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ABSTRACT

This paper addresses the m-machine no-wait flow shop scheduling problem. Two
hierarchical objective functions are considered: (1) minimizing makespan subject to the
constraint that mean completion time is less than or equal to a given value; and (2) minimizing
total completion time subject to the constraint that makespan is less than or equal to a given
value. For each objective, an Iterated Greedy with Local Search (IG.s) algorithm is proposed.
Computational experiments were performed to evaluate the performance of 1G.s against other
heuristics in the literature. The results show that the IG.s outperform the other methods in
effectiveness and efficiency.

Keywords: No-wait flowshop. Makespan. Mean completion time.

https://proceedings.science/p/107534?lang=pt-br


https://proceedings.science/p/107534?lang=pt-br

LIMEIRA
2019

LI Simpésio Brasileiro de Pesquisa Operacional e
Limeira=SP, 02 a 06 de setembro de 2019 )|

1. Introduction

In a m-machine flow shop scheduling problem, n jobs have to be processed. There are m
machines available. Each job requires m operations and each operation requires a different
machine. A machine can process at most one job at a time. All jobs are processed on the same
order of machines. An unlimited buffer can be assumed so that the jobs can wait in a queue
between successive machines. All queues operate under the First In First Out (FIFO) discipline;
therefore, jobs cannot overtake other jobs and only permutation schedules are possible [Emmons
and Vairaktarakis 2013; Pinedo 2016]. The problem consists of find the best sequence of jobs
that optimize some performance measure.

The no-wait flow shop is a case in which jobs can be in the system only in process. In
other words, once the processing of a job begins, it must flow without any interruption through
every machine until the last operation is completed. The no-wait flow shop can occur for null
waiting space, technological or process requirement, unavailability of resources and many other
particular reasons. Several cases are found in the metal, chemical and food industries, where
controlling some parameters of the work in process requires that each operation follows the
previous one immediately. [Emmons and Vairaktarakis 2013]. For example, during deformation
processes in manufacturing industries, the work material is often heated and delays are not
allowed because they can result in cooling [Groover 2014]. Similarly, the problem can be found
in semiconductor manufacturing (Chien et al. 2008; Ritzo et al. 2011) and electroplating lines
[Che and Chu 2007]. In addition, modern environments such as flexible manufacturing systems,
just-in-time and agile manufacturing can also be modeled as a no-wait scheduling problem
[Bertolissi 2000].

Minimizing makespan and total completion time (or the equivalent mean completion
time) are two common objectives in the no-wait flow shop problem, both of which are intended
to make as small as possible. Minimizing makespan is used when the goal is the efficient
utilization of resources; that is, reduce equipment idle time. This is important when the prompt
delivery of a complete batch is required. Minimizing total completion time means, in practice,
increasing the processing rate and is appropriate when it is intended to ship each job as soon as it
is completed. This is important when the goal is to decrease the work-in-process inventory and
provide rapid response to demands. [Aydilek and Allahverdi 2012; Maccarthy and Liu 1993].

In addition to cases with a single objective, a scheduling problem can involve multiple
objectives. When two performance parameters, A and B, are considered, the objective function
can be formulated as hierarchical objective (A | B), composite objective (aA + pB) or bicriteria
objective (A, B). Hierarchical objective minimizes A subject to a constraint on B. Composite
objective minimizes a linear combination of the two parameters, for relative weights a and P.
Bicriteria objective finds the schedules with the best pairs of A and B, which should be used as
options for a final selection [Emmons and Vairaktarakis 2013]. These problems are considered
intractable (NP-Hard), which means that the proposed methods to solve them do not guarantee
optimum solution. Therefore, the development of heuristics to obtain good solutions at a
reasonable computational cost represents an important topic of study [Nagano e Miyata 2016].

Over the last years, researchers have begun studying the application of algorithms to
multi-objective scheduling problems. Allahverdi and Aldowaisan [2002] considered the no-wait
flow shop problem with the objective of minimizing a weighted sum of makespan and the total
completion time. Framinan and Leisten [2006] considered a regular flow shop with the objective
of minimizing makespan subject to the constraint that the maximum tardiness should be less than
or equal to a given value. Minimizing makespan subject to the constraint that mean completion
time should not be greater than or equal to a given value was addressed by Aydilek and
Allahverdi [2012] for the same problem. Allahverdi and Aydilek [2013] addressed the flow shop
with the objective of minimizing total completion time subject to the constraint that makespan
should be less than or equal to a given value. Recently, Allahverdi et al. [2018] proposed an
algorithm to minimize the total tardiness subject to the constraint that makespan should not be
greater than a given value. Other publications in this area can be found in the studies reviews and
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surveys presented by Hall and Sriskandarajah (1996), Nagano and Miyata (2016) and Allahverdi
[2016].

