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Summary

This thesis addresses the challenge of optimising student travel within a university based
on a predetermined timetable. Optimising travel would reduce reliance on cars and buses,
leading to less traffic and a more pleasant daily schedule for students. The objective is to
minimise the total distance students must travel between consecutive classes, a problem
especially pertinent for geographically dispersed campuses like the University of Liege.
However, this problem is inherently intractable.

To address this, this research employs an approach to mitigate inter-district movement,
penalising longer commutes that are most impactful. An optimised course-to-room assign-
ment model is developed to allocate courses to available rooms, minimising inter-district
student travel.

An attempt to identify whether the problem could still be solved optimally by splitting
it into sub-blocks of weeks was tested, hoping it could perform quickly. Unfortunately,
that was not the case, but the complete model performs in a reasonable time, so this is
not a problem.



Résumeé

Cette these aborde le défi d'optimiser les déplacements des étudiants au sein d'une uni-
versité en fonction d'un emploi du temps prédéterminé. Optimiser les déplacements ré-
duirait la dépendance aux voitures et au bus, ce qui entrainerait moins de trafic et le
plaisir des horaires quotidiens des étudiants. L'objectif est de minimiser la distance totale
que les étudiants doivent parcourir entre les classes consécutives, un probléme particuliére-
ment pertinent pour des campus géographiquement dispersés comme I'Université de Liége.
Cependant, ce probléme est insoluble par nature.

Pour remédier a cela, cette recherche utilise une approche pour atténuer les mouve-
ments entre districts, pénalisant ainsi les trajets plus longs qui sont les plus impactants.
Ainsi, un modele optimisé d'attribution de cours aux salles est développé pour attribuer
les cours aux salles disponibles, minimisant ainsi les déplacements entre districts des étu-
diants.

Une tentative d'identifier si le probléme pouvait encore étre résolu de maniére optimale
en le divisant en sous-blocs de semaines a été testée, dans I'espoir qu'il puisse fonctionner
rapidement. Malheureusement, ce n'était pas le cas, mais le modeéle complet fonctionne
dans un délai raisonnable, donc ce n'est pas un probleme.
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Chapter 1

Introduction

1.1 Context

Imagine rushing to the bus stop as soon as your course ends, quickly trying to make it to
your next class in Sart-Tilman after a lecture in the city centre of Liege. This is the daily
reality for many students at the University of Liége, where courses are often scheduled
across its widely spread locations.

Recent mobility surveys at the University of Liege highlight how big the travel issue is.
In 2024, 48% of students indicated changing sites during the same day [4]. This number
has grown from 41% in 2013 [5] and 45% in 2021. This means nearly half of the students
must leave one site to attend classes at another, often with limited time in between. This
limited time becomes a stressful race against the clock, often resulting in students arriving
late or wasting precious minutes.

These trips are not limited to the movement between the city centre and Sart-Tilman.
The 2024 survey data shows that 10% of students report internal movement within the city
centre district, while 12% move between buildings in Sart-Tilman. However, the longest
distance involves 26% of students who commute between the city centre and Sart-Tilman
during the day. It is estimated that student movement between the Sart-Tilman district
and the city centre generates 5,851 movements each day. This inter-district travelling
is not evenly distributed among students. According to the 2024 mobility data, some
faculties contribute disproportionately to these movements. Students in the Faculty of
Psychology, Logopedics and Educational Sciences are the most affected. Half of them
are travelling between districts, generating an estimated 1,361 daily movements. Similarly,
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INTRODUCTION

43% of students in the Faculty of Law, Political Science and Criminology are impacted by
this travel, resulting in 1,029 movements. The Faculty of Medicine also shows significant
inter-campus travel, with 22% of students involved in approximately 1,166 movements
each day. In addition, it is noted that these statistics probably underestimate the amount
of travel as these transfers do not necessarily occur only once a day. Many students
reported needing to travel multiple times between districts during the same day due to
how courses are scheduled [4].

Furthermore, the buses that connect the districts are frequently overcrowded. This
forces students to wait for the next bus, which is equally full, or rely on their cars instead.
This dependence on cars worsens traffic congestion on the main roads around the university,
especially during peak hours. This also has a big environmental impact. More vehicles on
the road contribute to more pollution and an increase in carbon footprint.

Moreover, this pressure on public transport is growing. Bus lines connecting the city
centre and Sart-Tilman are often full during peak times. According to the 2013-2014
mobility report, just over 10% of students complained about bus saturation. By 2024,
this increased to 70%. This is correlated to an increase in bus usage within the ULiége
community. It went from approximately 40% of 21,013 students in 2013 to 44% of 24,048
students in 2024, representing about 2,000 additional students depending on buses for their
daily commute [4-6].

It is important to note that the public transportation network in Liége has recently
undergone a significant transformation with the introduction of the tram and, in a few
months, with the electric busway lines [7]. These developments should contribute to
reducing bus overcrowding issues and improving the overall environmental impact of com-
muting. However, even with these improvements, public transport, which is generally
more sustainable, still contributes unnecessarily to emissions when students must travel
due to inefficient scheduling. Reducing these avoidable trips by better organising class
locations could decrease the university's environmental impact. This effort contributes to
the eleventh goal of the United Nations Sustainable Development Goals, which encour-
ages more sustainable cities and efficient transport systems [8]. This is done by reducing
unnecessary travel and by improving how the university is organised across its different
locations, as discussed in the next paragraph.

In addition to optimising room assignment, there are plans to address the root of the
problem by relocating some faculties. Specifically, the University of Liége is considering
moving the Faculty of Law and the Faculty of Humanities back to the city centre [9,10].
Different locations, such as the convention centre of Liége, the former Chiroux site and
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INTRODUCTION

the Opera, were evaluated. If this were to arrive, it could further reduce the need for
students to move between the city centre and the Sart-Tilman campus. This suggests
that this problem is more global than room assignments.

The University of Liege's current room assignment process does not consider the impact
on student travel. When making room reservations, facility managers focus on respecting
the room capacity and requirements provided by teachers. This approach often misses the
Impact on student movement between classes. Furthermore, room assignments frequently
remain unchanged year to year if the course schedule is similar, potentially perpetuating
existing inefficiencies in student travel.

The enormous number of possible room allocations makes finding an optimal solu-
tion impossible to do manually. Even for computers, exhaustively exploring every single
combination would be incredibly challenging. This is precisely where Mixed-Integer Linear
Program (MILP) comes in handy. MILP provides a more efficient approach than simply
trying every allocation. By using powerful techniques like tree pruning, MILP can intel-
ligently search the large solution space, making it a far more practical tool for complex
problems.

1.2 The Course-to-Room Assignment Problem

Given a predetermined timetable, the course-to-room assignment problem addresses the
challenge of optimally assigning courses to available rooms. Its objective is to minimise
the total distance students must travel between classes. This is pertinent in scenarios
where a university campus is geographically spread out, like at the University of Liége.
Louveaux introduces this problem, which was presented at the ORBEL conference [11].
This optimisation problem could also be transposed to other problems, like the assignment
of goods inside a warehouse. In that case, goods will have to go to storage locations in a
way that would reduce the travel of workers picking the goods.

The basic principle of the problem is to improve student flow by ensuring that courses
taken consecutively by the same group of students are assigned to rooms that are as close
as possible. This must respect a fundamental hard constraint, which is that each course
must be assigned to a room with sufficient capacity.

This problem can be formulated as a MILP where an objective function must be min-
imised while respecting constraints.

