 7 of 26 

 

Figure 1. Layered System Architecture and User Roles. 

The recommendation engine generates the available options for reaching the final destination in 

an appropriate order, taking into consideration the characteristics of the users, their origin and 

destination, as well as any additional parameters specified. From a technical perspective, users must 

provide their unique IDs, the latitude and longitude of their origin and destination, and an additional 

object describing their preferences (e.g., searching for trips with minimum total duration) and any 

restrictions that eligible paths should satisfy (e.g., avoiding the use of a sea vessel). However, these 

additional parameters are optional. The system relies on data stored in the data source to retrieve 

further information about users (e.g., demographic characteristics) and vehicles (e.g., capabilities and 

status), as well as their current locations on Google Maps5. Moreover, it takes into account current 

weather conditions and road traffic levels, ensuring that the routes proposed by the system are 

feasible and satisfy the specified constraints. More information about the data management and the 

data structures used is available in Appendix A. 

For efficient processing of the input data, the system is based on widely used models, services, 

and software components, enabling it to take advantage of existing knowledge available on the web. 

In our work, the Qwen36 LLM was used to transform user requests expressed in natural language 

into JSON format, so that they can be further processed by the underlying software components. In 

addition, the OpenStreetMap7 API was used to identify the route that should be followed to move 

from one location to another using a particular mode of transport (e.g., on foot or by car). Regarding 

data storage, SQLite8  was used in combination with an appropriate Object-Relational Mapping 

(ORM) library. Furthermore, a ML model was developed based on historical data and subsequently 

used to rank the suggested paths before presenting them to the end user. 

Before proceeding to the description of the algorithms, we describe the assumptions made for 

the different means of transport, and in particular for the vehicles supported by the system. First, we 

assume that a user can walk from one location to another under any conditions, provided that a valid 

path exists between them and the distance does not exceed a predefined threshold. All e-scooters are 

considered identical and may be available almost everywhere. Therefore, a user can rent an e-scooter 

and leave it at a convenient location (e.g., close to an intermediate or final destination), provided that 

weather conditions are suitable (i.e., no rainfall) and the travel distance does not exceed a second 

predefined threshold. For car travel, and considering the difficulty of finding a free on-street parking 

space, especially near busy areas, we assume that cars should be parked in predefined parking areas 

that guarantee the availability of free parking spaces. Thus, cars can be used for traveling between 

different parking locations or areas independently of weather conditions, provided that the travel 

distance does not exceed another predefined threshold. Nevertheless, drivers may leave the vehicle 

at a different location when this is feasible. Car trips are also strongly affected by traffic congestion. 

Regarding sea vessels, we assume that travel between ports is possible provided that there are no 

strong winds and that a valid route exists between the corresponding ports. Furthermore, we assume 

that vehicles cannot be carried using another vehicle. For example, users cannot take an e-scooter 

with them when traveling by car or sea vessel. Consequently, a vehicle must be released before 

switching to another mode of transport. 

3.2. Route Planning 

This software component identifies the feasible routes that users can follow to reach their 

destination and computes several parameters for each alternative, so that the system can 

subsequently use this information to select the most appropriate one. This is a rather complex process, 

 
5 Google Maps, https://www.google.com/maps  

6 Qwen3, https://lmstudio.ai/models/qwen3  

7 OpenStreetMap, https://www.openstreetmap.org/  

8 SQLite, https://sqlite.org/  
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given the large number of available options and the multiple parameters that must be considered. To 

address this challenge, we apply a novel approach in which feasible routes are progressively detected 

and refined. The process begins with an abstract representation of the entities within a given area and 

the links among them, enabling the system to identify a set of candidate routes. These candidates are 

then further processed and filtered to determine the concrete elements of each route and ensure that 

all relevant constraints are satisfied. 

The proposed approach consists of three consecutive steps, which are illustrated in Figure 2. 

First, the system identifies the functional vehicles registered in the system that are not currently in 

use by any other user (available vehicles), the existing car parking areas and sea-vessel ports (stops), 

the current weather conditions, and the road segments affected by traffic congestion. Next, it 

examines the current locations of cars and sea vessels in order to determine the stop to which they 

belong (note that a car may also be parked outside the predefined car-parking locations), so that the 

system is aware of vehicle availability at the corresponding locations. The scooters are clustered using 

DBSCAN [36], and a representative scooter located near the center of each cluster is subsequently 

selected (referred to as an e-scooter representative or e-scooter area). 

 

Figure 2. The three main steps of the route planning algorithm. 

Then, the system constructs a graph that represents all available means of transport, along with 

links among the relevant entities, so that it can be used to identify candidate routes for reaching the 

destination. This graph includes the user’s origin and destination, as well as intermediate stops where 

the user may change the mode of transport, including parking areas, ports, and e-scooter areas. The 

links between the nodes of the graph are defined based on the characteristics of each node. More 

precisely, travel from one parking area to another is allowed provided that a car is available at the 

origin parking area and the distance is within the allowable driving limits. The same assumption 

applies to sea vessels. In addition, walking between two nodes is permi�ed if the distance is within 

a predefined walking threshold. For e-scooters, since they can be left almost anywhere, they can be 

used to travel to any other node, provided that the travel distance does not exceed a predefined 

threshold. During the construction of the graph, straight-line distances are used to quickly obtain a 

rough estimation of the potential travel distance and filter infeasible links. However, the thresholds 

used for filtering links are slightly smaller than those specified during system configuration, since the 

actual distance between them (if it exists) is expected to be shorter. Finally, for each link included in 

the graph, we record the associated mode of transport and the corresponding straight-line distance. 

It should be noted in advance that the construction of this graph is highly affected by 

environmental conditions and user restrictions or preferences. More precisely, e-scooters cannot be 

used in cases of heavy rain, and sea vessels cannot be used in the presence of strong winds in the 

corresponding areas. In addition, users may explicitly specify that one or more means of transport 

should be avoided; therefore, the corresponding links are not introduced into the graph during the 

aforementioned process. Using this graph, the system can identify all feasible paths that can 

potentially be followed to reach the destination. However, each candidate path must be further 
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examined to determine the actual route to be followed (if it exists) and to estimate the real distance 

and expected duration of each step. 

