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Abstract

The job shop scheduling is a challenging probleam las interested to researchers in the fieldgtificlal
Intelligence and Metaheuristics over the last desadh this project, we face the job shop schedulin
problem with an additional resource type (operatorhis is a variant of the problem, which has been
proposed recently in the literature. We start fepgenetic algorithm that has been proposed preyidos
solve this problem and improve it in two differevays. Firstly, we introduce a modification in tletedule
generation scheme in order to control the timenatiivity of the machines. Secondly we define a lbem

of neighbourhood structures that are then incotpdran a memetic algorithm. In order to evaluate th
proposed strategies, we have conducted an expdehstndy across a benchmark derived from a set of
hard instances of the classic job shop problem.

Key words

metaheuristics, genetic algorithms, memetic algorg, local search, job shop scheduling problem with
operators, makespan, total flow time.
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1. Introduction

There are many combinatorial optimization probldéansvhich exact methods are not efficient
in their resolution. That is why in recent yearséaroliferated evolutionary and metaheuristic
techniques, which calculate approximate solutiorith wemarkable success [Talbi 2009].
Examples of these techniques are genetic algorjthhoesl search algorithms and memetic
algorithms, which combine the two.

In this master project we have developed two aligors for one of those problems: the Job
Shop Scheduling Problem with Operators, in whiéh iequired to order the execution of a set of
tasks that share resources and that are assistedri@n operators so that an objective function is
optimized. This problem is a generalization of #ad Shop Scheduling problem, which is of
great importance in Artificial Intelligence.

The two algorithms are extensions of a geneticréalgo presented in the final project [Mencia
2010] and the conference paper [Mencia et al. 200Ii¢ first proposal changes the fitness
function used by the genetic algorithm. The secome consists in combining it with a local
search algorithm; in particular, we try to extem@ tneighborhood structure, termed N1 in
[Matfeld1995], for the classic job shop schedulomgblem.

The remainder of this document is organized asvial In section 2 we clarify the objectives of
this work. In section 3, the Job shop Schedulirgdplem with Operators is formulated. Section 4
describes the main components of the genetic #hgorused to solve this problem. Section 5
introduces the modifications introduced in the siche generation scheme in order to control the
time of inactivity of the machines, which give ritethe so called Hybrid OG&T algorithm.
Section 6 is devoted to present the neighborhongttstes. In section 7, we introduce the
memetic algorithms created by combining the geragiorithm with a local search that uses
these neighborhood structures. The design andtsesiuthe experimental study are given in
section 8. In section 9 we summarize the main csmohs and propose some ideas for future
research. Finally, we include a appendix containietpiled results.



2. Objectives

The main goal of this master thesis is to imprdwedenetic algorithm proposed in [Mencia et
al. 2011]. In particular we propose the followingsific objectives:

Modify the schedule generation schema, termed O@&&pted to decode chromosomes in the
genetic algorithm, so as the maximum time of indtigtiof the machines can be limited. These
modifications give rise to the so called Hybrid OGé&lgorithm. In this way we can reduce the
search to a subset of solutions that are expeotbd better in average than the solutions of the
whole search space.

Define neighbourhood structures for the job shopedaling problem with operators and
makespan minimization. In particular we proposeeding the well-know structure, termed N1,
defined for the classic job shop scheduling problEnese structures will then be incorporated in
the genetic algorithm and it is expected that thsulting memetic algorithm reaches better
solutions than the original genetic algorithm.

Evaluate the proposed strategies by means of agriemgntal study. In particular, we try to
establish the conditions in which the proposedresitms may outperform the original genetic

algorithm.



3. The Job Shop Scheduling Problem
with Operators

3.1. Problem formulation

Formally the job-shop scheduling problem with opersican be defined as follows. We are
given a set oh jobs{J,,...,J,} @ set ofm resources or machingR,, ..., R,,} and a set op
operatorg0;, ..., 0, }. Each joly; consists of a sequencewgfoperations or task®;, ..., 0;y,)-
Each taskd;; has a single resource requiremggf, an integer duratiopy, and a start time
stg, and an assisting operai@y,, to be determined.

A feasible schedule is a complete assignment dirggaimes and operators to operations that
satisfies the following constraints:

e The operations of each job are sequentially scleeldul

« Each machine can process at most one operatiay dinze.

* No preemption is allowed.

» Each operation is assisted by one operator andpa®tor cannot assist more than one
operation at the same time.

The objective is finding a feasible schedule thanimizes some objective function. This
problem was first defined in [Agnetis et al. 201d] makespan minimization and is denoted as
JSO(n,p). In this work, we consider two objective functiortbe makespan, which is the
completion time of all the operations, and the ltfiav time, obtained by summing up the
completion time of all the jobs. The second maynoee interesting from a practical point of view
in a number of domains, as manufacturing, and suahkes the problem harder to solve
[Gonzélez et al. 2010] [Brucker and Knust 2006].

The significant cases of this problem are thosk wit< min(n, m), otherwise the problem is a
standard job-shop problem.

Figure 1 shows a Gantt chart for a feasible sclesiuhn instance with 3 jobs, 3 machines and 2
operators. The operations are labeled with theireduesource and the assisting operator. It can
be easily seen that all the constraints of the Ipmbare satisfied and, as there are only two
operators available, no more than two operatioa®aer processed in parallel. The makespan of
the schedule is 14, and its total flow time is 13+#10=37.
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Figure 1: A Gantt chart for a feasible schedule to a problem with 3 jobs, 3 machines and 2 operators.

3.2. A disjunctive graph model

Scheduling problems are usually represented by snea disjunctive model, which was first
proposed in [Roy and Sussman 1964]. This kind ofleling allows to solve the problem by
deciding about the relative order among operatibas share the same resources, instead of
considering for every operation all its possiblartstg times. We propose here to use the
following model for thg S0 (n, p) that is similar to that used in [Agnetis et al12P A problem
instance is represented by a directed g@ph(V,C UD UIT U 0). Each node in the sE&t
represents either an actual operation, or anyeofitfitious operations with null processing time
introduced with the purpose of giving the graphagtipular structure. These fictitious operations
include starting and finishing operations for eamperatori, denoted0f**"* and 0™
respectively, and the dummy operaticngrt andend.

The arcs inC are calledconjunctive arcs and represent precedence constraints among
operations of the same job. The arcPiare calledlisjunctive arcs and represent capacity
constraintsD is partitioned into subsey with D =Ug;—; _uy D;. D; includes an ar¢v, w) for
each pair of operations requiring the resotceThe seD of operator arcs includes three
types of arcs: one afe, v) for each pair of operations of the problem, aras @7*“",u) and
(u, 0f™®) for each operator node and operation. Thé setludes arcs connecting nosteurt to
each nod®@;*"t and arcs connecting each n@f&? to nodeend. The arcs are weighted with

the processing time of the operation at the soniock.

From this representation, building a solution canviewed as a process of fixing disjunctive
and operator arcs. A disjunctive arc between ojmersd andv gets fixed when one @i, v) or
(v,u) is selected and consequently the other one iamisd. An operator arc betweerandv is
fixed when(u,v), (v,u) or none of them is selected, and fixing the @g%*,u) means
discarding(0:%", v) for any operatiow other tharu. Analogously for(u, 0¢4).

Therefore, a feasible scheddldas represented by an acyclic subgraphs ofof the form
Gs = (V,CUF UIUQ), whereF expresses the processing order of operationseom#ichines
andQ expresses the sequences of operations that asteddsy each operator. In other words,
F =U;=, . m Fi, F; being a subset df; that includes the ar@, v) iff u is processed beforein
S.Q =V;4,_, Qi, whereQ; is a subset of that represents the order in which iae@perations
assisted by the operat0y are processed. So, it includes the &%, ui), (u, 0f"*) and

(u, v) for each pair of operations assisted by the ope@atsuch thau is processed before
For each operation, at least two arcs of the forfn, —) and(—, ) are in somd; and if one of



these arcs is i; none of the remaining arcs involvingoelongs t@;, i # j. The makespan is
the cost of aritical path in Gs. A critical path is a longest cost path from nedert to node
end. Analogously, the total flow time is computed he sum of the longest cost pathgzin
through the last operation of each job.

Figure 2 shows a solution graph for the schedydeesented in Figure 1. Discontinuous arrows
represent operator arcs. So, the sequences oftioperassisted by operatads andO, are
(621,011,032, 041,,043) and(634, 0,5, 0,3, 033) respectively. In order to simplify the picture)yn
disjunctive and operator arcs between consecutparations in a machine or an operator
respectively are shown. Continuous arrows representinctive arcs and doted arrows represent
disjunctive arcs; in these cases only arcs notlawping with operator arcs are drawn. In this
example, a critical path is given by the sequdifigg, 614, 032, 012, 633), SO the makespan is the
cost of this path, that is, 14.
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Figure 2: A disjunctive graph representing the scheéule of Figure 1.

In order to simplify expressions, we define thddaing notation for a feasible schedule. The
headr, of an operatiow is the cost of the longest path from nadert to nodev, i.e. it is the
value ofst,,. The tailg, is defined so as the valgg + p,, is the cost of the longest path frem
toend. Hencey, + p, + q,, is the makespan ifis in a critical path, otherwise, it is a lower
bound.PM,, andSM,, denote the immediate predecessor and successaespectively on the
machine sequencg]/, andSJ, denote the immediate predecessor and successatiops ofv
respectively on the job sequence d&@, andS0O, denote the immediate predecessor and
successor operations mfrespectively on the operatorof

A patrtial schedule is given by a subgrapli:offhere some of the disjunctive and operator arcs
are not fixed yet. In such a schedule, heads adlscctn be estimated as

T, = max{ max {min7; + Z ¢, max {min7; + z i, Tpyr. +
v JEP@) | j€J o Pj JSPO(v) | jEJ 2 Pj(:Tpy, T Ppj,
j J
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= max< max i+ ming;;, max Z :+ming; ¢, +
Qv JES(Y) ij jeJ QJ 7E50(v) : p] jej QJ pS]v QS]v
JEJ JEJ

With Tstart = Gena = Tostart = qena = 0 and whereP(v) denotes the disjunctive predecessors

of v, so as for alw e P(v), R, =R, and the disjunctive aréw,v) is already fixed
(analogously,S(v) denotes the disjunctive successorsvgf PO(v) denotes the operator
predecessors of, i.,ew € PO(v) if it is already established th@j, = 0, andw is processed

beforev, so as the operator ajw, v) is fixed (analogoush§0 (v) are the operator successors of
V).
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4. Genetic Algorithm for the
JSO(n,p)

The GA used here is taken from [Mencia et al. 2011]. €heoding schema is based on
permutations with repetition as it was proposed[Brerwirth 1992]. A chromosome is a
permutation of the set of operations that represgteéntative ordering to schedule them, each one
being represented by its job number. For exampkesequence (21132312 3)is a valid
chromosome for a problem with 3 jobs and 3 machiAssit was demonstrated in [Mattfeld
1995], this encoding has a number of interestingratteristics for the classic job shop
scheduling problem; for example, it tends to repnésrders of operations as they appear in good
solutions. So, it is expected that these charatiesiare to be good for thi&0 (n, p) as well.

For chromosome mating, tit&l uses the Job Order Crossovi?X) described in [Bierwirth
1992]. Given two parentgQX selects a random subset of jobs and copies tlesiegyto the
offspring in the same positions as they are irfitise parent, then the remaining genes are taken
from the second parent so as they maintain thiitive ordering. We clarify hofiOX works by
means of an example. Let us consider the followivayparents

Parent1211323123) Parent2 (331213221)

If the selected subset of jobs from the first pajest includes the job 2, the generated offspring
is

Offspring 33121 321).

Hence, operatgioX maintains for each machine a subsequence of dpesan the same order
as they are in parent 1 and the remaining in theesarder as they are in parent 2.

To evaluate chromosomes, g uses the algorithr@G&T described in [Sierra et al. 2011],
[Mencia 2010] and [Mencia et al. 2011], which iseatension of the origindb&T proposed in
[Giffler and Thompson 1960], so that the non-detmistic choice is done by looking at the
chromosome: the operation in B which is in thenhei$t position in the chromosome sequence is
selected to be scheduled next. We explain thisridhgo in Section 5, together with an extension
to it.

The remaining elements &fA are rather conventional. To create a new generatdl
chromosomes from the current one are organizectouples which are mated and then mutated
to produce two offspring in accordance with the sespver and mutation probabilities
respectively. Finally, tournament replacement amerery couple of parents and their offspring
is done to obtain the next generation.