15



INTRODUCTION

The mathematical formulation for the travelling student problem is the following:

Indices
’ Index \ Set \ Description
r R=1{1,2,...,Ng} | set of rooms
c C=1{1,2,...,Nc} | set of courses
Table 1.1: Indices and the sets they belong to
Data
’ Data ‘ Domain Description
dist[r1, n] € R Vr, rn € R? distance between rooms r; and
nb_ Stla, ] € Z Vey, 6 € C? number of students sharing courses ¢; and ¢
small[c] C R VeeC rooms which are too small for courses ¢
Table 1.2: Data and its description
Variables
_ 1 if course c is allocated to room r
assigned. , = _ Vce(CreR
0 otherwise

Objective: minimise the sum of distances between rooms for all pairs of courses following
each other that share students, weighted by the number of students shared

min Z dist[r1, 2] - nb_ St[c1, ] - assigned,, ,,assigned,, ,,

rn.,r2,c1,c

Constraints
e Each course must be assigned to exactly one room

Z assigned, , =1 Vce C

e A course can not be assigned to a room too small

assigned. , =0 Vc € C, r € small[c]
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INTRODUCTION

This formulation highlights that the problem can be formulated as a Quadratic Assign-
ment Problem (QAP). It can be expressed as a graph G = (V, E) with distances between
two nodes. The problem involves assigning a set of "facilities" to a set of "nodes". Here,
the courses serve as facilities to be assigned to the rooms, which are the nodes. The ob-
Jective of a QAP is to minimise the sum of the flow between two facilities multiplied by the
distance between their assigned locations. In our case, the flow between two courses ¢; and
G, is represented by the number of students sharing them (nb_ St[c;, ¢;]), and the distance
is the distance between the rooms r; and r, where they are taught (dist[ry, 12]).

QAP is a well-known NP-hard combinatorial optimisation problem, meaning that there
is no known algorithm that can solve it in polynomial time [12]. One common approach
to solve quadratic programs is to linearise them by introducing auxiliary binary variables.
For this problem, a new binary variable y. ¢, = assigned,, , assigned,,,, could be defined.
However, this approach leads to an explosion in the number of variables. For example, with
300 rooms and 400 courses to schedule daily, introducing yc, c,r,, would result in more than
a billion new binary variables, making a pure linearization computationally impossible. In
fact, QAP problems with more than 30 facilities are hardly ever solved in a reasonable time
with current techniques [13]. Due to the hardness of the problem, a simplified formulation
must be investigated.

1.3 Objective

The objective of this thesis is to develop and investigate optimisation models aimed at
reducing student travel between districts. This thesis assumes a predetermined and fixed
course timetable. Although timetable adjustments could contribute to reducing travel,
this thesis does not investigate them.

This research focuses on minimising student movement by developing an optimised
course-to-room assignment model to assign courses to available rooms. This approach
ensures that students’ overall travel distances between their various classes are min-
Imised.

By focusing on room allocation, the number of students travelling by bus during the
day will reduce, thereby reducing overcrowding. It could also decrease the number of car
trips around campus, leading to less traffic and a more manageable daily schedule for
students.

17



INTRODUCTION

1.4 Outline of the thesis

The work is structured into chapters, each addressing a specific aspect of the research.

e Chapter 2: State of the art

This chapter presents the current state of research covering how related problems
were addressed in the literature.

e Chapter 3: Models

It begins by defining key terms relevant to the dataset. Then, the chapter presents
the mathematical formulations of the models and the algorithm for the room assign-
ment.

e Chapter 4: Dataset description and processing

The real-world dataset is described and the data formatting process is explained.

e Chapter 5: Weight tuning

A methodology to tune the objective function weights is proposed.

e Chapter 6: Results and discussions

The main results are presented through a comparison of the algorithms used.

e Chapter 7 Conclusions and perspectives

It summarises the main findings and contributions of this work and discusses future
work.

18



Chapter 2

State of the art

The problem of reducing travel for students is quite specific to the geographical or-
ganisation at ULiége, which is composed of different districts. Although this problem
is not studied in the literature, it is related to several optimisation problems. Course
timetabling is an important problem all around the world and can be split into a lot of
sub-problems [14]:

e Course timetabling: The problem of assigning course sessions to time periods,
including diverse constraints. Integer programming is used for its formulation, but it
is often too hard to solve alone [15]. Therefore, it is frequently combined with meta-
heuristics, which are also used independently. These meta-heuristics approaches
include tabu search [16], simulated annealing [15, 17], genetic algorithms [18] and
ant colony [19,20]. Another approach is graph colouring, where distinct colours are
assigned to courses to represent time slots [21].

e Class-teacher timetabling for high schools: From students already allocated to
classes and teachers to courses, this problem determines the schedule of class-teacher
meetings. Without side constraints, it is solved in polynomial time using a network
flow algorithm [22]. Heuristics are also used such as tabu search [23,24], simulated
annealing [25] and genetic algorithms [26];

e Teacher assignment: Teachers are assigned to courses in a way that maximises
a preference function. It is solved in polynomial time using a network flow algo-
rithm [27]. Logic programming [28] and integer linear programming with variables
representing the full schedules [29] are also tested.
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CHAPTER 2 2.1. CLASSROOM ASSIGNMENT

e Student scheduling: Students are assigned to course sessions when a course is
split into groups. This should respect room capacity, balance the size of groups and
ensure a conflict-free schedule for students.

e Classroom assignment: Each course session is assigned to a room satisfying con-
straints like the size, location and requirements. This is typically done after having
the course timetabling to simplify the overall process, even though this problem alone
is still NP-complete [30].

There is no standard solution to solve all of these problems since they must always be
adapted to the requirements of each school or university. Therefore, there are no test
instances which are used across multiple research studies to have an accurate comparison
of the performance of a proposed solution.

It is noted that the literature usually focuses on university programs. However, some
research is also done for high school. Indeed, high schools often have predetermined
classes and only a few programs. This results in only a teacher assignment and scheduling
problem, the class-teacher timetabling. Usually, classroom assignments are not an issue
since all rooms tend to have the same capacities. On the other hand, for university,
one of the issues is that students have a lot of flexibility in their course selection. This
results in courses having diversified capacities and therefore requiring rooms with different
capacities.

This thesis focuses on the last two sub-problems, with some key differences. For stu-
dent scheduling, the group sizes are already determined and students might have conflicts
which should be minimised when possible. For classroom assignments, researchers typi-
cally consider that the schedules are the same from one week to another, which is not the
case at ULiege. In addition to a diverse schedule, the room allocation is also allowed to
occasionally change.

2.1 Classroom assignment

Without considering the student’s travel, the room assignment problem is quite common.
This problem formulation can be applied in many fields, including hotel room assignments,
Job scheduling on machines with varying capabilities, assigning airport gates to flights,
among many others [31-34].

Early studies by Glassey and Mizrach for the University of Berkeley use a discrete Linear
Program (LP) for the classroom assignment [35]. It is solved by decomposing it and using
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CHAPTER 2 2.2. STUDENT SCHEDULING

a "hardest problem next" heuristic. This heuristic therefore first assigns classes happening
in time slots with the highest ratio of unscheduled classes to available room. For this time
slot, it first assigns the largest room-demanding class.

Gosselin and Truchon use an integer LP to solve the room assignment, where rooms
are grouped in different preference sets. From this, similar rooms and classes are grouped
to reduce the problem size. This reduction of the size is a key factor for being able to
solve the LP. In a second phase, a precise decision of which of the rooms is assigned to
the class is made [36].

2.2 Student scheduling

Grouping of students can be either random, in which case no optimisation is required, or
based on some criteria. Most of the time, the groups are formed by preventing conflicts for
students and having a balanced size of group [37]. This splitting can be based on school
background and academic performance, as it is often the case at ULiége for language
courses. Some universities even take into account various criteria such as religion, parents’
income, and average grade [38]. Some searches also take into account the opinion of the
students through surveys. Groups can also be dictated by students’ project groups, which
are split into distinctive rooms. Other courses group students from the same curriculum
together, which is the nearest approach to the result obtained in this thesis, which only
tries to minimise travel [39].

