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Abstract

Transportation recommendation systems have been trending for quite some time due to their continu-
ous potential for improvement. Among the most interesting advancements are multimodal transportation
recommendation systems, which provide suggestions for traveling from one location to another using a
combination of available transportation modes. In this thesis, we present a multimodal transportation
recommendation system that recommends trajectories to users based on their personal preferences. Our
system consists of two main phases. The first phase involves trajectory generation, where we search for
optimal trajectory combinations between the starting point and the destination using Particle Swarm Op-
timization, followed by post-processing on the trajectories. Once the trajectories are generated, we rank
them using the RankNet model trained on previously selected user trajectories, employing a content-based
approach.After testing our system, we observed that the generated trajectories were quite feasible and the
recommendations were highly accurate.

keywords:
Recommendation system, multimodal transport, RankNet, Particle Swarm Optimization, content-based
approach, public transport.
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Chapitre 1 : Introduction

The diversity of public transportation options in urban environments, including metro, tramway, buses,
trains, and taxis, provides a multitude of travel choices. Navigating through these alternatives can be
complex, especially for those unfamiliar with the city, whether they are tourists or residents from other
metropolitan areas. Finding the optimal public transport trajectory from one point to another, considering
factors such as cost, comfort, and travel duration, can be challenging. In this context, the crucial impor-
tance of recommendation systems becomes evident, especially within the framework of *smart cities’.

The transportation sector, in particular, significantly benefits from the rapid evolution of these systems,
which demonstrate an increasing ability to provide personalized recommendations to each user. A con-
crete example of this utility lies in proposing the best trajectory, taking into account the user’s past travel
choices, budget preferences, and time and comfort preferences. In connected urban environments, this
convergence between combination of available transportation modes and intelligent recommendations of-
fers a particularly relevant solution to simplify and optimize city travel.

This thesis addresses the issue of recommending trajectories by integrating various modes of trans-
portation within a city and presenting them to users based on their personal preferences regarding cost,
time, and preferred mode of transport. We will first construct the trajectories using Particle Swarm Opti-
mization; once the trajectories are refined to ensure presentability, we will rank them for the user using a
RankNet model trained on the user’s previous journeys.

We summarize our contribution in the following main points:

« first, we conducted a state-of-the-art review discussing approaches in the field of transport recom-
mendation, focusing specifically on multimodal transport recommendations.

« Next, we proposed our approach, which involves generating trajectories using and then ranking
them using the RankNet model.

» Finally, we implemented our method and tested it on a dataset from the public transport network of
the city of Paris

We have structured our thesis into six essential chapters to enhance understanding and presentation
of our approach. The first chapter serves as the introduction. The second chapter provides background on
the pillars of our theme: recommendation systems, smart cities, and multimodal transportation, setting the
stage within the current context.

The third chapter presents a literature review on recent developments in recommendation systems to
identify current trends. It also explores various approaches used in multimodal transportation recommen-
dation systems, synthesizing the presented works.

In the fourth chapter, we discuss our approach to multimodal transportation recommendation. Our
method combines[PSO|for generating trajectories and RankNet for recommending them. We highlight the
key aspects of our approach, focusing on its potential to improve trajectory recommendation systems and
enhance user experience in urban transportation.
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In the fifth chapter, we delve into the practical implementation and evaluation of our system. We start
by elaborating on the datasets used in both the trajectory generation and recommendation phases. Fol-
lowing this, we discuss the development environment used for system implementation, highlighting the
utilization of Streamlit for system presentation. Lastly, we present the results obtained from the evaluation
conducted for both phases.

The sixth and final chapter, Conclusion and Perspectives, wraps up our study by presenting the conclu-

sions drawn from our research. We provide an overview of the work accomplished throughout the thesis,
highlighting the contributions, discoveries, and limitations of the developed recommendation system.

12



Chapitre 2 : Background

2.1 Introduction

In this section, we cover three main topics: recommendation systems, smart cities, and multi-modal trans-
portation. Recommendation systems personalize user experiences, smart cities use [[nformation and com-|
[munication technologies (ICT)|to optimize urban services, and multi-modal transportation integrates di-
verse transit modes for efficient mobility.

2.2 Recommendation Systems

[Recommendation Systems (RS)|have enjoyed success since their first appearance in the 1990s Adomavicius
and Tuzhilin [2005! Despite the extensive work done to develop new approaches in research has not
waned. Every day, we witness the increasing indispensability of RS|in our lives due to their involvement
in various activities Iftikhar et al.[2023| In today’s world, where there is a vast array of choices across all
domains ranging from selecting a movie to watch, choosing a meal to eat, to determining which trajectories
to take, provides invaluable support in making these decisions, thus reducing information overload
Rodriguez-Hernandez et al. |2015} Saini and Singh {2023/ Therefore, each year sees improvements in the
implementation of [RS|to achieve optimal results Saifudin and Widiyaningtyas 2024, Furthermore, even
the current generation of [RS|requires further improvement to be more effective and applicable in broader
domains of real life Adomavicius and Tuzhilin [2005.

2.2.1 Definition

In its most common definition, a Recommander System is an algorithm that rates items, aiming to identify
those with the highest ratings, as they are likely the ones preferred by the user. Subsequently, the system
recommends these highly-rated items to the user Adomavicius and Tuzhilin 2005} Saifudin and Widiyan-
ingtyas|2024; Rodriguez-Hernandez et al.[2015| Additionally, it’s important to mention that the method of
rating varies among different Each system employs its own unique approach to analyzing data sources
in order to establish connections between users and items Melville and Sindhwani [2002|

2.2.2 Types of Recommendations Systems

As the methods of generating recommendations vary from one system to another, RS are categorized into
three main classes as shown in the figure [1| that describe the general approach: Collaborative Filtering,
Content-based Filtering, and Hybrid filtering, which combines elements of both Adomavicius and Tuzhilin
2005; Rodriguez-Hernandez et al.|2015; Melville and Sindhwani [2002]

[Content based systems (CB); This method operates on the intuition that if a user liked a particular
item, they’ll probably like similar ones as well. It works by identifying similarities between items and then
recommending those with features similar to ones the user has liked before Saifudin and Widiyaningtyas
2024; Rodriguez-Hernandez et al. 2015 To determine the items the user liked in the past, various methods
are employed. These can be explicit, such as directly asking the user, or implicit, which involves analyzing
user behavior Adomavicius and Tuzhilin [2005, In this approach, dealing with cold starts is usually
not an issue, as every item/user has its attributes/preferences defined once it’s entered in the database.
However, if there isn’t a sufficient amount of information about the user’s preferences, he’ll receive fewer
recommendationsSaifudin and Widiyaningtyas [2024,
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[Collaborative filtering systems (CF); In this second approach, the RS|suggests items to users based on
ratings from others whose behaviors align closely with theirs Adomavicius and Tuzhilin 2005; Rodriguez-
Hernandez et al.|2015| This method stands out as the most popular and widely utilized one, with signifi-
cant advancements in both academia and industry Adomavicius and Tuzhilin|2005, While this approach is
widely used, it has both advantages and disadvantages. One advantage is that it doesn’t require additional
information about items or users when adding them to the database; rather, it relies on the interaction
between users and items. However, if there isn’t enough interaction, the system may generate fewer rec-
ommendations Saifudin and Widiyaningtyas 2024, Collaborative filtering systems, in turn, are divided
into two general classes: Memory-based, which uses the database each time for recommendation, and
Model-based, which constructs a model for predictions Breese, Heckerman, and Kadie|1998| Similar to the
previous approach, the ratings can be either explicit or implicit Breese, Heckerman, and Kadie 1998|

[Hybrid based filtering systems (HBF): Both of the instinctive approaches mentioned have their own
set of advantages and disadvantages. To address the limitations of each while capitalizing on their strengths,
hybrid collaborative systems were developed. These [RS|types combine elements of both collaborative fil-
tering and content-based systems into a single structure Adomavicius and Tuzhilin 2005; Saifudin and
Widiyaningtyas 2024} Rodriguez-Hernandez et al. 2015, We have various methods available for construct-
ing hybrid collaborative systems, which vary according to the data employed Saifudin and Widiyaningtyas
2024, These methodologies can be categorized into four main classes Adomavicius and Tuzhilin 2005

1. Implementing collaborative and content-based methods independently, then combining their pre-
dictions.

2. Integrating specific content-based features into a collaborative approach.
3. Incorporating selected collaborative characteristics into a content-based approach.

4. Developing a comprehensive unified model that incorporates both content-based and collaborative
attributes.

The article Adomavicius and Tuzhilin 2005 provides an extensive review of various approaches utilized in
the construction of hybrid recommendation systems, drawing from a wide range of scholarly works.
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Figure 1: The three types of recommender systems: Collaborative Filtering, Content-Based Filtering, and
Hybrid Systems

2.2.3 Challenges and Limitations

Recommender systems, like any other system, come with their own set of challenges and limitations.
These challenges arise at various stages of the recommendation process, such as scalability during the
recommendation process itself, difficulties in finding suitable datasets prior to recommendation, and issues
related to fraud outside of the recommendation process Saifudin and Widiyaningtyas|2024} Let’s take a brief
overview of the most common limitations encountered.

Cold start Problem: One of the primary challenges faced by occurs when they encounter a lack of
information or data absence when making predictions for new items or users Saifudin and Widiyaningtyas
2024} This issue is also referred to as the new-item problem or the first-rater problem Melville and Sind-
hwani 2002l While it is a concern across all types of RS it poses a particularly significant challenge for
collaborative filtering recommenders due to their reliance on historical ratings for recommendations.

