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Abstract This paper considers the m-machine no-wait
flowshop problem with the objective of minimizing the
maximum lateness where setup times are considered as
separate from processing times and treated as sequence-
independent. A dominance relation is developed for the
case of three machines and several heuristics and four new
effective and efficient genetic algorithms are proposed. The
genetic algorithms make use of advanced concepts like
steady-state and elitist generational scheme as well as new
fast-selection operators. Extensive experimentation is con-
ducted to evaluate the performance of the dominance rule,
the proposed heuristics, and the genetic algorithms. The
computational and statistical analyses by means of exper-
imental designs show that the genetic algorithms provide
better results than the existing literature under the same
conditions. Additionally, the proposed dominance rule
shows great potential for instances where the processing
and setup times are tightly distributed.

Keywords No-wait flowshop .Maximum lateness .

Genetic algorithms . Dominance relations . Heuristics

1 Introduction

We consider the m-machine flowshop scheduling problem
where (when necessary) the start of a job on a machine must

be delayed so that the completion of the operation coincides
with the beginning of the operation on the subsequent
machine. Such flowshops are known as “no-wait flowshops”.
We address the problem of m-machine no-wait flowshop
scheduling to minimize maximum lateness where setup times
are treated as separate from processing times.

Applications of no-wait flowshops can be found in many
industries. For example, in steel factories, the heated metal
goes through a continuous sequence of operations before it
is allowed to cool in order to prevent defects in the compo-
sition of the steel. A second example is a plastic product that
requires a series of processes to immediately follow one
another in order to prevent degradation. Similar situations
also arise in the chemical and pharmaceutical industries. The
no-wait problem has been extensively studied in the
scheduling literature and a survey is given by Hall and
Sriskandarajah [14].

Treating setup times as separate from processing times
implies that the setup on a subsequent machine may be per-
formed while the job is still in process on the immediately
preceding machine. Therefore, treating setup times separately
improves machine utilization and may also reduce job com-
pletion time. In other words, ignoring setup times in sched-
uling decisions may lead to wasting time in setup changes,
resulting in capacity loss. Applications of separate setup prob-
lems are also common in industries. For example, for computer
jobs requiring different compilers, a setup is not incurred if the
next job requires a compiler that is already resident in memory.
However, a setup time to load the new compiler is incurred if
the job requires a non-resident compiler (Bruno and Downey
[7], Monma and Potts [16], and Chen [8]). More applications
of separate setup can be found in textile, plastic, chemical, and
the semiconductor industries (Uzsoy et al. [26], França et al.
[11]). In the textile industry, a setup time is required for the
weaving and dying operations. In the plastic industry, different
types of colors require setup operations. In the semiconductor
industry, setup is required for the testing operation for each
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product type, e.g., different temperature. Allahverdi et al. [5]
give a survey of scheduling research on setup times.

There are some environments where the simultaneous
consideration of no-wait and separate setup times needs to
be taken into account (Allahverdi and Aldowaisan [4]). The
two-machine, no-wait flowshop scheduling problem with
separate sequence-independent setup times is addressed by
Aldowaisan and Allahverdi [2] with the objective of mini-
mizing total completion time. They develop optimal solu-
tions for certain cases, establish a local dominance relation
for the general case, and propose a simple but effective
heuristic. The same problem is approached by Aldowaisan
[1] where a global dominance relation along with a heuristic
and a branch and bound method are provided. Allahverdi and
Aldowaisan [3] extend the problem to the three-machine
case with total completion time criterion. They present five
different heuristics for the problem in addition to providing
a dominance relation. Shyu et al. [24] propose an ant-colony
optimization metaheuristic that makes use of a traveling
salesman problem (TSP) representation of the problem
and show results that improved those of Aldowaisan and
Allahverdi [2]. Brown et al. [6] studied the same problem
and proposed a heuristic called TRIPS, which is also based
on the TSP. This heuristic is also tested for the more general
m-machine case. More recently, Ruiz and Allahverdi [21]
studied the m-machine no-wait flowshop scheduling prob-
lem with separate sequence-independent setup times and
total completion time criterion. They propose five heuristics,
a restart local search method, and an iterated local-search
procedure. The presented results show important improve-
ments over the methods of Aldowaisan and Allahverdi
[2], Allahverdi and Aldowaisan [3], Shyu et al. [24] and
Brown et al. [6]. Allahverdi and Aldowaisan [4] address the
two-machine no-wait flowshop scheduling problem of mini-
mizing total completion time but with a special case of
sequence-dependent setup times so-called “additive setup
times”, where setup time of a job can be divided into two
parts. They obtain optimal solutions for certain environments
and provide a dominance relation.

The two-machine no-wait flowshop separate setup time
problem with the objective of minimizing makespan is also
addressed in the literature. Gupta et al. [13] show that the
problem can be reduced to the Gilmore-Gomory traveling
salesman problem (TSP), and is solvable in polynomial
time. Sidney et al. [25] consider the same problem but
where the setup on the second machine consists of two
parts. During the first part of the setup, the job should not
be present in the machine, while the second part of setup
can be done in the presence (or absence of) the job. The
authors propose a heuristic algorithm for the problem and
establish its worst-case performance ratio.

As regards to the minimization of the maximum lateness
criterion, Dileepan [9] addresses the no-wait and sequence-

independent two-machine problem where he provides some
dominance relations. Fondrevelle et al. [10] consider the
same problem of Dileepan where removal times also are
treated as separate. They obtain optimal solutions for special
cases and propose a branch-and-bound algorithm for the
generic case. To the best of our knowledge, the m-machine
case has not been considered in the literature. Needless to
say, such a problem is NP-hard, since the two-machine no-
wait flowshop problem with the minimization of the
maximum lateness was already shown to be NP-hard by
Röck [20], even when setup times are zero.

The remainder of this paper is organized as follows: A
problem description is given in Section 2. A dominance
relation is developed in Section 3 and tested in Section 4.
Section 5 gives the description of proposed heuristics and
genetic algorithms. The computational experiments are
discussed in Section 6 and the concluding remarks are
made in Section 7.

2 Problem description

We consider the m-machine no-wait flowshop scheduling
problem in which each job needs to be processed on
machines 1, 2, ..., m in that order such that the operation
of each job has to be processed without interruptions between
consecutive machines. This means that, when necessary, the
start of a job on a given machine must be delayed so that the
completion of the operation coincides with the beginning of
the operation on the following machine. We treat setup times
as separate from processing times. The problem is to find a
schedule that minimizes the maximum lateness. It is assumed
that all jobs are available for processing at time zero. Each
machine can, at any time, process at most one job, and each
job can be processed on at most one machine.

