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The university timetabling problem (UTP) has been studied by numerous research groups for decades. In
addition to addressing hard and soft constraints, we extend the UTP by considering consecutiveness and
periodicity constraints of multi-session lectures, which are common in many eastern Asian universities.
Because schedulers can decide the consecutiveness and periodicity constraints for the multi-session lec-
tures within a limited ratio, we consider these novel decision variables in our model. We develop a mixed
integer linear program for the UTP. For the analysis, we convert the UTP into the three-dimensional con-
tainer packing problem (3DCPP) and create a hybrid genetic algorithm (HGA), which has been shown to
be efficient in solving the 3DCPP. We also develop a tabu search algorithm based on the existing UTP
literature and compare the findings with that of our HGA. The results show that our HGA obtains a better
solution than the tabu search algorithm in a reasonable amount of time.

Keywords: university timetabling problem; mixed integer linear program; periodicity constraint;
consecutiveness constraint; hybrid genetic algorithm

1. Introduction

1.1 Background and purpose

The university timetabling problem (UTP) is used for optimally assigning lectures to timeslots as
defined by days and periods within classrooms. The purpose is to find feasible assignment of lec-
tures that leads to the optimal objective. Each lecture consists of a certain number of sessions in
every week. Each session of any an assigned lecture occupies exactly one day-period-classroom
timeslot. Hard and soft constraints are involved in the UTP. Violating hard constraints makes the
solution infeasible, while the violation of soft constraints leads to penalty costs. For example,
one hard constraint states that, at most one session of a lecture can be assigned to one room-
period-day slot. An example of a soft constraint is the avoidance of time conflicts between two
lectures that appeal to the same students. Manual solutions of real-world UTPs require many
man-hours of work, and the scale of the problems and the complexity of the constraints often
result in errors. The UTP should be solved repeatedly every semester with minor modifications
of some constraints and with a new set of lectures. Automated solutions of UTPs can save time
and also satisfy all constraints simultaneously.
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The UTP has been a controversial issue for decades and has been widely studied by many
research groups. In 2002, the First International Timetabling Competition (ITC2002) was held
by the International Metaheuristic Network. In 2007, the Second International Timetabling Com-
petition (ITC2007) was held. It consisted of three tracks: an examination, a post-enrolment, and a
curriculum-based timetabling problem. The latter was first introduced at the ITC2007 and many
researchers started to focus on it. The Third International Timetabling Competition was held
from 2011 to 2012 and handled the high school timetabling problem.

Nowadays, many research groups solve the UTP by reflecting upon real-world constraints and
considering the general features of the UTP, including fixed timeslots, limited numbers of class-
rooms, restricted classroom capacities, and non-overlapping lectures. This paper focuses on the
UTP with realistic hard and soft constrains in most universities in China and South Korea. In
our UTP, multi-session lectures can be scheduled based on either consecutiveness or periodicity,
which are set as hard constraints. If a lecture is scheduled based on the consecutiveness con-
straint, then sessions of that lecture in one cycle (e.g. one week) should be consecutively finished
in the same room. In such an arrangement, the professor and students have a compact itinerary
but also an increased daily workload. If a lecture is scheduled through the periodicity constraint,
then the lecture should not occupy more than one period in one day or two consecutive days.
Both of these types of arrangements reflect realistic practices of time table design in Chinese
and South Korean universities. Four realistic soft constraints are also considered in our UTP (see
Section 2 for details).

This study contributes to the existing literature in two ways. First, we consider consecutive-
ness and periodicity constraints of multi-session lectures, which are common in many eastern
Asian universities. Because schedulers in those universities can decide the consecutiveness and
periodicity constraints for multi-session lectures within a limited ratio, we consider these novel
decision variables in our model. By allowing for decision-making variability, our UTP reveal
more flexibility and managerial insights. Second, we analyse the UTP by converting it to the
three-dimensional container packing problem (3DCPP). We consider day, period, and room as
the three dimensions of one container and consider the lectures as different sized items to be
assigned into the container. With this approach, we develop an efficient hybrid genetic algorithm
(HGA) based on algorithms for the 3DCPP.

This paper presents discussions and evaluations of mixed integer linear programming (MILP)
and an HGA to solve a UTP. The model reflects consideration of two real-world constraints:
consecutiveness and periodicity. MILP models allow for easily added and changed constraints
and can yield exact solutions that satisfy all the constraints concurrently. However, because the
UTP is NP-hard [16], we developed an HGA that can derive solutions applied to large problems.

1.2 Related works

In this section, we review and summarize existing studies on the UTP to reveal our contribution.
Since the 1960s, much research has been devoted to solving the UTP of various descriptions

and through many methodologies. There is a large body of literature on different types of UTP.
The well-known ITC 2007 involved a UTP with several hard and soft constraints. Socha et al.
[46] generated 11 timetabling problem data sets, and using them as benchmarks, various research
groups have generated additional heuristic and metaheuristic methods to solve the UTP. A case
study of the Department of Electrical and Computer Engineering at the University of Patras is an
example of research on real-world problems [13]. The UTP was based on consecutive lectures
that could be split into two or three sessions as well as repetitive lectures held several times
a week. Both Innet and Nuntasen [25] and Schimmelpfeng and Helber [45] conducted experi-
ments using real-world data from Thai University and the School of Economics and Management
at Hannover University, respectively. When constructing timetables, Innet and Nuntasen [25]
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focused on students’ spare time between lectures and during a lunch break, and Schimmelpfeng
and Helber [45] focused on teachers’ preferences for days, periods, breaks, consecutive lectures,
and teaching groups. Kalender et al. [27] also solved a curriculum-based course timetabling
problem at Yeditepe University, which features both compulsory and optional lectures.

In early studies, the majority of researchers utilized integer programming (IP) to construct
timetables, while computer scientists used linear algorithms to solve the UTP [4,33]. Recently,
MirHassani [40] and Lach and Lübbecke [32] developed IPs to look at case studies of small
problems. Daskalaki et al. [13] developed a novel 0–1 IP to solve the UTP, but for the large case
of an engineering department schedule, they used simplified mathematical expressions of the
constraints. In addition, they did not consider that some lectures should be assigned according
to periodicity. Daskalaki and Birbas [12] developed a two-stage relaxation procedure to solve
the IP efficiently for the UTP. All the methods cited could not yield optimum solutions for large,
NP-hard problems.