15



Sparsity Problem : This problem arises when there’s insufficient information available, as only a few
items in the database are evaluated by the user. This results in sparse user-item matrices, making it chal-
lenging to find successful resemblances and provide effective recommendations Saifudin and Widiyan-
ingtyas [2024; Melville and Sindhwani [2002l Additionally, data sparsity leads to coverage issues, where
only a small percentage of items in the system can be used for recommendations Saifudin and Widiyan-
ingtyas|2024, This poses challenges for collaborative filtering systems as it reduces the likelihood of finding
similarity between users Melville and Sindhwani 2002} This problem often occurs when there’s a high ratio
of items to users or during the initial stages of system use. To address this issue, additional information
about the topic can be considered, or assumptions can be made about how the data was created. These
steps help improve the accuracy of filling in missing information Melville and Sindhwani 2002}

Scalability Problem : Scalability poses a significant challenge for many recommendation systems Saini
and Singh 2023| especially as the number of users and items grows Saifudin and Widiyaningtyas 2024}
Efficiently producing recommendations becomes increasingly difficult with this expansion. While devel-
oping a filtering system that can scale effectively requires careful consideration Saini and Singh 2023, there
are dimension reduction techniques available to address scalability issues and accelerate recommendation
processes, such as Singular Value Decomposition Saifudin and Widiyaningtyas|2024]

Running Time Problem: Improving running time is an important aspect of every research effort. Ac-
cording to Saifudin and Widiyaningtyas[2024|by using algorithms with both the[CFand[HBFabbreviations,
changes can be implemented to accelerate the time taken compared to previous methods.

Accuracy Problem: It’s one of the most common challenges faced by recommendation system algo-
rithms, each of which endeavors to enhance accuracy through various research methods. The ongoing
efforts to improve the accuracy of|RS|are both continuous and exciting Saifudin and Widiyaningtyas 2024

Fraud Problem: The fraud problem, while less technical compared to others, remains a significant con-
cern in[RY| Sellers, for example, may manipulate RS|to benefit from recommendations, often seen in com-
mercial systems where they aim to lower the average ratings of competitors while boosting their own.
methods are less susceptible to this issue as they are not reliant on ratings. However, [CH methods often
face challenges in dealing with this manipulation Melville and Sindhwani 2002]

The article Saifudin and Widiyaningtyas 2024 presents a ranking of the occurrence of the problems
mentioned in the |RS|across all systems.

2.2.4 Evaluating Recommender System Performance

To properly assess our evaluation is essential. We can gauge its effectiveness by comparing its rec-
ommendations to a predefined set of user ratings Melville and Sindhwani 2002, The article Saifudin and
Widiyaningtyas[2024| outlines six key metrics commonly used for this purpose, such as :

« Weighted Precision : Measures the proportion of true positives among the items predicted as posi-
tives, considering class weights. Useful for imbalanced classes.

Formula:
YX_| Precision; - n;

k
Z,'=1 n;

Weighted Precision =
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« Recall : Measures the proportion of true positives among all actual positives. Indicates the model’s
ability to detect true positives.

Formula:
TP

Recall = ————
TP +FN

« Weighted F1 Score : The harmonic mean of weighted precision and recall, considering class weights.
Balances precision and recall for imbalanced data.

2 - Weighted Precision - Weighted Recall
Weighted Precision + Weighted Recall

Weighted F1 Score =

+ Mean Reciprocal Rank (MRR) : Measures search/recommendation effectiveness, averaged over the
reciprocal ranks of the first relevant results. Useful for ranking tasks.

Formula:

« AUC-ROC (Area Under the Receiver Operating Characteristic Curve) : Evaluates binary classification
performance by measuring the area under the ROC curve, plotting true positive rate against false
positive rate.

Formula: AUC is typically calculated using numerical integration methods.

And others like Normalized Discounted Cumulative Gain (NDCG). Interestingly, Root Mean Squared|
[Error (RMSE)| and [Mean Absolute Error (MAE)| seem to be the most frequently used, suggesting their
comparable nature. However, it’s worth noting that neither metric has a solid theoretical justification,
often leading to a choice based on practical considerations Saifudin and Widiyaningtyas [2024]

2.2.5 Multcriteria Ratings

When discussing predictions made by[RS| we often think about categorizing items based on single criteria,
like taste for food or interest for books, which are examples of single-rating However, in our daily
lives, we often encounter situations where multiple factors need to be considered, not just one. In the
article Adomavicius and Tuzhilin 2005, various solutions have been proposed, including finding Pareto
optimal solutions, using a linear combination of criteria, optimizing the most important criterion, and
successive optimizations of individual criteria. Despite being an intriguing subject in[RS] there hasn’t been
extensive research in the recommender systems literature Adomavicius and Tuzhilin 2005, indicating a
need for further exploration in this area.

2.3 Smart cities

Smart cities represent a major evolution in urban management, integrating information and communica-
tion technologies (ICT) to improve citizens’ quality of life. This section explores the definition of smart
cities, their key technologies, their challenges, and provides some recommendations.

17



2.3.1 Definition

The term ’[Smart Cities (SC)[’ was initially introduced in a book published in the United States in 1992
Nguyen, Nawara, and Kashef|2024, highlighting the growing adoption of information and communication
technology (ICT) in contemporary urban infrastructures. However, its significance extends beyond tech-

nological innovation; it involves the utilization of various sensors, actuators, cameras, and devices within
vehicles, buildings, or houses to monitor their physical structure and integrate with other related applica-
tions, while also considering human values alongside technological advancements Nguyen, Nawara, and
Kashef 2024} Despite numerous attempts to clarify its meaning, a universally agreed-upon definition re-
mains difficult to define Lai and Cole 2022, Additionally, we find multiple approaches to building a
Nguyen, Nawara, and Kashef|2024, with variations depending on regional contexts Lai and Cole 2022]

2.3.2 Key Technologies

rely on essential technologies that form the fundamental framework for their operations in the mod-
ern world. These technologies enable connectivity, data collection, and smart decision-making processes,
serving as the backbone of urban development. And together they drive the development of |SC| making
them more sustainable, resilient, and responsive to citizens needs. Among these key technologies we find
the following :

+ The Internet of Things : refers to the process of connecting physical objects to the internet or alter-
native network protocols. These objects are equipped with sensors, processing units, and software,
enabling them to interact with other devices and systems by accessing, exchanging, and processing
data. The collected data is stored in databases for processing, allowing administrators to track the
city’s progress and make informed decisions regarding the planning, control, and coordination of
devices and systems Nguyen, Nawara, and Kashef|2024,

« Big Data : generate massive volumes of data from diverse sources, making the role of big data
management crucial. The ”5 V’s” of big data—Volume, Variety, Velocity, Veracity, and Value—underscore
the complexities and potentials linked with handling extensive and varied datasets Nguyen, Nawara,
and Kashef|2024|

« Cloud computing : Cloud computing, encompassing the provision of computing services such as
servers, storage, databases, networking, software, and analytics over the internet, facilitates rapid
innovation, flexibility in resource allocation, and economies of scale. By embracing cloud-based ap-
plications, |SC| can alleviate the burden of maintaining internal databases or physical servers. Cloud
providers like Amazon, Microsoft, or Google offer services and resources that are accessible and
shareable across multiple devices simultaneously, thereby streamlining data management and en-
hancing scalability for [SC|administrators Nguyen, Nawara, and Kashef[2024|

« Blockchain : Blockchain, with its decentralized and immutable ledger system, plays a pivotal role
in . By safeguarding transactions from alteration or control by any single entity, blockchain
ensures security and integrity. This technology enhances the efficiency and transparency of ur-
ban governance by facilitating secure data sharing among city departments and simplifying pro-
cesses such as permitting and procurement through the implementation of smart contracts. Further-
more, blockchain encourages the development of creative citizen engagement initiatives. Ultimately,
blockchain holds the promise of transforming smart cities into more resilient, inclusive, and sustain-
able urban environments Nguyen, Nawara, and Kashef|2024,
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« Machine learning : Machine learning involves the use of algorithms and statistical models to enable
applications, such as data analytics, sensor information fusion, anomaly detection, and emotion
recognition. It plays a crucial role in optimizing |SC| operations, leading to enhanced efficiency, ef-
fectiveness, and overall performance Fadhel et al. 2024,

2.3.3 Challenges

use advanced technology to address various challenges such as traffic congestion, environmental pol-
lution, and energy efficiency. However, in this process, they encounter many challenges, including the
following:

« Smart Sensors in Smart Cities: Sensors are vital components in the creation of as they measure
the physical attributes of devices and enable diverse functionalities. However, integrating sensors
into[SClinfrastructure encounters challenges such as safety and security management, privacy issues,
and energy constraints in wireless network sensors Nguyen, Nawara, and Kashef|2024,

« Security and Privacy: [SC|gather lots of data, including details about citizens, which needs to be kept
safe from unauthorized access or tampering. However, this data can be at risk of cybercrime as it
moves through different stages. Challenges include preventing unauthorized access to stored data
and ensuring data streams are not disrupted during transmission. It’s important to protect citizens
private information Nguyen, Nawara, and Kashef|2024,

« The cost of[SC|: The cost of implementing[SC|is a significant concern, affecting both the initial devel-
opment expenses and ongoing operational costs. Development costs encompass the implementation
of |SC|initiatives, including planning strategies to meet citizens needs and installing various devices,
sensors, and software, which can be both time-consuming and expensive. Operational costs relate
to the ongoing maintenance needed to ensure [SC| operate efficiently throughout their lifespan. It’s
crucial to allocate sufficient resources to maintain smart facilities and ensure uninterrupted benefits
for citizens Nguyen, Nawara, and Kashef|2024,

