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Abstract

In recent years, different heuristic and hyperheuristic optimization approaches involving
"“l}““_‘l '»'f““P“"“g techniques have been suggested to solve multiobjective combinatorial
opllmlzallo_n problems. These techniques have been applied — individually and in hybrid
forms — with relative success to scheduling problems. This work attempts to review the
performance of the three common techniques often applied in scheduling problems: Genetic
Algorithms (GA), Simulated Annealing (SA) and Tabu Search (TS).

Keyword: scheduling, optimisation, genctic algorithms, simulated annealing, 1abn search.

1.0 Introduction sameane  is respansible  for  assigning

Over the last five decades. scheduling
problems feature more prominently in
Operations Research (OR) areas than in
computing because manual or
mathematically  based  solutions  were
sufficient [ 1. 2, 3], However, the growing
complexity of the scheduling problems
and the advances in the development of
high speed computing devices fuelled the
desire to push the boundaries of
knowledge in this area [4, 5]. In this work,
a review of the three heuristic' technigues
~ genetic algorithms (GA), simulated
annealing (SA) and Tabu Search (TS) -
that are often applied in solving scheduling
problems is presented. This introduction
gives an overview of the concept and main

principles behind scheduling.

1.1 Overview of scheduling
Scheduling is a very important cancept,

not just in computing and  husiness

manasement. but to life in generul. Sims
|6] rightly observes that:

“People face scheduling problems and
apportunities  evervday: ai the  dirport,

Hewresne s a ™ \';'u'ruft.‘rhr forsandanion serving iy
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planes to gates; ar a plumbing service,
someone iy in charge  af  assigning
repairmén o serviee  calls;  ina
manufaciuring  fucility, someone s il
charge of assigning jobs to machines. in a
call centre, someone Is i charge of
assignimg  certain calls to specifically
skilled personnel ™.

The above 15 obviously not exhaustive but

gives a clear idea of how involved people

are with scheduling 1 their day to day

activities. Schedulipg inyuivcs developing

and managing a plan” o achieve un

objective in solving the general problem of

satisfying time and resource constraints

between a number of tasks |7, 6, 8).

Rivreau [7] captures. in his simple

definition, what the business of scheduling

actually involves:

To schedule is ro fix jobs (activities)

execurions:

o Dhyvassigning resources 1o these jobs

o Dby fixing their sturting times

o cnd by verifyving the constraints

o in order 1o optimise one or several
Jixed criteria

However, the simplicity of the definiuon

did not undermine the complexity of the

problem. Burke e «l. 9] and Filho e

* Plan is defined as a scheme, program, or method
warked oul belorehand tor the accomplishment of
an objective] 16, 33|
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al 10T admit that it could be challenping
W avoid conflicrs (of ohjectives)  and
Sausty swde-constrainty over a flimired time
period. Some ol (he approaches used (o
solving are looked at i the following
secChons.,

1.2 Approaches to solving scheduling
problems

Scheduling  problems  are
mulriobjective combinatorial optimisation
[TL12.13.14.3.15] (1o he
discussed later) and vigorous research

Iypically
problems

activities have been going on in this arca
tor decades |7]. Some of the approaches 1o

solving them include: manual,
mathematical models, advanced

algorithms. Al methods and heuristics |7,
8. Abraham er ol [4] however. observed
that scheduling problems are so rich that
method — is
several  techniques
(including approaches). that
worked well scheduling
problem models. have been suggested by
researchers 19.16.12.5,3]. Heuristic
approaches are also generally known to
have produced “high-quality” results [16].

scheduling

So
heuristic
on classical

“no  single

sufficiens”.

1.3 Application areas

The application of scheduling spans a wide
variety of areas ranging from workforce
scheduling and tumetabling [15.35.44] to
robol control systems. intelligent agents,
grid computing and ecarth observing
satellites [ 1. 30.31.32]. These areas exist in
varipus  domains  like the education,
military, health, transportution,
manufacturing, government, business and
cconomy  [20,34]. A few purticular
examples from the works reviewed will be
presented later in this work.

The vest of this paper is organised us
follows. Section 2 deals with the nature of

scheduling  problems.  why they e
difficult and presents an overview of
multiobjective  optimisation  concepls;

section 3 looks at the underlying ideas
behind TS, GA und SA: section 4
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overviews — some o - the  publishe
scheduling — “systems”™  and maodels
developed with any or a combinations of
the techniques and finally, in secrion s
concludes with a discussion on the fure
direction of research in this area,

2.0  Problem Definition

Walle [8] usserts that most scheduling
problems  deal  with  issues inw:lu_in;:zg
assigning activities or tasks to resources,
satisfying the constraints and optimizing
the objective function. In their complex
forms, they typily NP—complete’ problems
[20, 9, 19, 3, 21] and they also occur in
different forms but generally have the
sume outlook and structure.