In general, various heuristic and metaheuristic algorithms have been studied to solve large
problems, which are relatively compatible with real-world situations. The research showing
solutions to the UTP by heuristic and metaheuristic algorithms covers many years and various
methods. Tripathy [48] conducted the Lagrangean relaxation as a large-scale 0–1 IP problem.
Čangalović and Schreuder [9] solved a UTP with a graph colouring technique. Hertz [24], Costa
[11] as well as Lü and Hao [37] have used tabu search algorithms to solve the UTP. Mulvey
[42] made a heuristic algorithm using the network-based optimization approach. Dowsland [19],
Abramson [3], and Dige et al. [18] developed a simulated annealing (SA) approach. Bellio et
al. [7] proposed an SA algorithm with feature-based tuning for the curriculum-based course
time tabling problem. Constraint-based reasoning was applied by Deris et al. [17] and Kang
and White [29]. McMullan [39] introduced an extended version of the great deluge algorithm;
an electromagnetism-like mechanism with the great deluge algorithm was subsequently devel-
oped by Turabieh et al. [49]. De Causmaecker et al. [14] developed a decomposed metaheuristic
approach with the graphical presentation of a solution space for a real-world UTP. Zhang et al.
[52] developed a simulated annealing algorithm with a new neighbourhood structure to solve
the high school timetabling problems. Socha et al. [46] solved the UTP by applying ant colony
algorithms. The harmony search algorithm, a new metaheuristic mimicking the improvization
process of musicians, was employed by Al-Betar and Khader [5] as well as Wahid and Hussin
[50]. Abdullah et al. [2] developed a hybrid metaheuristic that combines an electromagnetic-like
mechanism and the great deluge algorithm. Kalender et al. [27] applied an iterative selection
hyper-heuristic (a combination of SA move acceptance and learning heuristic selection methods)
to solve the UTP at Yeditepe University, and Soria-Alcaraz et al. [47] proposed hyper-heuristics
based on an iterated local search procedure that autonomously combines a set of move opera-
tors. Liu et al. [36] developed a clique-based algorithm for the UTP with hard constraints. For a
comprehensive survey of approaches for the UTP, see Babaei et al. [6].

Erben and Keppler [21] were the first to utilize the genetic algorithm (GA) to tackle the
UTP. Further studies on the GA approach have been conducted [1,10,20,25,34,35]. Rossi-Doria
et al. [44] compared five different metaheuristics and concluded that the conventional GA can-
not always achieve a solution better than other metaheuristics. The need for enhanced GAs has
encouraged others to find better solutions. The HGA method, which combines the advantages
of both heuristic and GAs, enhances solutions [51]. The HGA has been further developed into
different mechanisms by many researchers. For example, Jat and Yang [26] proposed a two-
phase HGA to solve the post-enrolment course timetabling problem. In the first phase, the guided
search GA was applied, and to improve the solution from the first phase, a tabu search heuristic
was used in the second phase. In addition, Karami and Hasanzadeh [31] suggested an HGA in
which the heuristic algorithm produces the initial population, genetic operators deduct a solution,
and the hill climbing method improves the solution. The summary of studies related to the one
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Table 1. Summary of related papers.

Methodology Constraints

IP Heuristic Metaheuristic Characteristics Objective function
Room

capacity
Multiple
sessions Periodicity Consecutiveness Remark

Lawrie [33]
√

None
√

Akkoyunlu [4]
√

Minimize costs
√ √

Mulvey [42]
√

Network-based
optimization

Maximize efficiency
√

Tripathy [48]
√

Lagrangean
relaxation

Maximize efficiency
√ √

Abramson [3]
√

Simulated annealing Minimize conflicts of
lectures

√

Čangalović and
Schreuder [9]

√
Graph colouring Minimize time

duration and free
time

√ √

Hertz [24]
√

Tabu search
algorithm

Minimize conflicts of
lectures

√

Costa [11]
√

Tabu search
algorithm

Minimize penalty
√ √

Building
distances, lunch
break

Erben and Keppler
[21]

√
Genetic algorithm Maximize people’s

satisfaction

√ √ √

Deris et al. [17]
√

Constraint-based
reasoning

Maximize people’s
satisfaction and
utilization of
resources

√ √

Carrasco and Pato
[10]

√
Multi-objective

genetic algorithm
Minimize penalty

√ √
Lunch break,

people’s
preferences

Socha et al. [46]
√

Ant colony
algorithms

Minimize penalty
√

ITC2002(Post-
enrolment
based), Socha
data sets

Daskalaki and Birbas
[12]

√
Minimize costs of

assigning lectures

√ √ √
Splitted

consecutiveness
Daskalaki et al. [13]

√
Minimize costs of

assigning lectures

√ √ √
Splitted

consecutiveness
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Lewis and Paechter
[34]

√
Genetic algorithm Minimize penalty

√
ITC2002(Post-

enrollment
based)

Lewis and Paechter
[35]

√
Grouping genetic

algorithm
Minimize students’

inconvenience
Students’

convenience
MirHassani [40]

√
Minimize penalty

√ √ √
Innet and Nuntasen

[25]

√
Genetic algorithm Minimize penalty

McMullan [39]
√

Great deluge
algorithm

Minimize penalty
√

ITC2002(Post-
enrollment
based)

Schimmelpfeng and
Helber [45]

√
Minimize penalty

√
Students’ year of

study, teachers’
preferences

Abdullah and
Turabieh [1]

√
Genetic algorithms Minimize penalty

√
ITC2002(Post-

enrollment
based), Socha
datasets

De Causmaecker et
al. [14]

√
Local search and

tabu search
algorithm

Minimize penalty
√

Turabieh et al. [49]
√

Electromagnetism-
like mechanism
with great deluge
algorithm

Minimize penalty
√

ITC2002(Post-
enrollment
based)

Lü and Hao [37]
√

Adaptive tabu
search algorithm

Minimize penalty
√

ITC2007
(Curriculum
based)

Zhang et al. [52]
√

simulated annealing
algorithm

Minimize penalty
√ √

Jat and Yang [26]
√

Two-phase HGA:
GSGAa and tabu
search

Minimize penalty
√

ITC2002(Post-
enrollment
based)

(Continued).
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Table 1. Continued.