For each path, we initially compute a pa�ern that consists of the sequence of transportation 

modes it includes, so that it can be used to quickly reject inappropriate alternatives before proceeding 

to the next steps, which are more complex and time-consuming. For example, we reject paths in which 

the same mode of transport is used in two consecutive steps without justification, such as walking to 

a parking area and then walking again to another location instead of switching to a car. Next, we 

examine the intermediate steps of each path in order to determine the concrete route to be followed 

for the specified transportation modes, as well as the expected distance, duration, and cost, among 

other parameters. During this process, the OpenStreetMap (OSM) service is used to ensure that the 

transition between two points is feasible using the selected mode of transport and to retrieve route 

details, along with estimations of the expected travel distance and duration, which are further 

evaluated based on the specified thresholds. In the case of e-scooters, if the travel distance exceeds 

the specified threshold, we additionally examine whether the remaining distance can be covered on 

foot. Regarding cost, in our work, it depends only on the selected mode of transport; however, more 

complex pricing policies could also be used. 

For each of the remaining paths, we compute several features, such as the total distance, 

duration, and cost. In addition, we compute the number of edges, the set of distinct transportation 

modes used, and the total distance and duration covered by each mode separately. In case a car or a 

sea vessel is used, the total duration is slightly increased to account for the additional time required 

to pick up and return the vehicle at the corresponding locations. In contrast, e-scooter usage is 

relatively straightforward and does not introduce a significant delay. Traffic conditions are also 

considered. In particular, when car travel is involved, we examine whether a route passes through 

high-traffic areas and, if so, we increase the estimated travel duration accordingly. 

At the end of the aforementioned process, we obtain a list of feasible paths, each associated with 

multiple parameters, including distance, duration, and cost. These alternatives can then be presented 

to the end user, either in full or as a subset, often ranked in ascending order of total duration. 

However, this ranking is not always optimal, since users may have different goals and preferences. 

Therefore, in order to increase the likelihood that the recommendations are useful and selected, 

routes must be ranked by taking multiple parameters into account, as described in the next section. 

3.3. Recommendation Engine 

The aim of the recommendation engine is to refine the feasible routes generated by the route 

planning component and present them to the end user in an appropriate order, so that the most 

suitable routes appear at the top of the list. To achieve this, the system offers users two main options. 

First, it allows users to specify their preferences regarding the parameter(s) of particular importance 

(e.g., prioritizing total duration) as well as any restrictions (e.g., avoiding the use of a scooter), so that 

this information can be used to filter and subsequently rank the available routes. The specified 

restrictions are Boolean expressions that define conditions the routes must satisfy (e.g., the route 

should not include a scooter and/or the total walking distance should be below a threshold) and are 

therefore used to filter the routes identified in the previous step. The preferred parameter(s) are 

expressed as an ordered list of one or more route features, which are then used to sort the remaining 

eligible routes before they are presented to the user. For example, an adult user may specify that, at 

a given moment, they are interested in the route with the minimum total duration, without 

necessarily requiring the use of a car or a sea vessel. 

It should be noted in advance that the above parameters are optional and may be specified by 

users each time they interact with the system. This approach may be daunting for some users, since 

they are required to provide not only their origin and destination, but also additional information at 

every request. Moreover, this mechanism does not always allow the system to fully capture user 

intent, as it focuses on individual parameters and constraints rather than the user’s needs as a whole 

and the complex dependencies among the computed features. For this reason, a second option is 
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provided, allowing users to avoid specifying additional information each time. Under this approach, 

the system learns from historical data in order to automatically determine the order in which feasible 

options should be presented. Nevertheless, user preferences remain important for two main reasons. 

First, they are particularly useful during the initial phase of system deployment, when limited 

historical data are available. Second, they are also relevant when users seek routes that differ from 

their typical behavior. For example, a senior citizen may generally avoid using e-scooters due to 

safety concerns. However, in a specific situation, the same user may decide to use an e-scooter if 

necessary in order to reach their destination on time. 

Provided that an adequate amount of historical data is available, the recommendation engine 

can automatically rank feasible routes by taking into account each user’s profile and their past 

decisions. To support this process, each time a user interacts with the system, we record both the 

recommendations generated by the system and the route selected by the user, along with additional 

parameters collected upon completion of the trip. This information can then be used to model user 

behaviour. The developed ML model is used by the recommendation engine to rank the eligible 

routes identified in the previous step. The input to the ML model consists of the user profile and a 

subset of the features computed for each route. The output is a value in the range [0, 1], indicating 

the suitability of each route. This value is subsequently used to order the routes, so that the most 

appropriate options appear at the top of the list. The development of the ML model is almost 

completely automated so that it can be periodically updated, if necessary, to capture changes in user 

behaviour. 

For the development of the ML model, a dataset was constructed containing information from 

five different sources: (a) temporal data regarding the date and time the system was used, (b) user 

demographic characteristics specified during registration, (c) route features automatically computed 

by the system, (d) routes selected by users before starting their trip, and (e) additional route features 

automatically computed by the system upon trip completion. An additional column was included in 

the dataset to indicate whether each route was selected or not. The dataset was split into two subsets, 

namely training and validation sets, which serve different purposes. In this work, a relatively simple 

ML model was employed, namely a Random Forest classifier [37], due to the limited amount of 

available data and computational resources. Nevertheless, more advanced ML models can be 

incorporated without substantially modifying the overall process. The proposed model predicts not 

only the class label (i.e., whether a route is selected or not), but also the corresponding probability of 

selection. This probability is particularly useful, since higher values indicate more suitable routes, 

and it can therefore be used to rank the available alternatives. 

3.4. LLM-enabled User Interface 

User interaction with the system is supported through a user interface that enables authorized 

users to specify the origin and destination (mandatory), along with additional optional parameters 

when needed, and to view the suggested routes ranked in an appropriate order. Users can then select 

the most suitable option, reserve the corresponding vehicles, and release them upon disembarkation. 

