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Abstract— In this paper, a hybrid algorithm that combines extracted features of two well known metaheuristics, Simulated Annealing (SA)
and Genetic Algorithm (GA) is proposed. In the proposed algorithm, useful features of each metaheuristic are exploited to obtain better
solutions for the automatic generation of examination timetable. A performance evaluation of the proposed algorithm was carried out. The
computational results illustrate the ability of the hybrid algorithm to provide good quality solutions to the examination problem instances

within reasonable computation time.

Index Terms — Feature Extraction, Genetic Algorithm, Simulated Annealing, Examination Timetabling Problem.

1 INTRODUCTION

N educational timetabling is a multi-dimensional and

highly constrained problem. Examination timetabling

problem can be defined to be the problem of assigning a
number of events into a limited number of time periods. Burke
[1] defines timetabling as follows. “Timetabling is the alloca-
tion, subject to constraints, of given resources to objects being
placed in space time, in such a way as to satisfy as nearly as
possible a set of desirable objectives.”
University Examination Timetable Problem is NP complete
problem and has received tremendous attention from discip-
lines like Operations Research and Artificial Intelligence dur-
ing past few years given its wide use in universities [2]. Ex-
amination scheduling is a very important process in Educa-
tional Institutions.
The main challenge is to schedule examinations to timeslots
and rooms over a specific time period while satisfying a set of
constraints. These constraints are normally divided into hard
and soft. Hard constraints must be satisfied for the timetable
to be feasible, such as candidate examination clashes. Soft con-
straints must be satisfied as much as possible, such as satisfy-
ing special request by candidates or invigilators. However, the
more soft constraints are satisfied the better the quality of the
timetable.
Examinations must be scheduled so that no student has more
than one examination at a time. Generating educational time-
tables manually often involves numerous rounds of changes
before they can be satisfactory. The problem becomes even
more difficult when student number rises which makes auto-
mated system a necessary tool.
The examination timetabling problems can be classified in
terms of the specific solution techniques used. The common
solution techniques used in timetabling research are graph
coloring heuristics, mathematical programming, tabu search,
simulated annealing, genetic algorithms, network flow mod-
els, and constraint programming [3].
However, Genetic Algorithms (GA) and Simulated Annealing
(SA) have emerged as the leading methodologies for search
and optimization problems in high dimensional spaces. Pre-
vious attempts at hybridizing these two algorithms have been
cumbersome and required major changes to both.
Over the last decade, Genetic Algorithms (GA) have emerged as
a leading tool for optimization of arbitrary functions and for

guided search problems in high dimensional spaces. GA's are
typically comprised of two types of operations: mutation and
crossover which are repeatedly applied to a population of
chromosomes, each of which encodes a possible solution to the
given problem. GA's have been successfully applied to many
theoretical optimization problems and several industrial ap-
plications.

GA is not very efficient because of its need to maintain a large
population of solutions and this may consume several mega-
bytes of memory for the encoding of a single solution and thus
not as good as SA in this regard. It would be impractical to
manipulate a large population of candidate solutions using
GA. Another problem frequently found in GA optimization is
premature convergence. This is typically the result of the ex-
treme reliance on crossover. The dominance of crossover can
result in stagnation as the population becomes more homoge-
neous, and the mutation rate is too low to move the search to
other areas.

Simulated Annealing (SA) is another algorithm which is popu-
lar in heuristic optimization. SA belongs to a class of algo-
rithms called probabilistic hill-climbing which dynamically alter
the probability of accepting inferior solutions. The SA algo-
rithm is especially popular in the field of VLSI design where it
has been successfully applied to the optimization of extremely
high-dimensional problems which contain tens or hundreds of
thousands of parameters to be optimized.

Simulated annealing is a search strategy which keeps track of
one feasible timetable. On each iteration, a neighbour is gener-
ated - another feasible timetable, slightly altered at random
from the current one. This neighbour is accepted as the current
timetable if it has a lower penalty. If the neighbour has a high-
er penalty, it may be accepted according to a probability
which is related to a control parameter called temperature.
The temperature, and thus the probability of inferior neigh-
bours being accepted, is decreased each iteration or (more
usually) after a particular number of iterations (this number
may be constant or it can increase as the temperature decreas-
es). The process is analogous to the cooling process in actual
annealing. One drawback with simulated annealing is that the
cooling process can take a long time in order to achieve good
results.
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However, SA obtains very good solutions, only if its parame-
ters are well tuned. SA requires an initial solution for solving
NP complete, combinatorial and optimization problems for
the resultant solution to be satisfactory and this is a major li-
mitation of the SA algorithm. Since neither of the two algo-
rithms seems to be universally preferred for all problems, re-
searchers have often resorted to building a large battery of
optimization algorithms and finding, through experimenta-
tion, which tool satisfactorily fits the problem at hand. This
provides the basic motivation for trying to merge GA and SA
into a single algorithm or module, which can be designed and
configured as the hybrid mode of GA and SA.