A first heuristic used to solve student scheduling is a three-phase protocol developed
by Laporte and Desroches. In a first phase, students are split and assigned to diverse
groups without looking at the room capacities or balancing sections. In the second phase,
sections are balanced out. Then the third phase takes into account the room capaci-
ties [37].

Simulated annealing is also used. Chown, Cook, and Wilding use it based on group
project preferences, while Ciebiera and Mucha use it for time slot preferences. Dowsland
also uses it to determine the group as well as the minimum number of groups needed to
avoid scheduling conflicts [40—42].

Holmberg's research compares simulated annealing to basic heuristics and tabu search
for forming balanced-size groups with balanced aspects, like gender. This approach also
minimises how often two students are grouped together. Tabu search performs the best
in that context [43].
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CHAPTER 2 2.2. STUDENT SCHEDULING

Sabin and Winter implement a greedy algorithm for which they claim that a feasible
solution always appears. Their method is the following. They assign weights to each
course and then for each student, they derive a weight based on their course program.
Students are processed in their order of "awkwardness" and courses are processed based
on their number of groups. This makes sure that the most complicated schedules are
dealt with first. Students are assigned to the course group which has the least number
of students, while ensuring this does not introduce any conflict. A second pass is then
performed for the students who have not been assigned when there are no groups without
a conflict. Details about this second pass are not fully provided [44].
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Chapter 3

Models

3.1 Concepts

While Section 1.2 simplifies the data by considering it is simply courses which must each
be assigned to a room, the data is more complex. Therefore, it is essential to introduce
the concepts which highlight how the data is processed and structured.

3.1.1 Courses

Courses take place during two terms. The first term, Q1, happens from September to
December and the other, Q2, from February to May. In the Belgian higher education
system, these terms are in reality followed by exams. A last exam period is also held for
students who failed the exams. However, exams are not included in the scope of this work,
which focuses only on the assignment of rooms to course lectures. Each term includes at
least 12 weeks of learning activities [45], with additional holiday weeks during which no
courses occur. The fact that terms are organised into weeks does not mean it is sufficient
to focus on a single week and extrapolate the results, as course schedules vary across
weeks. These variations are due to teachers having external constraints, or simply the
organisation of the course, which might not require it to occur each week. For example,
laboratories are often quite rare, so they usually occur in only one or two weeks. Some
courses also require the theoretical content to progress to a certain point before exercises
or laboratories can be introduced.

Each course is characterised by its name and is associated with a faculty. This faculty
is determined by the one most students of the course are in, differing from the data’s
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CHAPTER 3 3.1. CONCEPTS

faculty which indicates the faculty responsible for the course. Our focus on reducing
student travel prioritises the students’ faculty over the responsible teachers’. Each faculty
has a set of preferred zones where the course should ideally be given. These zones are
usually close to the faculty buildings since both teachers and students want to avoid
travelling far. The degree to which each faculty prefers specific zones will be explained
later. The set of students enrolled in a course, and therefore its capacity, is also known.
This makes it possible to determine how many students are shared between different
courses. ldentifying shared students between courses helps determine potential student
travel between locations. Minimising this travel is a key objective.

3.1.2 Sessions

Moreover, courses are divided into sessions, which represent the time slots when the course
activities happen. These sessions highlight the structure of the course. For example, a
course might have a theoretical part in a single room, followed by an exercise part where
students are split into two rooms. In such cases where multiple rooms are needed simul-
taneously, the session is split into several separate sessions, each assigned to a different
room, as illustrated in Figure 3.1. It is said that these sessions are related to each other.
This splitting of sessions also happens for course sessions which are too big to fit in only
one amphitheatre. Due to this splitting, the capacity of each session must be based on
the percentage of students following the course who are assigned to the session.

C4-S;: theoretical C4-S;: theoretical

Room 1 100 students 100 students

q C4-S,: exercise
Room 2 40 students
______________________ C,-Sy: exercise | I P
100 students
C4-S3: exercise

Room 3 60 students

» Time » Time

Figure 3.1: Example of a session split due to multiple rooms usage

From the session capacity, it can be deduced the capacity of the room required. How-
ever, room capacity requirements can sometimes be dictated by the teaching method
needs rather than just student numbers. For instance, the course "INFO0952-1: Addi-
tional information technology" uses a room with 565 seats even though it has just under
200 students. This is because the teacher and assistants need to be able to go through
the rows to answer the students’ questions. Therefore, a room with twice the student
capacity is necessary to ensure that every other row remains free.
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CHAPTER 3 3.1. CONCEPTS

The information about when and where the sessions take place is available. This
includes the day of the week, the start and end times and the weeks the sessions occur.
Sessions are often repeated across several weeks, ideally happening in the same location.
A course is allowed to have sessions on different days of the week, and these days do not
need to be consecutive. They can be sessions every day of the week, excluding Sunday.
When courses extend across both terms, their sessions are divided according to the term
in which they occur. Each session is also assigned a category, but this information is only
slightly used as there are no official definitions. Therefore, faculty members tend to use
them in different ways, creating inconsistencies.

3.1.3 Groups

A group refers to a subset of students from a course who attend a specific session. This
concept becomes relevant when a course is divided into multiple smaller sessions, each
accommodating a portion of the total student cohort. These smaller sessions are not
necessarily concurrent. They can happen at various times and on different days. While
each group has a specific size, the sum of all group sizes within a particular division accounts
for the full course enrolment.

Courses can be divided into multiple such sets of groups, typically corresponding to
different categories of activities. For instance, one type of activity might require three
distinct groups to cover all students, while another activity within the same course might
necessitate a larger or smaller number of groups. Thus, each distinct division constitutes
a set of groups, ensuring that the full student cohort participates in each specific activity

type.

3.1.4 Rooms

Each course session must be assigned to one room, which can only have one session at a
time to avoid scheduling conflicts. For each week in which the session takes place, a room
is assigned. The weekly room allocations from the ULiege schedule are referred to as the
past rooms. The new room allocation generated by the optimisation program is called the
assighed rooms. Since the room assigned to a session may vary across weeks, a privileged
room is defined as the one most frequently used among the past rooms, and similarly, a
new privileged room for the assigned rooms. The idea of this privileged room is to have
a main room in which a session should be the majority of the time, for the quality of the
schedule. Since the data did not require sessions to be assigned to the same room across
the week, some sessions can originally have no privileged room. Nevertheless, the original
assignment will change to introduce a new privileged room when optimising.
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Rooms are characterised by their name, type and capacity. The capacity is quite an
important factor since every student must be able to fit in the room. These rooms are
situated in a zone of the University. Indeed, at the University of Liége, buildings are grouped
into several zones, usually linked to a field of study. These zones are then grouped into
the district of the Sart-Tilman or the city centre. Maps of these districts and their zones
are available in Appendix A.

The complexity of room allocation at the University of Liége extends beyond courses.
ULiége serves as a hub for a wide range of academic, professional, and public activities.
Therefore, the university’'s rooms are not used exclusively for student courses but also for
a diverse range of activities, such as conferences and meetings. In addition, the university
sometimes needs to renovate its rooms or at least do some maintenance in them, so they
might not be available for courses. All these factors are taken into account by including
the room’s unavailability for teaching.