12



5. Hybrid OG&T

In this work we extend an algorithm to generatesdales for thgSO(n, p) problem. In this
section, we explain the algorithm and its new esit@n

5.1. OG&T schedule generation scheme

We present a schedule generation scheme ted@&d’ that was proposed by [Sierra et al
2011]. This is a schedule generation scheme fojS@én,p) which is an extension of the
well-known G&T algorithm proposed in [Giffler and Thompson 1968 the classic job shop
scheduling problem. The operations are scheduledabra time following a sequence of non
deterministic choices. When an operatiors scheduled, its preceding operation in the job
sequence, denotdy,,, was already scheduled if this operation exist$his time,u is assigned a
starting timest,, and an operatdd;, 1 < i < p.

In order to select the candidate operations tocheduled next, we start considering a naive
strategy to establish an initial set of candidateigh is subsequently restricted by means of some
local pruning rules. LeSC be the set of scheduled operations at an arbitirag; Then, the next
non deterministic choice may be any operation efdtt4 defined as

A={v &SC,AP],Vv (P], € SC)}

i.e., the set that includes the first unschedulpdration of each job that has at least one
unscheduled operation. If the operatiom A is selected, the starting timewfs given by its
headr, which is calculated as

Ty = max{rp; +7p; Ty + Dy, lrzlii% t;}

wheret;,1 < i < p, is the time at which the operai@yis available ana denotes the last
operation scheduled haviliy = R,. At the same time, the opera@rthat is available at the
latest time before,, i.e.

i =argmax{t;t; <1,;1 < j <p}

is assigned to assist the operatiohetv* be the operation iA having the earliest completion
time if it were scheduled next, i.e.

v* = argmin{r, + p,; u € A}.
The set of non-deterministic choices may be redtzélde subsed’ € A
A ={u€d;nr, <ry+p,}

Moreover, the set of choices can be further réstiin the following way. Let, < --- < 1), be
the sequence of all times along the intefwain{r,;u € A'},7,- + p,+), where each; is given
by the head of some operationdnor the time at which some operator becomes availabtp;

13



be the number of operators available in the subiatér;, 7;,,) and letm; be the number of
different machines that are required by the opaematin4A’ which may be processed along this
subinterval. Thend’ may be reduced as long as the following operatimasnaintained:

i.  The operations requiring the same machine*as
ii.  For each interval;, t;,,) With m; > p;, the operations required by at least— p;
machines.

The set of operations obtained in this way is tef®@nd it is clear thgiB| < |[A'| < |A|. An
important property of this schedule generation s@hes that if the number of operators is large
enough, in particular i > min(n,m) so agS0(n,p) becomeg|| Y. C;, it is equivalent to the
G&T algorithm. Sierrat al.(2011b) give a full description @fG&T together with a formal proof
of its dominance property, i.e. the search spaoéadts at least one optimal solution.

So, in accordance with the above, a state is @&apachedule. In the initial state all operations
are unscheduled and the remaining states correspogach one of the situations that may be
generated by the algorith@G&T after one of the operations of the Bas scheduled. Figure 3
shows a partial schedule that represents a fead#itke to a problem with 5 jobs, 5 machines and
3 operators. In accordance with tB&€&T, in this situationd = {0;3,0,,,032,042,651},

A '={055,032,04,051} andB = {63,,604,,05,} (if R, andR, are chosen from the interval
[71,C)). Therefore, this state has 3 successors as i oéscheduling the operatiofs,, 6,,
andé@s, respectively. For a state g(n) is the total flow time of the partial schedule. ithe
summation of the completion times of the last openescheduled in each job, and consequently
the costt(n,n") fromn to a successor is the variation of this value fromton'. So, for the
staten in Figure 3g(n) = 19 and ifn'is the result of schedulirgy, fromn, thenc(n,n") =

7. The goals are those states having all operasiomsduled.

Jy . . Gufﬁ.’.sf01 :
Jz 6'2.1., Ra,oz | |
1 2 3 1 5 6 7 8 0 10 11 12 13

Figure 3. A partial schedule to a problem with 5 jobs, 5 machines and 3 operators.

5.2. Extending the OG&T algorithm

In its original formulation, th&&T algorithm was shown to be able to generate alptssible
active schedules for the classic job shop problerthese schedules, at least one operation has to
be delayed in order to start the processing offeraiperation earlier, i.e., there are no machines

14



idle along a whole period where an operation cdadlccompletely processed. Active schedules
constitute a subset of the feasible schedulestrdtins at least one optimal solution.

The concept of active schedule is not yet formdlima the/SO(n,p) problem, and it is not
trivial due to the limited number of assisting agiers as a new resource type. Nevertheless, the
reduction made by theG&T algorithm from the sed to A’, taking only the operations that can
start before the earliest possible completion twhe*, guarantees that no operation can be
processed earlier in a schedule without delayirigest other operation.

Although the set of schedules defined by @&&T algorithm is smaller than the set of the
feasible schedules, it may be still very largeléoge instances. This way, we propose extending
this algorithm in order to achieve further reducipyet loosing the possibility of finding an
optimal solution.

For doing so, we introduce a real parameter, terdadté, which varies from 0 to 1. Then, we
reduceB to B’, by defining

B' = {u € B; 1, < min{r,; w € B} + delta * ((r, + py~) — (min{r,,; w € B}))}

So, depending on the value of the delta param#éterconsidered search space would be
different.

« If deltais 1, the interval of release times of tperations considered does not change,
which means that the search space is the same.

* Inthe rest of the cases, this interval change®sdwing its superior limit to the left, so
limiting the maximum time machines can be idle whhere is some operation that
can start its processing. Hence, the search spaeduced and it might eventually not
contain an optimal solution to the problem. Theatgst reduction of the search space
is achieved with delta = 0, where no idle timestf@ machines are allowed. These
schedules are termel@nseor non-delayin the classic job shop scheduling problem.

It is expected that giving delta a value lower thanay be worthwhile if the problem instance is
large. It is our hypothesis that the larger theainse, the lower the delta parameter should be.

15



6. Neighborhood structures for the
JSO

This section describes a neighborhood structurettferproblem JSO based on one of the
structures used in the classic Job Shop Schedplimigiem calledN;. What we do here is to
extend the structures proposed in [Mencia 2012{ssilie operators, and not only the machines,
are also taken into account.

To improve clarity, firstly we explain the structuand then how we adapt it to the JSO.

6.1. Neighborhood structure N, for JSS(n)

To understand the neighborhood structiiyét is necessary to introduce the concept of @itic
block, which is defined as a maximal sequence efatons that need the same resource in a
critical path of a schedule.

Given a schedule for the problem, the struciirés based in reversing the order of operations
that belong to the same critical block, trying toid moves that won't yield an improvement.

The following lemmas establish the base of thigimneorhood structure. Their proofs can be
found in [Mattfeld 1995].

Lemma 3.1.1.Reversing one critical arc i, cannot lead to a cycle and therefore cannot result
in an infeasible solution.

Lemma 3.1.2.If the reversal of a non-critical arc $hleads to a feasible solutish, then
f(S) = f(S) holds.

Lemma 3.1.3.The reversal of a critical afw, w) can only lead to an improvement if at least
one ofPM,, andSM,, is non-critical.

Lemma 3.1.4.Letv andw be the first two successive operations of the Bisck. Reversing
the critical arq'v, w) cannot lead to a makespan improvement. Analoggwsandw be the last
two successive operations of the last block. Agamimprovement can be gained by reversing
v, W.

Definition (N;). GivenS, the neighborhood¥; (S) consists of all schedules derived fr6rhy
reversing one artv, w) of a critical path irGs. At least one ot andw is either the first or the
last member of a block. For the first block onlyandw at the end of the block are considered
whereas for the last block onyandw at the beginning of the block must be checked.

16



6.2. Adaptation of N, for JSO(n,p)

In this work we design neighborhood structures thasehe reversal of one arc in the critical
path.

In order to do that, we first explain the typesaads that there are in the solution graph and we
give a number of lemmas on which the neighborhdagttires are based.

6.2.1. Types of arcs
(v, w) is a conjunctive arc or an arc of typef J, = J,,, 0, # 0,,, M,, # M,,.
(v,w) is an arc of machine or an arc of tygeif M,, = M,,,, 0, # O,,, J,, # Jw-
(v,w) is an arc or operator or an arc of typ& 0, = Oy, J, # Jw, My, # M,,.
(v,w) is an arc of job and operator or an arc of §@eif J, = J,,, 0, = 0,,, M,, # M,,,.
(v, w) is an arc of machines and operator or an arqaf®M0 if M, = M,,,, 0, = O,,, J, # ]

The arcs that can be reversed are those offy®eV, andO. Arcs of type/, and/O cannot be
reversed because that would imply changing therarfievo operations in a jobs which would
lead to an infeasible solution.

In the following section we explain how to revetise arcs in a schedule.
Reversal of arc of type MO

In Figure 4 we can see a part of a schedule erne) is of typeMO. In the graphs, an arc of
type MO is represented as a pair of arcs, one of i@nd the other of typ@. The arcs of typg
are represented as black continuous arrows, the afrctypeM are represented as blue
discontinuous arrows and the arcs of t@pare represented as red dotted arrows.

Figure 4. Graph before the arc of type MO reversal.
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As can be seen in Figure 5, apart from reversia@fh arc, we have to exchange the remaining
predecessors and successorg ahdw. For example, the predecessovdh the operator before
the reversal is the predecessowddifter the reversal.

Figure 5. Graph after the arc of type MO reversal.

Reversal of arc of type M

In Figure 6 we can see a part of an schedule {ere) is of typeM.

Figure 6. Graph before the arc of type M reversal.

Figure 7 shows the result of reversingw).
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4

Figure 7. Graph after the arc of type M reversal.

Reversal of arc of type O

In Figure 8 we can see a part of an schedule @egre) is of typeO.

4

Figure 8. Graph before the arc of type O reversal.

Figure 9 shows the result of reversipgw).
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Figure 9. Graph after the arc of type O reversal.

6.2.2. Important concepts

In this section we start introducing some notiofscl are required to understand the proposed
neighborhood structures.

Definition (Critical path): A maximum cost path from node start to node end.
Definition (Critical block): Maximal subsequence of operations of a criticéh plaat use

. the same machines (machines critical block), or
. the same operator (operator's critical block).

Note that the arcs of a machines critical blockadtgpe M or MO, and the arcs of an operator's
critical block are of typ®, MO or 0. Arcs of type/O cannot be reversed.

In order to clarify how these structures work, tllastrative examples are added.
Example of machines critical blocks:
Figure 10 shows an abstraction of a critical pdtla schedule. Each circle represents an

operation and it's indicated in which resource (ma&) is processed.

Ry Ry Ry Ry R, R, R, Rs Ry R,

OO On 0000000000000

Figure 10: Critical path of a schedule.

As we can see, in the critical path there are 8uees R, R, andR;).
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To generate neighboring schedules, at first we nedihd the existing critical blocks in a
critical path. So, as it has been explained befeegake the maximal subsequences of operations
that use the same resource. In Figure 11 we caa cegcal path with four critical blocks.

V.
V.
V.

Ry R, R; Ry

Figure 11: Machines critical blocks.

The first block consists of 4 operations that Umeresourc®,. The second block consists of 3
tasks that use the resoue The third block consists of 1 operation that ubesresourc®;.
And, the fourth block consists of 2 operations ted the resourde, .

Example of operator's critical blocks:

Figure 12 shows an abstraction of a critical pdtta schedule. Each circle represents an
operation and it is indicated which operator preesst.

01 01 01 0y 0, 0, 0, 03 01 01

OO0 0n 0000000000

Figure 12: Critical path of a schedule.

As we can see, in the critical path there are 3aipes 0,, 0, and0;).

To generate neighboring schedules, at first we nedihd the existing critical blocks in a
critical path. So, as it has been explained befeegake the maximal subsequences of operations
that use the same operator. In Figure 13 we cam seitical path with four operatorgitical
blocks.

A 4
) 4
A 4

0, 0, 03 0,

Figure 13: Operator's cFiacaI blocks.

The first block consists of 4 operations that ireedperatod;. The second block consists of 3
tasks that use the operaty. The third block consists of 1 operation that ubesoperatos.
And, the fourth block consists of 2 operations U the operatar, .
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Definition (Critical arc): An arc that is in the critical path. It can beaofy type [, JO, M, O,
MO).

Lemma: If an arc(v, w) of G is critical, then the only path fromtow in G is the arqv, w).