The data provided by users through the web interface are expressed in JSON format so that they can 

be further processed by the system’s REST9 services. 

To facilitate user interaction with the system, a pre-trained LLM was also incorporated. More 

precisely, the system enables users to express their requests in natural language and automatically 

converts them into a valid JSON message that can be processed by the underlying components. To 

achieve this, we first developed a JSON schema10 that defines the structure of both mandatory and 

optional parameters, along with the possible values for each field (e.g., route features and 

constraints), as illustrated in Figure 3. Using prompt engineering, we then provided this schema to 

the LLM together with a set of instructions and a small number of examples [38], enabling the model 

 
9 REST, https://restfulapi.net/  

10 JSON schema, https://json-schema.org/  
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to automatically convert user input into a valid JSON message. Finally, the system can automatically 

determine the user’s origin, provided that this information is available on the device (e.g., computer 

or mobile phone) on which the user interface is deployed. 

 

Figure 3. JSON Schema and LLM Instructions (Few-Shot Learning). 

As can be observed in the above figure, the JSON schema used is slightly different from the one 

required for expressing user requests. First, we excluded the “user_id” parameter, since it can be 

automatically assigned by the system. In addition, we made the origin field optional, as it may not 

always be explicitly specified by the user. In such cases, the user’s current location, which can be 

automatically detected, is used instead. Finally, user preferences were expressed in a more 

straightforward manner to ensure that they can be correctly interpreted by the LLM, even when using 

a model with limited size and capabilities, such as the Qwen3-4B LLM adopted in this work. 

4. Example of Usage and Discussion 

In this section, we focus on the multimodal transportation algorithm and illustrate its operation 

through an example. In this scenario, we assume that a set of vehicles is distributed across Istanbul 

and can be used to reach a given destination. More precisely, three cars are parked in two out of the 

three available parking areas, eight e-scooters are distributed around well-known Istanbul a�ractions 

(i.e., the Blue Mosque, Topkapi Palace, and Galata Tower), and two sea vessels are anchored at the 

port near the Galata Bridge (i.e., one out of the three predefined ports), as shown in Figure 4(a). We 

further assume that the user is located near Hagia Sophia (origin) and intends to visit the Istanbul 

Modern Art Museum (destination). In addition, we assume favourable weather conditions and no 

significant traffic congestion. 

With respect to system configuration, the maximum walking distance per step is set to 1 km, 

while e-scooters and cars are limited to 4 km and 15 km, respectively. Sea vessels can travel between 

any of the predefined ports. 

4.1. Route Planning Algorithm Demonstration 

Based on the algorithm described in Section 3.2, we first identify the vehicles available at each 

stop. We then cluster the available e-scooters according to their locations on Google Maps and 

construct a directed graph consisting of the relevant entities and the links among them. These links 

correspond to straight-line distances that satisfy the system constraints and represent potentially 

feasible transitions. As a result, the graph contains 11 nodes, namely the origin and destination, the 

three representative scooters selected after the clustering process, the three car parking areas, and the 

three ports, as well as 31 edges, as shown in Figure 4(b). As illustrated in this figure, the user can 

travel from the origin (start location) to e-scooter 2 and parking area 1, but not to e-scooter 1, since it 

is too far away based on the maximum walking distance defined in the system configuration. In 

addition, the graph allows a transition from parking area 2 to parking area 1, but not in the opposite 
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direction, since no car is available in parking area 1 at that time. A similar constraint applies to 

transitions among ports. Finally, e-scooters are connected to a larger number of nodes, including 

more distant ones, since they can generally cover several kilometres, as defined by the maximum 

scooter distance in the system configuration. 

 

Figure 4. Map of a selected area in Istanbul showing (a) the current locations of the POIs and (b) the constructed 

multimodal transportation graph. 

Based on the constructed graph, the system identified 54 potential paths that could be followed 

to reach the destination. However, not all of them are feasible. More precisely, the system quickly 

rejected most of them (in this example, 46 out of 54) based on the sequence of entities involved in 

each path. For instance, there is no need to walk from the initial position to parking area 1 and then 

continue walking towards e-scooter 2. Similarly, there is no need to travel by car from parking area 

2 to parking area 3 and then use a car again to travel to parking area 1. For the remaining eight paths, 

OpenStreetMap was used to compute the actual routes and the corresponding travel distances 

required when moving between consecutive nodes using different transportation modes. This 

process further reduced the candidate paths to five, as shown in Table 1, and ensured that the 

suggested routes satisfy the specified constraints. 

Table 1. Suggested paths along with a small subset of the computed features. 

ID Path 
Total  

Distance (m) 

Total  

Duration (s) 

1 START → Scooter-2 → Stop (before reaching our destination) → END 5302.4 1737.3 

2 
START → Scooter-2 → Car in Parking-2 → Parking-1 → Scooter-1 → 

END 
9631.0 2778.6 

3 
START → Scooter-2 → Car in Parking-2 → Parking-3 → Scooter-3 → 

END 
10298.2 2949.4 

4 
START → Scooter-2 → Car in Parking-3 → Parking-1 → Scooter-1 → 

END 
12592.1 3160.4 

5 
START → Scooter-2 → Sea Vessel in Port-1 → Port-2 → Scooter-3 → 

END 
7047.6 2357.4 
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It should be noted that traveling from the current location of e-scooter 2 to the destination using 

the scooter for the entire route was not feasible, since the required distance exceeded the maximum 

distance that can be covered using an e-scooter. Therefore, the system suggested using the scooter for 

as long as possible and then continuing on foot (path no. 1), given that the destination was within 

walking distance from that point, as shown in Figure 5(a,b). Alternative options could also be 

considered (e.g., leaving the scooter earlier and continuing on foot), but they were deliberately 

ignored in order to reduce the complexity of the algorithm. As shown in Table 1, the fastest way to 

reach the destination is to use e-scooter 2 (path no. 1). This route is also illustrated in Figure 5(a,b) 

using thicker lines. 