« Data extraction and management : Data extraction from various sources, alongside the management
of urban data, presents labor-intensive tasks, particularly due to the diverse sources and complex
data types involved. These challenges underscore the essentiality of implementing efficient data
management strategies to support the development of [SC|Fadhel et al.|2024}

+ Energy consumption : the challenge of energy consumption in IoT systems remains pertinent. These
systems, integral to the functioning of [SC| involve the collection, analysis, and transmission of large
quantities of data. This process, essential for various functionalities, demands considerable re-
sources such as storage capacity, cloud computing, and wide bandwidth, leading to significant energy
consumption. Additionally, the energy needs of the sensing devices used in[SCinfrastructure further
contribute to this challenge Omrany et al.|2024]

« Scalability, adaptability, and reliability : another significant challenge in the development of
These systems must seamlessly adjust to evolving user demands, incorporate new services and de-
vices, and maintain consistent performance. Additionally, they need to evolve to meet the dynamic
requirements of [SC| accommodating a diverse range of devices with varying capabilities, all while
ensuring the robustness and reliability of IoT systems to deliver high-quality service despite scaling
up to integrate more devices and services Omrany et al.|2024]
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Ethical concerns : Ethical considerations in IoT applications for |[SC| involve a range of challenges
such as intellectual property rights and data privacy. Five primary issues have been identified in this
context: informed consent, privacy, information security, physical safety, and trust Omrany et al.
20241

2.3.4 Recommendation

To address the many challenges of|SC| several strategies can be put in place. Article Fadhel et al.|2024|offers
various recommendations to make the functioning of smart cities more efficient. Here are some of them:

2.4

Utilizing a machine learning-driven intrusion detection system to bolster communication security
within mobile cloud computing environments.

Utilizing supervised machine learning methods to harmonize diverse data sources, enhancing decision-
making efficacy in urban planning.

Suggesting the adoption of location-based filtering and global descriptor similarity-based ranking
methods for recognition tasks to improve recognition outcomes, surpassing the effectiveness of local
descriptor-based re-ranking approaches.

Taking into account spatial-temporal correlations among various local regions within a city to at-
tain precise prediction results, leading to a deeper understanding of urban dynamics and enhancing
prediction accuracy and reliability.

Adopting advanced techniques like dual-attention deep reinforcement learning, lifelong learning,
and multi-granularity fusion techniques in IIoT environments to enhance resource utilization, system
performance, and accuracy.

Suggesting the implementation of explainable recommender systems to increase user acceptance
rates by providing clear explanations for energy-saving actions. This strategy aids in reducing energy
wastage and promoting sustainability initiatives.

Multi-modal transportation

In the realm of|SC] transportation has experienced a significant revolution. Whether it’s in private vehicles
with systems for selecting optimal trajectories or finding available parking spaces, or in public transporta-
tion, be it unimodal or multimodal, where options range from selecting the most appropriate mode of
transport to identifying stops with minimal crowds or the closest proximity. These advancements con-
tinue to evolve due to the numerous technologies and advantages facilitated by [SC]initiatives.
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Figure 2: Multimodal transportation

2.4.1 Definition

The evolution of multimodal transportation systems is a key indicator of the advancement of smart trans-
portation. These systems are defined in various ways, such as “the shipment of cargo and the movement
of people involving more than one mode of transport during a single seamless journey,” or "movement
in which two or different transport modes are linked end to end in order to move freight and/or people
from point of origin to point of destination” Another definition is “the combination of modes, usually ship,
truck, or rail, to transport freight.” Dua and Sinha [2015| All these definitions simply refer to systems that
use a combination of different transportation methods to travel from a starting point to a destination.

2.4.2 Transition from Conventional to Multimodal Transportation Planning

Transitioning to a multimodal transportation approach involves addressing various issues and adapting or-
ganizational structures to support diverse transportation modes. Conventional planning primarily focuses
on automobile travel, promoting high vehicle ownership and low land-use density, while often neglecting
broader impacts such as public health and environmental concerns. This approach uses models designed
for highway evaluation, emphasizing speed and congestion reduction. In contrast, multimodal planning in-
tegrates various transportation modes, encouraging higher land-use density and mixed-use development.
It values modal diversity and social equity, requiring more complex analysis tools to assess the quality
and interconnectivity of different transportation modes. Effective organizational structures are crucial for
coordinating efforts and achieving stability. Most State Departments of Transportation (DOTs) use a di-
visional structure to manage functions by transportation mode. To incorporate multimodal approaches,
these structures must evolve, considering non-highway modes alongside traditional highway functions.
This evolution requires reengineered processes, skilled staffing, and advanced analytical tools Smith 2013
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2.4.3 Best Practices in Multimodal Transportation Planning

The evolution of multimodal transportation planning has led states to adopt best practices that emphasize
equitable consideration of various transportation modes, organizational restructuring, and enhanced public
involvement. Successful approaches include fostering strong modal advocacy within departments and im-
plementing flexible funding mechanisms. States have also improved methods for assessing transportation
needs and selecting projects, with a focus on integrating different modes through simultaneous analysis
and advanced planning models. Public involvement is crucial, with efforts to engage stakeholders and users
of the transportation system, ensuring their input shapes the planning process. Additionally, the use of per-
formance measures, such as accessibility, travel time reduction, and multimodal options, helps evaluate the
effectiveness of transportation systems and supports data-driven decision-making. These comprehensive
strategies underscore the importance of evolving organizational structures and enhancing coordination to
achieve an efficient and interconnected multimodal transportation network Smith [2013}

2.4.4 Challenges

Statewide multimodal transportation planning faces several key challenges. First, there is a growing need
for performance-based planning, where transportation agencies are accountable for measurable results, not
just outputs. This requires developing neutral performance measures using readily available data. Second,
greater public and stakeholder involvement is essential, ensuring that diverse interests, including minority
and low-income populations, are fairly represented. Another major challenge is integrating advanced
technology, which can revolutionize data processing and analysis but needs better tools and methods.
Environmental sustainability and fair distribution of transportation benefits are also becoming important.
Additionally, coordinating planning efforts across local, regional, and multistate levels is crucial to avoid
political gridlock and ensure comprehensive solutions. Finally, recruiting, training, and retaining skilled
professionals with the necessary technical expertise remains a significant hurdle. Pedersen/Chairman: Neil
J. Pedersen

2.5 Conclusion

In conclusion, recommendation systems, smart cities leveraging ICT, and multi-modal transportation con-
tribute crucially to shaping modern urban environments, offering enhanced decision-making, sustainable
service optimization, and efficient mobility solutions, respectively, towards smarter cities for the future.
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Chapter 3 : State of the Art

With the rising popularity of[Multi-modal transportation recommendations (MTR)} numerous studies have
been conducted, each with its unique approach aiming to achieve improved results. Researchers are ac-
tively contributing to this field, incorporating their own perspectives into their work. Below are some of

the most notable recent studies conducted in this area.

3.1 Comparative Table

The table below provides a comprehensive summary of proposed Multimodal Transport Recommendation
Systems, highlighting key studies and their methodologies. Each entry includes details such as authors,
publication year, title, dataset used, recommendation methods employed, trajectory generation techniques,
and outcomes achieved. This table serves as a structured overview, showcasing how different approaches
contribute to enhancing decision-making and optimizing trajectories within multimodal transport net-

works.
Table 1: Summary of Multimodal Transport Recommendation Systems
Approach | Focus Used dataset Used methods Evaluation Results
proposed
in
Bayesian learning.
Campigotto| Personalized | Travel choices made Transfer learning. Mean predictive accuracy:
etal. 2016/ | and situation | by 40 participants | Stated preference survey. | 0.723
aware. from diverse demo-
graphic groups.
Anchor embedding tech- | NDCG: 0.893
H. Liu, Li, | Personalized | Travel events | —duc. - PREC: 0.700
Joint representation learn- REC: 0.770
et al.[2019 | recommen- recorded from map .
. . ing framework. F1: 0.711
dations  for | queries and user
multimodal feedbacks on the
transporta- Baidu Map in Beijing
tion tra- | and Shanghai.
jectories,
accommodat-
ing  various
modes.

Continued on next page
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Approach | Focus Used dataset Used methods Evaluation Results
proposed
in
Convolutional Neural Net-
Abedalla Recommend The public dataset \C)}V:id(i'ent Boosted Decision Weighted F1-score:
etal. 2019 | the most | from the Context Trees 0.68898702
appropriate Aware Multi-Modal .
transport Transportation
mode to each | Recommendation
user. challenge, released
on April 10th, 2019,
which includes his-
torical user behavior
data from Baidu
Map.
Light-weight gradient | F1:0.414
. . . boosting decision tree . PRE: 0.286
’Ii'lc')ng, Liu, It\;[;rlltsllzlcl)(;’izil ljs\lz(i;ljngMap s (ﬁlst:r’ Multi.—task wide and deep REC: 0.748
et al.[2020, | tion plan | behavior data learning NDCG: 0.805
that adapts | from September to
to various | November 2018.
situational
contexts.
Bipartite graph.
Y. Liu et | Various com- | Real travel mode Graph embedding tech- | Weighted F1 between 0.6041
al.|2021 binations, choice data from nique. and 0.7936
while extract- | Baidu Maps, cover-
ing features | ing around 2 million
related to | historical recom-
user prefer- | mendations and user
ence, mode | behaviors.
accessibility,
and location
popularity.
Heterogeneous graph At- F1: 0.7566
Xu et al. | Recommend Navigation data tention. PRE: 0.797
5073 the most suit- | from Baidu Maps Graph neural networks. REC: 0.7848
| Graph embedding. NDCG: 0.9523

able transport
mode for
users.

including wuser at-
tributes, origin,
destination, and
transport mode data.

