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Abstract: Scheduling final exams for large numbers of
courses and students in universities is an intractable
problem. Where scheduling is done manually, conflicts
and unfairness are inevitable. Conflicts occur when
simultaneous exams ar e scheduled for the same student,
and unfairness to a student refers to consecutive exams
or more than two exams on the same day. A good exam
schedule should aim to minimize conflicts and the two
unfairness factors based on user-assigned weights to
these three factors and subject to some constraints such
as classrooms humber and capacities. In this work, we
use a modified weighted-graph coloring problem
formulation and adapt two stochastic search algorithms
for solving the problem. The two algorithms are a
simulated annealing algorithm (SA) and a genetic
algorithm (GA). We also propose an improvement to a
‘good’ clustering-based heuristic procedure, known as
FESP, by using simulated annealing procedures. The
improved heuristic isreferred to as FESP-SA. Then, we
empirically compare the three proposed algorithms and
FESP using realistic data. Our experimental results
show that SA and GA produce good exam schedules that
are better than those of FESP heuristic procedure. Also,
SA and GA allow a reduction in the number of exam
days without much aggravating conflicts and unfair ness.
However, SA ismorefavorable sinceit isfaster than GA.

Keywords: Clustering heuristics, exam scheduling, genetic
algorithms, simulated annealing, timetabling.

1. Introduction

In universities where scheduling of final exams for large
numbers of courses and students is done manually by the
Registrar’s Office, many students complain about conflicts
or unfairness in their exams schedule. Conflicts occur where
simultaneous exams are scheduled for the same student, and
unfairness to a student refers to consecutive exams or more
than two exams on the same day. A good exam schedule
would aim to minimize conflicts and the two unfairness
factors based on weights that are user-assigned to these three
factors. Such a schedule may also be subject to constraints,

such as predefined number of days and limited-capacity
classrooms.

Several approaches and techniques for solving the exam
scheduling problem have been developed. Graph coloring
has been the basis of a few solutions (Balakrishnan, 1991;
Carter, Laporte and Chinneck, 1994; Wood, 1968; Mehta,
1981). Integer programming has also been used (Arani,
Karwan and Lotfi, 1988; Descroshes, Laporte, and
Rousseau, 1978). Clustering and extended clique algorithms
have been reported (Carter and Johnson, 2001; Leong and
Y eong, 1987; Lotfi and Cerveny, 1991). Several researchers
have used versions of genetic and simulated annealing
algorithms (Erben, 2000; Ergul, 1996; Thompson and
Dowsland, 1996; Tarhini and Mansour, 1998; Corne, Fang
and Mellish, 1993). Tabu search has been suggested in afew
papers (Di Gaspero and Schaerf, 2000; Kendall and Mohd
Hussin, 2005; White and Xie, 2000). Ant colony
optimization has been adapted by Thompson and Dowsland
(2005). Multi-criteria based heuristics have been proposed
by Burke, Bykov, and Petrovic (2000). Loca search and
hybrid agorithms have been presented (Burke et a., 2004;
Merlot et a., 2003). Deris, Omatu, and Ohta (2000) have
modeled exam scheduling as a constraint satisfaction
problem. Further, some automated software tools have been
developed for exam scheduling (Beynon, Ward and Maad,
2000; McCollum and Newall, 2000).

Previous work has been based on a variety of problem
models and solution procedures for exam scheduling.
Different approaches have dealt with different objectives
and congtraints. In particular, previous genetic and simulated
annealing algorithms have been based on different design
choices to adapt the basic paradigms (Goldberg, 1989;
Kirkpatrick, Gelatt, and Vecchi, 1983) to the exam
scheduling problem. Further, the solutions of the reported
procedures are not usualy compared with others for
evaluation purposes.