 

Figure 5. Graph demonstrating the five feasible options: (a) using links and (b) with suggested Google Maps 

routes. This figure prepared using geojson.io11. 

In the above example, we assumed good weather conditions and, therefore, all available means 

of transport could be used. In the presence of strong winds, sea vessels cannot be used; however, this 

does not affect the system’s recommendations in the specific scenario considered, since the top-

ranked route will remain the same. In the case of rainfall, e-scooters cannot be used (according to the 

assumptions adopted during the system design), and consequently no feasible path exists, since the 

remaining means of transport are located too far away. We also assumed normal traffic conditions; 

therefore, the suggested routes involving car usage are not affected. In the case of a traffic jam in a 

specific area (e.g., near the Galata Bridge), the system identifies the routes passing through this area 

and significantly increases their estimated travel duration. However, it should be noted that, in our 

example, we only examine the route returned by OpenStreetMap and whether it passes through the 

high-traffic area. Ideally, all possible alternative car routes between two locations should be 

considered. Nevertheless, this was deliberately omi�ed in this work, since our focus is on multimodal 

transportation rather than optimizing routing for a specific mode of transport. 

4.2. Recommendations Based on User’s Preferences 

 
11 geojson.io website, https://geojson.io/  
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Regarding the routes proposed by the system, it returns, by default, the quickest route among 

those identified in the previous step. However, as described in Section 3.3, the system can be 

instructed to operate differently either by explicitly specifying user preferences (as illustrated in the 

following example) or by automatically learning user behaviour from historical data. For instance, if 

a user (e.g., a child) is not willing or not allowed to use a car and prefers to walk as li�le as possible, 

the system suggests using e-scooter 2 to reach port 1, then taking a sea vessel to port 2, and finally 

using e-scooter 3 to reach the destination (i.e., path no. 5 in Table 1). In contrast, if a user (e.g., a senior 

citizen) wishes to avoid using e-scooters, the system cannot identify a feasible path, as previously 

mentioned. 

It should be noted that some user-specified restrictions, namely those indicating that a particular 

mode of transport should be avoided, are passed to the route planning algorithm to reduce the 

number of entities introduced into the graph and, consequently, accelerate the overall process. In 

contrast, user-defined constraints that require the computation of additional features in order to 

support decision making (e.g., limiting e-scooter usage to at most two times), as well as the features 

used to rank the remaining routes, are handled by the recommendation engine. The use of the ML 

model for ranking suggested routes presumes the availability of historical data and is therefore 

addressed in Section 5.3, which examines system performance using simulated data. 

4.3. JSON-Schema Driven Data Extraction 

Users can submit the above requests to the system using natural language. More precisely, they 

can write one or more sentences expressing their goals, and the system can automatically identify the 

corresponding parameters and encode them according to the provided JSON schema so that they can 

be further processed by the recommendation engine. For example, when submi�ing the request “I 

would like to travel from Hagia Sophia to Galata Tower without using a car”, the system correctly 

identifies the locations (latitude, longitude) of both the origin and destination, along with the 

specified restriction, even when a few grammatical or lexical errors are deliberately introduced for 

testing purposes. Similarly, when submi�ing the request “I’d like to go to Topkapi Palace as quick as 

possible”, the system correctly identifies the location (latitude, longitude) of the destination and infers 

that “total duration” should be used to rank the suggested routes, even though this preference is not 

explicitly stated. However, in this case, the origin is not specified, as expected. 

In our experiments, we observed that in some cases the detected locations were inaccurate (e.g., 

when requesting Istanbul Modern Art Museum). Moreover, in certain cases, additional information 

provided by the user could not be mapped to the properties defined in the JSON schema. For instance, 

when specifying that only a subset of transportation modes should be used (e.g., only a car or a sea 

vessel), the system did not correctly infer that the remaining modes should be avoided (e.g., e-

scooters). The aforementioned problems are strongly associated with the limited size of the locally 

deployed pre-trained LLM. However, several of these issues still persist when a larger, online-

accessible LLM is used. This clearly indicates that the output produced by the LLM should be 

presented to users in a user-friendly manner, allowing them to review and modify it, if necessary, 

before it is passed to the remaining components of the system. 

5. Study System Behaviour Using Simulated Data 

5.1. Simulated Data Generation 

To test the behaviour of the system over time, we developed an additional software program 

that initializes the system with a configurable number of users and vehicles within a specific area of 

Istanbul. The program then generates multiple user requests over an extended period and collects 

the data produced by the system for further analysis. To create a realistic scenario, we randomly 

positioned the aforementioned entities around real locations that may be encountered in practice. For 

this purpose, we identified popular a�ractions in Istanbul, widely visited hotels, as well as several 
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parking areas and ports using ChatGPT12 (v.5.2). This model has been trained on a massive amount 

of publicly available data and is therefore capable of detecting not only the appropriate points of our 

interest (POIs), but also their popularity and their locations on Google Maps (i.e., latitude and 

longitude). For completeness, the POIs used in our experiments are available in Appendix B. 

Initially, the program generated a predefined number of users and randomly distributed them 

around the selected POIs. Male and female users were assumed to be almost equally represented in 

Istanbul. With respect to age, according to publicly available statistics 13 , approximately 20% of 

Istanbul citizens are children, 72% are adults, and 8% are senior (or elderly) citizens. Nevertheless, 

whether the generated data follow these proportions was configurable within the system. 

Furthermore, the program generated a predefined number of vehicles (i.e., cars, e-scooters, and sea 

vessels) and randomly distributed them within the selected area of Istanbul. More precisely, cars 

were randomly assigned to a predefined set of parking locations, and sea vessels were distributed 

across the predefined ports. For e-scooters, since they can be available almost anywhere, their initial 

locations were sampled around known POIs by adding random spatial noise. The generated locations 

were then filtered by retaining only those located close to road segments, using the OpenStreetMap 

API. 