Let

si,k setup time of job i on machine k (k=1, ..., m)
ti,k processing time of job i on machine k
di due date of job i
s[i,k] setup time of the job in position i on machine k
t[i,k] processing time of the job in position i on

machine k
d[i] due date of the job in position i
C[i] completion time of the job in position i
L[i] lateness of the job in position i

It can be shown that (Allahverdi and Aldowaisan [3],
Brown et al. [6]) for the job in position i on m machine m,

C i½ � ¼
Xi
l¼1

Cm
l½ �

where, Cm
i½ � ¼ max Cm�1

l½ � � t l�1;m½ �;S l;m½ �
n o

þ t l;m½ � and C0
l½ � ¼

t 0;k½ � ¼ 0; l ¼ 1; . . . ; n; k ¼ 1; . . . ;m:
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Given C[i], the lateness of the job in position i, L[i], can
be written as

L i½ � ¼ C i½ � � d i½ � ð1Þ
Therefore, maximum lateness or Lmax, is expressed as

L max½ � ¼ max
i¼1;...;n

L i½ �
� � ð2Þ

Maximum lateness can therefore be calculated in O(nm)
steps for the considered problem. We assume that every job
requires processing on all the machines, i.e., ti,k > 0. Such
an m-machine no-wait flowshop is necessarily a permuta-
tion flow shop. In other words, the order of jobs on all
machines must be the same.

3 A dominance relation for the three-machine case

As mentioned, the two-machine no-wait flowshop problem
of minimizing maximum lateness is known to be NP-hard
even for the case of ignoring setup times as shown in Röck
[20]. In our problem, we relax the zero setup time assump-
tion and extend the number of machines to more than two.
Therefore, the problem addressed in this paper is also NP-
hard. In other words, it is highly unlikely to find a poly-
nomial time algorithm. Dileepan [9] presented dominance
relations for the two-machine case and here we develop a
dominance relation for the case of three-machine in the
following theorem:

Theorem In a sequence where jobs i and j are adjacent, job
j should precede job i for minimizing maximum lateness if
(i) ti,2≤tj,2, (ii) tj,2+tj,3≤ti,2+ti,3, (iii) sj,3+ti,2+si,2≤ si,3+tj,2+sj,2,
(iv) sj,1+tj,1+si,2≤si,1+ti,1+sj,2, (v) tj,2+sj,2≤ti,2+si,2, (vi) dj≤di,
and (vii) max{si,3,ti,2−tj,2−tj,3+ max (si,1+ti,1,tj,2+si,2)}≤ max
{sj,3,tj,2−ti,2−ti,3+ max (sj,1+tj,1, ti,2+sj,2)}.

Proof Consider two sequences π1 and π2 such that π1 has
job i in an arbitrary position t and job j in position t+1. The
sequence π2 is exactly the same as π1 except that job j is in
position t and job i in position t+1.

Since the two sequences have the same job in positions
up to and including t−1,

L r½ � p1ð Þ ¼ L r½ � p2ð Þ

¼
Xr
i¼1

max fs i;3½ �; t i;2½ � � t i�1;2½ � � t i�1;3½ �

þmax s i;1½ � þ t i;1½ �; t i�1;2½ � þ s i;2½ �
� �g

þ
Xr
i¼1

t i;3½ � � d r½ �;

ð3Þ

for r=1, 2, ... t−1. Let L ¼Pr
l¼1

maxfs½i;3�; t½i;2� � t½i�1;2��
t½i�1;3� þmaxðs½i;1� þ t½i;1�; t½i�1;2� þ s½i;2�Þg þ

Pr
i¼1

t i;3½ �:

Then, we have the following equations for the two
sequences,

L t½ � p1ð Þ ¼ Lþmax fsi;3; ti;2 � t t�1;2½ � � t t�1;3½ �

þmax si;1 þ ti;1; t t�1;2½ � þ si;2
� �g

þti;3 � di;

ð4Þ

L t½ � p2ð Þ ¼ Lþmax fsj;3; tj;2 � t t�1;2½ � � t t�1;3½ �

þmax sj;1 þ tj;1; t t�1;2½ � þ sj;2
� �g

þtj;3 � dj;

ð5Þ

L tþ1½ � p1ð Þ ¼ Lþmax fsi;3; ti;2 � t t�1;2½ � � t t�1;3½ �

þmax si;1 þ ti;1; t t�1;2½ � þ si;2
� �g

þti;3 þmax fsj;3; tj;2 � ti;2 � ti;3

þmax sj;1 þ tj;1; ti;2 þ sj;2
� �g

þtj;3 � dj;

ð6Þ

L tþ1½ � p2ð Þ ¼ Lþmax fsj;3; tj;2 � t t�1;2½ � � t t�1;3½ �

þmax sj;1 þ tj;1; t t�1;2½ � þ sj;2
� �g

þtj;3 þmax fsi;3; ti;2 � tj;2 � tj;3

þmax si;1 þ ti;1; tj;2 þ si;2
� �g

þti;3 � di:

ð7Þ

It follows from Eqs. (5) and (6) that

L t½ � p2ð Þ � L tþ1½ � p1ð Þ ¼max sj;3; tj;2 � t t�1;2½ � � t t�1;3½ � þmax sj;1 þ tj;1; t t�1;2½ � þ sj;2
� ��

�max si;3; ti;2 � t t�1;2½ � � t t�1;3½ � þmax si;1 þ ti;1; t t�1;2½ � þ si;2
� �� �

�max sj;3; tj;2 � ti;2 � ti;3 þmax sj;1 þ tj;1; ti;2 þ sj;2
� �� �� ti;3

¼ max sj;3; tj;2 � sj;2;max sj;1 þ tj;1;� sj;2; t t�1;2½ �
� �� t t�1;2½ � � t t�1;3½ �

� �þ tj;2 þ sj;2

�max si;3; ti;2 � si;2;max si;1 þ ti;1;� si;2; t t�1;2½ �
� �� t t�1;2½ � � t t�1;3½ �

� �þ ti;2 � si;2

�max sj;3; tj;2 � ii;2 � ti;3 þmax sj;1 þ tj;1; ti;2 þ sj;2Þ
� �� ti;3

�
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Now it follows from the last equation and hypotheses
(iii)–(v) that

L t½ � p2ð Þ � L tþ1½ � p1ð Þ ð8Þ

Taking the difference between Eqs. (6) and (7) yields

L½tþ1�ðp2Þ � L½tþ1�ðp1Þ ¼ maxfsj;3; tj;2 � t½t�1;2� � t½t�1;3� þmax ðsj;1 þ tj;1; t½t�1;2� þ sj;2Þg
þmax fsi;3; ti;2 � tj;2 � tj;3 þmax ðsi;1 þ ti;1; tj;2 þ si;2Þg � di
� max fsi;3; ti;2 � t½t�1;2� � t½t�1;3� þmax ðsi;1 þ ti;1; t½t�1;2� þ si;2Þg
�max fsj;3; tj;2 � ti;2 � ti;3 þmax ðsj;1 þ tj;1; ti;2 þ sj;2Þg þ dj

¼ max fsj;3 � tj;2 � sj;2; max ðsj;1 þ tj;1 � sj;2; t½t�1;2�Þ � t½t�1;2� � t½t�1;3�g þ tj;2 þ sj;2

�max fsi;3 � ti;2 � si;2; max ðsi;1 þ ti;1 � si;2; t½t�1;2�Þ � t½t�1;2� � t½t�1;3�g � ti;2 � si;2

þ max fsi;3; ti;2 � tj;2 � tj;3 þ max ðsi;1 þ ti;1; tj;2 þ si;2Þg
�max fsj;3; tj;2 � ti;2 � ti;3 þmax ðsj;1 þ tj;1; ti;2 þ sj;2Þg þ dj � di

From the last equation and hypotheses (iii)–(vii)