Proof: Any other path fromv tow has at least two ar¢®, x) and(y, w). The arqv, x) has the
same cost as the afe, w), thus the cost of this path would be larger thHa: dost of the arc
(v,w) and in that cas@, w) would not be in the critical path.

Corollary: If (v,w) of typeM, 0, or MO is critical inGs, then theGs’ which is obtained from
Gs by reversingv, w) does not have cycles and thus represents a feasilition.

Lemma: If an arc(v, w) that is not critical irGs is reversed, then the resulting gragh in the
cases where it is not acyclic, represents a solutitich is not better than that 6§.

Proof: The critical path ofi¢ remains inG' after reversing the non-critical arc.

Lemma: If a critical arc(v,w) is reversed iftig, and(v, w) is internal to a mahines critical
block and internal to an operator's critical blatie resulting solutiods’ is not better thads.

Proof: If (PMO,,v,w,SMO,,) are successive operations on a critical pathysewg(v, w)
does not change the starting timg, , asrpyo, + Py + Pw = Tsmo,,- Therefore this reversal
cannot lead to an improvement.

Lemma: If (v, w) is the first arc of the first critical block, dre last arc of the last critical block,
then the reversal v, w) cannot produce any improvement (unless the blak dnly two
operations).

Proof: What makes this case different to the other isttia predecessor of the operatiois
the node start, which has null duration. This mehasthe head of the successowofvould stay
the samép, + p,,) and the critical path would be the same sincestiteessor ol being in the
critical path means that there is no other patkingw and that successor of higher cost, thus
there is not any improvement.

6.2.3. Definition of neighborhood structures

According to the results explained before, the aplfions to improve, with a simple reversal of
an arc, is to reverse arc8,(M, or M0) that are in the borders of a critical block, witie
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exception of the first arc of the first block am tlast arc of the last block in case that hislloc
have only two tasks.

Firstly, we will define three neighborhood struetsyV,, N2 andN3. After that we will define
the structureV? which is the union of them.

Definition (N1). Given an schedul§, the neighborhood/](S) is defined as the set of
schedules obtained froGy by reversing an ar@, w) such that

(v,w) is critical

(v,w) is of typeMO

(v,w) is neither in the interior of a machine criticdbdk nor in the interior of an
operator’s critical block

(v,w) is not the first arc of the critical path beingtlength of the critical block it
belongs to larger than 2

(v, w) is not the last arc of the critical path beingldreth of the critical block it belongs
to larger than 2.

Definition (N?%): Given an schedul§, the neighborhood?(S) is defined as the set of
schedules obtained fro@y by reversing an ar@, w) such that

iv.

Vi,

Vii.

(v,w) is critical

(v,w) is of typeO or MO

If (v,w) is of typeO, it is not in the interior of an operator’s craldlock

If (v,w) is of typeMO, it is not in the interior of an operator’s crdldlock, and it is in
the interior of a machines critical block

(v,w) is not in the interior of an operator’s criticabtk

(v, w) is not the first arc of the critical path being tength of the first operator’s critical
block larger than 2

(v,w) is not the last arc of the critical path being ldmggth of the last operator’s critical
block larger than 2.

Definition (N3): Given an schedulg, the neighborhood(S) is defined as the set of
schedules obtained fro@y by reversing an ar@, w) such that

i.
ii.
iii.
iv.

Vi,

(v,w) is critical

(v,w) is of typeM or MO

If (v,w) is of typeM, it is not in the interior of an machines crititdbck

If (v,w) is of typeMO, it is not in the interior of an machines critiddbck, and it is in
the interior of a operator’s critical block

(v, w) is not the first arc of the critical path being fength of the first machines critical
block to larger than 2

(v, w) is not the last arc of the critical path being lgregth of the last machines critical
block to larger than 2.
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Definition (N?): Given an schedul§, the neighborhood?(S) is defined as the set of
schedules obtained fro@y by reversing an ar@, w) such that

i. (v,w)is critical
ii. (v,w) is of typeO, M or MO
iii. (v, w) is not at the same time in the interior of a maeluritical block and in the interior
of an operator’s critical block
iv.  (v,w)is not the first arc of the critical path being tlength first critical block that it

belongs to larger than 2
v. (v,w) is notthe last arc of the critical path beingldregth of the critical block it belongs

to larger than 2.

Notice thatN? = N} u NZ U N}

Note that the neighborhood structumég and N3 could be divided into two separate
neighborhood structures, one for each type ofFirstly, the neighborhood structulg, it can
be divided into one structure for the arcs of tgp@nd the other one for the arcs of type that
it contains. Then, the neighborhood strucmfecan be divided into one structure for the arcs of
type M and another structure for the arcs of tjf@ that it contains.

We clarify by means of an example how these neididm structures work.

Figure 14 shows an abstraction of a critical pdth schedule. Each circle represents an
operation and it is indicated which operator preesst and on which resource (machine) it is
processed.

Ry Ry Ry Ry Ry R, R, Rs Ry R
03 03 0, 0, 0, 0, 03 01 01 01

Figure 14. Critical path of a schedule.

As we can see, in the critical path there are 3hnas {,, R, andR3) and 3 operatorsy,
0, and0;).

To generate neighboring schedules, we have to fifigetl the existing critical blocks in a
critical path. In Figure 15 we can see a critiahpwith four machines critical blocks and another
four operator's critical blocks. The machines caitiblocks are represented with blue boxes and
the operator's critical blocks are represented withboxes.
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MB, MB, MB, MB,

\ 4
A 4
\ 4
A 4

A 4

)
N—1

0B, 0B, 0B, 0B,

Figure 15. Critical blocks.

The first machines block consists of 4 operatitias tise the machirfg, . The second machines
block consists of 3 tasks that use the macRineThe third machines block consists of 1
operation that uses the machie And, the fourth machines block consists of 2 afiens that
use the maching,.

The first operators block consists of 2 operatibias use the operatoy,. The second operators
block consists of 4 tasks that use the oper@oil he third operators block consists of 1 operation
that uses the operat@g. And, the fourth operators block consists of 3rapens that use the
operator0,.

As explained beforey} generates neighbors reversing arcs that are hadtieaborder of a
machines critical blocks and at the border of agrajor's critical blocks (with the exception of
the first arc of the first block and the last afdhee last block in the case in which these blocks
have more than 2 operationd) generates neighbors reversing arcs that are &bifaer of an
operator's critical block and are not at the boadex machines critical block (with the exception
of the first arc of the first block and the last af the last block in the case in which these lkdoc
have more than 2 operation&)’ generates neighbors reversing arcs that are dtaituer of a
machines critical block and are not at the bordenmperator's critical block (with the exception
of the first arc of the first block and the last af the last block in the case in which these lkdoc
have more than 2 operationd) is the union of all the previous structures.

Figure 16 shows the arcs painted in colors depgndinich neighborhood structure would
reverse them. Also, it shows the type of the caatdidrcs to be reversed. Note that the arcs of
type O could be of typg0 as well, but let us imagine that they are of tgpe

MB, MB, MB, MB,

4

ZV

MO

MO 0 MO M J o) MO

0B, 0B, o) 0B,

Figure 16. Critical arcs to reverse.

Figure 16 shows the arcs that would be reversezhblg structure.

The green arcs would be reversed in the neighbdrbtracture Ny
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The red arcs would be reversed in the neighboristodture N2.
The blue arcs would be reversed in the neighboristodture N3.

The neighborhood structur&® would reverse the green, the red and the blug acd is
defined as the union of the other three struct(V¢s= Ni u N? U N3).

So, in this example,

« Ni would have create 2 neighboring solutions by reingr2 arcs of typ#/0.

« N2 would have create 2 neighboring solutions by rsingran arc of typa/0 and an arc
of typeO.

« N2 would have create 2 neighboring solutions by rsingran arc of typa/0 and an arc
of typeM.

« NP would have create 6 neighboring solutions by reiner4 arcs of typ#f0, 1 arc of
typeM and 1 arc of typé@.

6.2.4. Makespan estimation

Makespan estimation is a very important conceghis work as it can help to save a lot of
computation time. The idea is not to generate mwlatthat we know before-hand that are not
better than the current one.

The makespan estimation is based on heads and &tits,, 'y, q', andq’,, be the heads and

tails of the operations andw after the reversal @, w). The makespan of the neighboring
solution can be efficiently estimated as:

C'max = max(r,w +pw + q'wir,v +py + q',;)

which is a lower bound of the actual makespan agegrsing(v, w).

Heads and tails after a MO reversal

In order to make it simpler to understand we anmeguBigure 17. Remember that the arcs of type
J are represented as black continuous arrows, toe efr typeM are represented as blue
discontinuous arrows and the arcs of t@pare represented as red dotted arrows.
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Figure 17. Graph after the arc of type MO reversal.

Let us start with the heads. In order to calculiatbeads of a node we need to know the heads of
its predecessors and their durations. Knowing fathem, we take the maximum due to the
definition of o head.

As we can see in Figure w,has three predecessard/,,, PJ,, andPO,,. Then, its head would
be calculated as,, = max(rpy, + Ppm,, Tpj, + Ppy, TPo, T Pro,)- ON the other hand, has
two predecessorg; (whose head has already been calculatedPgndSo, its head after the
reversal can be calculatedrds = max(r', + Pw»Tpy, + Ppy,)-

Now lets us deal with the tails. In order to caftelde tail of a node we need to know the tails of
its successors and their durations. Knowing alth&fm, we take the maximum due to the
definition of tail.

As we can see in Figure 17 has three successof¥,,, S/, andS0,,. Therefore, its new tail is
calculated ag’, = max(qsm,, + Psm,,» sy, + Psj,» dso,, + Pso,,)- On the other hand; has two
successors; (whose tail has already been calculated), gpd So, its tail can be calculated as

q',, = max(q/v + v, 4sy,, + sy, ds0, + Pso,)-
To sum up, the values,, r',, q', andq’,, after reversing the af@, w) of the type MO are
r'y = max(rpym, + Ppm, ey, + Ppy, TPo, T Pro,)
r, =max(ry, + Pw» ey, + Ppy,)
q', = max(qsm,, + Psm,, 4sy, + Psj,» dso,, + Pso,,)

q', =max(q , + Py qs;, + Psj,,)
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Heads and tails after a M reversal

In order to make it simpler to understand we aieguBigure 18.

Figure 18. Graph after the arc of type M reversal.

Let us start with the heads. In order to calculiatbeads of a node we need to know the heads of
its predecessors and their durations. Knowing fathem, we take the maximum due to the
definition of head.

As we can see in Figure 18,has three predecessa?d/,, PJ,, andPO,,. Then, its new head
would be calculated as,, = max(rppm, + Ppm, Tpj,, + Ppy,, TPo,, + Pro,,)- ON the other hand,
v has another three predecessaréwhose head has already been calculafa®),andP],. So,
its head can be calculatedrds = max(r'y, + pw. s, + Ppj,, Tpo, + Pro,)-

Now lets us deal with the tails. In order to cadtelde tail of a node we need to know the tails of
its successors and their durations. Knowing alth&m, we take the maximum due to the
definition of tail.

As we can see in Figure 1i8has three successo$d/,,, S/, andSO,,. Therefore, its new tail
would be calculated ag, = max(qsy,, + Psm,,» 9sj, + Psy,» dso, + Pso,)- On the other hand,
w has three successors as weljwhose tail has already been calculaté@), andsj,,. So, its

tail can be calculated a8, = max(q', + Py, qs,, + Ps,,» dso,, + Pso,,)-

To sum up, the values,, r',, q', andq’,, of after reversing the ai@, w) of the type MO are
r'w = max(rpy, + Ppm, ey, + Pry,» PO, T Ppro,,)
'y = max(r'y + py, ps, + Dpj,» TPo, + Ppro,)
q', = max(qsm,, *+ Psm,, 4sj, + Psj,» dso, T Pso,)
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q, = max(q'v + v, qsy,, + Psy,,» 4so,, T+ Pso,,)

Heads and tails after a O reversal

In order to make it simpler to understand we aieguBigure 19.

Figure 19. Graph after the arc of type O reversal.

Let us start with the heads. In order to calculatéeads of a node we need to know the heads of
its predecessors and their durations. Knowing fathem, we take the maximum due to the
definition of head.

