
Abstract
This paper details a final exam timetable generator.

This generator make use of a genetic algorithm
optimizer and has the ability to generate several
quality timetables for analysis and selection. This
generator has been in use at the École de technologie
supérieure with encouraging results. In all exam
timetables, there are no exam conflicts, no student
having to take 3 consecutive exams and the number of
exams per period are always satisfied. There are on
average 0.8% of the student body with 2 consecutive
exams and about 11% of the student body have 1 pair
of exams separated by 1 or 2 free periods. All other
students have strictly more than 2 free periods between
exams.

Keywords: Exam timetabling; Genetic algorithm;
Constrained optimization

1. INTRODUCTION

The final exam timetabling problem requires the
assignment of a given number of exams within a fixed
amount of time [1]. Our examination timetabling
problem has the following characteristics: i) there is
only one exam for each course; ii) no student should
have two exams scheduled at the same time slot;. iii)
exams are spread out temporally to give students more
time to study. Therefore we should minimize the
number of students with consecutive exams; iv) an
exam should be assigned to the same time slot as the
class schedule. This is helpful to most coop and part-
time students since they have to plan their work
schedule beforehand with their employers; v) due to the
finite number of classrooms and other concurrent
campus activities, there is a maximum number of
exams per time slot; vi) some exams need to be

preassign to a time slot based on laboratory equipment
availability and other logistical constraints; vii) some
exams can only be assigned to a subset of time slots
because of laboratory equipment availability and other
logistical constraints. The timetable generator has to
take into account all these characteristics.

This paper is organized as follow. Section 2 presents
the final exam timetabling problem model. Section 3
details the genetic algorithm optimizer used in this
work. Section 4 presents the mapping of the
timetabling problem into a constrained genetic
algorithm optimization problem. Some practical results
are shown in section 5. We conclude this paper in
section 6.

2. PROBLEM MODEL

We characterize our final exam timetabling problem
(FETP) as follow. There are q courses c1, c2, …, cq with
one exam for each course ci. These exams are
partitioned into r exam-groups G1, G2, …, Gr such that
for each Gi there are students that take all exams
belonging to group Gi.

Every school day of the semester has 3 class-
periods. They correspond to the morning, afternoon and
night classes. In every student class schedule, each
course ci is given a value such that ci ∈  {0, 1, 2}. This
value identifies the membership of ci to one of the 3
class-periods of a school day. For the exam schedule,
there are d days of exams. Thus we have a total of 3d
exam-periods available for exam assignment.

To take into account the availability of exam-
periods and the possibility of preassignment, we define
an availability matrix Aq×3d such that ai,k = 1 if period k
is available for exam i and ai,k = 0 otherwise. Using a
similar logic, we define a preassignment matrix Bq×3d
such that bi,k = 1 if exam i is preassigned to period k
and bi,k = 0 otherwise. There exists only one
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preassigned period per exam, that is 3
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1, 2, …, q. Finally, we denote lk as the maximum
number of exam for period k.

Given the above problem setting, our goal is to find
a timetable si,k, i = 1, 2, …, q and k = 1, 2, …, 3d that
minimizes

H = α1h1 + α2h2 + α3h3 (1)
where α1, α2, α3 are weighting factors and
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The objective function (2.1) counts the number of three
consecutive exams in day for all groups of exams. The
objective function (2.2) returns the number of
consecutive night and next-day morning exams. The
minimization of (2.1) and (2.2) will help spread out the
exams across the schedule. The objective function (2.3)
counts the number of mismatches between a course’s
class-period and the assigned exam-period. As pointed
out earlier, this is important for most coop and part-
time students.

As for the constraints, equation (3.1) states that each
exam must be assigned to one et only one exam-period.
While (3.2) indicates that si,k = 1 if exam i is assigned
to period k, otherwise si,k = 0. The constraint (3.3)
stipulates that every exam in a given exam-group must
not be assigned to a same period. This, in effect,
forbides any exam conflicts (two or more exams of the
same exam-group assigned to the same period). Finally,
inequation (3.4) limits the number of exams per period
to a maximum of l exams. The constraints (3.5) and
(3.6) force the assignments to satisfy the availability
matrix and the preassignment matrix respectively.