The relationships between all the concepts introduced are summarised in the UML
diagram in Figure 3.2.
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District Room
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1 name: string
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enrolled Lo
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composed ]
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1 "SiZe"
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Figure 3.2: UML diagram representing the relationships between courses, sessions, rooms,

and students.
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3.2 Course-to-Room assignment models

3.2.1 Simplified model

Since the course-to-room assignment problem introduced in Section 1.2 is intractable,
it must be simplified. Instead of reducing the distance between every room, Louveaux
proposes a linear model that focuses on limiting the longer distances between rooms which
are in different districts [11]. The main idea is to penalise situations where a student
has to change district during the day. This choice of focusing only on the inter-district
travel seems reasonable since it is the most impactful. Travel inside each district is less of a
problem and it is considered to be possible on foot in a reasonable amount of time.

This formulation does not yet introduce the concept of sessions instead of courses,
which could be held more than once. It is formulated for a representative "typical" week.
However, as mentioned previously, course schedules vary across weeks.

The simplified model introduces an objective coefficient cost[c, r] that reflects the
cost associated with assigning a course ¢ to a room r based on its district. Additionally,
a penalty is applied in the objective function for any change of district for pairs of courses
that share at least 5 students.

min W, Z cost[c, r] - assigned, , + W5 Z nb_Stlc, ] - peng, .,

C,r Cc1,C

The problem now becomes a multi-objective optimisation problem. There are several ways
to deal with this, but a weighted cost function approach is used as it is a practical way to
come back to a single objective. This requires assigning a weight to each objective, which
indicates its importance. These objectives are then summed to obtain a single objective.
Choosing the weights W; and W5 is therefore an important aspect which is studied in
Chapter 5.

Let D be the set of all districts, and for any district d € D, let R[d] be the set of all
rooms located in d. The penalty constraint for a change of district for a pair of courses
c; and ¢, between two different districts, d; and d», can be formulated as:

pen, ¢, > Z assigned,, .+ Z assigned,, ,,—1 Ve, 6 € C? dy, dr € D?, dy # ds

ri€R[di] nER|d]

The introduction of this type of constraint allows for a completely linear binary formulation,
making the problem tractable for decent-sized instances.
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3.2.2 Extended problem

The real problem does not simply consist in assigning a room to each course. As stated
in Section 3.1, instead of courses, sessions should be used since courses can be composed
of multiple sessions. In addition, it is not sufficient to focus on a single week's assignment
due to changes in the schedule. This assignment must be done for every week where
courses can take place. Since travel only counts when it happens during the same day,
there is independence between days. Therefore, the problem can be solved by considering
one day at a time. This simplifies the model to solve, creating six smaller models to solve.
In addition, terms are considered to be independent from one another, so once again the
models can be split between the two terms. This leads us to twelve models which each
treats data from one specific day of the week, of a term. It should therefore be optimised
for each day when courses can be held and for each term.

The previous problem does not take into account the current session allocation provided
by the university to create a new optimal one. However, this is not what is wanted. The
session should stay quite similar to how it is currently affected. For this, extra constraints
must be added to allow a maximum number of changes of privileged rooms. There are
multiple reasons to keep room allocations similar to the one provided by the university.
The primary one being that the model does not account for all real-world constraints,
as described in Section 3.2.3. By limiting changes, the risk of generating a schedule
that violates these unrepresented constraints is reduced. Secondly, faculty managers want
control of this allocation, which is therefore done manually, while keeping a lot of allocations
similar to the previous year. If all courses were to change, this would add up to too much
work to verify if the allocation is possible and make decisions. Having only a model that
suggests small changes to an existing schedule can be used by the university since it allows
for a manual verification and decision, even when some constraints are not represented.
Moreover, sessions should tend to be assigned to the same room across the weeks for the
quality of the schedule.

In addition, only travel close in time is considered. In this case, when there is less
than 2 hours between courses. This is due to the fact that when there is more time it
Is considered that students will have the time to change districts without suffering from
inconveniences like the traffic or bus congestion. This is a choice since it could also be
defended that these travels still contribute to bus occupancy and traffic, so they should
also be minimised. In addition, travel is considered between sessions when there are at
least 5 students shared between their courses.
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For the model, sessions happening at the same moment must be identified to make
sure the rooms are not occupied by two of them. In order to simplify the problem, this
is computed for 15-minutes time slots. This 15-minutes slot is quite realistic with the
data since usually courses start and end at time "multiple" of 15. However, there are
exceptions for sessions. In this case, the time slot will artificially extend the time that the
session occupies the room. This could create some issues as illustrated in Figure 3.3. In
fact, since courses are extended, it can result in sessions that cannot happen in the same
room, even though nothing prevents it based on the actual session times.

C4-S4: theoretical C4-S4: theoretical
100 students 100 students
C4-S,: exercise ' C4-S,: exercise
100 students 100 students
I I I > Time . I I > Time
8:00 8:15 8:30 8:45 8:00 8:15 8:30 8:45

Figure 3.3: Example of artificial conflict created when the sessions’ schedules are extended
to fit 15-minute slots

Furthermore, a cost is computed for each session-room pair to indicate how suitable
a room is for a given session. This cost is based on two main factors. The first one is
the compatibility between the room’s capacity and the session’s required capacity. The
second one is based on the likeability between the faculty of the sessions and the zone of
the room.

For capacity, a simple linear cost is applied, but with different slopes depending on
whether the room is larger or smaller than required. If the room is big enough, the cost
Is based on the excess capacity, with a gentle slope that accepts a larger room more
easily. However, if the room is too small, the cost is based on the capacity difference,
with a steeper slope. This steeper slope ensures a greater penalty for rooms that cannot
contain every student. In addition, when a room has more than a 15% relative capacity
deficit compared to what the session requires, an additional penalty is added. This further
discourages the choice of rooms which are too small, since it will be impossible for all
students to fit in. These rooms are also often directly rejected if they have not been
used for the session. This reduces the problem size, while avoiding a solution which would
use a room too small, which would be rejected by the faculty manager. The second
factor, the room'’s location, assigns a higher penalty if the room is not in a zone near the
faculty.
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The extended problem of course-to-room assignment for a day in a term is formulated
as follows. This data is computed offline in order to minimise the time required to create

and solve the model. The size of the data reported in Table 3.1 corresponds to the first
term of the year 2024-2025 on Monday.

Parameters

e max_priv_ changes: Maximum number of changed of privileged room

e min_shared = 5: Minimum number of shared students considered

e min_apart = 120: Maximum number of minutes between sessions to take into
account the travel of students

Indices
\ Index \ Set \ Size Description
r R={1,2,....,Ng} | Nr =253 set of rooms
s S={1,2,...,Ns} | Ns =1018 set of sessions
w | W={12,...,Nw} | Ny=13 set of weeks
t T={1,2,...Nr} | Ny =48 | set of 15 minutes time periods
d D={1,2,...,Np} Np =2 set of districts
Table 3.1: Indices and the sets they belong to
Data
‘ Data Domain Description
W[s] C W VseS weeks during which session s is
organised
unav_ R[s] Vse S set of (r, W) representing room r is
C RxPW) unavailable for session s on weeks W

no priv.SCS

sessions which did not contain a
privileged room originally

priv. R[s] € R Vs e S\no priv.S privileged room assigned to session s
R[d] C R vd e D rooms located in the district d
concurrent  S[w, t] VweW, teT st sessions happening on week w during
cS |concurrent  S[w, t]| > time period t
11
shared St set of (s1, S», w) for pairs of sessions
CSZxWwW s1, S happening on week w sharing

at least min_ shared students
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‘ Data ‘ Domain Description ‘
nb St[si, 5] € Z Vs, s, € S? s.t. number of shared students (>
< min__apart minutes min_shared) between sessions sy, s,
apart
cost[s, r] € R Vse S, reR cost of assigning a session s to a

room r based on their capacity
compatibility and the likeability
between the session’s faculty and the
room’s zone.
small[s] C R Vse S rooms which are too small for session
s, except if it was used in the data