As you can see in Figure 1®,has three predecessabd/,,, PJ,, andP0O,. Then, its new head
would be calculated as,, = max(rppm,, + Ppm,,. Tpj, + Ppj, Tro, + Pro,)- ON the other hand,
v has another three predecesseréwhose head has already been calculatad), andPJ,. So,
its head can be calculatedrds = max(r'y, + Pw,7pj, + Ppj,, Tom, + Peu,)-

Now lets us deal with the tails. In order to cahtalde tail of a node we need to know the tails of
its successors and their durations. Knowing alth&m, we take the maximum due to the
definition of tail.

As you can see in Figure 18 has three successa$¥,, S/, andS0,,. Therefore, its new tail
would be calculated ag, = max(qsu, + Psm, qsj, + Psj,» dso,, + Pso,,)- On the other hand,
w has three successors as wellywhose tail has already been calculatéd), andSj,,. So, its

tail can be calculated @8, = max(q , + py. 4sj,, + Ps},,» dsm,, + Psm,,)-

To sum up, the values,, r',, q', andq’,, of after reversing the a@, w) of the type MO are

r'w = max(rpy,, + Ppm,, ey, + Ppy,» TP0, T Ppo,)
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r', =max(r'y, + Pw»Tpjy, T Ppy, TPM, T PPMm,)
q', = max(qsm, + Psm, qsj, + Psj,» 9so,, + Pso,,)

q',, = max(q ', + Py, qsy, + Psy,, dsm,, + Psm,,)

6.3. Example

Here is an example with a real schedule in whichcere see more clearly how to apply the
proposed neighborhood structure and how to imptisgeschedule with a slight transformation.

It starts with a schedule forJ&0 problem instance of 3 jobs, 3 machines and 2 opara

Figure 20 shows the corresponding disjunctive gréplit, conjunctive arcs are represented
with continuous lines, discontinuous lines reprétemdisjunctive arcs and dotted lines represent
the operator arcs. For the sake of clarity, we shlyw the arcs that connect adjacent operations in
the schedule.

Figure 20: Disjunctive graph of the starting schedule.

Also, thick arcs represent a critical path in thapdp, formed by the node®, 02, 8,1, 642, 823,
002, 603, 03, *), whose cost is 32. Thus, the schedule has a paRkebat is equal to 32.

In order to facilitate understanding, the followiBgntt chart of the previous schedule is given
in Figure 21. Shaded operations are the criticél.pa
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J2 0, My | 0, Mz [ O M,

A 0, M, 0, M, 0, M

Jo 0, M; 0, M, | 0, M

v

Figure 21: Gantt chart of the starting schedule.

Based on a critical path of the schedule, the eigiood structure proposed calculates firstly
the critical blocks. Figure 22 shows the criticatlpincluding the machines and the operators that
each task uses.

M, M; M, M, M
0, 0, 0y 01 0,

Figure 22. Critical path of the schedule.

As it can be observed, between operat®sandé,, there are a conjunctive arc and an arc of
operators. Similarly, operatiols; andé,, are connected by two arcs, one for operators aad o
disjunctive.

Machines critical blocks are maximal sequencespairations that share the machine. In the
critical path depicted above 4 machines criticatks can be identified. However, there is only
one containing more than one operation and so thasonly one interesting for generating
neighbors. This is shown in Figure 23.

M, M3 M, M, M,
DO ORORC
0, 0, 0, 0, 0,

Figure 23. Machines critical blocks.

Operator’s critical blocks are maximal sequencespafrations that share the same operator. In
the critical path depicted above 3 operator's @altblocks can be identified. However, there is
only one containing more than one operation, 98 the only one interesting for generating
neighbors. This is shown in Figure 24.
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M; M, M,

0, 04 0,

Figure 24. Operator's critical blocks.

Figure 25 shows the machines critical blocks maikealue and the operator’s critical blocks
marked in red. The types of the arcs are addeceds w

M, M; M, M, M;
6,, ¥ 6,, > 06 6., > 6
0, 0, 0, 0, 0,

Figure 25. Critical blocks.

As explained beforey} generates neighbors reversing arcs that are hatieaborder of a
machines critical blocks and at the border of agrajor’s critical blocks (with the exception of
the first arc of the first block and the last afdle last block in the case in which these blocks
have more than 2 operation&): generates neighbors reversing arcs that are &oifaer of an
operator’s critical block and are not at the bomfea machines critical block (with the exception
of the first arc of the first block and the last af the last block in the case in which these kdoc
have more than 2 operation&)’ generates neighbors reversing arcs that are dtaituer of a
machines critical block and are not at the bord@enaperator’s critical block (with the exception
of the first arc of the first block and the last af the last block in the case in which these kdoc
have more than 2 operationd)’ generates all the neighbors that the previousighherhood
structures generates.

So, looking at Figure 25,

+ The neighborhood structuhg! would generate one neighbor reversing the &ys, (
6,,) of typeMO.

» The neighborhood structuhé would not generate any neighbor because the atc th
it has is @,4, 8,5), but it is of typg 0 so it cannot be reversed.

« The neighborhood structung® would not generate any neighbor because it does no
have any arc.

+ The neighborhood structug® would generate one neighbor reversing the @ys, (
0,,) of typeMO.

The block has two marked critical operatiofis, andf,,, which require the machine Mnd
are assisted by the operator;.opherefore, to generate a neighbor schedule we oekd to
exchange the order of the operatiofis, (s processed befof ). This requires reversing both
disjunctive and operator arcs, as well as reorgamithe new predecessor &f, and the new
successor dfy,.
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Before generating definitively this neighbor, ircardance with the proposed method, we have
to consider its estimated makespan, as it is itglicen SectionJlakespan estimatior. If this
value were larger or equal than the actual makespidre current solution, the neighbor would be
discarded as it is not an improving schedule. phicedure may discard efficiently many non
improving solutions. The makespan estimation ietam heads and tails. The valugsr’,,,

q', andq’,, after reversing the ai@,w) are different depending on the type of arc we are
reversing as explained in the previous sectiothikcasey is 6,5 andw is 8,,. As said before,
the arc we are reversing is of ty[e®.

The heads and tails are calculated as follows.

'y = max(rpm, + Pem,s Tpy, + Ppy,s Tr0, + Pro,)

= max(rg11 + Do, 70y, T Py T, T pgu) =max(6+4,0+66+4) =10
', =max(r', + Pw,Tpj, + ppjv) = max(r',, + Pw,Te,, + pezz) =max(10+7,7+5)
=17

qy= max(QSMw + Psm,,» 4sy, + sy, dso,, T pSOw) = max(q* T P0Gt Pofo, p913)
=max(0+0,0+00+5)=5

qw= max(q’v + P, qsy, t+ PS]W) = max(q’v + v o, + p903) =max(5+60+7) =11

Using them we estimate the makespan as
Cloax = max(r’w +rwt+q' 'yt oyt q’v) =max(10+7+ 11,17+ 6+ 5) = 28

The estimated makespan (28) which is a lower bairide makespan of the schedule that we
would generate by reversing the arc, is lower ti@ncurrent makespan (32), which means that
the resulting solution could improve the current,as0 we will generate it.

Figure 26 shows the disjunctive graph correspontbirthe generated neighboring solution. As

before, only the operations connecting adjacers iarthe schedule are depicted and the critical
path is marked with thick arcs.

Figure 26: Disjunctive graph of the neighboring schedule.
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As it can be seen in the neighboring solution ticatipath is , 09, 8,1, 811, 892, 623, 613, O3,
*), whose makespan is 28. Therefore, the neighbahgion is better than the previous one.

Figure 27 is the Gantt chart associated with this achedule.

]2 02 Ml 02 M3 01 MZ
]1 01 MZ 02 Ml 01 M3
Jo 0, Ms 04 M, 0, M,y

[ 4

Figure 27: Gantt chart of the neighboring schedule.

In this example, there is only one neighboring dafeewhich has a makespan lower than that of
the original schedule, the local search algorithithnepeat the process from the new schedule
until there were no improvements or any other aatefulfills.
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7. Memetic Algorithm for the JSO

A memetic algorithm is defined from the combinataira genetic algorithm with local search.
This kind of algorithms has been successful overléist years for a variety of combinatorial
optimization problems [Talbi 2009], including scliidg problems [Vela et al. 2010].

The memetic algorithms proposed combine the geagarithm described in Section 4. with a
Local Search Algorithm that uses the Neighborhdogttures described in Section 6.

As a result, we have four memetic algorithms, thatname, MAN?, MA-N!, MA-N2Z and
MA-N3.

+ MA-N? uses the neighborhood structiig.
+ MA-N{ uses the neighborhood structiig.
» MA-N? uses the neighborhood structig.
* MA-N; uses the neighborhood structig.

The proposed local search algorithms use maximunadigmt hill-climbing as
selection/acceptation criteria. So, each timedballsearch is issued, all neighbors are calculated
If any of them is better than the current solutitven the best neighbor is taken as the new current
solution, otherwise the algorithm finishes and meguthe current chromosome.

As we will see in the experimentation, in the fijpsdce we had opted to apply the local search
algorithm to all the individuals generated by tlemetic algorithm, instead of a portion of them.
After that, we did the experiments issuing a losaarch with a probability of 0.2 for each
individual, in order to gain diversity.

The evolution model used is Lamarckian, i.e., thprbved individuals substitute the original
chromosomes after the local search when therenapeovements, unlike in the Baldwinian
model where only the fitness values are updated.
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8. Experimental Study

The purpose of this experimental study is to asiessefficiency and effectiveness of the
methods proposed in this project.

For doing so, we have experimented across a ggbbfem instances with different sizes and
characteristics taken from the OR-Library [Beasl€@0] for the classical job shop scheduling
problem. Concretely, we have used a relevant beadhproposed in [Applegate and Cook 1991]
that consists of the following instances:

e 10x10: FT10

e 20x5: FT20

e 15x10: LA21, LA24, LA25
e 20x10: LA27, LA29

e 15x15: LA38, LA40

e« 20x15: ABZ7, ABZ8, ABZ9

From each of them we have built new JSO(n, p) nt&a by ranging the number of operators
available (p), from 1 to min{n,m}. Note that instas with p = min{n, m} are also instances of
the JSS problem. So, we have 140 instances in all.

For each instance, all the algorithms were runrs¢Wenes, giving the cost of the best solution
found, the average cost of the solutions returried, standard deviation and the average
computation time taken. The first two values measie effectiveness of the algorithm, while the
fourth is a measure of the efficiency of the methideen, for evaluating and comparing them, we
have used the following metrics for each instance:

* Best solution error (%), calculated as

UB — Best solution
UB

100 x

* Solution's average error (%), calculated as

UB — Solution's average
UB

100 x

* Pearson’s variation coefficient (%), calculated as

Solution's standart deviantion

CV =100 x —
Solution s average

where UB is the cost of the best solution found acrosswhele experimental study for the
problem instance.

The algorithms were coded in C++ and the targetinaovas Scientific Linux (64-bit) on Intel
Xeon (2.26 GHz), 24 GB RAM.
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Below, we first present the results from the HyI@&T algorithm, presented in Section 5 for
the JSO(n,p) problem with total flow time minimizat. Then, we report the results from the
memetic algorithms introduced in Section 7, for th8O(n,p) problem with makespan
minimization.

The complete results can be shown in the Appendix.

8.1. Hybrid OG&T algorithm for total flow time
minimization

The Hybrid OG&T algorithm was used as decoding metim the genetic algorithm presented
in [Mencia et al. 2011]. In this case, the objextiunction considered is total flow time
minimization.

The impossibility of performing all combinationsttexist among the configuration parameters
of the genetic algorithm has led to the determamatf using the following configuration, which
provides good results for the problem:

» Crossover probability: 0.7

* Mutation probability: 0.2

e Number of runs: 30

» Selection type:Tournament

* Crossover type:JOX

e Mutation type: Simplel.

e Fitness type:OG&T - TOTAL FLOW TIME
e Population size:100

¢ Number of generations:120

For evaluating the effect of the Hybrid OG&T aldbrm in the performance of the genetic
algorithm we considered 5 different values for paeameter delta: 0, 0.25, 0.5, 0.75 and 1.

Table 1 reports, for each value of delta, the @rrquercentage of both the best and the average
solutions reached, averaged for instances witlséinee number of jobs and machines. Overall,
the best value for delta is 0.75. Also, the effantiess of the algorithm decreases as delta gets
smaller.