Continued on next page
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Approach | Focus Used dataset Used methods Evaluation Results
proposed
in
Graph-based contextual Hit between 0.8716 and
. . encoder. 0.9235
H. Liu, | Unified route Real—vs./orld trans- Spatiotemporal pre- NDCG between 0.8735 and
Han, et al. | represen- portation data from training strategies 0.8983
2023 tation for | Beijing and Shang- : :
multimodal hai, provided by a
transporta- leading navigation
tion recom- | application.
mendation,
leveraging
spatiotem-
poral de-
pendencies
and semantic
coherence
of historical
route.
Average Path-finding
time/s: 80 s
Yang et al. | Outputs a | Urban public trans- | Algorithm inspired by i\:lrgs/r?u(;r; 4s Path-finding
2024 K  shortest | port data, including | the ripple-spreading phe- — -
path planning | bus and metro lignes | nomenon. Max1mum Path-finding
. . . time/s: 530 s
framework information, railway
for intercity | data detailing train

door-to-door
travel.

schedules and sta-
tion locations, and
transfer data indicat-
ing transfer times be-
tween stations.
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3.2 Synthesis

After reviewing the various studies presented in the current chapter, it is evident that these works exten-
sively utilize advanced machine learning and deep learning techniques to enhance recommendation sys-
tems. For instance, convolutional neural networks (CNN) and gradient-boosted decision trees (GBDT) are
commonly employed to handle complex data and improve model performance. Additionally, many studies
incorporate graph-based methodologies to model the relationships between users, origin-destination (OD)
pairs, and transport modes. This approach is exemplified in the use of bipartite graphs Y. Liu et al. [2021
and heterogeneous graphs Xu et al.[2023|

However, each study adopts a different approach in its recommendation and trajectory generation
methods. For recommendation generation, the following approaches were identified:

« Bayesian Learning and Transfer Learning: Utilized in Campigotto et al.|2016/to continuously update
user profiles and apply pre-existing knowledge for trajectory recommendations.

+ Optimization Modeling: Employed in Hao and Yue 2016 who use dynamic programming for opti-
mizing container multimodal transport systems.

« Joint Representation Learning: Implemented in H. Liu, Li, et al. [2019| who employ a multi-modal
transportation graph to learn representations for recommendation.

+ Multi-Task Deep Learning Systems: Utilized in H. Liu, Tong, et al.|2020, who use a combination of
light-weight GBDT and multi-task wide and deep learning (MTWDL) for context-aware recommen-
dations.

For trajectory generation, the following methods were identified:

+ Graph Embedding Techniques: Constructed bipartite graphs and transformed nodes into feature
vectors as done in Y. Liu et al.[2021l

« Heterogeneous Graph Attention Networks: Utilized a hierarchical attention mechanism to generate
node embeddings as done in Xu et al.[2023|

+ Time-Dependent Multi-View Transportation Graphs: Transformed transportation networks into
multi-view graphs and employed a graph-based contextual encoder as done in H. Liu, Han, et al.
2023

« Ripple-Spreading Algorithm: Utilized an improved ripple-spreading algorithm to find the K shortest
paths in intercity multimodal transport networks as done in Yang et al.|2024,

The datasets used also vary significantly from one study to another, with some studies focusing on
city-specific data while others utilize broader datasets covering multiple cities and transport modes. Addi-
tionally, many datasets are confidential.

The outputs of these systems also differ, aligning with the objectives of the respective applications:

« Personalization and Context Awareness: Achieved through dynamic user profiles and consideration
of situational factors like weather H. Liu, Tong, et al.|2020; Campigotto et al. 2016}
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« Optimal Transport Strategies: Effective strategies for container transport systems and other multi-
modal transport scenarios Hao and Yue |[2016|

« Unified transport network Representation: Leveraging spatiotemporal dependencies for robust rec-
ommendations H. Liu, Han, et al.|2023|

« Efficiency in Computation: Improved algorithms for faster and optimal path planning Yang et al.
20241

3.3 Conclusion

In conclusion, while all the studies aim to improve multimodal transport recommendation systems, they
differ significantly in their methodologies, data utilization, and specific outcomes. The common thread
across these studies is the use of advanced machine learning techniques and the integration of diverse
data sources to provide accurate, personalized, and context-aware recommendations. These similarities
and differences highlight the evolving landscape of multimodal transport recommendation systems and
the continuous efforts to enhance their performance and user satisfaction.
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Chapter 4 : Contribution

4.1 Key Concepts

In this section, we introduce the key terms and concepts essential for our study. These foundational ele-
ments provide the necessary theoretical framework to explore the core aspects addressed herein.

« Stations or stops : Stations are the constituent elements of our lines, referring to all public transport
stations within the transport network.

« Lines: Lines refer to the different routes of the transport network, regardless of the mode of transport,
composed of a set of stations arranged in a specific order.

« Trajectories or Routes : Trajectories represent the sequence of lines, each encompassing all the stops
through which one passes, thereby forming a continuous link from the starting point to the destina-
tion.

4.2 Introduction

In this chapter, we detail our contribution to the domain of multimodal transportation recommendation
systems.. Our proposed approach integrates for trajectory generation and RankedNet for trajectory
recommendation. This approach addresses the challenge of efficiently guiding users to their destinations,
taking into account factors such as travel time, cost, and user preferences regarding transportation modes.
We provide a detailed breakdown of each step in our approach, including capturing origin-destination pairs,
generating optimal paths using calculating trajectory attributes for recommendation, and utilizing
RankedNet for trajectory recommendation. Through this comprehensive approach, our goal is to enhance
the effectiveness and accuracy of trajectory recommendation systems, thereby improving the overall user
experience in navigating transportation networks.

4.3 Proposed approach

Recognizing that in certain cities, selecting the optimal mode of transportation from one location to another
is no longer straightforward due to the array of available options and numerous potential trajectories,
travelers may find themselves unsure when deciding on their itinerary. Therefore, our system offers users
the optimal trajectory utilizing public transportation, whether it involves a single mode or a combination,
tailored to their preferences regarding cost, time, and preferred mode of travel.

To offer this recommendation, our system follows essential steps outlined as follows:

« Capture the user’s starting and destination locations in the format (longitude, latitude), then add
these two points as the starting and ending nodes, respectively, to our transportation network.

+ Generate some optimal paths in terms of distance between the starting node and the destination

node using

« Once the optimal trajectories have been selected, calculate their necessary attributes for the recom-
mendation, including the percentage of each mode of transportation, the total time, and the total
cost.
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« Proceed to recommend the best trajectory using RankNet. Subsequently, present the user with the
top recommendations, indicating the recommended one and providing details of the trajectories.

These essential steps are depicted in the figure 3]

oK =

['Q
L4

Capture the Origin-

. Add the “O-D" pair to
destination pair transportation

the transportation network
network

!
S
Y

paths using Particle
Swarm Optimization

|

Calculating trajectory
Attributes for
Recommendation

=
~ O —
>
N ) > =
- o " e
User's informati
Trajectory Present the
Recommendation recomanded
Using RankNet trajectories

Figure 3: The approach essentiel steps

4.4 Breakdown of Each Step

We will now outline each step to clarify its role and significance in the process :

4.4.1 Capture the Origin-destination pair

As soon as the request begins, the user indicates on the city map their starting and destination points.
From their input, we retrieve the coordinates of these two points, namely their longitude and latitude.
Next, we establish links between each of these two points and the nearest stations to them. Our goal is to
select nearby stations in the network and ensuring that we select at least one station. To achieve this, we
will calculate the distance of all stations from our departure and destination locations, sort these distances,
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and select the first stations. We will stop when the distance becomes significantly larger than the average
distance of the stations already selected. We even create a walking link between them if they are close
enough. We then designate these two new nodes in our study as the starting and destination nodes. And
we apply a sort of gridding as shown in the figure |4 to only keep the stations that are present in the
box delimited by the higher and lower longitudes and latitudes of the origin-destination pair. This step is
essential to reduce the search space. The detailed steps are elaborated in the algorithm i} and the Figure
illustrates the establishment of these links where we observe that the algorithm will select the stations
that are close to the departure and arrival locations, regardless of the type of station.
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Figure 4: Apply grids to form a box around the origin and destination

Algorithm 1: Neighbour stations selection

Input: Origin-Destination (O-D) coordinates, Transportation network

Output: Two lists of selected stations

Start;

Calculate the distance of each station from the departure station O and the destination station D;

Sort the stations by distance from the departure station;

Initialize an empty list of selected stations (selected_stations_O);

Initialize a variable Avr as the maximum distance initially that will contain the average distance of
the added stations;

while the distance of the next station is not significantly larger than Avr do

Add the new stations to selected_stations_O;

Update the value of Avr as the new average of distances of the selected stations;

[ T I T R CR
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end

10 Sort the stations by distance from the destination station;

11 Initialize an empty list of selected stations (selected_stations_D);

12 Initialize Avr as the maximum distance initially;

13 while the distance of the next station is not significantly larger than Avr do

14 Add the new stations to selected_stations_D;
15 Update the value of Avr as the new average of distances of the selected stations;
16 end

17 Return the two lists: selected_stations_O and selected_stations_D;
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Figure 5: Link creation between the origin-destination pair and the closest stations to them

