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Abstract
In timetable scheduling problems, examination subjects
must be slotted to certain times that satisfy several of constraints. They are NP-completeness problems, which usually lead to satisfactory but suboptimal solutions. As PSO
has many successful applications in continuous optimization problems, the main contribution of this paper is to utilize PSO to solve the discrete problem of timetable scheduling. Experimental results confirm that PSO can be utilized
to solve discrete problem as well.

1. Introduction
Timetable scheduling problems [1, 2] are problems of
time-based planning and combinatorial optimization that
tend to be solved with a cooperation of search and heuristics, which usually lead to satisfactory but suboptimal solutions. There are many kinds of timetable scheduling problems in the daily life, such as examination, lecture, and
transportation timetables. In timetable scheduling problems, events must be slotted to certain times which satisfy
several of constraints. It is difficult to design knowledgebased and OR-based algorithms to solve such problems. On
the other hand, constraint satisfaction techniques have been
used to solve hard constraints; however, it is more difficult
to handle soft constraints such as preferences. PSO algorithm is used to schedule exam timetables and the main issues we are going to address are as follows:
• The quality of the examination timetable.
• The times spent in producing the timetable.
Particle swarm optimization (PSO) [3, 4, 5] is an alternative
population-based evolutionary computation technique developed by Dr. Eberhart and Dr. Kennedy in 1995, inspired
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by social behavior of bird flocking or fish schooling. PSO
shares many similarities with evolutionary computation
techniques such as Genetic Algorithms (GA) [6, 7, 8]. Unlike GA, PSO has no evolution operators such as crossover
and mutation. Therefore, PSO attempts to simulate social
behavior, which differs from the natural selection schemes
of genetic algorithms. In PSO, the population consists of
potential solutions, called particles, similar to birds in a
flock. PSO is initialized with a group of random particles
(solutions) and then searches for optima by updating generations. All of particles have fitness values which are evaluated by the fitness function to be optimized, and have velocities which direct the flying of the particles. While flying,
every particle updates its velocity and position based on its
own best experience and that of the entire population. The
updating policy will cause the particle swarm to move toward a region with a higher object value.

2. Problem description
In this specific timetable scheduling problem, the events
are exams, and the times are the separate time slots. There
are three days for the allocation of the exams. Each day contains four time slots, two are in the morning and another two
are in the afternoon. Table 1 illustrates the exam timetable
framework used for this paper, where 1, 2, 3, · · · , 12 are
time slots. A student may take different number of exams
because they may take different number of courses. We consider this problem in terms of maximum number of exams
per student in the following three cases:
• a student takes 11 exams,
• a student takes 13 exams, and
• a student takes 15 exams.
The minimum number of exams and the number of students
are 9 and 50, respectively. The most important constraint
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of the exam timetable is that the same student cannot take
two different exams at the same time. In other words, the
exams cannot clash for any student. This is the only hard
constraint. However, we also consider the several soft constrains:

In step 2 , the process of velocity update is shown as follows:

• Very strongly prefer no more than two exams per day
for any student.

In step 3 , movement of the particles is processed by the
following equation:

• Strongly prefer not to have exams consecutive on the
same half day for a student.
• Prefer not to have exams consecutive on different half
days of the same day for the same student.

Table 1. Time slots allocation for examination
time

AM

PM

8:30

10:30

13:30

15:30

10:00

12:00

15:00

17:00

1st day

1

2

3

4

2nd day

5

6

7

8

3rd day

9

10

11

12

3. Particle swarm optimization (PSO)
PSO is a methodology that is based on social behavior
of evolution, which means it is naturally not alike those
methodologies that use natural evolution as the weedingout process [6, 7, 8]. PSO processes the search system using
populations of particles, which corresponds to the use of individuals in genetic algorithms. Each particle is updated by
following two best values in every iteration. The first one
is the best previous position of the the kth particle at the ith
iteration Pki . Another is tracked by the particle swarm optimizer and obtained so far by any particle in the population.
This best position is a global best amongst all the particles
Gi from the first iteration to the ith iteration. Each particle is equivalent to a candidate solution of a problem. The
particle moves according to the velocity adjusted, which is
based on that particle’s experience and the experience of
its companion. As a result, PSO usually can achieve the
nearly best solution in much lesser evolution than the others [9, 10]. The original particle swarm optimization (PSO)
can be described as follows.
In step 1 , how many particles are used to solve the problem is decided. Every particle has its own position,
velocity and best solution. Then,
f (Pki ) ≤ f (Pki−1 ) ≤ · · · ≤ f (Pk1 ).