In this work, we first formulate the exam scheduling
problem as a modified weighted-graph coloring problem
based on specific objectives and constraints. These
objectives and constraints are integrated into the objective
function. Then, we propose a simulated annealing algorithm
(SA) and a hybrid genetic algorithm (GA) for solving the
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problem. Both algorithms adapt basic paradigms by using
simple design choices. We compare SA and GA to a good
clustering-based heuristic solution procedure, FESP (L otfi
and Cerveny, 1991) using redlistic data. FESP handles the
different scheduling requirements in four phases. Phase 1 to
handle exam conflicts, Phases 2 and 3 to handle unfairness,
and Phase 4 to assign classrooms to scheduled exams. The
experimental results clearly show that SA and GA provide
better solutions than FESP. This finding has motivated us to
replace heuristics of Phases 3 and 4 of FESP with simulated
annealing algorithms; the resulting algorithm is referred to
as FESP-SA. The experimental results also demonstrate the
advantages of FESP-SA over FESP. Further, these results
demonstrate that SA and GA alow areduction in the length
of the exam period at minimal cost.

The rest of the paper is organized as follows. Section 2
presents the problem formulation and the objective function.
Sections 3, 4, and 5 describe SA, GA, and FESP-SA,
respectively. Section 6 presents the experimental results.
Section 7, contains our conclusions.

2. Exam Scheduling Problem and Objective
Function

Given that A exams are to be taken by students over B days,
where E exam periods can be done per day, the exam
scheduling problem consists of assigning A exams to 77
(=B*E) exam periods, within specified classrooms. The
objective is to minimize the conflict and the unfairness
factors, which are: i) The number of students having
simultaneous exams, ii) The number of students having
consecutive exams, and iii) The number of students having
two or more exams on the same day.

In this work, we assume the following conditions and
constraints:

i) The user should be provided with the flexibility of
assigning weights to the three conflict and unfairness
factors.

ii) A limited number of exam periods, 77, is predefined.

iii) A limited predefined number of classrooms, R, are
available for exams (first feasibility condition).

iv) Room capacities (¥1, ¥,, ..., ¥R) are taken into
consideration in assigning exams to rooms (second
feasibility condition). Also, more than one exam can be
assigned to the same room at the same time if they fit.

V) The last period of one day is considered to be
consecutive to the first period of the next day.

Scheduling problems can be represented by graphs
(Wood, 1968). Let G (Vg, Eg) be agraph in which: vertex v
€ Vg represents an exam to be scheduled and |[Vg| = A;
vertex weight w; represents the number of students taking
exam Vv;; edge e € Eg joining two vertices v; and v
represents the existence of students taking both exams v; and
vi; weight of edge e, w;, represents the number of students
taking both exams v; and v;.

The exam scheduling problem can be expressed as a
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modified weighted-graph coloring problem, where we color
the vertices of a graph using a specified maximum number
of colors (exam periods), 77, such that an objective function
(OF1 in Equation 1 below) is minimized and the constraints
(listed above) are satisfied. A solution to the exam-
scheduling problem is henceforth denoted as the
configuration C. Note that each color corresponds to an
exam period and all vertices having the same color represent
the exams that are assigned to the same period. This
problem model is a modification to classical graph coloring,
since its objective is not to minimize the number of colors.
Instead, we have a predefined maximum number of colors
I1. But, both models, classical and modified, aim to prevent
adjacent vertices from having the same color.

Let c(v) be the color of vertex v, and £={ c1,Cy, .. .,.Ci }
be the set of ordered, available colors; that is, |{ = /7=
maximum number of available colors, and (¢, — ¢.;) = 1 for
i=2,3,..., 71 The objective function, OF1, is given in terms
of the following factors:

(i) Ssg, the total number of students having conflicting
simultaneous exams. That is, Ss¢ = 2w;; for al i and j such
that c(i) =c(j)

(i) Scg, the total number of students having consecutive
exams. That is, Sce = 2w for all i and j such that |c(i)- c(j)|
=1

(iii) Syvg, the total number of students having two or
more exams per day. That is, Sye = >w; for al i and j such
that c(i) and c(j) refer to exam periods on the same day

(i.e. c(i) div E=c(j) div E).

(iv) px = 1 if the capacity of room i is exceeded in
period k, i.e. if room i was assigned a larger number of
students than ¥; (capacity of roomi); otherwise, it is equal to
zero.

Specifically,

OFl=a+ S+ @« Scet 0+ Sue + p+

z Pik @

1I<k<IT I<i<R

where ¢, ¢, o and y are user-defined weights for
simultaneous exams, consecutive exams, multiple exams,
and room capacity violations, respectively. The inner

summation in Z Z Pix gives the total number of
I<K<IT I<i<R

rooms violated in a period, whereas the outer summation

gives the total number of rooms violated in al periods. The

useful symbols used are summarized in Table 1.