Methodology Constraints

IP Heuristic Metaheuristic Characteristics Objective function
Room

capacity
Multiple
sessions Periodicity Consecutiveness Remark

Abdullah et al. [2]
√

Electromagnetic-
like mechanism
and great deluge
algorithm

Minimize penalty
√

ITC2002(Post-
enrollment
based),
ITC2007
(Curriculum
based)

Al-Betar and Khader
[5]

√
Harmony search

algorithm
Minimize penalty

√
ITC2002(Post-

enrollment
based), Socha
datasets

Karami and
Hasanzadeh
[31]

√
HGA using hill

climbing method
Minimize penalty

√
ITC2002(Post-

enrollment
based), Socha
datasets

Lach and Lübbecke
[32]

√
Minimize penalty

√ √ √

Kalender et al. [27]
√

Iterative selection
hyper-heuristic

Minimize penalty
√

Curriculum-
based Course
Timetabling
Problem

Soria-Alcaraz et al.
[47]

√
Iterated local search

hyper-heuristic
Minimize penalty

√
ITC2002(Post-

enrollment
based),
ITC2007
(Curriculum
based)

Wahid and Hussin
[50]

√
Harmony search

algorithm
Minimize penalty

√
ITC2007

(Curriculum
based)

This study
√ √ √

Heuristic, HGA Minimize penalty
√ √ √ √

Note: Minimize penalty: Minimize penalty cost of violating soft constraints.
aGuided search genetic algorithm.
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we propose is shown in Table 1. We can see that several researchers have considered either the
periodicity or consecutiveness of multi-session lectures. In contrast with those studies, we con-
sider these two conditions simultaneously as well as a novel and practical decision variable. With
such a variable, one multi-session lecture can be decided based on the periodicity or consecutives
condition, which provides new managerial space.

The layer-building and the bottom deepest left with fill strategies have been widely used
in studies on the 3DCPP. The layers are designed to divide the container into several blocks
[8,38,43]. The bottom deepest left with fill strategy was developed to determine the packed items’
positions in the container [28,30,41]. See Zhu and Lim [53] and Feng et al. [22] for surveys of
these two strategies, respectively.

This paper is organized as follows: Section 2 presents an MILP model for solving the UTP.
Section 3 describes the solution space as described through the 3DCPP. The procedure of the
HGA is given in Section 4. In Section 5, results and analyses from computational experiments
and the comparison of the performances between the HGA and a tabu search algorithm are
provided. Section 6 presents the conclusions.

2. A mathematical model

In this section, we discuss the UTP studied in this paper and propose our mathematical model.

2.1 Problem description

We consider L lectures, and lecture l is comprised of session number ml and student number nl,
l = 1,2, . . . , L. Each lecture contains at least one session in one week and each session of any
lecture occupies exactly one period. Typically, one lecture is given by one professor, who must
repeat it as determined by the number of sessions scheduled in the same classroom every week.
This arrangement helps prevent confusion among faculty members and students. The number of
students attending each lecture is decided by student enrolments, and the classrooms have fixed,
but different, sizes. Each multi-session lecture may have either consecutiveness or periodicity
constraints. There are R classrooms, and classroom r is of capacity cr, r = 1, 2, . . . , R. The
UTP consists of assigning L lectures into a timetable of D working days and P periods in each
day. The timetable can be repeatedly used during the whole semester. Existing UTPs in most
universities involve weekly timetabling. The objective is to minimize the total penalty cost for
the soft constraints without violating the hard constraints. A lecture is defined as unassigned if
any session of that lecture is not assigned. One lecture is assigned to a day-period-room slot
when one session of that lecture is assigned there. Moreover, a group contains several lectures,
and lectures from the same group may appeal to the same students. Therefore, we attempt to
avoid scheduling overlapping lectures from the same group. If two such lectures are assigned
to consecutive periods in the same day, we attempt to reduce the distance between the class-
rooms for those two lectures. The hard constraints (H1–H5) and soft constraints (S1–S4) are as
follows:

H1. At most, one session can be assigned to a day-period-room slot.

H2. Each session of a lecture must be scheduled in a distinct day-period-room slot.

H3. The number of students enrolled in the lecture should not exceed the capacity of the target room.

H4. If a multi-session lecture has the periodicity constraint, sessions must be spread over time (i.e. not back-to-back)
and should be held during the same period and in the same classroom. The minimum interval between each session
is one day.
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H5. If a multi-session lecture has the consecutiveness constraint, sessions must be offered in continuous periods in
the same day and in the same classroom.

S1. The number of unassigned lectures should be minimized.

S2. For each lecture, the number of students attending the lecture should be close to the capacity of the target room
that hosts the lecture.

S3. The overlapping of lectures from the same group should be minimized.

S4. The distance between the classrooms hosting lectures from the same group and given in consecutive period slots
in the same day should be minimized.

H1–H3 are typical hard constraints in the UTP. H4 presents the periodicity constraint, which is
set to give faculty members and students time to prepare and review the lectures. The UTP with
D = 5 is the most commonly seen in the real world. In this case, for a lecture with three sessions
under the periodicity constraint, the sessions can only be assigned to Monday, Wednesday, and
Friday, while our model and algorithm are developed for general cases. H5 presents the consecu-
tiveness constraint when some lectures must be given so that related components of the learning
experience, such as laboratory and discussion sessions, are properly accommodated. S1 is used
to assign as many lectures as possible. S2 means that the classrooms should be fully occupied.
S3 seeks to minimize the conflict between lectures typically attended by the same students to
provide students more choices for lectures. S4 means that students, who have different lectures
in consecutive periods in the same day, need not traverse long distances on campus.

