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Abstract: The decision of ‘appropriately’ choosing the order in which examinations are scheduled
when constructing an examination timetable can be seen as a process of ordering alternatives from a
set in order to find a good solution. In this paper, a comparison is made between fuzzy ordering with
single and linear combinations of ordering heuristics. It is found that fuzzy ordering leads to better
solutions.
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1 Introduction

Examination timetabling is of much interest and concern to academic institutions. The basic problem
is to allocate a timeslot for all exams within a limited number of permitted timeslots in order to find a
conflict free timetable. This assignment process is subject to ‘hard’ constraints which must be satisfied
in order to get a feasible timetable, such as no student is required to sit two exams at the same time. In
addition, it is also important to build a good quality examination timetable that considers not only the
administration requirements, but also takes into account lecturers’ and students’ preferences. These
requirements are generally considered as ‘soft’ constraints which are desirable (but not essential) to
satisfy. As reported by Burke et al. [6], these requirements vary from one academic institution to
another. As this task is time consuming and tedious to do manually, many attempts have been made
over the last few decades to generate timetables automatically. With a large number of exams needing
to be assigned to timeslots and a list of constraints needing to be satisfied, the search space for this
problem is very large. While some work only focuses on finding good initial solutions by using
‘constructive’ algorithms, many others use an iterative search procedure to progressively improve the
initial solutions. Various search techniques have been developed to find good solutions to exam
timetabling problems. These include Local Search [8][14][20], Tabu Search [18][19], Simulated
Annealing [24], Genetic Algorithms [7], Memetic Algorithm [10][11][12], and the Great Deluge
algorithm [4]. The recent state of the art of exam timetabling is overviewed in a variety of papers
(refer to [13][15][21][23]).

One of the earliest techniques implemented in finding good initial solutions is known as the sequential
constructive algorithm. The main principle is that exams are ordered by certain heuristics before each
exam is sequentially chosen to be assigned to a timeslot. This ordering represents how difficult it is to
schedule the exams. The idea is that by assigning the most difficult exams first it is likely that we can
avoid generating unfeasible solutions. Here, a feasible solution means that all exams are assigned to
timeslots without violating any of the specified hard constraints. Many studies have been made into
the best way to calculate the ‘difficulty to schedule an exam’. Carter et al. [16] have shown that a
single ordering heuristic can guide the search algorithm for a good solution compared to random
selection. The work of Black [3] has examined the usefulness of incorporating constraint weights into
measures used to generate both static and dynamic exams orderings for the same benchmark problems
used by Carter. Burke and Newall [9] introduced an adaptive heuristic technique in which they start
ordering by a certain heuristic and then alter that heuristic ordering to take into account the penalty
that exams are imposing upon the timetable.



The aim of this paper is to investigate and analyze the potential of using fuzzy methodologies to
perform simultaneous multiple ordering. A sequential constructive algorithm was implemented with a
single ordering heuristic and multiple ordering, both by fuzzy reasoning and linear combination. The
performance of various ordering heuristics was compared on a set of standard benchmark problems.
Ordered Weighted Averages (OWA) by Yager [25] and fuzzy linear programming by Zimmermann
[26] are closely related to this problem but any comparison between their methods and this work is out
of the scope of this paper. The rest of the paper is organized as follows: Section 2 briefly describes the
constructive algorithm and the fuzzy model used. Section 3 presents the experimental results and
finally, Section 4 contain some concluding remarks.

2 Methods and Fuzzy Modeling

Graph colouring based ordering heuristics can be used to measure the difficulty to schedule an exam (
see [5]). The following list describes the three ordering heuristics that were considered in this work.

(a) Largest Degree (LLD) - number of other exams in conflict.

(b) Saturation Degree (SD) — number of clash free timeslots available.

(c) Largest Enrollment (LE) — number of students enrolled.

There are many potential ways in which exams could be ordered using various combinations of these
three heuristics with the consequence that different solutions will be produced. Essentially, the exam
ordering will have an impact on how the search algorithm will navigate through the search space.

2.1 The Sequential Construction Heuristic

The sequential construction heuristic proposed by Carter et al. [16], but with a modification in the
backtracking process, was applied to construct a timetable once the exams had been ordered by the
various ordering techniques. The algorithm used is detailed in Fig. 1.