Note that different values can be assigned to the weights
in OF1. These weights are important for producing exam
schedules. They might be contradictory; that is, by
increasing one of these weights, say ¢, the solution will
improve in minimizing one factor (Ssg) while it might
increase the other factors. These weights will alow
flexibility in using our proposed solution algorithms to suit
the user’s particular choices or regquirements for different
instances of the problem.
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Table1: Summary of useful symbols

Symbol Meaning

1) A The number of exams, taken by students in a
semester, that are to be scheduled

2) B The number of exam days

3) E The number of exam periods per day

7 The maximum number of available exam periods
(maximum number of colors)

R The maximum number of available classrooms

& The set of available colors (available exam
periods); |§ =11

Ci An available color in & (i.e., exam period)

c(i) The period to which exam i is assigned (The color
of vertex V;)

II. C The system configuration; i.e., exams schedule

See The number of students having conflicting
simultaneous exams

Sce The number of students having consecutive exams

Sve The number of students having two or more exams
per day

Pk Equals 1 if the capacity of room i is exceeded in
period k

¥ Capacity of room i; the number of seatsin room i

o A weighting factor related to the importance of Sse
in OF1

1) A weighting factor related to the importance of Sce
in OF1

o A weighting factor related to the importance of Sye
in OF1

¥ A weighting factor related to the importance of pix
in OF1

W, The number of students taking exam i

Wi The number of students taking both examsi and j

3. Simulated Annealing Algorithm

Simulated annealing is based on ideas from physics and is
analogous to the physical annealing of a solid (Kirkpatrick,
Gelatt and Vecchi, 1983). To coerce some materia into a
low-energy state, it is heated and then cooled very slowly,
allowing it to come to therma equilibrium at each
temperature. At each temperature in the cooling schedule,
the Metropolis algorithm simulates the behavior of the
system.

The simulated annealing algorithm (SA) simulates the
natural phenomenon by a search (perturbations) process in
the solution space (energy landscape) optimizing some cost
function (energy). It starts with some initial solution at a
high (artificial) temperature and then reduces the

355

temperature gradually to a freezing point. In the following
subsections, we describe how simulated annealing is
adapted for solving the exam scheduling problem; an outline
of the SA agorithmisgivenin Figure 1.

Initial configuration = Random color assignment;
Determine initial temperature T(0);
Determine freezing temperature T ;
while (T(i) > T; and not converged) do

repeat /7* Atimes

Generate_function();

save best_sofar();

T(i) =6~ T();
endwhile

procedure Generate function()
perturb();
if (AOF1<0) then

update() * accept */
else

if (random() < & 297/ T0) then

update() [* accept */

ese

reject_purturbation();

Figure 1 : Outline of the SA agorithm for the exam-
scheduling problem.

3.1 Solution representation and energy function
The system to be coerced into a low-energy state in the
exam-scheduling problem is represented by the
configuration C, which is implemented as an array of
records and corresponds to a candidate exam schedule. The
size of the array is equal to A. Each record includes: avalue
c(i), which represents the period to which an exam i is
assigned, and a classroom. Recall that we have A exams and
c(i) takes a color-value (period) assigned to a graph vertex
(exam) i. The color-value of c(i) issome ¢, wherec; € &
The system energy is given by OF1 (Equation 1). In the
annealing process, C goes through many changes until it
reaches an optimal or sub-optimal configuration at freezing
temperature. However, theinitial configuration is randomly
constructed. That is, the colors, ¢, assigned to c(i), i=1, 2,
..., A, in C are randomly selected from the set £ and a
room is randomly selected from the set of available
classrooms.

3.2 TheMetropolis step and feasibility
An iteration of the Metropolis step, Generate function(),
consists of a perturbation operation, an accept/reject
criterion, and a thermal equilibrium criterion. Perturbation
to the configuration C is done by randomly (without
replacement) selecting a record element with color ¢; and
assigning it another color ¢ (j in the range 1 to /7) and
randomly reassigning the classroom.