In this paper, a new method that hybridizes genetic algorithm
and simulated annealing algorithm (GA-SA Hybrid) is pro-
posed, designed and implemented for the automatic genera-
tion of tertiary institution examination time-tabling structure.

2 REVIEW OF RELATED WORKS

Several works have approached the timetabling problem. Oye-
leye [4] developed a SAGA hybrid algorithm by using the ini-
tial temperature and cooling rate of SA to control the opera-
tions of the GA. The hybrid system was evaluated using cer-
tain evaluation metrics including the program size, simulation
time, program volume, program level, program effort and
lines of code. The researcher concluded that the hybrid system
developed returned feasible examination timetable that re-
sulted in best performance when compared with GA and SA
models. Mushi [5] worked on simulated annealing algorithm
for the examinations timetabling problem at University of Dar
es salaam, based on a Simulated Annealing heuristic. Mushi
was able to solve an existing problem and show that the au-
tomated system performs better and faster than the manually
generated solution.

Dimopoulou & Milliotis [6] reported a system which combines
both Integer Programming and heuristic procedures for
Athens University of Economics and Business. Several re-
searchers have attempted this problem using simulated an-
nealing including [7], [8]. Tabu search methods have also been
used by many researchers such as [9], [10] and [11]. There are
also researches on the use of evolutionary algorithms [12] and
constraint satisfaction methods [13].

A more thorough survey of Examinations timetabling prob-
lems is provided by [14]. Most of the papers however, are
theoretical and only few present a practical implementation of
the Examination timetable for specific Universities. Some of
these few case studies include [7], [9] and [15].

Analyzing the results obtained by the various works pub-
lished, we can say that the automatic generation of schedules
is capable of achieving. Some works showed that when com-
pared with the manually scheduled examination timetables in
institutions of learning, the time tables obtained by the algo-
rithms for solving the examination timetabling problem are of
better quality using some function of evaluation.

3 MATERIALS AND METHOD

3.1 Framework for the Examination Timetable
The examination timetabling problem can be seen as consist-
ing of two subproblems:

(1) Assigning timeslots to an examination

(2) Assigning an examination to appropriate venues

or theatres.

The examination timetabling problem is subject to a variety of
hard and soft constraints. Hard constraints need to be satisfied
in order to produce a feasible solution.
In this problem, in order for a timetable to be feasible, it is ne-
cessary that every exam event ej,...,e, is assigned to exactly
one room ri,...,In and exactly one of t timeslots (where in all
cases t < 36, which is to be interpreted as twelve days of three
timeslots), such that the following three hard constraints are
satisfied: Constraints that will be considered include:

3.1.1 Hard Constraints
i) No student is required to attend more than one
event at any one time (or, in other words, conflict-
ing exam events should not be assigned to the
same timeslot);

ii.) All exam events are to be assigned to suifable
rooms. That is, all of the features required by an
exam event are satisfied by its room, which must
also have an adequate seating capacity;

Only one exam event is assigned to any one
room in any timeslot (i.e. no double-booking of
rooms is allowed).

iii.)

3.1.2 Soft Constraints

i)  Candidates prefer to have at least one gap between.
In general, we would like to spread each candi
date examinations as much as possible within the
planning horizon.

ii.) Splitting of examinations into rooms must be
minimized as much as possible. This is done in
order to help departments in planning for
invigilators who are also scarce.

3.2 Representation Model for the Exam Timetable
Definition

H - Set of all the periods of time within which examinations
can occur. H = {hy, h,, ... h,,} where m corresponds to the max-
imum number of periods of time.

Definition

D - Set of all subjects, in a given season, that will be under ex-
amination.

D = {d,,d,,..d;} where k is the maximum number of sub-
jects, in a given season will be under examination.