Sort unscheduled exams using selected ordering heuristic;

k := number of exams to be inserted before recalculate the exams ordering
While there exist unscheduled exam
For e :=1 to k

Select an exam with the highest difficulty to be scheduled from unscheduled list;
If found clash free timeslot
Insert exam into the last timeslot with least penalty;
Remove exam from unscheduled exam list;
Else
Find timeslots where exam can be inserted with minimum number of scheduled
exams need to be removed from the timeslot;
If found more than one slot with the same number of scheduled exams need to be

removed

Select a timeslot randomly from the candidate list of slots, t;
End if
c := number of exam in timeslot t_  that conflict with exam[u];
Form := 1 to ¢

Select exam[m];
If found another timeslot with minimum cost to move exam[m]
Move exam[m] to the timeslot;
else
Bump back exam[m] to unscheduled exam list;
End if
End for
Insert exam to timeslot t ;
Remove exam from unscheduled exam list;
End If
End For
Sort unscheduled exams using selected ordering heuristic;
End while

Fig. 1. Pseudo code for sequential construction heuristic

Having calculated the exam weight that represents the difficulty of the exam to be scheduled, an exam
is sequentially chosen from the descending order list and assigned to the timeslot that causes least
penalty. In the case where no clash free timeslot is available, some of the already scheduled exams
need to be reshuffled either by moving to different timeslots or by removing them from the timetable
and rescheduling on the next iteration. The timeslot with the minimum number of exams that need to
be ‘bumped back’ into the unscheduled exams list is chosen. If there is a tie, the algorithm will select



the timeslot randomly from the candidate list. In order to reduce the computational time, the exam
ordering is recalculated after every k exams are inserted (k was set to 5 in the experiments).
2.2 Cost Function

The widely used proximity cost function is implemented to measure the timetable quality. The
maximum capacity for each timeslot is not taken into account. Only feasible timetables are accepted
and the penalty function is utilized to try to spread out each student’s schedule. If two exams
scheduled for a particular student are ¢ timeslots apart, the weight is set to w, - 2°" where t € {1,2,3,4,
5}. The weight is multiplied by the number of students that sit both of the scheduled exams. The
average penalty per student is calculated by dividing the total penalty by total number of students. The
following formulation was used (adopted from Burke et al. [4]):
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where N is number of exams, s; is number of student enrolled both exam i and j, p; is the timeslot

where exam i is scheduled, p; is the timeslot where exam j is scheduled, T is total number of students

and subjectto 1 < p;—p; < 5.

minimize

2.3 Linear Multiple Ordering Heuristic

The order in which exams are scheduled is important in finding a good solution [3]. One way to
simultaneously consider several ordering heuristics in measuring the exam difficulty weight is to
multiply the value of the criteria for that exam with a weighting factor. When this method is used, the
weighted function becomes, for example:

W(ej) = WdLDj + WeLEj + WSSDJ' (2)
wherej=1,2,...N; wi=w,=w={0.0, 0.1, ..., 1.0} if N <= 400; or w,=w.= w= {0.0, 0.25, 0.5, 0.75,
1.0} if N > 400; and w,, w,, w, are weighting factors for LD, LE and SD respectively.

2.4 Fuzzy Multiple Ordering Heuristic

In practice, the choice of ‘appropriate’ exam ordering always involves uncertainty. For example, it
may be assumed that an exam is more difficult to schedule if it has a ‘large’ number of exams in
conflict and a ‘small’ number of available slots. This is dealing with imprecise and vague information,
where the exact values for ‘large’ and ‘small’ are not known with certainty. Hence, it would appear
that this problem is one where fuzzy techniques may fit well.