In this paper, the m-machine no-wait flow shop problem is addressed. Two hierarchical
objectives are considered: (1) minimizing makespan subject to the constraint that mean
completion time is less than or equal to a given value; and (2) minimizing total completion time
subject to the constraint that makespan is less than or equal to a given value. The Iterated Greedy
with Local Search (IGLs), proposed by Ruiz and Stitzle [2007b], is adapted for both objectives.
For Objective (1), the IG.s is compared with the heuristic HH1, proposed by Aydilek and
Allahverdi [2012]. For Objective (2), the 1G.s is evaluated against the algorithm PA20, proposed
by Allahverdi and Aydilek [2013]. The remainder of this paper is organized as follow. Section 2
is dedicated to the problem definition. The algorithm used to generate the constraints and initial
solutions are presented in Section 3. In Section 4, the proposed heuristic is described. Section 5 is
devoted to the computational experiment. Finally, the conclusions are presented in Section 6.
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2. Problem Definition

Is should be noted that the objectives addressed for the no-wait flow shop problem in this
paper consider two equivalent parameters: mean completion time and total completion time. This
performance measures differ only by a constant factor. However, both are used to facilitate the
comparison of the proposed heuristics with those selected in literature.

Let Cmax, MCT and TCT denote makespan, mean completion time and total completion
time, respectively. Further, let Chax(m), MCT(m), and TCT(n) represent makespan, mean
completion time and total completion time of a given sequence n. The problems can be defined
as: (1) Fm | nwt (perm) | (Cmax | MCT <M) and (2) Fm | nwt (perm) | (TCT | Ciax < K).

In expression (1), the objective is to find a sequence of jobs that minimizes makespan
such that the mean completion time is less than or equal to a M value. In expression (2), the
objective is to find a sequence that minimizes total completion time such that the makespan is
less than or equal to a K value. M and K are upper bounds on the value of makespan and mean
completion time, respectively. For a given problem, these values should be given by scheduler. If
M or K value is not given, they can be obtained by an algorithm like the one presented in the next
section.

3. Algorithm-R

The Algorithm-R can be used to
generate the initial solutions with a relatively
tight upper bound on the value of MCT or
Cmax. In essence, Algorithm-R is a
compilation of the Algorithm-M presented by
Aydilek and Allahverdi [2012] and the
Algorithm-K presented by Allahverdi and

Algorithm-R
forp:=1tondo
T, := random sequence;
Ry := F(my);
forh:= 1ton-1do
7o ;= swap jobs h and h+1 in mp;
if F(mo) < Rp then

Aydilek [2013]. The only difference is that gp '._:T,[:O(’no).
there is a generic function F(x) that can endifp' ’
represent MCT(n) or Cmax(w). The complete endfor
algorithm is presented in Fig. 1. endfor
R :=min(Ry, Ry, ..., Rn);
T = minR(nl, T2, ... ,TI:n);
return z, R

end

Fig.1 Algorithm-R
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4. Iterated Greedy with Local Search

The IG.s heuristic performs, from an initial solution, a sequence of iterations in the
search for a solution candidate. The process occurs in two phases: destruction and construction.
During destruction, d random elements are removed from the previous solution. Then, in the
construction phase, the removed elements are reinserted to construct a new sequence through the
NEH constructive heuristic of Nawaz et al. [1983]. A local search process is also added to
improve the solution found. Finally, an acceptance criterion is applied using a parameter T,
similar to the Simulated Annealing criterion [Yang 2010, 182]. The entire process is repeated
until some stopping criterion is satisfied, such as computational time or a number of iterations
[Nagano et al., 2015].

In the proposed adaptation, only sequences that respect the constraint by which they are
subject (M or K) are accepted. Two neighborhood local searches are implemented — insertion and
interchange — based on Nagano et al. [2015]. The stopping criterion is given by a number of
iterations. For convenience, the proposed heuristic is denoted by GL where L represent the
number of iterations. The algorithm of the complete adaptation is illustrated in Fig. 2.

IGLs has three input parameters: d, T and L. In order to calibrate the parameter d, values
2, 4, 6, 8, 10 and 12 for small problems and values 5, 10, 15, 20, 25 and 30 for large problems
were tested. It is obvious that a large number for d increase the performance of the heuristic.
However, different from what was expected, the increase in CPU Time was not significant due to
the increase of d. Then we set d = 12 for small problems and d = 30 for large problems. In
addition, we set T = 0.5 which is the best value found for a regular flowshop scheduling problem
in the experiments of Ruiz and Stitzle [2007b]. For the parameter L, five values (1, 5, 10, 15 and
20) were set to generate five versions GL (G1, G5, G10, G15 and G20).