2.1 The main components of a

scheduling problem model

In their individual analysis, Leecuwen [22]

and Sims [6] identified a number of

components that make up a typical
scheduling problem model:

. the properties of the each jobs (or
tasks/activities) e.g. the processing
time, deadline, release time, the priority

. the properties  of the machines
(resources)e.g. identical or different (in
capacity may be), availability, parallel.
flow shop or job shop*

3. the properties of the processing 2.2

constraints. penalties, on-line. off-line

4. the objective of the scheduling i.e. the

‘cost”  of the schedule is tw be
minimised

The task of defining the rules that are used

to assign the task to the resources is

obviously the most important aspect in the
design of scheduling systems (6]. These
rules are at the lowest level very simple

e et the Earliest Due Date job or gel

the Shortest Processing Time job. Bul real

life domains which have rules that we

™

LN camplere vefers oou subelass of the hardest
preablens b NP7 see [A) Fon detards

b Etow shop models haye nachines in series while
Joby shop rendels are processed according ol
specitied route through the sot of machine (221
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complex combinations of the simple ones
are simply difficult 1o model |6, 8]

2.2 Why
difficult
In real hfe. complex rules

scheduling problems are

. and decision

making processes are usually employed to

generate feasible schedules.  Wolfe |81

atimbutes the difficulty in modelline real

lite scheduling problems 1o the l'nllm:-ing

i complexiny (huge number of oplions,
combinatorial explosion),

b, objectives or criteria (vague,
ambiguous. multiple and confliction).

oo imeertaintics (mew orders/prioritics,
unexpected events).

do domam specificiry (hard 1o apply
existing technigques).

As with every multiobjective

combimnatorial optimisation problem. the

search space is usually ldarge and complex

and the domain difficult to model [12. 8].

2.3 Multi-obhjective optimisation

The development of acceptable and
workable schedules requires. to a large
extent. the use of optimization techniques

- i
-

[4. 23, 12, 13. 24|. According to Vincent

251, optimusauon invelves the process of

improvement of the quality of a solution to
o problem. It usually begins with an initial
candidate solution and then iteratively
searches through the problem’s solution
spice for ¢ better solution which. if and
when found. replaces the existing solution.
So this approach requires a function — the
objective  function — that evaluates the
quatlity of the solutions (new and old) i_n
order to make a reasonable decision and is
tormally detined as given below [25]:
fiXCR =R

where X s 4 user-defined bounded set ol
valid for desirahle) nputs and fis t?n:
ohjective function (refer o 113.24.25] for
further detimuaons)

Above describes 4 typical simgle objecuve
problem  (because it shows only one
objective function). Where a single perfect
tor Utopian) solution exists — the global
optimum — it can be found depending on
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the scarch strategy [24|. However. in
reality  we most  often  need 1o
simultaneously optimise multiple. possibly
conllicting objective functions. A suitable
solution — often  compromises  optimal
performance of any one of the objectives
toaichieve aceeprable (or Pareto optimal”)
solutions in all ohjective dimensions [24],
In practice though, these objectives necd
to be recombined to form a single
objective  function that represents  the
component functions with a redefinition of
the required performance level in order 10
be able to select good solution from u
family ol alternatives which are otherwise
considered equivalent [13, 24]. Generally,
similar approaches to search for a better
solution in the solution space apply.

A formal definition of a typical mulu-
objective problem [24] i5 given as follow:
f(x) = (fi(x) ..l fu(x)) Or

f(x)=(fi(x))s k=1l...n

Where X = a vector solution variable
Ji(X)= a component objective function
f(x) = the combination of the component
functions.

And then a solution vector, x, € U, is said
to be Pareto optimal if and only if there is
no x, € U for which f(x,) dominates f(x,)
[24]. There could be a set ol aliernutive
solutions and so choosing any one of them
is often subjective.