We do not attempt to solve this FETP directly
because this timetabling problem is known to be NP-
complete [2]. Rather, we transform our FETP into a
constrained genetic algorithm optimization problem
and use a genetic algorithm to find an optimized
timetable. The genetic algorithm model and the
problem mapping procedure are the subject of the next
sections.

3. GENETIC ALGORITHM MODEL

Genetic algorithms (GA) are stochastic optimization
methods using the so-called genetic operators [3]. They
belong to the family of population-based evolutionary
strategies [4]. In our context, the population is a set of
candidate solutions to the optimization problem.
Equation (4) describes the operating principal of an
genetic algorithm. We represent a genetic operator
using the form Oξ ρ , where O is some genetic operator,
ξ represent the operator’s application scheme and ρ is
the controlling parameter of the scheme. Note that
some genetic operators do not have controlling
parameters.

Utilizing the above genetic operator representation,
the operating principal of an genetic algorithm is
simply

( )( )( )( )( )1 m cg gp pI M C S F+ Ω Π Λ Γ Φ=X X (4)

where Xg is the population at iteration g, F is the fitness
attribution operator, S is the candidate solutions
selection operator, C is the selected solutions crossover
operator, M is the new candidate solutions mutation
operator and finally, I is the new candidate solutions
reinsertion operator. We can consider equation (4) as
the successive transformation of a set of candidate
solutions (i.e. population X) by a set of genetic
operators. The end results of (4) is a new set of
candidate solutions with better approximation to the
solutions of the optimization problem.

A genetic algorithm iterates until it satisfies a
stopping criterion or until it reaches a maximum
number of generations. For our timetabling problem,
we use the latter strategy so we rewrite (4) to give

( )( )( )( )( )1
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,
0,1, , .

m cg gp pI M C S F
g g
+ Ω Π Λ Γ Φ=

=
X X

…
(5)

While a genetic algorithm iterates from one iteration to
another, the best solution so far is memorized. After
gmax generations, the best solution is the best of all
solutions found during the execution of the algorithm.
Table 1 summarizes the genetic operators, their
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application scheme and controlling parameters used in
our timetabling problem.

Table 1. Genetic operators used in this work.

Fitness attribution operator FΦ

Φ direct evaluation.
Selection operator SΓ

Γ binary tournament [6].

Crossover operator cpCΛ

Λ uniform crossover [3].
pc crossover probability [0, 1].

Mutation operator mpMΠ

Π random mutation with heuristic repair.
pm mutation probability [0, 1].

Insertion operator IΩ

Ω total reinsertion.

4. PROBLEM MAPPING

This section present the mapping of the FETP into a
constrained GA optimization problem. The first step is
to define the proper candidate solution representation.
Recall that GA uses a population of candidate
solutions. The other steps of the problem mapping
procedure are: i) define the fitness calculation for a
candidate solution; ii) decide on the crossover and
mutation rates; iii) define the heuristic repair
procedure. The following subsections detail these steps
and other genetic operators used in this work.

4.1 Candidate solution representation

The natural candidate solution representation is a 1
× q vector [5]. Each element of the vector represent a
course with exam. The vector element’s value represent
the exam-period assigned to that exam. For a
population of candidate solutions we have a population
matrix defined by

, , 1, 2, , 1, 2, ,i jx i N j q = = = X … … (6)
where q is the number of courses with exam and N the
number of candidate solutions in the population. The
allowable value for each exam is equal to
corresponding preassignment matrix B element if the
exam posesses a preassign period. Otherwise the
allowable values is equal to the availability matrix A
elements. Thus, the allowable values of every candidate
solutions are,

, ,if 0, 1,2, ,3i j j kx k b k d= > = … (7.1)
or

{ }, ,| 0, 1,2,...,3 .i j j kx k a k d∈ > = (7.2)
This encoding ensures that all candidate solutions
always satisfy constraints (3.1), (3.5) and (3.6). Since
an exam-period is an integer number, we identify our
GA as one that operates on a discreet integer-coded
population.