4.4.2 Generate possible trajectories using

To calculate all possible trajectories, our network is stored as a graph G=(U,V), where each station is repre-
sented by a node Ui. These nodes capture the station’s location and line ID. Connections between stations
are represented by edges Eij. These edges signify the adjacency of stations on the same line. And are char-
acterized by the cost of traveling between stations Cij, the time it takes to travel between them Tij, and the
identifier of the line that connects them. This graph structure that we illustrated in the figure[6|enables us
to explore various trajectories within the transportation network efficiently where line is represented by a
color, and we can clearly see the arc link between each successive station on the same line in the network.
Finally, the representation of the trajectories that will be generated is shown as a series of arcs between
the departure point and the arrival point. The generated trajectories will be a list of nodes that need to be
visited in that order to reach the destination Trj = [U1, U2, ..., Un].
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e

Figure 6: The transportation network representation

We then proceed to the step of generating possible trajectories. For this purpose, we have chosen to
work with which provides an optimal method for our study. Representing a city’s transportation
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network as a graph, where stations are nodes and links between stations are edges, the search for pos-
sible trajectories quickly becomes exponential. To optimize this search, we have employed the following

approach using

The principle of[PSO|: [PSO|is an optimization algorithm inspired by the social behavior of birds flocking
or fish schooling. In[PSO} a group of particles (potential solutions) moves around the search space to find
the optimal solution. Each particle adjusts its position based on its own experience and the experience
of neighboring particles. The movement of each particle is influenced by its best-known position and the
best-known positions of the swarm as shown in the figure 7| with positions being adjusted using velocity
equations. This allows the particles to converge towards the optimal solution over time. We chose to work
with[PSO|because swarm intelligence is widely used for its simplicity and effectiveness in solving complex
optimization problems.
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Figure 7: Practile Swarm Optimization principle

Update Velocity:
VIl =y vl qocp - ry - (pbest! —xi) + ¢y -y - (gbest' —xb) (1)
Where:
. vf-“: the new velocity of particle i at iteration 7 4 1.
+ w: the inertia weight.
« vi: the current velocity of particle i at iteration 7.
+ c1 and c7: the learning coefficients.

« r1 and rp: random numbers between 0 and 1.

« pbest!: the best position attained by particle i until iteration .
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« x}: the current position of particle i at iteration 7.
« gbest': the best position attained by the swarm until iteration ¢.

Update Position:
X = v (2)

Where x?“ is the new position that should take the particle i at iteration # + 1. However, instead of main-
taining these new positions, the nearest stations to these positions were selected as the new positions, since
it is not possible to position directly in space. Specifically, we do not simply choose the nearest station;
like illustrated in the figure [8| rather, we select the station closest in the direction of the velocity vector.
This ensures that the trajectory aligns with the direction indicated by the velocity vector, optimizing the
movement towards the destination.

Our adaptation of the :  To adapt the algorithm to our study, we made the following adjustments.
In our case, the optimization function represents the distance between the current point and the desti-
nation.
For initialization, the particles were positioned at stations close to the origin rather than being initial-

ized randomly in space. At each iteration, the new positions of the particles were calculated using the
velocity that also been calculated using the PSO equations.

=

The next selected station

new computed cordinates &

Previous location

Figure 8: Next station selection
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Starting from the initialization, at each iteration, we add to each trajectory the new station taken by

its particle if it does not move away from the destination. Finally, we return the 8 trajectories whose last
station is closest to the destination. And we only return thoose who are not duplicated. All the steps
involved in generating trajectories using our adaptation of PSO are detailed in algorithm

Algorithm 2: Generating initial trajectories using PSO

5
6
7
8
9

10
11
12
13
14
15
16
17
18

Input: Origin and destination identifier, List of the neighbours of the origin and the destination,
SwarmSize, MaxIterations, w, ¢y, ¢, The transportation network

Output: List of best trajectories found

Start;

Initialize a swarm of particles at the origin neighbors;

For each particle, compute its distance from the destination and set each one as the pbest of the
particles;

Sort the distances and store the smallest 8 as the most optimal ones and set the smallest one as the
gbest;

while iter ; MaxlIterations or at least 3 of the optimals are less than 1km from the destination do

for each particle in the swarm do

Update the velocity of the particle using the PSO equations;

Update the position of the particle based on the new velocity;

Update the particle’s best-known position (pbest) if the fitness improves;

Update the list of the 8 best particles if the new pbest is better than the 8th one in the list;

Update gbest if the particle’s fitness is better than the current gbest;

if the particle has reached the destination then
‘ Remove it from the swarm and do not work on it in next iterations;

end

end

end
Return the list of best trajectories found so far as the solution to the trajectories finding problem;
End

Since the result is a list of eight trajectories, each represented by a sequence of stations from the starting

point to the destination, it is not certain that there is a link between each pair of successive stations in these
trajectories. Additional treatments shown in the figure[9had to be added to these stations. These treatments
are as follows:

« First, the destination was added as the final station in the trajectories that had not reached the des-
tination yet.

« Then, combinations of pairs belonging to the same line were searched for. If they existed, then
intermediate stations were removed.

« Next, links between each pair of successive stations were searched for as follows:
- First, I checked if they belonged to the same line; if so, their link was marked as ’same line’
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- If they did not belong to the same line, then I searched if there was a station that belonged to both a
line passing through the first station and another passing through the second station. If such stations
existed, then their link was marked as ’line intersection’

- If no link from the two previous types was found, then the link between them was marked as *walk’

+ Then, the intermediate stations were added in both ’intersection of station’ and ’same line’ types.
Duplicated stations have been removed as well, and if there was any cycle in the trajectory, it was
also eliminated. This was done to finally obtain the complete trajectories and a dictionary describing
all the lines, each with its stations, to go from the origin to the destination.
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Figure 9: Post processing steps
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All these post-processing steps are summarized in algorithm [30}

Algorithm 3: Finalizing the trajectories

Input: Origin and destination identifier, List of the 8 best trajectories, The transportation network
Output: List of best trajectories found

1 Start;

2 Remove from the 8 trajectories the duplicated ones;

3 for each trajectory of the remaining ones do

4 repeat
5 for each pair of stations in the trajectory do
6 if they belong to the same line then
7 ‘ Remove all intermediate stations between them;
8 end
9 end
10 until no more modifications are made;
11 for each successive pair of nodes do
12 if they belong to the same line then
13 ‘ Mark their link as ’same line’;
14 end
15 else
16 Search for a station that belongs to both a line passing through the first station and
another passing through the second station;
17 if such stations exist then
18 ‘ Mark their link as ’line intersection’;
19 end
20 else
21 ‘ Mark the link between them as *walk’;
22 end
23 end
24 end
25 Combine the successive nodes that have the same line;
26 Add the intermediate stations between two stations connected by a ’same line’ or ’line
intersection’ link;
27 Organize the trajectory in a dictionary of lines of the trajectory, each one with the type of
transportation, the line id and the list of stations;
28 end
29 Return the final trajectories;
30 End
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4.4.3 Calculating trajectory Attributes for the recommendation phase

In this step, we essentially calculate, for each possible trajectory, the numerical value of the criteria that
matter to us during the recommendation phase.

|

A

Figure 10: Trajectories attribute computation.
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for this, we need to compute first the proportion of time that each line takes from the entire trajectory,
for that we will need the entire time of the trajectory :

Total time of the trajectory:

n
Total _time = Z Tx (3)
k=0

Where:

« T is the time spent on ligne .

« nis the total number of lignes in a trajectory.

Time spent in each type of transportation: Then we need to compute the proportion of time for
each ligne.

n
Time_in_type = Z Typey - tx (4)
k=0

Where:

« 1 is the proportion of time spent on edge k.

» Type, is a binary variable that takes 1 if we took that type of transportation mode on that ligne,
otherwise it is set to 0.
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« nis the total number of lignes in a trajectory.
Proportion of each type of transportation:

Time_in_type

Proportion_of_type = Tota fime ©)
Where:
« Time_in_type is the time spent in each type of transportation.
« Tota_time is the total time of the trajectory.
Cost of the whole trajectory: we also need the cost of the whole trajectory.
n
Cost = Z Cy (6)
k=0

Where:
+ Cy is the cost on ligne k.
» n is the total number of lignes in a trajectory.

finally we will obtain a data-frame where each line contains the above information about a generated
trajectory.

4.4.4 Trajectory Recommendation Using RankNet

The entire process of sorting trajectories is presented in the algorithm. For the recommendation, we imple-
mented a machine learning solution using a neural network called RankNet to rank our trajectories. The
model takes as input the list of trajectories generated for a specific origin-destination pair, each represented
by the attributes counted in the previous step. As a result, the model returns the same list of trajectories but
ordered according to the trained model. To evaluate the model, we divided the initial dataset into training
and testing data, with 80% allocated for training and 20% for testing.

RankNet principle : RankNet is a pairwise learning-to-rank algorithm developed by Microsoft Re-
search, primarily used in information retrieval and search engines. It uses a neural network to predict
the rank order of items by comparing pairs of items and learning their relative preferences. The network
is trained using a gradient descent method to minimize the loss function, which measures the difference
between the predicted and actual rankings. During training, RankNet adjusts the weights of the neural
network to improve the accuracy of its predictions. This method allows RankNet to effectively handle
large-scale ranking problems and produce highly relevant search results.