L tþ1½ � p2ð Þ � L tþ1½ � p1ð Þ ð9Þ
Therefore, from Eqs. (8) and (9)

max L t½ � p2ð Þ; L tþ1½ � p2ð Þ� � � max L t½ � p1ð Þ; L tþ1½ � p1ð Þ� �
ð10Þ

Now, for L[r] where r= t+2,..., n,

L r½ � p1ð Þ¼ Lþmax si;3; ti;2 � t t�1;2½ � � t t�1;3½ � þmax si;1 þ ti;1; t t�1;2½ � þ si;2
� �� �þ ti;3

þmax sj;3; tj;2 � ti;2 � ti;3 þ max sj;1 þ tj;1; ti;2 þ sj;2
� �� �þ tj;3

þmax s tþ2;3½ �; t tþ2;2½ � � tj;2 � tj;3 þ max s tþ2;1½ � þ t tþ2;1½ �; tj;2 þ s tþ2;2½ �
� �� �þ t tþ2;2½ �

þ
Xr
p¼tþ3

max s p;3½ �; t p;2½ � � t p�1;2½ � � t p�1;3½ � þ max s p;1½ � þ t p;1½ �; t p�1;2½ � þ s p;2½ �
� �� �

þ
Xr
p¼tþ3

t p;3½ � � d r½ �;

and

L½r�ðp2Þ ¼Lþmaxfsj;3; tj;2 � t½t�1;2� � tt½t�1;3� þmax ðsj;1 þ tj;1; t½t�1;2� þ sj;2Þg þ tj;3

þmax fsi;3; ti;2 � tj;2 � tj;3 þmax ðsi;1 þ ti;1; tj;2 þ si;2Þg þ ti;3
þmax fs½tþ2;3�; t½tþ2;2� � ti;2 � ti;3 þmax ðs½tþ2;1� þ t½tþ2;1�; ti;2 þ s½tþ2;2�Þg þ t½tþ2;2�

þ
Xr
p¼tþ3

max fs½p;3�; t½p;2� � t½p�1;2� � t½p�1;3� þmax ðs½p;1� þ t½p;1�; t½p�1;2� þ s½p;2�Þg

þ
Xr
p¼tþ3

t½p;3� � d½r�;
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where
Ptþ2

p¼tþ3
:ð Þ ¼ 0:

From the last two equations,

L½r�ðp2Þ � L½r�ðp1Þ ¼ max fsj;3; tj;2 � t½t�1;2� � t½t�1;3� þmax ðsj;1 þ tj;1; t½t�1;2� þ sj;2Þg
þmax fsi;3; ti;2 � tj;2 � tj;3 þmax ðsi;1 þ ti;1; tj;2 þ si;2Þg
þ max fs½tþ2;3�; t½tþ2;2� � ti;2 � ti;3 þ max ðs½tþ2;1� þ t½tþ2;1�; ti;2 þ s½tþ2;2�Þg
� max fsi;3; ti;2 � t½t�1;2� � t½t�1;3� þmax ðsi;1 þ ti;1; t½t�1;2� þ si;2Þg
� max fsj;3; tj;2 � ti;2 � ti;3 þmax ðsj;1 þ tj;1; ti;2 þ sj;2Þg
� max fs½tþ2;3�; t½tþ2;2� � tj;2 � tj;3 þmax ðs½tþ2;1� þ t½tþ2;1�; tj;2 þ s½tþ2;2�Þg

¼ max fsj;3 � tj;2 � sj;2; max ðsj;1 þ tj;1 � sj;2; t½t�1;2�Þ � t½t�1;2� � t½t�1;3�g þ tj;2 þ sj;2

� max fsi;3 � ti;2 � si;2; max ðsi;1 þ ti;1 � si;2; t½t�1;2�Þ � t½t�1;2� � t½t�1;3�g � ti;2 � si;2

þ max fsi;3; ti;2 � tj;2 � tj;3 þmax ðsi;1 þ ti;1; tj;2 þ si;2Þg
� max fsj;3; tj;2 � ti;2 � ti;3 þmax ðsj;1 þ tj;1; ti;2 þ sj;2Þg
þ max fs½tþ2;3�; t½tþ2;2� � ti;2 � ti;3 þmax ðs½tþ2;1� þ t½tþ2;1�; ti;2 þ s½tþ2;2�Þg
� max fs½tþ2;3�; t½tþ2;2� � tj;2 � tj;3 þmax ðs½tþ2;1� þ t½tþ2;1�; tj;2 þ s½tþ2;2�Þg

From the last equation and hypotheses (i)–(v) and (vii),

L½r�ðp2Þ � L½r�ðp1Þ ð11Þ
for r= t+2, ..., n. Therefore, from Eqs. (3), (10), and (11),
Lmax(π2)≤Lmax(π1).

Dominance relations are of special interest for exact
methods. If a branch-and-bound method is used, it can be
seen that a single satisfaction of theorem 1 for a given
instance results in the elimination of (n−1)! solutions. Such
relations can also be used in local search methods in order
to speed up the search, as the maximum lateness does not
need to be calculated for those solutions in which there are
pairs of jobs not satisfying Theorem 1. This last application
was shown in Ruiz and Allahverdi [21].

4 The dominance relation analysis

In order to test the dominance relation and the proposed
heuristic and metaheuristic methods in later sections, we
construct a complete set of instances. The set comprises all
combinations of problem instances where n={20, 40, 60,
80, 100} and m={3, 5, 10, 15, 20}. For each combination
of n and m, we have 12 different combinations of
distributions of processing and setup times. Processing
times are uniformly distributed in the range [1,5], [1,10],
[1,100] and according to a Gaussian distribution of average
100 and standard deviation of 2. According to Watson et al.
[27], uniformly distributed processing times result in
harder-to-solve instances, whereas structured instances are
easier to solve. Setup times are uniformly distributed so that
the maximum setup is 50, 100, and 150% of the maximum
processing time, respectively. As a result, setup times being

uniformly distributed in [0,3], [0,5], and [0,8] in the case
where processing times are distributed in the range [1,5],
[0,5], [0,10] and [0,15] when the processing times are
uniformly distributed in the range [1,10] and in [0,50],
[0,100], and [0,150] in the case processing times are
distributed in the range [1,100]. For the Gaussian distrib-
uted processing times, the setup times are distributed as N
(50,2), N(100,2) and N(150,2).

Another important issue is the due dates of the jobs. It is
common in the scheduling literature to randomly generate
due dates of jobs according to a uniform distribution follow-
ing the expression: [P(1−T−R/2),P(1−T+R/2)] where P is a
lower bound on the makespan of a given instance and T and
R are the tardiness factor and relative range of the due dates,
respectively. The smaller the T, the later the due dates will
be and hence easier to be satisfied. R relates to how
disperse around T the deadlines are. We consider two
combinations of T and R, namely 0.3–0.9 (looser due dates
and more spaced) and 0.5–0.5 (tight and clustered due
dates). We propose the following lower bound for the n job,
m machine no-wait and separated setup time flowshop with
makespan criterion:

P ¼ LB Cmaxð Þ ¼ min
i¼1;...;n

si;1 þ
Xm�1

k¼1

ti;k

 !