A fuzzy expert system was designed in which two out of the three heuristics above or all three
ordering heuristics are selected as input variables. Each of the input variables is assigned three
linguistic terms; triangular shape fuzzy sets corresponding to meanings of small, medium and high. A
restricted form of exhaustive search was implemented to find the most appropriate shape for the
linguistic terms. The memberships function were tuned by altering the parameter cp which represents
the right edge for the term small, the centre point for the linguistic label medium and the left edge for
the term high as illustrated in Fig. 2. A search was then carried out to find the best set of cp parameters
(there was one for each linguistic variable — i.e. a c¢p parameter for each of the input variables and the
output variable). During the search for the ‘optimal’ fuzzy model, the centre point for any of the fuzzy
variables might take a value between 0.0 and 1.0 (inclusive). Increments of value 0.1 were used for
datasets that have 400 and fewer exams and increments of value 0.25 were used for datasets that have
more than 400 exams.
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Fig. 2. Membership function for fuzzy variables



Different sets of fixed rulesets have been designed for different combinations of input variables. In the
case where there are only two input variables involved, 9 fuzzy rules were implemented. Fig.3-5 show
the rules used for input variables LD + LE, LE + SD and LD + SD respectively. Fig.6 illustrates the
ruleset, consisting of 27 fuzzy rules, used for combining three ordering heuristics. Standard Mamdani
style fuzzy inference was implemented with standard Zadeh (min-max) operators. Centroid
defuzzification was utilized to obtain a single crisp (real) value for exam_weight.
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S|VS|S | M S| M |[S]VS
LD M| S | M| H LE M| H | M|S
H| M | H|VH H|VH| H| M

Fig. 3. Fuzzy ruleset for variables LD + LE Fig. 4. Fuzzy ruleset for variables LE + SD
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Fig. 5. Fuzzy ruleset for variables LD + SD  Fig. 6. Fuzzy ruleset for variables LD + SD + LE

3 Experimental Results

The system was implemented using java based object oriented programming, utilising the fuzzy
inference engine developed by Sazonov et al. [22]. The experiments were run on a PC with a 1.8 GHz
Pentium 4 and 256MB of RAM. Carter’s publicly available exam timetabling datasets were used in the
experiments [16]. As a control the single ordering heuristics were implemented by setting one of the
weighting factors to the value 1.0 and the other two to 0.0 as per Eq. (2). Table 1 reproduces the
problem characteristics and shows the results obtained for the single ordering heuristic.

Table 1. Characteristics of the problem and results for single ordering heuristic

No. of Student g;;:]i No. of Student No. of Slots REs];lltS for smgslle) ordering helligstlc
CAR-F-92 543 18419 32 4.85 6.45 4.76
CAR-S-91 682 16925 35 5.94 7.78 5.74
EAR-F-83 190 1125 24 41.21 48.40 43.94
HEC-S-92 81 2823 18 14.16 17.18 13.42
KFU-S-93 461 5349 20 18.37 21.38 16.30
LSE-F-91 381 2726 18 14.94 17.10 13.12
RYE-F-92 486 11483 23 13.33 15.32 11.97
STA-F-83 139 611 13 167.05 173.14 172.22
TRE-S-92 261 4360 23 10.40 11.68 9.46
UTA-S-92 622 21266 35 4.05 5.13 3.78
UTE-S-92 184 2750 10 33.67 34.71 28.89
YOR-F-83 181 941 21 45.30 52.23 42.60

Table 2 shows the results when implementing multiple ordering heuristics compared to Carter’s
sequential constructive algorithm. The last column in Table 2 shows the best results for the benchmark
datasets compiled from [1][4][8][14][20]. It is obvious that fuzzy multiple ordering heuristic has
outperformed the linear multiple ordering heuristic for all of the datasets. In comparison with the best
result in single ordering heuristic, linear multiple ordering heuristic with the LD+SD combination
produced worst results in 11 datasets; fuzzy multiple ordering heuristic with LD+SD combination
produced the worst results in UTE-S-92 and YOR-F-83. When considering only two ordering
heuristics, fuzzy multiple ordering heuristic with the SD+LE combination produced better results in 10
datasets. However, three multiple ordering heuristics outperformed the two multiple ordering
heuristics in overall. Although our best results did not beat any of the best benchmark results, the
fuzzy based ordering produced better results for CAR-F-92, CAR-S-91, STA-F-83, TRE-S-92 and
YOR-F-83 than Carter’s constructive approach. Due to space limitations, the fuzzy models that



produced the best solutions for fuzzy based ordering shown in Table 2 are not presented here.
Although tuning the membership functions shown in Fig. 2 required extra search effort, the results
appear quite promising.