2.2 Mixed integer program formulation

In many real cases, administrators at universities decide whether multi-session lectures have
either the consecutiveness or the periodicity constraint. We consider this issue in our model by
using the (0,1) decision variable, zl. Let T be the set of multi-session lectures. Lecture l has the
periodicity constraint if zl = 1; otherwise, zl = 0, l ∈ T. Let PERPC and PERCC be the percent-
ages of multi-session lectures with the periodicity constraint and the consecutiveness constraint
in all multi-session lectures, respectively. The following notations explain the model:

Indices:

a index for days, d ∈ {1, 2, . . . , D}
p index for periods, p ∈ {0, 1, . . . , P + 1}
r index for classrooms, r ∈ {1, 2, . . . , R}
l index for lectures, l ∈ {1, 2, . . . , L}

Parameters:

cr capacity of classroom r
nl maximum number of students in lecture l
ml number of sessions of lecture l
N number of lecture groups with the potential to have common students
Lk group k of lectures with the potential to have common students, k = 1, 2, . . . , N
Sij distance between classrooms i and j
a upper bound on PERPC

b upper bound on PERCC

U number of multi-session lectures
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M a big positive number
ws1

l unit penalty cost associated with constraint S1 for unscheduled lecture l
ws2 unit penalty cost associated with constraint S2
ws3 unit penalty cost associated with constraint S3
ws4 unit penalty cost associated with constraint S4

Decision variables:

Xd,l,p,r 1: if one session of lecture l is assigned to classroom r in period p on day d;
0: otherwise.

Yl,p,r 1: if lecture l is assigned to classroom r in period p;
0: otherwise.

zl 1: if lecture l with multiple sessions has periodicity requirement;
0: otherwise

f s1
l 1: if lecture l is not assigned;

0: otherwise.
f s2
d,p,r gap between the size of classroom r and the number of students of the lecture assigned

to this classroom in period p on day d.
f s3
d,k,p number of overlapping lectures in period p on day d between lectures in Lk .

f s4
d,i,j,p distance between classrooms for lectures i and j assigned in periods p and (p + 1) on

day d.

This MILP model for the UTP is formulated as follows:

min
L∑

l=1

ws1
l f s1

l + ws2
D∑

d=1

P∑

p=1

R∑

r=1

f s2
d,p,r + ws3

D∑

d=1

P∑

p=1

N∑

k=1

f s3
d,k,p + ws4

N∑

k=1

D∑

d=1

P∑

p=1

∑

i∈Lk

∑

j∈Lk

f s4
d,i,j,p.

(1)
Subject to

D∑

d=1

P∑

p=1

Xd,l,p,r = 0 ∀l, rwith nl > cr, (2)

L∑

l=1

Xd,l,p,r ≤ 1 ∀d, p, r, (3)

D∑

d=1

P∑

p=1

R∑

r=1

Xd,l,p,r = ml(1 − f s1
l ) ∀l, (4)

P∑

p=1

R∑

r=1

Yl,p,r = zl ∀l ∈ T , (5)

D∑

d=1

Xd,l,p,r + ml(1 − Yl,p,r) ≥ ml ∀l ∈ T , p, r, (6)

Xdlpr + X(d+1)lpr ≤ 1, ∀d ≤ (D − 1), l ∈ T , p, r, (7)
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(ml − 1)(Xd,l,p,r − Xd,l,p+1,r) − M zl ≤
p−1∑

j=p−ml+1

Xd,l,j,r ∀d, l ∈ T , ml ≤ p ≤ P, r, (8)

(ml − 1)(Xd,l,p,r − Xd,l,p−1,r) − M zl ≤
p+ml−1∑

j=p+1

Xd,l,j,r ∀d, l ∈ T , 1 ≤ p ≤ P − ml, r, (9)

xd,l,0,r = Xd,l,(P+1),r = 0, ∀d, l, r, (10)
∑

l∈T zl

U
≤ a, (11)

U − ∑
l∈T zl

U
≤ b, (12)

f s1
l = 0, 1 ∀l, (13)

f s2
d,p,r ≥

L∑

l=1

[(cr − nl)Xd,l,p,r] ∀d, p, r, (14)

f s3
d,k,p ≥

R∑

r=1

∑

l∈Lk

Xd,l,p,r − 1 ∀d, p, and k = 1, 2, . . . , N

f s4
d,i,j,p ≥

R∑

t1=1

R∑

t2=1

[(Xd,i,p,t1 − Xd,i,p+1,t1 + Xd,j,p+1,t2 − Xd,j,p,t2 − 1)St1,t2 ],

(15)

∀d, p < P + 1, and i, j ∈ Lk , (16)

f s2
d,p,r ≥ 0 ∀d, p, r, (17)

f s3
d,k,p ≥ 0 ∀d, p, and k = 1, 2, . . . , N , (18)

f s4
d,i,j,p ≥ 0 ∀d, p, and i, j ∈ Lk , (19)

Xd,l,p,r = 0, 1 ∀d, l, p, r, (20)

Yl,p,r = 0, 1 ∀l, p, r, (21)

zl = 0, 1 ∀l ∈ T . (22)

The objective function (1) minimizes the total penalty from violations of soft constraints.
Constraint (2) states that the size of a classroom should be greater than or equal to the num-
ber of students of the lecture assigned to that classroom. Constraint (3) indicates that, at most,
one session can be assigned to a day-period-room slot. Constraint (4) ensures that f s1

l is 0 if
all sessions of lecture l are assigned. Constraints (5) and (6) ensure that multi-session lectures
with periodicity constraints must be assigned to the same classroom in the same period. Con-
straint (7) prevents multi-session lectures with periodicity constraints from being assigned in
successive days. Constraints (8) and (9) relate to the consecutiveness constraints: They show
the difference between Xd ,l,p,r and Xd ,l,p + 1,r, and they reflect acceptable situations only when
the difference between Xd ,l,p,r and Xd ,l,p + 1,r is 1 and the sum of Xd ,l,p,r should be (ml − 1).
Figure 1 illustrates an example of the assignment of a lecture under consecutiveness con-
straints. We can see that lecture l with three sessions is assigned to Periods 2 to 4, day d, and
room r, Xd ,l,2,r − Xd ,l,1,r = Xd ,l,4,r − Xd ,l,5,r = 1. Then, from Constraints (8) and (9), we obtain
Xd ,l,3,r + Xd ,l,4,r = 2 and Xd ,l,2,r + Xd ,l,3,r = 2, respectively, which means that the assignment of
lecture l satisfies the consecutiveness constraint. Constraint (10) states that virtual periods with
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Figure 1. Example of an assigned lecture with three sessions under consecutiveness constraints.