þ
Xn
i¼1

si;m þ ti;m
� �� max

i¼1�;...;n
si;m
� � ð12Þ

In this lower bound we first calculate (for each job) the
earliest time that it can be completed in the first m-1
machines. Then we add all setup and processing times for
machine m and later subtract the largest setup in this ma-
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chine since this setup might be the first to be carried out
and it can be done in parallel to the processing of previous
operations. It is easy to see that the lower bound can be
computed in O(nm). Considering the five values of n, five
values for m, the 12 combinations of processing and setup
times and the two values for the T-R factors gives us 600
different combinations. For each combination we construct
ten replicates, so in total there are 6,000 instances. The full
set of instances as well as the best solutions known for the
sets used for testing in latter sections are available for
download from http://www.upv.es/rruiz.

We first test the performance of the dominance relation.
Due to its characteristics, we restrict the test to the subset
where m=3 (1,200 instances). There are n·(n-1) possible
pairs of jobs in a sequence, therefore, the initial test to be
carried out is to count how many of these possible pairs
actually satisfy the dominance rule. We compare the
percentage of times that the dominance rule is satisfied
among the n·(n-1) possible (%Satisfied). We also provide
the percentage of sequences (over the n! possible) that
would not need to be examined thanks to the dominance
rule (%Savings). A first experimental design in which all
the instance characteristics are considered as factors is
analyzed by means of the ANOVA technique. The response
variable is %Satisfied for each instance. The resulting
ANOVA table is shown Table 1.

As we can see, the only factors that have a clear,
statistically significant influence over the percentage of
times that the dominance rule is satisfied are the distribu-
tion of the processing and setup times, as well as the
interaction between the two. The number of jobs and the
tightness and range of due dates, as well as all other
interactions, are clearly not statistically significant. Table 2
shows the grouped means for the significant factors.

The proposed dominance rule has a total of six
conditions that must be satisfied and therefore it is quite
restrictive. A narrow distribution of both processing and
setup times facilitate the compliance of all six conditions as
can be seen in Table 2. For example, for processing and
setup times distributed in the range U[1,5] and U[1,3]
respectively, 0.22% of job pairs satisfy the dominance rule,
which translates, on average, to 12.5% discarded solutions.
However, wider distributions of processing and setup times
result in the proposed dominance rule not being satisfied.
Overall, the percentage of job pairs that satisfy the
dominance rule is a fairly small 0.039%, which represents
an average savings of 2.247%. It must be emphasized
though that even such a small percentage of solutions can
lead to substantial CPU time savings in exact algorithms
since 2.247% of discarded permutations from the n!
possible solutions is 54.6 quadrillion solutions if n=20.

Despite the fact that structured instances are much more
common in practice (Watson et al. [27]), it is very common
in the scheduling research to use U[1,100] as a distribution
of processing times for benchmark instances. For this
reason, and for testing the different heuristic and meta-
heuristic methods proposed in later sections, we will focus
only on U[1,100]. We will not use the dominance relation
given its limited performance in this case and, therefore, we
disregard the instances in which m=3.

5 Heuristics and genetic algorithms for the m-machine
case

5.1 Heuristic methods

Dispatching rules have been thoroughly used in the
scheduling literature for many different problems. A
number of authors have used such rules for due-date related
objectives, including, but not limited to, tardiness, weighted
tardiness, number of tardy jobs, and also maximum
lateness. We adapt some of the most prominent dispatching
rules for the problem considered in this paper and propose
some other new ones. More precisely, the rules are:

1. Earliest Due Date (EDD). The permutation of jobs is
obtained by arranging the jobs on increasing order of
their due dates di.

2. Earliest Due Dates with Processing (EDDP). Here, we
order the jobs in increasing order of the following
index:

Pi ¼ diPm
k¼1

ti;k

Table 1 ANOVA table for the experiment that analyzes the
performance of the dominance rule

Source Sum of squares Df Mean square F-ratio P-value

Main Effects
A:n 0.01566 4 0.003915 1.28 0.2763
B:Processing 223.326 3 0.744421 243.23 0.0000
C:Setups 0.54031 2 0.270153 88.27 0.0000
D:T-R 0.00003 1 0.000033 0.01 0.9172
Interactions
AB 0.01415 12 0.001179 0.39 0.9691
AC 0.01730 8 0.002163 0.71 0.6858
AD 0.00816 4 0.002039 0.67 0.6154
BC 135.069 6 0.225115 73.55 0.0000
BD 0.00189 3 0.000631 0.21 0.8921
CD 0.00317 2 0.001587 0.52 0.5955
Residual 353.194 1,154 0.00306061
Total
(Corrected)

771.657 1,199
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By doing this, the total processing time of each job
helps in better distributing the jobs in the sequence.

3. Earliest Due Dates with Processing and Setups
(EDDSP). This is similar to EDDP but setup times
are also added. Therefore, the following index is
considered:

SPi ¼ diPm
k¼1

ðsi;k þ ti;kÞ

4. SLACK. Contrary to the previous rules, the SLACK
rule is dynamic. At each step, the completion time of
job i, when appended to the partial sequence σ, i.e.
Ci(σ), is calculated. The job with the minimum slack
with regards to its due date or di –Ci(σ) is appended to
the sequence.

5. SLACK with Remaining Work (SLACKRW). It is a
modification of the previous SLACK rule where the
total processing time of each job i is considered. Hence,
the job with the minimum value in the following index
is scheduled at each step:

di � CiðsÞPm
k¼1

ti;k

6. Modified Due Date (MDD). In this rule, which is also
dynamic, the next scheduled job is the one with the
minimum modified due date max{di,Ci(σ)}.

7. Modified NEH heuristic. This a well-known method
proposed by Nawaz et al. [17] has been used
extensively in the scheduling literature. Initially pro-
posed for the regular flowshop problem and make-
span objective, here we modify it in order to
consider the problem tackled in this paper. In this
heuristic, jobs are first ordered in non-increasing total
processing times. The first job in the ordered list is
first scheduled. Then, at each step, the remaining
jobs in the list are selected and inserted in all pos-
sible solutions of the partial sequence, keeping the

best one for the next insertions. In order to deal with
the maximum lateness criterion, the jobs are initially
ordered according to the EDD rule.

5.2 Genetic algorithms

Genetic algorithms are bio-inspired methods that are
applied in both continuous as well as in discrete optimiza-
tion. They have shown excellent performance in various
scheduling problems. Contrary to other metaheuristics like
simulated annealing or tabu search, in a GA a set of
solutions is kept during the optimization process. This set
of solutions is called population and each individual
represents an encoded solution to the problem. The
population is evaluated and all individuals are assigned a
fitness value with the idea that better individuals should be
assigned a higher fitness value. The population undergoes a
series of operations that mimic the natural evaluation of
species. Individuals in the population evolve during gen-
erations until some stopping criterion is met. In a
generation, first a selection mechanism selects individuals
from the current population. Fitter individuals have a higher
chance of being selected. Selected individuals mate in a
process called crossover and generate new individuals. The
crossover operator aims at generating better solutions that
are biased by the good solutions represented by the parents.
New individuals might mutate in an effort to include a
possibility of visiting any possible solution in the search
space. After a generation of new individuals has been
recreated, the new population is evaluated again, and the
whole process is then repeated (see Goldberg [12];
Michalewicz [15]). Genetic algorithms have been applied
at various times to schedule regular flowshops. Some
examples are Reeves [19] or more recently Ruiz et al.
[23] or Onwubolu and Davendra [18].