The acceptance criterion checks the change in OF1 due
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to the perturbation. If the change decreases the objective
function, the perturbation is accepted and C is updated.
However, if the perturbation causes the objective function to
increase, it is accepted only with a probability e 2™/ T0,
The main advantage of this Monte Carlo agorithm is that
the controlled uphill moves can prevent the system from
being prematurely trapped in a bad local minimum-energy
state. Note that for lower temperature values T(i), the
probability of accepting uphill moves becomes smaller; at
very low (near-freezing) temperatures, uphill moves are no
longer accepted. The perturbation-acceptance step is
repeated /7 * A times at every temperature after which
thermal equilibrium is considered to be reached.

Perturbations can make C infeasible if they violate the
predetermined room capacities. But, the formulation of OF1
accounts for this infeasibility problem. The last term in OF1
can be assigned a large weight, y, so that infeasibility is
severely penalized. Thus, infeasible exam schedules will be
prevented at low temperatures.

3.3 Cooling schedule

The initial temperature T(O) is the temperature that yields a
high initial acceptance probability of 0.93 for uphill moves.
The freezing point is the temperature at which such a
probability is very smal (2 30), making uphill moves
impossible and alowing only downhill moves. The cooling
schedule used in thiswork issimple: T(i+1) = 6 * T(i), with
0= 0.95.

As the annealing algorithm searches the solution space,
the best-so-far solution (with the smallest OF1) found is
aways saved. This guarantees that the output of the
algorithm is the best solution it finds regardiess of the
temperature it terminates at. Convergence is then detected
when the algorithm does not improve on the best-so-far
solution for a number of temperatures, say 20, in the colder
part of the annealing schedule.

4. Genetic Algorithm

Genetic Algorithms are based on the idea of natural
evolution (Goldberg, 1989). They simulate natural
populations’ reproduction and selection operations to
achieve optima results. Through artificial evolution,
successive generations search for fitter adaptations in order
to solve a problem. Each generation consists of a population
of chromosomes, also called individuals, and each
chromosome represents a possible solution. The Darwinian
principle of reproduction and survival of the fittest and the
genetic operations of recombination (crossover) and
mutation are used to create a new offspring population from
the current population. The process is repeated for many
generations with the aim of maximizing the fitness of the
individuals. In the following subsections, we describe how a
genetic algorithm (GA) is adapted for solving the exam
scheduling problem. An outline of this GA is given in
Figure 2. This GA is hybridized with a local hill-climbing
procedure in order to improve the final solution.
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Random generation of initial population, size POP;
Evaluate fitness of individuals;
repeat
Rank individuals and allocate reproduction trials;
for i = 1to POP step 2
Randomly select two parents from list of
reproduction trials;
Apply crossover and mutation;

endfor
Apply hill-climbing procedure to offspring;
Evaluate fitness of offspring;

save best_so far();

until convergence;

Figure 2 : Outline of the GA agorithm for the exam
scheduling problem.

4.1 Chromosomal representation and fitness
GA’s population is an array of POP individuas. An
individual in the population is encoded as an A-element
array of records that corresponds to a candidate exam
schedule. Each record includes: a color c(i), which
represents the period to which an exam i (graph vertex) is
assigned, and a classroom. The initia population of
individuals is randomly generated. That is, the colors, ¢,
assigned to c(i), i=1, 2, ..., A, in each individua are
randomly selected from the set £ and a room is randomly
selected from the set of available classrooms.

We use JOF1 as the fitness of an individua that is
required to be maximized.

4.2 Reproduction scheme and conver gence
The whole population is considered a single reproduction
unit within which random selection is performed. Our
reproduction scheme involves ranking, followed by random
selection of mates from the list of reproduction trias (or
copies) assigned to the ranked individuals. In the ranking
scheme, the individuals are sorted by fitness values. After
sorting, each individual is assigned a rank based on a scale
of equidistant values for the population. The ranks assigned
to fittest and least-fit individuals are 1.2 and 0.8,
respectively. Individuals with ranks greater than 1 are first
assigned single copies. Then, the fractional part of their
ranks and the ranks of the lower half of individuals are
treated as probabilities for random assignment of copies.
Elitism is used to exploit good building blocks and to
ensure that good candidate solutions are preserved. Thisis
done by replacing the least-fit individual with the best-so-far
individual if the latter is better than the current-fittest.
Convergence is detected when the best-so-far candidate
solution does not change its OF1 value for 20 generations.