3.3 Objective Function

This is represented as a weighted linear combination of func-
tions associated with all constraints in the problem. For faster
execution, it has been observed that it is better to include hard
constraints as well in the objective function and assign higher

IJSER © 2012
http://www.ijser.org



International Journal of Scientific & Engineering Research Volume 3, Issue 8, August-2012 3

ISSN 2229-5518

weight to their functions.
Thus, given a solution x, and a set of 1 constraints, we minim-
ize the function;

fG) =Yk A fi (x)
(1)
where f; = function associated with constraint i and A= weight
given to constraint i which represents the importance of the
constraint to the overall performance measure of the solution.

3.4 Constraint Functions

i.) A candidate can have at most one examination at the
same timeslot; Two examinations i and j have a can-
didate clash if they have been allocated to the same
timeslot (i.e. s; = sj) and mij = 1. We need a function to
count the number of these clashes whenever they ap-
pear in a particular solution and aim at minimizing
them.
Let A = Set of all pairs of examinations (i,j) € E with
i < j such that s=s, and define fi(s) = X j)eaMmij,
then minimize A#(s) f (s) gives the total number of
candidate clashes associated with the current solu-
tion, and therefore f; (s) = 0 is a necessary condition
for a feasible solution. Since this is a hard constraint,
Ai must be a sufficiently large value.

i.) Room capacities must not be violated;

A room cannot be allocated to more candidates than
its capacity in any time slot. In this case we need a
function to count the number of times that the con-
straint is violated. That is, calculate the number of
times that a room has been assigned more candidates
than its capacity. Let Bi = a set of examinations as-
signed to room i at timeslot ¢, then the remaining ca-
pacity of room 7 in time ¢ is given by

ry — ZjeBn Cy

For feasibility, the capacity of room i must be > 0.
Also let

[1 if Capacity of room i <0 at time t

di = lO

Otherwise

Thus, the function f3(S) = maxief{ | ki|} is minimized to Asfs(s)
where 23 is a weight value.

The general algorithm is demonstrated by the following pseu-
docode;

Initial_Examination_Timetable

Phase 1

For each examination c slotted = Assign timeslot and room

to examination c

if Not slotted

Put in the list U of unslotted examinations

Next ¢

Phase 2

For each unslotted examination uell

Assign portions of u into the emptiest space until all is

scheduled.

If infeasible assign to the closest feasible timeslot.

Next u

End_Initial_Timetable

3.5 A Framework for the Hybrid GA-SA Algorithm

At the point of convergence of the evaluation function of both
the GA and SA comes the integration and model design of the
hybrid using certain features. Two solutions are selected with
a decreasing probability of selecting less-fitted feature solu-
tions. In order to decrease the probability of selecting less-
fitted features, the fitness evaluation function is changed to the
following;:

fi = (Dmax - Di)oLXt (4)
where t is the number of iterations or generations. As the
number of generation increases, the fitness value would in-
crease and induce the algorithm to choose better-fitted solu-
tions. The mutation rate would decrease as the number of
generations grows.
This is formulated as follows:

Crn=1—1t/ 1t )
where t is the number of iterations or generations that the al-
gorithm has gone through and fnax is the maximum number of
generations.

If the produced offspring is less-fitted than the worst solution
in the population, it would replace the worst solution only
when the probability

5

<e ™D is met.
for some room i.
Then the function is Generate initial | _| Objective Function ( Verification es Best
Bl population (Evaluaticn) Termination Criterion Individuals
f(s)= Z Z dy 1
= €k t s ho
©)
and minimize A»f,(s), where 4 is a large value. Since Selection
fo(s) is the total number of rooms with an overflow of Begin Y Result
candidates, then the condition f»(s) = 0 must be satis- Generation [
fied for a feasible solution. New Population | """
iii.) Minimal number of examination splits into separate rooms; e
This is achieved by simply minimizing the maximum size of ki.
SER © 2012
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Fig. 3. Flow of hybrid of GA and SA

3.6 Simulation Parameters

3.6.1 Violations of the Examination Timetabling

Course clashing, venue capacity, venue with lab equipment,
list of courses, total number of students per course, list of ve-
nues and capacity of venues

3.6.2 Parameters for GA-SA

Number of generations = 1000, size of population = 100,
chromosome length = 54 (54 timeslots in a week), mutation
probability = 0.1, crossover probability = 0.7, Length of mar-
kov chain = 10000, maximum temperature = 100, alpha = 0.95,
freezing point =0.1.