The process that s shown in the figure[11]begins by creating pairs for each origin-destination pair. For
each pair, multiple trajectories are generated, and among these, only one is selected. For each non-selected
trajectory, we create a pair where the selected trajectory is the first element and the non-selected trajec-
tory is the second element. These pairs are then integrated into DataLoader objects to enable efficient batch
processing.
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We developed a RankNet model comprising three fully connected layers to predict scores for input
feature vectors representing each trajectory. To evaluate the model’s performance and facilitate training,

we use a custom loss function specifically designed for RankNet.
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Figure 11: The principe of Ranknet

The entire process of sorting trajectories is presented in algorithm 29}
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Algorithm 4: Training and Evaluating a RankNet Model

Input: Initial trajectories dataset, Origin-Destination pairs, Number of epochs
Output: Trained RankNet model

1 Step 1: Split data into training and testing sets;

2 train data, test.data = split.data(initial_dataset);

3 Step 2: Create pairs of trajectories for each origin-destination pair;

4 pairs = [];

5 for each od_pairinorigin.destinationsdo

6 trajectories = retrieve_trajectories(od.-pair,the dataset);
7 selected_trajectory = select_trajectory(trajectories);
8 for each trajin trajectories do

9 if traj+# selected_trajectory then

10 \ pairs.append((selected_trajectory, traj));

11 end

12 end
13 end

Step 3: Create DataLoader for efficient batch processing;
data_loader = DatalLoader(pairs);
Step 4: Define RankNet model with three fully connected layers;
model = RankNetModel (layers=3);
Step 5: Train the model using a custom RankNet loss function;
for each epoch in range(num_epochs) do
for each batch in data_loader do
selected_traj, non_selected_traj = batch;
scorel = model(selected_traj);
score2 = model(non_selected_traj);
loss = ranknet_loss(scorel, score2);
optimize_model (loss);
end

NN N N N N N e e e e
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end
Step 6: Evaluate model performance on the test data;
evaluate_model (model, test_data);

NONON
e e 3

4.5 The main algorithm

Algorithm 5| outlines all the steps from capturing the origin and destination to displaying the recommen-
dations.
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Algorithm 5: Recommending the best trajectories

Input: Origin-Destination (O-D) coordinates
Output: Ordered list of recommended trajectories with the user’s favourite predicted one
1 Start;
2 Add the O and D to our network as the departure and destination nodes;
3 Add links between them and the nearest stations using the Neighbour Station Selection
Algorithm;
4 Select the 8 optimal trajectories using the Practice Swarm Optimization Algorithm;
5 Update and finalize the trajectories and return the dictionary of lines of each one using the
finalizing trajectories algorithm;
6 Use the returned dictionary to make a dataframe of attributes with a trajectory in each line;
7 Use the RankNet model to recommend one of the generated trajectories represented in the
generated dataframe to the user and display the other options;
8 Take the final choice of the user and update their profile for further recommendations;
9 End

4.6 Conclusion

In summary, in this chapter we introduced a novel approach that integrates and RankNet for trajec-
tory recommendation in multimodal transportation systems. By considering factors such as travel time,
cost, and user preferences, our approach aims to enhance the effectiveness and accuracy of trajectory
recommendation systems, ultimately improving the overall user experience in navigating transportation
networks.
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Chapter 5 : Realization and evaluation

5.1 Introduction

In this chapter, we explore the practical implementation and evaluation of our system. We begin by detail-
ing the datasets utilized in both the trajectory generation and recommendation phases. Next, we discuss
the development environment employed for system realization, including the use of Streamlit for system
presentation. Finally, we present the results of the evaluation conducted for both phases.

5.2 Dataset description

5.2.1 Transportation network dataset

For our transportation network dataset, we utilized data sourced from the “Open Data portal of Ile-de-
France Mobilités” which endeavors to offer comprehensive open data concerning mobility in the Ile-de-
France area. Specifically, we selected a dataset comprising 72 804 rows, detailing all lines within the Ile-
de-France network and the corresponding stops served by each line. Initially, this dataset contained the
following attributes:

« route id: the identifier of the ligne;

« route long name: the name of the ligne;

« stop id: the identifier of a station;

« stop name: the name of the station;

+ stop lon: the longitude of the station;

« stop at: the latitude of the station;

« OperatorName: the name of the operator;

« Nom commune: the name of the municipality;
« Code insee: the municipality code;

« Pointgeo: the geographic point of the station.

The figure [12]illustrate the initial state of the dataset.
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route_id route_long_name stop_id stop_name stop_lon stop_lat OperatorName Pointgeo Nom_commune Code_insee

y Lycée Keolis Quest 48 730013592071785,
0 IDFM:C00001 482 IDFIM:2679 Marianne 2-427407 48730014 Valde Mame 2 4974068162278435  Villeneuve-le-Roi 94077
y Keolis Quest  48.729510906921725,
1 IDFM:C00001 482 IDFM:2709 EDF 2438983 48729511 Val-de-Mame 2 4380825601620467 Villeneuve-le-Roi 94077
Keolis Ouest 48.73291790476698,
2 IDFM:C00001 482 |IDFM:461987 Ecoles 2440496 48732918 Valde Mame 5 440495016072888  Vileneuve-le-Roi 94077
. A Keolis Quest 48.736430826111166,
3 IDFM:C00001 482 IDFM:463501 Marché 2420823 48.736440 Val-de-Mame 2 420822090662051 Villeneuve-le-Roi 94077
Place Amédée Keolis Quest 48 734232149423555,
4 IDFM:C00001 482  IDFM:21680 Soupault 2418142 48734232 Valde Mame 2 41814160098207as  Villeneuve-le-Roi 94077
Changis - 48.9581236089930086, Changis-sur-
72799 IDFM:C01841 P IDFM472235 Saintean 5024128 48958124 SNCF 3 024129201681539 Marne 77084
5 48.78862538612734,
72800 IDFM:CO1841 P IDFM:472311 Mortcerf  2.908207 48.788625 SNCF 2 008206738274958 Mortcerf 77318
Sainte-
Colombe 48 52933156603378
72801 IDFM:CO1841 P IDFM:483833 Septveilles /  3.254041 48529332 SNCF . > Sainte-Colombe 77404
Place du 3.2540414434793448
Général ...
N 48 56128481096427,
72802 IDFM:C01841 P IDFM:470684 Nangis 3.012481 48561285 SNCF 3.012481441812586 Nangis 77327
72803 IDFM:CO1841 P IDFM:6756 Garglde 2825089 48.644848 SNCF g 70888131015, Verneuil-'"Etang 77493

Verneuil 'Etang 2.8250892153714657

72804 rows x 10 columns

Figure 12: Initial state of the dataset

The city choice : Initially, the dataset included stations and transport lines from several cities in France.
However, for our study, we want to focus on only one city, as it is sufficient for our research. Moreover,
the city itself has more than 6,000 stations, making it preferable to limit the number of stations from other
cities to reduce complexity. Since it is preferable to choose a city with a large number of stations, given
that we want to generate multiple trajectory options, We displayed the number of stations available for
each line in the figure [13|and mapped the stations on a map of France to observe their distribution. The
results are ilustrated in the figure
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Figure 14: Location of stations on the map of France

By observing the results, we can clearly see that most of the stations are located in the city of Paris.
That is why we decided to continue with this city and keep only its lines and stations, reducing the dataset
from 72 804 stations to 6019.

44



Data cleaning Once the city was identified, we moved on to the data-cleaning phase by removing the
unnecessary data and adding the missing information.

Adding missing data

1. In the context of our study, we need the mode of transportation of each line, which is not present
in the current dataset. To address this, for each line, we will retrieve the name of one of its stations
and manually verify the type of public transportation for the station. Then, we assign this type of
transportation to the whole line. At the end, we obtained the dataset of the lines highlighted in figure

11D

route_id route_long_name stop_name Transport_Type

179 IDFM:C01371 1 Porte de Vincennes metro
191 IDFM:CQ1372 2 Colonel Fabien metro
199 IDFM:C01373 3 Quatre Septembre metro
210 IDFM:CO1374 4 Gare de I'Est Bus
219 IDFM:C01375 5 Ourcg metro
58054 IDFM:C01261 ORLYBUS Denfert-Rochereau - Métro-RER RER
58070 IDFM:CO1264 289 Porte de Saint-Cloud - Métro metro
59873 IDFM:C01731 R Gare de Lyon metro
59929 IDFM:C01745 TER Bourgogne - Franche-Comté Paris-Bercy Bourgogne - Pays d'Auvergne train
63556 IDFM:C01846 J Pont Cardinet metro

249 rows x 4 columns

Figure 15: Assigning a transportation type to each line in the dataset.

For the lines that still have no assigned transport type, which are only 5, we assigned them the second
most common transport type, which is the Bus, according to the distribution of lines in the figure[16]
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Figure 16: Number of lines by mode of transport

. Another missing piece of data is the order of stations in each line. Considering the large number

of stations and lines we have, it would be very inconvenient to assign their order in the line one by
one. Therefore, we decided to proceed by distance. We will designate the first station as the head of
the line, and then successively assign the closest station to the head the second position, continuing
this process for each subsequent station.

. Finally, we also needed to add a dataFrame containing information about each transport type because

it’s important for the upcoming phase of trajectory evaluation and recommendation. That’s why we
collected information about them and created the dataFrame illustrated in the figure
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Type Time per 1 kilometer (min) Ticket price (€)

0 metro 25 215

—

Bus 5.5 215
tram 3.7 215
train 1.0 5.00
RER 0.6 5.00

o B L M

walk 10.0 0.00

Figure 17: Transportation information dataset

Deleting unnecessary data

1. After adding the missing data, we started deleting the unnecessary data, and we started by removing
the columns that we don’t need, including:
+ The Nom commune column, which is not useful since we only kept the Paris municipality.
« The operatorname, which will not serve our study.
« The route name, which is nothing but a duplication since we kept it in the lines table.
« The INSEE code, which is the municipality code.
« The geographical point, which is just a concatenation of the columns stop lon and stop lat.