Table 3.2: Data and its description

Variables

1 if session s is assigned to room r on week w

assigned, , , = _
o {0 otherwise

Vse S, re R,we W[s]

_ {1 if room r is the privileged room assigned to session s
privg , = Vse S,reR
' 0 otherwise
1 if a penalty is required for assigning session s
pen_non_priv, == to a non-privileged room on week w
0 otherwise
Vs e S, we Ws]
1 if the privileged room assigned to session s
new_ priv, = changes from the one in Celcat Vse S

0 otherwise
1 if a penalty is required for a change of district
pen_district, _ > = for students following sessions s; and s, on week w
0 otherwise

V(s1, 52, w) € shared St

1Only time periods where at least 2 sessions are happening that week are considered to avoid introducing
useless constraints later on.
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Constraints

Constraints are divided into hard (H) and soft (S) types. Hard constraints must be
respected. For soft constraints, their violation is taken into account in the objective
function, which must be minimised.

e H1: Each session should be assigned to one room each week

Z assigned, ,, =1 Vse S weWs]

rer
e H2: Only one session can be assigned to a room at the same time period

Zassignedsmw <1 Yw € W, t €T, S € concurrent[w, t], r € R
seS

e H3: Some rooms are unavailable for some sessions due to events like maintenance
or conferences

Z assigned ,, =0 Vs € S, (r,W) € unav_R[s]

wew
e H4: Limit the number of changes of privileged room
new priv[s] =1 Vseno priv.S
new_priv[s] > 1 — privg oy Rris] Vse S\no priv_S

Z new priv[s] < max priv_changes+ |nb no priv|
seS
e H5: A session can not be assigned to a room too small, except if in the original
schedule it was

assigned, ,, = 0 Vs € S, r e smalls], w € W(s]

e S1: Define a privileged room and a penalty when a session is not happening in the
privileged room
Z priv[s, r] =1 Vse S

rer

W
Z assigneds ., > {ﬂ-‘ privg, , VseS reRr

2
weW][s]

pen_non_ priv[s, w| > privy , — assigned, , ,, Vse S,weW[s],reR

2shared St is quite sparse, so to speed up the creation of pen district, instead of defining it only for
the (s1, s2, w) existing, a mapping from 1 to its size was created.
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e S52: Minimise travel between courses with at least min _shared students in common
and in nb__minutes apart

pen_district, ., > Z assignedg, ,, , + Z assigned, ,, , — 1
rneR[d] r€R[d]

V(Sl, So, W) € shared_St, dl, d2 € D2, d1 7é d2
Objective

min Z cost([s, r] - assigned; , ,,

s,r,weW(s]
+ Whon_priv Z pen_non_ privy
s,weW(s]
+ Wiistrict Z nb_St[s;, 5] - pen_district, _ ,

51,52, weshared St

+ Z add travel pen[w, d] Z assigneds , ,,

s,weW(s],d reRr[d]

3.2.2.1 Two-phase resolution algorithm

An algorithm was developed to solve the previous MILP faster. The resolution uses a
two-phase methodology, which breaks the problem into smaller, more manageable sub-
problems. The overall computation times will be reduced while ensuring a solution near
the optimal one.

The first phase identifies sessions which room cannot be changed to reduce travel. This
is achieved by dividing the entire term into smaller, consecutive blocks of weeks. For each
of these blocks, the MILP is run independently. The model allows a maximum number of
changes of privileged room B,,,« higher than for all weeks of the term T,,... This allows
to identify more sessions which could have an impact on travel.

Once the algorithm has run for every block of weeks, the new privileged room is deter-
mined. Then, any session that kept its original room assignment is considered as fixed for
the next phase. The reason is that if a session’s room could have been changed to a room
in another district reducing the overall travel, it would have been, since more changes of
privileged rooms are allowed. The fact that the assignment remained unchanged implies
that the original room was already good for that session, or at least that making other
changes reduced more the travel.
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The second phase of the algorithm uses the MILP to optimise the remaining room
assignments over all weeks of the term. Since a lot of the sessions are already fixed, a
smaller problem than the original is left to solve, making the process much faster.

By ensuring the maximum number of changes for the individual blocks (B,ax) is suffi-
ciently large relative to the overall term’s maximum (7 ,,.x), fixed sessions are assumed to
be placed optimally. This allows the overall solution to approach the global optimum, even
though it was not solved as a single problem. A small B,,,, can compromise the solution’s
feasibility and quality. If too many sessions are fixed in the initial phase with a limited num-
ber of allowed changes, a suitable room may not be available for a session needing one.
This is because the original data does not have privileged rooms, while the model requires
a designated privileged room for each. Since the original data does not have a notion of
privileged rooms, sessions without one must be able to change their room assignments to
acquire one. This flexibility is restricted by a small B, which can potentially lead to an
infeasible problem.

The pseudo code of this resolution is provided in Algorithm 1.

3.2.3 Hypotheses and Limitations

A first limitation of this model arises from the exclusion of professor scheduling constraints.
While the algorithm efficiently reassigns courses to different locations based on factors
such as room availability and student enrolment, it operates without explicit knowledge
of individual professor availability. Consequently, any automated reassignment requires a
subsequent manual verification process to ensure that the assigned professor can reach
the new location on time. Integrating the professor schedules into the algorithm would
represent a significant enhancement, allowing for a more autonomous and conflict-free
scheduling process. However, this is not possible since there is no real data about what
teachers are doing at a specific time. The only data available could be which sessions it is
responsible of. This is not enough since it does not guarantee that the teacher is present
at that session, and also prior to the lessons, it is not known if the teacher can meet any of
the districts or if they are situated near one, which allows them to be on time. In addition,
the teacher might have imperatives after the session.

Another limitation is the presence of unrepresented constraints that affect which rooms
a session can be assigned to. These can come from a wide range of factors, such as
handicap accessibility requirements, specific room layouts like the number of blackboards,
or the need for specialised equipment. For instance, a biological science course might
require access to specific bones for tutorial sessions. The sessions must be allocated to
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Algorithm 1 Two-Phase Optimisation for Course-to-Room Assignment

Parameters: blocks of weeks week blocks, maximum privileged changes for blocks of
weeks B,,., and for all weeks of a term T,,.x
Output: Optimised room assignments for all sessions.

1: for each term in terms do

2 for each day in days do

3 > Phase 1: Room Assignment for each block of weeks

4 > The goal is to find room assignments that haven't changed from data.
5: for each weeks in week blocks do

6 assignments <— OPTIMISE(sessions for weeks, B ax)

7 end for

8 for each session in sessions do

9: session["new_ priv_room"] <- most frequent room assigned in Phase 1
10: end for

11:

12: > Identify and fix sessions with unchanged room assignment after Phase 1.
13: fixed sessions <~ UNCHANGED ASSIGNMENT (sessions)

14:

15: > Phase 2: Final room assignment for remaining sessions

16: unfixed _sessions < sessions \ fixed sessions

17: changed assignments <— OPTIMIZE(unfixed _sessions, T ,.x)

18: assignments <— SAVE(changed assignments)

19: end for
20: end for
21:

22: return assignments
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a room close to the university's specimen collection, as these materials cannot be easily
transported.

The data fails to represent the physical or technical infrastructure connecting specific
rooms. For instance, when a large lecture is split into two sessions due to capacity, with
one session being broadcasted to a second, smaller room, the algorithm knows the sessions
are related. However, it is unaware of which specific pairs of rooms have the necessary
network connections to enable this broadcasting functionality. This can lead to an invalid
assignment where related sessions are placed in rooms that cannot be linked.