Delta = 0,00 Delta = 0,25 Delta = 0,50 Delta = 0,75 Delta = 1,00
Instances | E.Best E.Avg | E.Best E.Avg | E.Best E.Avg | E.Best E.Avg | E.Best E.Avg
size (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)
10x10 16.73 18.58 10.49 12.3¢6 4.24 6.8P 0.74 3.73 0.53 634
20x5 19.18 24.4 8.93 14.14 4.54 9.72 1.59 7.14 0.53 6|66
15x10 7.53 9.81 4.84 7.71 2.84 5.86 1.11 4.39 0.80 4,92
15x15 5.29 6.58 1.95 3.97 1.08 3.24 0.52 3.19 1.47 438
20x10 6.89 9.00 4.61 6.97 2.38 5.24 0.79 4.03 0.82 4173
20x15 2.55 4.15 1.50 3.43 0.88 3.01 0.45 3.09 1.80 4)62
Avg. 9.70 12.09 5.39 8.10 2.66 5.67 0.87 4.26 0.99 4199

Table 1. Results from the genetic algorithm using the Hybrid OG&T with different values of delta.
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Figures 28-33 shows the error in average for eastiamces size and value for delta.
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Figure 28. Average error (%) comparison

between the different delta values (20x5).

20

5 1\
RN
NN

SN—

Error (%)

0 025 05 0,75 1
Delta

Figure 29. Average error (%) comparison
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between the different delta values (20x10).
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As we can see, as long as the problem instancelargetr, a smaller value of delta, which
achieves more reduction of the search space, tsetbieoption.

» For small instances of size 20x5, the geneticrdlgu reaches the best results with a
delta value of 1, and we can see that the lowed¢lta is the worse the results the GA
reaches are.

* Regarding instances of sizes 10x10, 15x10 and 2@xHaches the best results with a
delta value of 0.75, then with 1, and after thahwai.5, 0.25, and O.

* Then, for instances of size 15x15, it reached#®t results with a delta of 0.75, but
then it gets the next best results with deltas.Bfabd 0.25, and then with 1 and 0.

» Finally, for the largest instances of size 20x1& reach the best results with a delta of
0.5, then 0.75, 0.25, 0, and finally, it gets th@st results with a delta of 1.

This is quite reasonable, as for small instancésrge reduction of the search space may lose
good solutions and may make the genetic algorithoothverge prematurely. At the same time,
for large instances, a large search space may faetbaexplore, so reducing it seems to be
worthwhile.

Another interesting result we can observe froméRjgerimentation is referred to the stability of
the algorithm depending on the value of delta. Ascan see in Figure 34, which shows the
Pearson’s variation coefficient averaged for insésrwith the same size, the lower delta the more
stable the algorithm.
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Figure 34. VC (%) comparison between the different values of delta.

Finally, regarding the computation time taken, veséhnot observed significant differences
among the different values of delta considered.



8.2. Memetic algorithms for makespan minimization

This part of the experimental study is intendedvaluate the memetic algorithms (MAS) using
each of the four neighborhood structures proposetthis project and compare them with the
genetic algorithm (GA).

We first present some results about the computéitios required by each local search method
and then we compare the MAs with the GA giving ttteeasame computation time.

8.2.1.Evaluation of the Neighborhood Structures

A very important characteristic of a memetic altfori is how much computation time takes the
genetic algorithm part of the MA and how much titakes the local search.

Figure 35 shows how much time takes in proportianhepart in average across the 140
instances considered in the experimental studhdee experiments, the local search was issued
from each individual of a population with size 2816ng a number of 300 generations.

0,9
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0,6
0,5
0,4
0,3
0,2
0,1 -

o -

MA-N10 MA-N11 MA-N12 MA-N13

B Genetic algorithm  m Local search

Figure 35. Weights of the GA and the local search in each MA.

It can be observed that there are only slightlyfediinces amondlA-N*, MA-N ;> and
MA-N . Firstly, MA-N ! is the algorithm where the local search takes #astltime (66%)
among the four memetic algorithms. THdA-N ,° followed byMA-N ;%, with 70% and 75% of
the time respectively.

Finally, in MA-N;° the local search takes the largest time (82%)s Wis expected as the
neighborhood structund,® is defined as the union of the other three, swdtluces the largest
number of neighbors.
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8.2.2.Comparison among GA and the different MAs

With the aim of assessing the effectiveness ofntie¢hods proposed in this project for the
JSO(n,p) problem with makespan minimization, we enselveral experiments with the GA and
the four MAs. The parameters of the genetic atboriare similar than those used in the section
devoted to the Hybrid OG&T algorithm, but in thigse we only performed 10 runs for each
instance and method as the available time wasescarc

e Crossover probability: 0.7

e Mutation probability: 0.2

*  Number of runs: 10

» Selection type:Tournament

* Crossover type:JOX

* Mutation type: Simplel.

* Fitness type:OG&T - Makespan

We have also considered two variants for each memigorithm with respect to the portion of
chromosomes from which a local search is issuastlyi we applied local search to all the
population, and second, we have given each indaviduprobability of 0.2 of yielding a local
search from it.

In all the experiments, we have given every algamniapopulation sizeof 100 chromosomes
and set a time limit of 60 seconds. So, each dlgariwill perform a different number of
generations depending on how much time it takesdbmpute a generation.

8.2.2.1. MAs applying local search to all the population

Table 2 shows the error in percentage of both #& bBnd the average solutions reached,
averaged for instances with the same number ofgodsmachines from GA and the four MAs.
These results are also represented graphicalligurés 36 and 37.

GA MA-N ,° MA-N ;* MA-N ;2 MA-N ;3

Instance | E.Best E.Avg | E.Best E.Avg | E.Best E.Avg | E.Best E.Avg | E.Best E.Avg
size ) ) | B ) | B %) | B %) | ) (%)

20x15 1,22 1,96 0,78 15 0,56 1,34 0,62 1,43 0,79 1,49
10x10 0,8 2,19 0,64 1,7 0,29 1,53 0,59 1,74 0,45 174
20x5 0,99 1,76 0,23 0,8 0,2 1,02 0,52 1,23 0,38 1,26
15x10 1,06 1,7 0,57 1.2 0,43 1,17 0,47 1,25 0,57 1,27
20x10 0,87 14 0,41 0,9 0,39 0,9 0,45 1,08 0,58 1,07

15x15 1,55 2,57 0,74 1,8 0,71 1,73 0,77 1,19 0,68 1,7

Table 2. Results from GA and MAs averaged for instances with the same size.
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Figure 36. Avg. Error of the best solution reached for GA and MAs (instances with the same size)

3
2,5
/\
~ 2 g
S
< 1,5
o
0,5
O T T T T T 1
20x15 10x10 20x5 15x10 20x10 15x15
Instances size
——GA —B—MA-N1O —4—MA-N11 ——MA-N12 —¥—MA-N13

Figure 37. Avg. Error of the average solution reached for GA and MAs (instances with the same size)

We can observe that the GA achieves the worsttegdialr both the best and the average
solutions returned, in all the subsets of instareiés the same size. Regarding the memetic
algorithms, it seems that it is MA-N11 which reaghbe best results in almost all cases.
MA-N12, MA-N13 and MA-N10O show a less stable beloayvso it is difficult to determine which
of them is the best.

For reaching more solid conclusions, following [@aret al. 2009] we have made a Friedman
Test for multiple comparisons considering all tmstances in the experimental study, so
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establishing a ranking among the methods w.r.t.atlerage error reached. Table 3 shows the
average ranking:

Algorithm Ranking
MA-N11 2.47
GA 3.00
MA-N12 3.15
MA-N13 3.16
MA-N10O 3.22

Table 3. Average ranking.

The Friedman test produced a p-value of 2.99E-d4 the Iman and Davenport test returned a
p-value of 2.61E-4. So, there are significant ddfeces among the methods in the ranking.

We computed a poshoc analysis, concluding thatrBang’s procedure rejects the following
hypotheses with a high level of confidenae=(0.05):

* MA-N11vs GA

*  MA-N11 vs MA-N12
* MA-N11 vs MA-N13
* MA-N11 vs MA-N1O

So, there is strong statistical evidence that MA:Ltperforms all the other methods. At the
same time, there are no significant differencesrg®A, MA-N12, MA-N13 and MA-N10,
although the average values reported in Table 2raedler for the memetic algorithms than for
GA. The rejected hypotheses are the same wwtt0.10.

Figures 38-43 show for each group of instances thistsame size, the error in percentage of the
average cost of the solutions, averaged for instandth the same number of operators available.
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Figure 38. Comparison between the average solution of the considered algorithms (20x5).
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Figure 39. Comparison between the average solution of the considered algorithms (10x10).

For small instances, with up to 100 operations, cg@ observe that the GA is always
outperformed by some memetic algorithm. Also, piheblem gets harder as there are more
operators available, as indicated by the erroriobthby the methods. Regarding the memetic
algorithms, MA-N11 and MA-N10 obtain the best résimh almost all subsets.
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Figure 40. Comparison between the average solution of the considered algorithms (15x10).
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Figure 41. Comparison between the average solution of the considered algorithms (20x10).
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Figure 42. Comparison between the average solution of the considered algorithms (15x15).

Regarding large instances with sizes 15x10, 204BX15 and 20x15, the results of the
algorithms w.r.t. the number of available operatsinew a different trend than for the small
instances. When there are few operators availdbtbeamethods easily reach the best known
solution. On the other hand, for intermediate valwé the number of operators, the GA
outperforms the memetic algorithms, and when thezemany available operators, the memetic
algorithms return the best results, especially MAtNind MA-N10.
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Figure 43. Comparison between the average solution of the considered algorithms (20x15).
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From this results, it seems that the local searethaus proposed in this project are only worth
using within a memetic algorithm for a large numbgoperators available. We have conducted
some experiments not reported in this documenipgithe algorithms the same number of
evaluations (population size = 200 and number okegations = 300). The results show a quite
similar trend, which indicates that the local shancakes the memetic algorithms converge
prematurely when there is an intermediate numbepefators.

8.2.2.2. MAs applying local search with a probability of 0,2

Motivated by the reasons presented above, we ctedlaclast series of experiments limiting
the number of local searches issued during theclsedthe development of this part of the
experimental study followed the same steps asdmptavious section.

Table 4 shows the error in percentage of both #& hAnd the average solutions reached,
averaged for instances with the same number ofgakdsmachines from GA and the four MAs.
These results are also represented graphicalligurés 44 and 45.

GA MA-N ;° MA-N ;* MA-N ;2 MA-N ;3
Instance | E.Best E.Avg | E.Best E.Avg | E.Best E.Avg | E.Best E.Avg | E.Best E.Avg
size ) (%) | B (%) | B (%) | (B () | (%) (%)
20x5 0,99 1,76 0,28 0,9 0,48 1,12 0,1 0,84 0,27 116
10x10 0,8 2,19 0,22 1.4 0,29 1,34 0,3 1,54 0,24 15
15x10 1,06 1,7 0,22 1 0,27 0,99 0,27 0,99 0,34 1
20x10 0,87 1.4 0,37 0,8 0,13 0,76 0,3 0,82 0,28 0,79
15x15 1,55 2,57 0,56 15 0,58 1,47 0,46 1,32 0,35 1,4
20x15 1,22 1,96 0,35 11 0,38 1,07 0,27 1,05 0,37 1/16
Table 4. Results from GA and MAs averaged for instances with the same size.
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Figure 44. Avg. Error of the best solution reached for GA and MAs (instances with the same size)
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Figure 45. Avg. Error of the average solution reached for GA and MAs (instances with the same size)

In this case the results are fairly similar thafobe The GA achieves the worst results in all the
subsets of instances with the same size. Howeawememetic algorithms reach better solutions

than those applying the local search to all theufaijon, and there seem to be less differences
between their results.

We have also made a Friedman Test for multiple @siepns considering all the instances in

the experimental study, so establishing a rankmgray the methods w.r.t. the average error
reached. Table 5 shows the average ranking:

Algorithm Ranking
MA-N11 241
MA-N13 2.69
MA-N12 3.00
MA-N10O 3.25
GA 3.65

Table 5. Average ranking.

The Friedman test produced a p-value of 1.65E@ tlae Iman and Davenport test returned a
p-value of 3.72E-11. So, there are significantadéhces among the methods in the ranking (they
are much more significant than those presenteldarmtevious section).
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In this case, Bergmann’'s procedure rejects theviatlg hypotheses with a high level of
confidence ¢ = 0.05):

e MA-N11vs GA
«  MA-N11 vs MA-N12
*  MA-N11 vs MA-N10O
* MA-N12 vs GA
* MA-N13 vs GA
e MA-N13 vs MA-N10O

Therefore, there is strong statistical evidence Ma-N11 outperforms all the other methods

but MA-N13. Also, MA-N12 outperforms GA and MA-N1B better than both GA and
MA-N10.