So in differemt kinds of scheduling
problems. these issues are of concern in
the techniques  that
produce  admissible

selecting will
efficiently

sofutions.

set of

2.4 Heuristic approaches to solving
scheduling problems

Any scheduling algorithm (ov scheduling
poliey | 22]) is expected 1o satisly the hard”
comstraints by producing o feasible

" The set of Pareto optimal decision vectors are
such that any decrease i one objective must cause
Astiultaneous mcicase meoat least one
phjective |15, 22, 381,

" Hurd constraints are rigid oad inbending and
define the search space; sofl constraints are flexible
and define the quality of the solution |16, 8].

other
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solutton |13, 19, 8)

ol the algorithm 1
finds the optm

However, the qualiry
a funchion of how Juset
al solunon, the retiabilin,
simphiciny and portabiling of the
and of course how we
constrannts (8|

algonthm,
II 1t satisfies the soft

Heunstic techniques have therefore been
successfully applied because they borrow
the FIUIllun tendency  toward a useful
solution and as such solving the problem
by covering only a subset of the search
space  [25]. Efficiency is most often
guaranteed and in many cases. the
concepts  behind  them  are  amazingly
simple. Genetic algorithms (modelled on
human  evolution), Tabu  Search (a
neighbourhood technigue) and Simulated
Anncaling  (based on thermodynamics)
have performed very well as will be
discussed in later sections |4, 26],
In such complex domains as combmatonal
optimisation  problems, the need  for
elegant, robust and adaptable techniques
cannot  be  over  emphasised.  These
techniques work very well and are yet
amenable to investigation and refinement
[27] and so the luture is likely to see huge
improvements on these techmques and
their hybrids especially as the hardware
technologies — garner  more  processing
power 14.5].
Some of the problems that have provided
testing grounds for these techniques and
engaged rescarchers attention are the
classic Travelling Salesman  Problem
(TSP). the Job Shop Scheduling Problems
(JSP). Timerabling and Transportanion
problems.
However, researchers’ attentions are
recently being drawn to the “surprising
degree of effectiveness and generality
demonstrated by heuristic approaches™ 1o
these classes of problems [4]. Across the
globe, different scheduling systems are
modelled  purely  on  simple search
algonithms which hamess the nchness of
natural  heunsnc  search  methods
[4.28.11.29.27,30]. Their apphcaunon 1o
some mission critical projects with success
further reinforces  therr  reliability
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[1.27.30,31]. Currently, research Te

| SOufceg
are bemg mvested in this area with
_ ¢
hope of improving the quality of 4,
2 C

techmques in terms of adaptabylipy and
generality [23, 28,9, 3], )

3.0 Review of selected techniques
Heunistics techniques are a bundle of
possibilities.  The  following section
presents an overview of three of the mo
common heunstic techniques  that are
usually applied in solving scheduling
problems.

3.1 Tabu Search (TS)

Tabu Search is one of the most common
heunstic approaches to solving scheduling
problems and combinatorial optimization
problems in general [32, 33]. It had been
apphied to several NP-hard problems and
has proven capacity to give good results
(15, 21]

The ongin of TS, dates back to the late 70s
but was presented [irst in 1986 by Fred
Gilover [34,32,33.19]. I is a
neighbourhood  search  algorithm  which
begins by gencrating an initial, 4, to the
problem. It then looks around the
neighbourhood of i, N(i), for a subset of
the solution space and picks the best
contestant, j, to replace i (even if j 1
worse than i). This process is repeated
with the neighbourhood adjusted for the
current solution [4,33,19] until a certain
stopping criterion is met. Because the
neighbourhood changes with the currenl
solution, TS has often been referred to as &
“dynamic neighbourhood search
technique ™ [33).

In TS, there is a risk of cycling lhmug,h d
set of solution and getting trapped ‘"b::
local optima [33] and this CO"“.],
avoided by forbidding recently VISIET
solutions from being selected. These
solutions are kept in a list called the Tubu

List, T which operates based on F lff_}
(First In First Ouy) principle — '
er they

solutions leave the list in the ord
arrived. Also, a variation of this list cx!b‘:
which holds not the solutions but l'-w
moves made from i (the current soluton
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o J (the next solution) such
neighbourhood is defined by [33]:
NI={] £ m _M(i) such thar J=itm).
S0 j, a neighbour of 7, can be obtained if 4
aRalons; afen €oisiden oo
reverse moves, m° stlcl{:rth?t}pi)mitges lh[?
in guiding the se;;rch to mmw::—l mYGBIm

promising
areas [4,33,19].
TS uses the aspiration level criterion (or
aspiration level condition) (o determine
when these restriction rules could be
relaxed (33, 19, 21]. For instance, if a
move is likely to get a better solution than
the overall best, 1t should be considered
even if the move is tabu’,
Well structured TS algorithms strike a
good balance between intensification
(concentrating more in a region in the
search space that promises good solutions)
and diversificarion (spreading across the
entire search space). Intensification may
bias the algonthm toward solutions with
common features with the current solution
while diversification tends toward solution
not so related to current solution. A good
balance between the two, depending on the
nature of the problem, if often an issue that
may affect how well the algorithm will
perfform. So the modified objective
function, F, [33] thus becomes:

that the

F =f + Intensification + Diversification

At
|33
1. Choose an initial solution i in 8. Set
1*=i and k=0).