2. Then after an observation of the number of station in each line, We saw that there are stations with
more than 80 stations, which is too high. This suggests a possibility of having duplicate stations.
Additionally, there are stations with fewer than 5 stations, which is too few.That is why we decided
to delete all lines with less than 10 stations with all their stations. And we did not have any duplicated
stations in the same line, but we had one duplicated line so we deleted it too.

3. In our study, we considered each road as bidirectional to avoid representing the same trajectory
twice and then represent its directions. For this, we will remove the rows and all their stations if
these rows have the same names but different IDs, meaning the trajectory is defined more than once.

Since we want to consider our transport network as a graph and we already have the nodes (the dataset
of stations), all we need are the links between these nodes, which are the edges. That’s why we added an
Edges dataset in which we created an edge between each pair of successive stations on the same line.

We finally download all the created and updated datasets to use them in the next steps.
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5.2.2 The trajectory recommendation used dataset

For trajectory recommendation, since our model is content-based, focusing on the analysis of item at-
tributes, it is necessary to have trajectories previously chosen by the user from a group of trajectories to

utilize it.

Therefore, we generated trajectories for 100 origin-destination pairs using our trajectory generation
algorithm. The algorithm returned between 1 and 8 trajectories for each pair.

Subsequently, we manually selected one trajectory as the user’s choice using a form for each pair as
highlited in the figure

Pair 67

Pair 68:

Pair 69:

- "walk for 13 minutes'}
:"walk for 2 minutes, then take the metro for 9 stations, then take the metro for 23 stations, then take the metro for 8 stations, then walk for 2 minute:
. "walk for 3 minutes, then take the metro for 2 stations, then take the metro for 5 stations, then walk for 2 minutes, then take the tram for 4 stations, t
' walk for 3 minutes, then take the metro for 3 stations, then take the metro for 3 stations, then take the metro for 8 stations, then walk for 3 minutes' «
>

- "walk for 2 minutes, then take the metro for 12 stations, then take the Bus for 2 stations, then walk for 10 minutes'}
- "walk for 2 minutes, then take the metro for 7 stations, then take the metro for 5 stations, then walk for 11 minutes'}
- "walk for 1 minutes, then take the metro for 2 stations, then walk for 13 minutes'}

- "walk for 15 minutes'}

- "walk for 2 minutes, then take the Bus for 6 stations, then take the metro for 2 stations, then walk for 3 minutes'}

- "walk for 19 minutes'}

- "walk for 2 minutes, then take the metro for 2 stations, then take the tram for 9 stations, then take the metro for 2 stations, then walk for 7 minutes'}
- "walk for 1 minutes, then take the metro for 2 stations, then take the Bus for 11 stations, then take the metro for 5 stations, then walk for 5 minutes'}

Figure 18: Form for trajectory selection

As a result, we have a dataset of 514 trajectories presented in the figure [19] with 100 chosen (one for
each pair) and the rest not chosen. ne
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Duration

Cost

Proportion

Proportion

Proportion

Proportion

Proportion

Proportion

Index

Origin Destination (Hour) Distance (€) walk Bus metro tram train RER  details chosed

0 Hg:ggég% ”31333??% 0852467 8999855 430 0071636 0928364 0000000  0.000000 0000000 00 00 Tue

1 Hg:ggég% ”g:gggg‘;ij 0531438 3183528 000 1000000 0000000 0000000  0.000000  0.000000 0.0 00  False

2 Hg:ggéggi ”g:ggggﬁj 1852912 22788332 1075 0196468 0362958 0002038 0438537  0.000000 00 00 False
a8 ggégg] 13 233@?31 1260198 12982958 1290 0366677 0542170 0091153  0.000000  0.000000 0.0 00 False

4 Hg:gggggj Hg:ggggﬁj 2407995 28023515 1075 ~ 0020770 0979230 0000000  0.000000 0000000 00 00 False
509 [4313333331' Hg:ggggg’% 1800055 28326307 7.5 0142088 0747146  0.000000  0.000000  0.110787 00 980 False
510 [“g_ggﬁfg% [4B2§gggggj 1321627 7929762 000 1000000  0.000000  0.000000  0.000000  0.000000 00 990 False
511 Hg%ﬁggj [48'23;;32% 2996158 35808063 10.75 0432501  0.188966  0.148578  0.220954  0.000000 00 990 False
512 “g:%ﬁfg% ”%‘?gggggj 2329327 29327942 860 0005197 0864385 0130408  0.000000 0000000 00 990  True
513 Hg-%ﬁggj ”%ﬁggggj 2224627 20.340995 645 0359646 0640354 0000000  0.000000  0.000000 00 990 False

514 rows x 13 columns

Figure 19: The recommendation dataset

Each entry contains the attributes returned by our trajectory generation algorithm, which are as fol-
lows:

« Origin : Origin coordinates

« Destination : Destination coordinates

« Duration (Hour) : Travel duration

« Cost : Total cost

« Distance : Distance of the journey

« Proportion "mode” : Proportion of each mode of transport from 0 to 1

+ choosed : Boolean variable indicating whether the trajectory was taken or not.

5.3 Development Environment

5.3.1 Hardware Environment

The model was executed on the following hardware:

» Computer: DELL

« Processor: Intel(R) Core(TM) i7-8565U CPU @ 1.80GHz, 1992 MHz
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« Installed Memory (RAM): 8.00 GB
+ System Type: 64-bit Operating System, x64-based processor

+ Operating System: Windows 11 Professional

5.3.2 Software Environment

Anaconda Anaconda is a distribution of Python and R designed for scientific computing, data science,
and machine learning. It simplifies package management and deployment across Windows, Linux, and
macOS. Anaconda includes over 250 pre-installed packages and supports installing more than 7,500 addi-
tional packages via PyPI or conda. Anaconda Navigator, its GUI, provides a user-friendly way to manage
packages, environments, and applications without using the command line.

) ANACONDA. o [ -]
[ Y— . B . . ) .
o & s e = 0

v e

O & e o e
Figure 20: Anaconda interface

Jupyter notebook The Jupyter Notebook stands as an open-source web application designed for creating
and sharing documents comprising live code, equations, visualizations, and textual content. Originating
as a spin-off project from IPython, which previously hosted its IPython Notebook project, Jupyter derives
its name from the core supported programming languages: Julia, Python, and R.

Initially shipping with the IPython kernel for Python programming, Jupyter has since expanded its
compatibility to include over 100 other kernels, allowing users to work with various languages beyond
Python. This versatility empowers users to harness a wide array of programming languages within the
same notebook environment, enhancing flexibility and facilitating interdisciplinary collaboration.
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Figure 21: Jupyter notebook

Python Python is a high-level, dynamically-typed programming language known for its readability and
versatility in Rapid Application Development (RAD). It supports modularity, code reuse, and integrates
well with existing components. Python’s interpreter and extensive standard library are freely available
across major platforms, driving its widespread adoption and community support.

python’

Figure 22: Python

Python librairies

« pandas : pandas employs fast, flexible, and expressive data structures tailored to simplify working
with relational or labeled data. It emerged as one of the most utilized libraries in this project.

« numpy : Renowned for its simplicity yet unparalleled usefulness in data manipulation within this
project.

« math : This library proved indispensable by providing access to a plethora of mathematical functions.
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« GeoPy : a Python library, streamlines geographical calculations, which were pivotal within the con-
text of our project.

« geopandas : An open-source endeavor aimed at facilitating geospatial data manipulation in Python.

« matplotlib : Matplotlib serves as a comprehensive tool for generating static, animated, and interactive
visualizations in Python, significantly aiding various decision-making processes with its visualiza-
tion capabilities.

« seaborn: AsaPython library for crafting statistical graphics, seaborn complements matplotlib seam-
lessly and integrates closely with pandas data structures.

« sklearn.model selection : Scikit-learn, a Python library, offers a wide array of unsupervised and
supervised learning algorithms. Its role was paramount, particularly in the data splitting phase.

« torch: A suite of APIs extending PyTorch’s core library of operators. Its significance was highlighted,
especially in conjunction with Ranknet.

Streamlit: an open-source Python library that facilitates the creation and sharing of custom web
applications for machine learning and data science.

O PyTorch

.lewm

)l panda atplothqp seaborr

Figure 23: Pythons librairies

5.4 Presentation of the Recommendation System

To present our trajectory recommendation system, we utilized the Streamlit library in Python. Our inter-
face primarily features a map of the city of Paris that shows in the figure[24] which is directly displayed to
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the user, prompting them to select their starting point and then their destination on the map

Route Recommendation System

Please click on your starting point and then your destination point on the map. Then click the 'Generate
Routes' button.
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Figure 24: Interface for Selecting Starting and Destination Points on the Map

After the user selects the coordinates, the system retrieves these coordinates and displays them back
to the user as illustrated in the figure
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Starting Point: {'lat': 48.85127481320342, 'Ing": 2.3443794250488286}

Destination Point: {'lat': 48.84573966784039, 'Ing': 2.3112487792968754}

Figure 25: Retrieving Origin and Destination Coordinates

After the coordinates are selected and displayed, the user simply needs to press the button to generate
trajectories.

The system will then produce a list of generated trajectories, ordered according to the recommendation

model. The trajectories will be displayed with a gradient of green shades as it is highlighted in the figure
where lighter shades of green indicate a higher recommendation level.
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Route Recommendation System

The trajectory will take 18 minutes and will cost 2.15€
Walk : to IDFM:23662 for 1 minutes.
Take the metro line 56 : for 3 stations from IDFM:23662 to IDFM:23658 for 1 minutesand 2.15 €.