3.7 Implementation Tool

The programming tool used to implement the algorithms is
MATLAB. This is because MATLAB is a very powerful com-
puting system for handling the calculations involved in scien-
tific and engineering problems. The name MATLAB stands for
MATrix LABoratory. With MATLAB, computational and
graphical tools to solve relatively complex science and engi-
neering problems can be designed, developed and imple-
mented. The timetabling problem follows LAUTECH timeta-
ble dataset format and will be used to evaluate the perfor-
mance of the developed hybrid GA-SA system.

4 RESULTS AND DISCUSSION

From the summary of the results obtained from the simula-
tion, simulated annealing algorithm performs better than both
the genetic algorithm and the hybrid GA-SA algorithm in
terms of optimality of output generated.

However, simulation results showed that simulated annealing
algorithm spends a more considerable time to generate the
timetable than the other two algorithms which accounts for
the optimality of the timetable generated as almost all hard
constraints are satisfied.

The genetic algorithm on the other hand spends a lesser time
than the simulated annealing algorithm during the generation
process but does that by violating some hard constraints.

As computing resource is very expensive, there occurs a need
to reduce the time and space complexities inherent in the use
of algorithms, hence a need for a more time-enhanced algo-
rithm which came as the hybrid GA-SA algorithm. The hybrid
GA-SA, though violated some hard constraints as observed in
the GA result also, executes with reduced time for generating
the output. It is the most efficient algorithm in terms of time
and space complexities and computing resource management
though optimality of result is not guaranteed. However, the
simulated annealing algorithm consumes a lot of computing
resource but ensures optimality of output generated.
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LADOKE AKINTOLA UNIVERSITY OF TECHNOLOGY, OGBOMOSO

LADOKE AKINTOLA UNIVERSITY OF TECHNOLOGY, OGBOMOSO

2009/2010 RAIN SEMESTER EXAMINATION TIMETABLE

DATE 8:00 - 11:00AM 12:00-3:00PM 4:00-7:00PM
DAY1 CQURSES | VENUES COURSES VENUES COURSES | VENUES
Hrl | CSE312 | MICOM (90) CHE 310 BL (90) 90 Hr7 | CSE306 | OBEL(90)%0
%
Erl | CHE2I0 PL(83) 50 MEE208 | MICOM(90)%0 | Hr8 | CSESL2 LH(100) 80
Hr3 | CSE314 | 1200LT(1200) CVES2s | MicoM(90)75 | Hr9 | AGE304 | NLT(230)75
%
DAY2 | Hi10 | EEESM | MKO(750)45 | Hr13 | EEE22 PLES90 Hrl6 | CHE210 | MICOM@0)§30
Hrll | CVESK0 | LH(10090 | Hrl4 | MEE208 | OBEL(0)30 | Hrl7 | CHE206 | LH(100)120
Hrll | CVE332 | OBEL(90)0 | HErls | AGE2M4 TH(100% | Hr13 | CHE0§ PL(85)350
DAY3 | Hi19 | FSE308 | NBEL@3S0 | Hr22 | AGESIS IH (10075 | Hr25 | AGE304 | MEO(730)60
H20 | EEE200 | MKO(TS0)6S | Hr23 | EEES4 1E(10075 | Hi26 | CHESM4 | NBEL(3)80
Hr2l | CSE306 |OBEL(90)00 | Hr24 | EEE202 BEL(SS)90 | Hr27 | AGE204 | MICOM(S0)90
DAY 4 | Hi2s | CVESR PL(55)%0 H3 FSE 302 PL(E5)90 Hr34 | MEE 306 NLT(230)90
H0 | CVESKH PL(35)43 Hr3) | MEES06 | 1200LT(1200090 | Hr33 | EEE200 BEL(33)63
HR30 | MEE232 | MKO(750)850 | Hr3: EEE 316 OBEL(9)75 | Hr36 | CVEs® OBEL(90)60
DAYS | Hi37 | CVE332 | MKO[750)330 | Hr40 | CSESI2 | MICOM(90)30 | Hr43 | CHEZI0 TE(100)80
Hr3E | CSESI2 | NBEL(95)30 | Hr4l | CHES04 | MICOM(POMS | Hrdd | FSE02 OBEL(90)90
Hr39 | MEE232 | 1200LT(1200) | Hr42 | CVE332 | NBEL(95350 | Hrd5 | CSE3L2 ‘OBEL(90)90
75
DAY G | Hid6 | CVES26 | NLI(250)75 | Hrd49 | CSE306 OBEL(90)75 | Hr52 | CVES26 | 1200LT(1200)6
5
Hi47 | CSESI2 | NBEL95)® | Hrs0 | MEE2R2 NLT(25045 | Hr33 | CSES12 | NBEL(93)830
Hrds | EEE3l6 | NLT(250)80 | Hr5l | EEE200 BEL(5M5 | Hr54 | EEE3I6 BEL(83)90