4.3 Genetic operators
The genetic operators employed in GA are 2-point crossover
and mutation at the rates 0.75 and 0.01, respectively. The
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application of the operators starts with randomly selecting
pairs of individuals from the mating pool. Each pair of these
chromosomes undergoes crossover, where positions k and |
along the chromosome are selected at random between 1 and
N, and all genes between k and | are swapped to create two
new chromosomes. Then, mutation is applied to randomly
selected genes: the value of c(i), is randomly changed from
G to ¢ (€ &), and the room is randomly changed. Eventually,
the new offspring population replaces the parent popul ation.

We note that the genetic operators, especialy crossover,
may produce chromosomes that represent infeasible
solutions. Such solutions require fitting a larger number of
students in a room than the rooms capacity. We tolerate
infeasible chromosomes in order to alow searching
infeasible regions in the fitness landscape since such regions
might contain useful paths to high-fitness feasible regions.
But, the formulation of OF1 includes a penalty term (the
fourth term) for infeasibility, which reduces the likelihood
of surviva of infeasible chromosomes.

4.4 Hybridization

For many applications, hybridizing the GA is useful for
improving the quality of the final solution and to reduce
evolution time (Davies, 1991). Our exam scheduling GA is
hybridized with a local hill-climbing procedure which is
applied to al offspring in each generation. In this procedure,
we consider every element in a chromosome and randomly
reassign it. That is, we reschedule an exam to another period
and another room. This change is accepted only if it
increases the fitness of the chromosomes and that it does not
violate the room capacity constraint. This procedure can be
carried out efficiently since the computation of the changein
fitness is done based on local information related to the
reassigned exam only.

5. FESP-SA Algorithm

5.1 Background

Lotfi and Cerveny (1991) proposed a heuristic algorithm for
exam scheduling and called it Final Exam Scheduling
Package FESP. FESP consists of four phases, where each
phase solves a part of the problem until a final solution is
obtained. An outline of FESPisgivenin Figure 3.

Phase I: Assign exams to /7 blocks aiming to minimize
simultaneous exams.

Phase I1: Assign the /7blocks to exam days aiming to
minimize multiple exams per day.

Phase I11_1: Arrange blocks within the same day to
minimize consecutive exams.

Phase I11_2: Arrange exam days to minimize
consecutive exams resulting from exams that belong to
the last period in one day and the first period in the next
day.

Phase |V: Assign exams to rooms.

Figure 3: Outline of the FESP Algorithm.
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In Phase I, first, any 17 exams are assigned to /7 blocks.
Then, an exam is selected and assigned to one of the Il
blocks where it does not cause any simultaneous exam
conflicts. If such conflicts exist in al 17 blocks, the exam is
assigned to the block with the least number of simultaneous
conflicts. This step is repeated until all exams are assigned.
In Phase Il, the problem of assigning /7 blocks to B exam
days is formulated as a quadratic assignment problem as is
solved by an iterative improvement heuristic. In Phase Ill,
the E blocks within each day are arranged to minimize the
number of consecutive exams. This is a trivial traveling
salesperson problem (TSP), since E is typically close to 4.
Then, the B exam days are arranged to minimize
consecutive exams resulting from the last period of one day
and the first period of the next day. Thisis also formulated
asa TSP and is solved using a heuristic. In Phase |V, exams
are assigned to rooms using a greedy algorithm.

5.2 FESP-SA

FESP consists of four-phase heuristics for solving four
optimization sub-problems, one sub-problem in each phase.
The successful application of SA to exam scheduling made
us consider applying it to some of the optimization sub-
problems. In this subsection, we describe how FESP is
modified by replacing its heuristics for solving phases 11
and 1V with SA. We refer to the resulting algorithm as
FESP-SA.