In the following section we present four new genetic
algorithms with some interesting features specially
designed for the problem considered in this paper.

Table 2 Grouped average results for the performance of the dominance rule

Setup times Processing times Total average

U[1,5] U[1,10] U[1,100] N(100,2)

50% %Satisfied 0.2215 0.0255 0.0007 0.0262 0.0685
%Savings 12.5242 1.3458 0.035 1.625 3.8825

100% %Satisfied 0.075 0.013 0 0.0284 0.0291
%Savings 4.3108 0.74 0 1.7233 1.6935

150% %Satisfied 0.0386 0.0083 0 0.0308 0.0194
%Savings 2.4317 0.465 0 1.7633 1.165

Average %Satisfied 0.1117 0.0156 0.0002 0.0285 0.039
Average %Savings 6.4222 0.8503 0.0117 1.7039 2.247
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5.2.1 Representation of solutions, initialization
of the population and selection

As mentioned in Section 2, a no-wait flowshop is necessar-
ily a permutation flowshop. Therefore, the most natural way of
representing a non-delay schedule is by a permutation of the
jobs. The initial population in genetic algorithms (or GAs) is
usually formed by randomly generated individuals, although in
the scheduling literature it is very common to seed the initial
population with some good individuals. We will test both
approaches; the first, a random population, and the second, a
random population with two good initial solutions generated
with the EDD and NEH rules mentioned earlier.

Original GAs were developed for maximization and
therefore a mapping function is needed for most scheduling
problems where minimization is intended. In this mapping,
the highest value of the optimization criterion is assigned
the lowest fitness value and vice-versa. Furthermore,
selection methods like ranking require the population to
be continuously sorted. Such mapping and sorting represent
a major computational hog and add some complexity to the
coding of the algorithms. We propose a much simpler
selection scheme that does not require fitness values,
sorting and/or mapping. This selection scheme, called
n-tournament takes a parameter called pressure% and
considers, at random, a percentage of the population
indicated by the pressure%. The individual with the lowest
maximum lateness value from the selected percentage is the
selected individual. This simple selection operator resulted
in much better results in pilot runs than regular selection
mechanisms like roulette, ranking or regular binary tourna-
ment based on fitness values. Additionally, this selection
scheme is much faster and easier to code.

We select two progenitors and generate two offspring
after crossover. It has to be mentioned that when one
progenitor has been selected, it is removed from the draw
when selecting the second progenitor. This has two
important advantages: first, it avoids having both identical
progenitors that result in two identical offspring after
crossover. Second, it prevents a highly successful individ-
ual from being continuously selected, which results in a
biased and impoverished evolution.

5.2.2 Crossover and mutation operators. Incorporation
of new individuals in the population

In the literature there is a host of crossover operators that
are suitable for scheduling problems. One desirable
characteristic to observe in these operators is the ability to
generate feasible offspring with regards to the job permu-
tations, i.e., with no repeated and/or missing jobs. Other
authors (see Onwubolu and Davendra [18]) prefer to apply
expensive post-crossover techniques to bring feasibility to

otherwise infeasible children. Ruiz et al. [23] investigated
eight crossover operators that always generate feasible
children. Among those, we pick for experimentation the
ones that resulted in better performance for that study,
namely one point order crossover (OP), two point order
crossover (TP) and similar block order crossover (SBOX).
We denote by Pc the probability of carrying out crossover
after selection. As usual in the literature for GAs in
scheduling, we use the shift mutation operator, where each
job in the permutation is extracted with a probability Pm,
and re-inserted in another random position.

Another important design decision for GAs is what to do
with the newly generated offspring. In regular GAs,
offspring directly replace the parents after crossover and
mutation. In such situations one needs a mechanism in
order to avoid loosing the best solutions (individuals)
obtained so far, since the offspring might be worse than
the progenitors. This mechanism is many times referred to
as “elitism” and the resulting GAs are called “elitist” GAs.
We propose such an algorithm in which after each
generation, and before starting selections, the two best
individuals from the previous generation are directly copied
to the current generation and where offspring directly
replace their progenitors after crossover and mutation.

Another possibility is to work with the so-called steady-
state GAs, which were successfully applied by Ruiz et al.
[23] to regular flowshops with makespan criterion. In steady-
state GAs, offspring do not replace progenitors but other
individuals in the population. One choice is to accept new
offspring if they are better than the worst individual in the
population, in which case they replace it. Such a scheme
ensures that the population does not deteriorate but in turn
can lead to premature convergence if clones are not avoided.
We also test the scheme in which offspring replace the worst
individual in the population if they are better and unique. For
testing uniqueness, we first check if the same maximum
lateness value exists in the population, and if it exists, then
we check the permutations position by position. This way we
allow for different permutations that might have the same
maximum lateness value and thus enabling for a richer
diversity in the population.

5.2.3 Hybridization with local search

To increase pressure and to speed up the process, a naïve
local search phase can be included in GAs. The result is
many times referred to as hybrid or memetic GAs. We will
test both approaches, with and without local search. The
choice of local search is also important, but it is generally
accepted that for flowshop problems, a local search in the
insertion neighborhood gives better results (see Ruiz et al.
[23]; Ruiz and Stützle [22]). Carrying out a full local search
in the insertion neighborhood (i.e., until local optima) in the
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no-wait flowshop with separated setups and maximum
lateness criterion to each individual at each generation
proved to be unacceptable in terms of CPU time. In turn,
we revert to a curtailed local search in which each job is
removed from the sequence and tested in all the possible n
positions. The lowest maximum lateness value indicates the
final position for the job. The process continues until all
jobs have been reinserted. Notice that this local search does
not guarantee the final sequence to be local optima with
respect to the insertion neighborhood but is much faster in
return. This local search is applied with a probability Penh

to each offspring after crossover and mutation and it is
always applied to the best individual after the initialization
of the population.

5.2.4 Calibration of the four proposed GAs

We test four algorithms, which are elitist and steady-state
GAs with and without local search. There are a number of
parameters that govern (and possibly affect) the perfor-
mance. We will test the following parameters at the specified
levels:

– Population initialization (Pinit): Random and Random
with two individuals generated with EDD and NEH
heuristics.

– Population size (Psize): 10, 30 and 50.
– Pressure in the selection (Pressure%): 10, 30 and 50.
– Crossover Operator (Cross): One Point Order Crossover

(OP), Two Point Order Crossover (TP) and Similar
Block Order Crossover (SBOX).

– Crossover Probability (Pc): 0.3, 0.5 and 0.7.
– Mutation Probability (Pm): 0.01, 0.02 and 0.03.
– Probability of applying local search (Penh), if applica-

ble: 0.05, 0.1 and 0.15

The above list yields five and six factors for the algo-
rithms without and with local search, respectively. Carrying
out a full factorial experimental design results in 2·35=486
and 2·36=1,458 combinations, respectively. We use the
ANOVA technique on a randomly generated set of 60 in-
stances that follow the explanations given in Section 4 and
where the processing times are distributed as U[1,100].
Different combinations of n, m, setup times, and T and R
factors are used. This set is different from the other sets
used in this paper to avoid calibrating algorithms on the same
instances they are going to be tested on afterwards. The
response variable is the average percentage over the best
solution known for each instance, or AVRPD, expressed as:

AVRPD ¼ Algsol � Bestsol
Bestsol

� 100 ð13Þ

where Algsol is the solution for a given instance of a
combination of factors in one of the four algorithms and

Bestsol is the best solution known for that instance. This set
of instances as well as the best solutions known can also be
downloaded from http://www.upv.es/rruiz.