2. Set k=k+1 and generate a subset V* of
solution in N(i.k) based on the move
operators and the Aspiration function.

3. Choose a best j in V* (with respect to |
or 1o the function I) and set i=].

4. 1f fti) < f(i*) then set i%=i.

5. Update tabu and apsiration conditions.
O.1f a stopping condition is met then stop.
Else go 1o Step 2.

ypical TS algorithm reads as follows
|

——

= W . LT
Recent moves are geucm”yfmfnddm i.e, they are
declared rabn.

Internationag Journal

é’gnﬂic‘;ﬁeﬁ? Algorithms (GAs)
function ogqm' ms (GAs) are well known
ptimisers which belong to the
ﬁ:ﬂugﬁ:ﬁ]‘_“l’matimal models inspired by
arwinian Theory of Evolution [35,
l()', 25, 36, 37, 21). The concept was
originally proposed by John Holland in
1975[37]. GAs work with a population of
individual data structures often encoded in
a4 chromosome-like  form.  These
individuals in the population are a sample
of the solution space currently known to
the GA [42].
A GA ypically begins by randomly
generating the individuals that make up the
initial population. It then iteratively goes
through the selection process to pick pairs
of individuals for the intermediare
population (often referred to as the mating
pool). The mnext stage involves the
probabilistic operations of crossover and
mutation which, in each case, produce an
offspring (new individual) to make up a
new generation of individuals. The last
stage is the replacement of the current
population with the new. The processes —
selection, crossover  +  mutation,
replacement — are repeated until a stopping
condition is reached e.g. at the end of a
given number of generations or when an
acceptable solution quality is reached. The
overall (or so far) best solution is retained
and the average quality of the entire
popufation of the entire population of
solutions improves through the evolving
generations of individuals.
Experimenting with the GA models.
researchers have over the years suggested
different variations of the original
canonical model proposed by Holland.
Whitley [37] argues that the term GAina
broader sense uactually refers to “any
pu‘nuf{fﬁmht’!(f.\'t’rf model  thar uses  the
selection and recombination [crossover] ro
generate new sample points in the search
space”.
Good selection techniques offer higher
chances of selection to individuals with

of Flectrical & Telecommunication System Research
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above-average ﬁmr.m”; crossover atlempts
to preserve the good traits in the new
offspring  while  mutation  basically
preserves diversity in the system |25, 37].
The fimess of the individual is  the
probability of selecting it from the
population for mating based on its value
from the evaluation (or the objective)
function |37].

They all sceh a  balanced
explorarion and exploitation in the search
space. The basic structure of a GA s
presented as follows [26]:

level of

1. Generare (P(0))
2. 1:=0

3. while nor Termination_Criterion(P(1))
4. do

5. Evaluare(P(t})

6. P'(1) := Selection(P(t))

7. P'(1) := Recombination(P (1))

8 P'(1) := Muration(P'(1))

9. P(1+1) := Replace(P(1), P'(1))

10. 1 :=1+1

11. return Best_Solution_Found

33  Simulated Annealing (SA)
Simulated Annealing borrows its
operational idea from thermodynamics.
Annealing refers 1o the process by which
high energy particles that form a system
gradually lose energy due to cooling and
get to very low energy states [17,25]. It is
a generalisation of the Metropolis Monte
Carlo integration algorithm by Kirkpatrick
[17,25,21).
The four basic components of SA
algorithms are: the Acceptance Function,
the distribution of the next candidate point,
the cooling schedule and the stopping rule.
The basic algorithm, according to Locatelli
[17] works as follows:
0. randomly generate the initial solution:
eX
1. z9 = {xg) // Keep all visited solutions in
the set zy
2. Generate a new candidate, yk+1 from
the ‘next candidate distribution D’

5 The fitness function is often defined in terms of
!he individuals chance of being selected and not
Just in its quality| 36)
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1 randomly generate a value, p, in the

[0.1]
Xyl = f}’lrf ifp=A (Xk Yiat, )]
Xy otherwise
A = Acceptance function with
vahiees between 0 and 1.
I = lemperature parameter

4. Add yisy 1o the set Z (Zgv1 = 2 U veet))

5 New temperature, ltxsi, from  the
current set Z [using a defined cooling
schedule]

6, Repeat (I — 6) wntil a ‘stopping
criterion’ is mel.