In phase Ill, FESP attempts minimize the number of
consecutive conflicts in two steps, first within days and then
among consecutive days. We observe that one step might
impede the other. Thus, we apply SA to the whole TSP sub-
problem and use OF2 = Sce as the energy function to be
minimized. The configuration to be annealed is based on the
output of phase Il, which is a graph with 77 vertices. Each
vertex represents a block (determined in phase I) and an
edge weight represents the number of students participating
in exams that lie in both adjacent blocks. Thus, the
configuration considered by SA is an array of /7 elements,
where each element refers to the period to which the whole
block is assigned. Perturbations are done by swapping
blocks between periods, provided that they respect the
results of phase |l that assigned groups of E blocks to exam
days. This implies that we allow two types of perturbations
with equal probabilities: fine-grain perturbation, in which
blocks are swapped within the same day, and course-grain
perturbation, in which two groups of E blocks each are
swapped.

In phase 1V, we also replace the greedy algorithm with
an SA algorithm. The input for this phase is an exam
schedule with A elements, each with a specified exam period
and needs to be assigned to a classroom. We use a
configuration similar to that described in Subsection 3.1. A
perturbation consists of reassigning a room in an element
(for an exam). At each temperature, thermal equilibrium is
reached after (A* R/71) perturbations. The energy function to
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be minimized is OF3 = Z Zpik . The SA agorithm

1<k<IT I<i<R

is applied (/7 times) to the exams in each of the /7 blocks
that have been assigned to the exam periods.

6. Experimental Results

6.1 Situation

In this section, we present the results of SA, GA, and FESP-
SA and compare them with those of FESP and manual
scheduling. These agorithms are applied to real data of
university exams obtained from five semesters. These data
provide five subject problem instances, SP1-SP5, illustrated
in Table 2. This table shows the number of exams (A),
number of available classrooms (R), the number of students,
and the total number of student enrolment for all exams-
courses (a student usually enrolls in more than one course).
We aso experiment with two sets of vaues for the
coefficients of the four terms of OF1 in equationl. These
values lead to two versions of SA and GA, V1 and V2.
Table 3 gives the values used for the two versions.

Table 2 : Subject Problems

Subject A R #of # of Student

Problem Students Enrolments
SP1 336 21 2456 9550
SP2 357 21 2489 9735
SP3 359 21 2512 10836
SP4 426 21 3063 12275
SP5 477 21 3115 12406

Table 3: Different versions using different weightsin OF1

Versions o [0) c 4
Version 1 100 5 0.2 200
Version 2 100 1 1 200

The exam schedules produced by the algorithms are
evaluated in terms of the five metrics: number of students
having simultaneous exams (Sgg), number of students
having consecutive exams (Sce), number of students having
two or more exams per day (Syg), total number of rooms
assigned with more students than their capacities over all
exam periods, and execution time. We first apply the
algorithms to the five subjects problems with a typical
number of exam periods (at the university where data is
obtained), namely /7= 32 periods for B =8 daysand E = 4
periods per day. Then, we consider the results of the
algorithms for tighter and more relaxed number of exam
periods, specifically for /7= 20, 24, 28, 36, 40. The results
recorded below for SA and GA are averages of 10 runs
(rounded to the nearest integer).

6.2 Results and discussion

Tables 4-8 give the results of the four algorithms (SA, GA,
FESP-SA, FESP) and of manua scheduling for the five
subject problems SP1-SP5. The values produced by SA and
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GA are associated with the two versions illustrated in Table
3. These results apply for a typical number of 32 exam
periods (over 8 days). Tables 9-13 give the results of the
four algorithms for different exam periods 20 < 77< 40 (and
different exam days). In these tables, we only show the
results of version 2 of SA and GA. Table 14 gives the range
of execution times of the implementation of the four
algorithms over the five problems. From these results, we
infer the following findings:

a) SA and GA produce ‘good’ exam schedules. This
finding is based on the low values obtained for Sse
and Sy relative to the total number of students. SA
and GA also manage to fit students in the available
rooms except for very few cases where /7 = 20.
Further, SA and GA easily allow areduction in the
number of exam days while keeping the values of
the first three metrics reasonable using the same
number of rooms. In our examples, SA and GA
allow areduction of at least one day (i.e., from 32
to 28 periods). Furthermore, SA and GA can
provide alternative solutions to a user simply by
rerunning them with new seed values for the
random number generator included in them.