Summing up, we have four algorithms that we name
GA, GALS, SGA, and SGALS, which are the elitist GAs
without and with local search and the steady-state GAs
without and with local search. In total, we have 60 results
per combination of factors, which amounts to 29,160, and
87,480 different treatments for the algorithms with and
without local search, respectively. With such a large dataset,
all three hypotheses of the parametric ANOVA, namely
normality, homocedasticity and independence of the resid-
uals, are easily satisfied. All algorithms are run until a given
real CPU time has elapsed. This maximum CPU time is set
according to the size of each instance to n·(m/2)·t milli-
seconds where t is set to 60. This gives us a minimum of 3 s
for the smallest 20×5 instances and a maximum of 60 s for
the largest 100×20 instances. The algorithms have been
coded in Delphi 2006 and compiled with the optimization
flag enabled. The experiments are carried out on a Pentium
IV with 1 GB of RAM and running at 3.0 GHz. The
following table shows the ANOVA table for the calibration
experiment of the first algorithm GA. Notice that we do not
control n, m, setup times, T and R as factors since we are
interested in the best overall calibration and not in an
instance-specific set of parameters. Additionally, only two
factor interactions are shown, since three factor interactions
were observed to be non-significant (Table 3).

As it is shown, all factors are statistically significant, and
most interactions of two factors are not significant. Among
the statistically significant factors (here we consider a 95–
99% confidence level) the highest F-Ratio corresponds to
Psize. The means plot for the different levels of this factor
along with the least significant difference (LSD) intervals
are shown in Fig. 1.

It can be seen that all three population sizes are
statistically different, being the AVRPD lower for the size
of 50. Although not shown, short experiments with higher
values of Psize did not appear to give better results.
Focusing on the second most significant factor, Pressure%
we have the means plot shown in Fig. 2.

Here we see that a pressure of 30% is statistically
equivalent to a pressure of 50%. The remaining plots are
not shown here for the reason of limited space. Similarly,
the other experiments carried out are also not shown and
only a summary of the best levels for each factor and
algorithm is given in Table 4.

The four proposed GAs are fairly robust. For example,
all of them work better with a population of 50 and a
crossover probability of 0.3. This low probability of
crossover motivates the result of the type of crossover not
being statistically significant for most algorithms although
OP showed poor performance. Initialization proved to be
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significant for some algorithms and not for others but
focusing on larger instances gives better results with more
efficient initializations. Lastly, for the local search algo-
rithms, we found no statistically significant differences for
the values 0.1 and 0.15 of the factor Penh but chose 0.15 in
order to make the local search more visible. It has to be
mentioned that the algorithms with local search resulted in
much less differences for the factors, meaning that the

effect of the local search masquerades the possible effect of
the other factors.

6 Computational evaluation

In this section, we aim at testing the proposed heuristics and
genetic algorithms for the problem studied in this paper. To
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Fig. 2 Means plot and LSD intervals for the factor pressure of the
selection (Pressure%) in the calibration experiment for the GA
algorithm
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Fig. 1 Means plot and LSD intervals for the factor population size
(Psize) in the calibration experiment for the GA algorithm

Table 3 ANOVA table for the calibration experiment for the GA algorithm

Source Sum of squares Df Mean square F-ratio P-value

Main effects
A:Cross 0.0723453 2 0.0361726 4.26 0.0141
B:Pc 0.273334 2 0.136667 16.09 0.0000
C:Pinit 0.0424418 1 0.0424418 5 0.0254
D:Pm 2.59337 2 1.29669 152.67 0.0000
E:Pressure% 4.60457 2 2.30228 271.07 0.0000
F:Psize 10.8973 2 5.44867 641.52 0.0000
Interactions
AB 0.0177245 4 0.00443113 0.52 0.7198
AC 0.00410021 2 0.00205011 0.24 0.7855
AD 0.0460163 4 0.0115041 1.35 0.2471
AE 0.00755611 4 0.00188903 0.22 0.926
AF 0.00986168 4 0.00246542 0.29 0.8845
BC 0.00707615 2 0.00353807 0.42 0.6593
BD 0.0265848 4 0.00664619 0.78 0.5363
BE 0.0102203 4 0.00255507 0.3 0.8775
BF 0.0152066 4 0.00380164 0.45 0.7742
CD 0.00732674 2 0.00366337 0.43 0.6497
CE 0.0112811 2 0.00564053 0.66 0.5147
CF 0.0028572 2 0.0014286 0.17 0.8452
DE 0.409703 4 0.102426 12.06 0.0000
DF 0.450913 4 0.112728 13.27 0.0000
EF 1.18119 4 0.295297 34.77 0.0000
Residual 247.141 29,098 0.00849341
Total (Corrected) 267.832 29,159
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the best of our knowledge, this is the first time the
m-machine no-wait flowshop with separate and sequence-
independent setup times problem with maximum lateness is
considered. This means that we have no other heuristics
from the literature that we can compare against. However,
in an earlier work by the authors (see Ruiz and Allahverdi
[21]) the same problem but with the total completion time
criterion was studied. In this work, the authors proposed
five heuristics and two metaheuristics, namely a random
restart method and an iterated local search algorithm. For
comparison reasons, we will test here the best heuristic,
named H5 and the two metaheuristics, called H6 and
ILS_RA. All these algorithms have been adapted to the
maximum lateness criterion.

6.1 Heuristics results

As for the heuristic methods, we test the seven algorithms
presented in Section 5 and the mentioned H5 heuristic from
Ruiz and Allahverdi [21]. All these heuristics do not have a
stopping criterion and are deterministic. As for the
benchmark, we use the 1,200 instances where processing
times are distributed according to U[1,100], as presented in
Section 4. The performance criterion to study is the already
mentioned AVRPD. The heuristics are coded also in Delphi

2006 with the same conditions and in the same computer as
mentioned in Section 5.2.4. Table 5 gives the results of the
heuristics grouped by the T-R factors and setup times to
processing times ratio.

From the results it seems that loose tardiness factors (i.e.,
T-R values of 0.3–0.9) result in slightly worse solutions for
all methods and most situations. The effect of the setup
times is also pronounced with longer setup times resulting
in lower deviations from the best-known solutions. Overall,
the H5 heuristic gives the best results, followed by NEH. It
is important to point out that the most common dispatching
rules like EDD or SLACK yield, in many cases, results
over 50% worse than the best solutions known. The
performance of the heuristics is also very much affected
by the size of the instances and hence, in Table 6 we show
the results grouped by n and m.

Larger m values result in higher deviations for all
methods, while there is no clear trend for the number of
jobs n. Running an ANOVA test considering the different
heuristics as levels of a factor along with the factors T-R, n,
m and setup times ratio confirms previous findings. The
most significant factor is the type of algorithm where most
observed differences are statistically significant, being H5
the best heuristic. The second most significant factor is the
setup time ratio, where there are pronounced differences
between all three values. As mentioned, more machines
result in worse results, and this is also observed in the
experiment. Lastly, and as observed, there are no differ-
ences in AVRPD for n values of 40, 60, 80, and 100,
although instances with 20 jobs yield statistically better
results for all algorithms.