With a = 0.10, Bergmann'’s procedure rejects the hypothese

¢ MA-N13 vs MA-N12
*« MA-N1O vs GA

So, with less confidence we can conclude that M/A-Mdlso outperforms MA-N12, and that
MA-N10 is better than GA.

Figures 46-51 show for each group of instances thiégtsame size, the error in percentage of the
average cost of the solutions, averaged for instandth the same number of operators available.

20x5

»

/

Error (%)
O R N W M OO O

# operators

——GA —8-MA-N10O MA-N11 —<MA-N12 —¥—MA-N13

Figure 46. Comparison between the average solution of the considered algorithms (20x5).
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Figure 47. Comparison between the average solution of the considered algorithms (10x10).

For small instances, with up to 100 operations,cae observe that the memetic algorithms

achieve best results than with applying the loeatsh method to all the population. In this case,
GA never outperforms any of the MAs.

15x10

Error (%)

SO P N W~ 01O

i
1

N B

# operators

——GA —8-MA-N1O —4—MA-N11 —MA-N12 ——=MA-N13

Figure 48. Comparison between the average solution of the considered algorithms (15x10).
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Figure 49. Comparison between the average solution of the considered algorithms (20x10).

For the large instances with sizes 15x10, 20x18€18%nd 20x15, the GA is always worse than
the MAs, with the exception of the instances witv favailable operators, for which it obtains the
same results. As we can see, the memetic algoritinmiting the number of local searches by

introducing a probability of 0.2 of being issued mat show the trend shown in the previous
section. Also, there seem to be less differencamgrthe MAs.
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Figure 50. Comparison between the average solution of the considered algorithms (15x15).
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Figure 51. Comparison between the average solution of the considered algorithms (20x15).

Finally, we made a Wilcoxon paired test for compafi1A-N11 issuing a local search from all
the chromosomes in the population (MA-N11-ALL) avié-N11 issuing a local search from
each chromosome with a probability of 0.2 (MA-NL12)0 The alternative hypothesis is that the
average error reached by MA-N11-0.2 is less thaat teached by MA-N11-ALL. This
hypothesis is supported with a p-value of 1.94EB98e Wilcoxon test.

So, one important conclusion from these experiméntthat it is worthwhile limiting the
number of local searches performed along the search
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9. Conclusions and future work

9.1. Conclusions
In this master project we have followed two sepaliaes of work.
On the one hand,

* We introduced a strategy to improve the OG&T scledgneration scheme used as
decoding algorithm in the genetic algorithm for #&0(n, p) problem with total flow
time minimization. This strategy is intended touee the search space.

 The new algorithm, termed Hybrid OG&T, was testemoas a large number of
instances with different sizes, improving the gwatif the solutions reached by the
simple OG&T algorithm.

* The results supported our expectations: the latigerinstance is, the more it is
worthwhile to reduce the search space.

On the other hand,

+ We defined 4 neighborhood structures, teriigdNZ, N3 andN? for the JSO(n, p)
problem with makespan minimization.

* We used these neighborhood structures in a loeatlsenethod that was combined
with the genetic algorithm, defining 4 memetic agons MA-N11, MA-N12,
MA-N13 and MA-N10.

* We tested the memetic algorithms issuing a locatckefrom each individual and
compared them with the genetic algorithm.

» Although the results from the memetic algorithmsevbetter in average than those
from the genetic algorithm, we found out that thegched worse results than the GA
for an intermediate number of operators, becauagpotmature convergence due to the
lack of a proper intensification/diversificatioratieoff.

* In order to gain diversification, we tested theoailtnms again but this time using local
search only with a probability of 0.2 for each wdual.

* In this case, we have observed that the memetritigns clearly outperform the
genetic algorithm for any number of available opmis being MA-N11 the best one.

9.2. Future work

As future work we propose to make a thorough erpemial study aimed to analyze some
issues as the reasons for which premature conveggsrproduced in some kind of instances.
Also, we propose to do some refinements in theli@ighood structures and study the possibility
of extending other neighborhoods from the classicshop problem. Finally, we will try to define
new structures based on the properties of the @molerived from the operators.
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Appendix: Detailed results

In this appendix we first report, for each instaribe cost of the best solution found along the
whole experimental study, both for makespan thamdial flow time. Then, we give the results
presented in this project in a more detailed way.

Instance  Makespan  TFT Instance  Makespan  TFT Instance Makespan  TFT
ABZ7_100p 756 13489 FT10_2o0p 2555 15992 LA27_40p 0827 40681
ABZ7_11op 709 12767 FT10_30p 1703 11768 LA27_50p 6821 33178
ABZ7_120p 699 12365 FT10_4o0p 1296 9646 LA27_60p 9180 28472
ABZ7_130p 695 12224 FT10_50p 1063 8663 LA27_70p 4155 25624
ABZ7_140p 693 12198 FT10_6op 972 7998 LA27_8op 1378 23292
ABZ7_150p 693 12142 FT10_7op 945 7698 LA27_90p 1289 22206

ABZ7_1op 7366 102947 FT10_8op 936 7638 LA29_100p 0912 20513
ABZ7_20p 3683 58069 FT10_90p 930 760pR LA29 1op 9929 130308
ABZ7_30p 2456 39228 FT20_1lop 5109 52044 LA29_2op 6549 68862
ABZ7_40p 1842 29832 FT20_20p 2555 30268 LA29_3op 1033 46958
ABZ7_50p 1474 24175 FT20_30p 1703 20568 LA29_4op 8324 36320
ABZ7_60p 1229 20207 FT20_4o0p 1322 16947 LA29_50p 8719 29348
ABZ7_T7op 1056 17596 FT20_50p 1174 15621 LA29_60p 5916 24869
ABZ7_8op 925 15722 LA21_100p 1060 13344 LA29_7op 314 22974
ABZ7_90p 828 14525 LA21_1op 7994 75875 LA29_8op 27 21573
ABZ8_100p 77 13855 LA21_2op 3997 40044 LA29_90p 2812 20591
ABZ8_11op 729 13110 LA21_3op 2665 27286  LA38_10op 2571 16675
ABZ8_120p 720 12753 LA21_4o0p 1999 20918 LA38_1lop 2561 16286
ABZ8_130p 703 12663 LA21_50p 1600 17871 LA38_120p 2481 16317
ABZ8_140p 708 12635 LA21_60p 1339 15828 LA38_130p 236L 16210
ABZ8_150p 706 12558 LA21_7op 1168 14535 LA38_l14o0p 233 16280
ABZ8_1lop 7586 112151 LA21_8op 1084 13666 LA38_150p 1237 16288
ABZ8_20p 3793 59214 LA21_90p 1068 13335 LA38_1op 211 113432
ABZ8_30p 2529 39864| LA24_100p 956 12574 LA38_2op 0%6 61936
ABZ8_4o0p 1897 29847 LA24_1op 7727 76318 LA38_3op 3B7 42050
ABZ8_50p 1518 24128 LA24_20p 3864 37752 LA38_40p 05328 32716
ABZ8_60p 1265 20673 LA24_3op 2576 26141 LA38_5o0p 432 26490
ABZ8_70p 1087 18012 LA24_4o0p 1932 20422 LA38_60op 748 22967
ABZ8_8op 953 16198 LA24_5op 1546 17341 LA38_7op 8161 20346
ABZ8_90p 852 14877 LA24_6op 1292 15495 LA38_8op n44 18715
ABZ9_100p 773 13576 LA24_7op 1113 14294 LA38_90p 2813 17468
ABZ9_11op 745 12818 LA24_8op 999 13330 LA40_100p 6312 17021
ABZ9_120p 739 12348 LA24_90p 969 12859 LA40_1lop 5212 16676
ABZ9_130p 730 12415| LA25_100p 989 12498 LA40_120p 2511 16544
ABZ9_140p 731 12429 LA25_1op 7509 698712 LA40_130p 252 16528
ABZ9_150p 726 12374 LA25_2o0p 3755 37166  LA40_140p 2458 16385
ABZ9_1lop 7442 109159 LA25_3op 2503 25202 LA40_150p 1237 16513
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ABZ9_2o0p 3721 58654 LA25_4o0p 1878 20003 LA40_1op 47 124588
ABZ9_3o0p 2481 39352 LA25_50p 1503 16539 LA40_2op 367 64636

ABZ9_4op 1861 29449 LA25_60p 1255 145535 LA40_3op 2438 43660

ABZ9_50p 1489 24254 LA25_7op 1085 13611 LA40_4op 6828 33156

ABZ9_60p 1242 20426 LA25_8op 1006 12976 LA40_50p 92 27166

ABZ9_7op 1066 17848 LA25_90p 989 12570 LA40_60p 5191 23673

ABZ9_8op 937 15856 LA27_100p 1272 21479 LA40_7op 5116 20986

ABZ9_90p 843 14583 LA27_1op 10832 149848 LA40_8op 4561 19352

FT10_100p 930 7638 LA27_20p 5416 79093 LA40_90p 0133 17886

FT10_1op 5109 28364 LA27_3op 3611 530(1)0

Table 6. Cost of the best known solution (makespan and total flow time).
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Delta=0 Delta = 0,25 Delta =0,5 Delta = 0,75 Reek 1
Instances| E.Best E.Avg VC t(s) E. Best E. Avg VC t(s) E. Best E. Avg VC t E. Best E. Avg VC t(s) E.Best E.Avg VC t(s)
size (%) (%) (%) (%) (%) (%) (%) (%) (%) (s) (%) (%) (%) (%) (%) (%)
10x10 16,73 1858 0,77 1,41 10,49 12,36 1,02 1,84 4,24 896, 126 15 0,7 3,7 157 1,33 0,53 4,6 2,13 133
15x10 7,53 9,81 1,01 3,2 4,84 7,71 1,17 3,8 2,84 586 11,32 1,1 4.4 1,54 3,01 0,8 4.9 1,74 297
15x15 5,29 6,58 059 5,19 1,95 3,97 0,88 5,61 1,08 3,29 04152 0,5 3.2 1,14 55p 1,47 4.4 128 §1
20x5 19,18 24,4 21 1,33 8,93 14,14 2,38 1,86 4,54 9,722,45 14 1.6 71 2,67 1,31 0,53 6,7 2,89 133
20x10 6,89 9 0,85 4,74 4,61 6,97 1,05 4,85 2,38 5,24 1,486 0,8 4 1,39 4,71 0,82 4,7 1,73 4,3
20x15 2,55 4,15 0,73 9,93 15 3,43 0,84 10/01 0,88 3,01 ,960 10 0,5 31 1,17 9,74 1,8 4,6 1,26 994
Table 7. Comparison between values for the delta parameter.
GA MA-N ,° MA-N ;* MA-N ;2 MA-N ;3
Instances| E.Best E.Avg VC t(s) E.Best E.Avg VC t(s) E.Best E.Avg VC t(s) E.Best E.Avg VC t(s) E.Best E.Avg VC t(s)
size (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)
20x15 1,22 1,96 0,41 60,1 0,78 1,51 0,45 60 0,56 1,34 3 0,40,02 0,62 1,43 0,47 60Q 0,79 1,49 0,43 50
10x10 0,80 2,19 0,73 60,11 0,64 1,73 0,69 60 0,29 1,53 640, 60,01 0,59 1,74 0,67 60 0,45 1,74 0,74 50
20x5 0,99 1,76 0,53 60,1 0,23 0,75 0,43 60 0,20 1,02 2 0,%0,01 0,52 1,23 0,48 60Q 0,38 1,26 0,52 50
15x10 1,06 1,70 0.4 60,1 0,57 1,21 0,42 60 0,43 1,17 0,40,01 0,47 1,25 045 60 0,57 1,27 0,42 60
20x10 0,87 1,40 0,3 60,1 0,41 0,94 0,36 60 0,39 0,90 0,30,01 0,45 1,08 0,4 60 0,58 1,07 0,36 60
15x15 1,55 2,57 0,58 60,1 0,74 1,79 0,6 60 0,71 1,73 0,68,01 0,77 1,79 0,62 60 0,68 1,70 0,61 60