The model also assumes that rooms are free whenever there is no course or planned
activity taken into account in the rooms unavailability. In reality, the university uses its
rooms for a wide range of external activities, some of which are scheduled after course
assignments are made. While the model accounts for planned room unavailability, it does
not have data on which rooms are preferred for these external activities. This can lead to
a suboptimal solution where rooms are allocated for courses, reducing their availability for
future external events.

Finally, the optimisation objective focuses on minimising the overall number of stu-
dent travels. This approach may not be entirely fair, as some faculties might experience
a high number of room changes and travel penalties, while others remain largely unaf-
fected.
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Chapter 4

Dataset description and processing

4.1 Dataset description

The data comes from the SEGI [1] and is extracted from the CELCAT [46] calendar, which
provides information about existing rooms, courses, their assigned rooms and enrolled
students. This information is available in XLSX files. The relevant files for the academic
years 2023-2024, 2024-2025 and 2025-2026 were obtained.

In the data provided, what is referred to as a session differs from the use in this thesis.
The session here concerns only one specific date at which a room is booked. These sessions
miss the notion of repetitiveness across the weeks. In addition, some courses have been
split into groups. This means that students following a course are sometimes already split
into different groups, so it is known in advance which students attend which session. These
groups differ from the notion of group introduced earlier. These groups do not belong to
one unique room each time but can require to be subdivided again.

Here is a summary of the files received and their main content:

e Students!: lists the students enrolled in each course or each course group;

e Rooms capacity: contains details for each room, including its name, capacity and
location;

e Rooms sessions: provides room allocation details, such as start and end times and
the type of activity. Information to link each session to a course is also available;

TEnrolment data for the 2025-2026 academic year is not yet available when this thesis is written.
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e Courses faculty: associates each course with its responsible faculty;

e Courses sessions: contains every course session and information to find the assigned
room;

e Groups sessions: similar to "Courses sessions", but with students following a course
sometimes already split into different groups.

4.2 Data processing

An important initial task is to structure the raw data to introduce the concepts explained
in Section 3.1. To achieve this, the data files are preprocessed into a single JSON file,
keeping only what is relevant. The structure of this file is detailed in Appendix B. JSON
format, in addition to being a standard to communicate data, has the advantage of being
human-readable. This processing serves as the first stage of a pipeline. The generated
JSON file is then used as input for the room allocation and group partition algorithms.
Although this initial computation step takes some time, its creation as a single pretreated
file is a key element for efficiency. By having it independent from the main algorithms, the
system avoids recomputing the data every time an allocation is optimised. Overall, this
saves time in the whole process execution. This initial preprocessing step is also designed
to be independent of the core model to ensure the reusability of the solution developed.
This means the system can be adapted for other institutions, provided that a JSON file
respecting the specified format is provided. The following explains the main steps of how
this file is created from the ULiege data.

For this work, only what is related to Liege is kept, so everything happening in the
Arlon and Gembloux campuses is ignored. Sessions happening outside the teaching terms
are also filtered out.

Since for courses the faculty required by the program is the one of the students and
the teacher responsible, this has to be computed. This is done by trying to identify the
faculty of each student, which is identified by keeping the faculty the most responsible of
its courses. A student mainly follows courses from its faculty to the exception of specific
external courses, like language courses, which could therefore be ignored when taking into
account the most present faculty. This makes the hypothesis that a student is enrolled in
only one program, which represents most of the situations.

To prevent double booking, a room can typically only be assigned to one session at a
time. However, there are cases where sessions from different courses intentionally share
a room simultaneously. This often occurs during exercise sessions when a teacher groups
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students from several of their courses together. This arrangement allows the teacher
and their assistants to be available to all students at once, which might not be feasible
with multiple separate exercise sessions. This case also covers a specific organisation of
the University of Liége where courses can be split into different partim, each treated as a
unique course. When several partim have the same content, they might be taught together
into a single lesson. These shared lessons are represented by a single session linked to a
new artificial course that combines the different courses. This artificial new course now
respects the fact that a room can only be occupied by one session from one course at a
time. This combination of courses is illustrated in Figure 4.1.

C4-S;: exercise
40 students

C,-S,: exercise q Cy4-Sy: exercise
Room 1 30 students 100 students

C3-Sj: exercise
30 students

» Time » Time

Figure 4.1: Example of sessions from three courses combined into a single session of an
artificial course to avoid double room booking

For this thesis, only certain session categories are considered reallocatable, as others
are too difficult to move. For example, laboratory sessions often require specific equipment
found in only one specific room. Therefore, these sessions can not move from the defined
room, so there is no point trying to change that. These sessions are therefore considered
fixed and will be included in the room unavailability schedule. However, they are still
accounted for the computation of student travel penalties. This represents the additional
travel penalty, which is based on the number of students shared with a session that would
require travelling if the session were assigned to a specific district. It may seem useless to
remove these fixed sessions instead of simply fixing their room assignments. This approach
significantly reduces the model’s size when passed to the Gurobi solver. Although the solver
can easily recognise and handle fixed variables, a large model can be slow to transmit, so
reducing Its size Is important to reduce the overall computation time.

Working with real-world data often presents anomalies. For instance, rooms are some-
times double-booked for a regular course session and a conference or written exam. In
these specific cases, since the model does not consider the optimisation of conference allo-
cations, it is decided that the room will be treated as free during the course session. This is
achieved by artificially adapting the room reservation schedule for the conference.
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4.3 Hypothesis/Limitations

To conduct this work, certain hypotheses are made. A key assumption is the independence
between sessions of the same course that occur on different days of the week, as well as the
independence between sessions happening in different academic terms. The data provided
is not enough to be able to identify if rooms needed to be the same between terms or if
it is only a coincidence.

Another assumption relates to student attendance. When calculating student travel, it
is considered that all students attend their course sessions. While this does not reflect re-
ality, as some students choose not to attend, the precise data is unavailable. Furthermore,
the objective is to create a schedule that provides every student with the opportunity to
attend all courses, and therefore, no students are ignored in the travel calculations.

A limitation of the current approach arises from the way courses with multiple simulta-
neous sessions are handled. While the shared student population across these sessions is
identified, the data does not provide information on how students are distributed among
the individual rooms. Therefore, a uniform distribution of students is assumed across these
parallel sessions. This is a simplification, since in reality it is often non-uniform due to how
students are grouped. This work addresses this limitation by introducing a method to
create optimal student subgroups to enable a more precise calculation of travel.

4.3.1 Data analyses

This section analyses the key characteristics of the data used for the course-to-room
optimisation problem. This analysis is crucial for understanding the problem’s scope and
identifying critical factors that influence the solution. The insights gained help in several
ways: we can assess the problem’s complexity, identify critical data-driven constraints
like the scarcity of large rooms, and verify that the problem’s scale is manageable. The
following table and figures are all based on the data from the academic year 2024-2025
at ULiege. The size of the data that will be optimised can be summarised in the following
table:

Statistic | Q1 | Q2

Rooms 253
Courses 3203
1877 | 1596

Sessions | 5580 | 4119

Table 4.1: Statistics about the 2024-2025 data
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The number of students per course and per session varies significantly, as shown in
Figure 4.2 and Figure 4.3. This is primarily due to the university's curriculum structure,
where introductory courses have a large number of students while specialised courses in the
more advanced years have smaller groups. This can also be explained by the fact that not
every faculty has curricula with a lot of students following it. This variability can have a
drawback, which is that it creates highly complex schedules, which therefore often results
in student being required to move from one place to another to catch their courses since
everybody can't be satisfied. This variability also has a positive aspect, as there are more
small courses and sessions, which align well with the number of small rooms available, as
illustrated in Figure 4.4. A key challenge lies in the limited number of large amphitheatres,
which are almost always booked and schedules must be adapted based on them to allow
student to have a place in each of their course session. This limited number and limited
repartition over the district force students to travel from one district to another since there
are no other rooms available for the course.
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Figure 4.2: Distribution of courses by number of students
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Figure 4.4: Distribution of rooms capacity by districts

The number of sessions by week is presented in Figure 4.5. These range from 1000
to over 2000. The main variability occurs at the beginning and end of each term. This
happens because in the first week, there are welcoming sessions which replace course
sessions. For the last week, it is usually a result of courses having already finished their
programs. Overall, sessions stay in the same order of magnitude from one week to another,

excluding the holidays.