b) SA and GA produce better solutions than FESP,
FESP-SA, and manual scheduling. This is true for
all values recorded in Tables 4-8 and for ailmost all
values recorded in Tables 9-13. The advantages of
SA and GA are clearer for smaller number of exam
periods (in Tables 9-13). A shortcoming of FESP
stands out in Table 13, where it fails to produce
feasible solutions that fit the available classrooms
for all six values of exam periods.

c) Table 14 gives an impression that SA, FESP, and
FESP-SA are comparable in terms of execution
times. GA is much slower. But, this performance of
GA may be acceptable since exam schedules are
usualy produced off-line. However, since SA and
GA are comparable for the first four metrics, SA is
favored since it is faster as far as the performance
metric is concerned.

d) FESP-SA produces lower values for Sce than those
of FESP for all five problems and al six values of
the exam periods. It also produces better room
assignments as shown in Tables 9-13. Therefore,
FESP-SA is certainly an improvement to FESP.

€) As expected, all four agorithms produce better
results as 77 increases and worse results as 77
decreases.

f) The use of two sets of values of the coefficients of
OF1, shown in Table 3, show the flexibility
allowed in SA and GA for the user to place
different emphasis on the weights of the three
metrics. Sse, Sce, and Sye. For example, we note
that version 1 involves a higher ¢ to o ratio than
version 2. Thisiswhy SA-V1 and GA-V1 produce
lower Sce and higher Sy values than those of SA-
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V2 and GA-V 2, respectively (refer to Tables 4-8). Table 9: Results for subject problem SP1, 20 < /7< 40

Table 4 : Resultsfor Subject Problem SP1, /7= 32 20 24 28 32 36 40

SA-V2 3 2 0 0 o0 0

Se  Sc= Swe # Rooms exceeding Sse GA-v2 4 1 0 o0 o0 0

capacity FESP-SA 41 5 2 0 0 0

SA-V1 0 62 268 0 FESP 41 5 2 0 0 0
GA-V1 0 65 247 0 SA V2 33 194 150 81 52 30
SA-V2 0 8 203 0 Sce GA V2 308 220 143 8 58 24
GA-V2 0 8 203 0 FESP-SA 272 215 159 133 81 62
FESP-SA 0 133 286 0 FESP 368 300 241 221 138 133
FESP 0 221 286 0 SA-V2 572 384 300 203 140 116
Manual 8 267 329 0 Svie GA-V2 537 420 265 203 162 106
FESP-SA 577 466 374 286 221 181