Vki+1 = Vki + C1 · r1 .(Pki − Xki ) + C2 · r2 · (Gi − Xki ).

Xki+1 = Xki + Vki+1 , i = 0, 1, · · · , M − 1,
where M is the particle size, −Vmax ≤ Vki+1 ≤ Vmax
(Vmax is the maximum velocity), and r1 and r2 are
random variables such that 0 ≤ r1 , r2 ≤ 1. If a solution is better than Gi , Gi will be replaced by this solution to represent Gi+1 in step 4. Otherwise, there
will be no change for the global best solution, i.e.
Gi = Gi+1 . These recursive steps will go on unless
we reach the termination condition in step 5. In this paper, we propose a method based on self-mutation concept for PSO to solve the discrete problem of timetable
scheduling which will be presented in next section.

4. PSO for timetable scheduling
The proposed method attempts every particle would be
self-changed two slots of particle and gives the chance to
have the global best and the local best solutions. It increases
the chance of particles to find a better solution and to leap
the local optimal solutions. The self-mutated PSO method
can be shown in Figure 1 and described as follows:
First of all, perform with PSO operation similar, the proposed self-mutated PSO method also random generation of
an initial population that we want to use to solve the problem. For example, there are M particles to be used; the
particles can be represented as:
X = {x1 , x2 , · · · , xM }
In beginning, we randomly produce a group of 20 candidate solutions as particles. Each particle is equivalent to a
candidate solution of a problem. The performance of 20
candidate solutions is first evaluated and ordered. The best
previous position of the kth particle should be put in Pki at
the ith iteration. The best position amongst all the particles
from the first iteration to the ith iteration should be put in
Gi . Then new timetables of next generation are produced
by following several steps:
• Movement of the particles is processed by the following procedure:
1. Each particle (Xki ) must be changed two slots at
random by itself.
Ski+1 = rand − mutate(Xki )
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2. An instance of four and three exams in on day has a
penalty 4 and 3 respectively.
3. An instance of two exams consecutive in the same half
day or in different half day has a penalty 2 and 1 respectively. The results averaged from 10 seeds are
shown in Table 2 and Figure 2, 3, 4.

Table 2. Performance evaluation using PSO
Performance evaluation using PSO
11 exams
seed

Penalty

Time

13 exams
Penalty

(sec.)

Figure 1. Outline of PSO for Timetable
Scheduling.

2. Copy a slot for a subject randomly from the local
best (Pki ) to particle (Ski ).
Wki+1 = rand − change(Ski+1 , Pki )
3. Copy a slot for a subject randomly from the
global best (Gi ) to Wki+1 at random.
Xki+1 = rand − change(Wki+1 , Gi )
The evolutionary cycle will repeat over and over again until
an optimal timetable is found or a certain maximum number of iteration is reached. Therefore, it is easier to escape
from local optimum and approach the global or near global
optimum in short time.

5. Experimental result
The overall quality of the timetable is evaluated by the
evaluation function that adds up all violations of all constraints by testing it with each student’s exams. Each constraint has an associated weight or penalty defined in an intuitive way as follows:
1. A single clash has a penalty of 10.

Time

15 exams
Penalty

(sec.)

Time
(sec.)

1

219

3.97

409

4.06

463

4.27

2

216

3.88

452

4.08

463

4.22

3

218

3.86

390

4.08

464

4.23

4

217

3.86

420

4.06

467

4.22

5

217

3.86

444

4.16

464

4.25

6

219

3.88

433

4.06

470

4.20

7

217

3.84

407

4.05

464

4.22

8

218

3.86

408

4.08

458

4.23

9

219

3.86

389

4.05

474

4.20

10

216

3.88

408

4.05

476

4.22

Average

217.60

3.88

416

4.07

466.30

4.23

Experimental results demonstrate that PSO can be an
efficient method for solving the discrete problem of the
timetable scheduling and there is no clash happened for the
timetable scheduling. We will also apply our former work,
parallel particle swarm optimization (PPSO) [11] or combining the PPSO with the tabu search approach to further
improving the efficiency of the timetable scheduling problem.
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