In our experiments, we tacitly assumed that all vehicles of the same type are identical. For 

simplicity, we deliberately ignored the ba�ery and/or fuel level of vehicles. Moreover, we assumed 

that cars and sea vessels can be released only at specific locations (e.g., predefined stops such as 

parking areas and ports) without additional cost, in the sense that this cost is included in the rental 

fee. We also assumed that the cost of using each vehicle type is predefined (as part of the system 

configuration) and is independent of the travelled distance. With respect to environmental 

conditions, we assumed that the weather in the area of interest is favourable (i.e., a sunny and 

windless day) and that there is no significant traffic congestion. Nevertheless, these parameters can 

be easily modified when needed. 

To test the behaviour of the system over a given period of time, the program periodically 

generated a few user requests at fixed intervals (i.e., once per minute) and simulated the 

corresponding transitions, as described by the algorithm presented in Figure 6. At each iteration, we 

randomly selected a subset of available users (i.e., users who were not already traveling) and initiated 

new trips. More precisely, for each selected user, we randomly assigned a destination among the 

available POIs and then used the system to obtain route recommendations for reaching that 

destination. To ensure that at least one vehicle would be required, destinations were selected 

sufficiently far away so that they could not be reached on foot. Subsequently, we selected the first 

route proposed by the system (if any), taking into account the custom preferences described below, 

and reserved the corresponding vehicles in order to perform the trip. In this work, we assumed that 

users followed the suggested routes using the reserved vehicles and released them immediately 

when they were no longer needed. Nevertheless, in real-world se�ings, this behaviour may not 

always occur. With respect to the recommended routes, we assumed that user choices were 

influenced by their demographic characteristics. More precisely, children were assumed to avoid 

using cars, whereas senior citizens were assumed to avoid using e-scooters. In all cases, users were 

assumed to prefer the fastest route among the available feasible alternatives. 

 
12 ChatGPT, https://chatgpt.com/  

13 Istanbul City population, https://www.citypopulation.de/en/turkey/istanbulcity/  
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Figure 6. Algorithm for simulating data generation in a multimodal transportation system. 

Each time a user initiates a trip based on a selected route, both the user and the corresponding 

vehicles become unavailable (i.e., reserved), so that they cannot be assigned to another user. The user 

becomes available again at the new location only after the trip is completed. In contrast, the reserved 

vehicles may become available earlier, since the user releases each of them during the trip when 

switching to another mode of transport. To simulate this behaviour, we computed the expected trip 

duration as well as the expected release time for each vehicle. These values were temporarily stored 

in two separate dictionaries, which maintain the list of users and vehicles to be released at the end of 

each minute, together with their updated locations. Therefore, at the end of each minute, we 

examined these dictionaries to identify the users and vehicles that should become available, updated 

their status accordingly, and replaced their current location with the new one. 

5.2. Data Analysis and Discussion 

Following the aforementioned process, we recorded the data produced over a specific period of 

time using a predefined number of users and vehicles. According to the conducted experiment and 

the selected configuration (duration: 3 hours, users: 80, and vehicles: 90), the database contains 

information about 169 trips performed by 57 distinct users within this time interval. Figure 7 presents 

the initial locations of both users and vehicles, as well as their locations at the end of the simulation. 

As can be observed, the number of users (and vehicles) shown on the right side of the figure is lower, 

since some users were still traveling when the simulation ended and were therefore unavailable at 

that time (the same applies to the corresponding vehicles). In addition, several users (approximately 

25%) were not involved in the simulation due to imposed restrictions (e.g., senior citizens avoiding 

e-scooters), which prevented them from identifying an eligible route (e.g., because they were located 

too far from the remaining available vehicles), as reflected in the statistics reported in Table 2. 
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Figure 7. Locations of users and vehicles in the study area, (a) before and (b) after the simulation process was 

completed. 

Table 2 provides summary statistics regarding the number of different types of entities at the 

beginning and at the end of the simulation process, further supporting the above observations. For 

instance, when the simulation ended, 25 users (57 − 32) were still traveling, and 27 vehicles (90 − 63) 

were reserved for these trips. Note that some vehicles used earlier during these trips had already 

been released during intermediate steps. For this reason, the number of unavailable users is slightly 

higher than the number of reserved vehicles, despite the fact that more than one means of transport 

may be used during their trip. 

Table 2. Simulation Process Statistics. 

Parameter Before Simulation Started 
After Simulation 

Completed 

Number of Available Users  80 55 

Number of Available “Active” Users 57 32 

Number of Available “Inactive” Users 23 23 

Number of Available Vehicles  90 63 

Number of Available Cars 30 26 

Number of Available E-scooters 50 29 

Number of Available Sea Vessels  10 8 

Further analysis of the collected data indicated that the system requires a considerable amount 

of time to identify an appropriate route when at least one feasible route exists (mean: 2.09 seconds, 

standard deviation: 5.29 s). Nevertheless, it returns very quickly when no route is available (mean: 

0.03 seconds, standard deviation: 0.19 s). As a result, the overall average response time is below one 

second (mean: 0.58 seconds, standard deviation: 1.95 s). Considering the demographic characteristics 

of the users, we observed that the users who remained inactive were mostly senior citizens (i.e., 20 

users out of 23), who were unable to find a car within walking distance, since senior citizens were 

assumed to avoid using e-scooters, and the available cars were parked far away. Regarding the 

vehicle usage pa�erns, in many cases, using only one transportation mode (in addition to walking) 

was sufficient. However, the system can also propose routes that combine multiple modes of 

transport, such as using an e-scooter followed by a car or a sea vessel, or vice versa, as shown in Table 

3. 

Table 3. Top ten vehicle combinations detected and their frequency of usage. 