As has been studied, H5 is statistically better than NEH
by a noticeable margin. However, this performance comes
at a cost. H5 is essentially a simple heuristic with a
curtailed deterministic local search (for more details see
Ruiz and Allahverdi [21]) and therefore it is much slower
than the other methods. As a matter of fact, all heuristics,
with the exception of NEH and H5 are very fast, needing
less than 10 ms of CPU time, even for the largest instances
of 100×20. Table 7 shows the CPU times needed (in ms)

Table 5 Results of the seven heuristics proposed and the best existing heuristic from the literature

T R Setup times Algorithms

EDD EDDP EDDSP SLACK SLACKRW MDD NEH H5

0.3 0.9 50% 57.70 54.50 56.84 59.06 59.47 56.78 24.84 16.18
0.3 0.9 100% 46.34 43.50 46.03 47.25 46.81 45.97 19.14 12.91
0.3 0.9 150% 39.14 37.99 39.71 39.77 39.47 38.97 16.11 10.61
0.5 0.5 50% 54.35 49.82 52.24 56.33 55.90 51.26 19.83 12.81
0.5 0.5 100% 44.47 40.94 43.69 45.88 45.36 43.65 15.77 10.84
0.5 0.5 150% 36.72 33.83 36.62 37.49 36.73 36.57 12.67 8.53
Average 46.45 43.43 45.85 47.63 47.29 45.53 18.06 11.98

Average relative percentage deviation from best known solutions. Results grouped by T, R and setup times to processing times ratio

Table 4 Calibration results for all experiments

Factors Algorithms

GA GALS SGA SGALS

Pinit 2 *2 *2 2
Psize 50 50 50 *50
Pressure% *30 30 *30 30
Cross SBOX *TP *TP *TP
Pc 0.3 0.3 0.3 0.3
Pm 0.01 *0.02 0.03 *0.02
Penh – *0.15 – *0.15

*denotes no statistically significant differences found for a given
factor between two or more of its levels
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for these two slower heuristics according to the different
values of n and m.

As shown, H5 is between 8.7 and 11.7 times slower than
NEH, being, on average, 11 times slower. Obviously,
considering the differences in performance between NEH
and H5 shown in Table 6, which range from 37.52 to
81.34% better results in favour of H5, such longer times are
not justified. In any case, a running time of less than 2 s for
the H5 heuristic in the largest 100×20 case can still be
considered very good.

6.2 Metaheuristics results

We proceed to test the four proposed genetic algorithms
with their parameters set according to the calibration results
of Table 4 and also the already-mentioned local search with
random restart (H6) and iterated local search ILS_RA
algorithms of Ruiz and Allahverdi [21]. All six methods are
stochastic and therefore we run all 1,200 instances ten
independent times. All methods are coded in Delphi 2006
and run on the same computer used throughout this paper.
Since the total time allotted for each method might have an
effect on the performance, we test all algorithms twice and
independently; once with the termination criterion set at
n·(m/2)·60, and another time with n·(m/2)·90 ms maximum
elapsed CPU time. All in all, we have 6·10·2·1,200=
144,000 results. Table 8 shows the paired results for t=60

Table 6 Results of the seven heuristics proposed and the best existing heuristic from the literature

n m Algorithms

EDD EDDP EDDSP SLACK SLACKRW MDD NEH H5

20 5 42.89 39.24 41.50 44.07 43.90 42.63 14.92 8.60
10 44.22 40.70 43.42 45.66 45.76 42.18 15.06 9.46
15 44.77 41.06 42.76 46.23 46.19 40.16 16.70 9.21
20 43.79 42.55 44.86 46.58 45.22 38.94 15.81 9.04

40 5 43.15 39.81 42.04 43.98 43.65 42.76 15.72 11.01
10 47.74 44.12 46.30 48.45 50.33 47.43 19.58 13.31
15 48.12 46.23 48.41 49.87 50.18 47.32 20.32 13.57
20 48.77 45.93 48.95 49.87 49.96 46.65 19.76 12.27

60 5 42.07 39.45 41.12 42.98 42.06 42.06 16.34 11.04
10 46.44 43.49 46.58 47.54 47.38 46.42 18.03 12.82
15 49.44 45.59 48.12 50.55 49.94 49.08 21.05 13.25
20 51.20 48.64 50.63 52.12 52.43 50.83 20.09 13.32

80 5 40.69 38.09 41.05 41.87 41.63 40.59 14.39 10.48
10 46.77 43.49 46.37 47.92 47.01 46.70 19.06 12.96
15 49.92 46.80 50.24 51.50 50.36 49.73 19.86 13.75
20 50.58 49.03 50.40 51.68 51.62 50.11 20.75 14.13

100 5 40.54 35.90 38.53 41.19 40.05 40.51 14.47 9.91
10 46.04 43.10 45.55 46.59 45.53 45.94 17.88 13.01
15 49.92 46.69 49.54 50.91 50.03 49.44 20.31 14.21
20 52.04 48.70 50.73 53.01 52.65 51.16 21.13 14.25

Average 46.45 43.43 45.85 47.63 47.29 45.53 18.06 11.98

Average relative percentage deviation from best-known solutions. Results grouped by n and m

Table 7 Elapsed CPU time (in ms) for the NEH and H5 heuristics
proposed

n m Algorithms

NEH H5

20 5 0.36 3.15
10 0.67 7.84
15 1.10 10.76
20 1.51 13.36

40 5 2.86 29.98
10 5.20 60.55
15 7.81 88.25
20 10.47 116.98

60 5 9.06 101.67
10 18.70 207.50
15 26.35 298.64
20 33.33 389.40

80 5 21.92 243.22
10 43.38 495.26
15 62.61 707.92
20 81.10 919.78

100 5 43.85 479.98
10 91.25 968.59
15 126.93 1,378.22
20 163.90 1,795.45

Average 37.62 415.82

Results grouped by n and m
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and 90 grouped by the T-R factors and setup times to
processing times ratio.

The performance of the four proposed genetic algorithms
is similar although the best performer seems to be the
steady-state version with local search. As regards to the two
adapted methods H6 and ILS_RA, we replicate the original
results from the authors where H6 was shown to be
marginally worse than ILS_RA. However, both methods
are very far from the four new proposed genetic algorithms
as regards to the quality of the results. This difference is

very important and pronounced. On average, and for t=90,
ILS_RA gives results that are between a 572 and a 727%
worse than SGALS. As a matter of fact, comparing the
12,000 results of each method, ILS_RA gives lower
maximum lateness than SGALS in only 37 occasions,
same solution on 51 cases and worse solutions in 11,912
cases. Clearly, the proposed genetic algorithms, and more
especially, the SGALS give much better results.