GL heuristic
Initialize: L, Temp, d ;
« .= initial solution (from Algoritm-R);

Ty =TT,
fori:=1toLdo
=T
Tg := empty sequence
fori:= 1toddo # Destruction phase
remove one job at random from =’ and insert it in mg;
endfor
fori:= 1toddo # Construction phase
7’ .= best feasible sequence obtained by inserting job (i) in all possible positions of z”;
endfor

n’ .= best feasible sequence of (n - 1)2permutations by insertion neighborhood # Local search
7’ = best feasible sequence of ('21) permutations by interchange neighborhood # Local search

if F(z") < F(x) then # Acceptance Criterion
T=r’;
if F(z") < F(m) then # Check if new best sequence
=7
endif
elseif (exp(— A/Temp) > 1) then
T=r";
endif
endfor
return m,

end

Fig. 2 Algorithm for IG.s heuristic. Adapted from Ruiz and Stiitzle (2007).

F(r'") — F()
 F(m)

m n
i=1 Xj=1tij

A= _— 0<T<1 2
mxnx10 @)

1) Tomp = T
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The heuristics HH1, PA20 and GL were implemented in C. The five versions of GL (G1,
G5, G10, G15, G20) were adapted for the two optimization objectives addressed. The computer
used was a PC with Intel Core i5-4200U 1.60 GHz CPU with Turbo Impulse for 2.30 GHz, 6 GB
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5. Computational Experiment

of RAM and operating under the Windows 10 operating system.

Table 1 ARPD of heuristics (Objective 1)

Table 2 ARPD of heuristics (Objective 2)

Heuristic HH1 G1 G5 G10 G153 G20 Heuristic PAL  G1 G5 G100 G175 G20
n m n m
50 10 1231 7341 1526 0991 0503 0415 50 10 7001 8319 1853 0805 0668 0.211
20 1500 8323 1.899 0938 0405 0.313 20 6541 7720 1575 0851 0674 02N
30 1.4%8 7402 1503 0915 0601 0.355 30 6082 6209 1.178 0601 0627 0322
40 1489 7652 1.811 0856 0430 0235 40 6066 6461 1528 0739 0.372 0249
100 10 1.369 15154 4.005 1427 0431 0329 100 10 16729 20028 4792 1433 0613 0.260
20 1585 20441 5211 1553 0652 0261 20 16851 19.760 4550 1721 0.797 0.254
30 2123 21629 5437 1813 0984 0.081 30 15771 18762 3519 1440 0289 0341
40 2124 22321 5386 2011 0638 0.165 40 16786 19564 4418 1657 0424 0501
150 10 3.456 24588 7.000 2637 0982 0.152 150 10 21954 25443 8093 2810 1045 0064
20 4250 27483 8724 2846 0943 0190 20 23123 26893 7408 2688 0.692 0227
30 3517 27772 8778 3168 0929 0.098 30 22886 26169 7327 2602 0.529 0018
40 4537 28678 9489 3355 1509 0.100 40 23696 27237 8050 2518 0.884 0.054
200 10 5156 27221 9830 3343 1358 0.060 200 10 2598356 29657 10171 3776 1378 04075
20 6223 29787 11329 4289 1447 0054 20 27345 30710 10448 3981 1433 0.0
30 5580 30668 11372 4369 1664 0.019 30 26537 31062 10611 3686 1056 0.000
40 6326 31.021 11776 4489 1752 0.000 40 27774 31747 10801 3925 1238 0.000
ARPD vs Number of Jobs. CPU Time vs Number of Jobs.
400 1 # | —— HH1
350 - J / -m- Gl
—. 300 1 ’ wwe G5B
= —u—
% 5 zlgg: +- G20
© 100+
04 RS L

100 150
Number of Jobs

100 150
Number of Jobs

50

Fig. 3 ARPD and CPU Time vs Number of jobs (Objective 1).