ID Pattern Count 

1 FOOT-ESCOOTER-FOOT 44 
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2 FOOT-CAR-FOOT 36 

3 FOOT-ESCOOTER 17 

4 FOOT-ESCOOTER-SEAVESSEL-FOOT-ESCOOTER 14 

5 FOOT-ESCOOTER-CAR-FOOT 10 

6 FOOT-CAR-FOOT-SEAVESSEL-FOOT 9 

7 FOOT-ESCOOTER-SEAVESSEL-FOOT-ESCOOTER-FOOT 7 

8 FOOT-ESCOOTER-CAR-FOOT-ESCOOTER 7 

9 FOOT-CAR-FOOT-ESCOOTER-FOOT 6 

10 FOOT-CAR-FOOT-ESCOOTER 5 

It should be noted that we repeated the above process multiple times under different 

configurations (i.e., varying the number of vehicles) in order to further evaluate system behaviour 

under different conditions. More precisely, we examined how the total execution time is affected by 

the number of available vehicles, including cars, e-scooters, and sea vessels. First, we repeated the 

simulation three times while increasing only the number of cars and sea vessels by 20 in total. We 

then repeated the simulation three additional times while increasing only the number of e-scooters 

by 20. The results are presented in Figure 8. 

 

Figure 8. Response time distribution (when at least one feasible route is available) as the number of vehicles 

increases: (a) cars and sea vessels increase by 20 (total) per step, and (b) e-scooters increase by 20 per step. 

As expected, increasing the number of cars and sea vessels does not significantly affect the 

system response time. This occurs because the complexity of the constructed graph does not increase, 

since the graph structure (i.e., its nodes) is driven by the predefined car parking areas and sea-vessel 

ports rather than by the number of vehicles located at these stops. On the other hand, having more 

vehicles at these locations increases the probability that at least one vehicle is available and, 

consequently, increases the number of feasible links introduced into the graph, which may slightly 

increase the number of candidate paths. In contrast, when the number of e-scooters increases, the 

response time increases significantly, approximately in a linear manner with a relatively steep slope. 

This is because e-scooters can be located almost anywhere, thus increasing the number of nodes and 

edges introduced into the graph and, consequently, the overall complexity of the algorithm. 

Nevertheless, this behaviour is strongly affected by the clustering process and, in particular, by the 

clustering radius used in DBSCAN, which is part of its configuration. The smaller the clustering 

radius, the larger the number of clusters detected, and therefore the larger the number of nodes and 

edges introduced into the graph. 

5.3. ML Development and Evaluation 
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Following the previous process, we collected a considerable amount of data from multiple 

hypothetical use cases under different configurations. During these experiments, we tacitly assumed 

that users explicitly specify their preferences, which were then taken into account by the system when 

generating route recommendations, subject to the given constraints. However, in real-world se�ings, 

users will not typically provide such preferences. Therefore, the system should be able to learn user 

behaviour automatically. As described in Section 3.3, a ML model can be developed for this purpose 

and can be used to rank the routes identified by the system, so that the most suitable options appear 

at the top of the list. In this section, we present the evaluation of the developed ML model using the 

simulated data generated through the aforementioned process. The goal is to automatically rank the 

suggested routes in an appropriate order, without requiring users to explicitly specify their 

preferences. 

The development of the ML model was based on a dataset generated from five different 

simulation runs, in which the number of registered vehicles varied. This dataset contains 6,315 

records, each described by 21 features, including a label indicating whether the suggested route was 

selected by the user. It should be noted that the demographic characteristics of users involved in the 

simulation were almost uniformly distributed. Nevertheless, the dataset is imbalanced, since in each 

interaction only one out of (at most) ten suggested routes was selected. To address this issue, we 

applied oversampling by duplicating the records corresponding to the selected routes, which 

represent the minority class. Alternatively, more advanced techniques could be applied, such as 

SMOTE [39]. With respect to the input features, we examined their discriminative power using the 

mutual information score, as well as the correlations among them. This analysis indicated that the 

biological sex of users was not informative and could therefore be removed. The same applied to 

system configuration parameters. For the remaining features, we removed those representing the 

number of vehicles of each type included in a route, since they were strongly correlated with the 

distance covered using the corresponding transportation modes. As a result, the final dataset used 

for ML model development is balanced and contains 10,740 records, each represented by 12 numeric 

features. 

This dataset was further split into three distinct subsets, namely training (70%), validation (10%), 

and testing (20%), which were used during the ML model development process. In our work, we 

employed a Random Forest classifier, which includes several hyperparameters, such as the number 

of estimators and the maximum depth of the generated trees that must be specified before training. 

To select appropriate values, we examined different hyperparameter combinations using grid search 

and chose the configuration that maximized accuracy on the validation set. We then evaluated the 

resulting model using the testing set. The results indicate that the model can accurately distinguish 

selected from non-selected routes, as shown in Figure 9. 

 

Figure 9. Evaluation of the developed ML model: (a) confusion matrix and (b) ROC curve. 
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Since the developed ML model was primarily designed to rank the suggested routes, we further 

examined the extent to which this objective can be achieved based on the predicted selection 

probabilities. For this purpose, we executed the simulation process again using slightly different 

configuration parameters and compared the recommendations produced by the system using the 

existing custom rules with those produced by the ML model. More precisely, we examined whether 

the top-ranked route in the two lists was the same, namely the route selected based on user 

preferences versus the route ranked highest by the ML model. When the two routes did not match, 

we recorded the position at which the ML model ranked the route that was actually selected by the 

user. This analysis indicated that a match occurred in almost 70% of the cases (i.e., 109 out of 157). 

For the remaining cases, further analysis of the ranking positions showed that the selected routes 

appeared within the first four positions, with a mean rank of 2.53 and a standard deviation of 1.76. 

These results indicate that the ML model can adequately serve its purpose in the absence of explicitly 

specified user preferences. Nevertheless, its performance can be further improved. For this purpose, 

the automatically generated suggestions should be evaluated collectively rather than individually. 

6. Further Discussion and Future Directions 

6.1. Strengths and Limitations of the System 

The developed system enables users to identify the most appropriate routes to their destinations 

by combining multiple shared vehicles of different types. These vehicles may be station-based (e.g., 

sea vessels), dockless (e.g., e-scooters), or support a hybrid operational model, such as cars that can 

be parked either in predefined parking locations or in designated free-parking areas. The system 

further accounts for various parameters related to the vehicles and users, as well as weather 

conditions and traffic levels, so that it can propose the most appropriate routes for each situation. 