Table 8. Comparison between the MAs and the GA with the same computation time.
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20x15 GA MA-N,° MA-N ;* MA-N ;2 MA-N ;3
1 0,00 0,00 0,00 60,11 0,00 0,00 0,00 60j01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 016
2 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60J03 0,00 0,000,00 60,02 0,00 0,00 0,00 60,03 0,00 0,00 0,00 026
3 0,00 0,00 0,00 60,1 0,00 0,00 0,01 60{03 0,00 0,010,01 60,02 0,00 0,00 0,01 60,02 0,00 0,00 0,01 016
4 0,00 0,00 0,01 60,1 0,02 0,10 0,05 60]02 0,07 0,110,03 60,01 0,07 0,10 0,03 60,03 0,05 0,11 0,03 016
5 0,00 0,02 0,03 60,1 0,20 0,30 0,05 60/04 0,18 0,270,05 60,01 0,13 0,27 0,07 60,03 0,18 0,28 0,05 06
6 0,00 0,10 0,06 60,1 0,45 0,56 0,08 60/03 0,35 0,450,08 60,02 0,43 0,56 0,08 60,03 0,40 0,51 0,06 06
7 0,00 0,07 0,06 60,1 0,56 0,76 0,12 60]02 0,47 0,610,110 60,02 0,56 0,74 0,11 60,03 0,56 0,73 0,09 026
8 0,07 0,28 0,15 60,1 0,82 1,07 0,17 60/04 0,64 0,840,116 60,02 0,82 1,02 0,21 60,02 0,75 0,95 0,18 06
9 0,28 0,49 0,28 60,1 0,67 1,00 0,38 60]02 0,79 0,920,30 60,02 0,83 1,09 0,31 60,02 0,91 1,08 0,24 026
10 0,99 1,43 0,63 60,1 1,47 1,69 0,67 60/03 1,00 1,370,63 60,02 1,25 1,45 0,53 60,02 1,34 1,35 0,50 06
11 2,61 3,48 0,98 60,1 1,71 2,36 0,80 60J03 0,74 1,820,84 60,02 1,48 2,31 1,03 60,02 1,14 2,23 0,91 06
12 1,99 4,00 1,08 60,1 0,97 2,63 1,23 60)02 0,69 2,421,03 60,02 0,62 2,59 1,25 60,01 1,35 2,93 1,15 0%
13 4,14 6,08 0,87 60,1 1,50 3,30 1,14 60|02 0,61 3,181,13 60,02 1,29 3,21 1,04 60,02 1,50 3,69 1,36 0%
14 3,95 4,95 0,99 60,1 0,90 2,45 1,07 60)03 1,03 2,381,08 60,01 0,85 2,48 1,15 60,02 2,06 2,63 0,87 026
15 4,20 4,99 1,02 60,12 2,44 3,07 0,93 60|02 1,76 2,400,95 60,02 0,94 2,29 1,28 60,01 1,65 2,44 0,95 06

Table 9. Comparison between the MAs and the GA with the same computation time (20x15).
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10x10 GA MA-N,° MA-N MA-N ,* MA-N
1 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60j01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 016
2 0,00 0,00 0,00 60,13 0,00 0,00 0,00 60/02 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 016
3 0,00 0,00 0,00 60,13 0,00 0,05 0,02 60/01 0,00 0,020,03 60,01 0,00 0,04 0,03 60,01 0,00 0,04 0,03 016
4 0,08 0,43 0,27 60,1 0,39 0,47 0,13 60/01 0,23 0,390,11 60,01 0,15 0,43 0,16 60,01 0,31 0,34 0,09 016
5 0,94 1,99 0,98 60,1 0,19 1,95 0,87 60/01 1,13 2,210,62 60,01 0,75 2,24 0,95 60,01 1,03 2,11 0,92 016
6 1,34 2,23 0,95 60,1 1,75 2,29 1,09 60/01 0,82 1,721,31 60,01 1,65 2,35 1,06 60,01 1,03 2,34 1,29 016
7 1,80 4,05 1,25 60,1 0,32 1,48 0,98 60/02 0,21 1,990,81 60,01 0,74 2,12 1,11 60,02 0,53 2,64 1,30 016
8 0,21 2,99 1,42 60,0 1,07 2,90 1,24 60/01 0,00 2,681,24 60,01 0,96 3,38 1,15 60,01 0,11 2,93 1,32 016
9 2,47 4,86 0,96 60,1 1,51 3,63 1,24 60/01 0,00 2,821,05 60,01 0,86 2,84 1,10 60,01 0,86 2,96 1,09 016
10 1,18 3,47 1,44 60,12 1,18 2,67 1,30 60)01 0,54 1,591,27 60,01 0,75 2,17 1,20 60,01 0,65 2,14 1,40 016

Table 10. Comparison between the MAs and the GA with the same computation time (10x10).

20x5 GA MA-N,° MA-N ;* MA-N ;2 MA-N ;3
1 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60j01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 0160,
2 0,00 0,00 0,00 60,1 0,00 0,00 0,00 6001 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 0160,
3 0,00 0,18 0,17 60,1 0,00 0,07 0,14 60j01 0,00 0,290,21 60,01 0,06 0,35 0,18 60,01 0,00 0,28 0,27 0160,
4 1,13 2,67 151 60,1 0,83 0,77 0,56 6001 0,98 1,030,52 60,01 1,59 2,46 1,14 60,02 1,21 1,74 0,83 0160,
5 3,83 5,12 0,95 60,1 0,34 2,09 1,45 6001 0,00 2,921,88 60,01 0,94 2,51 1,10 60,01 0,68 3,44 1,52 0160,

Table 11. Comparison between the MAs and the GA with the same computation time (20x5).
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15x10 GA MA-N;,° MA-N ;! MA-N ;° MA-N ;°
1 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60j01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 016
2 0,00 0,00 0,00 60,1 0,00 0,00 0,00 6001 0,00 0,000,00 60,01 0,00 0,00 0,00 60,02 0,00 0,00 0,00 016
3 0,00 0,00 0,00 60,1 0,00 0,02 0,02 60/02 0,00 0,020,02 60,01 0,00 0,02 0,02 60,02 0,00 0,03 0,02 016
4 0,00 0,01 0,02 60,11 0,07 0,18 0,06 60/02 0,07 0,160,05 60,01 0,09 0,18 0,07 60,01 0,07 0,19 0,08 016
5 0,04 0,13 0,10 60,11 0,30 0,50 0,12  60/02 0,30 0,430,11 60,02 0,34 0,47 0,10 60,01 0,28 0,50 0,14 016
6 0,26 0,43 0,27 60,11 0,80 0,83 0,18 60/01 0,56 0,630,21 60,02 0,59 0,79 0,28 60,01 0,52 0,67 0,20 016
7 1,36 1,72 0,49 60,1 0,89 1,22 0,45 60/02 0,46 1,050,62 60,01 1,12 1,43 0,45 60,02 1,18 1,45 0,52 0%
8 2,79 3,71 1,00 60,11 1,46 2,09 0,79 60/01 1,04 2,321,16 60,02 1,38 2,40 1,10 60,02 1,49 2,38 0,93 016
9 2,95 4,18 0,92 60,1 1,25 2,49 1,16 60/01 0,86 2,411,41 60,01 1,12 2,63 0,94 60,02 1,71 3,12 1,02 0%
10 3,23 5,04 1,23 60,1 0,88 3,01 1,42 60)01 1,04 291136 60,01 0,06 2,76 1,53 60,01 0,42 2,63 1,25 016
Table 12. Comparison between the MAs and the GA with the same computation time (15x10).
20x10 GA MA-N;,° MA-N ;! MA-N ;° MA-N ;°
1 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60j01 0,00 0,000,00 60,02 0,00 0,00 0,00 60,01 0,00 0,00 0,00 016
2 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60/02 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 016
3 0,00 0,00 0,00 60,0 0,00 0,02 0,02 60j02 0,00 0,010,02 60,02 0,00 0,02 0,02 60,01 0,00 0,03 0,01 016
4 0,00 0,02 0,02 60,1 0,11 0,17 0,03 60j02 0,06 0,150,06 60,01 0,10 0,18 0,05 60,02 0,10 0,18 0,05 016
5 0,03 0,06 0,05 60,1 0,24 0,35 0,10 60|02 0,19 0,350,10 60,01 0,24 0,36 0,10 60,02 0,17 0,36 0,11 016
6 0,00 0,24 0,11 60,1 0,52 0,79 0,14 60/02 0,25 0,570,18 60,02 0,46 0,72 0,11 60,02 0,43 0,61 0,10 016
7 0,40 0,64 0,29 60,1 0,73 0,90 0,27 60/02 0,49 0,590,22 60,01 0,70 0,70 0,19 60,01 0,66 0,74 0,29 016
8 1,95 2,36 0,62 60,1 0,72 1,29 0,75 60|02 0,85 1,250,76 60,01 0,64 1,80 1,02 60,01 1,20 1,82 0,83 016
9 3,00 3,24 0,97 60,1 1,23 1,52 1,34 60)02 1,31 1,870,97 60,01 1,19 2,11 1,16 60,02 1,60 2,08 1,23 016
10 3,38 5,16 0,96 60,1 0,55 2,07 0,97 60/01 0,74 1,900,81 60,01 1,18 2,67 1,31 60,01 1,64 2,60 0,94 016

Table 13. Comparison between the MAs and the GA with the same computation time (20x10).
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15x15 GA MA-N,° MA-N ;* MA-N ;2 MA-N ;3
1 0,00 0,00 0,00 60,12 0,00 0,00 0,00 60{01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 016
2 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60]02 0,00 0,000,00 60,01 0,00 0,00 0,00 60,02 0,00 0,00 0,00 016
3 0,00 0,02 0,01 60,1 0,01 0,05 0,02 60{01 0,01 0,050,02 60,02 0,00 0,04 0,02 60,02 0,01 0,06 0,03 016
4 0,00 0,02 0,02 60,1 0,14 0,22 0,06 60]02 0,19 0,290,06 60,01 0,12 0,23 0,07 60,03 0,16 0,24 0,05 016
5 0,00 0,06 0,03 60,1 0,53 0,63 0,07 60J03 0,40 0,550,111 60,01 0,40 0,60 0,11 60,02 0,44 0,60 0,08 016
6 0,03 0,17 0,12 60,1 0,77 1,01 0,17 60{02 0,48 0,870,219 60,01 0,79 0,93 0,12 60,01 0,69 0,97 0,17 06
7 0,00 0,36 0,30 60,1 1,01 1,43 0,25 60J03 0,80 1,140,24 60,02 0,98 1,28 0,20 60,02 0,98 1,21 0,19 026
8 0,90 0,64 0,36 60,11 1,07 1,07 0,51 60|02 0,97 0,690,35 60,02 1,62 1,18 0,31 60,02 1,52 1,05 0,28 06
9 1,32 2,52 0,92 60,0 0,90 1,85 0,76  60J01 1,43 1,480,78 60,01 1,20 1,63 0,55 60,02 0,79 1,32 0,64 026
10 2,98 4,84 1,19 60,11 0,87 3,07 1,27 60/01 0,80 2,651,27 60,02 2,26 3,81 1,21 60,02 1,55 3,41 1,55 016
11 3,67 5,18 1,05 60,1 1,16 2,96 1,02 60/03 0,12 2,641,45 60,01 0,84 2,98 1,16 60,02 0,68 2,98 1,18 016
12 3,12 5,19 1,28 60,1 0,00 2,65 1,32 60)02 1,04 3,261,62 60,02 1,16 2,85 1,11 60,01 0,28 2,37 1,62 016
13 2,94 5,62 1,37 60,1 1,77 3,27 1,08 60J01 1,01 3,261,26 60,02 0,28 2,35 1,36 60,01 0,08 2,71 1,10 0%
14 3,92 5,53 1,05 60,11 1,38 2,79 1,17 60)02 1,21 2,761,30 60,01 0,53 2,97 1,63 60,01 1,62 2,87 0,99 06
15 4,37 6,14 0,93 60,11 1,46 3,58 1,32 60/01 2,14 4,111,03 60,01 1,33 3,72 1,48 60,01 1,46 3,48 1,25 016

Table 14. Comparison between the MAs and the GA with the same computation time (15x15).
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GA MA-N ,° MA-N* MA-N ,* MA-N
Inste_ances E.Best E.Avg VC t(s) E.Best E.Avg VC t(s) E.Best E.Avg VC t(s) E.Best E.Avg VC t(s) E.Best E.Avg VC t(s)

size (%) (%) (%) (%) (%0) (%) (%) (%) (%) (%0) (%) (%0) (%) (%) (%0)