The heuristics were tested using two sets of instances from the database of Ruiz et al.
[2007a]. The set called small consist of all combinations of n € [15, 20, 25, 30] xm € [2, 3, 4, 5,
6]. The set called large consist of all combinations of n € [50, 100, 150, 200] x m € [10, 20, 30,
40]. Each combination of m and n consists of 25 different problems, totaling 500 for the small set
and 400 for the large set. Processing times have a uniformly random discrete distribution
U(1,100). From this material, another database was created for each of the two objectives, but
this time with the initial solutions and the constraints of all problems, through the implementation
of the Algorithm-R. Finally, using these databases, all heuristics were implemented.
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ARPD vs Number of Jobs. CPU Time vs Number of Jobs.
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-=- Gl
21 wowe G5
=201 G10
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50 100 150 200 50 100 150 200
Number of Jobs Number of Jobs
Fig.4 ARPD and CPU Time vs Number of jobs (Objective 2).
Table 3 Results of Tukey’ honestly significant difference tests.
Heuristics Diffe,;g?]?:z (1) Std. Error Sig. Heuristics Diffe';g?]iz (1-0) Std. Error Sig.
| J | J
G5 14,774575" ,289985 ,000 G5 14,9386532°  ,3683876 ,000
G10 18,900681" ,289985 ,000 G10 18,7717824"  ,3683876 ,000
Gl G15 20,383893" ,289985 ,000 Gl G15 20,1638823"  ,3683876 ,000
G20 21,167110" ,289985 ,000 G20 20,8038620" ,3683876  ,000
HH1 18,017820" ,289985 ,000 PA20 2,7664446" ,3683876  ,000
Gl -14,774575" ,289985 ,000 Gl  -14,9386532" ,3683876  ,000
G10 4,126107" ,289985 ,000 G10 3,8331292" ,3683876  ,000
G5 G15 5,609318" ,289985 ,000 G5 G15 5,2252291"  ,3683876 ,000
G20 6,392535" ,289985 ,000 G20 5,8652088"  ,3683876 ,000
HH1 3,243245" ,289985 ,000 PA20  -12,1722086"  ,3683876 000
Gl -18,900681" ,289985 ,000 Gl  -18,7717824" ,3683876  ,000
G5 -4,126107" ,289985 ,000 G15 1,3920999" ,3683876  ,002
G10 G15 1,483211" ,289985 ,000 G10 G20 2,0320796  ,3683876 ,000
G20 2,266428" ,289985 ,000 G5 -3,8331292°  ,3683876 ,000
HH1 -,882861" ,289985 ,028 PA20  -16,0053378"  ,3683876 ,000
Gl -20,383893" ,289985 ,000 Gl  -20,1638823"  ,3683876 ,000
G5 -5,609318" ,289985 ,000 G10 -1,3920999"  ,3683876 ,002
G15 G10 -1,483211" ,289985 ,000 G15 G20 ,6399797 ,3683876  ,507
G20 , 7183217 ,289985 ,075 G5 -5,2252291" ,3683876  ,000
HH1 -2,366072 ,289985 ,000 PA20  -17,3974377°  ,3683876 000
Gl -21,167110" ,289985 ,000 Gl  -20,8038620"  ,3683876 ,000
G5 -6,392535" ,289985 ,000 G5 -5,8652088"  ,3683876 ,000
G20 G10 -2,266428" ,289985 ,000 G20 G10 -2,0320796"  ,3683876 ,000
G15 -,783217 ,289985 ,075 G15 -,6399797  ,3683876 507
HH1 -3,149290" ,289985 ,000 PA20  -18,0374174" ,3683876  ,000
Gl -18,017820" ,289985 ,000 G1 -2,7664446 3683876 ,000
G5 -3,243245" ,289985 ,000 G5 12,1722086"  ,3683876 ,000
HH1 G10 ,882861" ,289985 ,028 PA20 G10 16,0053378"  ,3683876 ,000
G15 2,366072" ,289985 ,000 G15 17,3974377°  ,3683876 ,000
G20 3,149290" ,289985 ,000 G20 18,0374174"  ,3683876  ,000

* The mean difference is significant at the 0.05 level.

As similar results were obtained in the computational experiments performed with small
and large problems, the focus was given to the large problems. The performances of the
heuristics were evaluated by average relative percentage deviation (ARPD) and CPU time.
ARPD is defined as (F(H’) - F(H)) / F(H) where F(H") and F(H) are the averages of the heuristic
solution and the best solution, respectively. The results are presented in Table 1 and 2.