Figure 4.6 represents the distribution of the number of students travelling over each day
of each term. This only takes into account courses which are considered for the course-to-
room assignment. Therefore, this does not include travel between two laboratories as they
are both fixed, so the model can not change anything to that. But it takes into account
going from a theoretical session to a lab session, meaning that since the laboratory is in
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Figure 4.5: Distribution of number of sessions by week

a fixed room, it might be intelligent to assign the theoretical session nearby, or at least
in the same district. This data can not directly be compared to the survey introduced in
Section 1.1, since a lot of courses are omitted. It can be seen that there is almost no travel
on Sunday. This is because there are practically no courses happening that day. It can be
seen in Figure 4.7 that there are only a few sessions. Due to all this, it might actually
not be the most pertinent day to dig into for reducing travel since the other days are way
more important and will have a bigger impact. Figure 4.7 illustrates that the number of
sessions per day of the week is quite constant from one week to another, as well as from
one day to the other, with the exception of Saturdays.
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Figure 4.6: Distribution of travel among the faculty by day of the week
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Overall, days from Monday to Friday seem to be organised quite the same way. There-
fore, it is reasonable to use a common approach to optimise the allocation of rooms for
each day. A significant challenge, however, is the university's limited number of large
rooms. This is a major factor contributing to student travel, as it often forces large
courses to be scheduled in rooms that are far from other academic activities. Travelling
due to a lack of large rooms is way more impactful than if it were for small rooms, since
they do not contain the same number of students.
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Chapter 5

Weight tuning

Multi-objective optimisation is a critical technique for solving problems with multiple, often
conflicting, goals. Unlike single-objective optimisation, which yields one optimal solution,
this approach results in a set of Pareto optimal, or non-dominated, solutions. This set is
also known as the Pareto front. A solution is considered Pareto optimal if no objective
can be improved without making at least one other objective worse. The Pareto front
represents the best possible trade-offs between these competing objectives. Since the
problem’s objectives were not precisely defined, a weight combination choice is required to
make sure too completely define the problem and have a unique solution each time. This
unique solution can then be compared with other methods.

A Pareto front is illustrated in Figure 5.1 for a minimisation problem of two objectives
fi and f. Point C is dominated by both A and by B since they both have a lower value in at
least one objective without being worse in the other. C is therefore not in the Pareto front.
Points A and B are non-dominated and present in the Pareto front. For the course-to-room
assignment problem, this front illustrates the balance between minimising student travel,
ensuring appropriate room capacity, and respecting privileged room assignments.

Despite the existence of multiple Pareto optimal solutions, a single most preferred
solution must ultimately be chosen in practice. This choice corresponds to a specific
combination of weights that reflects a desired balance among the objectives. Therefore,
multi-objective optimisation involves two equally important tasks: an optimisation task to
find the set of Pareto optimal solutions, and a decision-making task to select the best so-
lution from that set by choosing a specific weight combination. The latter usually requires
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Figure 5.1: Pareto front in a two-objective minimisation problem [3]

input from a decision maker to specify their preferences and priorities. The methodology
used to select this specific weight combination is described below.

5.1 Pareto front approximation

The process for discovering the Pareto front is designed to systematically explore the
trade-offs between the competing objectives. Due to the complexity of the problem, it is
not feasible to find the complete Pareto front. Instead, a practical approximation of the
Pareto front is obtained by generating only a subset of all possible weight combinations.
Furthermore, the weighted-sum method is fundamentally limited in its ability to find all
Pareto optimal solutions. It is only capable of discovering supported non-dominated so-
lutions, which lie on the convex hull of the objective space. As a result, Pareto optimal
solutions that exist in non-convex regions of the objective space cannot be identified by
this methodology.

Normalisation is a crucial initial step in multi-objective optimisation. This is essential for
ensuring that each objective contributes to the weighted sum in a balanced way, regardless
of its original units or magnitude. This allows comparison without taking their magnitude
into account. To achieve this, a common reference scale must be created using two key
points: the utopia point and the nadir point.

The utopia point (U) represents an ideal solution where each objective is at its absolute
best possible value. This point is usually unattainable. Its value is obtained by performing
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a series of individual optimisation runs, one for each objective. The results of these
individual minimisations are then compiled into a payoff matrix, which shows the value of
every objective for each of the single-objective optimal solutions. From this matrix, the
utopia point is identified by taking the minimum value obtained for each objective across
all runs. This corresponds to the diagonal of the matrix.

The nadir point (N) is a reference point that represents the worst-case objective values
on the entire Pareto front. It is a point defined by the maximum value for each objective
among all the Pareto optimal solutions. Since finding the complete Pareto front is compu-
tationally infeasible and the front is not fully known at this stage, an approximation of the
nadir point is used instead. This approximation is found by taking the worst value for each
objective from the same set of individual optimisation runs used to find the utopia point.
As the objectives are being minimised, the worst value corresponds to the maximum value
found for each objective.

Once these reference points are identified, all objective values are normalised to a
uniform scale between 0 and 1 using the following formula:

objli] = U[1]

Ob./'norm[/] = N[l] _ U[l]

Following, a large number of solutions that approximate the Pareto front are generated.
This is done using the weighted-sum method, where the overall objective is to minimise a
sum of the normalised objectives, each multiplied by a specific weight:

3 3
minz Wil - 0bjnormli] Wherez wli]=1and w[i] >0Vie{1,2,3}
i=1 i=1

By systematically varying the weight combinations, the optimisation model is solved mul-
tiple times. Each solution corresponds to a different point on the Pareto front, illustrating
a unique trade-off between the objectives. This method is computationally intensive, so
a limited number of weight combinations were tested. In addition, since the model takes
some time to be solved, the data was limited to only three weeks. This allows the optimi-
sation to be faster. However, it requires an extra step, which is to convert automatically
the eutopia and nadir points into values for all the weeks of a term. It was estimated
that they could be estimated considering that they evolve proportionally to the number of
weeks. This hypothesis comes from the fact that the ratio between the initial objective
for 3 rooms or for all, is approximately equal to the ratio between their number of weeks.
Therefore, the nadir and utopia points are deduced from a rule of three using the number
of weeks. The Pareto front for 3 weeks is represented in Figure 5.2.
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All these steps are summarised in the following pseudo-code:

Algorithm 2 Pareto Front Approximation using Weighted Sum Method

Input: A multi-objective optimization model with n objectives {f;, f>, ..., .}
Output: An approximation of the Pareto front, P

1: Initialize an empty matrix ® of size n x n.

2: Initialize an empty set P for the Pareto front.

3: Initialize an empty list W for the weights.

4: Generate the optimisation model.

5:

6: > Phase 1: Determine Utopia and Approximate Nadir Points

7: for i =1to ndo

8: Set the objective to minimise f,.