Locatelli [17] also explains that the

Acceptance Function informs the decision

to accept new candidate points or

otherwise. A typical acceptan funcr‘Tn
(also known as the Metropolis RunctionJis

a given below:

A(x,y,t) = min [1,(exp — f() - f(x))/t]

Tuning an SA to good performance largely
depends on the choice of the cooling
schedule and of the next candidate
distribution [17].

Again the stopping rule that guarantees
stopping at the global optimum, at nmes.
appears to be a difficult with SA. Some
heuristic approaches can be adopted like
when a given number of iterations are
reached or when three is no acceptance for
a number of times or when an acceptable
objective function value is got.

4.0 Applications of GA, TS, SA
techniques to scheduling problems
Rescarchers have extensively applied GA.
TS, SA and their hybrids in solving ¢lassic
scheduling problems. This paper reviews
some of the works done in this field.
Deb K ez al. [ 14] implemented a fast elitist
non-denominated GAs (NSGA-II) for
solving  multiobjective  optimisation
problems. Their earlier on this, the NSGA,
had been criticized for high computational
complexity, lack of elitism and the need
for parameter specification. The newly
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proposed parameter-less approach with
elitism did outperform other approaches to
similar problems.

Coates er al. [29] applied GA to develop
their Real-Time Coordinated Scheduling
for an agent-oriented system — Design
Coordination ~ System  (DCS).  They
claimed their work reduced re-scheduling
time by half.

Filho and Lorena [10] successfully
implemented a GA based “conflict-free”
school time table with a specialised
mutation operator. Similarly, Alkan and
Ozcan [28], in their work, described a
memetic algorithm”’ that dealt with hard
constraints and also introduced operators
such as “violation directed muration” and
“hierarchical hill climbing” which have
promising features for search algorithms,
Also, Weare er al.[38] worked on “highly
constrained” time table problems and
developed a “powerful” hybrid GA. Burke
and Petrovic [16] further demonstrated the
efficiency of heuristic approaches in their
in this area.

Alba er al. |26] observed that a work
planning problem originally formulated as
a mixed integer problem and solved with
Cplex could not deal with “unstructured”
problem. They described and implemented
a Parallel GA (PGA) which performed
faster but was not as accurate as the Cplex.
Chen and Liu [11) proposed a fast and
efficient Multi-level Genetic Assembly
Sequence Planner which proved reliable
on all the tested problems.

Han. Kendall and Cowling [39] presented
a hyperGA with an adaptive length
chromosome 1o solve Trainer Scheduling
problem. They reported  success  In
applying their work to geographically
distributed training staff.

Schaerf (3] presented a rich survey of
awtomated  time  tabling in 1999
highlighting the explosion of possibilitics
with heuristic approaches. He observed

Q. .

Memetc olgarithms are an exlension of GAs,
bosed on & model of how ideas evolve [28], they are
considered as a kind of GA in'this work
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that exact methods can only be applied in
small cases while in real instances. “only
heuristic  methods are feasible™, In a
related work, Emst er al. [ 1 reviewed
about 700 literatures  of personnel
scheduling and rostering. In his wark,
different heuristic approaches account for
about 70% of all the methods used while
the GA:SA:TS ratio was at 7:5:4 (sec pdl).
Also Coello Coello [12] worked on a
critical survey of GA-Based multiobjective
optimisation  techniques  and  their
underlying motivations, problems and
possible ways to improve performance.
Another survey was teported by Cheng et
al [12] who evaluated some of the recent
hybrid genetic approaches to solving Job
Shop Scheduling, highlighted some of the
weaknesses of GA and technmiques to
overcome them. Locatelli's paper [17] was
more of a useful handy tutorial on SA and
an overview of the use of SA in solving
continuous global optimisation problems
Wang and Zheng [36] successfully
implemented a hybrid GA-SA, using SA
as the mutation operator while in his work,
Vincent [25] applied GA to solving the
maximization variant of the classical
Rastrigin function and also provided a rich
overview of heuristic structured systems.
Ciesielski and Scerri [1] presented a GA
based “anytime algorithm™ for scheduling
aircraft landing times — a real time system.
They argue that the inherent parallel
structure of GA gives it considerable
advantage over other methods in such
problems.