HINT: XYZ(1)2 3 COURSE (XYZ) AND CAPACTTY (1) AND STUDENT_ASSIGNED (2)

Fig. 7. SA Timetable Generated

LADOKE AKINTOLA UNIVERSITY OF TECHNOLOGY, OGBOMOSO

2009/2010 RAIN SEMESTER EXAMINATION TIMETABLE

20092010 RATN SEMESTER EXAMINATION TIMETABLE DAIE | 8:00-11:00AM 12:00-3:00PM 4:00-7:00PM
RS N - DAY 1 COURSES | VENUES COURSES | VENUES COURSES | VENUES
Hr1 | EEE20Z | OBEL(90)80 | Hr4 CSE312 PL(90) 90 Hr7 | FSE302 | OBEL(90)90
Hr2 EEE 202 NBEL (95) 30 Hr s CSE 312 MICOM (90) 90 Hi 8 MEE 208 LH(100) 80
DATE 8:00 - 11:00AM 12:00-3:00PM 4:00-7:00PM Hr3 | EEE202 | NBEL(95)80 | Hr6 EEES24 | MICOM(90)75 | Hr9 | AGESI6 | NLI(250)75
DAY 1 COURSES | VENUES COURSES | VENUES COURSES | VENUES
Tr1 | EEE202 | OBEL (900)80 | Frd CSE3I2 PL (90) 90 7 | FSE302 | OBEL0)0 DAY2 | Hrl0 | CVES26 | MKO(750)45 | Hrl3 | CSE306 PL(55)90 Hr16 | MEE232 | MICOM{0)s50
T2 | EEE20 | NBEL (950 | Hrs | CSEall | MiCoM (0% | HrS | MEE205 | LHI00) S0 Hill | CHE30 | LH(0090 | Hrls | CSESL) | OBEL®OS0 | Hrll | AGE204 | LH(100)120
Hri EEE10I | NBEL(95)80 | Hré EEES24 MICOM (90} 75 | Hr9 AGE 516 | NLT(230) 75 Hri2 | CHE310 OBEL(90)%0 | Hri$ FSE 308 LH(100)90 Hr 18 CVE 332 PL(85)350
DAY? | Hil) | CVESN | MKO(750)45 | Hri3 | CSE306 L5590 | Hrlg | MEE2 | MICOM@OBSSO DAY | W19 | CHE26 | NBEL@ZSO | Hr22 | FSESes | LH (10075 | Hr2s | CVESD | MKO0@
Hr11 CHE 310 LH(100)00 Hr14 CSE 512 OBEL(90)30 Hr 17 AGE 204 LH(100)120 Hr 20 EEE 200 MEO(T30)65 Hr23 MEE 506 LH(100)75 Hr 26 CHE 210 NBEL(9%)80
Wil | CHE3I0 | OBELQUP0 | Hrls | FSES0s | LH10O® | Hrls | CVES® PLS5)350 W2l | CSE306 |OBEL(0M0 | Hr2d | AGE304 | BELESSO | Hr27 | CSESIS | MICOMS090
DAYS | W13 | CHEZXS | NBRLO%SO | He2l | FPSEOR | LHOOOPS | H2s | CYESW | MEGOUSIS DAY | Hi2S | EEE3I6 | PL(5P0 | Hrdl | CHE3I0 | PLESP | Hrsd | CSE3ls | NLTA0P0
Hi2o | EEE00 [ MKO(SUGS | Hedi [ MEES0a LH(0O7S | He26 | CHEND | NBELGS0 Hi29 | CHESM | PLBSMS | Hrs2 | CHE3I0 | I200LT(1200190 | Hr35 | EEE200 BEL(85)65
Hrll | CSE306 | OBEL(S0]0 | Hrad | AGE304 | BEL(SS0 | Hr27 | CSESM | MICOM(3090 HR30 | MEE232 | MKO(I50)§%0 | Hr33 | MEESO6 | OBEL®O7S | Hr36 | CVES00 | OBEL(0)60
DAY | Hi2§ | EEE3IG | PLESOO | Hi3l | CHE3ID BLES90 | Hrsd | CSEZI4 | NLTES0M0 DAYS | Hi37 | CVE33! | MKOUS00%0 | His0 | CSESLZ | MICOM©0S0 | Hid3 | CHEIWD | LH(00S
W29 | CHESM | PL®SHS | Hr32 | CHESI0 | 1200CT(120090 | Hr3s | EEE200 | BEL@S)SS M3 | CSESI2 | NBELOSS0 | Hrdl | CHESOd | MICOMOOMS | Hr4d | FSE302 | OBEL@US0
HR 30 MEE 232 MEO(750)850 Hr 33 MEE 506 OBEL(90)75 Hr 36 CVE 500 OBEL(90)60 Hi 39 FSE 508 1200LT(1200) Hra2 CVE332 NBEL(95)350 Hr45 CSE 312 OBEL(90)30
s
DAYS | Hi37 | CVE33l | MKOUS0S%0 | Hid) | CSESIZ | MICOM900 | Fird3 | CEE210 | LH(00)0 - e S TR
Y I s34 | NLT(250)78 3 <16 90)75 52 200 | 1200LT(1200)6
H3 | CSESLZ | NBEL(9530 | Hrdl | CHES0: | MICOM(SOWS | Hrdd | FSES0Z | OBELGOSO DAY6| Hide | EEE LTEOTE | Hrdd | AGESIG | OBELOOTS | He FEE 12OET00)
H39 | FSESOS | 1200LT(1200) | Hrd2 | CVE332 | NBEL9S3%0 | Hr4s | CSESIZ | OBEL(0)90 TaT | EEE3e | NBELGE | HS0 | CVESH | NLTGSMs | Hrsy | MEEZR | WBELGHE0
i HidS | MEE2S | NLTQS0)S0 | HrS | CVESl6 | BELGSHS | HrS4 | CHESI0 | BEL(s3)%0
DAY 6 | Hd6 | EEES24 | NLT(230)5 | Hr49 | AGESI6 OBEL(90)75 | Hr52 | EEE200 | 1200LT(1200)6
3
W47 | EEE3I6 | NBELQS90 | HiS) | CVES) | NLT(S0MS | Hrsh | MEED | NBELOSES)
Hid$ | MEE20§ | NLTQS0)S0 | HislL | CVESN | BELGSMS | His4 | CHE3I0 | BEL(590 S