9: Solve the model

10: if solution is optimal then

11: ®[i] <~ VALUE(objectives)

12: P« PUVALUE(objectives)

13: W < weight vector where the /-th element is 1 and others are 0

14: end if

15: end for

16: U = min(®, dim = 2) > Utopia point
17: N = max(®,dim = 2) > Approximate Nadir point
18:

19: > Phase 2: Generate Pareto Front Approximation

n

20: Generate a set of weight combinations 7 such that Z w; =1 and w; > 0.
i=1

21: for each weight vector w in 7 do

22: if w¢ )V then

. R ~ . — U
23: Set the objective to minimize ; W/m.
24: Solve the model
25: if solution is optimal then
26: ®[i] <+~ VALUE(objectives)
27: P« PUVALUE(objectives)
28: W WUw to
20: end if
30: end if
31: end for

32: Return: The set of points P, which approximates the Pareto front.
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5.2 Decision making

The final phase involves selecting the optimal set of weights. From the generated Pareto
front, a decision is made to select the specific solution that represents the best balance
of objective priorities. A key point which is often quite useful is the knee of the front.
However, In this situation the knee worsens the travel compared to the initial allocation.
Due to the nature of this research, weights which lead to a travel which increase can be
discarded as interesting solutions since the main goal is to reduce this. Once that limit
was imposed as illustrated in the second image of Figure 5.2, 5 weights were selected
scattered across the front. For this project, a higher relative weight was assigned to
minimising student travel, reflecting its primary importance. Therefore, a point with a
high weight for the travel had to be chosen. The weight combination (0.2, 0.1, 0.7) was
selected since it offers a good trade-off between allowing to reduce a lot the travel while
trying not to worsen too much the privileged rooms and room costs.

The weights used to generate this chosen solution are then adopted for future in-
stances, under the assumption that the relationships between objectives remain similar
across similar problem instances. These weights are valid for normalised objectives, so the
model objective should be adapted to take that into account. Since the normalising factors
were identified when considering only 3 weeks, they must be multiplied when focusing on
all weeks of the term. The multiplication is simply by the ratio of the number of weeks
used since they are all proportional as illustrated in Figure 5.3.
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Chapter 6

Results and discussions

6.1 Technology and hardware

The optimisation problem was implemented in Julia. The Gurobi solver version 11.0.2 was
used as the MILP solver, using a free academic license. Julia’s JuMP library allows to
create the model and send it to the Gurobi solver. The code was executed on my personal
computer equipped with an AMD Ryzen 5 4500U processor (6 cores and 6 threads) and
8 GB of RAM.

6.2 Time complexity / Objective comparison

The model was tested out in different configurations. The first one is the full model,
unrestricted by the number of changes of privileged rooms, another with a limitation of 10
and another by splitting the model into blocks of 3 weeks.

Model Optimisation time
unrestricted 1547sec
10 privileged changes 160 sec
3-week blocks 478 sec

Table 6.1: Optimisation time of the methods
It can be seen that, compared to what was expected, using 3 blocks of weeks, it a bad

choice since the model takes much more time. Indeed, it had to create a lot of model
which takes some times. But it can be seen that the weight have been correctly chosen
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Model room cost | non-priv ‘ travel ‘ total obj assign
unrestricted 1810 81 989 -0.001125
10 privileged changes 2097. 186 1406 0.0075304
3 weeks blocks 2097 186 1406 0.007530

Table 6.2: Objectives of the methods

and that studying 3 weeks for the pareto front then adapting it to the full term was donc
correctly since they both result in the same optimal solution.
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Chapter 7

Conclusions and perspectives

7.1 Conclusions

This work continues the research on course-to-room assignment for the University of Liege
with the goal of reducing the travel for the students. This research introduced this problem
and related problems in the literature. It then introduces basic concepts to clarify the terms
used. Once all that was done, the experimentation started with the creation of a simplified
version of the problem with additional constraints. With a good set of weights, this model
performs in a reasonable amount of time. It was shown that it was not possible to speed
up the process by splitting the model into blocks of weeks.
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7.2 Perspectives

Like every research, there are limitations. These are stated in Section 3.2.3 and come
from a lack of data, which introduces a lot of unrepresented constraints. If the university
were to formalise these, the results could benefit from it since a faculty manager would
not have to check the results.

To further reduce the travel of students, a key point that must be developed is the
student group partition for each session. Digging into this partition would allow to further
reduce the travel of students and could even identify courses which should be assigned
to another district for these students, which would have the course before or after in the
other district.

Furthermore, the approach introduced in this thesis could be extended to use when
the university wants to acquire new buildings. One possibility stated in the introduction
is that the University is considering changing the district of some faculty. This could
allow students who follow similar courses to be together, reducing travel. By testing the
program with the new rooms, it would be possible to quantify the travel that could be
reduced. This could also identify which faculty would be best suited to move to these new
buildings.
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Appendix A

Maps of the University

Buildings from the University of Liége are split across several zones grouped into districts,
which are illustrated in the following maps in Figure A.1 and Figure A.2.
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Figure A.1: Map of the zones composing the district of the city centre
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Figure A.2: Map of the zones composing the district of the Sart-Tilman

66



Appendix B

Files format

As mentioned in Section 4.2, the data has been combined into a single input JSON file
which follows the structure of Listing B.1. The rooms allocation program also outputs

a JSON file with the same format and its additional information is represented in red.
The group partition program also uses that format with its annotation and modification

represented in cyan. Some terms are sometimes omitted if they do not provide relevant
information to have a more compact notation. For example, when "UNAVAILABLE" is

empty, it was removed.

"rooms": [

"ROOM_INDEX": int,
"NAME": String,
"CAPACITY": int,
"ZONE": String,
"DISTRICT_TRAVEL": String,
"TYPE": String,
"UNAVAILABLE": {
Qi [
{
"DAY_OF_WEEK":
"START_TIME":

String HH:MM,

"END_TIME": String HH:MM,

"WEEKS": int []
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+
1,
"Q2": 1like Q1
+
}
1,
"courses": [
{
"COURSE_ID": int,
"NAME": String,
"SESSION_IDS": {
"Q1": int[],
"Q2": int []
+,
"FACULTY": String,
"NB_STUDENTS": int,
"STUDENTS": int[],
}
]
"sessions_Q1": [
{

"SESSION_ID": int,
"COURSE_ID": int,
"DAY_OF_WEEK": int,
"START_TIME": String HH:MM,
"END_TIME": String HH:MM,
"WEEKS": int[],
"ROOM_REQUIRED_CAPACITY": int,
"PAST_ROOMS": int[],
"PRIVILEGED_ROOM": int,
"ASSIGNED_ROOMS": int[],
"NEW_PRIVILEGED_ROOM": int,
"PERCENT_STUDENTS": float,
"NB_STUDENTS": int,
"GROUP": int,
"SHARED_STUDENTS": {
"session_id int": int
},
"RELATED_SESSION_IDS": int[],
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"CATEGORY": true
"ADDITIONAL_TRAVEL_PENALTY": [

{
"district name": {
"data": [
{
"PERCENT": float,
"SHARED_STUDENTS_IDS": int []
+
1,
"total": int
+
}
]
}
1,
"sessions_Q2": like sessions_Q1 ,
"students_with_group": [
{
"STUDENT_ID": int,
"GROUPS_IDS": int[]1[],
"COURSES_IDS": int [][]
}
1,
"groups": {
Qi [
{
"GROUP_SET": [
{
"SESSION_ID": int,
"NB_STUDENTS": int,
"GROUP_ID": int,
"STUDENTS": intl[],
+
1,
"INFO": {
"COURSE_ID": int,
"STUDENTS": int []
}
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I
1,
"Q2": 1like Q1

Listing B.1: input and output JSON format
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