Abraham et al. [4] demonstrated the use of
these heuristics in resource scheduling on
a computational grid. They reported that
both hybrids GA-SA and GA-TS gave
better results than GA. While in GA-SA
they harnessed both the convergence
properties in SA and parallelisation in GA;
GA-TS. mutation operator was replaced
with TS.

Aicklein [23] reported a fast generalised
GA based set covering problem solver,
however he admitted that his algorithm 1s
outperformed by a  problem specific
heuristic.
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Watson er al. [15] in their attempt to
“demystify” TS, discussed various issues
related to the key theoretical aspects of TS
in their demonstration of the application of
TS to the classical Job Shop Problem.
Several papers were published on the
application of TS and hybrids 1o
scheduling some of which include: De
Bontridder [32] who worked on
minimizing the total weighted tardiness in
a JSS'" problem and suggested that TS
could be effective in terms of fime and
solution  quality. In  their work,
Ponnambalam et al. [19] implemented
“adjacent pairwise interchange” method
on TS to solve JSS problem and got results
comparable to those of GA and SA on the
same problem.
Also, Burke, Kendall, and Soubeiga [34]
investigated the use of TS as a hyper
heuristic maintaining and managing a
number of other heuristics for a
timetabling problem. They asserted that a
reasonable solution takes into account the
rational balance between solution quality,
time and computational cost. Wiangtong et
al. [21] reported that TS with “penalty
reward’'” is superior to GA and SA based
on their comparison of the three heuristic
approaches implemented on the task
partitioning and task scheduling problems.
Wolfe and Sorensen [31] highlighted (as in
[34]) the fact that a good algorithm
depends on the choice that needs to be
made. They compared GA with Priority
Dispatch (PD) and Look Ahead algorithms
on their Earth Observing Satellite (EOS)
scheduling problem and observed that GA
gave the best result but was much slower
than the others while PD was simple and
fast but can sometimes give bad results.
Also Globus er al[27] and Globus et
al.[30] demonstrated in their separate but
related models hypothesize that GAs can
be effectively applied to EOS scheduling
problems which is a typical complex,
highly constrained domain.

"% JSS actually stands for Job Shop Scheduling

" Penalty Reward is a frequency penalisation
strategy used in [21] w implement diversification
and imtensification.
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As can be seen from the works aboye
heuristic approaches to scheduling has:
recorded huge success and remarka|y
provides a wide horizon for researcher 1o
explore.

5.0 Conclusion and Future Directiong
It is common knowledge that heurig;.
approaches  produce  “high  quqliry
solutions [16]. Clearly, as observed i,y
Hertz er al.[33]. this approach has huge
potentials especially with the refinemep,
and hybndization of these heurisic
techniques.
Researchers believe that no one of the
techniques reviewed above — TS, GA and
SA — is comprehensive on its own apd
suitable for various kinds of problems [4,
8, 40]. A well hamessed hybrid often
performs better than one technique
because it tends to take advantage of the
strong points of the component techniques.
GAs are arguably more popular than the
other two, probably because of their
flexibility and inherent parallel structure
[35,36,37]. However, Cheng er al. [12]
observed that GAs are not very good in
“fine tuning” solutions around the optima.
Also, GAs occasionally suffer from
premature convergence, i.e. individuals
becoming too similar to allow productive
search to continue [28, 36]. Again, in view
of cost, they are computationally
inefficient due to the large memory
required to manage the populations of
solutions [4, 41, 21]. TS and SA are both
neighbourhood search techniques and are
better used as a meta-heuristics on other
heuristics. They deal with only on¢
solution at any time and are therefore
computationally more efficient than a GA.
However, the nature of the problem and
the time available to solve it will suggest
which technique is a better choice [31, 34]:
The future is likely to concentrate on SOMe
of the key challenges pointed out by Lee ¢/
al. [16]:
o Schemes that are easily fannuhm’d /
customised to support variations
o Generalised methodology that culs
across problems
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o Intelligent scheduling svstems that can |
capture knowledge into themselves

e Effective constraint
strategies

September 6,

from: lonline]

Available
relaxation www.uco.fr/~rivreauw/Cours/sched-

However. as these techmiques themselves
evolve. the core differences between them
dissolve and the future may see heuristics
based on them. but more or less away from
their individual original structures. )
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