Walk : to destination for 16 minutes.
Sélectionner 0

The trajectory will take 16 minutes and will cost 2.15€
Walk : to IDFM:23662 for 1 minutes.
Take the metro line 56 : for 5 stations from IDFM:23662 to IDFM:23655 for 1 minutesand 2.15 €.

Walk : to destination for 14 minutes.
Sélectionner 1

The trajectory will take 15 minutes and will cost 2.15€
Walk : to IDFM:23662 for 1 minutes.
Take the metro line 56 : for & stations from IDFM:23662 to IDFM:23653 for 1 minutesand 2.15 €.

Walk : to destination for 13 minutes.
Sélectionner 1

The trajectory will take 15 minutes and will cost 2.15€
Walk : to IDFM:23662 for 1 minutes.
Take the metro line 56 : for & stations from IDFM:23662 to IDFM:23653 for 1 minutesand 2.15 €.

Walk : to destination for 12 minutes.
Sélectionner 2

The trajectory will take 8 minutes and will cost 2.15€
Walk : to IDFM:23662 for 1 minutes.
Take the metro line 56 : for 15 stations from IDFM:23662 to IDFM:36665 for 5 minutesand 2.15 €.

Walk : to destination for 2 minutes.
Sélectionner 3

The trajectory will take 7 minutes and will cost 2.15€
Walk : to IDFM:23662 for 1 minutes.
Take the metro line 56 : for 14 stations from IDFM:23662 to IDFM:426942 for 4 minutesand 2.15 €.
Walk : to destination for 1 minutes.
Sélectionner 4
The trajectory will take 7 minutes and will cost 2.15€
Walk : to IDFM:23662 for 1 minutes.
Take the metro line 56 : for 13 stations from IDFM:23662 to IDFM:426940 for 4 minutesand 2.15 €.
Walk : to destination for 2 minutes.
Sélectionner 5
The trajectory will take 22 minutes and will cost 4.3€
Walk : to IDFM:21910 for 1 minutes. 55
Take themetro line 9: for 2 stations from IDFM:21910 to République for 2 minutesand 2.15 €.
Take the metro line 56 : for 5 stations from République to IDFM:23655 for 5 minutes and 2.15 €.

Walk : to destination for 14 minutes.

Sélectionner 6

Go Back

Figure 26: The display of trajectories generated in order



After generating and displaying the trajectories, the user will need to press the ’Select i’ button next
to the selected trajectory i so that this trajectory is added to his selected trajectories history and to obtain
the details of this trajectory printed on a map as the figure 27| shows.

Details for Trajectory 1
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Figure 27: Displaying the details of the trajectory.

To identify the type of transportation for each trajectory, each distinct type is assigned a display color,
and clarification of the colors for each type is provided as shown in the figure 28] to the user alongside the
display of their trajectories .
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Transport Mode Colors
*  Walk: blue

e Bus: green

e Metro: red

e Tram:

e Train: purple

* Rer:

Back to Main Page

Go Back

Figure 28: keys for each type of transportation

5.5 Evaluation

In this section, we will present the results of our approach evaluation. Our system consists of two main
components: trajectory generation and recommendation of the best trajectory according to user prefer-
ences. We evaluated our approach in two ways: first, in terms of the relevance of the generated trajectories,
and second, in terms of the recommendations.

5.5.1 Evaluation of Trajectory Generation

To assess the quality of the generated trajectories, we relied on metrics that we consider essential, which
are as follows:

« For the first two metrics, we used a dataset consisting of trajectories generated for 100 origin-
destination pairs. For these metrics, we evaluated the dataset’s coverage of all transportation modes
by displaying the frequency of each transportation mode and then showing the frequency of the
combinations provided by the system, the results are presented in figures[29and [30]
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Figure 29: Frequency of combinations of modes of transport

Freguency of modes of transport in trajectories
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Figure 30: Frequency of modes of transport in trajectories

Upon reviewing the results, we can see that the system covers all modes of transport except for the
RER, which is likely due to the small number of lines in the dataset (less than 5 lines). The most
common modes of transport are the metro followed by the bus, reflecting the recent trend in Paris
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where the metro is the most frequently used mode of transport. Regarding transport combinations,
the most frequent combination observed is Bus-Metro, with a total of 9 combinations involving more
than one mode of transport, which is quite significant.

« We then recorded the execution time for generating trajectories for 20 origin-destination pairs from
the request launch to obtaining the results. the results are illustrated in the figure[31]
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Figure 31: Execution Time for 20 Origin-Destination Pairs

The execution time ranged from 1 minute to 13 minutes. Thus, the generation speed depends on the
selected pair.Overall, the algorithm takes time for generation.

« We then displayed the average distance of the generated trajectories for each pair, as well as the min-
imum distance among these trajectories, based on the straight-line distance between the destination
and the origin points, figure 32and [33] displays the outcomes.
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Mean distance (km) vs Real distance (km)
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Figure 32: Average Trajectory Distances Compared to Direct Point-to-Point Distance

Min distance (km) vs Real distance (km)
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Figure 33: Minimum Trajectory Distances Compared to Direct Point-to-Point Distance
« Finally, we compared the trajectories generated by our algorithm for these 20 pairs with those gener-
ated by Google Maps, aiming to evaluate both time and cost of the journeys. We obtained the results

from Google Maps by manually searching for the trajectories for each of the 20 origin-destination
pairs and recording the minimum travel time and cost.
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It’s important to note that the comparison is not entirely accurate in terms of time, as our system
does not account for waiting times and transport schedules. Similarly, in terms of cost, our system
does not consider subscriptions and various discount offers integrated by Google Maps. Additionally,
it should be noted that the execution resources are not identical, as our tests were conducted on our
own machine infrastructure. Results are depicted in Figures[34]and [35]
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Figure 34: Comparison of the minimum time between Google maps and Our approach

Comparison of minimum cost between Google maps and Our approach
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Figure 35: Comparison of minimum cost between Google maps and Our approach
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5.5.2 Evaluation of the recommendation

For our ranking recommendation, we used the following metrics. The results are presented in the table

1. Weighted Precision : Measures the proportion of true positives among the items predicted as posi-
tives, considering class weights. Useful for imbalanced classes.

Formula:
Z{»‘:l Precision; - n;

k
Zizl n;

2. Recall : Measures the proportion of true positives among all actual positives. Indicates the model’s
ability to detect true positives.

Weighted Precision =

Formula:
TP

Recall = ————
TP +FN

3. Weighted F1 Score : The harmonic mean of weighted precision and recall, considering class weights.
Balances precision and recall for imbalanced data.

2 - Weighted Precision - Weighted Recall

Weighted F1 S =
elg e core WEIghtEd Precision —+ Welghted Recau

4. Mean Reciprocal Rank (MRR) : Measures search/recommendation effectiveness, averaged over the
reciprocal ranks of the first relevant results. Useful for ranking tasks.

Formula:

MRR= —Y) —
|0| & rank;

5. AUC-ROC (Area Under the Receiver Operating Characteristic Curve) : Evaluates binary classification
performance by measuring the area under the ROC curve, plotting true positive rate against false
positive rate.

Formula: AUC is typically calculated using numerical integration methods.

Metric Value
Weighted Precision 1.0000
Recall 0.8646
Weighted F1 Score 0.9267
Mean Reciprocal Rank (MRR)  1.0000
AUC-ROC 0.8457

Table 2: Performance metrics for the ranking recommendation.

As we observed, the model returned very good results. Despite the possibility that these outcomes are
partly due to the small size of the dataset, we decided to continue using the model.
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Comparing our recommendation results with those of other systems would not be fair, as unlike other
systems trained on datasets from real cities with vast amounts of data, our system was trained on a small
dataset of 514 manually constructed entries.

5.6 Conclusion

In summary, this chapter has provided an in-depth look at the implementation and evaluation of our sys-
tem. By detailing the datasets used in trajectory generation and recommendation phases, discussing the
development environment, and presenting the evaluation results, we have demonstrated that our system
produces achievable and favorable outcomes. These results underscore the utility and efficiency of our
approach, setting the stage for further enhancements and applications in real-world settings.
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Chapter 6 : Conclusion

Multimodal transport recommendation involves suggesting a trajectory for users from a starting point to
a destination, comprising one or a combination of available transport modes, while respecting user prefer-
ences. We began by providing context, discussing the background of recommendation systems, their prin-
ciples, the methods used, and evaluation metrics. We then moved on to smart cities, as their development
has significantly enabled the emergence of such systems. Next, we explored the concept of multimodal
transport systems and the transformation from conventional to multimodal transport.

We reviewed recent work in the field of recommendation systems to understand the latest trends and
innovations, noting the variety of different approaches. We then proposed our approach, which consists
of two main steps. First, we described our network as a graph where each station represents a node.
We then sought an optimal method to generate trajectories, choosing Particle Swarm Optimization (PSO).
Once the trajectories were generated, we applied post-processing to ensure they were feasible. Finally,
we recommended these trajectories to users based on their previously selected trajectories by training a
ranking model.

We implemented and tested our model using real-world data from the Paris transport network, which
required some preprocessing to be usable. We generated trajectories for origin-destination pairs, manually
selected choices among the proposals, and evaluated our recommendation model on this dataset. The
model’s results were generally good, producing feasible trajectories with reasonable prices and travel times.
However, execution times varied, sometimes taking longer for certain trajectories and less for others, we
also compared our returned trajectories with those from Google Maps in terms of cost and time. Although
our recommendation evaluation was based on a small dataset, the results were very promising, with almost
perfect accuracy.

To further improve our model, we propose exploring optimization methods to reduce trajectory search
times and incorporating transport schedules for better adaptability. Additionally, integrating transport
subscription options would provide more realistic and contextually relevant recommendations within the
transport network.
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