a value of 0 should be added before the first period and after the last period. Constraints (11)
and (12) ensure that the numbers of lectures with the respective consecutiveness and periodicity
constraints should not exceed the upper bounds. In addition, a + b ≥ 1 is established to guar-
antee the existence of a feasible zl under these two constraints. Constraints (13) to (19) show
the penalty variables for the soft constraints. In Constraint (15),

∑R
r=1

∑
l∈Lk

Xd,l,p,r represents

the total number of lectures in group k that are assigned to {d, p}. Then,
∑D

d=1

∑P
p=1

∑N
k=1 f s3

d,k,p
represents the total number of overlapping lectures with the potential to appeal to the same stu-
dents. Constraint (16) refers to the distance between classrooms for lectures i and j from the same
group assigned to consecutive periods in the same day; if lectures from the same group have an
overlapping timeslot, then the distance between classrooms is not considered because students
should not select both of these lectures. From Constraint (16) we can see that, for lectures i and j
from the same group, the distance between classrooms t1 and t2 generates penalty cost only when
Xd ,i,p,t1 − Xd ,i,p+1,t1 + Xd ,j,p+1,t2 − Xd ,j,p,t2 = 2, which implies that Xd ,i,p,t1 − Xd ,i,p+1,t1 = 1 and
Xd ,j,p+1,t2 − Xd ,j,p,t2 = 1. In this case, the session(s) of lecture i assigned to day d can be finished
at period p and the session(s) of lecture j assigned to day d starts at period p + 1. Moreover,
these two lectures do not have overlapping timeslots. Hence, Constraint (16) represents the case
in which the penalty cost of S4 can be generated.

3. Solution space

This section presents the spatial solution based on the 3DCPP, which is used to maximize the
utilization rate of the container packed with a set of cuboid items.

We can convert the UTP into the 3DCPP by considering lectures as items to pack into a
container. We need to pack these items into a container with length of D, depth of R, and width
of P under the hard and soft constraints. In particular, each multi-session lecture (e.g. lecture l)
with the consecutiveness constraint can be considered as an item, the three dimensions of which
are 1, 1, and ml. We sort the classrooms in an ascending order of room sizes. Then, we define
Classroom 1 as the smallest and Classroom R as the largest. The room axis is numbered with the
index of classrooms (Figure 2).

3.1 Layer-based bottom deepest left with fill strategy

The layer-based bottom deepest left with fill (LBDLF) strategy is used to assign the lectures into
the classrooms effectively. For one lecture to be assigned, we develop a layer in the horizontal
to mark the smallest classroom that can accommodate the number of students assigned to it.
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Figure 2. Graphical presentation of solution space with 5 days, 6 periods each day, and 7 classrooms.

Considering S2, we give the higher priority to the smallest classroom above the base layer. In
that classroom, the timeslots must be examined from the left upper corner. It means that we
attempt to assign lectures to the feasible timeslot(s) with the smallest values of day and period.
Figure 3 illustrates the pseudo-code for the LBDLF strategy.

As Figure 3 shows, we choose the first slot for lecture l by using the LBDLF strategy. If lecture
l is a single-session lecture or if it is a multi-session lecture with the consecutiveness constraint,
then the complete assignment of lecture l is determined for the first slot. If lecture l is a multi-
session lecture with the periodicity constraint, then we will try the assignment from the first slot
and other slots which satisfy H4.

Figure 3. Pseudo-code for the LBDLF strategy.
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3.2 Swap neighbourhoods

For a solution, we can swap the assignments of two lectures as if we are swapping the positions
of two solid items in one container. According to De Causmaecker et al. [14], we discuss three
types of swap:

With the horizontal swap, lectures assigned in the same classroom can be swapped; with the
vertical swap, lectures assigned in the same day-period timeslot can be swapped; with the mixed
swap, the horizontal and vertical swaps are combined. In a mixed swap, both the classrooms and
day-period timeslots of two lectures will be changed.

The horizontal and mixed swaps may decrease the penalty costs caused by violating S3.
Because the vertical swap does not change the timeslots of the lectures, it has no impact on
the penalty cost associated with S3. It is easy to see that these three types of swaps may
decrease the penalty costs caused by violating S4. However, they achieve these improvements
through different mechanisms. The horizontal swap may reduce S4 violations by not assigning
two lectures in consecutive periods of the same day, and the vertical swap may decrease the
distance between the two classrooms. However, the penalty costs from violating S1 and S2 can-
not be decreased under the three types of swap. We avoid swaps that could not reduce penalty
costs.

4. Hybrid GA

This section presents the HGA applied toward the UTP as per the GA that includes the LBDLF
strategy and a local algorithm.

In the HGA, the sequence of assigning lectures and the conditions of consecutiveness and
periodicity constraints of multi-session lectures are represented by a chromosome. The fitness of
each chromosome is determined by objective function (1). For a chromosome, an initial assign-
ment solution can be obtained based on the LBDLF. Then, the solution is improved through a
local search. Figure 4 shows the flow chart of HGA creation.

4.1 Local search

The local search is developed to improve the initial solution obtained by each chromosome.
We compare all pairs of assigned lectures. If one pair of lectures generates a penalty cost from
violation of either S3 or S4, then we swap one of the lectures with another in the neighbourhood.
We do not use the vertical swap if the pair of lectures does not generate a penalty cost from
violation of S4. For each pair of lectures, the local search is run for a number of iterations, and
we save the swap generating the smallest penalty cost.

4.2 Chromosome representation

A chromosome in the HGA has two rows with L columns. Therefore, each chromosome contains
L genes. The first row presents the sequence of assigned lectures and the second one presents the
consecutiveness and periodicity constraints of the lectures. We let rl represent the consecutive-
ness and periodicity constraints of lecture l and rl can be equal to 0, 1, and 2. If rl = 0, then
lecture l does not have the consecutiveness or periodicity constraint. If rl = 1, then lecture l has
the consecutiveness constraint. If rl = 2, then lecture l has the periodicity constraint. Figure 5
shows an example of the chromosome structure. We first assign Lecture 2 to a vacant slot based
on the LBDLF strategy, and then Lecture 6 is assigned, and the process is repeated in sequence
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Figure 4. Flowchart of the HGA.

Figure 5. Chromosome structure.

such that the lecture genes are assigned to specific slots. We can obtain a complete solution as
depicted by a chromosome and through use of the LBDLF strategy.