4.2 Fitness evaluation

We define a fitness measure in order to evaluate the
quality of the candidate solutions. This fitness measure
make use of the normalized objective functions.
Therefore, each candidate solution xi = [xi,j] has a
fitness value fi determined by

( )3
1 21

1 .
1 ( ) ( ) ( )
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j j i i ij

f
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=

=
+ α + δ + γ∑ x x

(8)

The functions 1( )h ⋅ , 2 ( )h ⋅  and 3 ( )h ⋅  are analogous to
the objective functions (2.1) – (2.3) except that they
operate on a candidate solution xi instead. The
weighting factors αj give the relative importance to
different objectives while δ and γ play the role of
penalty constants. The 1( )v ⋅  and 2 ( )v ⋅  functions counts
the number of violations of constraint (3.3) and (3.4)
respectively.

As explained in subsection 4.4, exam conflicts may
arise after a candidate solution mutation. Also, the
candidate solution representation does not eliminate
violations of (3.3) and (3.4). It is clear that fi ∈  ]0, 1]
with fi = 1 indicating all objective functions are
minimized and no exam conflict occurs in xi. Every
candidate solution in a population must be evaluated
using (8). This evaluation take place after the
production of a new population and is the most time-
consuming part of the whole GA optimization process.

4.3 Reproduction process

In order to achieve better approximation to the
optimal solutions, a genetic algorithm optimizer needs
to produce new candidate solutions from one iteration
to another. The production of new candidate solutions
relies on the selection, in the current population, of the
fittest candidate solutions and share some of their
elements. The whole reproduction process involves a
selection operator and a crossover operator.

In this work, binary tournament [6] is the
application scheme for the selection of the fittest
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candidate solutions. This scheme randomly select two
candidate solutions from the current population and
compare their fitness value. The candidate solution
with the greatest fitness value wins the tournament. In
order to apply the crossover operator, we need to
execute the binary tournament twice to obtain two
selected candidate solutions.

The uniform crossover operator takes the selected
candidate solutions and share their element values with
probability pc. More precisely, the uniform crossover
produces a new candidate solution z = [zk] from parent
solutions xi and xj according to

,

,

1, 2, ,
otherwise,

i k c
k

j k

x p
z k q

x
τ ≤

= =


… (9)

where τ is uniformly distributed random number and fi
≥ fj. Thus, the new candidate solution z will have
elements taken from xi and xj.

4.4 Mutation and repair

The goal of the mutation operator is to provide some
measure of diversification within a population [3]. It is
a random perturbation that may help the optimizer to
reach beyond the local minima. After the application of
(9), a new candidate solution z is produced. We apply
the random mutation to z as follow: i) selection a
random number τ1 ∈  [0, 1]. If τ1 < pm where pm is the
mutation probability, continue to next step ii.
Otherwise do not apply random mutation to z. ii) select
a random number τ2 between 1 to q where q is the
number of course with exam; iii) select randomly a
allowable period for zτ2. This random perturbation
sometimes causes the candidate solutions to have exam
conflicts (violation of constraint (3.3)).

In order to correct this anomaly, we scan the
mutated candidate solution for any exam conflict. If
there exists exam conflicts in more than one exam-
group, we choose the exam-group with largest
cardinality and mutate the conflicting exam in that
group. If the heuristic repair produces a repaired
candidate solution that is worst than the original
mutated candidate solution, we discard the repaired
candidate solution and vice versa.

4.5 Reinsertion

The reproduction and mutation – repair processes
continue until all N new candidate solutions are
produced. The new candidate solutions form a new
population for the GA optimizer. That is, the new
population totally replaces the current population and

the algorithm is ready to execute another iteration.

4.5 Parameters calibration

In order to apply the GA optimizer to solve the
FETP, it is necessary to determine the controlling
parameters’ value. These parameters are: i) N, number
of candidate solutions; ii) gmax, maximum number of
iterations; iii) pc, crossover probability; iv) pm, mutation
probability.

There is no analytical relationship between the
performance and the population size N of a GA
optimizer [7]. However, we do know the effects of the
population size on the computation time of the
algorithm: the larger is N the greater is the computation
load.

Thus, we need to find a balance between the
coverage of the search space and the time it takes to
complete gmax iterations. In other to determine N and
gmax, we conducted a number of trial runs using a
subset of the FETP with different N and gmax and
measured their average value for the best trial-runs.
These values are then linearly extrapolated to the size
of the true FETP.