FESP 577 466 374 286 221 181

Table5 : Results for Subject Problem SP2, /7= 32

#Rooms SA-V2 1 0 0 0 0 0
exceeding GA-V2 1 0 0 0 0 0
Se St Swe  #Roomsexceeding capacity  FESP-SA 2 O 0 0 0 O
capacity FESP 3 2 0 0 0 0
SAV1I 0 34 206 0
GAV1I 0 23 207 0
SAV2 0 41 136 0
GA-V2 0 67 150 0 Table 10 : Results for subject problem SP2, 20 < 77< 40
FESP-SA 0 119 264 0
FESP 0 183 264 0 20 24 28 32 36 40
Manual 5 251 310 0 SA-V2 2 0 0 0 0 0
GA-V2 2 0o 0 0 o0 0
Table 6 : Resultsfor Subject Problem SP3, 77= 32 See FESP-SA 22 1 1 0 0 0
FESP 22 1 1 0 0 0
, . SA-V2 252 200 77 41 19 15
SAVI SSE Sl%E SSTf # Rooms excegd' N9 cepeclly Sce GA-V2 26 143 92 67 26 9
CAVL o 17 o 0 FESP-SA 246 181 156 119 83 45
A2 o 1 i 0 FESP 3% 264 212 183 165 97
CAV2 o 1 = 0 SA-V2 478 310 203 136 80 65
FESPSA 0 32 % 0 Sue GA-V2 412 293 190 150 90 62
FESP 0 o % 0 FESP-SA 526 422 344 264 216 168
Marual 4 15 148 0 FESP 526 422 344 264 216 168
#Rooms SA-V2 0 0o o0 0 o 0
. exceeding GA-V2 0 0o 0 0 o0 0
Table 7 : Resultsfor Subject Problem SP4, 77= 32 capacity  FESP-SA 2 1 0 0 0 0
FESP 4 2 1 0 0 0
Se S Sve  #Rooms exceeding
capacity
SA-V1 0 36 243 0 _ .
GA-V1 0 20 264 0 Table 11 : Results for subject problem SP3, 20 < 77< 40
SA-V2 0 68 179 0
GA-V2 0 73 173 0 20 24 28 32 36 40
FESPSA 0 179 368 0 S SA-V2 1 1 0 0 o0 o
FESP 0 242 368 0 GA-V2 1 0 0 o0 o0 O
Manual 12 283 39 0 FESP-SA 5 1 0 0 0 o0
FESP 5 1 0 0 0 0
. : _ SA-V2 104 52 26 17 7 4
Table 8 : Resultsfor Subject Problem SP5, /7= 32 S oA\ 108 66 a1 11 10 ]
: FESP-SA 94 71 45 32 28 2
Se S Swe  #Roomsexceeding FESP 136 106 77 67 54 49
Capacity SA V2 187 112 74 52 36 27
SA-VL 0 14 100 0 Sue GA V2 190 134 94 50 44 25
GA-V1 0o 17 102 0 FESP-SA 216 165 117 98 71 69
SA-V2 0 1 72 0 FESP 216 165 117 98 71 69
GA-v2 0 18 6l 0 #Rooms  SA-V2 o 0 o0 0 o0 o
FESPA 0 &2 157 0 exceeding GA-V2 o 0o 0 0 0 0
FESP 0 100 157 2 capacity  FESP-SA 1 0 0 0 0 0
Manual 9 154 231 0 FEop > o o o o o
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Table 12 : Results for subject problem SP4, 20 < 77<40

20 24 28 32 36 40

S SA-V2 2 1 0 0 0 0
GA-V2 3 0 0 0 0 0
FESP-SA 32 8 3 0 0 0

FESP 32 8 3 0 0 0

SA-V2 370 223 111 68 43 11

Sce GA-V2 293 186 112 73 38 25
FESP-SA 313 251 182 179 98 72

FESP 431 304 250 242 162 152

SA-V2 606 386 269 179 121 79

Sue GA-V2 549 382 265 173 114 75
FESP-SA 688 541 379 368 277 226

FESP 688 541 379 368 277 226
#Rooms SA-V2 3 0 0 0 0 0
exceeding GA-V2 0 0 0 0 0 0
capacity  FESP-SA 3 1 0 0 0 0
FESP 7 2 1 0 0 0

Table 13 : Results for subject problem SP5, 20 < 77< 40

20 24 28 32 36 40

Se SA-V2 2 1 0 0 )
GA-V2 2 0 0 0 0 o0
FESP-SA 9 1 0 0 0 o0
FESP 9 1 0 0 0 0
SA-V2 130 68 35 19 14 6

Sce GA-V2 17 77 44 18 20 8
FESP-SA 137 99 80 62 36 28
FESP 195 130 118 100 64 51
SA-V2 222 144 87 72 49 29

Sue GA-V2 255 158 117 61 50 36
FESP-SA 316 227 175 157 116 89
FESP 316 227 175 157 116 89

#Rooms  SA-V2 0 0 0 0 0 o0

exceeding GA-V2 0 0 0 0 0 O

capacity  FESP-SA 3 1 2 0 1 0
FESP 5 2 3 2 2 1

Table 14 : Range of execution times, in minutes

Execution time

SA 25-42
GA 48 -89

FESP-SA 33-4.2
FESP 24-40

7. Conclusion

We have presented three algorithms for solving the exam
scheduling problem: simulated annealing (SA), genetic
algorithm (GA), and FESP-SA which is an SA based
improvement to a clustering heuristic called FESP. We have
also experimentally evaluated these algorithms using
realistic university data for five semesters. The experimental
results demonstrate that SA and GA produce good exam
schedules and allow a reduction in the number of exam
days/periods and yet the number of students with unfair
exam schedules is still reasonable. The results aso show
that SA and GA produce comparable solutions. But, SA is

Nashat Mansour and Mazen Timany

more favorable since it is faster than GA for exam
scheduling.
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