However, the proposed system has certain limitations regarding the supported vehicles and the 

underlying mechanisms, which should be addressed in future work. 

In this work, we assumed that vehicles such as cars and e-scooters have sufficient ba�ery or fuel 

capacity to complete a trip and, if necessary, can automatically return to the nearest charging station. 

As a result, users can complete a trip (i.e., cover the maximum specified distance) without requiring 

intermediate charging. Alternatively, charging-station availability could be explicitly incorporated 

into the route-planning algorithm to support longer trips [33]. In addition, we assumed single-user 

vehicle usage. However, certain vehicle types can accommodate multiple passengers (e.g., cars and 

small sea vessels), potentially reducing travel cost. This se�ing increases the complexity of route 

planning, especially for cars, since pick-up and drop-off locations are not fixed. Therefore, carpooling 

[34] and ride-sharing [40] approaches should be considered in future extensions. Private cars and 

public transport, which have been deliberately ignored in this work, should be taken into 

consideration in future extensions of the system. Nevertheless, given the adopted approach, which 

supports both station-based and dockless vehicles, their integration into the system is relatively 

straightforward. 

The proposed system can provide personalized services to each user individually, rather than 

processing requests coming from multiple users (e.g., within a short time period) collectively. The 

la�er approach could enable more informed decisions regarding potential traffic congestion, for 

example by avoiding the recommendation of cars to many independent users traveling to the same 

destination simultaneously [22]. Moreover, integrating the proposed system with existing 

infrastructure and/or private vehicles (e.g., via sensors or camera-based monitoring) could enhance 

its understanding of user demand and traffic conditions, thereby enabling improved, 

environmentally friendly routing decisions and increasing user satisfaction. 

The suggestions provided by the developed routing system are based on the current status of 

the vehicles (e.g., availability and location), as well as prevailing weather and/or traffic conditions. 

Consequently, the system does not take into account nearby social events, such as concerts and sports 

games, which may significantly increase road traffic. Moreover, sudden changes in weather 
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conditions, which may also affect a trip (especially when “vulnerable” vehicles are used at a later 

stage of a trip), are ignored. The system could provide improved suggestions by forecasting these 

factors (e.g., predicting weather conditions for the next hour) and by considering relevant events that 

may directly affect them. To support this functionality, the integration of external services and 

registries would be necessary. 

Regarding the underlying mechanism used to identify eligible routes, we observed that it 

requires considerable time. Accelerating this process is feasible by maintaining the graph in memory, 

reducing the number of edges (and hence paths) introduced during the initial steps of route planning, 

deploying and using external services locally, and executing independent time-consuming processes 

in parallel (e.g., route detection using OpenStreetMap). Furthermore, e-scooters could be organized 

into predefined regions (as in Hydra [26]) to keep the number of clusters stable. Alternatively, e-

scooters could be initially grouped into coarse clusters (e.g., using a larger DBSCAN radius or k-

means) and then refined into smaller ones only when the corresponding coarse clusters are involved 

in feasible routes, enabling faster and more targeted vehicle selection. Response time can be further 

improved by precomputing potential paths between distinct areas of a city and frequently used 

means of transport (as in work [21]), thereby limiting the number of graph nodes and, consequently, 

the number of edges that must be considered when a new routing request arrives. 

For ranking feasible routes, we developed a Random Forest classifier trained on historical data. 

The performance of the ML model could be further improved by employing DL techniques that 

directly optimize route ranking [41], rather than independently predicting route eligibility for each 

user. In this work, the model was trained using data collected from the entire user population rather 

than from individual users. This approach enables the system to provide meaningful 

recommendations even for new users who have just entered the system, provided that their 

behaviour is similar to that of other users within the same group. Alternatively, training a separate 

ML model for each user could also be considered, assuming that sufficient user-specific data are 

available. In such cases, system recommendations could be derived by combining both approaches. 

6.2. Sustainable Transportation and Urban Infrastructure 

There is also a growing need for the development of environmentally sustainable transportation 

solutions [42]. In this work, we focused on vehicles developed within the EcoMobility project, which 

are environmentally sustainable by design, as they rely on electric power rather than fossil fuels. 

Consequently, we did not incorporate additional sustainability-related factors such as energy 

consumption, carbon dioxide emissions, and noise pollution. These factors should be taken into 

account, particularly when conventional vehicles are integrated into the system (e.g., public 

transportation and private vehicles), since most of them still depend on fuel-powered engines. 

Road traffic congestion is a major problem in urban areas and is often exacerbated by the limited 

availability of free parking spaces. This can increase trip duration and cost, as well as energy 

consumption and carbon dioxide emissions [43]. In our work, we adopted a simplified approach for 

modelling road traffic by primarily focusing on roads experiencing high congestion (i.e., traffic jams). 

Although this assumption enables efficient route computation and supports basic traffic-aware 

recommendations, it does not capture more fine-grained traffic dynamics, such as time-dependent 

variations, traffic flow pa�erns, or congestion propagation across the road network. Therefore, in 

future work, more detailed and realistic traffic models [44] should be incorporated to further improve 

the accuracy and robustness of the proposed route-planning mechanism. Regarding parking, we 

focused on paid parking areas where users are more likely to find an available parking space at a 

predictable cost. Alternatively, free parking areas could also be considered, while accounting for the 

probability of finding an available parking spot and the uncertainty regarding its exact location. 

Multimodal transportation is also relevant to Park and Ride (P&R) systems. A P&R system [45] 

provides a set of facilities distributed throughout the urban environment of a city in order to establish 

connection points, or modal interchanges, between private vehicle users, such as cars, and more 

sustainable modes of transport, such as public transport. These systems are particularly useful for 
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users living in areas outside the urban perimeter, where there are few or no direct connections to 

public transport, who travel daily to a central business district with high traffic and limited parking 

availability. The facilities included in a P&R system are important, and several parameters must be 

taken into consideration (e.g., their location and cost) in order for the system to succeed. On the other 

hand, the complexity of the corresponding recommendation systems is relatively limited, compared 

to general multimodal transportation systems, since they focus on specific transport modes for which 

transitions take place at predefined locations (e.g., metro or train stations). 