To justify the results statistically, the performances were compared using Tukey’s
honestly significant difference (HSD) test. A summary is given in Table 3 where is displayed the
compared heuristics, the mean difference between their ARPD values, the standard error and the
significance. Significant results at a level of 0.05 are denoted by *. The homogeneous subsets of
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the heuristics are presented in Table 4 and 5. The ARPD comparisons can also be observed by
investigating the confidence intervals of the means (Fig. 5).
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Table 4 ARPD at confidence level of 95% Table 5 ARPD at confidence level of 95%

(Objective 1) (Objective 2)

. Subset for alpha = 0.05 - Subset for alpha = 0.05
Heuristic N 1 > 3 7 5 Heuristic N 1 > 3 7 =
G20 400 ,175 G20 400 ,1799
G15 400 ,959 G15 400 ,8198
G10 400 2,442 G10 400 2,212
HH1 400 3,325 G5 400 6,045
G5 400 6,568 PA20 400 18,217
Gl 400 21,342 Gl 400 20,984
Sig. ,075 1,000 1,000 1,000 1,000 Sig. ,507 1,000 1,000 1,000 1,000

Means for groups in homogeneous subsets.
Harmonic Mean Sample Size = 400.

Means for groups in homogeneous subsets.
Harmonic Mean Sample Size = 400.

As expected, the CPU time of GL gets larger as L increases, since it represents the
number of iterations of the heuristic. It can be observed from Fig. 3 that, for Objective (1), G10
outperforms HH1 in both ARPD and CPU time. The difference between G10 and HH1 is
significant at confidence level of 95%, according to the subsets of the Tukey’ HSD test (Table 4).
G15 and G20 also have better ARPD results but with the cost of a higher CPU Time. For
Obijective (2), as illustrated in Fig. 4, G5 and G10 easily outperform PA20 in ARPD even with
shorter CPU times. The difference is confirmed statistically by the Tukey’ HSD test (Table 5).
Best ARPD results can be obtained in G15 and G20 with the cost of having higher CPU times.

Obijective 1 Objective 2
24 ‘
24 |
21 !
I 2 I :
18— 18_ I 3
= a 9o 1
< o < o
61 + 6 ==
37 = == 3 s
; === L | —— L
0 T T | T T T 0 T T \ T T T
Gl G5 HHL Gl0 GI5 G20 Gl PA20 G5 GI0O GI5 G20
Heuristics Heuristics

Fig.5 ARPD (%) of heuristics (Objective 1 and 2).

Table 2 Overall performance for small problems

Table 3 Overall performance for large problems

Obijective 1 Objective 2 Objective 1 Objective 2
Heuristic  ARPD Time | Heuristic ARPD Time Heuristic  ARPD Time | Heuristic ARPD Time
HH1 0.81 0.45 | PAL 2.69 0.18 HH1 3.32 102.64 | PAL 18.22 97.46
Gl 5.14 0.02 | G1 20.98 0.02 Gl 21.34 7.7 | G1 20.98 7.85
G5 1.16 0.08 | G5 6.05 0.08 G5 6.57 38.81 | G5 6.05 38.86
G10 0.65 0.15 | G10 2.21 0.15 G10 2.44 77.37 | G10 2.21 77.62
G15 0.38 0.22 | G15 0.82 0.22 G15 0.96 11573 | G15 0.82 116.12
G20 0.25 0.29 | G20 0.18 0.30 G20 0.18 156.54 | G20 0.18 156.39

Tables 2 and 3 summarize the overall ARPD and CPU Time of the heuristics for small

and large problems, respectively. The versions of GL that outperform the heuristic of literature
(red) in both performance measures are highlighted in blue.
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6. Conclusions

In this paper, the no-wait flowshop scheduling problem was addressed with the objective
of (1) minimizing makespan such that mean completion time is less than or equal to a given value
and (2) minimizing the total completion time such that makespan is less than or equal to a given
value. An algorithm was presented to get an initial solution and an upper bound for the restrictive
parameter in case it is not known. Five versions of the heuristic GL (G1, G5, G10, G15 and G20)
were proposed for the two objectives. Computational experiments with large instances indicated
that, for Objective (1), G10 outperform HH1 in ARPD and CPU time. For Objective (2), the
experiments also indicated the superiority of G5 and G10 over PA20 in both performance
measures. Similar results were obtained for small instances. This clearly indicates that the
heuristic GL performs better than the other heuristics.

It is important to note that between the three input parameters of GL (d, T and L), only
variations of d and L were tested. Even that was defined the best value of T for a regular
flowshop problem [Ruiz and Stitzle 2007b], it is possible that this value is not the best for the
no-wait case. In addition, the experiments indicated a gain of performance by increasing d
without great cost of CPU time. These means that it is possible to explore variations of T and use
values of d very close to the maximum number of jobs to improve performance even more.
Another suggested extension is to consider setup and maintenance times. In this work, these
times were ignored or assumed to be included in processing times. However, this approach may
not be appropriate for some processing environments, and it is necessary to treat these constraints
separately.
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