Table 2. Experimental results for the multiple ordering heuristic.

LD +LE SD + LE LD +SD LD +SD +LE Best results
Dataset Our best Carter et from [1][4]
Linear  Fuzzy Linear Fuzzy Linear  Fuzzy Linear Fuzzy  results al. [16]

[81[14][20]

CAR-F-92 4.86 4.59 4.76 445 4.80 4.68 4.64 4.52 4.45 6.2 4.10
CAR-S-91 547 5.50 5.63 5.31 5.82 545 541 5.24 5.24 7.1 4.65
EAR-F-83 38.21 38.09 41.05 36.99 40.07 39.34 37.96 37.11 36.99 36.4 29.30
HEC-S-92 12.89 12.14 13.20 12.03 13.43 12.69 12.77 11.71 11.71 10.8 9.20
KFU-S-93 16.29 15.88 16.21 15.94 17.65 16.09 16.03 15.34 15.34 14 13.46
LSE-F-91 12.98 12.10 13.12 12.16 14.42 12.91 12.47 11.43 11.43 10.5 9.60
RYE-F-92 10.56 11.03 11.05 10.35 12.18 11.77 10.47 10.30 10.30 7.3 6.80
STA-F-83  167.05 159.82 167.61 159.29 167.05 165.31 167.05 159.15 159.15 161.5 150.28
TRE-S-92 9.26 8.99 9.26 8.90 9.99 9.26 9.21 8.64 8.64 9.6 8.13
UTA-S-92 3.68 3.72 3.75 3.55 4.00 3.73 3.57 3.55 3.55 3.5 3.20
UTE-S-92 28.68 28.65 28.66 2791 32.94 29.69 28.42 27.64 27.64 25.8 24.21
YOR-F-83 42.43 41.21 42.22 40.71 43.81 43.00 41.97 40.68 40.68 41.7 36.11

4 Discussion and future research

In our previous work [2], it was demonstrated that multiple ordering heuristics, utilising fuzzy
techniques to consider two ordering heuristics simultaneously, could outperform any single ordering
heuristic in the benchmark datasets used. In this paper, these experiments have been extended by
improving the construction algorithm and by utilising up to three ordering heuristics in the fuzzy
expert system. For 10 out of the 12 datasets used, better results were obtained compared to two (fuzzy)
ordering heuristics. This indicates that the selection of combinations of ordering heuristics is important
in order to get good quality solutions. It is not the case, however, that three ordering heuristics always
performed better than two ordering heuristics. For two datasets (CAR-F92 and EAR-F-83), two
ordering heuristics (SD+LE) produced the best overall result. This is probably due to the fact that a
fixed fuzzy rule set was implemented in each case — no tuning of fuzzy rules was implemented. If the
rule set was tuned, then it should be possible to find a model based on three ordering heuristics to
outperform that based on two (assuming that it is possible to search a reasonable proportion of the
overall model search space). In addition, this study also confirms that, as might be expected, fuzzy
reasoning does result in better solutions compared to linear combinations. Although fuzzy techniques
required longer processing time, this is acceptable because once the best fuzzy model is known for the
problem instances, the constructive algorithm can produce the solution in a reasonable time.

The main objective of this research was to investigate the effect of simultaneously considering
multiple ordering heuristics when finding solutions for examination timetabling. The ordering
represents the difficulty of the exam to be scheduled. How the exams are ordered and chosen
sequentially will influence the behavior of the search algorithm in finding feasible solutions. Rather
than employing the single ordering heuristic (which is usually used), this paper proposes a new
approach to calculate exam difficulty by taking into account several ordering heuristics at the same
time. Two approaches have been used to calculate the weight: linear combination and fuzzy reasoning.

As future work, the authors will be experimenting with constraint weight ordering heuristics as
described in [3]. In the next stage, the authors aim to investigate iterative improvement utilising the
Great Deluge Algorithm when it is started with the good initial solutions produced in this paper.
Finally, the authors expect to explore the use of more sophisticated search algorithms in tuning the
membership functions and the fuzzy rules.
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