We used the same trial-runs to determine the
crossover rate and mutation rate. For the crossover rate,
we observed that the total number of conflicts decrease
more quickly with high crossover rate. However, the
standard deviation of the number of conflicts also
stabilizes sooner. It means that the population has
converged earlier than a lower crossover rate. This can
be explained by the way the uniform crossover operates
(see equation (9)).

A high crossover rate means that the new candidate
solution inherits more and more elements from the best
of its two parents. So, in the long run, the population
has more and more candidate solutions that are
descendants of a few parents. This may lead to the so-
called premature convergence problem [6]. From the
results shown in figure 1, we should restrict the
crossover rate in between 0,95 and 0,75.

We applied similar reasoning in the determination of
the mutation rate. In figure 2, no practical effects can
be observed when the mutation rate is too low. The
total number of conflicts does not change when pm =
0.01. However, noticeable decrease of the number of
conflicts occured when pm = 0.01 and pm = 0.1.

5. RESULTS

This section presents the results obtained by the GA
optimizer. The FETP data are actual data from École de
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technologie supérieure. ETS is a mid-size engineering
school in Montréal. It has 4 engineering departments,
16 undergraduate and graduate programs and over 3400
students. Table 2 summarizes the parameter setting for
all timetable generation. All the timetabling constraints
can easily be expressed by the use of a graphical
interface. The following figures show some of these
settings. For example, in figure 3, the preassigned
period or available periods of a given exam are
selected.
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Figure 1. Results for different crossover rates.
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Figure 2. Results for different mutation rates.

Table 3 shows some typical results obtained using
the timetable generator. They are very encouraging. In
all exam timetables, there are no exam conflicts, no
student having to take 3 consecutive exams and the
number of exams per period are always satisfied. There
are on average 28 students having to take 2 consecutive
exams which is about 0.8% of the student body. We

also measured the spread of a given timetable by
counting the number of course entries that has 1 and 2
free periods between exams. On average there are 370
students (about 11% of the student body) that have 1
pair of exams separated by 1 or 2 free periods. All
other students have strictly more than 2 free periods
between exams. Finally, the average computation time
is 7 hours on a 733 MHz desktop PC for a FETP with
8800 course entries, 173 courses, 32 exam-periods, 150
candidate solutions and 2000 iterations for the GA
optimizer.

Table 2. Parameters setting for timetable generation.
Parameter Value

Course entries† 8800
Courses with exam 173
Exam-period 32
α1, α2, α3 0.1, 0.05, 0.01
δ, γ 10, 0.05
Population size N 150
Maximum iteration gmax 2000
Crossover rate pc 0.85
Mutation rate pm 0.01

†Each student can take multiple courses.

Figure 3. Available and preassigned period setting.

Because GA optimizers are population-based, there
may exists more than one timetable that give the same
fitness value. Therefore, we always retain the 5 best
timetables of each GA run. These timetables are then
presented for final selection as shown in figure 4.

It is also interesting to study the quality of a given
timetable when one or more exams are assigned to
other periods. This can be done without restarting the
GA optimizer since it merely reassign a subset of
exams of the selected candidate solution. Thus, it only
involves the recalculation of the finesse value of the
candidate solution. The graphical interface of the
impact study is shown in figure 5.
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Table 3. Typical results obtained.
Objective -  constraint Nb. students with conflict

3 consecutive exam / day 0
2 consecutive exam / day 28
2 or more exams / period 0
nb. exams / period k > lk 0

Secondary criteria Nb. of students
1 free period between
exams
2 free periods between
exams

370

Other measure
Computation time ≈ 7h (733 MHz PC)

Figure 4. Best timetables for selection.

6. CONCLUSION

This paper presented a practical final exam
timetable generator using a GA optimizer. Its
algorithmic implementation is simple and does not
involve any special heuristics. This timetable generator
has been in used at École de technologie supérieure
since 2001 with encouraging results.

Further studies are already being carried out
especially in the area of multiobjective GA
optimization. Since the FETP is in fact a multiobjective
optimization problem, an multiobjective evolutionary
algorithm is a more natural method for this problem.
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