Equation (23) is used to measure the fitness value of chromosome i, i = 1,2, . . . , POP, where
POP represents the population size.

Fitnessi = 1/the total penalty cost in chromosome i. (23)

4.3 Population initialization

Each gene on the chromosome indicates a lecture, and the sequence of the genes shows the
order of assigned lectures into classrooms. Throughout the procedure, the directed initialization
and random initialization methods were applied to chromosomes. For the directed method, one
special chromosome initiates the process such that multi-session lectures are assigned before
the single-session lectures. Furthermore, among multi-session lectures, those with periodicity
constraints are scheduled before the lectures with consecutiveness constraints, and they are
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assigned according to the descending order of the required periods in a week. However, the
remaining genes on the chromosome are randomly arranged as per the Fisher-Yates shuttle
method [23]. The use of two different methods helps the researcher achieve two goals for finding
solutions: The directed initialization method provides fast convergence to a local optimum and
the random initialization method maintain the genetic diversity of the initial population.

4.4 Chromosome decoding

The lectures are assigned in sequence by the LBDLF strategy. The number of lecture students is
used to generate a layer that reveals the number of feasible classrooms. The list of classrooms is
prepared in descending order by capacity, which must be no smaller than the number of students
attending the lecture. Sometimes the most suitable classroom has already been scheduled for
other lectures. In this case, a classroom one size larger than the best fitted classroom is consid-
ered for assigning the lecture. Following the LBDLF strategy, the starting point is always the first
period on Monday. The objective is to minimize the total penalty cost, so the chromosome with
the largest fitness value is considered the best one. Elitism strategy is used to select good chro-
mosomes that transmit the best genes and help maintain the diversity of the population. Also,
the use of this strategy can prevent the disappearance of good solutions during the process of
crossover and mutation [15]. After each original chromosome population was evaluated, the one
with the largest fitness value was saved.

4.5 Chromosome selection, crossover, and mutation

In the HGA, a large perturbation in the chromosome helps reveal the best solution, because the
HGA, contrary to a simple GA, has a local optimization property. Order crossover and inversion
mutation helps maintain chromosome diversity among the population. In each generation of
the HGA, a certain number of chromosome pairs among the current population are selected for
crossover and mutation. Each pair of chromosomes can be obtained with the following approach.
Without loss of generality, let these two chromosomes in one pair be P1 and P2. Let the two
new chromosomes generated from the crossover and mutation by P1 and P2 be O1 and O2,
respectively. First, two chromosomes were randomly chosen from the current population which
are denoted as K1 and K2, respectively. Second, of K1 and K2, the one with the higher fitness
value is chosen as P1. Third, P2 is selected through the first two steps.

For each pair of chromosomes, crossover occurs with a probability of Pc. During a crossover,
two arbitrary cutting lines, c1 and c2, are placed on P1. The genes between two cutting lines are
copied and placed in the corresponding location on O1. The genes on O1 following the second
cutting line are replaced with those copied in the order of sequence from the corresponding space
on P2. O2 is built through the same process, except the roles of P1 and P2 are reversed.

We conduct a two-step mutation for O1 and O2 to avoid searching in local optimal solu-
tions. In the first step, two genes of O1 are randomly selected and swapped with a probability
that is denoted as Pm1. In the second step, the consecutiveness and periodicity conditions of
each genes representing multi-session lectures are randomly changed with a probability that is
denoted as Pm2. These two steps are also conducted for O2. Then, O1 and O2 are added in the
current population.

4.6 Updating the population and stopping criteria

The chromosomes are listed in descending order of fitness value and only the top 50% is included
in the new population. This method is widely used, in general, for termination of GAs. However,
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quickly reaching a local optimum should be avoided to prevent wasteful iterations of genetic
operations. The diversity index (div) is used to prevent reaching local optimums too quickly.
The fitness value of each chromosome is evaluated after the genetic operation step for all the
chromosomes in one generation. The best chromosome, f best, is selected by comparing the fitness
values of each chromosome. Then, the average of the fitness values among the population in one
generation can be calculated as f avg. The value of div is calculated as Equation (24). If the
index div converges to zero, the worst chromosomes are replaced by new randomly initialized
chromosomes. Thus, the new generation can maintain the diversity of the population.

div = fbest − favg

favg
. (24)

The fitness value of the best chromosome identified in the preceding step is compared to that
of the best chromosome in the new population. If the fitness value of the best chromosome in
the original population is less than the fitness value of new one, the new one is chosen as per the
elitism selection strategy.

The stopping criterion is met when the generation counter reaches the maximum number of
generations. If the stopping criterion is not met, we continue running the HGA by creating a new
generation.

5. Computational experiments

This section shows our three computational experiments. In Experiment 1, we run the HGA on
the instances generated by our rule. The effect of PERCC and PERPC are discussed in Exper-
iment 2, which is based on the same instances analysed in Experiment 1. For Experiment 3,
we run the algorithm on new instances generated based on the well-known benchmarks of
the ITC2007. Because our UTP is different from the one involved in the ITC2007 in sev-
eral respects, we generated new instances by incorporating several ITC2007 benchmarks, such
as the total number of sessions, classroom capacity, and student number, into the instances
analysed. The instances we analysed and the HGA source code are publicly available at
http://scm.snu.ac.kr/publication/code/GA_Instances.rar.

The MILP model was coded in FICO Xpress-IVE version 7.3, and the HGA models were run
in the Java programming language in Windows 7 on a PC with Intel Core 3.6 GHz. Two sets
of experiments were conducted in this study. Because the tabu search has been used in many
existing studies on the UTP, we compare our HGA with a tabu search algorithm based on De
Causmaecker et al. [14]. By searching the horizontal, vertical, and mixed swap neighbourhoods,
we swap the lecture assigned to each timeslot with other lectures. We switch from one neigh-
bourhood to another one when the swaps reach a point where they are not improving the output;
we set the search limit per neighbourhood to 10 based on results from pilot tests. The tabu search
for one timeslot stops when we finish searching the three neighbourhoods. To make the tabu
search algorithm more competitive, we add the initial solution generation mechanism that Lü
and Hao [37] have proven efficient. Under this mechanism, the consecutiveness and periodicity
constraints for each multi-session lecture are determined to maximize the number of available
periods for the lecture.