Regarding the effect of the setup times ratio and the T-R
factors, as it was the case with the heuristics, loose due dates

Table 9 Results of the four proposed GAs and the two best existing metaheuristic from the literature

n m Algorithms

GA GALS SGA SGALS H6 ILS_RA

20 5 1.39/1.30 0.32/0.30 1.01/0.92 0.37/0.29 2.87/2.69 2.68/2.47
10 1.10/0.99 0.25/0.23 0.81/0.71 0.25/0.24 2.59/2.42 2.39/2.19
15 1.01/0.95 0.25/0.20 0.71/0.68 0.26/0.22 2.53/2.35 2.39/2.24
20 0.91/0.88 0.25/0.20 0.67/0.60 0.27/0.23 2.32/2.17 2.37/2.20

40 5 2.32/2.15 1.13/0.95 1.93/1.85 1.19/1.02 6.96/6.78 6.85/6.62
10 2.37/2.20 1.23/1.03 2.03/1.91 1.32/1.11 7.94/7.71 7.93/7.53
15 2.24/2.07 1.19/1.00 2.02/1.86 1.27/1.12 7.85/7.57 7.71/7.46
20 2.16/1.94 1.07/0.89 1.91/1.84 1.15/0.99 7.01/6.78 6.92/6.78

60 5 2.02/1.78 1.30/1.04 1.89/1.77 1.30/1.02 8.33/8.13 8.33/8.12
10 2.09/1.91 1.44/1.12 2.03/1.89 1.43/1.10 8.95/8.73 8.94/8.70
15 2.06/1.81 1.42/1.10 2.13/1.93 1.40/1.11 8.98/8.80 8.95/8.63
20 2.21/1.95 1.45/1.15 2.26/2.13 1.54/1.22 8.80/8.57 8.87/8.64

80 5 1.59/1.44 1.43/1.06 1.69/1.56 1.34/1.04 8.38/8.16 8.30/8.20
10 1.78/1.59 1.71/1.30 1.98/1.79 1.58/1.29 9.68/9.44 9.77/9.50
15 1.81/1.60 1.77/1.35 2.06/1.89 1.62/1.29 10.04/9.68 9.89/9.56
20 1.75/1.58 1.67/1.26 2.04/1.92 1.52/1.25 9.67/9.47 9.67/9.38

100 5 1.22/1.07 1.50/1.17 1.59/1.43 1.42/1.04 8.62/8.43 8.50/8.32
10 1.38/1.21 1.76/1.38 1.88/1.72 1.58/1.24 9.92/9.68 10.03/9.76
15 1.44/1.18 1.84/1.43 1.95/1.75 1.60/1.33 10.42/10.14 10.38/10.12
20 1.48/1.33 1.94/1.55 2.09/1.91 1.72/1.41 10.43/10.13 10.30/10.06

Average 1.72/1.55 1.25/0.99 1.73/1.60 1.21/0.98 7.61/7.39 7.56/7.33

Average relative percentage deviation from best known solutions. Results grouped by n and m. t=30 and 90 results separated by “/ ”

Table 8 Results of the four proposed GAs and the two best existing metaheuristic from the literature

T R Setup times Algorithms

GA GALS SGA SGALS H6 ILS_RA

0.3 0.9 50% 2.16/1.95 1.54/1.25 2.13/1.99 1.52/1.21 10.58/10.30 10.39/10.03
0.3 0.9 100% 1.78/1.57 1.32/1.02 1.74/1.59 1.28/1.05 8.28/8.03 8.20/7.93
0.3 0.9 150% 1.54/1.40 1.05/0.84 1.50/1.40 1.02/0.83 6.78/6.59 6.74/6.52
0.5 0.5 50% 1.86/1.65 1.42/1.11 1.98/1.79 1.37/1.11 8.12/7.86 8.08/7.81
0.5 0.5 100% 1.62/1.49 1.17/0.91 1.66/1.54 1.12/0.90 6.69/6.50 6.71/6.55
0.5 0.5 150% 1.33/1.22 0.97/0.77 1.40/1.31 0.93/0.76 5.23/5.08 5.25/5.10
Average 1.72/1.55 1.25/0.99 1.73/1.60 1.21/0.98 7.61/7.39 7.56/7.33

Average relative percentage deviation from best-known solutions. Results grouped by T, R and setup times to processing times ratio. t=30 and 90
results separated by “/ ”
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and small setup times result in higher average percentage
deviations. It is also interesting to observe how the different
metaheuristics behave when the results are grouped by
instance size. Such grouping is shown in Table 9.

Clearly, H6 and ILS_RA deteriorate with instance size
while the GAs show a much less pronounced effect. As it
was the case with the heuristics, instances with 20 jobs
appear to be easier whereas for more jobs, there is no clear
trend. Equally apparent is the effect of having more
machines in the instances. It can be observed both in
Table 8 and in Table 9 that allowing more CPU time results
in better performance for most methods although the
differences are only important in large instances. Running
an ANOVA test considering the same factors as with the
heuristic methods and focusing on t=90 confirms all
previous statements. The results of H6 and ILS_RA are
treated in a different experiment due to having much higher
results. For the GAs, it is confirmed that the type of
algorithm, n and Setup Times ratio have a major impact on
the average relative percentage deviation. The plot in Fig. 3
helps in understanding the relation between the four
proposed GAs and the number of jobs n in the instances.
Notice that in this case, and due to the large pairwise
comparisons, Scheffee intervals are used instead of LSD.

We see that the strong interaction is motivated by the GA
algorithm being the worst for small instances and one of the
best and statistically equal to SGALS for larger instances.
The effect is less pronounced but also visible for the SGA
method whereas for GALS and SGALS the trend is
reversed, i.e., the results deteriorate with larger n. The
reason behind this behavior is that the local search is very
time consuming and exponential on n. With large values of
n, few generations are carried out and therefore the

algorithms do not have time to converge. Steady-state
algorithms also impose a tremendous pressure in the
population in detriment of diversity, which seems to be
counter productive as n increases. All in all, and studying
the plot of the type of algorithm, there is no statistically
significant difference between the local search GAs,
although SGALS gives statistically better results in some
scenarios. The same can be said about the non-local search
algorithms GA and SGA. However, in some cases, GA is
statistically better than SGA.

In the experiment for H6 and ILS_RA, all previous
comments are supported by statistically significant differ-
ences. Both methods are greatly affected by the number of
jobs, machines and the setup time ratios.

7 Concluding remarks

The m-machine no-wait scheduling problem is addressed in
this paper with respect to maximum lateness criterion where
setup times are treated as separate from processing times.
The problem is NP-hard since the version without consid-
ering setup times is known to be NP-hard even for the two-
machine case. We have developed and tested a dominance
relation for the three-machine case that shows significant
savings in the search tree in cases where the setup and
processing times are tightly distributed. We have also
proposed some simple dispatching rules and heuristics and
have developed four new efficient genetic algorithms that
make use of elitist as well as steady-state generation schemes
and also simplified selection operators. The dominance
relation and all methods have been thoroughly tested on a
large set of benchmark instances and the results have been
carefully analyzed by means of statistical experimental
design. When compared to the closest existing methods
from the literature, the presented genetic algorithms yield
much better results under the same conditions. After this
methodical and thorough study, we can conclude that the
four proposed genetic algorithms represent an efficient and
effective means for solving the presented problem.

One possible extension to the problem addressed in this
paper is to consider the problem with more than a single
criterion with separate setup times. A further study is to
consider the problem with bicriteria of total completion time
and maximum lateness since multiple criteria approaches are
desirable in practice.

Acknowledgment Rubén Ruiz was partly funded by the Spanish
Department of Education and Science under the research project ref.
DPI2004-06366-C03-01 financed by FEDER funds.
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