20x15 1,22 1,96 0,41 60,1 0,35 1,10 3,6 60 0,38 1,07 3,3%0 0,27 1,05 3,53 60,01 0,37 1,16 3,34 60
10x10 0,80 2,19 0,73 60,11 0,22 1,36 6,79 60 0,29 1,34 416, 60 0,30 1,54 7,72 60,01 0,24 1,50 7,43 650
20x5 0,99 1,76 0,53 60,1 0,28 0,91 6,35 60 0,48 1,12 35,060 0,10 0,84 6,5 60,01 0,27 1,16 749 60
15x10 1,06 1,70 0,4 60,1 0,22 1,02 5,23 60 0,27 0,99 4,760 0,27 0,99 4,29 60,01 0,34 1,00 4,44 60
20x10 0,87 1,40 0,3 60,1 0,37 0,80 394 60 0,13 0,76 4,6%0 0,30 0,82 4,78 60,01 0,28 0,79 4,79 60
15x15 1,55 2,57 0,58 60,1 0,56 1,54 7,4 60 0,58 1,47 7,5%0 0,46 1,52 8,85 60,01 0,35 1,40 8,5 60

Table 15. Comparison between the MAs and the GA with the same computation time and 20% Local Search.
20x15 GA MA-N ,°© MA-N ;* MA-N ;2 MA-N ;3

1 0,00 0,00 0,00 60,11 0,00 0,00 0,00 60]01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 0160,
2 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60/01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 0160,
3 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60]01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 0160,
4 0,00 0,00 0,01 60,1 0,00 0,01 0,40 60J02 0,00 0,000,00 60,01 0,00 0,01 0,39 60,01 0,00 0,01 0,23 0160,
5 0,00 0,02 0,03 60,1 0,02 0,09 0,66 60]01 0,00 0,040,48 60,01 0,00 0,07 0,68 60,01 0,00 0,05 0,45 0160,
6 0,00 0,10 0,06 60,1 0,11 0,20 0,83 60/02 0,05 0,130,73 60,01 0,11 0,18 0,76 60,02 0,05 0,15 0,77 0160,
7 0,00 0,07 0,06 60,1 0,12 0,26 0,88 60/01 0,03 0,171,11 60,01 0,03 0,22 1,17 60,02 0,12 0,24 0,78 00,
8 0,07 0,35 0,15 60,1 0,28 0,52 1,62 60/02 0,18 0,371,17 60,02 0,28 0,51 1,28 60,01 0,14 0,46 1,47 0560,
9 0,28 0,77 0,28 60,1 0,28 0,62 2,22 60]02 0,00 0,523,22 60,01 0,20 0,66 2,59 60,02 0,28 0,56 1,49 0%0,
10 0,99 2,14 0,63 60,1 0,56 1,54 5,24 60]02 0,44 1,194,11 60,01 0,47 1,28 3,97 60,01 0,22 1,28 4,24 0560,
11 2,61 4,20 0,98 60,1 0,37 2,24 8,52 60/01 0,68 2,439,01 60,02 0,90 2,59 7,04 60,01 0,96 2,58 7,71 0560,
12 1,99 4,15 1,08 60,1 0,32 2,33 8,86 60]02 0,83 2,738,47 60,02 0,73 2,33 8,02 60,01 0,75 2,55 8,18 0160,
13 4,14 6,08 0,87 60,1 1,38 3,54 9,23 60J01 1,47 3,308,08 60,02 1,04 3,20 9,00 60,01 1,22 3,60 8,42 0160,
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14 3,95 5,65 0,99 60,1 0,95 2,51 8,02 60/01 0,71 2,256,90 60,01 0,19 2,20 9,64 60,02 0,51 2,98 8,69 050,
15 4,20 5,83 1,02 60,12 0,84 2,70 7,54 60/02 1,36 2,906,70 60,02 0,10 2,42 8,36 60,01 1,27 2,94 7,64 0160,
Table 16. Comparison between the MAs and the GA with the same computation time and 20% Local Search (20x15).
10x10 GA MA-N ,°© MA-N ;* MA-N ;2 MA-N ;3
1 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60j01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 0160,
2 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60j01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 0360,
3 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60j01 0,00 0,000,00 60,02 0,00 0,01 0,30 60,01 0,00 0,01 0,30 0160,
4 0,08 0,51 0,27 60,1 0,15 0,32 0,83 60/01 0,23 0,340,92 60,01 0,00 0,25 154 60,01 0,00 0,25 1,72 0160,
5 0,94 2,18 0,98 60,1 0,19 1,19 7,99 60/01 0,38 1,377,90 60,01 0,00 1,36 8,50 60,01 0,47 1,81 10,06,016D
6 1,34 3,08 0,95 60,1 0,31 1,99 10,51 60|02 0,62 81,9 9,35 60,01 0,93 2,05 8,55 60,01 0,00 2,38 11,80,016
7 1,80 4,28 1,25 60,1 0,00 2,72 14,44 60|02 0,00 51,9 11,54 60,01 1,06 2,96 15,48 60,p1 0,85 2,43 9,560,01
8 0,21 2,99 1,42 60,09 0,11 2,72 11,53 60{01 0,11 021 10,55 60,01 0,21 2,13 11,76 60,p1 0,32 2,90 12,6D,01
9 2,47 4,86 0,96 60,1 0,65 2,13 11,17 60j01 0,86 2281177 60,01 0,00 3,59 16,92 60,p1 0,75 3,06 13,6,01
10 1,18 4,02 1,44 60,12 0,75 2,49 11,45 60{01 0,75 028 12,12 60,01 0,75 3,10 14,14 60,p1 0,00 2,16 15,68,01
Table 17. Comparison between the MAs and the GA with the same computation time and 20% Local Search (10x10).
20x5 GA MA-N ,° MA-N ;* MA-N ;2 MA-N ;3
1 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60j01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 0360,
2 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60j01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 0360,
3 0,00 0,18 0,17 60,1 0,00 0,32 3,44 60/01 0,00 0,193,43 60,01 0,00 0,13 3,25 60,01 0,00 0,11 3,11 0160,
4 1,13 3,52 151 60,1 1,06 1,93 11,95 60|02 1,06 3271234 60,01 0,00 1,52 16,16 60,p1 0,83 2,27 11,80,01
5 3,83 5,12 0,95 60,1 0,34 2,30 16,38 60{01 1,36 02,7 940 60,01 0,51 2,54 13,10 60,01 0,51 3,40 23,68,01

Table 18. Comparison between the MAs and the GA with the same computation time and 20% Local Search (20x5).
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15x10 GA MA-N © MA-N ;! MA-N /2 MA-N 3

1 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60j01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 016
2 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60j01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 016
3 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60/01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,20 016
4 0,00 0,01 0,02 60,1 0,00 0,05 0,67 60J01 0,00 0,010,29 60,01 0,00 0,03 0,56 60,01 0,00 0,02 0,41 016
5 0,04 0,17 0,10 60,1 0,04 0,18 1,31 60{01 0,00 0,121,42 60,01 0,04 0,16 1,35 60,01 0,04 0,13 0,99 016
6 0,26 0,69 0,27 60,1 0,08 0,40 2,49 60|01 0,03 0,272,02 60,01 0,05 0,39 2,57 60,01 0,13 0,33 1,76 016
7 1,36 2,19 0,49 60,1 0,18 0,92 5,43 60|01 0,18 0,714,24 60,01 0,15 0,93 6,09 60,01 0,33 0,89 4,18 016
8 2,79 4,40 1,00 60,1 0,31 2,64 13,80 60{01 1,25 0291159 60,01 0,94 2,92 9,80 60,01 1,38 2,80 11,60,01
9 2,95 4,52 0,92 60,1 0,82 2,89 13,10 60{01 0,34 129 1492 60,01 0,45 2,51 11,54 60,p1 0,69 2,88 12,80,01
10 3,23 5,04 1,23 60,1 0,77 3,11 15,49 60j01 0,93 62,9 12,53 60,01 1,12 2,91 10,97 60,01 0,84 2,97 12,40,02

Table 19. Comparison between the MAs and the GA with the same computation time and 20% Local Search (15x10).

20x10 GA MA-N © MA-N ;! MA-N /2 MA-N 3

1 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60j01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 016
2 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60j01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,02 0,00 0,00 0,00 016
3 0,00 0,00 0,00 60,0 0,00 0,00 0,15 60j01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 016
4 0,00 0,02 0,02 60,1 0,02 0,05 0,62 60/01 0,00 0,030,69 60,01 0,00 0,02 0,45 60,02 0,00 0,03 0,50 016
5 0,03 0,09 0,05 60,1 0,05 0,12 1,30 60{01 0,00 0,101,01 60,01 0,05 0,11 1,07 60,01 0,00 0,07 1,07 016
6 0,00 0,24 0,11 60,1 0,15 0,29 1,85 60|01 0,03 0,221,85 60,01 0,06 0,27 2,17 60,01 0,03 0,23 1,97 016
7 0,40 0,97 0,29 60,1 0,23 0,61 4,12 60|01 0,23 0,522,86 60,01 0,19 0,48 2,77 60,01 0,07 0,51 3,73 016
8 1,95 2,95 0,62 60,1 0,63 1,51 7,10 60|01 0,04 1,249,80 60,01 0,51 1,59 11,40 60,01 0,95 1,57 7,85 ,016
9 3,00 4,43 0,97 60,1 1,17 2,41 11,76  60}02 0,16 52,8 18,03 60,01 1,32 2,99 17,14 60,01 0,78 2,48 13,8D,01
10 3,38 5,32 0,96 60,1 1,42 2,98 12,52 6001 0,82 72,6 12,70 60,01 0,91 2,76 12,79 60,01 0,97 3,01 18,80,01

Table 20. Comparison between the MAs and the GA with the same computation time and 20% Local Search (20x10).
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15x15 GA MA-N © MA-N ;! MA-N /2 MA-N 3
1 0,00 0,00 0,00 60,12 0,00 0,00 0,00 60|01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 016
2 0,00 0,00 0,00 60,1 0,00 0,00 0,00 60j01 0,00 0,000,00 60,01 0,00 0,00 0,00 60,01 0,00 0,00 0,00 016
3 0,00 0,02 0,01 60,1 0,00 0,02 0,43 60j01 0,00 0,020,47 60,01 0,00 0,01 0,43 60,01 0,00 0,01 0,43 016
4 0,00 0,02 0,02 60,1 0,04 0,08 0,98 60|01 0,00 0,040,62 60,01 0,02 0,07 1,30 60,01 0,02 0,04 0,49 016
5 0,00 0,06 0,03 60,1 0,11 0,23 1,75 60|01 0,07 0,130,85 60,02 0,07 0,20 2,01 60,01 0,02 0,12 1,45 016
6 0,03 0,20 0,12 60,1 0,11 0,35 2,41 60|01 0,16 0,281,63 60,01 0,05 0,36 2,72 60,01 0,11 0,31 2,15 016
7 0,00 0,36 0,30 60,1 0,12 0,47 2,79 60|01 0,03 0,303,32 60,01 0,09 0,45 3,19 60,01 0,03 0,28 2,69 016
8 0,90 1,48 0,36 60,11 0,41 0,93 5,35 60|01 0,10 0,645,22 60,01 0,14 0,80 6,84 60,02 0,00 0,85 6,39 016
9 1,32 3,10 0,92 60,09 0,38 1,56 9,15 60/01 0,00 1,1311,72 60,01 0,45 1,39 9,51 60,01 0,11 1,54 12,48,016
10 2,98 5,05 1,19 60,11 1,79 3,42 12,16  60{01 1,11 428 14,91 60,01 1,03 2,90 14,48 60,p1 0,79 3,17 21,%6,01
11 3,67 5,30 1,05 60,1 0,48 2,43 12,95 60|01 1,16 12,310,06 60,01 0,80 2,72 15,95 60,01 0,68 2,64 15,56,01
12 3,12 5,19 1,28 60,1 0,40 2,19 15,31 60{01 1,28 73,111,81 60,01 1,00 2,94 17,64 60,p1 0,80 2,80 17,60,01
13 2,94 5,62 1,37 60,1 1,53 3,37 12,52 60|01 1,73 0 3,6 18,77 60,01 0,12 3,00 21,30 60,01 0,36 2,50 16,58,01
14 3,92 6,04 1,05 60,11 1,46 4,20 16,95 60{01 1,37 6 3,7 17,11 60,02 1,33 4,22 16,39 60,p1 1,50 3,57 15,89,01
15 4,37 6,14 0,93 60,11 1,54 3,86 18,19 60|01 1,66 53,8 16,74 60,01 1,74 3,80 21,01 60,01 0,77 3,15 15,80,01

Table 21. Comparison between the MAs and the GA with the same computation time and 20% Local Search (15x15).
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