5.1 Setting parameters for experiment 1

We choose the UTP used in most South Korean universities as an example for our experiments.
In the authors’ university, a weekly timetabling with five working days is determined, and the

http://scm.snu.ac.kr/publication/code/GA_Instances.rar
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timetable is used every week during the entire 16-week semester. In the timetable for each class-
room, the lecture timeslots consist of six 90-minute periods per day from Monday through Friday.
Lectures should be assigned to timeslots, and each timeslot can be defined as a set consisting of
a day, period, and classroom.

Prior to assigning lectures to the timeslots, schedulers need to decide the periodicity and con-
secutiveness conditions for multi-session lectures. We tested our HGA and the tabu search on
small, medium, and large problems. In those problems, the classroom capacity follows a uni-
form distribution in [50, 200]. The distance between every pair of classrooms follows a uniform
distribution in [0, 10]. The maximum number of students in each lecture follows a uniform dis-
tribution in [20, 120]. We arbitrarily selected four values, 30, 0.1, 20, and 5, as the unit penalty
costs for violating S1, S2, S3, and S4, respectively. We decided that possibilities for a lecture
to have one, two, and three sessions are 10%, 80%, and 10%, respectively, which indicates that
the two-sessions-per-week format is the most common. The lectures that require one or three
periods a week often have special features, such as association with laboratory classes, seminars,
and the like. Most universities in China also have this type of lecture scheme. Because each
university may assign different values to the period and time length, our algorithm can be easily
customized.

To solve the problem efficiently and to set the parameters for the HGA, we conducted pilot
tests with large problems. The results are shown in Figures 6–10. Population sizes of 50, 150,
200, 250, and 300 were tested, and the results show that the best population size according to
the objective function and optimal computation time is 200. When the population is more than
200, the best solution obtained from the HGA cannot be improved even if the computation time
is increased. For the same reason, we found that the HGA has the highest efficiency when the
maximum generation number is set to 400. The results show that 0.7 is the best value for Pc

as determined by the mean of the objective function value. The impacts of Pm1 and Pm2 on the
objective function value are shown in Figures 9 and 10. We set Pm1 and Pm2 to 0.2 and 0.1,
respectively. In addition, based on the pilot tests, we set the number of iterations of the local
search in the HGA as 100 for the experiments.

5.2 Experiment 1

Experiment 1 was conducted to compare the performances of the tabu search and the HGA.
Randomly generated problem sets were categorized into small, medium, and large. The small
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Figure 6. Total costs under different values of population size.
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Figure 10. Total costs under different values of Pm2.

problems were limited to 5 classrooms, 100 lectures, and 4 groups; the medium problems were
limited to 10 classrooms, 200 lectures, and 4 groups; and the large problems were limited to 15
classrooms, 300 lectures, and 6 groups. For each problem size, we generated five instances. For
each of these instances, we randomly assigned a lecture to a group, and the lecture could not be
assigned to any group with a possibility of 40%. Table 2 summarizes the values of U, N, and |Lk|
for each instance, k = 1,2, . . . , N. The symbol ‘/’ represents no value for that parameter.

Tables 3–5 show the comparisons of the tabu search and the HGA for the instances of different
problem sizes. In these problems, PERPC and PERCC were not limited. As can be seen from the
results, the HGA can obtain better solutions than the tabu search within an acceptable time. As

Table 2. Values of U, N, and |Lk | for the instances.

Instance of small size problem Instance of medium size problem Instance of large size problem

1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

U 88 87 86 77 88 166 179 179 163 176 264 262 250 244 261
N 4 4 4 4 4 4 4 4 4 4 6 6 6 6 6
L1 8 11 14 5 9 22 20 21 18 22 25 32 26 27 22
L2 10 12 13 8 18 17 26 9 24 27 26 34 27 31 27
L3 14 11 9 7 8 25 26 24 23 24 38 31 27 19 25
L4 13 15 15 16 16 20 29 38 27 28 29 34 36 34 36
L5 / / / / / / / / / / 37 41 27 29 39
L6 / / / / / / / / / / 15 14 16 15 23

Table 3. Comparison of the tabu search and the HGA for instances with 100 lectures, 5 classrooms, and 4 groups.

tabu search HGA

Instance Objective value
Computation

time (seconds) Objective value
Computation

time (seconds)

1 1794.5 0.53 1685.6 14.24
2 1963.8 0.52 1786.3 17.22
3 2105.8 0.53 1572.0 16.50
4 1973.6 0.54 1322.5 17.04
5 2282.9 0.70 1777.0 16.74
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Table 4. Comparison of the tabu search and the HGA for instances with 200 lectures, 10 classrooms, and 4 groups.

tabu search HGA

Instance Objective value
Computation

time (seconds) Objective value
Computation

time (seconds)

1 4658.6 3.41 3802.0 32.86
2 5493.9 3.53 5118.8 35.27
3 4302.0 3.07 3949.0 34.42
4 5235.8 3.33 4501.6 35.57
5 4265.4 3.25 4017.2 37.02

Table 5. Comparison of the tabu search and the HGA for instances with 300 lectures, 15 classrooms, and 6 groups.

tabu search HGA

Instance Objective value
Computation

time (seconds) Objective value
Computation

time (seconds)

1 7856.8 11.43 7588.4 58.98
2 7840.2 12.01 7673.0 58.32
3 8788.5 11.43 7870.0 61.55
4 9015.0 12.11 7814.6 57.97
5 8151.1 11.75 7551.4 62.87

Table 6. One solution of Instance 1 from Table 3.

Day 1 Day 2 Day 3 Day 4 Day 5

Classroom Classroom Classroom Classroom Classroom

Period 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

1 65 16 75 29 38 85 27 41 53 8 65 16 35 29 38 13 37 41 53 8 77 54 35 29 38
2 55 22 4 1 15 85 27 89 52 87 55 50 24 1 15 18 37 89 52 74 14 50 24 1 96
3 88 22 4 12 48 17 42 21 56 87 11 33 81 12 48 17 42 84 56 74 11 33 10 64 96
4 98 63 51 46 36 90 23 21 57 70 80 34 81 46 36 19 47 84 59 70 80 68 10 64 31
5 98 63 51 72 26 90 23 21 57 73 39 34 81 72 26 19 47 84 59 73 20 68 91 62 31
6 98 25 51 71 93 92 49 5 58 69 6 25 43 71 93 92 49 5 58 69 20 30 43 32 31

Note: The number in italic represents the lecture number.

the example, Table 6 shows one assignment solution of Instance 1 in Table 3 obtained from
the HGA.