The infrastructures and services needed for micro-vehicles are also important [32]. In the case of 

private micro-vehicles, they usually need to be stored at both ends of a trip, and therefore the 

availability of parking areas near public transport stations and other points of interest (e.g., shopping 

centers) is essential. In the case of shared micro-vehicles, their availability at the aforementioned 

locations, along with designated areas to temporarily park them, is particularly important. 

Furthermore, the existence of a safe, comfortable, and continuous network of dedicated and protected 

lanes for micro-vehicles is critical for the successful use of both private and shared micro-vehicles by 

city residents for their daily transportation needs. For electric vehicles, charging station locations are 

essential for enabling longer trips. Additional factors should also be considered, including the 

technologies used by the relevant software platforms (e.g., real-time data), the condition and status 

of micro-vehicles, and the pricing scheme. 

7. Conclusion 

In this work, we presented a novel system that enables authorized users to identify the most 

appropriate route for traveling from an origin (e.g., the current location) to a destination (e.g., a point 

of interest) using multiple transportation modes. The system takes into account the current status of 

shared vehicles, user demographic characteristics, environmental conditions, and relevant events 

such as traffic congestion. The developed system leverages existing map services to identify feasible 

routes at a given time and context and subsequently ranks them according to user preferences, which 

can either be explicitly specified or inferred from historical data. The evaluation of the proposed 

system indicated that it can adequately serve its purpose by enabling users to combine different 

transportation modes based on their needs. In particular, the developed system can support both 

station-based and dockless shared vehicles, enabling users to identify routes that best suit their needs, 

which may be specified either explicitly or implicitly (based on historical data), while taking into 

account environmental conditions and traffic levels. The underlying mechanisms could be further 

improved, for example by adopting more efficient hierarchical data processing in order to reduce 

execution time, and by incorporating more advanced DNN architectures to improve the accuracy of 

the suggested routes. 

In this work, we focused on the vehicles being developed by the partners directly involved in 

the EcoMobility project, namely cars, e-scooters, and sea vessels, which can be shared among 

members of a community. The proposed approach and the developed system can be extended to 

support additional transportation modes, including private and public vehicles, with minor 

modifications. Our work mainly focuses on identifying the most appropriate combination of 

transport modalities rather than on precisely estimating trip start and end times or designing the 

billing mechanisms required for such services. These aspects are particularly important when shared 

vehicles are integrated with public transport (e.g., buses and trains), which typically operate 

according to fixed timetables. With respect to payment, additional systems would be required to 

support a unified and user-friendly billing process that covers all involved transportation services, 

including those operated by external providers (e.g., public transport), which may follow different 

pricing policies and payment infrastructures. 
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Appendix A: Data Management 

The data management component ensures the persistent storage of the data generated and 

collected throughout the two main phases of the system. During system initialization, it enables 

system administrators to register new vehicles, such as e-scooters, cars, and sea vessels, along with 

additional information related to them, such as car parking locations and sea-vessel ports. It also 

supports the registration of regular users, including their demographic characteristics. During the 

operational phase, when citizens of a smart city use the system for their daily transportation needs, 

the system enables different entities (e.g., sensors and regular users) to update vehicle status 

information (e.g., current location and availability), environmental conditions (e.g., weather 

conditions and high-traffic areas), as well as other relevant data generated during system usage. In 

particular, the system provides the necessary functionality to record the recommendations generated 

by the system, including the computed features for each alternative, as well as the routes ultimately 

selected by users. This layer also enables registered users to reserve or release a vehicle upon 

embarkation or disembarkation, respectively. 

The data structures used are presented in Figure A1. The system records information about 

users, vehicles, stops (e.g., car parking areas), environmental conditions (e.g., weather and road 

traffic), as well as data generated through user interaction with the system (e.g., recommendations 

produced, routes selected, and actions performed). In our work, only a limited number of parameters 

were recorded for each of the aforementioned entities. With respect to user demographic 

characteristics, we recorded biological sex and the corresponding age group. For the la�er, we 

adopted a simple and coarse classification scheme that groups users into three categories, namely 

children, adults, and senior citizens, which was sufficient for the needs of our experiments. We also 

followed a simplified approach for modelling weather conditions and road traffic. More precisely, 

we recorded whether it was raining or not, and whether strong winds were present at a given time 

and location. For road traffic, we recorded the locations of traffic jams, assuming that routes passing 

through these areas (i.e., areas around the corresponding points) would experience significant delays. 

 

Figure A1. Data structures of the main entities of the system. 

Appendix B: Points of Interest and System Libraries 

For our experiments, we generated simulated data for testing purposes by considering highly 

visited a�ractions in Istanbul, widely known hotels, as well as several car parking areas and sea-

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 February 2026 doi:10.20944/preprints202602.0595.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.0595.v1
http://creativecommons.org/licenses/by/4.0/


 24 of 26 

 

vessel ports. Providing an exhaustive list of these locations is beyond the scope of this document. 

Nevertheless, we provide a visual representation of the selected points of interest (POIs) in Figure A2 

so that readers can understand the covered area, since users and vehicles were randomly distributed 

around these points. 

 

Figure A2. Points of interest used in the simulation process. 

The system was developed in Python using several libraries, including OpenRouteService14 

(ORS) for integration with the OpenStreetMap API, SQLAlchemy15 for data storage in an SQLite16 

database, and geojson for representing data in GeoJSON17 format, which is supported by various 

publicly available visualization tools. For the development of the ML model, we used the scikit-learn 

library, which provides implementations of multiple ML algorithms, along with NumPy, pandas, 

and matplotlib, among others. In addition, the system functionality was exposed to relevant entities 

through REST services implemented using the FastAPI18 library. 
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