HINT: XYZ (1)2 & COURSE (XYZ) AND CAPACITY (1) AND STUDENT_ASSIGNED (2)

Fig. 6. GA Timetable Generated

HINT: XYZ (1)2  COURSE (XYZ) AND CAPACITY (1) AND STUDENT_ASSIGNED (2)

Fig. 8. Hybrid GA-SA Timetable Generated
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TABLE 1
SUMMARY OF RESULTS OBTAINED

GA SA

4 GA-SA
ALGORITHM | ALGORITHM ALGORITHM

Simulation time(seconds)

197.3438 561.6094 176.6875

Nos of Courses Clashing 0 0 0

Courses given lower venue 9 0 0
capacity

Lab courses assigned to venues 7 7 9

5 CONCLUSION

As computing resources become very expensive, there
arises a need to reduce the time and space complexities
inherent in the use of algorithms, hence a need for a more
time and spaced-enhanced algorithm which came as the
hybrid GA-SA algorithm as proposed in this study. Simu-
lated annealing and genetic algorithm have been success-
fully used for solving the examination timetabling prob-
lem. However, the results generated indicates a very high
consumption of computing resources by simulated an-
nealing but with high optimality while genetic algorithm
results showed that though the consumption of compu-
ting resources is reduced yet the two algorithms still con-
sume a considerable part of the computing resources.

This study designed a hybrid GA-SA algorithm which
presents an output with a well minimized utilization of
computing resources. A performance evaluation was car-
ried out among the three algorithms. The result of the
evaluation revealed that in terms of optimality of result
without taking cognizance of the time and space complex-
ities, simulated annealing is the best of the three. In addi-
tion, based on computing resource management, the hybr-
id GA-SA algorithm is the best of the three algorithms
under such consideration.
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