Next, we analysed the percentage of assigned multi-session lectures in all of the multi-session
lectures. For each size of problem, when the number of classrooms is increased to a certain value,
most multi-session lectures can be assigned (with a percentage greater than 96%). Moreover,
such values do not correlated linearly with the number of lectures. The number of multi-session
lectures in small problems are approximately twice as big as the number in medium problems.
However, the numbers of required classrooms necessary to assign most of the multi-session
lectures in the small and medium problems are 7 and 13, respectively. Similar phenomena can be
found in the relationship between medium and large problems. Figure 11 illustrates the average
percentages of assigned multi-session lectures for the five instances of small, medium, and large
problems. We also conducted a sensitivity analysis to discuss the trend of overlap under different
values of ws3. Based on the sensitivity analysis, we found that the number of overlapping lectures
is decreased as ws3 is increased. For instance, in small problems, the average value of overlapping
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Figure 11. The percentages of assigned multi-lectures under different numbers of classrooms.

lectures in the five instances is decreased from 14.0 to 6.6, when the value of ws3 is increased
from 10 to 50.

5.3 Experiment 2

We conducted Experiment 2 to examine the effect of increasing PERCC when PERPC + PERCC

= 1. For each instance, we ran the HGA five times and obtained the average value of the solu-
tions. Figure 12 shows the results from the five instances of small problems. We can see that
the HGA obtains the best solutions with the lowest costs when PERCC was limited within the
range of 70–80% for all five instances. Figure 13 illustrates the results from the five instances
of medium problems; the best solutions were obtained when the PERCC was limited within the
range of 40% and 80%. In the five instances obtained from large problems, the best solutions
were obtained when the PERCC was limited within the range of 60% and 80% as Figure 14
shows.
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Figure 12. Total costs under different ranges of PERCC for small problems.
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Figure 14. Total costs under different ranges of PERCC for large problems.

The PERCC and PERPC have significant impacts on the optimal solutions. Specifically, these
experiments show that administrators can improve the quality of their schedule by deciding the
values of PERPC and PERCC. When the problem is large, they have more options for assigning
the multi-session lectures because the optimal PERCC and PERPC values are found within a wider
range, as Figures 13 and 14 show.

5.4 Experiment 3

We conducted Experiment 3 to test our HGA on the instances based on the well-known bench-
marks used in ITC2007. We applied several characteristics of the benchmarks into our instances.
For example, the number of sessions in each of our new instances is the same as the number of
lectures in the corresponding benchmarks. The benchmark number of classrooms, room capacity,
and building information are also retained in our instances. The results in the new experiments
show that our HGA works well with the benchmark-adjusted instances. We use the same penalty
costs and the same ratio of multi-session lectures as we used in Experiment 1. Based on pilot
tests, we set the maximum generation number and population size of the HGA to 100 and 150,
respectively. Other parameters of the HGA are the same as those in Experiment 1. Table 7 shows
the results obtained from the tabu search and the HGA for these instances. We can see that the
HGA can obtain better solutions than the tabu search within an acceptable time.
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Table 7. Comparison of the tabu search and the HGA for instances generated based on the benchmarks in the ITC2007.

tabu search HGA

Instance Objective value
Computation time

(seconds) Objective value
Computation time

(seconds)

Mcom 1 1025.6 0.524 1010.4 57.602
Mcom 2 3974.9 4.373 3473.9 57.888
Mcom 3 2531.7 2.952 2314.7 49.124
Mcom 4 4905.3 3.977 4477.4 72.127
Mcom 5 2715.2 0.548 2216.0 34.336
Mcom 6 5510.5 5.700 5205.4 85.402
Mcom 7 5543.5 9.636 5456.2 77.736
Mcom 8 5208.2 7.448 5184.5 73.465
Mcom 9 3818.9 4.406 3750.9 63.341
Mcom 10 4862.5 7.583 4680.3 83.816
Mcom 11 921.0 0.441 671.6 35.780
Mcom 12 2028.3 1.652 1602.1 48.306
Mcom 13 5641.5 5.179 4786.1 59.891
Mcom 14 3604.8 3.658 3451.3 63.281
Mcom 15 3773.3 2.900 3417.9 50.281
Mcom 16 6145.3 7.361 6108.1 67.310
Mcom 17 3637.9 5.476 3599.5 71.849
Mcom 18 1201.6 0.588 967.0 33.886
Mcom 19 3994.5 3.531 3901.1 63.969
Mcom 20 5280.2 7.028 5073.1 82.580
Mcom 21 3296.1 5.778 2657.3 75.369

6. Conclusions

According to the realistic conditions observed in many eastern Asian universities, we set the
consecutiveness and periodicity conditions of multi-session lectures as novel decision variables.
Decision makers can obtain the optimal solution by assigning the consecutiveness and periodicity
constraints to the multi-session lectures within a defined ratio. Numerical experiments showed
that such ratios influence the solutions obtained from the algorithm significantly.

This paper presented an MILP model and an HGA to solve the UTP with consecutiveness
and periodicity constraints. We designed the HGA based on the 3DCPP. The LBDLF strat-
egy is used to assign the lectures into the classrooms effectively. An efficient local search
algorithm was proposed to improve the solution determined by the chromosomes and the
LBDLF strategy. By transforming the UTP into a 3DCPP, we can obtain more options for
designing efficient algorithms. We compared our HGA with the tabu search algorithm, which
has been proven efficient in solving the UTP. The results showed that our HGA can yield
better solutions within an acceptable time than the tabu search for small, medium, and large
problems.

The MILP and the HGA featured in this paper can easily be extended to problems with
more features and constraints. Some other hard and soft constraints can be added into the
MILP, such as the preferences of professors and avoidance of overlapping mandatory lectures,
which will complicate the problem. Researchers may attempt other algorithm designs using the
3DCPP ideas and other relevant problems to develop efficient algorithms for the UTP for future
research.
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